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EXECUTIVE SUMMARY 
This fifth Annual Report on the Salton Sea Emissions Monitoring Program was prepared for the Imperial 
Irrigation District (IID) through implementation of the Salton Sea Air Quality Mitigation Program (SS AQM 
Program; IID 2016). The SS AQM Program was developed in 2016 for IID, in cooperation with the Imperial 
County Air Pollution Control District (ICAPCD). The objective of the SS AQM Program is to proactively 
detect, locate, assess, and identify options to mitigate dust emissions from exposed Salton Sea playa. It 
has three main components: 1) an annual Emissions Monitoring Program to estimate emissions and to 
identify high-priority areas of exposed playa for proactive dust control, 2) an annual Proactive Dust Control 
Plan (PDCP) with recommendations and design for site-specific dust control measures (DCMs), and 3) 
implementation of DCMs (e.g., surface roughening and vegetation establishment). The annual Emissions 
Monitoring Program is designed to work together with the development of the annual PDCP to provide 
options to the IID to proactively mitigate windblown emissions of particulate matter less than 10 microns 
in diameter (PM10) at the Salton Sea.  

Implementation of the SS AQM Program, including the main components identified above, is based on a 
comprehensive, science-based, adaptive approach to proactively address the potential for increased dust 
emissions associated with the transfer of up to approximately 300,000 acre-feet per year of conserved 
water under the Quantification Settlement Agreement (QSA). The conserved water transfer reduces the 
volume of agricultural return flow to the Salton Sea, thereby increasing the potential for exposed playa 
and dust emissions that could affect communities and agriculture near and around the Sea.  

This report focuses on the annual Emissions Monitoring Program, which provides the scientific data to 
inform prioritization and implementation of dust mitigation activities under the SS AQM Program. To that 
end, an open and transparent peer review process was completed to ensure that the methods and data 
used for the Annual Emission Estimate are based on sound and defensible science. The independent peer 
review of the Emissions Estimate methodology and 2019/2020 results was conducted in Spring 2021, 
consistent with EPA’s peer review guidelines (Peer Review Handbook 4th Edition, 2015). Reviewers were 
charged with providing feedback on each component of the emission estimate workflow, including any 
important improvements to the methods and an overall assessment regarding the scientific 
appropriateness of the current methods to meet the goal of identifying high priority playa areas for dust 
mitigation implementation under the SS AQM Program. The peer reviewers agreed that the emissions 
estimate approach is scientifically rigorous and achieves the objectives of the program (IID 2021a). 

This Annual Report presents results for the 2020/2021 monitoring year (July 1, 2020, through June 30, 

2021). Results are summarized below according to the objectives identified for the Emissions Monitoring 
Program in the SS AQM Program (IID 2016). The objectives and results include the following: 

• Map playa exposure. Actual playa exposure increased from 23,917 acres in end-of-year 2019 (EOY 
2019) to 25,589 acres in EOY 2020. Playa exposure is mapped on an annual basis using satellite 
imagery and a combination of United States Geological Survey (USGS) gauge elevation data and high-
resolution bathymetric data (Attachment 1). This assessment occurs at the end of each year when the 
Sea is at the lowest point of its hydrological cycle, thus recording the maximum extent of exposed 
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playa for a given year. Exposed playa for 2020 is defined as the total area of exposed land between 
the former Salton Sea shoreline at the end of 2002 and the shoreline at the end of 2020.  

A hydrological model was used to estimate and project future playa exposure through 2076 (CH2M 
HILL 2018). Projected playa exposure in EOY 2021 is estimated at 36,906 acres. The model projects 
that the elevation of the Salton Sea will stabilize around 2047, with an estimated maximum playa 
exposure of over 84,000 acres (Attachment 1). 

• Evaluate playa surface characteristics. The characterization of playa surfaces facilitates the 
interpretation of results from a device called a Portable In-Situ Wind ERosion Lab (PI-SWERL) and 
supports the spatial mapping of playa surface conditions by serving as training and validation data. 
Surface characteristics are evaluated via ground-based surface surveys that describe properties 
related to erosion (e.g., crust type, crust thickness, crust strength, percent eroded). A total of 482 PI-
SWERL tests coupled with detailed surface surveys were conducted across the currently exposed playa 
in the 2020/2021 monitoring period. Surface surveys paired with PI-SWERL tests are used to 
understand the potential emissivity of playa surfaces under different surface conditions.  

• Vegetative cover. Vegetative cover (an important surface characteristic) was quantified using high-
resolution imagery collected in October 2020. Vegetative cover reduces emissions potential of 
exposed playa by sheltering and sand capture. Natural vegetation expansion continues to be 
prevalent in many locations around the Salton Sea, but it is particularly apparent along the southern 
shoreline and areas north of the Alamo River. Heavily vegetated playa increased from approximately 
3,610 acres (~20% of exposed playa) in 2017/2018, to approximately 4,288 acres (~21% of exposed 
playa) in 2018/2019, to approximately 5,887 acres (25% of exposed playa) in 2019/2020, to 
approximately 7,006 (27% of exposed playa) in 2020/2021. This represents a continual increase in 
vegetation cover with increase in playa exposure.  

• Measure the emissions potential of different playa and adjacent western desert surface types and 
characteristics. The vulnerability of different playa and adjacent desert surfaces to erosion is known 
to be highly variable. Consistent with previous monitoring efforts, emissions potential of specific playa 
surface characteristics was assessed along transects (typically from high elevation to low 
elevation/sea shoreline) at eleven locations, monthly from November 2020 through May 2021, using 
the PI-SWERL. PI-SWERL samples were conducted within and outside of dust source areas after high 
wind events in 2020/2021 to aid in the quantification of erosional areas. Additional PI-SWERL tests 
were conducted to evaluate the friction velocity (u*, m/s) at which the unique surface types begin to 
emit dust, also referred to as the threshold friction velocity (u*t). These PI-SWERL data were merged 
with existing PI-SWERL datasets, collected during the 2016/2017 through 2019/20209 seasons, to 
increase the sampling size, for both the playa and desert domains. PI-SWERL sampling also was 
conducted in the adjacent western desert (study) domain.  Potential dust emissions from the desert 
are assessed because dust emissions and dust source areas from the desert can affect the playa in 
two ways: 1) dust emissions from the surrounding desert sources will mix with emissions from newly 
exposed playa, making it potentially  difficult to distinguish playa dust emissions from the surrounding 
desert dust emissions and 2) sand intrusion from active alluvial fans and from dune migration toward 
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the playa will increase the emissions potential of exposed playa due to the increased abrasion and 
surface erosion. 

PI-SWERL sampling results indicate that the primary drivers of emissions potential on the playa 
continue to be (surface) crust type, the presence/absence of loose surface sand, and surface soil 
moisture. Emission potential ranged from non-emissive to high depending on crust type and surface 
conditions. For example, less-developed crust types with loose sand present and dry soil moisture 
conditions generally had higher emission potential than well-developed crust types with no loose sand 
present and/or wet soil moisture conditions. Emission potentials observed during 2020/2021 PI-
SWERL sampling were consistent with the other PI-SWERL studies conducted in the region (King et al. 
2011; Sweeney et al. 2011) and previous monitoring years.  

Areas along the western shoreline continued to have the highest emissions potential during each PI-
SWERL monitoring event primarily due to the presence of surface sand derived from aeolian (dunes, 
sand sheets) or fluvial (dry washes) sources in the western desert.  

• Map actively emissive playa dust source areas and plumes. Dust source areas were observed 
between November 2020 to June 2021 using photographic, video, and/or visual observations of dust 
plumes and field evaluation of the presence of erosional and depositional surface features.  For 
example, an area experiencing sand intrusion from the desert domain near the Clubhouse site 
observed to be emissive during prior monitoring years was prioritized for source delineation. An array 
of PI-SWERL tests were collected in the area and dust plumes were observed and documented during 
a high wind event in April. To supplement the plume observations on the playa, source delineation PI-
SWERL sampling was conducted in the month of June – a month identified as emissive during previous 
monitoring years. Sites sampled during this effort focused on areas where erosive features and 
plumes had been observed during prior monitoring years. Sites sampled were continued from 
previous monitoring years to evaluate changing surface conditions and emissive potential in these 
areas.  

• Estimate annual dust emissions from the playa. Total annual tons, tons/day, and maximum day playa 
dust emissions were estimated in a modeling framework, also referred to as the “ruleset”. The 
framework incorporated playa exposure extent, surface characteristics, vegetation, PI-SWERL 
sampling results, and hourly meteorological variables (e.g., wind speed, direction, friction velocity) 
using the Weather Research and Forecasting Model (WRF). Uncertainty in the total playa emissions 
was incorporated into the modeling ruleset by quantifying the variability in PI-SWERL estimates per 
surface type into the 25th percentile (best case), 50th percentile (median case), and 75th percentile 
(worst case). The 50th percentile (median case) estimate was used for most of the discussion, 
comparisons, and analysis in this Annual Report. The percentile range represents a combination of 
the natural spatial and temporal variability of PM10 emission rates and the statistical uncertainty 
thereof. Unless stated otherwise, the emissions estimates assume that all playa acreage is 
“uncontrolled”. In other words, the emissions estimates do not include any emission reductions from 
the implementation of dust control measures on the playa. Final emissions estimates ranged from 75 
tons/year (0.205 tons/day) to 1,642 tons/year (4.5 tons/day) for the 25th and 75th percentiles (best- 
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and worst-case scenarios). The 50th percentile (median case) was 428 tons/year (1.174 tons/day). 
Examples of top emissive dates from the exposed playa include October 25 and 26, 2020, as well as 
March 15, March 25, and April 21, 2021. Emissions in March, April, and May account for about 66% 
of the total yearly emissions on the playa. 

Compared to the median cases of the previous four monitoring periods, in 2020/2021, total playa 
PM10 emissions estimates increased by about 21%. This increase is, in part, due to the increase in 
acreage of exposed playa. Since EOY-2016 (the start of first emissions estimates report), exposed 
playa acreage increased by 55% (from ~ 16,500 to 25,600 acres). The comparison of per unit area 
emissions estimates for the 2020/2021 was within the previous four years of estimates which ranges 
from 0.38 to 4.94 tons/km2.  

The annual Emissions Monitoring Program is designed to work in tandem with proactive dust control 
planning and implementation to mitigate windblown dust emissions at the Salton Sea. To this end, 
the 2020/2021 emissions estimates were aggregated to the previous four emissions estimates to 
develop five-year average annual emissions estimates values. Spatially, the five-year average value 
ranges from no emissions to 61 tons per square kilometer (tons/km2). Further analysis of the data 
shows that a relatively small percentage of the playa is responsible for the majority of playa emissions. 
Specifically, approximately 10% of the playa is responsible for over 50% of playa emissions, and 
approximately 20% of the playa is responsible for nearly 74% of playa emissions. Note that these areas 
are not necessarily contiguous and are based on 30 x 30 m grid areas. DCMs are already planned or 
implemented in these relatively high emissive areas. Specifically, approximately 8,775 acres of IID and 
other stakeholder projects are planned or implemented in areas that contribute 62% of the five-year 
average annual emissions estimates.  

• Estimate annual dust emissions from the western desert areas around the Salton Sea and quantify 
any impacts on the Salton Sea playa. Total annual tons, tons/day, and maximum day dust emissions 
were estimated for the adjacent western desert area using the same modeling “ruleset” framework 
as the playa (Attachment 3). The framework incorporated desert geomorphic surface characteristics, 
vegetation, PI-SWERL sampling results, and hourly meteorological variables (e.g., wind speed, 
direction, friction velocity) using WRF. Consistent with the playa approach, uncertainty of the total 
western desert emissions was bracketed in the modeling ruleset by quantifying the variability in PI-
SWERL estimates per geomorphic surface type into the 25th percentile (best case), 50th percentile 
(median case), and 75th percentile (worst case). The 50th percentile estimate was used for all 
subsequent analysis and comparisons. 

Total emissions estimates for the adjacent western desert area range from 4,997 tons/year (13.69 
tons/day) to 119,384 tons/year (327.1 tons/day) for the 25th and 75th percentiles, respectively. The 
50th percentile median case was 30,348 tons/year (83.1 tons/day). The is an increase relative to 
previous year, which can be attributed to more frequent high wind speeds in the 2020/2021 season 
compared to the 2019-2020 season (Attachment 2., Section 2.1.3).  
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Sand migration from western desert source areas upwind of the playa continue to have several 
observed impacts on the currently exposed playa. As discussed in previous annual reports, aeolian 
sand from dunes and sand sheets adjacent to the Naval Test Base continue to migrate onto the playa, 
increasing estimated playa emissions compared to adjacent playa areas without evidence of sand 
migration. Similarly, fluvial deposition and migration of sand down dry washes and alluvial fans onto 
the playa also continues to occur and increase emissions estimates. This includes Salton City Dry Wash 
(also known as Tule Wash) and other washes covering the whole western playa from Desert Shores 
to the edge of the agricultural area near San Felipe Wash/Creek. 

1 INTRODUCTION 
This fifth Annual Report on the Salton Sea Emissions Monitoring Program was prepared for the IID as a 
requirement of the SS AQM Program. This Annual Report uses the data collected as a part of the Emissions 
Monitoring Program in the 2020/2021 monitoring year (July 1, 2020, through June 30, 2021) to estimate 
the annual and maximum PM10 emissions from the playa and adjacent western desert areas (referred to 
herein as Annual Report and/or Emissions Estimates). Specifically, this Annual Report includes the 
following sections: 

• Section 1, Introduction, provides an overview of the SS AQM Program, the components of the 
annual Emissions Monitoring Program, current playa exposure, and an overview of the approach 
for development of this Emissions Estimate. A more detailed description of current playa exposure 
is provided in Attachment 1.  

• Section 2, Meteorological Monitoring and Modeling, summarizes the use of the Weather 
Research and Forecasting (WRF) model with observation nudging to simulate weather conditions 
in the study domain (e.g., wind speed, wind direction) and associated bias correction, as well as 
the correction of the friction velocity based on site-specific surface roughness lengths accounting 
for naturally rough surfaces and for erodible surfaces. A more thorough description is provided in 
Attachment 2.  

• Section 3, PM10 Emission Drivers, summarizes the primary emission drivers for the playa and 
adjacent western desert study domains. Emission drivers were determined based on PI-SWERL 
sampling and surface mapping activities for each conditional surface classes. The playa has 20 
conditional classes corresponding to the combinations of the most influential emission drivers, 
specifically: crust type, sand presence, and soil moisture. The western desert has eight potentially 
emissive conditional classes based on geomorphic landform. Attachment 3 and Attachment 4 
provide more thorough descriptions of the methods, including the generation of specific dust 
emissions profiles for the playa and desert conditional surface classes. 

• Section 4, PM10 Emissions Estimates, describes the annual and maximum daily PM10 emissions 
estimates based on emissions potential from the 20 conditional surface classes for the playa study 
domain and the 8 conditional surface classes for the adjacent western desert study domain. 

• Section 5, Discussion and Conclusions, highlights the interpretation of the emissions estimates for 
the playa study domain and the western desert study domain. This year’s emissions results were 
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also aggregated with the previous four years of emissions results. The merged five-year average 
annual emissions estimate provides a rich dataset to assist in the prioritization of potentially high 
emissive surfaces for the PDCP.  

• Section 6, Ongoing Improvements and Future Work, describes ongoing and further refinements 
of Emissions Estimates methodology including finalizing the development of performance 
monitoring protocol to estimate emissions on existing dust control areas and finalizing dispersion 
modeling and documentation. 

• Section 7, References, lists the references included herein. 

1.1 SALTON SEA AIR QUALITY MITIGATION PROGRAM OVERVIEW 
The SS AQM Program was developed in 2016 for IID, in cooperation with ICAPCD (IID 2016). The SS AQM 
Program provides a comprehensive, science-based, adaptive approach to proactively address the 
potential for increased PM10 dust emissions associated with the transfer of up to approximately 300,000 
acre-feet per year of conserved water under the QSA. The conserved water transfer reduces the volume 
of agricultural return flow to the Salton Sea, thereby increasing the potential for exposed playa and dust 
emissions that could affect communities and agriculture near and around the Sea. 

The SS AQM Program has three main components: 1) an annual Emissions Monitoring Program to identify 
and prioritize areas of exposed playa for proactive dust control, 2) an annual PDCP with recommendations 
and design for site-specific DCMs, and 3) implementation of DCMs (e.g., surface roughening and 
vegetation establishment) to proactively mitigate windblown dust emissions at the Salton Sea. As 
described in the 2020/2021 PDCP (IID 2021b), DCMs have been implemented, or are planned, on high-
emissions-potential areas identified as part of the Emissions Monitoring Program. Figure 1 shows the 
locations of existing and planned DCMs at the Salton Sea. 
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1.2 COMPONENTS OF THE ANNUAL EMISSIONS MONITORING PROGRAM 
The SS AQM Program specifies that the annual Emissions Monitoring Program will 1) assess which playa 
surfaces and conditions are emissive and 2) assess dust emissions from areas adjacent to the Salton Sea 
to establish the location, timing, and magnitude of western desert emissions. The SS AQM Program also 
specifies that the annual Emissions Monitoring Program will establish PM10 emission rates for different 
types of surfaces. 

Dust emissions and dust source areas from the western desert adjacent to the Salton Sea affect the SS 
AQM Program in two ways: 1) dust emissions from the surrounding desert sources will mix with emissions 
from newly exposed playa, making it difficult to distinguish playa dust emissions from the surrounding 
desert dust emissions and 2) sand intrusion from active alluvial fans and from dune migration toward the 
playa will increase the emissions potential of exposed playa due to the increased abrasion and surface 
erosion. 

The annual Emissions Monitoring Program achieves the objectives of the SS AQM Program based on 
several lines of evidence. Lines of evidence include mapping exposed playa, monitoring surface 
characteristics, mapping soil/surface properties, identifying dust source areas, documenting dust plumes, 
and estimating high wind event emissions. This Emissions Estimate uses the data collected as a part of the 
Emissions Monitoring Program to estimate the annual and maximum PM10 emissions from the playa and 
adjacent western desert areas for the 2020/2021 monitoring year. Results are used to inform the location, 
timing, and magnitude of emissive surfaces and their priority for proactive dust control planning and 
subsequent implementation as a part of the PDCP.  

1.3 OVERVIEW OF THE APPROACH  
The section describes the approach for development of this Emissions Estimate, including the study 
domains, monitoring period, and the overall workflow. Development of the workflow was informed, in 
part, by the results and recommendations developed by ENVIRON’s windblown dust study, prepared as a 
part of the 2009 State Implementation Plan (SIP) (ICAPCD 2009). The approach described below for the 
2020/2021 monitoring year is consistent with the approach used for the previous monitoring years (IID 
2018; IID 2019; IID 2020a; IID 2021a). 

1.3.1 STUDY DOMAINS 
There are two domains described throughout this Annual Report: Salton Sea playa (playa) and adjacent 
western desert areas upwind of the playa (western desert) (Figure 2). Playa is defined as the total area of 
exposed land between the former Salton Sea shoreline at the end of 2002 and the shoreline at the end of 
2020. Although the extent of playa is variable, this represents a stable timeframe to support the mapping 
and modeling necessary for development of this Emissions Estimate. The year-end assessment represents 
the lowest water level in the calendar year, and hence provides a conservatively high estimate of the total 
exposed playa surface. In November 2020, the playa study domain was approximately 25,589 acres, which 
is 7% higher than the acreage in December 2019. 
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The western desert study domain is defined as the area west of the Salton Sea bounded by the Imperial 
Valley, the Mexican-US border, the Peninsular range, and Desert Shores (Figure 2). This domain uses 
geographic boundaries to encompass the portions of the surrounding western desert that potentially 
impact the playa domain. The western desert study domain is approximately 1,025,543 acres. 

1.3.2 MONITORING PERIOD 
The monitoring period was July 1, 2020, through June 30, 2021. Compared to the 2019-2020 monitoring 
period (IID 2021), there was a similar pattern in rainfall, with rain events in January 2021 temporarily 
significantly reducing the potential PM10 emission potential (Attachment 3). Furthermore, storm surges 
during the April-May 2021 time frame also reduced the PM10 emission potential at some of the monitored 
locations around the sea.  

1.3.3 EMISSIONS ESTIMATE WORKFLOW 
This section provides an overview of the workflow for this Emissions Estimate, and a flow chart is included 
as Figure 3. The main steps of the workflow are summarized below.  

Step 1. Develop Conditional Surface Classes. Surface characteristics are directly related to the spatial 
and temporal nature of PM10 dust emissions. Conditional surface classes were developed to 
divide the surfaces conditions in the study domain into a reasonable number of classes based 
on surface surveys and PI-SWERL sampling data. PI-SWERL sampling data were collected on 
playa and surrounding western desert surfaces to understand the emissions potential of 
different surface properties at multiple surface friction velocities. At each PI-SWERL sampling 
location, surface surveys characterized the physical surface properties related to wind 
erosion. These data were used to identify the primary emission drivers for the playa (i.e., crust 
type, sand presence, and soil moisture) and for the western desert (i.e., geomorphic surface 
type).  

a. Twenty conditional surface classes were identified for the playa. Specifically, there is a 
conditional surface class for each crust type (barnacle bed, botryoidal, no crust, smooth, 
and weak botryoidal) with dry or wet conditions and with sand or no sand conditions.  For 
example, 1) smooth crust type, dry, sand; 2) smooth crust type, dry, no sand; 3) smooth 
crust type, wet, sand; and 4) smooth crust type, wet, no sand.  

b. Thirteen conditional surface classes were identified for the western desert. Of these 
thirteen, only eight were considered potentially emissive surfaces and sampled with PI-
SWERL. The conditional surface classes include dry wash, offshore playa, sand and gravel 
(alluvial), sand dominated (alluvial), sand dunes, sand sheets, sand with gravel lag, and 
silt dominated (Paleolake). It should be noted that, in the context of the desert analysis, 
the terms “landform” and “(conditional) surface class” are used interchangeably 
throughout this report. 
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Step 2. Develop PM10 Emissions Ruleset from PI-SWERL Data to Assess Emissions Potential of Each 
Conditional Surface Class. The PM10 emissions ruleset is a series of emission rate curves for 
each conditional surface class identified in Step 1, above. The ruleset was developed based 
on PI-SWERL sampling data and the log-linear relationship between surface friction velocity 
(U*) and PM10 flux, as well as the threshold friction velocity (the minimum friction velocity 
required to initiate the movement of soil particles). 

Step 3. Develop Meteorological Fields to Simulate Weather Conditions in the Study Domain. 
Weather variables (e.g., wind speed, wind direction, friction velocity) are the primary drivers 
of windblown dust emissions. The WRF model was used to simulate the hourly average 10-
meter wind speeds at a 600-meter grid for the study domain. The WRF model is a state-of-
the art, non-hydrostatic, mesoscale, atmospheric simulation modeling system. The model 
incorporates multiple geographic datasets (e.g., topography, land use, soil) and boundary 
conditions and uses land surface and atmospheric physics to simulate weather fields. In 
addition, the model simulations were nudged (adjusted) using actual atmospheric conditions 
(i.e., weather data from multiple stations within the study domain) to better simulate 
meteorological conditions. Results of WRF output were compared with measurements, and 
bias corrections were applied where applicable. 

Step 4. Calculate the Hourly Corrected Friction Velocity for the Study Domain. The threshold friction 
velocity is directly related to surface roughness. When wind blows over a landscape, its energy 
is partitioned between natural roughness elements (e.g., vegetation, rocks) and erodible 
(smooth) surfaces (e.g., barren playa). Thus, to understand emissions potential, it is important 
to understand the effects of natural surface roughness elements on friction velocity. The 
hourly corrected friction velocities for the study domain were calculated using the hourly wind 
speed estimates from the WRF model (Step 3) and the roughness lengths estimated for 
naturally rough surfaces and erodible surfaces.  

Step 5. Calculate Annual Emissions for the Study Domain at a 30-meter Grid. Annual emissions are 
calculated based on the PM10 emissions ruleset developed for each conditional surface class 
(Step 2) and the hourly corrected friction velocities for the study domain (Step 4). The total 
annual emissions (tons), average daily emissions (tons/day), and maximum daily dust 
emissions (tons) were estimated for both the western desert and playa domains. Uncertainty 
in the emissions estimates was quantified in the modeling ruleset by binning the variability in 
PI-SWERL emission rate curves per conditional class into the 25th percentile (best-case 
scenario), 50th percentile (median-case scenario), and 75th percentile (worst-case scenario). 
The 50th percentile estimate is used as the basis for comparisons, discussion, and analysis 
throughout this Annual Report.  
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FIGURE 3. WORKFLOW TO ESTIMATE PM10 EMISSIONS FOR THE PLAYA AND WESTERN DESERT STUDY DOMAINS 
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2 METEOROLOGICAL MONITORING AND MODELING 
Weather varies across a wide range of spatial and temporal scales. Selected weather variables (e.g., wind 
speed, wind direction, friction velocity) play a pivotal role in the estimation of dust emissions. Although 
there are numerous point weather observation stations in the study domain, the station data only 
represent the point of collection and adjacent areas, and thus are not suitable to support estimation of 
dust emissions throughout the entire study domain. Accordingly, the WRF model was used to estimate 
the time series of wind components (wind speed and wind direction) for the study domain.  

The WRF model is a state-of-the-art, mesoscale, atmospheric simulation modeling system. The model 
incorporates multiple geographic datasets (e.g., topography, land use, soil) and boundary conditions and 
uses different land surface and atmospheric physics to simulate weather fields. The model has become 
one of the world’s most-used atmospheric models, and it has a large worldwide community of registered 
users (a cumulative total of over 48,000 in over 16 countries).  WRF model weather outputs are accepted 
by the scientific community as an input for air quality modeling (e.g., Grell et al. 2005; Lee et al. 2014). As 
part of the 2016 update to the United States Environmental Protection Agency’s (EPA’s) Guideline on Air 
Quality Models (EPA 2016), EPA is also allowing the use of prognostic models (e.g., WRF) as a 
meteorological data source for regulatory modeling applications. To simplify the data preparation step, 
EPA worked with the Ramboll engineering, architecture, and consulting company to develop Mesoscale 
Model Interface (MMIF) programs that convert WRF’s meteorological outputs into suitable format for 
traditional regulatory dispersion models. The WRF model was used to simulate hourly 10-meter wind 
speeds at a 600-meter grid for the monitoring period. The approach and methodology are consistent with 
those used for previous annual emission estimates (IID 2018; IID 2019; IID 2020a).  

Attachment 2, 2019/2020 Estimation of Wind Speed, Direction, and Corrected Friction Velocity (WRF 
Modeling), describes the following:  

• WRF Model Input Data. Data from the National Centers for Environmental Prediction (NCEP) 
North American Mesoscale Forecast System (NAM) was used for the initial and boundary 
conditions at a 12-km by 12-km grid. Static geographical data from the National Center for 
Atmospheric Research were updated with high-resolution alternatives for land use, soils, and 
topography data. 

• Observational Nudging. The method of incorporating point observation data into a WRF 
simulation is known as observation nudging. It introduces an artificial tendency term into the 
model to gradually nudge modeled results toward the observed data, thereby improving the 
simulated weather parameters. Point observation data from 82 meteorological stations in the 
study domain were incorporated for observation nudging.  

• Comparison of WRF Simulated Wind Speed and Station Measurements. To evaluate the 
performance of the model in estimating wind speed, the WRF hourly wind speed outputs were 
compared with hourly wind speed measurements at 16 stations within the study domain. Results 
were comparable to WRF model performance results from previous analyses (IID 2018; IID 2019; 
IID 2020a; IID 2021a). Results were also comparable with, or sometimes better than, the results 
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found in the relevant literature (e.g., Carvalho et al. 2012; Borge et al. 2008). Note that there are 
some biases, which could be higher for wind events and could affect the accuracy of the emissions 
estimates. To reduce this underestimation or overestimation, a statistical bias correction 
technique based on quantile mapping of the Weibull distribution (Haas et al. 2014) was applied 
to the WRF-modeled wind speed data. This method assumes that the probability distributions of 
both WRF-simulated and point-measured wind speeds can be approximated using a Weibull 
distribution. There was a relatively greater number of high wind speed hours in the 2020/2021 
monitoring period compared to the previous year (Attachment 2, Section 2.1.3). 

• Calculation of Corrected Friction Velocity. The corrected friction velocities at a 30-m spatial 
resolution for the playa and western desert study domains were calculated based on site-specific 
surface roughness lengths adjusted for the presence and absence of naturally occurring 
roughness elements, especially vegetation. Specifically, roughness lengths for naturally rough 
surfaces were calculated based on the Normalized Difference Vegetation Index (NDVI) and LiDAR 
(Light Detection and Ranging) dataset, and for erodible surfaces based on playa crust types and 
desert geomorphic surface type. The corrected friction velocity also incorporated the bias-
corrected WRF wind speed estimates.  

Attachment 2 details the model full workflow, including input data and observation nudging; a comparison 
of WRF simulated wind speeds and wind speed data measured at meteorological stations; wind speed 
bias correction; and calculation of corrected friction velocity. 

3 PM10 EMISSION DRIVERS 
Emission drivers are the primary factors that can be directly related to emissions potential under elevated 
wind conditions. As detailed in Attachment 3, the primary emission drivers for the playa are crust type, 
loose surface sand, and surface soil moisture and the primary emission driver for the western desert is 
geomorphic surface type. This section summarizes primary emission drivers for the playa and western 
desert study domains. 

3.1 PLAYA EMISSION DRIVERS 
Playa exposure and its associated surface and emissions characteristics are a major focus of this Emissions 
Estimate. Playa exposure is mapped regularly as a part of the SS AQM Program. In addition, future playa 
exposure is projected. Actual playa exposure is mapped annually using satellite imagery, USGS gauge 
elevation data, and high-resolution bathymetric data (Attachment 1). For this Emissions Estimate, playa 
is defined as the total area of exposed land between the former Salton Sea shoreline at the end of 2002 
and the shoreline at the end of 2020. The assessment occurs at the end of each year when the Sea is at 
the lowest point of its hydrological cycle, thus recording the maximum extent of exposed playa for a given 
year. 

Actual exposed playa increased from 23,917 acres in 2019 to 25,589, acres in 2020. These values include 
isolated bodies of water occurring between the contiguous body of the Salton Sea and the 2002 shoreline. 
These isolated bodies of water were removed from the analysis (essentially considered non-emissive). 
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New areas of exposed playa generally occur in a thin ribbon around the entire Sea, although larger areas 
of exposed playa occur in the southwest portion due to the topography (Figure 1). 

A hydrological model was used to estimate playa exposure and provide planning-level information about 
its timing and location (CH2M HILL 2018). The model estimates playa exposure from 2017 through 2076. 
According to the SALSA2 model, the elevation of the Salton Sea is anticipated to stabilize around the year 
2047. Compared to the predictions, the actual playa exposure for EOY 2020 was less than the “prediction 
envelope” of the 25th percentile. Specifically, the SALSA2 model predicted a median of 31,100 acres 
compared to actual exposure of 25,589 in 2020 (a difference of 5,511 acres). This is less than the 5th 
percentile prediction (i.e., 26,544 acres). Projected versus actual playa exposure will continue to be 
monitored in subsequent years to track the SALSA2 model predictions. 

As detailed in the previous Annual Reports and Emissions Estimates (IID 2018; IID 2019; IID 2020a; IID 
2021a), crust type, loose surface sand, and soil moisture are the primary emission drivers for the playa. 
These emission drivers were identified based on PI-SWERL sampling data and surface mapping data 
collected to understand the emissions potential of various surface properties. PI-SWERL data were used 
in the overall emissions estimate workflow to develop an emissions ruleset (a series of emission rate 
curves for each conditional surface class; Section 1.3.3), which is a key component of estimating emissions 
for the study domain. Similar to previous seasons, for the 2020/2021 Emissions Estimates described 
herein, PI-SWERL sampling was focused on strengthening the existing relationships between surface 
parameters and emissions. In the 2019-2020 monitoring year the geomorphic surface map of the desert 
was updated by including additional training datasets based on geological maps published by the 
California Geological Survey. PI-SWERL sampling and surface mapping are described in Attachment 3 and 
Attachment 4, respectively. The approach and methodology are generally consistent with those used for 
the previous Annual Report and Emissions Estimates. Details are noted in each attachment, and 
modifications are discussed below. 

As described in Attachment 3, PI-SWERL sampling included the following: 1) transect sampling 
(perpendicular to the shoreline) to understand the emissions potential relative to the distance from the 
shoreline, variable distances to groundwater, impacts of sand inundation, and salt deposited onto the 
playa via Sea spray and wave action; 2) source delineation sampling within and outside of dust source 
areas after high wind events to aid in the quantification of erosional areas; 3) ramp test sampling to 
complement existing testing by determining the U*t for unique surfaces; and 4) core sampling, which was 
incorporated into last year’s soil survey in order to determine site suitability for different DCMs (e.g., 
surface roughening and vegetation establishment). Compared to the 2019/2020 estimate there were no 
major changes in methodology in the 2020/2021 estimate.  

As described in Attachment 4, surface characterization is important because surface characteristics are 
directly related to the spatial and temporal nature of PM10 emissions. Extensive survey methods were 
used to map existing playa surface characteristics using ground-based surface evaluations and remotely-
sensed data resources. Ground-based surface evaluations include detailed characterization of surface 
properties related to erosion at the playa. These datasets were then used as calibration data to spatially 
map surface types using satellite-based imagery. In addition, surface survey data were coupled with PI-
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SWERL sampling data to understand the potential emissivity of each surface type. Surface mapping results 
are described in Attachment 4.  

In general, the following were observed: 1) annual differences in crust type extents are due to both crust 
development and deterioration, and illustrate the temporal variability of playa crusts from year to year; 
2) precipitation events and the subsequent increase in playa moisture led to the sequestration and 
redistribution of loose surface sand in the 2020/2021 monitoring year; and 3) playa soil moisture 
increased in the January 2021 timeframe and was sustained for part of the remainder of the monitoring 
year. 

3.2 WESTERN DESERT EMISSION DRIVERS 
As described in the previous Emissions Estimates, geomorphic surface type is the primary emission driver 
for the western desert study domain. PI-SWERL sampling data were used in the overall emissions estimate 
workflow to develop an emissions ruleset (Section 1.3.3; a series of emission rate curves for each 
conditional surface class), which is a key component of estimating emissions for the study domain. For 
the 2020/2021 Emissions Estimates described herein, PI-SWERL sampling was focused on strengthening 
the existing relationships between surface parameters and emissions. . PI-SWERL sampling methods are 
detailed in Attachment 3. The approach and methodology are consistent with those used for the previous 
Annual Report and Emissions Estimate. The western desert landscape is not as dynamic or variable relative 
to the playa; therefore, the same desert surface map typically is applied to each emissions estimate. The 
methodology to develop this map is consistent with the previous years of geomorphic mapping. An 
updated desert surface map that improves upon the previous desert surface map was developed as part 
of the 2019/2020 Emissions Estimate (Attachment 4). Multiple training data were added in 2019-2020 
with an emphasis on complex areas that proved difficult to interpret via imagery and/or exhibited diffuse 
contacts. Likewise, additional training data points were randomly sampled from surficial geological maps 
published by the California Geological Survey to augment existing training datasets. Past emissions 
estimates were updated by using this new desert geomorphic surface map, as well as the update in PI-
SWERL analyses assumption, to provide a consistent year-to-year comparison. 

3.3 RULESET DEVELOPMENT 
Emissions rates were developed for each playa and desert conditional surface class (Attachment 3). PI-
SWERL results from the 2020/2021 monitoring year were merged with results from the previous 
monitoring years to strengthen distributions for conditional surface classes with low PI-SWERL sample 
counts. Playa PI-SWERL results were classified into unique combinations of the three primary emission 
drivers (crust type, loose surface sand presence, and soil moisture), while western desert PI-SWERL results 
were subset by surface characterization subclass. A statistics-based emissions profile was then generated 
for each playa and western desert conditional class. The PM10 emissions ruleset for the playa and western 
desert study domains are included in Attachment 3.  

4 PM10 EMISSIONS ESTIMATES 
This section describes the emissions estimates for the playa and western desert study domains, including 
the annual emissions estimates, the range of emissions estimates for each conditional surface class, and 
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their contribution to maximum daily PM10 emissions estimates. It is important to remember that several 
factors play a role in estimating total emissions, including surface characteristics, wind speed and 
direction, duration of elevated winds, and location on the landscape. In addition, there are other 
environmental drivers that influence the PM10 emission potential beyond what can be technically and 
feasibly scaled to the study domain. Nevertheless, these emissions estimates are comprehensive and were 
calculated based on the best available datasets and scientific methodology.  

4.1 VALIDATION OF PM10 EMISSIONS ESTIMATE  
As discussed above, understanding sources and magnitude of PM10 emissions is the first component of 
the SS AQM program used to prioritize areas for proactive dust control measures. The emission estimate 
relies on two main components, the accuracy of the hourly wind field and the accuracy of the hourly PM10 
emission estimates. The former was verified by comparing the modeled and observed wind speed and 
direction at the six 10-meter meteorological stations associated with IID’s PM10 and meteorological 
network around the shoreline of the Salton Sea (Attachment 2). The basis of the validation of the PM10 
emissions is a comparison of the modeled and observed PM10 concentrations at the shoreline monitors. 
For the 2020-2021 dust a season a one-month period, specifically, April 21, 2021, to May 20, 2021, was 
selected to compare the hourly observed PM10 concentrations with those predicted using the modeled 
temporally and spatially resolved emission rates. A new capability in the WRF-CHEM has been developed 
by NCAR through the SSAQMP, which allowed the model to ingest and process pre-calculated hourly PM10 
dust emissions and simulate their transport and dispersion (Bhardwaj et al., 2020). Two stations were 
identified as suitable for this comparison, Salton City and Bombay Beach. The transport and dispersion 
capability of the WRF-CHEM platform was applied to estimate the hourly PM10 concentrations at these 
two sites.  

The results of the comparison indicate that the simulated PM10 concentrations track the observations 
quite well, both in terms of the magnitude of the concentrations as well as the timing of peaks in the 
concentrations, essentially the high wind events (Figure 4). The magnitude of the concentrations also track 
well at both locations. Comparing the hourly TEOM1 measured and modeled concentrations when the 
concentration is greater than the atmospheric background (~20 µg m-3) the predicted concentrations fall 
well within a factor-of-2 (Figure 5), a range considered as good performance for atmospheric dispersion 
model by the US Environmental Protection Agency (EPA, 1992; Chang and Hanna, 2004). The performance 
at the Salton City monitor is better than at the Bombay Beach due to, among other factors, a closer vicinity 
to the predominant dust sources in the modeling domain (on the edge of the source areas, versus ~11 
miles across the sea).  

 
1  Tapered Element Oscillating Microbalance – A continuous PM10 monitor approved by the US Environmental Protection Agency. 
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FIGURE 4. COMPARISON OF OBSERVED AND MODELED PM10 CONCENTRATIONS (APRIL 19 TO MAY 21, 2020) 

Shown are comparisons for two sites, Salton City (SC, upper panel) and Bombay Beach (BB, lower panel). Note the difference in 
the scale of the concentration axis (Y-axis) between the two sites. Correlation coefficients (r -values) for these time series are 
0.82 and 0.61 for SC and BB, respectively, based on 24-hour average PM10 concentrations. 
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FIGURE 5. QUANTILE-QUANTILE PLOTS FOR HOURLY PM10 CONCENTRATIONS (APRIL 19 TO MAY 21, 2020) 

Shown are comparison for two sites, Salton City (SC, left panel) and Bombay Beach (BB, right panel). Note the log10-transformed 
scale of both axes. Dashed lines indicate a deviation by a factor of 2.  
 

 

4.2 PLAYA EMISSIONS ESTIMATES 
The annual emissions estimates are based on the PM10 emissions ruleset developed for each combination 
of conditional surface classes (Section 3; Attachment 3) and the hourly corrected friction velocities for the 
playa study domain (Section 1.4; Attachment 2). The annual and daily emissions estimates are described 
as a rate of total annual emissions over a unit area (i.e., tons/km2, tons/acre) and as a rate of total areal 
emissions over time (i.e., tons/year, tons/day). The former (emission rates based on unit area) provide 
information about the relative emissivity of different surface types. The latter (emission rates based on 
time) facilitate a comparison of emission rates of those from other sources (i.e., the western desert versus 
playa surfaces). This comparison aids in understanding the relative contribution of emissions from each 
source category within the Salton Sea Air Basin. The status of emissions compared to the previous three 
years of emissions estimates are discussed in the following sub-sections. In addition, the four-year average 
emissions estimate is presented to provide a long-term perspective of the playa for improved 
prioritization of dust control project site selection. 

4.2.1 ANNUAL EMISSIONS FOR THE PLAYA 
The monthly and annual total emissions for each playa crust type are summarized in Table 1. The total 
annual emissions for the playa, based on the median emissions curves (Section 4.2.2), from July 1, 2020, 
to June 30, 2021, are estimated at 429 tons (Table 1). This equates to approximately 1.174 tons/day on 
average, but it can vary from zero to a maximum of over 40 tons/day (Figure 6), depending on the day. 
The highest emissions occurred in March, April, and May (Figure 6), representing about 66% of the total 
playa emissions. Likewise, two fall events, October 25-26 and November 7-8, 2020, contributed about 18 
percent of the total annual emissions combined. Averaged over the playa, the 2020/2021 annual 



SALTON SEA EMISSIONS MONITORING PROGRAM 
2020/2021 ANNUAL REPORT AND PM10 EMISSIONS ESTIMATES 

20 

emissions per sq. km is estimated at 4.14 tons/km2, which is comparable to previous monitoring period 
estimates, with the exception of 2019/2020. The latter period was more wet, both in terms of 
precipitation and surface moisture conditions (IID 2021a).  

TABLE 1. 2020/2021 MONTHLY AND ANNUAL PM10 EMISSIONS FOR THE PLAYA 

 25th Percentile Median 75th Percentile 

Area (km2) 103.6 103.6 103.6 

Area (ac) 25,589 25,589 25,589 

Month PM10 Emissions (tons/km2) per Month 

Jul-20 0.009 0.10 0.415 
Aug-20 0.004 0.06 0.277 
Sep-20 0.036 0.14 0.483 
Oct-20 0.105 0.50 1.873 
Nov-20 0.059 0.31 1.116 
Dec-20 0.001 0.02 0.104 
Jan-21 0.003 0.05 0.209 
Feb-21 0.018 0.15 0.603 
Mar-21 0.185 1.02 3.698 
Apr-21 0.134 0.80 3.149 
May-21 0.162 0.90 3.523 
Jun-21 0.009 0.10 0.412 

PM10 Emissions  
tons/km2 per year 0.72 4.14 15.86 
tons/acre per year 0.0029 0.0168 0.0642 
tons/day 0.205 1.174 4.500 
tons/year  75.0 428.7 1642.5 
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FIGURE 6. TOTAL PM10 EMISSIONS IN TONS/DAY FROM ALL PLAYA SURFACES 

For the 2020/2021 monitoring period, the daily PM10 emissions range from zero to a maximum of approximately 42.9 tons/day 
(March 25, 2021) followed by 26.9 tons/day (October 25, 2020) (bottom). These two dates represent about 16% of the total 
emissions.  
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Figure 7 shows the spatial distribution of the average annual emissions for the playa, based on the median 
emissions curves (Section 4.2.2). The spatial variability of total annual emissions ranges from no emissions 
to above 40 tons/km2 (at the 99th percentile). This variability can be attributed to the spatial and temporal 
heterogeneity of the distribution of crust type, loose surface sand, surface soil moisture, and the presence 
of vegetation. Moreover, the hourly 10-meter wind speeds throughout the monitoring period also vary 
spatially within the domain (some regions experience higher winds than others).  

As shown in Figure 7, annual PM10 emissions on the playa are elevated in concentrated locations. Most 
areas with relatively higher emissions are located on portions of playa associated with either deltaic 
deposits, alluvial fans, dry wash outlets, or advancing sand dunes. For example, the Alamo and New River 
Deltas are being incrementally exposed in response to the recession of the Salton Sea. As the deltas build 
forward out into the receding water body, formerly submerged sand bars extending laterally from the 
mouth of the rivers are incrementally abandoned on top of finer pro-delta and lacustrine deposits. This 
superposition of coarse material on fine material contributes to unstable surfaces and emissions in these 
delta regions. On the west side, high emissions potential on the upper portions of the alluvial fans built 
by San Felipe Creek and Tule Wash are associated with the deposition of coarse material. As fluvial events 
(flash floods) reach the low relief playa, they lose momentum and energy, prompting larger clasts to fall 
out of suspension and deposit on playa surfaces. Emissions at the Naval Test Base north of the San Felipe 
Fan are driven by the encroachment of barchan sand dunes onto the playa. Emissions at the Northwestern 
portion of exposed playa are associated with fluvial deposition and then aeolian redistribution of sand 
onto exposed playa, and also extensive off-highway vehicle (OHV) traffic. The Eastern Dry Washes flowing 
onto Bombay Beach and the Niland Boat Ramp are associated with fluvial silt deposits mixing with 
relatively coarse beach ridges formed by wave action. Also, it should be noted that the projected 
emissions from the areas at New River and Alamo River South (Figure 7) are biased high as they do not 
account for currently installed dust control measures in these areas.  

Sand migration from western desert source areas above the playa and along western shorelines of the 
Salton Sea continues to increase the emissions potential of playa surfaces. For example, as the Salton Sea 
regresses, dry wash outlets on the Tule Fan are depositing sediment onto more distal portions of the fan. 
This phenomenon superimposes sand onto previously formed salt crust. An increase in the amount of 
loose sand available for saltation leads to a subsequent increase in emission potential (Figure 7). Likewise, 
aeolian sand from dunes and sand sheets adjacent to the Naval Test Base continue to migrate onto the 
playa, increasing estimated playa emissions (Figure 7). 
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4.2.2 RANGE OF EMISSIONS ESTIMATES WITHIN EACH CONDITIONAL SURFACE CLASS 
A range of emissions estimates was generated for each playa conditional surface class based on the 
primary emission drivers (i.e., crust type, loose surface sand, surface soil moisture), the PM10 emissions 
ruleset, and corrected surface friction velocity (U*). Although the primary emission drivers play a 
predominant role in PM10 emissions potential (Attachment 3), there are other surface properties, such as 
crust thickness and subsurface soil moisture, that affect the PM10 emissions potential. While these 
additional factors can lead to variability in PM10 emission rate estimates within each conditional surface 
class, they are challenging to capture with sufficient detail in space and time to be included as parameters 
in the ruleset. To capture the variability in the PM10 emission rates, the 25th percentile (best-case 
estimate/low estimate), 50th percentile (median-case estimate) 2 , and 75th percentile (worst-case 
estimate/high estimate) of the total emissions estimates are reported (Table 1). For example, the 25th and 
75th percentiles of annual PM10 emissions estimates for the playa range from 0.72 to 15.86 tons/km2. The 
50th percentile estimate was used for most of the discussion, comparisons, and analysis in this Annual 
Report.  

The range of emissions estimates also varies among the crust types. The number of conditional surface 
classes was selected based on the ability to map individual characteristics in time and space. If additional 
surface classes were included in the analysis, there would be a risk of overfitting of the PI-SWERL sampling 
data and weakening the relationship between the PI-SWERL data and the surface classes for the predicted 
data. By reporting the percentiles, it is possible to capture the expected range of PM10 emissions. As the 
monitoring years progress, more data are being collected. These datasets and future additional data will 
be used to potentially narrow the range of emissions estimates for each conditional surface class. 
However, PM10 emissions data from natural landforms remain inherently highly variable, both spatially 
and temporally. 

 

 
2 The use of the median is the most appropriate method to estimate the central tendency of the data distribution given the large 
variability of data. The median case can be considered an approximation of a “typical” values of the emission rate distribution. 
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4.2.3 MAXIMUM DAILY PM10 ESTIMATES 
The range of daily PM10 emissions estimates for the playa is from zero to a maximum of approximately 
42.86 tons/day (Figure 8). The top-10 emissions days are provided in Figure 6. About 54% of the total 
annual emissions occurred during these ten days. This is within 8 to 15 top emissive dates that contribute 
50 percent of the total emissions in the previous monitoring years. Cumulative over all the playa surfaces, 
almost 78 percent of the average annual emissions occurred in only 20 days (Figure 8). Specifically, the 
events on October 25 and 26, 2020, March 15, 2021, March 25, 2021, and April 21, 2021, resulted in an 
estimated emissions total of 141.8 tons, equivalent to 33 percent of the total annual emissions.  Summary 
statistics at each of the PM10 monitors around the Salton Sea (Figure 9) indicate that the top contributing 
emissions days were characterized by observed high PM10 concentrations, especially on the west side of 
the sea, as well as elevated wind speed (Table 2). Furthermore, the wind direction for the highest PM10 
concentrations (Figure 10) and wind speeds (Figure 11) varies by monitor location, depending on 
differences in characteristic wind fields and the location of the main contributing source areas. 

Most of these emissions occurred due to the presence of strong westerly and south-westerly winds (the 
predominant wind direction) associated with relatively drier surface soils and more surface loose sands. 
These winds contribute to higher emissions in the western and southern parts of the playa. Investigation 
of Roundshot (360-degree) camera data supports the presence of sporadic visible dust plumes on the top 
emissive dates. For example, at the Alamo South extension on March 15, 2021, one of the top emissive 
days for the playa, there were significant high winds (Figure 12), however, there were only minor visual 
dust as there Alamo South site was controlled with a combination of surface roughening and vegetation 
enhancement (Figure 12).  
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FIGURE 8. TOP-10 PM10 EMISSIONS DAYS FOR THE PLAYA STUDY DOMAIN 
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TABLE 2. PM10 AND WIND SPEED SUMMARY STATISTICS FOR TOP- 10 2020/2021 HIGH EMISSIONS DAYS, PLAYA 

 Mean Median Minimum Maximum 

Maximum PM10 Concentration (per event day), µg/m3 

Salton City 1,504 1,508 90 2,895 

Naval Test Base 849 537 267 2,469 

Sonny Bono 175 68 41 603 

Bombay Beach 342 338 64 738 

Salton Sea Park 173 113 55 486 

Torres Martinez 734 724 534 1,004 

Maximum Windspeed (per event day), µg/m3 

Salton City 14.3 14.5 7.3 17.2 

Naval Test Base 11.7 11.3 10.6 14.8 

Sonny Bono 12.5 12.4 10.9 15.3 

Bombay Beach 13.1 13.6 10.5 15.4 

Salton Sea Park 8.0 8.4 6.3 9.9 

Torres Martinez 8.9 9.0 7.6 9.8 
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FIGURE 10. PM10 ROSES FOR PLAYA HIGH WIND EVENT DAYS, 2020-2021 DUST SEASON   
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FIGURE 11. WIND ROSES FOR PLAYA HIGH WIND EVENT DAYS, 2020-2021 DUST SEASON 
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FIGURE 12. PLAYA PHOTOGRAPHS FROM MARCH 15, 2021 

Shown are observed wind speeds and total playa emissions (upper panel), and visual images at the Alamo River site during the daylight period of highest wind speeds (see inset). 
Maps on the left show the view angles of the dust cameras footage on the right. Note that dust controls were in place during this event, hence the lack of visual dust plumes. 
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4.3 WESTERN DESERT EMISSIONS ESTIMATES 
As previously described, the annual Emissions Estimates are based on the PM10 emissions ruleset 
developed for each geomorphic landform/surface type (Section 3; Attachment 2) and the hourly corrected 
friction velocities for the desert study domain (Section 2; Attachment 1). The annual Emissions Estimates 
are described as rates of total annual emissions over a unit area (i.e., tons/km2, tons/acre) and as rates of 
emissions over a unit of time (i.e., tons/year, tons/day), normalized to area. The emissions rates based on 
area provide information about the relative emissivity of different surfaces and a good basis of 
comparison. The emissions rates based on time provides a good basis of comparison with emissions rates 
from the playa. This comparison aids in understanding the relative contribution of emissions from each 
source category/domain to the Salton Sea Air Basin.  

4.3.1 ANNUAL EMISSIONS FOR THE WESTERN DESERT 
The total annual emissions for the western desert were estimated by summing the hourly data for the 
year. The estimated annual emissions for each surface type are summarized in Table 3. The total area of 
the western desert analyzed for these emissions estimates is approximately 4,156 km2. This includes 
approximately 1,656 km2 of non-emissive surfaces (e.g., developed, cobbles [alluvial], sandstone, 
bedrock) and 13 km2 of non-Salton Sea offshore playa. The annual emissions for the western desert are 
estimated at 30,348 tons/year, which equates to approximately 83,14 tons/day on an annual basis. Figure 
13 shows the tons/day of PM10 emissions from all western desert surfaces during the monitoring period. 
April 21, 2021, was the highest emissive date with PM10 estimates accounting for more than 5 percent of 
the total annual estimated emissions. When all emissive surface types are considered together, the annual 
emissions for the western desert are estimated at 7.3 tons/km2, which is about 2 to 18 % increase 
compared to the estimates for 2016/17, 2017/18, and 2018/19 monitoring seasons, and about 50% 
increase compared to 2019/2020 monitoring year estimate.  

When the desert is compared with playa surfaces for the 2020/2021 Emissions Estimates, desert surfaces 
are 75 percent greater than playa surfaces, when expressed on a per-area basis, specifically, in tons/km2. 
However, when the surface areas for the western desert and playa domains are accounted for, the 
western desert contributed about 70 times more PM10 to the airshed than the current playa sources. Note 
that soil moisture conditions are not considered in the calculation of emissions for the desert. This is 
partially because desert surfaces can dry out rapidly after precipitation events (Bergametti et al. 2016), 
due to their generally coarser soil texture and much greater depth-to-groundwater table. In addition, 
there are limited or no PI-SWERL data on the desert when the surface is wet. As discussed in Attachment 
4, the majority of the desert surface remain dry throughout the monitoring period.  
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TABLE 3. MEDIAN AND RANGE OF 2020/2021 MONTHLY AND ANNUAL PM10 EMISSIONS  

 25th Percentile Median 75th Percentile 

Area (km2) 4156 4156 4156 

Area (ac) 1,027,042 1,027,042 1,027,042 

Month PM10 Emissions (tons/km2) per Month 

Jul-19 0.049 0.39 1.447 
Aug-19 0.022 0.21 0.747 
Sep-19 0.001 0.02 0.051 
Oct-19 0.089 0.52 2.100 
Nov-19 0.059 0.35 1.289 
Dec-19 0.015 0.09 0.282 
Jan-20 0.031 0.21 0.846 
Feb-20 0.057 0.35 1.369 
Mar-20 0.186 1.11 4.371 
Apr-20 0.300 1.74 7.064 
May-20 0.324 1.87 1.357 
Jun-20 0.070 0.46 1.800 

PM10 Emissions  
tons/km2 per year 1.202 7.30 28.724 
tons/acre per year 0.0048 0.0295 0.1162 
tons/day 13.69 83.14 327.08 
tons/year  4,997.0 30,347.5 119,384 
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FIGURE 13. TOTAL PM10 EMISSIONS IN TONS/DAY FROM ALL WESTERN DESERT SURFACES (2020/2021) 

 

Figure 14 shows the spatial distribution of the average annual PM10 emissions for the western desert and 
the playa. The total annual emissions vary from no emissions to over 100 tons/km2 (maximum of 1,610 
tons/km2). Emissions are highest in the southern and central portions of the western desert area (Figure 
12). These areas can be characterized as predominantly sand sheets (Attachment 4), the most abundant 
of the emissive surface types in the western desert. The same result of high emissivity in these areas was 
also estimated in the previous Emissions Estimates (IID 2018; IID 2019; IID 2020a). 
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4.3.2 RANGE OF EMISSIONS ESTIMATES WITHIN EACH GEOMORPHIC SURFACE TYPE 
A range of emissions estimates was generated for each desert geomorphic surface type and the PM10 
emissions ruleset described in Section 3. There is significant variability of PM10 emissions within each 
geomorphic class. Although geomorphic surface type plays a predominant role in PM10 emissions potential 
(Attachment 3), there are other factors that influence PM10 emissions potential, such as the presence and 
density of vegetation, time since significant rainfall, and time since a flash flood event (which can replenish 
erodible fine dust on dry wash surfaces). To capture the effect of other factors in the current methodology, 
the 25th percentile (best-case estimate/lowest scenario), 50th percentile (median-case 
estimate/intermediate scenario), and 75th percentile (worst-case estimate/highest scenario) of the total 
emissions estimates were reported (Table 3). The 25th and 75th percentiles of PM10 emissions estimates 
for the western desert range from 1.2 to 28.7 tons/km2, spanning more than an order of magnitude 
difference (Table 3). The total annual emissions for the western desert are estimated at 30,348 tons/year 
(50th percentile), ranging from 4,997 to 119,384 tons/year for the 25th and 75th percentiles, respectively. 
This equates to approximately 83.14 tons/day on an annual basis, but it could range from 13.69 to 327.08 
tons/day for the 25th and 75th percentiles, respectively (Figure 3). The 50th percentile estimate was used 
for most of the discussion, comparisons, and analysis in this Annual Report. 

4.3.3 MAXIMUM DAILY PM10 ESTIMATES  
The range of daily PM10 emissions estimates in the western desert domain is from 0 tons/day to a 
maximum of approximately 1,610 tons/day (Figure 15). The top-10 emissions days for the western desert 
study domain are provided in Figure 15. The top emissive date of the year (April 21, 2021) accounted for 
about 5.3% of the yearly emissions and is comparable to the other top-5 emission days (Figure 15). 
Summary statistics at each of the PM10 monitors around the Salton Sea indicate that the top contributing 
emissions days from the western desert were characterized by high PM10 concentrations, as well as 
elevated wind speed (Table 4). This is especially the case for the two most western monitors, Salton City 
and Naval Test Base, which are closest to and directly upwind of the dust sources in the desert. As is the 
case for the highest playa emission days, the wind direction for the highest PM10 concentrations (Figure 
16) and wind speeds (Figure 17) varies by monitor location, depending on differences in characteristic 
wind fields and the location of the main contributing source areas. Hourly results indicate that the October 
25, 2020, wind event was characterized by high wind speeds throughout the day, with estimated total 
PM10 emissions from the desert domain peaking mid-afternoon (Figure 18). Images from the Roundshot 
(360-degree) camera in the Anza Borrego State Park confirmed the presence of dust plumes (Figure 18) 
throughout the day.  
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FIGURE 15. TOP-10 PM10 EMISSION DAYS FOR THE WESTERN DESERT STUDY DOMAIN 
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TABLE 4. PM10 AND WIND SPEED SUMMARY STATISTICS FOR 2020/2021 HIGH EMISSIONS DAYS (DESERT) 

 

Mean Median Minimum Maximum 

Maximum PM10 Concentration (per event day), µg/m3 

Salton City 1351 1344 90 2895 

Naval Test Base 811 524 360 2469 

Sonny Bono 108 58 41 536 

Bombay Beach 280 228 67 608 

Salton Sea Park 143 75 55 486 

Torres Martinez 912 724 534 2070 

Maximum Windspeed (per event day), µg/m3 

Salton City 13.1 13.8 7.3 17.2 

Naval Test Base 11.1 11.1 9.7 12.8 

Sonny Bono 11.9 12.0 9.9 15.3 

Bombay Beach 12.5 12.4 7.9 15.4 

Salton Sea Park 7.8 8.1 6.3 8.7 

Torres Martinez 8.6 8.8 6.9 9.7 
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FIGURE 16. PM10 ROSES FOR PLAYA HIGH WIND EVENT DAYS, 2020/2021 DUST SEASON  
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FIGURE 17. WIND ROSES FOR PLAYA HIGH WIND EVENT DAYS, 2020/2021 DUST SEASON   
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FIGURE 18. WESTERN DESERT PHOTOGRAPHS FROM OCTOBER 25, 2020 

Shown are observed wind speed and total desert PM10 emissions (upper panel), as well as camera footage of the Anza Borrego site during the period of some of the higher wind 
speeds. The map on the left shows the view angle of the dust camera’s footage on the right. 
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5 DISCUSSION AND CONCLUSIONS 
The SS AQM Program has three main components to estimate emissions and to identify high‐priority areas 
of exposed playa  for proactive dust  control: 1) an  annual Emissions Monitoring Program  to estimate 
emissions and  to  identify high‐priority areas of exposed playa  for proactive dust control, 2) an annual 
PDCP with recommendations and design  for site‐specific DCMs, and 3)  implementation of DCMs  (e.g., 
surface roughening and vegetation establishment). The annual Emissions Monitoring Program is designed 
to  work  with  the  development  of  the  annual  PDCP  and  subsequent  implementation  of  DCMs  to 
proactively mitigate windblown dust emissions at the Salton Sea.  

At the end of 2020, 25,589 acres of Salton Sea playa were exposed. Of these, 17,923 acres were dry playa, 
7,006 acres were covered with vegetation, and about 660 acres were  isolated water bodies separated 
from  the main Sea, which  includes  small pools, drain water, and  sheet  flow. Generally,  there was an 
increase in total playa exposure of 1,672 acres (7%) from the end of 2019. This increase in playa exposure 
is below what has been estimated in the SALSA‐2 for 2020. Playa exposure is expected to increase over 
time (Attachment 1).  

Results  from  these 2020/2021 Emissions Estimates  (which considered all  the acreage as uncontrolled) 
demonstrate that the playa is currently a minor source of PM10 emissions compared to sources identified 
in  the  2018  SIP  (ICAPCD  2018)  and  compared  to  nearby western  desert  sources  (Table  1,  Table  3). 
Specifically, emissions from the playa study domain are less than 1.5% of the emissions from the western 
desert study domain. These comparisons were made from the 50th percentile (median case) annual total 
emissions estimates. However, the percent contribution could vary from day to day and from high wind 
event to event. For example, for the top 10 high emissive dates overall, percent contribution of playa to 
the total could vary from a minimum of 0.2% to a maximum of 3.7% among dates.  

The overall goal of the SS AQM Program is to keep playa emissions at low levels, even as playa exposure 
accelerates, through implementation of targeted, proactive DCMs. To this end, existing field studies and 
planned DCMs (Figure 1) cover an area of about 8,775 acres (2,705 acres  implemented, 1,245 acres of 
dust  control watch  areas while  the  State’s  SCH  project  is  constructed,  and  4,825  acres  planned  for 
implementation).  Existing field studies and planned DCMs are located in areas that contribute 62% of the 
five‐year  average  annual  emissions  estimate.  Note  that  this  is  a  conservative  estimate  because  the 
emissions estimate assumes “uncontrolled” case scenarios even though existing dust control measures 
can affect the input data used to estimate emissions (through their effect on surface roughness and soil 
moisture conditions).  

Additional, important conclusions are summarized in the following bullets: 

 Approach and Workflow. These Emissions Estimates are robust, incorporating many of the important 
recommendations  from  the 2009  SIP  and  the 2018  SIP  (ICAPCD 2009 and 2018).  In addition,  the 
workflow addresses questions and  incorporates recommendations by  independent peer reviewers 
(IID 2021a: Attachment 5).  The 2020/2021  estimates incorporate recent playa exposure extent, 3,729 
potential emission tests (PI‐SWERL) and surface characterizations (2,863 playa, 866 western desert), 
and 615 PI‐SWERL ramp tests (414 playa, 201 western desert) to capture threshold friction velocities, 
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remote‐sensing  techniques  to  spatially  map  surface  characteristics  and  vegetation,  multiple 
meteorological  stations,  and  hourly meteorological  variables  (e.g., wind  speed,  direction,  friction 
velocity) using  the WRF model. The approach  to calculating  the Emissions Estimates also  included 
development of  conditional  surface  classes, development of PM10 emission  rulesets based on PI‐
SWERL datasets, modeling of hourly 10‐meter wind components using the WRF model, bias correction 
of  wind  speed  estimates  from WRF,  calculation  of  corrected  friction  velocity,  and  the  ultimate 
calculation of hourly emissions at 30‐meter spatial resolution. These components are susceptible to 
some  level of uncertainty. Nevertheless,  these  Emissions  Estimates  are  comprehensive  and were 
calculated based on the best available datasets and scientific methodology. Future work (Section 6) is 
expected to improve these Emissions Estimates by reducing uncertainties for a few of the important 
components of the workflow.  

 Annual Emissions Results. The total emissions estimates were 428.7 tons/year from the playa and 
30,347.5 tons/year from the western desert. These values are equivalent to 1.17 tons/day from the 
playa and 83.14 tons/day from the western desert. This means the playa is responsible for less than 
1.4% of the combined annual emissions from the playa and western desert study domains. This  is 
expected because the current exposed playa surface area is minor compared to the desert area west 
(and generally upwind) from the Salton Sea.  In addition, the relatively more dynamic surfaces and 
wetter soil moisture conditions yielded a generally lower PM10 emission rates compared to the desert 
(Attachment 3). Specifically, when all emissive and non‐emissive surfaces of the western desert are 
considered, the area‐weighted annual emissions from the western desert study domain are 7.30 tons 
km‐2, whereas from the playa it was 4.14 tons km‐2. Thus, on a per‐area basis, the playa surfaces are 
less emissive than the western desert areas.  

Results demonstrate the temporal and spatial variability of emissions. For example, the time series 
Emissions Estimates indicate that only a handful of days are responsible for the majority of the total 
emissions. These days  coincide with  the occurrence of  sustained high winds over at  least  several 
hours. Emission rates within the playa and desert display significant variability, from non‐emissive to 
emissions over range of up to two orders of magnitude (IID 2021) This temporal and spatial variability 
indicates that DCM design should focus on control during high wind events, site‐specific prioritization, 
and tailored to the specific site conditions. 

 Validation of emission estimate results. In comparison with prior emission estimates, and, based on 
recommendation  from  the  independent  peer‐review  in  2021,  additional  validation  of  emissions 
estimates was conducted. Specifically, these  included additional validation steps of the WRF‐Chem 
model for the 2020/21 emissions estimate. A one‐month time period with multiple wind events was 
used  to validate  the PM10  results. A good agreement was observed between PM10 estimates  from 
WRF‐Chem with measured PM10 concentrations.  

 Five‐Year  Average  Annual  PM10  Emissions.  Because  this  is  the  fifth  Annual  Report,  aggregating 
estimates from all five monitoring periods can provide additional insight for prioritizing areas that are 
frequently susceptible to high PM10 emissions. This was done by averaging annual PM10 emissions for 
each 30‐meter grid cell in the study domain. For grid cells that were recently exposed, only the years 
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during which they were exposed were used in the calculation of the average PM10 emissions. Figure 
19 shows the spatial distribution of five‐year average annual PM10 emissions for the playa. The five‐
year average values for the playa surfaces range from no emissions to 61 tons/km2. Based on results 
of the Emissions Monitoring Program, a relatively small percentage of the playa is responsible for the 
majority of playa emissions. Specifically, approximately 10% of the playa grids are responsible for over 
50% of playa emissions, and approximately 20% of the playa grids are responsible for nearly 74% of 
playa emissions (Figure 20). The majority of the playa grids that comprises the top‐20 percent, hence 
about ¾ of the total emissions, are located to the west and south of the sea (Figure 21). As described 
in the 2019/2020 PDCP, the majority of these grids already are under existing or planned DCMs.  

• Comparison to 2018 SIP (ICAPCD 2018). The total playa emissions (in tons/day) were low compared 
to  other  source  categories  identified  in  the  2018  SIP  (Table  5,  Table  6).  Also,  the  total  desert 
emissions less than half of the “open source” category in the 2018 SIP (Table 5).  This discrepancy can 
be explained (at least partially) based on differences in the spatial domains. The western desert 
study domain includes areas in Riverside, San Diego, and Imperial Counties, whereas the 2018 SIP 
estimate includes all open desert lands in Imperial County (only), including the open land and dune 
fields in the eastern portion of the county. As a result, a direct comparison to the total emissions 
from the 2018 SIP would require significant additional analysis and is not included here. However, on 
a normalized, tons/km2 basis, the western desert results are consistent with the “Open Area” source 
category in the 2018  SIP  (ICAPCD  2018)  (Table  6).  Furthermore,  the  normalized  western  desert  
findings  were comparable to the 2018 SIP for general open area, and the normalized playa 
emissions rates were about 57% of the western desert (Table 6).
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FIGURE 20. RELATIONSHIP BETWEEN PLAYA ACREAGE AND PM10 EMISSIONS ESTIMATE  
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TABLE 5. COMPARISON OF PM10 EMISSIONS ESTIMATES RESULTS TO ICAPCD 2018 SIP EMISSIONS (TOTAL) 

Source Category Emissions (tons per day – tpd)    

ICAPCD 2018 SIP1 2016     

Electrical Utilities 0.09     
Cogeneration 0.00     
Manufacturing and Industrial  0.04     
Service and Commercial 0.07     
Fuel Combustion 0.00     
Industrial Processes: 3.98     
      
      
Residential Fuel Combustion 0.05     
Farming: 8.48     
      
      
      
Construction 3.02     
Paved Road Dust 1.16     
Entrained Unpaved Road Dust:      
       City/County 18.38     
       Canal 30.74     
       BLM/USFS 1.39     
       Farm 1.37     
Windblown Dust:      
       Open Areas-Urban 0.00     
       Open Areas-Others2 199.96     
       Non-Pasture Agricultural Lands 10.77     
        Pasture  1.79     
Fires 0.00     
Waste Burning 1.30     
Cooking 0.08     
On-Road Mobile 0.43     
Other Mobile 1.07     
Total 284.17     
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IID Emissions Estimate 2016/2017 2017/2018 2018/2019 2019/2020 2020/2021 

Desert3 81.31 76.03 68.10 41.58  83.15 

Playa 0.81 0.97 0.81 0.096 1.17 

 

 

 

 

1 Reproduced from Table 2-1 (2018 SIP; ICAPCD 2018). 
2 The Open Areas-Other category of wind-blown dust included only Imperial County as well as the desert 
area east of the Salton Sea. 
3 The desert study area included portions of Imperial, Riverside, and San Diego Counties, but did not 
include the desert areas east of the Salton Sea. 
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TABLE 6. COMPARISON OF PM10 EMISSIONS ESTIMATES RESULTS TO ICAPCD 2018 SIP EMISSIONS (PER-UNIT AREA) 

Reference  Area Considered Area Weighted Average Annual 
Emissions (tons km-2) 

ICAPCD 2018 PM10 SIP √ All open area with fugitive 
windblown emissions in Imperial 
County, excluding urban and 
agriculture lands 

7.20 

2020/2021 Emissions Estimates 
for Western Desert Study 
Domain 

Desert land in portions of 
Imperial, Riverside, and San Diego 
County, but not east of the Salton 
Sea 

7.30 

2020/2021 Emissions Estimates 
for Playa Study Domain 

Exposed land between the former 
Salton Sea shoreline in 2002 and 
the shoreline in December 2019 

4.14 

√ Expressed as weighted average of “Desert-Dunes”, “Desert-Other”, and “Shrubland/Grassland” (ICAPCD, 2009), scaled based 
on difference in total emission between 2009 and 2018 SIPs, assuming same surface are in modeling domain. 
 

6 ONGOING IMPROVEMENTS AND FUTURE WORK 
Dust aerosols have a wide range of potential consequences for ambient air quality, global climate, 
atmospheric chemistry, and biogeochemical processes. However, local to regional and global scale 
simulations of dust aerosols are inherently uncertain mainly as a result from incomplete or incorrect 
parameterization of dust emission drivers in state-of-the-science regional and climate models. To improve 
on this issue in the Imperial Valley, a scheme to calculate dust emissions at very high resolution (30 m) in 
the southwestern United States was developed by IID (IID, 2021). A combination of tools and techniques 
were utilized to incorporate and link various drivers of dust emissions. These include 1) using PI-SWERL 
instrumentation to determine potential PM10 emissions, 2) developing a ruleset relating surface 
characteristic, u*, and PM10 emissions, 3) mapping surface characteristics using remote sensing 
techniques, 4) using WRF modeling to determine the wind field at an hourly time step, 5) determining 
corrected u* using local roughness length and roughness lengths, and 6) finally calculating hourly PM10 
emissions at 30-m grid resolutions within the WRF platform. The potential PM10 emissions results from 
this analysis provides the amount of emission per unit area originating from a given area on an hourly 
temporal resolution. This helps to rank areas based on their emissivity to prioritize for the implementation 
of dust control measures. Furthermore, it provides the input data to evaluate where and how much of 
this emitted dust is transported in the atmosphere. 

The 2020/2021 Emissions Estimates followed a similar methodology as presented in the 2019/2020 
Annual Report (IID 2021a) as well as prior years. The 2020/2021 Emissions Estimates incorporate 
additional PI-SWERL datasets and ground-truthing data for surface mapping. Future work will include 
collection of additional PI-SWERL and surface data as part of the annual characterization of the playa and 
desert emission potential dynamics. Furthermore, a cross validation of the results through dispersion 
modeling was conducted. Specifically, model and observed PM10 concentrations were compared to 
provide insights into the capacity of the emissions estimate and dispersion to model to track with 
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observations. These comparisons provide an avenue to identify future model improvements. Additional 
planned efforts to improve the methodology and associated documentation are as follows: 

a. Continued comparisons of the modeled PM10 concentrations at IID’s shoreline monitoring stations 
with observed PM10 concentrations, in support of validating the performance of the emissions 
estimation approach. Two modeling platforms will be applied in this regard, 1) the Weather 
Research and Forecasting model coupled with Chemistry (WRF-Chem), and, 2) a traditional EPA- 
approved atmospheric model (CALPUFF).  

b. Conduct additional sensitivity testing of the technical approach. Each step of the technical 
approach is associated with uncertainty. While the uncertainty in most of these steps is already 
calculated and reported in Attachments 1 through 4, additional work can be done to evaluate the 
impact of these uncertainties on the gridded hourly PM10 emissions, the main output of the 
modeling approach. 

c. Continue to develop and improve the Performance Monitoring Protocol to support the 
incorporation of PM10 emissions from DCMs in the model, accounting for the measured reductions 
in PM10 emissions in the controlled areas. 

d. Continue developing the documentation and technical support materials needed to submit the 
emissions estimate approach (described in this program) to the Environmental Protection Agency 
(EPA) for approval as an “Other Test Method.”  Such approval would allow the methodology to be 
incorporated into air quality planning documents, including PM10 State Implementation Plans. 
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TECHNICAL MEMORANDUM 

END-OF-YEAR 2020 SALTON SEA PLAYA EXPOSURE ESTIMATE 

PREPARED FOR:  Imperial Irrigation District 

PREPARED BY: Formation Environmental, LLC 

DATE: March 2022 

 
The purpose of this technical memorandum is to provide the background, methods, and results of the 
end-of-year 2020 Salton Sea playa exposure estimate, as well as information about actual playa exposure 
versus projected playa exposure. 

1 BACKGROUND 
This section discusses the background of the Salton Sea Air Quality Mitigation Program (SS AQM Program; 
IID 2016) and the fluctuations of the Salton Sea’s elevation since its formation in 1905. 

1.1 SALTON SEA AIR QUALITY MITIGATION PROGRAM 
The SS AQM Program (IID 2016) was developed for the Imperial Irrigation District (IID) in cooperation with 
the Imperial County Air Pollution Control District (ICAPCD). The SS AQM Program is a comprehensive, 
science-based, adaptive approach to address air quality mitigation requirements associated with the 
transfer of up to approximately 300,000 acre-feet per year of conserved water under the Quantification 
Settlement Agreement (QSA).1 The conserved water transfer reduces the volume of agricultural return 
flow to the Salton Sea, resulting in increased salinity and lower water elevations (Barnum et al. 2017). 
Receding water exposes playa (dry lakebed), increasing the potential for dust emissions that could affect 
communities near and around the Sea. 

The objective of the SS AQM Program is to proactively detect, locate, assess, and identify options to 
mitigate dust emissions from exposed Salton Sea playa. It has three main components: 1) an annual 
Emissions Monitoring Program to map playa exposure, estimate emissions, and identify high-priority 
areas of exposed playa for proactive dust control, 2) an annual Proactive Dust Control Plan (PDCP) with 
recommendations and design for site-specific dust control measures (DCMs), and 3) implementation of 
DCMs (e.g., surface roughening and vegetation establishment). Estimation of actual playa exposure is 
completed as a part of the Annual Emissions Monitoring Program. The following sections describe the 

 
1  Impact AQ-7 is identified in the Final Imperial Irrigation District Water Conservation and Transfer Project, Draft Habitat 
Conservation Plan Environmental Impact Report/Environmental Impact Statement (Final EIR/EIS), State Clearinghouse 
#99091142 (IID 2002a), and the associated mitigation requirements are found in the Imperial Irrigation District Water 
Conservation and Transfer Project Mitigation, Monitoring and Reporting Program (MMRP), dated September 2003 (IID 2003). 
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playa exposure mapping results for end-of-year 2020 that will be used in the Annual Emissions Estimate 
for the 2020/2021 dust season. 

1.2 SALTON SEA ELEVATION 
The Salton Sea was formed in 1905 when the Colorado River was diverted west into the Salton Trough. 
After its formation, the Salton Sea’s elevation decreased dramatically from the flood-driven high stand in 
1907 to an all-time low in 1925 (Figure 1). The Salton Sea’s elevation then steadily climbed into the 1980s 
and 1990s (Figure 1). Around 2000, the Salton Sea elevation began declining. The declining elevations are 
due to declining inflows from Mexico, evolving agricultural practices (including increases in irrigation 
efficiency), climate change, and more recently a reduction in agricultural return flows associated with the 
QSA (Barnum et al. 2017). 

In addition, the Salton Sea is a terminal water body, and evaporation exceeds inputs from precipitation 
and surface flows. The fluctuating water levels of terminal lakes are principally controlled by the balance 
between precipitation and evaporation within the watersheds of terminal basins (Hely et al. 1966, Smith 
and Street-Perrot 1983). Mean annual precipitation in most of the Salton Sea watershed is less than eight 
inches, with areas near the Sea receiving less than three inches (Hely and Peck 1964, Hegewisch and 
Abatzoglou 2021). The region is dry essentially year-round with precipitation typically confined to the 
winter months (Comrie and Glenn 1998, Hegewisch and Abatzoglou 2021). Normal annual evaporation at 
the Salton Sea is approximately 69 inches, making evaporation the largest component of the precipitation-
evaporation water balance (Hely et al. 1966, Waters 1981). The United States Geological Survey (USGS) 
gauge elevation data indicate that the Salton Sea fluctuates on an intra-annual basis, likely as a result of 
changes in the precipitation-evaporation water balance and agricultural return flows. 

Another factor affecting the Sea’s elevation is the cessation of Salton Sea mitigation water in 2017. The 
California State Water Resources Control Board Order for the QSA required IID to deliver mitigation water 
to the Salton Sea for a period of 15 years, until the end of 2017. The primary purpose of the mitigation 
water was to avoid salinity impacts to the Sea specifically affecting fish and wildlife. A secondary effect of 
the mitigation water was postponing the recession of the Sea. The State of California was to develop a 
Salton Sea restoration plan during that 15-year period, such that implementation of restoration activities 
would be underway prior to the cessation of mitigation water in 2017. 
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FIGURE 1. SALTON SEA ELEVATIONS OVER TIME (BLUE LINE) 

The increase in frequency of water level observations (black dots) after 1989 is due to the installation of USGS gauge station 
#10254005 (Data pre-1989: IID 2002b; data post-1989: USGS 2022).  
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2 2020 PLAYA EXPOSURE ESTIMATE 
This section includes the methods, results, and discussion for the end-of-year 2020 Salton Sea playa 
exposure estimate and playa surface classification. 

2.1 METHODS 
2.1.1 PLAYA EXPOSURE 
Playa exposure analysis is completed on an annual basis, at the end of each year when the elevation of 
the Sea is at the lowest point of its hydrological cycle (Figure 2). Conducting the analysis during this 
timeframe ensures that for any given year, the maximum extent of exposed playa is captured. The 
methods used to map actual playa exposure employ a combination of USGS gauge elevation data, satellite 
imagery, and high-resolution bathymetric data. Once the Salton Sea’s annual low-stand is identified from 
the USGS gauge elevation data, a cloud-free Sentinel 2 image collected as close as possible to the date of 
the low-stand is downloaded (https://scihub.copernicus.eu/dhus/#/home). The Copernicus Sentinel-2 
mission is managed by the European Space Agency (ESA) to monitor variation of Earth’s surface 
conditions. The mission comprises a constellation of two polar-orbiting satellites phased at 180˚ to each 
other, which results in a high re-visit time of 5 days (10 days at the equator with one satellite; 
https://sentinel.esa.int/web/sentinel/missions/sentinel-2). End-of-year 2020 playa exposure was 
estimated using a Sentinel-2A satellite image collected on November 11, 2020. 

Next, the Modified Normalized Difference Water Index (MNDWI) was calculated from the Sentinel data. 
The MNDWI is one of the most utilized techniques to map surface water (Xu 2006, Hui et al. 2008, Zhang 
et al. 2011, Duan and Bastiaanssen 2013). The MNDWI is designed to effectively enhance open water 
features in imagery using green and short-wave infrared (SWIR) bands (Xu 2006, Du et al. 2016). 

MNDWI = (Green-SWIR)/(Green+SWIR) 

A threshold is then applied to the MNDWI image to identify each pixel as land or water (Xu 2006). A simple 
threshold value of 0 can be used to extract water features from an image, but it is common and often 
necessary to improve the accuracy of the extraction by adjusting the threshold to account for atmospheric 
absorption and lake water quality (Xu 2006, Ji et al. 2009, Duan and Bastiaanssen 2013). The threshold 
applied was determined by evaluating pixel values along a portion of the Salton Sea’s shoreline with a 
sharp contrast between the land and sea. A threshold of 0.2 was found to best isolate the water body and 
was applied in this analysis. This threshold is consistent with other MNDWI thresholds optimized and 
applied to specific sites by Feyisa et al. 2014 (0.005-0.6), Hui et al. 2008 (0.25-0.45), Duan and Bastiaanssen 
2013 (0-0.1). Bathymetric data supplemented this spectral approach on portions of playa experiencing 
extensive sheet flow at the outlet of drains. 

The end-of-year 2002 shoreline (prior to the start of the conserved water transfer) serves as the baseline 
from which subsequent years are compared (IID 2016). The approach used to extract the end-of-year 2002 
shoreline from a Landsat 5 satellite image collected on December 27, 2002, is consistent with the 
methodology used to extract the current shoreline. Therefore, exposed playa for end-of-year 2020 is 

https://scihub.copernicus.eu/dhus/#/home
https://sentinel.esa.int/web/sentinel/missions/sentinel-2
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defined as the total area of exposed land between the former Salton Sea shoreline at the end of 2002 and 
the shoreline at the end of 2020. 

FIGURE 2. SALTON SEA ELEVATION (BLUE LINE) VERSUS PLAYA EXPOSURE SATELLITE IMAGERY ANALYSIS DATES (GREEN 
DOTS) 

 

2.1.2 PLAYA SURFACE CLASSIFICATION 
After establishing the playa domain, a classification model is then applied to partition the exposed playa 
into three classes: “open playa,” “small pools, drain water, and sheet flow,” and “playa vegetation.” High-
resolution Pleiades satellite imagery collected on October 9, 2020, was used to classify the exposed playa. 
Classification of remotely sensed image data is one of the most studied topics in the field of remote 
sensing due to its wide range of ecological, environmental, and socioeconomic applications (Lu and Weng 
2007, Li et al. 2014, Li et al. 2016, Cheng et al. 2022). The technique often involves statistical modeling 
processes to predict categorical response variables. Several approaches for image classification are 
available, ranging from relatively simple thresholds based on spectral index values (for instance, using 
MNDWI for water body extraction; Xu 2006) to more sophisticated multivariate methods based on 
machine learning (Li et al. 2016, Cheng et al. 2022). Selection of the appropriate statistical classification 
approach often boils down to choosing between methods that favor the interpretability of the modeling 
process at the expense of predictive accuracy (e.g., regression, thresholds, discriminant function analysis), 
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versus more complex methods that tend to provide better predictive accuracy (and reliability) by 
sacrificing some interpretability of the model’s process (Breiman 2001). The selection of the best approach 
for a specific application ultimately depends on the end-user requirements and resources available to 
perform the analysis. 

A pixel-based machine-learning approach was selected to account for the complexity and scale of the 
playa surface classification. This pixel-based approach considers the image pixel as the basic unit of 
analysis, and this technique has been developed and used for the last few decades (Li et al. 2014, Lu and 
Weng 2007, Gallego 2004). With this approach, each pixel is assigned a single class based on the spectral 
information captured by the pixel. A Normalized Difference Vegetation Index (NDVI) was derived and 
included as a variable alongside the red, green, blue, and near infrared bands (NIR). The NDVI is one of 
the most utilized techniques to delineate and monitor vegetation (Tucker 1979, Tucker et al. 2010, Xue 
and Baofeng 2017, Albarakat and Lakshmi 2019). 

NDVI = (NIR-Red)/(NIR+Red)  

In recent years, machine-learning algorithms have been made available by the open-source H2O platform 
(Cook 2016, https://www.h2o.ai/) for straightforward access and implementation. H2O enables the 
implementation of various machine-learning, deep-learning, and artificial-intelligence algorithms (Cook 
2016, Aiello et al. 2015, Candel and LeDell 2020, LeDell and Poirier 2020) including Gradient Boosting 
Machine (GBM), Distributed Random Forest (DRF), and Deep Learning (Neural Networks) algorithms. This 
platform has been utilized in previous land surface mapping and monitoring studies with remote sensing 
data (Abdi 2020, Burchfield et al. 2016, Cheng et al. 2022). 

H2O’s Automatic Machine Learning (AutoML) framework was implemented because it automatically 
evaluates and optimizes multiple learning algorithms (e.g., GBM, DRF, Neural Networks) at once to attain 
better predictive performance. AutoML identified a GBM model as the top performing model for the playa 
surface classification. GBM is a forward-learning ensemble method that builds regression trees to 
generate increasingly refined predictions. GBM models sequentially build regression trees in parallel, 
sequentially combining weak models to reduce the residual error of the previous model to create a 
powerful ensemble model (Singh 2018). These models are relatively easy to implement, provide readily 
interpretable model diagnostic information (e.g., variable importance metrics), and have been 
successfully applied in various land use/land cover mapping projects (e.g., Lacoste et al. 2011, Georganos 
et al. 2018, Abdi 2020, Forkuor et al. 2018, Heryadi and Miranda 2020, Cheng et al. 2022).  

Minority classes within the training dataset were oversampled to balance the class distribution. Models 
were instructed to stop after three rounds if the model failed to further reduce error. To avoid overfitting, 
each model’s performance was assessed against an internal and external dataset (Lacoste et al. 2011). 
The internal dataset was the training dataset used to predict the model while the external dataset 
consisted of an independent validation dataset randomly partitioned from the original training dataset 
prior to the model run. A total of 17,620 training data points randomly sampled within photo-interpretive 
polygons (in areas of distinct playa surface classes) were used to develop the classification model.  

https://www.h2o.ai/
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2.2 RESULTS AND DISCUSSION 
2.2.1 PLAYA EXPOSURE 
Analysis results identified 25,589 acres of exposed playa. This represents an increase of approximately 
1,672 acres from the 23,917 acres mapped at the end of 2019. Over the three years prior to 2020, new 
playa exposure increased incrementally following the cessation of mitigation water in 2017, reaching 
3,006 new acres between 2018 and 2019 (IID 2002a). The annual rate of new playa exposure experienced 
a ~50% reduction in 2020. Figure 3 shows actual playa exposure levels from 2003 through 2020. 

FIGURE 3. ACTUAL PLAYA EXPOSURE FROM 2003 THROUGH 2020 
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2.2.2 PLAYA SURFACE CLASSIFICATION 
To provide additional context to exposed playa estimates, the playa was subdivided into three general 
classes (open playa; small pools, drain water, and sheet flow; and playa vegetation) (Figure 4). The GBM 
model used to map playa surface classes identified NDVI as the most influential predictor. Table 1 and 
Table 2 show a breakdown of results for each playa surface class predicted from the internal (training) 
data and external (validation) data, respectively. All correct classifications are shown in the gray diagonals 
of the tables. Errors between the training data and predicted data for each class are shown in the right-
hand columns.  

The confusion matrices indicate that all training and validation data were classified correctly. The statistics 
are consistent and the errors were lower when compared with similar studies (Fu et al. 2017, Berhane et 
al. 2018, Feng et al. 2019). Fu et al. (2017) leveraged a pixel-based Random Forest (RF) algorithm to map 
wetland vegetation with an overall accuracy of >80%. The RF model used by Berharne et al. (2018) to map 
wetlands in the Selenga River Delta of Lake Baikal, Russia, achieved an overall accuracy of >81%. Feng et 
al. (2019) utilized a multibranch convolutional neural network to generate a land cover map of the Yellow 
River Delta in China and achieved an overall accuracy of 93.78%. 

TABLE 1. INTERNAL CONFUSION MATRIX FOR PLAYA SURFACE CLASSES 

  Training Data Classification  

Predicted Data 
Classification  

  Small pools, 
drain water, 

and sheet flow 

Open 
Playa 

Playa 
Vegetation 

Total  Error %  

Small pools, 
drain water, 
and sheet flow 

7,413  0  0  7,413  0.0  

Open Playa 0  7,395  0  7,395  0.0  

Playa 
Vegetation 

0  0  7,383 7,383  0.0  

  0.0  
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TABLE 2. EXTERNAL CONFUSION MATRIX FOR PLAYA SURFACE CLASSES 

  Training Data Classification  

Predicted Data 
Classification  

  Small pools, 
drain water, 

and sheet 
flow 

Open 
Playa 

Playa 
Vegetation 

Total  Error %  

Small pools, 
drain water, 
and sheet flow 

565  0  0  565  0.0  

Open Playa 0  1,991  0  1,991  0.0  

Playa 
Vegetation 

0  0  895 895  0.0  

  0.0  

 
Water bodies on the exposed playa are not a dominant feature, but they were mapped to define small 
pools, drains, and sheet flow commonly found in small depressions at or near the confluence of the direct 
drains and/or rivers to the Sea. Open playa comprises bare playa and sparse/senescent vegetation 
because some areas of sparse vegetation (e.g., hedgerows implemented for dust control) may not be 
identified as part of the playa exposure analysis due to the resolution of the Pleiades satellite imagery (2-
meter resolution). Results demonstrated that the open playa class increased from the previous year by 
approximately ~899 acres to 17,923; small pools, drain water, and sheet flow decreased by approximately 
~346 acres to 660; and playa vegetation increased by approximately ~1,119 acres to 7,006 (Figure 4). The 
increase in vegetation has been observed in areas where water is available (i.e., outlets of drains and 
tributaries). 

Vegetation implemented for dust control generally occurred in hedgerows (e.g., in furrows with a width 
of ~10 feet), except for natural vegetation enhancements near existing dust control areas and dense 
vegetation in the Alamo North project area. Approximately 2,854 acres of dust mitigation projects have 
been implemented around the Sea, including 1,897 acres of surface roughening and 957 acres of surface 
roughening with vegetation-based dust control. Significant acres of recent natural vegetation 
enhancements were also observed near existing dust control areas. A detailed vegetation assessment, 
which includes vegetation implemented for dust control, was conducted as part of quarterly performance 
monitoring activities using the Light Detection and Ranging (LiDAR) remote sensing method. This approach 
is more appropriate for quantifying sparse vegetation in hedgerows (IID 2020b). 
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3 ACTUAL PLAYA EXPOSURE VS. PROJECTED PLAYA EXPOSURE 
The timing and location of future playa exposure is a function of the hydrologic response of the Salton Sea 
to external forces, such as inflows, salt loads, and evaporation rates. The Salton Sea Accounting Model 
(SSAM) was originally developed by the United States Bureau of Reclamation to simulate the effects of 
the water transfers under the QSA on Salton Sea surface elevation and salinity. In 2006, the hydrologic 
modeling framework was revised to incorporate additional data and water balance improvements, and to 
add flexibility to the model. The updated model is called the Salton Sea Analysis model (or SALSA model), 
developed for the Programmatic Environmental Impact Report (PEIR) for the Salton Sea Ecosystem 
Restoration Program, which was prepared under the direction of the California Department of Water 
Resources and the California Department of Fish and Wildlife2 on behalf of the Natural Resources Agency.3 
The SALSA model was updated further (now SALSA2), and results were published by IID (IID 2018).  

Projected playa exposure using the “median” model run from the SALSA2 model was compared to actual 
playa exposure from satellite imagery. The difference in acreage between actual playa exposure and the 
projected playa exposure from SALSA2 is higher than in previous years. The difference between actual 
playa exposure versus projected playa exposure in 2018 was relatively close and well within the 
“prediction envelope” of the 25th and 75th percentiles predicted by SALSA2 (Figure 5). Specifically: 

• In 2018, the SALSA2 model predicted 22,029 acres compared to actual exposure of 20,911 (a 
difference of 1,118 acres).  

• However, in 2019, the SALSA2 model predicted 26,126 acres compared to the actual exposure of 
23,917 (a difference of 2,209 acres).  

• In 2020, the difference between 31,100 predicted acres and the 25,589 actual acres of exposed 
playa grew to 5,511. This discrepancy puts actual playa exposure below the 5th percentile (26,544 
acres) predicted by SALSA2 for 2020.  

Projected versus actual playa exposure will continue to be monitored in subsequent years to track the 
SALSA2 model predictions and assess if they continue to diverge from actual conditions on the ground.  

  

 
2 Formerly the California Department of Fish and Game 
3 Formerly the California Resources Agency 
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FIGURE 5. ACTUAL PLAYA EXPOSURE FROM SATELLITE IMAGERY VERSUS SALSA2 MODEL PROJECTED PLAYA EXPOSURE 
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1 INTRODUCTION  
This 2020/2021 Estimation of Wind Speed, Direction, and Corrected Friction Velocity Report was prepared 
as a component of the Salton Sea Emissions Monitoring Program. Specifically, this report describes the 
approach and methodologies used to simulate meteorological fields for the 2020/2021 monitoring year. 
The report includes the following sections:  

• Section 1, Introduction, provides an overview of the Salton Sea Emissions Monitoring Program, 
including the use of estimated wind speed, wind direction, and corrected friction velocity in the 
workflow to develop the 2020/2021 Annual Emissions Estimates (IID 2021). 

• Section 2, Estimation of Wind Speed, Wind Direction, and Corrected Friction Velocity, describes 
the workflow for the Weather Research and Forecasting (WRF) model, including input data and 
observation nudging, a comparison of WRF simulated wind speeds and observed wind speed data, 
bias correction, and methods for calculation of corrected friction velocity. 

• Section 3, References, lists the references used herein.  

 SALTON SEA EMISSIONS MONITORING PROGRAM OVERVIEW 
The Salton Sea Emissions Monitoring Program is a main component of the Salton Sea Air Quality 
Mitigation Program (SS AQM Program; IID 2016). The SS AQM Program specifies that the annual Emissions 
Monitoring Program will 1) assess which playa surfaces and conditions are emissive and 2) assess dust 
emissions from areas adjacent to the Salton Sea to establish the location, timing, and magnitude of desert 
emissions. The SS AQM Program also specifies that the annual Emissions Monitoring Program will 
establish PM10

1 emission rates for different types of playa and desert surfaces.  

The annual Emissions Monitoring Program estimates emissions based on several lines of evidence, 
including mapping exposed playa, monitoring surface characteristics, mapping soil/surface properties, 
identifying dust source areas, documenting dust plumes, and estimating high wind event emissions. These 
lines of evidence are used 1) to develop actual PM10 emission factors for site-specific soils and playa 
surface conditions and classes, and 2) to estimate annual emissions. Results of the annual emissions 
estimates are used to understand the timing, location, and magnitude of emissive surfaces and prioritize 
proactive dust control planning and implementation as part of an annual Proactive Dust Control Plan 
(PDCP; IID 2021d). 

The workflow for the annual emissions estimates includes the following main steps:  

1. Develop conditional surface classes. Surface characteristics are directly related to the spatial and 
temporal nature of PM10 emissions. Conditional surface classes were developed to divide the 
surfaces and conditions in the study domain into a reasonable number of classes based on surface 
surveys and PI-SWERL2 sampling data. PI-SWERL sampling data were collected to understand the 

 
1 Particulate matter less than 10 microns in aerodynamic diameter 
2 The PI-SWERL (Portable In-Situ Wind ERosion Laboratory) is a portable instrument, developed by Dust-Quant LLC, used to 
measure the potential for surface and soil erosion and associated dust suspension under the influence of variable simulated wind 
speeds (Dust-Quant LLC 2011 and 2018; IID 2018).  
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emissions potential of different surface properties at multiple surface friction velocities. At each 
PI-SWERL sampling location, surface surveys characterized the physical surface properties related 
to wind erosion. These data were used to identify the primary emission drivers for the playa (i.e., 
crust type, sand presence, and soil moisture) and for the desert (i.e., geomorphic surface type). 

2. Develop PM10 emissions ruleset from PI-SWERL data to assess emissions potential of each 
conditional surface class. The PM10 emissions ruleset is a series of emission rate curves for each 
conditional surface class identified in Step 1, above. The ruleset was developed based on PI-
SWERL sampling data and the linear relationship between surface friction velocity and PM10 flux, 
as well as the threshold friction velocity (the minimum friction velocity required to initiate the 
movement of soil particles). 

3. Develop meteorological fields to simulate weather conditions in the study domain. Weather 
variables (e.g., wind speed, wind direction, friction velocity) play a pivotal role in PM10 emissions. 
The WRF model was used to simulate hourly 10-meter (m) wind speeds at a 600-m grid for the 
study domain. The WRF model is a state-of-the-art, mesoscale, atmospheric simulation modeling 
system. The model incorporates multiple geographic datasets (e.g., topography, land use, soil) 
and boundary conditions and uses different land surface and atmospheric physics to simulate 
weather fields. In addition, the model simulations were nudged using actual atmospheric 
conditions (i.e., weather data from multiple monitoring stations within the study domain) to 
better simulate meteorological conditions. 

4. Calculate the hourly corrected friction velocity for the study domain. The threshold friction 
velocity is directly related to surface roughness. When wind blows over a landscape, it is 
partitioned around/through naturally rough surfaces (e.g., vegetated surfaces) and erodible 
surfaces (e.g., barren playa). Thus, to understand PM10 emissions, it is important to understand 
the effects of natural surface roughness on friction velocity. The hourly corrected friction 
velocities for the study domain were calculated using the hourly wind speed estimates from the 
WRF model (Step 3) and the roughness lengths identified for naturally rough surfaces and erodible 
surfaces.  

5. Calculate hourly emissions for the study domain. Annual emissions are calculated based on the 
PM10 emissions ruleset developed for each conditional surface class (Step 2) and the hourly 
corrected friction velocities for the study domain (Step 4). The total annual emissions (tons), 
tons/day, and maximum day dust emissions were estimated for both the desert and playa 
domains. 

As described above, meteorological field simulation (Step 3) and determination of corrected friction 
velocity (Step 4) are central components of the annual emissions estimates for the playa and the desert. 
This report provides a detailed summary of each for use in development of the 2020/2021 Annual 
Emissions Estimates.  
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 OVERVIEW 
Weather varies across a wide range of spatial and temporal scales. Selected weather variables (e.g., wind 
speed, wind direction, friction velocity) play a pivotal role in the estimation of dust emissions. Although 
there are numerous point weather observation stations in the study domain, the station data only 
represent the point of collection and adjacent areas, and thus are not suitable to support estimation of 
dust emissions throughout the entire study domain. Accordingly, a numerical weather prediction model 
(WRF) was used to estimate the time series of wind components (wind speed and wind direction) for the 
study domain. For the 2020/2021 annual emissions estimates, the WRF model was run at an hourly time-
step between July 1, 2020, and June 30, 2021. This section provides an overview of the WRF model and 
the model domain. 

 WRF MODEL OVERVIEW 
The WRF model (Skamarock et al. 2019) is a state-of-the-art, mesoscale, atmospheric simulation modeling 
system used for both research and operational forecasting. It is a product of collaboration among the 
National Center for Atmospheric Research (NCAR), the National Oceanic and Atmospheric Administration 
(NOAA; represented by the National Centers for Environmental Prediction [NCEP] and the [then] Forecast 
Systems Laboratory), the (then) Air Force Weather Agency, the Naval Research Laboratory, the University 
of Oklahoma, and the Federal Aviation Administration. The model considers available point weather 
observation data and the physics of other geospatial characteristics (e.g., land use, topography, soils) to 
simulate and/or predict finer scale atmospheric phenomena. The model is widely used and has 
incorporated various improvements since its original release in 2000. The model has become one of the 
world’s most-used atmospheric models, and it has a large worldwide community of registered users (a 
cumulative total of over 48,000 in over 16 countries).3 WRF model weather outputs are accepted by the 
scientific community as an input for air quality modeling (e.g., Grell et al. 2005; Lee et al. 2014). As part of 
the 2016 update to the United States Environmental Protection Agency’s (EPA’s) Guideline on Air Quality 
Models (EPA 2016), EPA is also allowing the use of prognostic models (e.g., WRF) as a meteorological data 
source. To simplify the data preparation step, EPA worked with the Ramboll engineering, architecture, 
and consulting company to develop Mesoscale Model Interface (MMIF) programs that convert WRF’s 
meteorological outputs into suitable format for dispersion models. 

 MODEL AND STUDY DOMAINS 
Two nested model domains were simulated in WRF (Figure 1). The parent domain has a coarse resolution 
at a 3,000-m grid size. The child domain has a finer resolution at a 600-m grid size (1/5th of the grid size of 
the parent domain). The nested model domains allow for the area of interest to be simulated at a higher 
resolution while maintaining acceptable lateral boundary conditions (i.e., to reduce edge effects) and a 
reasonable model run time. A domain that includes all of Imperial County and the northern part of Mexico 
within the child domain was used for this WRF model simulation. This domain is consistent with the 
domain used for 2018/2019 and 2019/2020.  

  

 
3 https://www.mmm.ucar.edu/weather-research-and-forecasting-model (Accessed April 16, 2021) 

https://www.mmm.ucar.edu/weather-research-and-forecasting-model
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2 ESTIMATION OF WIND SPEED, WIND DIRECTION, AND CORRECTED 
FRICTION VELOCITY 
This section describes the model workflow, including input data and observation nudging; a comparison 
of WRF simulated wind speeds and wind speed data measured at meteorological stations; wind speed 
bias correction; and calculation of corrected friction velocity.  

 MODEL WORKFLOW AND CONFIGURATION 
The Advanced Research WRF (ARW) model version 4.1.4 (Skamarock et al. 2019) was used to estimate the 
time series of wind components (wind speed and wind direction) for the study domain. The workflow is 
illustrated in Figure 2. Additional information on input data and observation nudging is provided in the 
following sections. 

FIGURE 2. WRF MODEL WORKFLOW 

In the WRF Preprocessing (WPS), the modeling domain was specified, multiple geospatial datasets were generated (geogrid), 
and the initial and boundary conditions of the meteorological data and atmosphere were specified (ungrib and metgrid). Inputs 
were then converted to the WRF input data format. Additional model inputs were specified (model configuration). Data from 
82 weather stations in the study domain were incorporated for observation nudging. Finally, the hourly outputs for wind speed 
and direction were generated (wrf.exe).  
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 MODEL INPUT DATA AND MODEL PHYSICS 
The WRF model simulation period was from July 1, 2020, to June 30, 2021. Meteorological fields and static 
geographical data are important inputs to the WRF model. Reanalysis data from the NCEP North American 
Mesoscale (NAM) were used for the initial and boundary conditions at a 12-km by 12-km grid. The 
boundaries are updated every six hours.  

Beginning with version 3.9 (Skamarock et al. 2008), WRF has pre-configured physics suites that work well 
together. These suites have been rigorously tested and are approved for their good and reasonable 
results. Currently there are two suites: CONUS and tropical, which were designed to represent the 
conterminous United States and lower latitudes, respectively (Skamarock et al. 2019). For this model 
setup, the CONUS-suite was utilized with few modifications. The CONUS-suite physics configuration 
includes the Rapid Radiative Transfer Model (RRTM) for GCM (RRTMG) for shortwave and longwave 
radiation physics (Iacono et al. 2008). The CONUS suite also uses the Thompson microphysics scheme, 
with six classes of moisture species plus number concentrations for ice as prognostic variables (Thompson 
et al. 2008). The CONUS physics suite also utilizes the Tiedtke cumulus parameterization, a mass-flux 
scheme with a shallow component and momentum transport (Tiedtke 1983; Zhang et al. 2011). The YSU 
(Hong et al., 2006) planetary boundary layer scheme and the Revised MM5 surface layer scheme (Jimenez 
et al.,2012) were used. In addition, the Noah Land Surface Model (LSM, Chen et al. 2001) were used for 
this setup. The Noah LSM scheme provides soil temperature and moisture in four layers and prognostic 
soil temperature and moisture at each layer. For this setup, the cumulus parameterization was turned off 
for the child domain. Urban physics parameterizations were turned off for this setup. 

Static geographical data from NCAR are typically adequate for most WRF applications. However, for this 
analysis, which includes running WRF at a “hyper-resolution,” these default datasets were updated with 
high-resolution alternatives for land use, soils, and topography data. Each is summarized below.  

• Land Use Data. The 2011 NLCD (National Land Cover Dataset) land use data were incorporated 
because they were the finest resolution data (9-second horizontal grid) available at NCAR. The 
2011 NLCD land use data have 40 land use categories. In addition, a playa land use category was 
added for a total of 41 land use classes. The NLCD land use data layer is only for the conterminous 
U.S. (CONUS), so MODIS land use data (30-second horizontal grid) were used to identify land use 
near the southern border of the model domain. Figure 3 shows the land use map of the WRF 
model domain. Land use look-up table (VEGPARM.TBL) values of minimum and maximum 
background roughness lengths were updated for the land use types found in the desert and for 
playa based on summary statistics of roughness lengths estimated from the Normalized 
Difference Vegetation Index (NDVI) in April 2017. For each land use type, the 25th and 75th 
percentiles were used as background minimum and maximum roughness, respectively. This is 
equivalent to 0.01 m to 0.012 m for a barren surface, 0.012 m to 0.016 m for shrub/scrub, and 
0.009 m to 0.02 m for playa surfaces. Recent playa exposures from Nov 2020 were remapped and 
added to the land use data.  

• Soils Data. SoilGrids (Hengl et al. 2017) soil data were incorporated to update the default CONUS 
SOIL (Miller and White 1998) available in the WRF static datasets. SoilGrids has soil information 
at a 250-m grid size at six vertical profiles for the whole globe. SoilGrids is based on model-based 
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geostatistics and predicts soil properties using various soil covariates and more than 110,000 
measured soil datasets from all over the world. For the U.S., the National Cooperative Soil Survey 
(NCSS) Soil Characterization database was used during the development of SoilGrids. However, in 
some areas, the detailed SoilGrids homogenize the spatial variability of the soil in the study 
domain. For example, bedrock was not represented, and areas of high altitudes were identified 
with soils not representative of that terrain. For these areas, soils were assigned based on the 
surficial geomorphic map and site observations. Figure 4 shows the soil map for the model 
domain.  

• Topography Data. The WRF default topographic dataset has a 10-minute, 5-minute, 2-minute, or 
30-second spatial resolution. The resolution of the child domain is smaller than the 30-second 
default topographic dataset, so a new topographic dataset was created from the 1-second 
resolution National Elevation Dataset (NED). Figure 5 shows the Digital Elevation Model (DEM) for 
the model domain. In addition to elevation, the high-resolution (30-second) data were used to 
create a variance of sub-grid scale orography (VAR_SSO), which is an important input to describe 
the effect of sub-grid topographical variability on wind speed (Jimenez and Dudhia 2012). 
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 OBSERVATION NUDGING  
The method of incorporating point observation data into the WRF simulation is known as observation 
nudging. It is based on a Newtonian relaxation technique and is used to minimize model error. The point 
observation data introduce an artificial tendency term into the model to gradually nudge modeled results 
toward the observed data (Liu et al. 2008). Point observation data from 84 meteorological stations in the 
study domain were incorporated for observation nudging (Figure 1). Table 1 shows the list of 
meteorological stations used for the observation nudging. The stations collect temperature, wind speed 
and direction, and relative humidity data at hourly time steps. Precipitation data are also available from 
some of these stations. However, precipitation data were not used for nudging.  

Observation nudging data were prepared following the observation nudging guide by Reen (2016). The 
observation nudging was applied continuously throughout the simulation period. The nudging only 
changes the result by a relatively small amount at any given hourly time-step; hence, it keeps the integrity 
of the model solution. Each point observation has a radius of influence, a time window, and a relaxation 
time scale as determined by the model user. Most of the meteorological stations for this analysis are in 
the Pacific Standard Time (PST) zone (PST = Greenwich Mean Time [GMT] minus 8 hours), whereas WRF 
runs at GMT time (Universal Time Coordinated [UTC]). The required conversion was applied to match the 
observation and WRF time-steps. The weather data from these meteorological stations passed through a 
rigorous QA/QC process to check the range, time consistency, and accuracy of the data. In addition, wind 
observations from different stations at multiple instrument heights were standardized to have a 10-m 
height using the logarithmic wind profile equation. Due to the large size of the file, all point observation 
data used for nudging can be provided upon request. 

TABLE 1. METEOROLOGICAL STATIONS LIST  

# Station Name  Station ID in WRF County Latitude Longitude 

 NOAA National Climatic Data Center (NCDC) 
1 Blythe ASOS  BLYT RIV 33.619 -114.714 
2 Camp Pendleton MCAS CMPP SAN 33.300 -117.350 
3 Camp ASOS CMPM SAN 32.626 -116.468 
4 Carlsbad McClellan Palomar Airport CMPA SAN 33.128 -117.279 
5 Corona Municipal Airport CORM RIV 33.898 -117.602 
6 Desert Resorts Regional Airport DRRA RIV 33.627 -116.159 
7 El Centro NAF ELCE IMP 32.817 -115.683 
8 Gillespie Field Airport GILF SAN 32.826 -116.973 
9 Imperial Beach Ream Field NAS IMBR SAN 32.567 -117.117 
10 Imperial Co. Airport IMAP IMP 32.834 -115.579 
11 March Air Force Base MAAF RIV 33.900 -117.250 
12 MCOLF Camp Pendleton Red Beach 

Airport MCPR SAN 33.286 -117.456 

13 North Island NAS NISN SAN 32.700 -117.200 
14 Oceanside Municipal Airport OCMA SAN 33.219 -117.349 
15 Palm Springs ASOS PASA RIV 33.822 -116.504 
16 Ramona Airport RAAP SAN 33.038 -116.916 
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# Station Name  Station ID in WRF County Latitude Longitude 
17 Riverside Municipal Airport RAMO RIV 33.952 -117.439 
18 San Diego Brown Field RSMA SAN 32.572 -116.979 
19 San Diego International Airport SDIA SAN 32.734 -117.183 
20 San Diego Miramar NAS SDMN SAN 32.867 -117.133 
21 San Diego Montgomery Field SDMF SAN 32.816 -117.139 
 Salton Sea AQ Network     
22 Bombay Beach BOMB IMP 33.353 -115.734 
23 Naval Test Station  NAVA IMP 33.169 -115.856 
24 Salton City SALC IMP 33.278 -115.901 
25 Salton Sea Park  SALS RIV 33.509 -115.920 
26 Sonny Bono  SONN IMP 33.176 -115.623 
27 Torres-Martinez TOMA RIV 33.518 -116.075 
28 OnSea1005 S005 IMP 33.267 -115.895 
29 OffSea1101 S101 IMP 33.249 -116.037 
30 OffSea1102 S102 IMP 33.202 -115.983 
31 OffSea1103 S103 IMP 33.092 -115.983 
 Remote Automatic Weather Stations (RAWS) 
32 Buttercup CBUU IMP 32.740 -114.884 
33 Cibola ACBL Arizona 33.304 -114.693 
34 Picacho Wash California CPIC IMP 32.95 -114.732 
35 Cahuilla California CCAA IMP 32.974 -115.174 
36 Dos Palmas California CDPA RIV 33.505 -115.840 
37 Mountain Springs Grade California CMSG IMP 32.675 -116.094 
38 Fish Creek Mountain California CFIS IMP 32.990 -116.067 
39 Boulevard California CBLV SAN 32.663 -116.272 
40 Cameron Fire Station California CCAM SAN 32.721 -116.463 
41 Mt. Laguna California CLAG SAN 32.880 -116.420 
42 Ranchita California CRCH SAN 33.222 -116.698 
43 Pinyon California CPNY RIV 33.578 -116.454 
44 Cathedral Canyon California CCTH RIV 33.769 -116.480 
45 White Water California (22-C) CWWR RIV 33.949 -116.657 
46 Fort Yuma Arizona AFYM Arizona 32.654 -114.635 
47 Wilson Canyon California CWLS RIV 33.976 -115.995 
48 Mt. San Jacinto California CMSJ RIV 33.815 -116.642 
49 Anza California CANZ RIV 33.555 -116.673 
50 Beaumont California CBEU RIV 33.931 -116.950 
51 Cabazon California CCAB RIV 33.932 -116.805 
52 Cranston California CCRT RIV 33.740 -116.841 
53 Sage California CSAG RIV 33.606 -116.939 
54 Oak Grove #2 California COKG SAN 33.386 -116.797 
55 Valley Center California CVAL SAN 33.237 -117.009 
56 Julian California CJUL SAN 33.076 -116.591 
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# Station Name  Station ID in WRF County Latitude Longitude 
57 San Miguel California CSMI SAN 32.685 -116.974 
58 Squaw Lake California CSQU IMP 32.908 -114.494 
59 Otay Mountain California COTA SAN 32.601 -116.841 
60 Alpine California CALP SAN 32.834 -116.739 
  California Irrigation Management Information System (CIMIS) 
61 Calipatria/Mulberry CAMU IMP 33.043 -115.426 
62 Temecula TEME RIV 33.487 -117.228 
63 Seeley SEEL IMP 32.760 -115.732 
64 Meloland MELO IMP 32.806 -115.446 
65 Blythe NE BLYN RIV 33.663 -114.558 
66 Oasis OASI RIV 33.524 -116.156 
67 Otay Lake OTAL SAN 32.628 -116.939 
68 Miramar MIRA SAN 32.886 -117.143 
69 Ripley RIPL RIV 33.532 -114.634 
70 Escondido SPV ESCS SAN 33.081 -116.976 
71 Torrey Pines TORP SAN 32.902 -117.250 
72 Palo Verde II PVII IMP 33.384 -114.719 
73 Winchester WINC RIV 33.663 -117.093 
74 Westmorland North WEMN IMP 33.079 -115.661 
75 San Diego II SDII SAN 32.730 -117.139 
76 Indio 2 INII RIV 33.749 -116.253 
77 Borrego Springs BORS SAN 33.268 -116.365 
78 La Quinta II LQII RIV 33.678 -116.273 
79 Thermal South TRMS RIV 33.596 -116.158 
80 Cadiz Valley CADV SAB 34.514 -115.511 
81 Joshua Tree JOST SAB 34.138 -116.213 
82 Temecula East III TEII RIV 33.553 -117.043 
83 Hemet HEME RIV 33.665 -116.955 
84 Perris Menifee PERM RIV 33.760 -117.200 

Notes: 
RIV=Riverside, SAN=San Diego, SAB=San Bernardino, and IMP=Imperial 
 

 YEARLY COMPARISONS OF WIND EVENTS AROUND SALTON SEA SHORELINE 
Wind speed plays a pivotal role in estimating PM10 emissions. Hence, the variability in PM10 emissions 
estimates among years are, in part, a function of the variability in the magnitude and frequency of wind 
events above threshold values that can initiate movement of soil particles at the surface. Analysis of 
measured wind speed values from six Salton Sea Air Quality networks show the presence of year-to-year 
variabilities in the number of hours of high wind events. Figure 6 shows the cumulative Weibull 
distribution for these selected sites during the four monitoring years for wind speeds of 7.5 meters per 
second (m/s) and above. As shown in Figure 6, the 2020/2021 season had more high wind event dates at 
Salton City, Sonny Bono, and Bombay Beach stations; whereas the wind is relatively calmer at Naval Test 
Base, Torres Martinez, and Salton Sea Park in 2020/2021 compared to previous years. It is also clear from 
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this figure that there is a difference in wind conditions among sites. Torres Martinez and Salton Sea Park 
sites (found in the north and northeastern parts of the Sea, respectively) measured relatively low wind 
speeds compared to other sites.  

FIGURE 6. COMPARISON OF CUMULATIVE DISTRIBUTION FUNCTIONS OF WIND SPEED AT SALTON SEA AIR QUALITY 
NETWORKS FOR THE FOUR MONITORING PERIODS 

 

 

 COMPARISON OF WRF-SIMULATED WIND SPEED AND STATION 
MEASUREMENTS  
The WRF model was used to simulate wind speed at 10 m (WS10m) and wind direction. To evaluate the 
performance of the model in estimating wind speed, the WRF hourly wind speed outputs were compared 
with hourly wind speed measurements at 15 stations that are within the study domain. Depending on the 
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station, the model may over- or underestimate wind speed. Table 2 displays a statistical summary of this 
comparison for those stations within the playa and the western desert area of interest. The root mean 
square error (RMSE) of hourly wind speeds simulated by WRF ranges from 1.4 to 2.0 m/s. A low bias was 
also observed, with a maximum wind speed overestimation of 1.0 m/s. Similarly, the standard deviation 
error (STDE) ranges from 1.3 to 2.3 m/s. 

These results were comparable to the results from the previous reports (IID 2018; IID 2019; IID 2020; IID 
2021). Several studies have evaluated the performance of the WRF model in simulating wind speed (e.g., 
Fernández-González et al. 2018). These studies reported a good agreement between simulated and 
measured wind speed over a wide range of terrain complexities. These results also were comparable with, 
or even sometimes better than, the results found in relevant literature (e.g., Carvalho et al. 2012; Borge 
et al. 2008). This can be attributed to the use of observation nudging to nudge the model toward observed 
data and the use of high-resolution geographical datasets (e.g., land use, soils, and topography), which 
affects the water and energy flux outputs at the land atmosphere boundary. Note that there are some 
biases, which could be higher for high wind events and could affect the accuracy of the emissions 
estimates. To correct this underestimation, a bias correction was applied (Section 2.3).  

TABLE 2. SUMMARY COMPARISON OF WRF-SIMULATED WIND SPEED DATA AND OBSERVED WIND SPEED DATA 

Station Name RMSE (m/s) Bias (m/s) STDE (m/s) 

OnSea1002 1.7 0.3 1.7 

OnSea1005 1.8 0.3 1.8 

OffSea1101 2.0 0.0 2.0 

OffSea1102 1.9 0.3 1.9 

OffSea1103 1.8 -0.1 1.8 

Bombay Beach 1.8 0.3 1.8 

Fish Creek Mountain California 1.6 0.3 1.6 

Mountain Springs Grade California 2.4 0.4 2.3 

Imperial County Airport 1.5 0.0 1.5 

Naval Test Base 2.0 0.8 1.9 

Salton City 1.8 0.3 1.8 

Salton Sea Park 1.8 1.0 1.5 

El Centro 1.9 -0.5 1.9 

Sonny Bono 1.7 0.5 1.7 

Torres Martinez 1.4 0.4 1.3 
Notes: 
RMSE=root mean square error; STDE=standard deviation error 
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 WIND SPEED BIAS CORRECTION  
In the WRF model, systematic spatial and temporal bias may occur. For example, and as described in 
Section 2.1.3, depending on location there is a slight underestimation or overestimation of wind speeds 
by the WRF model (Table 2). To correct this, a statistical bias correction technique based on quantile 
mapping of the Weibull distribution (Haas et al. 2014) was applied to the WRF-modeled wind speed. This 
method assumes that the probability distributions of both WRF-simulated and point-measured wind 
speeds can be approximated using a Weibull distribution. The simulated distribution can then be 
transformed to match the observed distribution using a transfer function as discussed in Haas et al. (2014). 
Li et al. (2019) compared multiple bias correction techniques and found that the quantile mapping based 
on Weibull distribution performs best among all methods in bias reduction for their simulated area in East 
Asia.  

For the Salton Sea region, this same method was applied to obtain coefficients representing the Weibull 
distribution for both measured and simulated wind speed components at various seasons of the year. For 
example, Figure 7 shows the cumulative Weibull distribution functions for the following wind speed 
values: measured, original WRF-simulated, and WRF bias-corrected. As shown, there is slight variation 
between measured and simulated cumulative distribution functions. But when the bias correction was 
applied, the corrected and measured distributions were comparable. Using the inverse distance weight 
(IDW) technique, these coefficients were then interpolated spatially for the study domain to correct the 
bias.  
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FIGURE 7. EXAMPLES OF WIND SPEED BIAS CORRECTION 

Cumulative distribution functions of wind speed at Salton City (SALC), Bombay Beach (BOMB), Torres Martinez (TOMA), Sonny 
Bono (SONN), and at two off-sea stations (S005 and S101) for the following wind speed values: measured (black), original WRF-
simulated wind speed (red), and WRF bias-corrected (green). As shown, when the bias correction was applied, the corrected 
and measured distributions were comparable.  
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The observation nudging and bias correction in this report assumes that error at the observation location 
is correlated with the errors at the surrounding grids. This is because, we used a 25-km radius of influence 
to spread the innovation term (differences between the model and the observations) horizontally, and a 
given grid is nudged by the innovation terms from multiple stations due to the presence of multiple 
stations within our study area (Figure 8).  In addition, a smaller nudging coefficient of 4e-4 s-1 was used 
to limit the effect of nudging on the evolution of the model to maintain a meteorologically consistent 
solution. Due to these reasons, we assumed withholding stations for validation may not yield useful 
information and will instead reduce the number of station available for nudging and potentially 
influencing overall model performance. This assumption was tested last year for a 10-day period in June 
2020 (IID, 2021). The result showed no difference in validation statistics by withholding station data from 
the nudging processes.  

Addition testing was conducted in this report for two wind event period in the 2020/2021 season -  from 
Oct 24 to Nov 10, 2020, and from April 19 to May 4th of 2021. For both cases, nudging data were withheld 
at seven stations selected randomly within the study area. These stations include Bombay Beach, Salton 
Sea Park, and Sonny Bono. WRF simulation with and without nudging at these three stations are shown 
in Figure 9. As shown in the figure (and inserted table), withholding station for validation had only 
marginal effect on the performance of model simulation.  
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FIGURE 8. METEOROLOGICAL STATIONS USED FOR OBSERVATION NUDGING AND 25-KM RADIUS OF INFLUENCE 
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FIGURE 9. COMPARISON OF WRF WIND SPEED SIMULATIONS WITH AND WITHOUT NUDGIN AT THREE SHORELINE 
DEPLOYMENTS AROUND THE SALTON SEA.  

 

 

 CALCULATION OF CORRECTED FRICTION VELOCITY 
During PI-SWERL operations, the instrument is placed on barren playa/desert to measure the potential 
emissivity. However, throughout the playa and western desert areas, vegetation and other non-erodible 
elements (such as larger rocks) are present with coverages ranging from sparse to dense. When wind 
blows over a landscape, it is partitioned around/through naturally rough surfaces (e.g., vegetated 
surfaces) and erodible surfaces (e.g., barren playa). Thus, to understand PM10 emissions, it is important 
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to understand the effects of natural surface roughness (which is not characterized by the PI-SWERL data) 
on friction velocity. The hourly corrected friction velocities for the study domain were calculated using 
the hourly wind speed estimates from the WRF model and the roughness lengths identified for naturally 
rough surfaces and erodible surfaces. Throughout the report, the roughness lengths of naturally rough 
surface and erodible surfaces are represented as Z0 and Z0s, respectively.  

As described in the previous sections, the WRF model was used to simulate wind speed and wind direction 
spatially at an hourly time-step. Although WRF outputs also include friction velocity (U*), the scale is too 
coarse for this analysis and it does not partition the friction velocity around/through naturally rough 
surfaces (e.g., vegetated surfaces) and erodible surfaces (e.g., barren playa). An alternative method was 
used to calculate the corrected friction velocities at 30-m spatial resolutions for the playa and desert study 
domains based on site-specific surface roughness lengths for naturally rough surfaces and for erodible 
surfaces.  

This section describes the calculation of roughness lengths for naturally rough surfaces based on the NDVI 
and LiDAR (Light Detection and Ranging) remote sensing dataset, and for erodible surfaces based on playa 
crust types and desert geomorphic surface types. This section also describes calculation of the corrected 
friction velocity from the bias-corrected WRF wind speed estimate and the roughness lengths. Figure 8 
shows the workflow for calculation of the corrected friction velocity. Detailed discussions are provided in 
the sections below.  

FIGURE 10. WORKFLOW FOR CALCULATION OF CORRECTED FRICTION VELOCITY (U*) 

 

 ROUGHNESS LENGTHS FOR NATURALLY ROUGH SURFACES  
The aerodynamic roughness length, also known as roughness length for momentum (Z0), is defined as the 
height above a surface at which the wind speed is assumed to be zero. Higher Z0 values generally represent 
more roughened surfaces (e.g., vegetated surfaces), and lower Z0 values generally represent smooth 
surfaces. Z0 is a key factor in potential dust emissions because it is directly related to the threshold friction 
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velocity. The threshold friction velocity (U*t) is a function of Z0 and is defined as the minimum friction 
velocity required to initiate the movement of soil particles. 

Z0 depends on several factors, including: 1) wind speed, wind direction, and atmospheric stability, 2) 
vegetation height, 3) vegetation cover, 4) vegetation type, and 5) vegetation layout (Chen et al. 2015). 
Estimation of Z0 can be done through two general methods: an experimental-based method and a remote-
sensing based method. The experimental-based method employs vertical wind profiles and 
micrometeorological theory to provide locally estimated values. However, this type of measurement is 
cost-prohibitive at a regional scale. Remote-sensing methods provide a reasonable and corrected 
approach at a regional scale (Faivre et al. 2017). This includes estimation of Z0 using empirical relationships 
as a function of the NDVI. 

NDVI is a ratio-based spectral index commonly used as a proxy for vegetative cover and production. NDVI 
is calculated from the visible and near-infrared light reflected by vegetation. Healthy vegetation absorbs 
most of the visible light that hits it and reflects a large portion of the near-infrared light. Unhealthy or 
sparse vegetation reflects more visible light and less near-infrared light. NDVI has been widely used in 
agricultural systems to monitor crop properties, health, and yield (Brown and de Beurs 2008; Vrieling et 
al. 2011; Primicerio et al. 2012; Chang et al. 2007; Zhang and Kovacs 2012; Johnson 2014; Benedetti and 
Rossini 1993; Quarmby et al. 1993). 

In this analysis, the following exponential relationship, derived using the NDVI and plant height data, was 
used to estimate Z0 (Moran 1990; Bastiaanssen et al. 1998). 

 

where a and b are regression constants derived from a plot of natural logarithm of Z0 versus NDVI 
for pixels representing varied vegetation heights and extremes of NDVI.  

To generate the above relationship, an acceptable estimate of Z0 is required. Z0 was calculated using the 
Brutsaert (1982) equation as Z0 = 0.136*h, where h is vegetation height. Vegetation height was estimated 
from LiDAR remote-sensing measurements for a test area covering approximately 783 acres. The LiDAR 
data include collections of point clouds at around 250 points per square meter. These point clouds were 
aggregated to create a 2-m grid vegetation height for the test area. Using Pleiades satellite imagery (2-m 
grid), the relationship between the Z0 and NDVI was created. Figure 11 shows the vegetation height from 
the LiDAR analysis, and estimated NDVI. Figure 12 shows the distribution of Z0 by different NDVI bins. To 
determine the Z0 vs. NDVI equation coefficients, first the NDVI was binned to 15 classes. For each class, 
the box plot of the LiDAR-based Z0 was developed (as shown in the left panel of Figure 12). The median Z0 
value was then used to develop the relationship between Z0 and NDVI.  

Since height and vegetation cover can vary from month to month, monthly NDVI was generated for the 
whole study domain from Sentinel satellite data. The same NDVI vs. Z0 relationship was applied for each 
month to create the monthly Z0. Figure 13 shows an example of monthly Z0 values for May 2020. As shown 
in the figure, those areas characterized as having dense vegetation in the End-of-Year 2019 Salton Sea 
Playa Exposure Estimate (IID 2021b) have a higher Z0 value.   

Equation 1:  𝑍𝑍𝑜𝑜 = exp(a + b 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁) 
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FIGURE 12. RELATIONSHIP OF ROUGHNESS LENGTH GENERATED FROM VEGETATION HEIGHT 
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 ROUGHNESS LENGTHS FOR ERODIBLE SURFACES 
The roughness lengths for erodible surfaces (Z0s) of individual playa crust types and desert geomorphic 
surface types were developed from the effect of small-scale variations in Z0 on PI-SWERL measurements. 
Different surface types have different surface roughness; therefore, using only one calibrated 
relationship, as in Etyemezian et al. (2007), between friction velocity and the PI-SWERL rate of rotation 
(RPM, rotations per minute) may not be acceptable. Etyemezian et al. (2014) developed a new system to 
use different relationships of friction velocity and the PI-SWERL RPM for different surface types. In the PI-
SWERL analysis for this emissions estimate, three different relationships for the study domain were used, 
with PI-SWERL-measured Z0s values of 0.0001 m, 0.00023 m, or 0.0006 m (Figure 14). Surface types with 
a Z0s value of 0.0001 m include playa and off-shore playa. Surface types with a Z0s value of 0.00023 m 
include: silt-dominated (paleolake), gravel and sand (paleolake), sand-dominated (alluvial), sand and 
gravel (alluvial), and sand with gravel lag. Surface types with a Z0s value of 0.0006 m include: dry wash, 
sand dunes, and sand sheet. These Zos values were determined from Table 1 of Etyemezian et al. (2014) 
by developing linear interpolation of the average vertical roughness values and alpha. Note that these Z0s 
values are orders of magnitude lower than the site-specific roughness values (Z0) developed for the study 
domain (Figure 13).  
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 CALCULATION OF CORRECTED FRICTION VELOCITY 
Once the wind speed at 10 meters was calculated considering the bias correction, the friction velocity (U*) 
was then determined using the logarithmic wind profile as follows: 

 

 

The U* values from Equation 2 are generally higher than those experienced by the PI-SWERL. This is 
because the U* values in Equation 2 are based on the local roughness lengths including larger surface 
roughness elements (Z0), and the ruleset is based on roughness lengths of erodible surfaces (Z0s), 
specifically, the roughness that the PI-SWERL sampling unit experiences. These are two different 
roughness values, and Z0 is usually orders of magnitude greater than Z0s; hence, Z0 results in a higher U* 
value. Using these higher U* values “as-is” for development of the PM10 emissions ruleset (IID 2021c) 
would result in erroneously high emissions estimates. If this larger U* value was used in the ruleset to 
calculate emissions, this would assume that the friction velocities would be directed at the erodible 
surface (i.e., PI-SWERL Z0s level). However, Z0 is a function of non-erodible elements (mainly vegetation), 
and this non-erodible roughening element affects dust emissions by covering part of the surface and 
protecting it from wind and by reducing the wind momentum that would otherwise be used to initiate 
dust emissions (Marticorena et al. 1997).  

Having two different roughness lengths (i.e., naturally roughened surface and erodible surface) results in 
the production of an internal boundary layer. When the friction velocity acts on the naturally roughened 
surface (e.g., vegetation), it is partitioned between the naturally roughened surface and the erodible 
surface (Marticorena et al. 1997). Therefore, these partitions need to be quantified, and only the friction 
velocity acting at the erodible surface (the level of the PI-SWERL) should be applied to the PM10 emissions 
ruleset developed using the PI-SWERL sampling scheme (IID 2021c). The partitioning can be represented 
by a ratio of efficient friction velocity (𝑓𝑓𝑒𝑒𝑒𝑒𝑒𝑒), which is the fraction of U* assumed by the PI-SWERL, to the 
local U* as follows:  

Equation 3: 𝑓𝑓𝑒𝑒𝑒𝑒𝑒𝑒 =  
𝑈𝑈𝑠𝑠∗

𝑈𝑈∗ = 1 −�
ln( 𝑍𝑍0𝑍𝑍0𝑠𝑠

)

ln � 𝛿𝛿𝑍𝑍0𝑠𝑠
�
� 

Where 𝑈𝑈𝑠𝑠∗ is the friction velocity using the erodible surface roughness length (𝑍𝑍0𝑠𝑠), 𝑈𝑈∗ is the local 
friction velocity using the roughened surface roughness length (𝑍𝑍0 ), and 𝛿𝛿  is boundary layer 
depth.  

Finally, the corrected U* acting at the PI-SWERL level can be determined by multiplying the local U* by 
the efficient friction velocity. Note that the efficient friction velocity correction factor was applied to all 
hourly friction velocity values, rather than to only the threshold friction velocity value, according to Webb 
et al. (2020), who noted the need for implementation of the drag partition to directly reduce the wind 
momentum.  

Equation 2: 𝑈𝑈∗ = 𝑘𝑘 ∗ 𝑊𝑊𝑊𝑊10𝑚𝑚
[𝑙𝑙𝑙𝑙10𝑍𝑍0

]
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The boundary layer depth is calculated according to the empirical formula of Elliott (1958): 

Equation 4: 𝛿𝛿
𝑍𝑍0𝑠𝑠

= (0.75 − 0.03𝑀𝑀) � 𝑥𝑥
𝑍𝑍0𝑠𝑠
�
𝑃𝑃

 

Where M = ln � Z0
Z0s
�  indicates the extent of the change in roughness length, P can be 

approximated to a constant ~0.8 over a broad range of roughness lengths, and x is the distance 
downwind of the point of discontinuity in roughness.  

In Equation 4, “(0.75-0.03M)” is represented as “a” in Marticorena and Bergametti (1995), who used a 
value of 0.35 for “a” based on wind tunnel experimental studies by Pendergrass and Arya (1984). 
However, King et al. (2005) revisited the calculation and proposed a new value of 0.7 for “a.” Marticorena 
et al. (2006) updated the determination of “M” in Equation 4 as a function of lateral cover. In the study 
described herein, since there is an estimate of spatially explicit Z0 and Z0s, the original equation by Elliott 
(1958) was kept. Further analysis of the value of “a” for the May 2020 values showed a distribution with 
a median value of 0.65, 25th percentile of 0.63, and 75th percentile of 0.66. Note that these values are 
closer to the values proposed by King et al. (2005). 

Depending on the surface type, the value of “x” in Equation 4 varies significantly. Marticorena and 
Bergametti (1995) assumed a value of 10 cm for “x.” Parameter “x” is tied to the height of the internal 
boundary layers between roughness elements. In the Marticorena and Bergametti (1995) study, the 
maximum roughness length considered was 0.2 centimeters (cm). By increasing the upper roughness 
length to 10 cm, MacKinnon et al. (2004) found an “x” value of 122.55 m for the central Mojave Desert 
(California). In this analysis, a constant “x” value of 122.55 m was used throughout the study domain. 
Although this simplification masks the spatial variability of distance between roughened surfaces, this 
value is reasonable for use in this analysis because of the similarities in vegetation species in the desert 
communities. Future work may improve the spatial variability of the value of “x” by using both vegetation 
and geomorphologic datasets.  
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EXECUTIVE SUMMARY 
This 2020/2021 PI-SWERL Sampling Report was prepared for the Imperial Irrigation District (IID) as a part 
of the annual Emissions Monitoring Program for the Salton Sea Air Quality Mitigation Program (SS AQM 
Program; IID 2016). Annual emissions estimates are conducted to assess emissive areas at the Salton Sea 
playa and surrounding desert areas, and to determine dust emission rates for different playa and desert 
surface types. Potential particulate matter emissions, expressed as PM10,1 have been assessed annually 
since 2015 using the Portable In-Situ Wind ERosion Laboratory, or PI-SWERL. This instrument simulates 
shear stress at the soil surface at various wind speeds to determine the potential of a surface to emit 
windblown PM10. Annual reports, such as this one, document historical trends in playa and desert surface 
types that may affect dust emissivity potential as the Salton Sea recedes and the exposed playa increases. 
This PI-SWERL Sampling Report presents methods and results for the 2020/2021 monitoring year (July 1, 
2020, through June 30, 2021). 

The 2020/2021 PI-SWERL sampling approach and methodology are generally consistent with those used 
for previous monitoring years. Small adjustments were made to existing playa PI-SWERL sampling 
locations to account for newly exposed playa, dust control construction, sampling efficiency, and in some 
instances new sites were added to characterize the emissivity of distinct areas. During the 2020/2021 
monitoring period, a total of 391 step tests and 91 ramp tests were performed on the playa domain; a 
total of 146 step tests and 48 ramp tests were performed in the desert domain.  

The main finding of PI-SWERL sampling is that distinct playa and desert surfaces exhibit unique emissive 
properties that can vary by orders of magnitude. This key finding led to the generation of a ruleset that 
could account for the variable “emission profiles” of different surface types. Specific drivers for the distinct 
emission profiles on the playa are the crust type, presence/absence of loose sand, and soil moisture. 
Within the desert domain, emission profiles varied considerably based on landform. The sampling also 
captures the spatial and temporal emissions’ potential variability among playa sites as they respond to 
environmental factors. 

Portions of the western shoreline continued to demonstrate consistently high emission potential with 
marginal to non-existent seasonal trends. This is primarily attributed to the presence of surface sand that 
has migrated onto the playa from desert sources to the west. Most playa surfaces exhibit seasonal 
variability in emission potential in response to changes in crust stability and other contributing factors. 
One of the main factors affecting seasonality was precipitation in January 2020, which temporarily 
prevented sampling at numerous sites and suppressed emission potentials at select sites. Future PI-SWERL 
sampling will continue to focus on identifying changes in crust development and playa emission potential 
over time to strengthen the existing relationships between surface parameters and emissions.  

 

 
1 Particulate matter less than 10 microns in aerodynamic diameter 
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1 INTRODUCTION 
This 2020/2021 PI-SWERL Sampling Report was prepared as a component of the Salton Sea Emissions 
Monitoring Program. Specifically, this report describes the PI-SWERL sampling approach, methodology, 
results, and discussion for the Salton Sea playa and for the adjacent desert for the 2020/2021 monitoring 
period. This report includes the following sections:  

• Section 1, Introduction, provides an overview of the Salton Sea Emissions Monitoring Program, 
including the use of PI-SWERL sampling data in the workflow to develop the 2020/2021 Annual 
Emissions Estimates).  

• Section 2, Playa PI-SWERL Sampling, describes the methodology, results, and discussion for PI-
SWERL sampling on playa surfaces.  

• Section 3, Desert PI-SWERL Sampling, describes the methodology, results, and discussion for PI-
SWERL sampling on desert surfaces.  

• Section 4, Ruleset Development, describes the methodology, results, and discussion used to 
develop the ruleset-based approach used to generate dust emission profiles. 

• Section 5, References, lists the references used herein. 

1.1 SALTON SEA EMISSIONS MONITORING PROGRAM OVERVIEW 
The Salton Sea Emissions Monitoring Program is a main component of the Salton Sea Air Quality 
Mitigation Program (SS AQM Program; IID 2016). The SS AQM Program specifies that the annual Emissions 
Monitoring Program will 1) assess which playa surfaces and conditions are emissive and 2) assess dust 
emissions from desert areas adjacent to the Salton Sea to establish the location, timing, and magnitude 
of these emissions. The SS AQM Program also specifies that the annual Emissions Monitoring Program will 
establish PM10 emission rates for different types of playa and desert surfaces. 

The annual Emissions Monitoring Program estimates emissions based on several lines of evidence (IID 
2016; IID 2021b). Lines of evidence include mapping exposed playa, monitoring surface characteristics, 
mapping soil/surface properties, identifying dust source areas, documenting dust plumes, and estimating 
emissions from high wind days. These lines of evidence are used to develop actual PM10 emission rates 
for unique playa and desert surfaces, and to estimate annual emissions. Results of the annual emission 
estimates are used to understand the timing, location, and magnitude of emissive surfaces and to 
prioritize proactive dust control planning and implementation as part of an annual Proactive Dust Control 
Plan (PDCP).  

The workflow for the annual emissions estimates includes the following main steps:  

1. Develop conditional surface classes. Surface characteristics are directly related to the spatial and 
temporal nature of PM10 emissions. PI-SWERL sampling data were collected to understand the 
emission potential of different surface properties at multiple, incremental, surface friction 
velocities (u*). At each PI-SWERL sampling location, surface surveys characterized the physical 
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surface properties related to wind erosion. These data were used to identify the primary emission 
drivers for the playa (i.e., crust type, loose surface sand presence, and soil moisture) and for the 
desert (i.e., geomorphic surface type). Based on these drivers or surface characteristics, 
conditional surface classes have been developed to categorize the surfaces and conditions in the 
study domain into a reasonable number of classes. 

2. Develop PM10 emissions ruleset from PI-SWERL data to assess emissions potential of each 
conditional surface class. The PM10 emissions ruleset is a series of emissions rate curves (PM10 
emissions as a function of friction velocity) for each conditional surface class identified in Step 1, 
above. The ruleset was developed based on PI-SWERL sampling data and the linear relationship 
between surface friction velocity and (log10-transformed) PM10 flux, as well as the threshold 
friction velocity (u*t) (in this case, the minimum friction velocity required to initiate a 
quantitatively derived minimum [background] concentration of PM10 emissions from a test 
surface). 

3. Develop meteorological fields to simulate weather conditions in the study domain. Weather 
variables (e.g., wind speed, wind direction, friction velocity) play a pivotal role in the PM10 
emissions potential. The Weather Research and Forecasting (WRF) model was used to simulate 
the hourly 10-meter wind speeds at a 600-meter grid for the study domain. The WRF model is a 
state-of-the-art non-hydrostatic mesoscale atmospheric simulation modeling system. The model 
incorporates multiple geographic datasets (e.g., topography, land use, soil) and boundary 
conditions and uses different land surface and atmospheric physics to simulate weather fields. In 
addition, the model simulations were nudged using actual atmospheric conditions (i.e., weather 
data from multiple stations within the study domain) to better simulate local meteorological 
conditions. 

4. Calculate the hourly corrected friction velocity for the study domain. Threshold friction velocity 
is directly related to surface roughness. When wind blows over a landscape, it is influenced by the 
presence of (non-erodible) surface roughness elements (e.g., vegetation, rocks) or the absence 
thereof (e.g., barren playa). Thus, to understand emissions potential, it is important to understand 
the effects of natural surface roughness elements on friction velocity. The hourly corrected 
friction velocities for the study domain were calculated using the hourly wind speed estimates 
from the WRF model (Step 3) and the surface roughness lengths (Z0) identified for naturally rough 
surfaces and erodible surfaces. 

5. Calculate hourly emissions for the study domain. Annual emissions are calculated based from 
the PM10 emissions ruleset developed for each conditional surface class (Step 2) and the hourly 
corrected friction velocities for the study domain (Step 4). The total annual emissions (tons), 
tons/day, and maximum day dust emissions were estimated for both the desert and playa 
domains.  

As described in this report, PI-SWERL sampling is an integral component of the annual emissions estimates 
for the playa and the desert. Specifically, PI-SWERL sampling quantifies the emission potential of unique 
conditional surface classes (Step 1) and enables the development of a PM10 emissions ruleset (Step 2); the 
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ruleset is then used to calculate emissions estimates for the study domain (Step 5). This report provides a 
detailed summary of the PI-SWERL sampling methods and results used to develop the 2020/2021 Annual 
Emissions Estimates (IID 2021b).  

1.2 PI-SWERL INSTRUMENT OVERVIEW  
The PI-SWERL is a portable and efficient instrument (Figure 1), developed by Dust-Quant LLC, used to 
measure the potential for surface and soil erosion and associated dust suspension under the influence of 
variable simulated wind speeds (Etyemezian et al. 2007, Dust-Quant LLC 2018). The PI-SWERL consists of 
a cart and a cylindrical chamber that is placed on the ground (Etyemezian et al. 2007, Dust-Quant LLC 
2018). The cylindrical chamber is connected by a control cable and houses a PM10 sensor and four sand 
motion sensors (Dust-Quant LLC 2018). There is a variable direct current battery and an interactive tablet 
that displays data in real time. A rotating annular blade simulates wind speeds by exerting shear stress on 
the surface being sampled (Etyemezian et al. 2007, 2014). The revolutions per minute (RPM) of this 
annular blade have corresponding friction velocities (meters per second [m/s]), which can be physically 
related to a reference windspeed at a standard height of 10 m, the typical height for meteorological 
monitoring. PM10 concentrations are measured at one-second intervals by a DustTrak II 8530 Aerosol 
Monitor (DustTrak) manufactured by TSI Incorporated (2019). This nephelometer uses a light-scattering 
laser photometer to provide real-time aerosol concentration readings corresponding to particulate matter 
and is commonly used in a variety of research applications.2 Clean air blowing at a constant rate of 100 
liters per minute (LPM) is used to ventilate the PI-SWERL (Dust-Quant LLC 2018). Since its initial 
development, the PI-SWERL has been widely used to quantify potential dust (specifically PM10) emissions 
from desert (and other soils) across the globe (e.g., Bacon et al. 2011, Cui et al. 2019, Munkhtsetseg et al. 
2016, 2017). Several PI-SWERL based studies have been conducted to assess PM10 emissions from playa 
and desert surfaces in the Mojave desert (Sweeney et al. 2011 ), some of which were specific to the Salton 
Sea playa and the surrounding desert (King et al. 2011, Sweeney et al. 2011). A comparison of the PI-
SWERL with a traditional (but bulky) straight wind tunnel, conducted in the Mojave desert, indicated that 
the PI-SWERL emission rates tracked the conventional wind tunnel measurements very well over several 
orders of magnitude (Sweeney et al. 2008). Furthermore, van Leeuwen et al. (2021) found that the PI-
SWERL can be successfully applied to quantify dust emission thresholds.  

 
2 http://www.tsi.com/DUSTTRAK-II-Aerosol-Monitor-8530/  

http://www.tsi.com/DUSTTRAK-II-Aerosol-Monitor-8530/
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FIGURE 1. PI-SWERL INSTRUMENT (LEFT) AND CART (RIGHT) 

 

 

The measured PM10 concentration and air flow rate are used to calculate a PM10 flux (μg m-2 s-1) by 
considering the effective area of the PI-SWERL (Aeff=0.035 m2) (Etyemezian et al. 2014, Dust-Quant 2018). 
The geometric mean of the PM10 flux for each sustained friction velocity is calculated and logarithmically 
transformed. 

The inside of the PI-SWERL cylinder is also equipped with two pairs of Optical Gate Sensors (OGS) 
positioned at two different heights. They consist of a photodiode and photoreceiver that measure 
horizontal sand sediment transport flux (Dust-Quant LLC 2018). At this time, these sensors have not been 
sufficiently characterized to provide quantitative sand fluxes (mass per unit area along a horizontal 
direction per unit time), but they serve as good indicators of relative saltation 
(absence/presence/intensity). Data analysis to convert the data from the OGS units into quantitative 
saltation estimates is ongoing. 

Two PI-SWERL units, PI-SWERL I and PI-SWERL II, have been used to collect samples. Features unique to 
PI-SWERL II include a ruggedized, miniature tablet and the consolidation of the control box and the PI-
SWERL drum. The performance and functionality between the two units are otherwise comparable. 
Ultimately, making two units available increases sampling capacity and efficiency in PI-SWERL 
measurements. 

In sum, the PI-SWERL is a powerful tool that provides a quantitative approach to measuring PM10 emission 
potential for a suite of friction velocity values. All sampling was completed in accordance with the 
Standard Operating Procedure: Dust Monitoring at the Salton Sea with Miniature PI-SWERL with DustTrak 
(PI-SWERL SOP, IID 2020b; Appendix A). 
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1.3 PI-SWERL SAMPLING STUDY DOMAIN 
PI-SWERL sampling data were collected at two different domains: Salton Sea exposed playa (playa) and 
adjacent desert areas west (upwind) of the playa (desert) (Figure 2). Both the playa and desert study 
domains are complex assemblages of geomorphic landforms. Each is defined as follows: 

• Playa is defined as area of exposed land between the former Salton Sea shoreline in December 
2002 and the shoreline in November 2020. The playa study domain is approximately 25,589 acres 
(IID 2021d).3  

• The desert study domain is defined as the area west of the Salton Sea bounded by the Imperial 
Valley, the Mexican-US border, the Peninsular Range, and Desert Shores. This domain uses 
geographic boundaries to encompass the portions of the surrounding desert observed to be the 
most emissive, and most likely to affect the observed atmospheric PM10 concentrations at the 
monitoring sites surrounding the Sea. The desert study domain is approximately 1,025,543 acres.4 

 
3 This is compared to 20,911 acres from the previous monitoring year.  
4 This is compared to 1,025,660 acres from the previous monitoring year. Differences in the quantification of non-emissive 
surfaces are responsible for this discrepancy.  
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2 PLAYA PI-SWERL SAMPLING  
This section describes the methodology, results, and discussion for PI-SWERL sampling in the playa study 
domain for the 2020/2021 monitoring period. Updates from previous monitoring periods are primarily 
associated with the refinement of sampling locations. 

2.1 METHODS 
The PI-SWERL has multiple user-specified tests that can be used to quantify emission potential depending 
on the objective. Typically, on playa surfaces, a step test is applied, which involves incremental increases 
in the RPMs of the rotor inside the PI-SWERL drum (Table 1). The RPM of the PI-SWERL’s annular blade 
can be related to specific friction velocities when α, a parameter related to the small-scale roughness of 
the test surface, is considered (Etyemezian et al. 2014). A α of 0.98 was applied to playa surfaces, yielding 
a suite of friction velocities shown in Table 1. 

 PI-SWERL step tests collected prior to the 2018/2019 monitoring period consisted of five incremental 
sampling steps. These five-step tests sustain RPMs at five stages increasing in increments of 500, starting 
at 2,000 RPMs and ending at 4,000 RPMs (Table 1). The six-step playa test (Figure 3) implemented since 
2018/2019 (IID 2020a) is identical to the five-step test, except for an additional sampling conducted at 
1,500 RPMs. Both tests are similar to those used in prior PI-SWERL studies conducted in the Mojave desert 
(Sweeney et al. 2011) and at the Salton Sea (Sweeney et al. 2011, King et al. 2011), with the exception 
that these studies used only three steps with stable RPM values.  

Collecting additional emissions potential readings in the intermediate steps as well as the low range 
provides additional insight into, respectively, 1) the relationships between u* and the PM10 emission rates, 
and 2) the u*t for a given test surface. Furthermore, low wind speeds and u* values are generally more 
prevalent than high wind speeds and u* values throughout the monitoring period, so increasing the 
resolution of emissions potential in this lower range supports further refinement of the emissions 
estimates. The highest RPM step was limited to 4,000 to avoid simulating exceptionally high and rare 
friction velocities and emission rates that may overwhelm and harm the DustTrak, the PM10 monitoring 
component integrated into the PI-SWERL. An PI-SWERL RPM of 4,000 applied to a surface with an α of 
0.98 yields a friction velocity of 0.72 m s-1. Observed and modeled >0.72 m s-1 (as hourly averages) are 
infrequent however at the shoreline meteorological stations around the Salton Sea. This upper RPM 
threshold is also consistent with other studies conducted with the PI-SWERL in the region (King et al. 2011, 
Sweeney et al. 2011).  
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TABLE 1. RPM AND WIND SPEED SIMULATIONS USED IN PLAYA PI-SWERL SAMPLING (SIX-STEP TEST) 

Rotations/Minute (RPM) Friction Velocity (m s-1) Duration (seconds) 

0 0 60 

1,500 0.31 60 

2,000 0.40 60 

2,500 0.48 75 

3,000 0.56 75 

3,500 0.64 90 

4,000 0.72 90 

0 0 60 

Note: Calculation of friction velocities assumes a very smooth surface, specifically, a Z0 value of 0.1 millimeter. 
 

In addition, ramp tests, which are based on a gradual and continual increase of RPM values, can be used 
to quantify the u*t of unique surfaces (for example, Goossens et al. 2009) (Figure 4). The u*t represents 
the friction velocity at which dust, in this case PM10, is first emitted. When u* exceeds u*t, PM10-sized 
particles are lofted into the atmosphere and suspended for transport (for example, Sharratt and Vaddella 
2012). 
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FIGURE 3. EXAMPLE PI-SWERL STEP TESTS: PLAYA STEP TEST OF A SUPPLY LIMITED SURFACE.  

 

FIGURE 4. EXAMPLE PI-SWERL RAMP TEST 
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Four types of playa PI-SWERL sampling occurred:  

1. Transect Sampling: Playa surfaces are influenced by moisture on several time scales, varying from 
daily changes in relative humidity (Nield et al. 2016), to precipitation events, as well as long-term 
changes in the distance to the groundwater table (Gill 1996, King et al. 2011). Eleven sites around 
the periphery of the Sea were regularly sampled to capture the variability resulting from the 
distance from the sea, and by default, time since exposure. A transect of samples (from high 
elevation to low elevation/Sea shoreline, typically perpendicular to the shoreline) was collected 
at each site to understand the emissions potential relative to the distance from the shoreline (i.e., 
duration of exposure), variable distances to groundwater, impacts of sand inundation, and salt 
deposited onto the playa via Sea spray and wave action. Collecting PI-SWERL samples on transects 
across playa surfaces facilitates the assessment of the complex geomorphic and hydrologic 
conditions that affect the emission potential of playa surfaces (Sweeney et al., 2019). The 
advantages of this sampling approach include building a spatially and temporally explicit dataset 
over multiple years along with an environmental/physical gradient. To account for any seasonal 
trends, playa emissions potential was assessed monthly from November 2020 through June 2021 
(Table 2). PI-SWERL sampling was limited in January 2021 due to precipitation events that 
moistened the playa, restricted access, and prohibited sampling. Dust control implementation 
also restricted access or prohibited sampling entirely at select sites. PI-SWERL sampling transects 
ranged from to 9 samples, depending on the width of exposed playa. Sampling consisted of one 
undisturbed six-step playa test at each sampling location within each transect (Table 2).  

2. Source Delineation Sampling: Source delineation samples were collected within and outside of 
dust source areas after high wind events to aid in the quantification of potential emissions from 
recently eroded areas. Areas identified for source delineation efforts have emitted discrete, 
visible plumes (observed in the field or through a remote Roundshot cameras) and/or have shown 
evidence of erosion. Discrete plumes can be attributed to specific areas generating emissions, 
while diffuse clouds obscure the emissions’ source and may have traveled from an alternative 
source. Evidence of erosion may include buffed playa crusts, scoured blowouts resulting from 
deflation, sand shadows on vegetation, or vehicle disturbance. PI-SWERL measurements collected 
to support source delineation efforts consisted of one or more undisturbed six-step playa test(s) 
per erosional area. 

3. Ramp Test Sampling: Ramp test samples were collected to determine u*t for unique surfaces. 
u*t sampling consisted of two ramp tests along each transect.  

Transect sampling locations in the 2020/2021 Emissions Estimates (IID 2020a) were continued from prior 
dust seasons, with some transects originating as far back as the 2016/2017 season. From year to year, 
minor sampling changes were made, predominantly to account for increased playa exposure. In addition, 
changes between years were made to evaluate new (potentially) emissive areas and to increase sampling 
efficiency (essentially reducing sample size where this seemed warranted) (Table 2). All 2020/2021 
sampling locations are shown in Figure 5, and maps of individual PI-SWERL transects are provided in 
Appendix B. Source delineation sampling that was conducted to aid in the quantification of erosional areas 
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occurred in more dispersed locations. Some source delineation sampling locations were re-sampled from 
the previous monitoring period, and some sampling locations were exploratory. 

TABLE 2. 2020/2021 PLAYA PI-SWERL SAMPLING TRANSECT SITES AND REFINEMENTS 

Site Refinements Since 2019/2020 Monitoring Period 

Bombay Beach  No additional sites were added to account for newly 
exposed playa. 

Alamo South  The previous transect has been incorporated into the 
adjacent surface roughening dust control area. The 
previous transect was extended by two samples out 
onto undisturbed playa. Additionally, a duplicate 
transect of two sites was added ~600 feet to the 
north. 

Vail Drain A new transect of 7 sites was added to assess playa 
near the New River Delta. 

New River West A new transect of 5 sites was added to assess playa 
near the New River Delta. 

Trifolium 16 No additional sites were added. 

Trifolium 1 A new transect of 2 sites was added to assess playa 
near Trifolium 1. 

Poe Road A new transect of 6 sites was added to assess playa 
near Poe Road. 

Naval Test Base No additional sites were added. 

Salton City Wash No additional sites were added. 

Clubhouse  One site was added to account for newly exposed 
playa. 

Coachella Playa No additional sites were added. 
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Transect and source delineation sampling procedures were conducted in accordance with the PI-SWERL 
User’s Guide (Dust-Quant LLC 2018; Appendix C). Threshold Friction Velocity for the 2016/2017 Emissions 
Estimates (IID 2018) was determined by regressing log10-transformed PM10 emissions rates as a function 
of u*. Threshold Friction Velocities since 2017/2018 incorporate u*t values derived from ramp PI-SWERL 
tests (IID 2019, IID 2020a). To bolster the u*t dataset, the ramp and regression-based u*t values were 
merged into a comprehensive dataset (IID 2021b).  

Ramp-based u*t values occur when measured PM10 concentrations exceeded the atmospheric 
background value of 60 µg m-3 for a sustained 15 seconds. This value was initially defined as three times 
the approximate “clean” concentration of 20 µg m-3, based on Imperial Valley monitoring data for “clean” 
low wind conditions. The value of 20 µg m-3 is consistent with average PM10 concentrations at the six 
TEOMs around the Salton Sea during calm conditions over the 2010-2020 period.  

The EPA (2016) defines the method detection limit (MDL) as the “minimum measured concentration of a 
substance that can be reported with 99 percent confidence that the measured concentration is 
distinguishable from method blank results.” In this context, clean air under low wind conditions can be 
considered to be method blanks. Applying this definition to the 2010-2020 PM10 concentrations for the 
Imperial Valley yields an MDL of ~100 µg m-3. However, for consistency with the background PM10 value 
used since the development of this method in 2016, an MDL of 60 µg m-3 was used, approximately 
representing the minimum measured concentration of a substance that can be reported with an 80 
percent confidence that the measured concentration is distinguishable from ambient air that is pulled 
into the PI-SWERL unit during a test (the “method blank results”). For comparison, Nield et al. (2016) 
applied an “threshold exceedance” at PM10 concentrations greater than 100 µg m-3, similar to the 
quantitative value determined for the Imperial Valley. The value of 60 µg m-3 is consistent with Judger et 
al. (2014), who defined a threshold between “normal” and “hazy” air at 40 to 60 µg m-3. As part of a 
comparison of the PI-SWERL with a traditional rectangular wind tunnel, van Leeuwen (et al. 2021) defined 
u*t as the “clear start of PM10 emission,” but did not provide detail on how this start was defined 
quantitatively.  

As described in the PI-SWERL User’s Guide (Dust-Quant 2018; Appendix C), the DustTrak should be turned 
off if a sample experiences sustained PM10 concentrations that exceed ~200 mg/m3. This prevents the 
DustTrak from becoming “saturated” with PM10, protecting the integrity of the sensor and instrument 
performance (Dust-Quant 2018; Appendix C). PM10 concentration values were extrapolated/modeled for 
the saturated portion of these tests. PI-SWERL tests that became saturated were found to be heavily 
saltation-driven. This observation allows for regressing the PM10 emission rate as a function of the average 
sand motion registered by the lower two OGS units. Consistent with the PI-SWERL User’s Guide (Dust 
Quant 2018; Appendix C), a linear model was built between these OGS values and PM10 concentrations 
based on the prior 60 readings collected during stable RPMs leading up to the DustTrak being turned off, 
and then applied to the saturated portion of the test (Figure 6). PI-SWERL tests were then processed using 
the same guidelines outlined above. PI-SWERL tests that include modeled results have “SATURATED” 
written in the Notes column of Appendix D. A total of 12 tests conducted in 2020/2021 experienced 
saturated conditions in comparison with 6 in 2019/2020, 6 in 2018/2019 and 19 in 2017/2018.  
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FIGURE 6. EXAMPLE OF MEASURED INSTANTANEOUS PM10 FLUX VALUES (RED), MEASURED OGS VALUES (YELLOW), 
MODELED INSTANTANEOUS PM10 FLUX VALUES (GREEN) 
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2.2 RESULTS  
Playa PI-SWERL sampling results for the 2020/2021 monitoring period are described below. Processed PI-
SWERL sampling results are available in Appendix D. 

2.2.1 STEP TEST SAMPLING RESULTS 
Three hundred and ninety one (391) step tests were conducted at the playa for the 2020/2021 monitoring 
year, including 298 transect samples and 93 source delineation samples.5 Appendix D includes a summary 
of playa PI-SWERL tests. Appendix E shows a time series of the PI-SWERL transect sampling for 2020/2021. 
Sampling locations that were limited by restricted access, wet conditions, or resulted in tests that did not 
meet data validation criteria are annotated in Appendix E. Notable sampling restrictions include a 
precipitation event during the month of January of 2021 that resulted in almost half an inch of cumulative 
rain over nine days, resulting in non-emissive surfaces, reduced access to field sites, and surface conditions 
that were too wet to safely sample with the PI-SWERL. Sampling was only permitted at the BB, AS, and 
NR sites in January. However, overall the 2020-2021 season was considerably drier than the previous, 
2019-2020 season (see also Attachment 4). Another notable event was a significant wind-driven storm 
surge, resulting in moist conditions that prohibited sampling in the April and May timeframe. Additionally, 
sampling at sites in the southwestern portion of the sea near the New River Delta (VD, NR, T16, T1, and 
PR) was restricted by prevailing moist conditions or limited access associated with construction. 

Nine out of the eleven playa transects (BB, AS, VD, NR, T16, PR, SCW, CH, CP; Table 2)6 demonstrated a 
seasonal variability in emissions in 2020/2021. Sampling at T1 was limited to one sampling event in 
December and indicated very low emission potential. Figure 7 shows the range of emission potentials on 
a monthly basis at the nine PI-SWERL transects that exhibited seasonally variability. Changes in soil 
moisture and the development and dissolution of playa salt crusts were key factors controlling the 
emissions potential for these “seasonal” sites. The development of playa surfaces and associated changes 
to their physicochemical, mineralogical, and geomorphological characteristics, as well as the depth to 
groundwater, have been shown to affect the erodibility of playa surfaces (Motaghi et al. 2020). The 
inundation of material onto playa surfaces, the disruption and roughening of playa surfaces by cycles of 
wetting and drying, aeolian sandblasting, and anthropogenic disturbance all affect all affect the erodibility 
of playa surfaces and can create conditions that drive dust emissions (Tollerud et al. 2014). Seasonal 
trends were not as consistent between sites in 2020/2021 as those observed in 2019/2020 (IID 2020a), 
but rather appeared to differ somewhat between sites.  

Generally, the temporal variability in emissions potential in 2020/2021 depended on the location (Figure 
7).  

• BB (Figure 7.), located on the eastern margin of the playa domain, exhibited relatively consistent 
emission potentials, with the highest emission potential occurring in the winter month of January 
and the lowest in February (following precipitation in January). The emission potential of this site 

 
5 This is compared to 791 five-step tests conducted at the playa for the 2018/2019 monitoring year, including 295 transect 
samples, 427 core samples, and 69 source delineation samples. 
6 The seventh transect, NTB, is described below. 
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was primarily driven by the half of this transect closest to the sea, characterized by a broad sandy 
beach ridge in the middle of the transect and degraded/friable crusts below it. 

• AS (Figure 7), located on the southern site of the Sea, exhibited the highest emission potentials in 
the late fall/early winter between November and January. The emission potential of these 
sampling locations decreased following precipitation in January and were fully saturated by wind-
driven storm surges in April and May.  

• VD and NR (Figure 7.), located on either side of the New River Delta, exhibited high emission 
potentials in the late fall/winter month of November, December, and January (in NR’s case) 
followed by a decrease in emissions associated with moist conditions. The proximity of these sites 
to the shoreline made them vulnerable to increases in moisture associated with the natural intra-
annual rise in the Salton Sea’s water level in the late winter/early spring timeframe. Emission 
potential did begin to rebound at VD in April and May, although marginally. 

• The two collections conducted at T16 and PR in December and April/May offer limited insight into 
any seasonal variability, and tended to be wet, sometimes to the point of limiting site access. 
Emission potentials at these locations were on the lower end of the observed range. 

• SCW and CH, located on the western portion of the playa, exhibited small rises in emission 
potential between November and December, a decrease in emissions following the precipitation 
in January, and a steady increase in emissions into the spring (between February and May). 

• Emission at CP were generally very low (close to the method background of ~0.6 µg m-2 s-1) with 
the exception of a isolated jump in emission potential during the month of December. 

Three observational trends present themselves regarding this regional variation: 

1. All seasonal sites experienced a notable reduction in emission potential following the relatively 
wet month of January.  

2. Emission potential varied seasonally, but temporal patterns varied from site to site.  
3. Some of the seasonal sites (except for AS, NR, T16, and CP) also experienced varying degrees of 

an emissions rebound in May. 

FIGURE 7. PM10 EMISSIONS POTENTIAL FOR SEASONAL SITES  
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One out of the seven playa transects (NTB; Table 2) sampled demonstrated minimal seasonal variations 
in emissions potential (Figure 8). NTB is heavily inundated by sand sourced from the desert study domain. 
At this site, sand dunes encroaching from the west deposit sand onto playa crusts, overriding any seasonal 
factors. Emission potential for NTB was saltation-driven and did not demonstrate a seasonal response.  
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FIGURE 8. PM10 EMISSIONS FOR NON-SEASONAL SITE 

  

  
 

King et al. (2011) conducted PI-SWERL sampling on a variety of landforms at the Salton Sea between 2005 
and 2007. The King et al. (2011) sampling array around the periphery of the Sea was relatively comparable 
to the approach presented in this document. However, their sampling was constrained to four collections 
spread over a three-year timeframe (September 2005, January 2006, February 2006, and March 2007). 
This sampling approach provides limited information on emissions during the spring timeframe and 
inhibits the ability to assess intra-annual changes in emissions. The high variability of the emissions rates 
within and between the playa surfaces are consistent with findings from other studies around the Salton 
Sea (e.g., Buck et al. 2011). 

PI-SWERL results from the previous monitoring years (2018/2019 and 2019/2020) generally agreed with 
the King et al. (2011) finding that emissions peaks do occur during winter months and that sites composed 
mainly of sand-sized particles (like NTB) are the largest emitters. Other studies conducted in China, which 
did not address seasonal differences, also showed (loose) sand-dominated sites, such as sand dunes and 
dry-washes, to be higher PM10 emitters than undisturbed playa locations (Sweeney et al. 2016a, Wu et al. 
2018). Results from 2020/2021 demonstrate that seasonal patterns may not be the same from year to 
year. The impact of a deposition event (fluvial or aeolian) from the desert, a lower water table as the Sea 
recedes, or a particularly wet month may be enough to alter seasonal trends for a given site between 
years. King et al. (2011) observed that emissions varied the most at playa-like (crust dominated, seasonal) 
sites and were the highest at sand-dominated (saltation driven, non-seasonal) sites. These observations 
hold true for the findings from this monitoring program.  

Sampling regionally representative sites within the context of previous monitoring years is key to 
monitoring seasonal trends and fluctuations in emissions potential. These findings demonstrate the 
importance of the prioritization framework used in the SS AQM Program to address the spatial and 
temporal heterogeneity of playa surfaces’ emissions potential. 
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2.2.2 RAMP TEST SAMPLING RESULTS 
Ramp tests provide an improved understanding of the friction velocities necessary to initiate particle 
movement (Sharratt and Vaddella 2012). Ninety-one (91) PI-SWERL ramp test samples were collected at 
the playa for the 2020/2021 monitoring period.7 Ramp tests were found to be an effective approach for 
identifying the first lofting point of PM10. A different regression-based approach applied in the 2016/2017 
Emissions Estimate (IID 2018) extrapolated PI-SWERL-based log10-transformed PM10 linearly as a function 
of u* to determine the u*t, the u* value at which PM10 values exceeded “background” concentrations. A 
comparison of u*t values based on regression results from the 2020/2021 monitoring year showed that 
overall the range of u*t values was similar for both methods, with similar 50th percentile values (Figure 9). 
The tighter distribution of u*t values derived for the ramp test method is likely the result of the ramp-
based approach being a direct representation of PM10 exceeding background concentrations within the 
PI-SWERL apparatus, and avoiding the additional uncertainty associated with the regression method. The 
ramp-based u*t values are therefore considered to be more representative than the regression-based 
approach.  

FIGURE 9. THRESHOLD SURFACE FRICTION VELOCITY (U*T) METHOD COMPARISON (RAMP TEST VS. REGRESSION) 

  

 
7 This is compared to a total of 124 PI-SWERL ramp test samples collected at the playa for the 2018/2019 monitoring 
year. 
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2.3 DISCUSSION  
PI-SWERL sampling allows for the quantification of the effects of surface conditions, including crust type, 
crust strength and relief, loose surface sand presence, and soil moisture on playa emissions potential. This 
section discusses PM10 emissions potential of different playa surfaces at multiple surface friction velocities 
tested with the PI-SWERL. Playa surfaces are differentiated using data from surface surveys collected 
alongside each PI-SWERL survey. The surface characteristics found to be the most influential emission 
drivers for playa surfaces include crust type, loose surface sand presence, and soil moisture (IID 2018). 
Additional PI-SWERL sampling each year will identify changes in crust development and playa emissions 
potential over time and strengthen existing relationships between surface parameters and emissions. 

2.3.1 CRUST TYPE AND EMISSIONS POTENTIAL 
A playa crust type (its structural and textural characteristics) influences the interparticle bonds between 
dust-sized particles, altering the surface’s susceptibility to abrasion from saltating particles (Houser and 
Nickling 2001). The type and spatial/temporal distribution of a playa crust surface has a large impact on 
its ability to emit dust (Cahill et al. 1996). Heterogeneity among crust surfaces can preferentially erode 
weak areas, subsequently undermining adjacent crust types. The strength of a salt crust is controlled by 
grain size distribution, organic matter content, salt mineralogy, depth to groundwater, soil processes, and 
the amount of loose-sand-sized particles on its surface (Buck et al. 2011, King et al. 2011). 

Playa crust develops along a spectrum, from smooth crust to weak botryoidal to botryoidal crust. PI-
SWERL sampling results indicate that emissions potential decreases as crust develops along this spectrum 
(Figure 10). Crust development is often found to occur along a gradient as playas desiccate (Adams and 
Sada 2014). The no-crust class can be found on newly exposed surfaces that have not formed any 
quantifiable salt crust, or on areas that have been subject to disturbance and erosion. PM10 emissions 
potentials for non-crusted surfaces were significantly higher than those from all crusted surfaces at all 
friction velocities (P<0.001).  

Emissions from smooth-crusted surfaces were in between those from non-crusted and other crust types, 
while potential emissions from botryoidal crusts were systematically the lowest (Figure 10, P<0.001). Any 
crust type can transition into a no-crust surface if disturbed enough, for example, from off-highway vehicle 
activity (Goossens et al. 2009) or sand intrusion (Houser and Nickling, 2001). Barnacle beds develop in 
areas where wave action has contributed to long linear ridges of barnacle shells (e.g., Hesp 2006). 

The hierarchy of emissions potential among crust types in 2020/2021 is generally consistent with results 
from 2019/2020. Notable changes in the emissive profiles of these different monitoring years include a 
decrease in the emissions potential of barnacle beds between 2019/2020 and 2020/2021. Note that the 
sample size the of barnacle beds across was quite low (N=4) as their abundance on the playa  continues 
to decrease over time. The variability of emissions potentials for weak botryoidal, smooth, and particularly 
no-crust surfaces increased relative to results from 2019/2020.  
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FIGURE 10. PLAYA CRUST TYPE VS. U* AND PM10 EMISSIONS POTENTIAL 

   

2.3.2 SURFACE SAND AND EMISSION POTENTIAL 
An increase in loose surface sand reflects an increase in emissions potential on the playa. While dust 
(PM10) can be entrained into the atmosphere directly through via aerodynamic uplift (Kok et al. 2012), this 
is generally short-lived (Macpherson et al. 2008). Sustained dust emissions are generally caused by 
saltation (wind-blown sand). Thus, areas with unlimited supplies of erodible particles that move under 
high wind conditions tend to produce more prolonged and higher dust emissions (Macpherson et al. 
2008), relative to supply-limited surface conditions. When saltation occurs, dust is ejected from the soil 
being bombarded by saltating (moving/hopping) particles and from the particles participating in the 
saltation (Kok et al. 2012, Li et al. 2015). Houser and Nickling (2001) reported that the level of erosion on 
clay-crusted playas was dependent on the balance between the ability of the sand to abrade the surface 
and the susceptibility of the surface to abrasion, and that the crusted surfaces can become sustained 
sources of dust when there is a non-limiting supply of abrading material, such as sand.  

The loose surface sand percent of playa surfaces was assessed in 10-percent intervals in the field during 
each survey associated with a PI-SWERL measurement. For the purposes of developing an emission ruleset 
(Section 4), these intervals were grouped into two classes: No Sand (<10%) and Sand (>10%) (Figure 11). 
Statistical analysis of the 2020/2021 PM10 emission rates by sand cover indicates the following: 1) emission 
rates at sand cover less than 10 percent are significantly lower than those in the 10-30 percent and >30 
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percent classes (P<0.001), and 2) once merged, emission rates at sand cover less than 10 percent are 
significantly lower (up 1 ½ orders of magnitude) than those in the >10 percent class (P<0.001). Thus, the 
latter classification provides a practical and clear threshold that can be applied to incorporate the effect 
of loose surface sand on PM10 emission rates (Figure 11). Results suggest that the presence of loose 
surface sand significantly increases the potential PM10 emissions. 

FIGURE 11. PLAYA SURFACE SAND PRESENCE VS. U* AND PM10 EMISSIONS POTENTIAL  

 

2.3.3 SOIL MOISTURE AND EMISSIONS POTENTIAL 
The relative moisture of the soil is an important factor in determining the potential to generate windblown 
PM10. Moist soils have shown to have lower PM10 emissions potentials compared to dry soils (Abulaiti et 
al. 2014, Dai et al. 2020), with reported emission reductions by 99 percent at soil moisture levels starting 
at 3 to 5 percent (Munkhtsetseg et al. 2016, Wang et al. 2014, Wiggs et al. 2004). Soil moisture creates a 
humid film between particles, strengthening inter-particle bonds (e.g., Aimar et al. 2012), thereby 
reducing potential PM10 emissions. In the current work, soil moisture was assessed in the field in three 
categories: dry (no soil moisture present), moist (field capacity or wetter), and slightly moist (field capacity 
to wilting point). Emission rates decreased with increasing soil moisture content, with statistically 
significant differences between the three field moisture classes (P<0.001). For the purposes of developing 
an emissions ruleset (Section 4), the slightly moist and moist classes were merged (aggregated as the 
binary class “wet”; Figure 12). This addressed the challenge in separating these two groups in remote 
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sensing, and yielded a clean threshold to incorporate soils moisture effects into the ruleset. To provide a 
quantitative understand of the water content of these qualitatively assessed soil moisture classes, 57 
volumetric soil samples were collected and processed using an oven drying method. The water content of 
the dry class was characterized as follows: lower quantile, median, and upper quantile of 0.9%, 2.4%, and 
11.3% water by volume, respectively. The wet class was characterized as follows: lower quantile, median, 
and upper quantile of 15.3%, 22.8%, and 35.9% water by volume, respectively. Reynolds et al. (2007) 
reported that emissions from wet playas can be highly dynamic, due to rapid changes in surface conditions 
under influence of changes in soil moisture and wind speed. Dry playa, on the other hand, can be more 
stable due to the formation of stable crusts, for as long as these crusts are not disturbed (Reynolds et al. 
2007). 

FIGURE 12. PLAYA SURFACE SOIL MOISTURE VS. U* AND PM10 EMISSIONS POTENTIAL 

  

 

2.3.4 SOURCE DELINEATION 
Source delineation methods were used to investigate areas where plumes (diffuse and discrete) and 
evidence of erosion were observed. Plumes are observed in the field or from the Bombay Beach, Salton 
South, and Vail Drain Roundshot cameras. PI-SWERL sampling, surface characterization, and photo-
interpretation were used to determine emissive portions of playa in these areas. Additional source 
delineation methods were used in the field to evaluate remote areas of the playa that are not sampled 
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regularly, as well as areas prioritized because of their environmental settings (e.g., playa located at the 
outlet of a sandy wash). 

For example, two locations on the west side of the sea, where sand from the desert domain is deposited 
onto exposed playa were identified and prioritized for source delineation. The northern site (Clubhouse) 
(Figure 13) is located a mile and half south-east of the CH PI-SWERL transect at the outlet of the Coral and 
Palm washes. On March 24th, 2021, 17 PI-SWERL samples were collected to investigate the emission 
potential of the location. On April 25th, dust plumes were observed coming from this area during high-
wind conditions (Figure 13). The PI-SWERL and plume observation data were used to delineate the “hot 
spot” areas of the site, that were observed to be the most active. These results suggest that these  washes 
were fairly homogeneous with emission potentials on the high end of the observed range around the 
Salton Sea. 

FIGURE 13. CLUB HOUSE SOURCE DELINEATION 
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The second site (Tule Fan) is much larger, encompassing the outer fringe of the Tule Fan where alluvial 
material converges with playa surfaces (Figure 14.). Although no active plume observations were observed 
coming from Tule Fan on April 25th, the geomorphic setting of other sand-laden dry washes larger than 
Coral and Palm Wash terminating on the Tule Fan warranted further investigation. During the first week 
of June 2022, PI-SWERL sampling was conducted at visually distinct (from imagery) portions of the Tule 
Fan (Figure 14). Results suggest emissions vary across the fan, with emission potential being highest near 
or downwind of where active channels terminate. The large, flat, coherent, sometimes moist, silt deposits 
(e.g., SD_30) were found to have very low emission potentials. Alternatively, the area surrounding PI-
SWERL site SD_60 was of particular interest due to the presence of a large amount of sand concentrated 
at the end of the wash being concentrated in dunes and redistributed by the prevailing westerly wind 
across the playa resulting in significant erosion (Figure 14). 

FIGURE 14. TULE FAN SOURCE DELINEATION 
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3 DESERT PI-SWERL SAMPLING  
This section describes the methodology, results, and discussion for PI-SWERL sampling in the desert study 
domain for the 2020/2021 monitoring period. Emissions potential of desert surfaces was assessed during 
two events in February and April 2021. 

3.1 METHODS 
Desert surfaces are subject to changes associated with precipitation and flash flood events but not to 
surface changes due to the dissolution of salt crusts at the playa. This makes the variability over the year 
in desert surfaces considerably less than crusted playa surfaces. King et al. (2011) found that there was 
relatively minor variability in emissive characteristics in desert landforms adjacent to the Salton Sea (e.g., 
dunes, dry washes) compared to playa surfaces, which exhibited up to three orders of magnitude of 
differences in emissions potential between September and February. Reasons for the limited temporal 
variability in emissions potential include the sandy textures of the soils in the desert west of the Salton 
Sea. Desert surfaces are influenced by precipitation events and the runoff and deposition of erodible fine 
particles associated with flash floods. Nevertheless, Bergametti et al. (2016) found data showing impacts 
of a rain event in an African desert on dust emissions potential lasting less than 12 hours after 
precipitation. Thus, moisture impacts can be generally short-lived in most desert land forms. Based on the 
above information, desert sampling was limited to two sampling campaigns per dust season, executed 
during the most emissive months: February and April. 

Surface characteristics evaluated in desert surveys are specific to desert surfaces and differ from playa 
surface surveys. Based on the anticipated emissions potential and the scale of the adjacent desert 
landscape, seven desert surface characterization subclasses (out of 13 total) were prioritized for emissions 
sampling (shaded in orange in Table 3; Figure 5). For example, dry washes were sampled for emissions 
potential, whereas subclasses with bedrock or cobbles were not. The offshore playa subclass was sampled 
in 2016/2017, but not in following monitoring years due to limited access and low emission potentials. 
Some of these landforms have been sampled around the Salton Sea (King et al. 2011, Sweeney et al. 2011), 
in the Mojave desert (MacPherson et al. 2008), and on other continents (Bacon et al. 2011, Wei et al. 
2018). However, the SS AQM extends the number of landforms beyond these studies. 

The PI-SWERL sampling methodology for the desert uses a six-step test that is similar to the six-step playa 
test with the exception of having a lowest step with a value of 1,000 RPM at the beginning of the test 
rather than 1,500 RPM (Section 2.1). This extra step is lower to account for relatively lower u*t values for 
some subclasses in the desert study domain. Three replicate six-step tests and one ramp test were 
conducted at each sampling site (per subclass, if applicable). 
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FIGURE 15. EXAMPLE PI-SWERL STEP TESTS: DESERT STEP TEST OF A SUPPLY UNLIMITED SURFACE.  
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TABLE 3. SUBCLASSES FOR DESERT SURFACE CHARACTERIZATION 
The seven subclasses selected for PI-SWERL sampling are shaded below in orange. These are the same subclasses selected for 
last year’s PI-SWERL sampling (IID 2021d). 

Class  Subclass 
Sub-
class 
Code 

Description 
Selected for 
PI-SWERL 
Sampling  

1-Dry Wash 
Units 

Dry Wash 1 Ephemeral drainage dominated by well sorted, fine- to coarse-
grained sand. Undisturbed silt found in dry washes is often 
present as a friable thin mud-cracked sheet. 

Yes 

2-Alluvial Fan 
Units 

Sand 
Dominated 

2 Alluvial sand typically located near the bottom of the fan. Yes 

Sand and 
Gravel 
(Alluvial) 

3 Alluvial sand capped by gravel lag. Typically located near the 
middle of the fan. 

Yes 

Cobbles  4 Alluvial fan deposits consisting of sand, gravel, and cobbles. 
Typically located near the top of the fan. 

No 

3-Sand Units  Sand Dunes 5 Active aeolian dune and erosional interdune surface. Large 
asymmetrical, barchan, and linear dunes are the most 
common in this region. Dunes are >1.5m height and typically 
fine- to medium-grained. 

Yes 

Sand Sheet 6 Active aeolian deposit. Flat to low angle, uniform, expansive 
sand surface. Typically fine- to medium-grained. Coppice 
dunes <1.5 m in height. 

Yes 

Sand with 
Gravel Lag 

7 Sand sheets superimposed by a fine gravel lag. Yes 

4-Paleo Lakebed Silt 
Dominated 

8 Well sorted lacustrine silt deposits from prehistoric Lake 
Cahuilla. 

Yes 

Cobble over 
Silt 

9 Large cobbles regularly distributed among silt situated along 
the margin of prehistoric Lake Cahuilla. The cobbles armor the 
vulnerable underlying silt against wind erosion. 

No 

Gravel and 
Sand 

10 A mixture of gravel and sand present on old beach ridges 
formed by wave action. 

No 

5-Rock Units Sandstone 11 Highly friable, heavily eroded sandstone. Often taking the 
form of steep gullies. 

No 

Bedrock 12 Undifferentiated bedrock. A consolidated hard surface that is 
not emissive.  

No 

6-Offshore 
Playa 

Offshore 
Playa 

13 Independent depressions that once held water have now 
formed among very delicate mud-cracked silt. The underside 
of the mud cracks often has a distinct micaceous sheen.  

No 
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Desert PI-SWERL samples were conducted in accordance with the PI-SWERL User’s Guide (Dust-Quant LLC 
2018; Appendix C). For comparative purposes, the desert PM10 flux results were compared based on RPM 
values rather than friction velocities (Figure 12) because, unlike playa surfaces, the friction velocities 
applied with the PI-SWERL vary based on the desert subclass (Etyemezian et al. 2014). Depending on the 
surface characteristics, and, especially its roughness features, a different scaling factor was applied 
(Etyemezian et al. 2014), yielding a friction velocity at each RPM-level variable by surface type (Table 4). 
The assumed scaling factors of desert subclasses were associated with a qualitative description of surface 
roughness using guidelines for the PI-SWERL provided by Etyemezian et al. (2014). The assumed surface 
roughness length of the desert subclass determines which friction velocity suite is applied. Table 4 
illustrates that an increase in the assumed roughness length of a subclass (i.e., test surface) results in an 
increase in the friction velocity experienced by that surface at a given RPM. The same adjustment of the 
friction velocity has been applied since the 2018/2019 emissions inventory (IID 2020a). 

TABLE 4. FRICTION VELOCITY SUITES APPLIED TO DESERT SURFACE CHARACTERIZATION SUBCLASSES 

Desert Subclass Alpha-Value1 
Assumed Surface 
Roughness Length 

(mm) 
Friction Velocity Suite (m/s) 

Offshore Playa 0.98 0.1 0.22, 0.40, 0.48, 0.56, 0.64, 
0.72  

Sand and Gravel (Alluvial), 
Sand Dominated (Alluvial), 
Silt Dominated (Paleolake), 
Sand with Gravel Lag  

0.94 

 

0.23 0.24, 0.45, 0.54, 0.64, 0.73, 
0.82 

Dry Wash, Sand Sheet, 
Sand Dunes 

0.90 

 

0.6 0.27, 0.50, 0.62, 0.73, 0.85, 
0.96 

1 Etyemezian et al., 2014 
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3.2 RESULTS  
A total of 194 PI-SWERL sampling tests were conducted in the desert study domain for the 2020/2021 
monitoring year, including 146 six-step samples and 48 ramp test samples.8 Processed PI-SWERL sampling 
results are available in Appendix D. Desert PI-SWERL sampling results summarized by sampling campaign 
are shown in Figure 16. Emission potentials observed between these two sampling events were relatively 
consistent. Minor differences in the results are attributed to the small-scale heterogeneity of emission 
potential within sites.  Generally, it is understood that desert emissions potential is relatively static 
compared to the emission potential of playa surfaces. 

FIGURE 15. EMISSIONS POTENTIAL BETWEEN PI-SWERL SAMPLING CAMPAIGNS FOR THE DESERT DOMAIN (2021)  

 

 

 

 

  

 
8 This is compared to 175 PI-SWERL sampling tests conducted in the desert study domain for the 2019/2020 monitoring year, 
including 136 six-step samples and 39 ramp test samples. 
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3.3 DISCUSSION 
This section discusses the PM10 emissions potential of the seven desert surface characterization subclasses 
that were tested in 2021 (Table 3). Consistent with previous monitoring years (IID 2018, IID 2019, IID 
2020a, IID 2021), emission potentials varied considerably between landforms/subclass. As shown in Figure 
16, sand dunes, sand sheets, and dry washes were the most emissive, followed by sand-dominated 
(alluvial), sand with gravel lag, sand and gravel (alluvial), and paleolake surfaces. The amount of sand 
available for saltation drives the emissive potential of each desert surface characterization subclass. 
Sweeney et al. (2011) assessed eight common desert landforms in the eastern Mojave Desert and around 
the periphery of the Salton Sea in southern California. Three of these landforms correspond with Salton 
Sea playa landforms/surface types. Sweeney et al. (2011) found playa margins and lacustrine beaches to 
be high dust emitters and salt-crusted playas to be low dust emitters. The remaining five desert surfaces 
assessed by Sweeney et al. (2011) correspond with desert surface types sampled in this analysis. They 
identified dry washes, sand dunes, and distal alluvial fans (sand-dominated alluvial fans) to be large 
emitters of dust. Additionally, they found silt-crusted playas (silt-dominated paleolake) and desert 
pavements (sand with gravel lag) to be lower dust emitters. The findings of Sweeney’s team parallel the 
results from this PI-SWERL sampling analysis, both in relative ranking of these desert surfaces in terms of 
emissions potential, as well as in approximate order of magnitude of the potential emissions. Emission 
rates for dry washes and silt-dominated paleo lake surfaces were of the same order of magnitude as those 
reported for the surface around the Salton Sea by King et al. (2011). Emission rates for sand dunes and 
alluvial fans were of the same order of magnitude as those reported in China (Wei et al. 2018). However, 
emissions from dry riverbeds and flood plains in China (Wei et al. 2018) were an order of magnitude lower 
than those found for dry washes in the desert west of the Salton Sea. 

Results indicate that dust emission potential is much higher for playa surfaces compared to (Lake Cahuilla) 
paleo-lake surfaces and off-sea playa surfaces. Exposed playa surfaces associated with the Salton Sea are 
distinct from Lake Cahuilla paleo-lake surfaces and off-sea playa surfaces in several ways. The hyper-
salinity of the Salton Sea (compared to a fresher Lake Cahuilla and Clark Dry Lake) and the proximity to 
shallow groundwater with an upward hydraulic gradient results in efflorescent dynamic salt crust with 
varying stability (Buck and Etyemezian, 2011). Exposed paleo-lake (typically silt dominated) surfaces 
associated with Lake Cahuilla and offshore playa (also silt-dominated) associated with Clark Dry Lake 
would be considered "dry playa" surfaces in the literature (Reynolds, 2009). These surfaces are 
characterized by a greater depth to the saturated zone (> 4 m depth), a lack of evaporation of groundwater 
at the surface, and often have hard, stable, clastic surfaces (Reynolds, 2009). PI-SWERL sampling indicates 
that these surfaces have vastly different emissions profiles, specifically, where playa salt crusts vary 
considerably in emission potential, the paleo lake and offshore playa are essentially non-emissive. 
Although the fine-grained paleolake and offshore playa surfaces likely have a high water holding potential, 
their fluvial geomorphology and the sporadic nature of rain events does not lend itself to infiltration 
and/or prolonged moistening of surfaces on the margins of the Salton Trough. 
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FIGURE 16. DESERT SURFACE CHARACTERIZATION SUBCLASS VS. PI-SWERL RPM AND PM10 EMISSIONS POTENTIAL  
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4 RULESET DEVELOPMENT 
This section discusses the approach used to generate specific dust emissions profiles for playa and desert 
conditional surface classes. Playa PI-SWERL results from the 2020/2021 monitoring year were merged 
with previous results back to 2018/2019 and desert PI-SWERL results were merged with previous results 
back to 2015/2016 to strengthen sample size distributions. Playa PI-SWERL results were classified into 
conditional classes, unique combinations of three of the most influential surface parameters, specifically, 
crust type, loose surface sand presence, and soil moisture. Desert PI-SWERL results were classified by 
subclasses based on landform. A statistics-based emissions profile expressing PM10 emissions as a function 
of the surface friction velocity was then generated for each playa and desert conditional class. Desert PI-
SWERL sample tests were not classified by moisture because all desert surfaces sampled were found to 
be dry at the time of sampling. The effects of desert precipitation on soil moisture and emissions were 
too infrequent and are generally short-lived in terms of their effects on soil moisture to be represented 
effectively in PI-SWERL sampling or soil moisture mapping. The emissions profiles in these rulesets provide 
conditional-class-specific (playa) and subclass-specific (desert) PM10 emission rates for a given u* value. 

4.1 METHODS 
As described in the preceding sections, PI-SWERL sampling data were collected to understand the 
emissions potential of surface properties. This section describes the methodology to develop emissions 
rate curves from the individual emission rates at a specific friction velocity. The six discrete RPMs applied 
in playa and desert PI-SWERL sampling have unique corresponding friction velocities (m s-1) depending on 
the surface type. Curves were developed for the six-step playa and six-step desert PI-SWERL sampling 
data, which were then used to translate surface friction velocity to vertical PM10 flux for a wider range of 
surface friction velocities, including the threshold friction velocity. In this application, the threshold 
friction velocity is defined as the minimum friction velocity required to initiate PM10 emissions above what 
could be considered a “clean” background (Section 2.1). The emissions rate curves were used to develop 
an emissions ruleset (a series of emissions rate curves) for each conditional surface class for the playa and 
each subclass for the desert. The strength of the data is the high replication of PM10 flux measurements 
for both the playa and desert domains, thus generating a well-supported probability distribution of PM10 
flux values.9 

PI-SWERL results provide a range of corresponding u* and PM10 emissive potential values for each playa 
conditional class and desert landform. For each conditional class and friction velocity (stable RPM step), 
the 25th, 50th, and 75th percentile emission rates were calculated. The purpose of selecting these percentile 
values as benchmarks was to represent a range of emission scenarios, specifically, low ("least 
conservative"), medium ("middle of the road") and high (most conservative"). These scenarios reflect the 
variability in emissions that are inherent to the dynamic nature of playa emissions, as well as uncertainty 
inherent to the environmental sampling approach.  The 25th, 50th, and 75th percentile values provide a 
reasonable basis as a range of emission rates, and is transparent to a variety of audiences, including a 
more non-technical audience. Another option would be to use of the minimum-maximum, but these 
would provide a highly skewed approach to the observed range in both directions. While the confidence 

 
9 Playa tests – 1,531; Desert tests – 634 
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interval could be applied to the various scenarios, the methods of binning by RPM step did not lend itself 
to define a regression curve and the associated confidence intervals. 

In the next step, linear segments were fitted between each u* step, which could then be applied to 
estimate the emissions rate at u* between each step. This approach allows for estimating an emission 
rate over the full range of measured friction velocities. The 50th-percentile represents the most likely 
scenario (midpoint between emission rates at a given u*). The 25th and 75th percentile values provide a 
low and high estimate, respectively, and are an indicator of the natural variability in the emission rate 
estimates. This statistical process worked well for developing the input to the dust emissions modeling. 
To the team’s knowledge, this is a first application of PI-SWERL data as the main basis of establishing 
relationships between PM10 emissions and u* for the purposes of emissions and atmospheric dispersion 
modeling. While several other studies have used the PI-SWERL instrument to assess emissions potential 
for playa and desert surfaces, most researchers report comparisons at fixed u* values only (e.g., King 
2011, Sweeney et al. 2016b). Bolles et al. (2019) established relationships between PM10 emissions and 
u* for a variety of soil textures and surfaces conditions in the Southern High Plains (United States), and 
compared these relationships to evaluate effects of soil texture, surface disturbance and 
absence/presence of clods on PM10 emission rates.   Figure 17 and Figure 18 show examples of the ruleset 
development process applied to both playa and desert samples. Figure 18 shows the transformation of 
the data for use in the curve fitting. 

  



Attachment 3 
2020/2021 PI-SWERL Sampling Report 

37 

FIGURE 17. EXAMPLE SUMMARY OF SIX-STEP PI-SWERL SAMPLING RESULTS AS POINTS ALONG A DISTRIBUTION FOR AN 
EXAMPLE UNIQUE SURFACE COMBINATION ON PLAYA 

To describe regions between the applied surface friction velocities, the median, 25th percentile, and 75th percentile points along 
the PM10 flux distributions were identified (filled points). Inserted figure on top left with open points indicates the distribution of 
u*t values. 
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The approach was to connect the individual percentiles from the same location along the PM10 flux 
distributions using simple linear models. To be able to describe regions and variability between the 
applied surface friction velocities, the median, 25th percentile, and 75th percentile points along the PM10 
flux distributions were quantified (Figure 18). A similar approach was used to handle the estimation and 
uncertainty of u*t. One possible method to determine u*t is to calculate the x-intercept of the emissions 
profile curve with the “clean” background value. Based on the results from the ramp tests, the u*t 
distributions were also quantified (Figure 18) and merged with the six-step PI-SWERL sampling data. For 
PM10 estimation purposes, emissions are considered zero for surface friction velocities smaller than u*t. 
A straight line was fit to connect u*t and the next observed discrete surface friction velocity greater than 
the u*t. Points from the PI-SWERL sampling data that had a smaller u* than the u*t were set to emissions 
of zero. These represent data points for which the emission rates were within range of those expected for 
“clean” background conditions. Straight lines were fit between each of the remaining observed discrete 
surface friction velocities (Figure 18).  

Emissions rates estimated above the highest PI-SWERL-sampled surface friction velocity were held 
constant and equal to the highest observed values. Literature points to many different behaviors of PM10 
flux for friction velocities greater than those generated during five- and six-step tests (Shao et al. 2011, 
Gillette 1977, Wu et al. 2018). The ruleset assumes that saltation saturates at or above the highest surface 
friction velocity and does not increase beyond u* values above 0.72 m s-1. Thus, the assumption is that for 
any surface friction velocity greater than 0.72 m s-1, the PM10 flux is equal to that estimated at 0.72 m s-1. 
With this assumption, the emissions rate curve can translate any surface friction velocity to a PM10 flux 
(Figure 18). While this approach potentially underestimates the PM10 emissions at the highest modeled 
wind speeds, the impact of this assumption is likely relatively minor, if at all. This is because there are only 
limited occurrences of cases in the modeling domain and period with hourly u* values greater than the 
maximum values of 0.72 and 0.96 m s-1 on the playa and desert, respectively. When the u* value is 
corrected by considering non-erodible roughening elements (e.g., vegetation [IID 2021c]), the friction 
velocity acting at the erodible surface (i.e., at the level of the PI-SWERL) is smaller than the 0.72 m s-1 for 
any high wind event at the six shoreline stations in the last 10 years. Hence, any potential underestimation 
in the emissions estimate due to this assumption is likely marginal. 

Emissive surface types that are present in the playa and desert domains—but do not have the necessary 
PI-SWERL sampling to support an emissions rate curve—will be represented by an emissions rate curve 
from a comparable surface type (Section 4.2).  
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FIGURE 18.  EXAMPLE EMISSION RATE CURVES 

The solid lines are the emission rate curves. The first quantile represents the lowest potential emission estimates, the median 
represents the median estimates (best estimates), and the third quantile represents the highest potential emission estimates.  
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4.2 RESULTS 
The emissions ruleset is a series of emissions rate curves for each conditional surface class. There are 20 
playa conditional classes corresponding to the iterative combinations of the three surface parameters that 
are the most influential emissions drivers: 

• Crust Type 
o Barnacle Bed 
o Botryoidal 
o No Crust 
o Smooth 
o Weak Botryoidal 

• Sand Presence 
o Sand  
o No Sand 

• Soil Moisture 
o Dry 
o Wet  

The desert has surface characterization subclasses (eight from 2016/2017 results merged with the seven 
sampled in other monitoring years): 

• Dry Wash 
• Offshore Playa 
• Sand and Gravel (Alluvial) 
• Sand Dominated (Alluvial) 
• Sand Dunes 
• Sand Sheet 
• Sand with Gravel Lag 
• Silt Dominated (Paleolake) 

Following the steps described in Section 4.1 for the emissions rate curve development methods, emissions 
rates were developed for each playa conditional class (Figure 19) and desert landform (Figure 20). The 
“No Crust/No Sand/Wet” emissions rate curve was applied to the “No Crust/No Sand/Dry” conditional 
class to account for a lack of PI-SWERL samples. Similarly, the “Sand and Gravel (Alluvial)” emissions rate 
curve was applied to the “Gravel and Sand (Paleolake)” conditional class. 
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FIGURE 19. PM10 EMISSIONS RULESET FOR THE PLAYA STUDY DOMAIN 

The playa PM10 emissions ruleset is a series of emissions rate curves for each conditional surface class. The solid lines represent 
the emissions rate curves. The vertical dashed lines represent the threshold friction velocities used. The “a” value denotes the 
percent of the playa study domain represented by that conditional surface class (Attachment 4 in IID 2021d). “6S n” represents 
the number of step samples collected. “u*t n” denotes the number of u*t replicates. 
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FIGURE 20. PM10 EMISSIONS RULESET FOR THE DESERT STUDY DOMAIN 

The desert PM10 emissions ruleset is a series of emissions rate curves for each conditional surface class. The solid lines represent the emissions rate curves. The vertical dashed lines represent 
the threshold friction velocities used. The “a” value denotes the percent of the desert study domain represented by that conditional surface class (Attachment 4 in IID 2021d). “6S n” 
represents the number of six-step samples collected. “u*t n” denotes the number of u*t replicates. 
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4.3 DISCUSSION 
Using the last three years of PI-SWERL datasets, 20 ruleset curves relating PM10 with u* were developed 
for the playa for all types of unique surface combinations representing crust type, surface sand presence, 
and soil moisture. Eight ruleset curves relating PM10 with u* were developed for the desert for its 
respective geomorphic surface subclasses, with offshore playa resulting in negligible emissions potential. 
Figure 20 and Figure 21 illustrate that the potential emissions varied as a function surface condition class, 
landform, and  friction velocity. For all crust types, the presence of surface sand and dry soil conditions 
led to an increase in potential emissions.  

The methodology applied in this effort did not distinguish between two separate mechanisms of PM10 
emissions from playa and desert surfaces, specifically: direct entrainment and saltation-based emissions 
(MacPherson et al. 2008). Refinements in the methodology to account for these two mechanisms may be 
incorporated in future refinements. Direct entrainment consists of PM10 emitted from a surface without 
active sand motion to sustain these emissions, resulting in short-lived but high dust emissions (Sweeney 
et al. 2016b). Saltation-based emissions generally are sustained over much longer time periods, and tend 
to occur on playa surfaces with loose sand-sized material that moves and thereby erodes the surface 
under high wind conditions (Sweeney et al. 2016b). 

A further analysis of the ruleset results for the point-measured weather conditions from July 2016 to June 
2020 clearly indicates the effect of sand presence and dry conditions on playa emissions (Figure 21). Total 
PM10 emissions estimates at Salton City averaged over the last this four-year period indicate that the 
highest emissions originated from dry surfaces with a presence of loose sand (Figure 21). Both surface 
classes without surface sand contributed marginally or did not contribute to the total. Wet surfaces with 
sand present also did not contribute significantly to the overall emissions estimates for the playa domain. 
Within the dry surfaces with loose sand present, emissions were highest for non-crusted surfaces. These 
findings are consistent with the effect of surface crusts, loose erodible sand, and soil moisture reported 
in the literature (Section 2.3).  
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FIGURE 21. EFFECT OF SAND PRESENCE AND SURFACE MOISTURE ON PLAYA PM10 EMISSIONS 
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1 INTRODUCTION 
This document provides the Standard Operating Procedures (SOP) for properly operating and 
maintaining the miniature PI-SWERL (Portable In-Situ Wind ERosion Laboratory), model MPS-2a, at the 
Salton Sea, California. The PI-SWERL is a portable instrument developed by the Desert Research Institute 
in Reno, Nevada, and licensed to Dust-Quant LLC in 2007 (https://www.dri.edu/pi-swerl). It is used to 
measure the potential for surface and soil erosion and associated dust suspension under the influence 
of variable wind speeds (Dust-Quant LLC 2018). The PI-SWERL can be operated by one individual, is 
highly portable, and conducts fast and efficient measurements. It is an efficient alternative to traditional 
wind tunnels, which require long setup times and crews of several individuals to operate. Direct 
comparisons of the PI-SWERL with the University of Guelph’s straight-line field wind tunnel yielded 
comparable results on desert surfaces in the Mojave Desert (Etyemezian et al. 2007; Sweeney et al. 
2008). 

Sampling with the miniature PI-SWERL has been conducted in the Salton Trough since 2015. A second 
unit (PI-SWERL II) was introduced alongside the original unit (PI-SWERL I) in 2019. The addition of PI-
SWERL II increases sampling capacity and provides redundancy in PI-SWERL measurements.  

The instrument description and guidelines in this SOP are not intended as a comprehensive guide. 
Anyone using the instrument will need to be familiar with the PI-SWERL and DustTrak manuals 
(Operator’s Manuals) (Dust-Quant LLC 2018; TSI Incorporated 2019) to operate the instrument correctly 
and safely. This SOP is specific to the Salton Sea Air Quality Mitigation Program, and is adapted from the 
original SOP included in IID 2016. This SOP may not be applicable to other jobsite locations. 

1.1 PRINCIPALS OF OPERATION 
The standard PI-SWERL is provided with a cart that serves to transport the instrument in the field (Dust-
Quant 2018 (Figure 1). The cart portion for both PI-SWERL I and II houses a tablet interface and a battery 
power source. The hardware that controls the sampling unit resides in the control box on the cart for PI-
SWERL I, and has been consolidated in-situ with the sampling unit for PI-SWERL II. The sampling unit is a 
circular dome (D = 30 cm, H=20 cm) that houses a motor, annular blade, clean air blower, optical gate 
sensors, and a nephelometer style dust monitor (TSI 2019). A cable is used to connect the sampling unit 
and the field measurement cart (Figure 1).  The annular blade within the sampling unit sits about 2 
inches above the soil surface. Increasing the rotational speed of the blade, expressed as rotations per 
minute (RPM), exerts a shear stress on the soil surface.  The amount of shear stress exerted on the 
surface simulates conditions for a given wind speed.  

The instrument has two main sensors, specifically, the DustTrak 8530 nephelometer and the Optical 
Gate Sensors (OGS). The DustTrak does not collect a true mass-based measurement, but it was selected 
for its portability, durability, sampling rate (1 second), and its ability to measure concentrations over 
four orders of magnitude (~0.001 to 400 mg/m3). Dust generation is measured as particulate matter 
with an aerodynamic diameter equal to or less than ten microns (PM10) by diverting a portion of the 
exhaust air from the test chamber to the DustTrak unit (blue component on top of the sampler; Figure 

https://www.dri.edu/pi-swerl
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1). Concentrations measured by the DustTrak, assessed at a constant rate from the known area of the 
PI-SWERL sampling apparatus, can be converted to PM10 fluxes (mass emitted per surface area per unit 
time) in subsequent analyses. Potential sand motion activated by the spinning blade is recorded by two 
pairs of OGS; each pair is situated at a different height above the test surface (Figure 2 and Figure 3). 
Each OGS sensor records the obstruction of a light beam between an LED light source and a 
photoreceiver by “sand-sized” particles or aggregates. The frequency and magnitude of these 
obstructions vary in response to the amount of saltation activity taking place within the sampling 
apparatus. The OGS data provides useful information about the approximate level of saltation occurring 
during the test. Saltation is considered the main mechanism for sustained PM10 emissions from natural 
surfaces under high wind conditions. OGS data is recorded concurrently with the PM10 concentrations 
on a second interval.   

The current PI-SWERL tests implemented as part of the Salton Air Quality Program (IID 2016) include a 
“six-step” and “six-step-playa” test, consisting of six stable RPM phases lasting a total of 11 minutes 
(Figure 4). Summary statistics are calculated for each of the stable phases as part of the data analysis. 

FIGURE 1.  PI-SWERL UNIT AND CART 

PI-SWERL I (left); PI-SWERL II (right) 
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FIGURE 2. INTERNAL VIEW OF THE PI-SWERL TESTING CHAMBER 

 

FIGURE 3.  CLOSE-UP OF OGS UNITS 
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FIGURE 4.  EXAMPLE PI-SWERL TEST PROFILES 

Shown are profiles of targeted RPM as a function of the duration of the test, for Six-Step Playa and Six-Step tests. 
 

  

 

1.2 GENERAL SAFETY PRECAUTIONS 
The following safety precautions shall be followed: 

• All field staff should carry a working cell phone and wear appropriate Personal Protective 
Equipment (PPE). 

• Check the forecast to ensure safe weather and environmental conditions before visiting a site. 
• From a distance, visually inspect road and hiking trail conditions to ensure safe passage to and 

from a site. 
• Prior to a site visit, notify other personnel regarding the visit. 
• Follow all rules and safety guidelines specific to IID. 
• If applicable, carry Right-of-Entry permits at all times while accessing the sites.  
• Precautions should be taken to avoid electrical shock and/or dismemberment of body parts.   
• Disconnect battery power before working with electrical components. Ensure that all moving 

parts have come to a complete stop before moving or handling instrument.  
• Use caution when working on elevated surfaces as to not damage the instrument or risk 

personal injury (due to loosened objects from fast-spinning blade). 

1.3 SAMPLING INTERFERENCES/PRECAUTIONS 
The following sampling interferences/precautions shall be followed: 

• The sampler should rest on a surface representative of the general area to be sampled. 
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• The sampler should be placed on a surface with minimal gaps under the foam. 
• Sampling surfaces should not be disrupted prior to test (unless the disrupted surface is intended 

as part of the test). 
• Areas with visible moisture should be avoided. 
• Areas with too much roughness (rocks, playa ridges, etc.) should be avoided as these 

obstructions can damage the rotating blade and internal portion of the instrument. 

2 EQUIPMENT AND SITE SELECTION  
2.1 EQUIPMENT AND SUPPLIES 
The following equipment and supplies are required for operating the PI-SWERL: 

• PI-SWERL 
• Cart 
• DustTrak  
• Battery pack and backup battery 
• Control cables 
• Zero Calibration attachment  
• Machine oil for PM10 filter 
• GPS unit loaded with planned sampling locations 
• Surface survey kit 

2.2 SITE SELECTION 
The methods of site selection depend on the nature of the sampling effort. For current Salton Sea 
surveys, the general areas to be sampled, as well as surface types of interest, will be identified by the 
Program Manager, or delegated representative. Selected sites or their general vicinity will be loaded 
onto the handheld GPS and located (as close as possible) in the field during sampling. 

On the Salton Sea playa, transect sampling locations will target approximately the same general area 
and spacing between sampling locations on a monthly basis, ensuring that each area represents the 
targeted soil texture and/or surface type. Similarly, in the off-Sea areas around the Sea, approximate 
sampling locations and the targeted soil texture and/or surface type at each location will be identified 
prior to sampling by the Program Manager, or delegated representative.  For PI-SWERL sampling 
associated with the playa-wide soil survey, the Program Manager, or delegated representative, will 
establish a radius around each soil core location. A representative surface for sampling can be randomly 
selected within this predetermined radius. 

3 OPERATIONAL PROCEDURES 
This section describes the operational procedures for PI-SWERL sampling, including the DustTrak and 
Optical Gate Sensors (OGS). The DustTrak is used to measure particulate concentrations, specifically, 
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PM10, in the PI-SWERL chamber. The OGS are four sensors (two sensors at two heights above the 
surface) that provide a measure of sand motion within the chamber.  

3.1 INITIAL SETUP OF SAMPLER 
Confirm the following before conducting a field operation: 

1. The PI-SWERL will turn on. 
2. The DustTrak is connecting with the PI-SWERL software. 
3. The battery is fully charged. 
4. The foam on the PI-SWERL is secure. 
5. The zero calibration on the DustTrak (TSI Incorporated 2019) has been run. 

3.2 STEPS TO START SAMPLING 
To start sampling, follow these steps: 

1. Locate and travel to the sampling site. 
a. Use a vehicle to transport the PI-SWERL to the site. Secure the PI-SWERL transport cart 

during transit. The sampling unit should be secured within the cab of the vehicle during 
transit. 

b. Navigate to the site using the handheld GPS unit. 
c. Depending on site access and travel distance to the sampling site, the PI-SWERL can be 

transported to the test site using one of three methods (or a combination thereof): 
i. Directly out of the truck bed (for sites accessible by truck). 

ii. Using a side-by-side, where the PI-SWERL and cart are secured.  
iii. Using the cart that the PI-SWERL unit is mounted on (walk-in access only).  

2. Place the battery into its housing on the transport cart.   
• If using PI-SWERL I, ensure that the battery power cable is properly connected and 

secured. 
3. Connect the control cable between the PI-SWERL and the control box (PI-SWERL I) or directly to 

the battery (PI-SWERL II). 
• If using PI-SWERL II, make sure the uni-directional cord is connected so the end that 

supports tablet charging is plugged into the battery and the tablet is plugged in. 
4. Before proceeding to the next step, verify that the following connections are secured: 

• Battery power cable (PI-SWERL I) 
• Communications cable (PI-SWERL I) 
• Control Cable 

Note: Failure to properly connect the control cable prior to turning on the machine can 
damage internal electrical connections. 
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5. At the first sampling site, turn on the PI-SWERL using the switch (PI-SWERL I: located at the rear 
of the control unit; PI-SWERL II: located on the sampling unit).  A red light on the switch should 
light up. 

6. Turn on the tablet (PI-SWERL I: located below the monitor; PI-SWERL II: located on side of 
tablet). 

• Note: (PI-SWERL I) Occasionally the cursor will appear to dart wildly about the monitor 
upon initial start-up. This is a known glitch in the system and is best corrected by hitting 
the Start and then Power off buttons before re-booting. 

• Note: (PI-SWERL I) Do not plug in the keyboard until the computer is fully turned on. 
Only plug the keyboard into the top-left USB port.  

7. Select Program a Sampling Event. 
8. Program the sampler to run the first test. 

a. From the desktop, double-click SwerlView. 
b. The Test Specification Panel will appear. Choose the program to run. 

Note: The evaluation to be run can vary by test and will be coordinated by Project and 
Site Managers. If a new program is developed, the Site Manager will verify that test 
specifications are transferred correctly to the PI-SWERL unit. 

c. The Test Description Panel will appear.   
9. Enter the Test Description and Comment.  Examples: 

• Test Name: Automatically populated (examples: Six-step Playa/Six-Step/Cleaning) 
• Test Comment 1: CH_6  (Interpretation: Club House, Test 6)) 
• Test Comment 2: Test1 (Default – Can stay the same, or be used as an additional field to 

specify a test) 
10. Select Run at the bottom. Important: Once Run is selected, the test will begin. Ensure that the 

sampler is properly placed before selecting Run.  
11. Conduct a surface survey adjacent to the area being sampled with the PI-SWERL.  
12. Move from one site to the next. 

a. Ensure that the test has been completed. 
b. Confirm that the annular blade has been turned off and stopped running. 
c. Coil the control cable around the sampler, making sure not to twist it. 

Note: If the control cable becomes too twisted, the cable may need to be disconnected 
and untwisted. Do not disconnect the control cable until the unit has been powered off. 

13. If traveling short distances (~10 minutes between sites), it is not necessary to power down the 
PI-SWERL unit. For longer distance, or when traveling on a main road, it is necessary to power 
down the PI-SWERL and computer.  

14. Set up at the new sampling site. 
a. Place the sampler onto the test area. 
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15. If the unit was left running, repeat starting with Step 7 (the program should go to prior test by 
default; if a new test is desired, a different test must be selected). If the unit was turned off for 
travel or “uncoiling” the cable, repeat starting with Step 1. 

3.3 CLOSING DOWN PI-SWERL FOR TRANSPORT 
Once testing is completed at a site, and the unit is shut off for transport to the next site (or for the day), 
follow these steps:   

1. Turn off the tablet following prompts on the Windows menu. 
2. Turn off the power using the switch on the control box (PI-SWERL I) or the sampling unit (PI-

SWERL II). 
3. Detach the control cable.  

• Note: Do not disconnect the control cable until the unit has been entirely shut down. 

3.4 CONSIDERATIONS DURING MONITORING 
Ahead of and during a sampling day, the following aspects should be considered:  

1. If a range of sites is planned for a day, to the extent practical, plan to sample the sites early in 
the day that are anticipated to be least emissive, and at the end of the day those anticipated to 
be most emissive. This practice limits the introduction of dust from a more emissive site to a less 
emissive site. The PI-SWERL is cleaned with compressed air in between and within sites. “Clean” 
tests are also occasionally run to ensure that that background PM10 concentrations are met 
before the beginning of each test. However, the PI-SWERL does become more dusty throughout 
the day and material does accrue on the filter. This practice is an additional effort to limit the 
introduction of fugitive dust to the PI-SWERL. 

2. To minimize the “carry-over” of dust from one test to the next, check the PM10 concentration on 
the screen during the first phase (60 seconds) of each test. After an initial spike, the 
concentration should drop to about 0.02 mg m-3 or less to represent background PM10 
concentrations.  

3. Between changing sites, or after particularly dusty tests, it is recommended to run a “Clean 
Test” on the instrument. During cleaning, the test unit is placed on a metal or plastic surface and 
run at a high rotation (5,000 RPM) to drive off excessive dust that may have accumulated on the 
interior of the unit.   

4. If, during a dusty test, the PM10 concentration reaches sustained high levels, approximately 
defined as 230 mg m-3, stop the DustTrak (top-left button on the screen), but finish out the 
remainder of the test (OGS signal is still useful).   

5. If, during a test, the DustTrak loses signal, indicated with a fixed value of -1 on the PM10 
concentration, consider aborting the test, shutting down, checking all cable connections, and re-
running the test. 
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6. If, during a test, the DustTrak starts to dip into variable negative concentrations, but still 
fluctuates, the instrument calibration may have drifted. To remediate, re-run the zero-
calibration before running the next test. 

7. Monitor the battery power over the course of the day (see next item). 
8. If battery power falls too low, the unit will struggle to 1) reach high RPM levels (shown as delays 

in actual RPM on the screen), and 2) maintain high RPM levels (shown as increased variability in 
RPM and actual RPM levels lower than targeted). If battery power gets too low, replace the 
backup battery for the unit before continuing testing.  

9. During moderate or even low wind conditions, always point the exhaust port of the PI-SWERL 
downwind to avoid re-introducing dust into the apparatus. If applicable, placing the PI-SWERL 
downwind of the vehicle can be another way to protect it from the wind. Avoid sampling during 
high wind conditions.  

3.5 DATA RECORDS AND MANAGEMENT 
To download the run data, follow these steps: 

1. Power the PI-SWERL unit.   
2. Turn on the tablet.   
3. Insert a flash drive into the top-left USB port located below the monitor (PI-SWERL I) or the 

dongle provided (PI-SWERL II). 
4. Open the Shortcut to Swirlerdata folder located on the control screen desktop.  Alternatively, 

using Windows Explorer, open the folder used to store the data (c:/Swirlerdata/), and find the 
folder with results for that day (for example, all files for March 4, 2017, will be stored in a folder 
named 20170304. 

5. Select the appropriate files or file folder named for the date of the test event, and drag and drop 
to the flash drive directory.  

6. Remove the flash drive following safe removal practices, shut down the unit, and switch the 
control unit power off. 

7. Upload the data to the PI-SWERL Portal (https://saltonseaprogram.com/aqm/index.php). 

4 MAINTENANCE AND ADJUSTMENTS 
The PI-SWERL and DustTrak units need be checked and cleaned regularly as part of the quality control 
(QC) program. The following procedures are to be performed at the end of each sampling day:   

1. Clean the PI-SWERL.  
a. Make sure that all power is off on the PI-SWERL. Tilt the PI-SWERL so that it is at a 45˚ or 

greater angle. Using the air tank and a pressure nozzle, gently blow out the inside of the 
PI-SWERL. Adjust the air compressor to a moderate pressure or hold the nozzle farther 

https://saltonseaprogram.com/aqm/index.php
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away from the PI-SWERL to avoid damaging components. Avoid blowing air directly into 
the Clean Air Ports. 

b. Blow out the exhaust port, and outside of the PI-SWERL. 
c. Remove the air intake filter and blow it out.  
d. Remove the impact plate from the PM10 filter and clean it with compressed air. 
e. Wipe the computer screen with a clean cloth or a recommended monitor cleanser. 

2. Clean the DustTrak. 
a. Wipe the display screen with a clean cloth or recommended monitor cleanser. 
b. Blow any visible dust off with an air tank. 

3. Conduct general instrument maintenance.  

A description of general maintenance tasks and the recommended frequency is provided in Table 1. 

TABLE 1.  INSTRUMENT MAINTENANCE TASKS 

Frequency Maintenance Item 

Every Sample Day • Follow the maintenance procedures described above. 
• Inspect all cables for cracks or abnormal wear. 
• Confirm full charge on batteries. 
• Re-zero the DustTrak at the beginning of each sampling day, prior to 

first measurement. 
Every 20 sampling events, or as 
necessary 

• Run the zero-flush program. 
• When necessary, clean out the sampler with compressed air. 

After every 2 full days of field use • Clean the DustTrak monitor (see the DustTrak manual for details). 

 

5 CALIBRATION 
There is no need to calibrate the PI-SWERL unit. DustTrak units need to be sent to TSI Inc. for annual 
calibration. 

6 AUDITS 
There is no need to audit the PI-SWERL unit. 

7 REFERENCES 
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APPENDIX B – PI-SWERL SAMPLING LOCATION MAPS 
 

• Bombay Beach PI-SWERL Sites 

• Alamo South PI-SWERL Sites 

• Vail Drain and New River West PI-SWERL Sites 

• Trifolium 16, Trifolium 1, and Poe Road PI-SWERL Sites 

• Naval Test Base PI-SWERL Sites 

• Salton City Wash PI-SWERL Sites 

• Clubhouse PI-SWERL Sites 

• Coachella Playa PI-SWERL Sites 
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WARNINGS, HAZARDS, AND PRECAUTIONS 
 

WARNINGS,  HAZARDS, AND PRECAUTIONS 
DURING OPERATION, PORTIONS OF THIS DEVICE MAY BE MOVING AT VERY 
HIGH SPEEDS.  INCORRECT USE CAN CAUSE DAMAGE TO INSTRUMENT OR 
INJURY TO PERSONS. 

NEVER PLACE HANDS OR OBJECTS UNDERNEATH THE INSTRUMENT WHILE 
BLADE IS IN MOTION OR WHILE PI-SWERL IS CONNECTED TO THE BATTERY 
PACK.   

NEVER OPERATE THIS INSTRUMENT ON A SURFACE WITH LOOSE DEBRIS 
THAT MAY BE DISLODGED INTO THE PATH OF THE BLADE.   

THE BATTERIES USED WITH THIS INSTRUMENT HAVE AN ELECTRICAL 
POTENTIAL OF 24 VOLTS.  IMPROPER USE MAY RESULT IN ARCING, DAMAGE 
TO BATTERIES, DAMAGE TO INSTRUMENT, OR ELECTROCUTION.  NEVER 
USE THIS INSTRUMENT NEAR WATER OR ON A WET SURFACE.   

VISUALLY INSPECT CONNECTOR PINS FOR DAMAGE PRIOR TO CONNECTING 
OR DISCONNECTING BATTERY PACK FROM INSTRUMENT AND/OR 
CHARGING STATION.  DAMAGED PINS MAY RESULT IN ARCING, 
INSTRUMENT DAMAGE, OR INJURY. 

NEVER CONNECT YOUR BATTERY PACK TO A CHARGER OTHER THAN THE 
ONE SUPPLIED BY DUST-QUANT LLC.     

AS A MATTER OF GOOD PRACTICE, DO NOT LEAVE THE BATTERY 
CHARGERS PLUGGED INTO THE WALL AND CONNECTED TO A BATTERY 
PACK FOR LONGER THAN 12 HOURS.  OVERCHARGING OF BATTERIES CAN 
RESULT IN HAZARDOUS CONDITIONS.   
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THIS INSTRUMENT SHOULD BE OPERATED BY INDIVIDUALS FAMILIAR 
WITH ITS OPERATION AND THE HAZARDS THAT ARE PRESENTED BY ITS 
OPERATION. A LIST OF WARNINGS, HAZARDS, AND PRECAUTIONS IS 
PROVIDED AT THE BEGINNING OF THIS MANUAL AND THROUGHOUT 
THIS MANUAL. THE WARNINGS PROVIDED IN THIS GUIDE ARE 
INTENDED TO REDUCE THESE RISKS. HOWEVER, THE OPERATION OF 
THIS INSTRUMENT PRESENTS INHERENT SAFETY HAZARDS THAT 
CANNOT BE ELIMINATED BY THE PRECAUTIONS AND WARNINGS THAT 
ARE PROVIDED HERE. 
 
CET INSTRUMENT DEVRAIT ÊTRE FONCTIONNÉ PAR LES PERSONNES 
FAMILIARES AVEC SON OPÉRATION ET LES DANGERS PRÉSENTÉS PAR 
SON OPÉRATION. UNE LISTE DES AVERTISSEMENTS, DES DANGERS ET 
DES PRÉCAUTIONS EST FOURNI AU DÉBUT DE CE MANUEL ET DE TOUT 
CE MANUEL. LES AVERTISSEMENTS FOURNIS DANS CE GUIDE SONT 
DESTINES A RÉDUIRE CES RISQUES. TOUTEFOIS, LE FONCTIONNEMENT 
DE CET INSTRUMENT PRESENTE DES RISQUES DE SÉCURITÉ INHERENTE 
QUI NE PEUVENT PAS ÊTRE ÉLIMINÉS PAR LES PRÉCAUTIONS ET 
AVERTISSEMENTS QUI SONT FOURNIS ICI. 
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1. Introduction 
This User’s Guide applies to the PI-SWERL MPS-2b and represents a significant 

modification over prior versions that were issued to accompany MPS-2a units. 

1.1. Overview of the PI-SWERL 
The PI-SWERL is a highly portable device that is used to measure the potential for 

soil wind erosion and dust suspension.  It can be operated by one individual, with a typical 
test completed in minutes.  Direct comparison of PI-SWERL measurements with the 
University of Guelph, straight-line field wind tunnel at seventeen sites in the Mojave Desert 
(Etyemezian et al., 2007; Sweeney et al., 2008) showed good correspondence between the 
two measurement methods. 

The miniature PI-SWERL (Figure 1-1) is a smaller version of an earlier design 
described by Etyemezian et al. (2007).  It is a cylindrical chamber (D = 30 cm, H = 20 cm) 
that has an open end which is placed over the soil surface to be tested.  Soft foam along the 
circumference of the open end forms a seal with the test surface.  Ventilation of the PI-
SWERL® chamber is accomplished by a DC blower (AMETEK, Mini-Jammer) and 
monitored by a mass flow meter (Honeywell, Model AWM720P1).  Filtered air that is 
introduced by the blower (typically set to 100 lpm) mixes with the air in the chamber and 
the flow is exhausted through a port at the top of the chamber.  
 

  
Figure 1-1. Components of PI-SWERL Instrument. Left - Top View, right- Bottom View. 

Once the measurement cycle is initiated, one-second concentrations of PM10 
(particles with diameter less than 10 micrometers) are measured by a nephelometer-style 
dust monitor (TSI, DustTrak Model 8530).  Although the DustTrak does not provide a true 
mass based measurement, it is used in conjunction with the PI-SWERL because it is very 
portable, has a fast response (1 second), and can measure concentrations over four orders 
of magnitude (~0.001 to 400 mg/m3).   

Dust suspension within the PI-SWERL chamber is induced by a rotating, flat 
annular ring. The annular ring is coupled through a metal shaft to a 24-volt DC motor that 
is fastened to the top of the PI-SWERL chamber. When in motion, through the formation 
of a velocity gradient, the rotation of the ring results in shear stress being generated at the 
soil surface. The rate of rotation can be translated into a friction speed (u*) through an 
empirical expression provided by Etyemezian et al. (2014). 

Exhaust 
port

Clean air 
flow meter

Clean air 
blower

Junction 
box

Dust monitor 
power plug

Dust monitor/ 
handle mount

Motor

Dust monitor 
Comm cable

Dust monitor 
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𝑢𝑢∗ = 𝐶𝐶1 𝛼𝛼4 𝑅𝑅𝑅𝑅𝑀𝑀𝐶𝐶2/𝛼𝛼        (1) 
where C1 is a constant (=0.000683) and C2 is a constant (=0.832) and the value of α depends 
on the surface roughness. 

A typical measurement begins with the operation of the clean air blower, flushing 
out any PM10 dust in the chamber.  After flushing with clean air, the motor spins the annular 
blade to achieve a target rate of rotation specified in revolutions per minute (RPM).  The 
target RPM may be held for some period (Step) or varied continuously to achieve a 
specified rate of change (Ramp). 

The vertical dust flux is calculated based on the measured air flow rate, dust 
concentration, and the effective area of influence from the annular blade according to: 

𝐸𝐸𝐸𝐸(𝑡𝑡) = 𝐶𝐶𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑∙𝐹𝐹𝐹𝐹∙0.0000167
𝐴𝐴𝑒𝑒𝑒𝑒𝑒𝑒

      (8) 

where Cdust refers to the average concentration of dust (typically measured with a DustTrak 
as PM10) inside the PI-SWERL chamber, FR is the flow rate through the chamber in liters 
per minute (lpm, typically 100), the constant multiplier is a unit conversion adjustment, 
and Aeff is the PI-SWERL effective area, which was estimated to be equal to 0.035 m2 by 
Etyemezian et al. (2014). Note that in prior versions of the User Guide use of a smaller 
value for effective area was recommended.  

In addition to the measurement of dust concentration, four optical gate devices 
(OGD, Etyemezian et al., 2017) are included as part of the PI-SWERL instrument. These 
devices sense when a sand grain blocks a light beam that is about 1 mm2 in cross section. 
The count of sensor blockage and the total signal associated with the blockage provide an 
indication of sand movement, As with prior versions of PI-SWERL, these devices are 
provided as a source of additional information for the researcher, but are not as reliable as 
other portions of the instrument.  

1.2. How to Use this Guide 
This guide to the Miniature PI-SWERL serves as an instruction manual for 

operating the instrument as well as a tutorial for examining the data that the instrument 
produces.  It is suggested that the User reads or skims the entire Guide to become familiar 
with the location of different types of information.  Some information (for example 
examination of data quality covered in Chapter 4) would also be helpful in determining if 
the instrument is operating properly (covered in Chapter 3). 

1.3. What This Guide Covers 
This Guide covers the details of operating the miniature PI-SWERL.  It aims to 

provide an overview of the principal of operation, assembly and disassembly for field 
measurements, procedures for operation, care and maintenance procedures and 
requirements, addressing some commonly encountered problems with operation, and 
description of the resultant data files. 

Chapter 2 is organized to allow the unfamiliar user to assemble the PI-SWERL for 
the first time. Chapter 3 discusses the practical operation of the instrument.  

Chapter 4 is a guide to understanding the data files that are generated during a PI-
SWERL® measurement.  The Chapter covers the format of the data files, the units used in 
the data files and summary reports, and the data generated by the OGD sensors. 
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Maintenance and care are discussed in Chapter 5. Common types of problems 
encountered during operation are enumerated along with possible causes of those problems 
in Chapter 6: Troubleshooting guide. 

1.4. What this Guide Does Not Cover 
The PI-SWERL is a research-grade instrument.  Specific protocols for how to 

interpret the data generated by the measurement, what level of replication is required for 
adequate site characterization, and how measurements relate to real world wind erosion 
events are not standardized at this time.  It remains to the User to determine the most 
appropriate protocol for their specific application.  
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2.  Conducting field measurements 
2.1. Assembling the instrument 

The standard PI-SWERL is provided with a field measurement cart that serves to 
transport the instrument in the field. Section 2.1 focuses on the field cart setup and can be 
omitted if your unit was not supplied with a field cart. 

Assembly of the PI-SWERL has been simplified from previous versions (e.g., 
MPS-2a). The basic components of cart assembly are installation of: Wheels, cart handle, 
battery holder, battery pack, and electronic control tablet holder. PI-SWERL assembly 
consists of installing a DustTrak into the PI-SWERL handle and attaching the handle to the 
PI-SWERL body. Finally, the PI-SWERL is mounted onto the cart and electrical 
connections are completed. 

2.1.1. Install wheels 
- Slide one wheel over the axle shaft as shown so that the wheel is snugly against 

the shaft collar.  
- Slide the locking shaft collar with thumb screw attached onto the shaft.  
- Tighten the screw by hand so that the tip of the screw sits on the flat part of the 

shaft.  
- Use the hex wrench provided to tighten firmly.  
- Repeat for other side. 

  
Place cart body face down as shown Slide wheel onto axle shaft 

  
Slide locking shaft collar and finger 

tighten 
Tighten set screw with hex wrench 
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2.1.2. Install handle 
- Slide the cart handle into the channel at the top of the cart as shown.  
- Use the red thumb screws with brass thumb nuts to secure in place. 

  
Slide handle into C-channels Insert red thumb screw with rounded 

washer 

  
Use brass thumb nut to fasten screw Repeat for all mounting holes 

 

2.1.3. Install battery holder 
The battery holder serves the purpose of being the seat for the battery pack. 

However, it also serves the important function of keeping the cart extender open.  
 
- Open the cart extender and place the battery holder on the cart’s cargo plate so 

that the arrow on the battery holder is facing the front of the cart.  
- Insert one of the carriage bolts (bolts that have a square key near the top) 

through the top of the battery holder, through the cart plate as shown 
- Use a brass thumb nut to lightly secure the carriage bolt. 
- Insert the remaining three carriage bolts and lightly secure with brass thumb 

nuts 
- Once the battery holder is seated properly, finger tighten all brass thumb nuts. 
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Cart extender goes between the battery 
holder and the cart cargo plate. Arrow on 
battery holder should point towards cart 

extender 

The square key at the top of the carriage 
bolt (X 4) fits into place through the 

square hole in the battery holder. 

  
Use the brass thumb nuts (X 4) to secure 

carriage bolts in place. 
Flip the cart so that it is resting on the cart 
extender and place the battery pack on the 

battery holder 

  
Secure U-shaped strap with brass thumb 

nuts 
Assembled cart 
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When this step is completed, the cart extender should be fixed in the open position. 
 

WARNING: 
THE BATTERIES USED WITH THIS INSTRUMENT HAVE 

AN ELECTRICAL POTENTIAL OF 24 VOLTS.  IMPROPER USE 
MAY RESULT IN ARCING, DAMAGE TO BATTERIES, DAMAGE 

TO INSTRUMENT, OR ELECTROCUTION.  NEVER USE THIS 
INSTRUMENT NEAR WATER OR ON A WET SURFACE.  

VISUALLY INSPECT CONNECTOR PINS FOR DAMAGE PRIOR 
TO CONNECTING/DISCONNECTING BATTERIES FROM 

INSTRUMENT AND/OR CHARGING STATION.  DAMAGED PINS 
MAY RESULT IN ARCING, INSTRUMENT DAMAGE, OR INJURY. 

2.1.4. Install battery pack into holder 
 
- With the handle of the battery pack towards the front of the cart, place battery 

pack into holder. 
- Place the U-shaped battery pack strap on top so that the bolts from the battery 

pack holder go through the holes in the strap.  
- Use two brass thumb nuts to finger tighten the strap in place 

2.1.5. Attach electronic control tablet holder 
- If not already attached, use the provided black thumb screws to attached the 

tablet to the tablet holder 
- Slide the four screws that are part of the tablet holder through the four 

corresponding screws at the top of the cart.  
- Use the provided thumb screws to secure the holder in place 

2.1.6. Installing the Dust monitor into the PI-SWERL handle 
The dust monitor (DustTrak, TSI Model 8530) is the primary means that the PI-

SWERL utilizes to measure the amount of dust that is emitted from a surface at varying 
amounts of applied shear stress. 

 
DUST-QUANT LLC HIGHLY RECOMMENDS THAT THE 

RECHARGEABLE BATTERY PROVIDED BY TSI FOR USE WITH 
THE DUSTTRAK NOT BE INSTALLED WHEN THE DUSTTRAK IS 
USED IN CONJUNCTION WITH THE PI-SWERL. THE PI-SWERL 
UNIT, THROUGH ITS OWN BATTERY PACK, IS DESIGNED TO 
PROVIDE POWER TO THE DUSTTRAK. CONNECTING THE PI-
SWERL BATTERY WITH THE DUSTTRAK BATTERY COULD 
DAMAGE ONE OR BOTH BATTERIES IRREPARABLY.  
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The dust monitor fits into a cradle space within the detachable PI-SWERL handle. 
To attach the dust monitor to the PI-SWERL® body: 

 
- Place the dust monitor inside the cradle space within the detachable handle. 
This is accomplished by removing the two thumbscrews that hold one of the cross 
bars in place, removing the cross bar, and inserting the dust monitor as shown. 
Replace the cross bar and thumbscrews. Use care when replacing the 
thumbscrews as the cross bar is made of aluminum and the threaded ends could 
be damaged if thumbscrews are not set properly. The dust monitor should now be 
securely attached inside the handle.   
 
 

  
 

  
 
- Slip the manufacturer-provided PM10 (or other size if preferred) sampling 
head onto the dust monitor.  
- Slip the conductive rubber sampling line onto the PM10 sampling head. 
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- Attach the handle to the PI-SWERL® using the four black-headed thumbscrews. 
Use care when fastening thumbscrews as the handle mount is made of aluminum 
and the threaded holes may be stripped if thumbscrews are improperly set. The dust 
monitor should be upside down with the LCD screen on the same side as the power 
switch. 
 
 

 
 

- Attach the sample line from the dust monitor to the stainless steel nipple on the PI-
SWERL.  
 

 
- Attach the CAT-5 connector from the PI-SWERL to the dust monitor.  
- Attach the power connector from the PI-SWERL to the dust monitor. 
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The dust monitor will power on by itself when the power is switched on. 

 
NOTE: The communications setting on the dust monitor should NOT be 

changed from the values set by Dust-Quant LLC. The IP address should be: 
192.168.002.020, Sub Net Mask should be: 255.255.255.000, and the Gateway should 
be 192.168.002.001. The PI-SWERL uses Ethernet protocol to communicate with the 
dust monitor and NOT USB protocol. 

2.1.7. Add the PI-SWERL to the cart 
- Lift the PI-SWERL by the ball knobs on the handle and slide the handle onto the 

receptacle on the docking plate 
- Rotate the latches so that the latch holes align with the holes on the receptacle. Use 

quick release pins to hold latches in place. 

2.1.8. Making the connections 
The electrical connection between the PI-SWERL and battery utilizes a multi-pin 

twist-lock connector.  These connectors can be attached to their respective receptacles in 
one orientation only.  The proper orientation can be achieved by placing the connector over 
the receptacle loosely and rotating the connector until it depresses into position. By default 
the connectors are configured so that the widest notch is aligned at the top of the connector. 
Once the connector is properly seated, the outer ring on the connector is twisted (clockwise) 
to lock the connector in place.  To disconnect, simply rotate the outer ring on the connector 
counterclockwise until the twist-lock is disengaged.  Then pull the connector out of its 
receptacle.  If the connector is not easily pulling out of the receptacle, try twisting the outer 
ring counter-clockwise again. 

- Connect the twist lock connector to the battery pack (end attached to cart) 
- Connect the tablet power connector to the tablet (optional) 
- Connect the twist-lock connector at the other end of the PI-SWERL cable to the 

PI-SWERL. 
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Twist lock cable to battery pack 

 

2.1.9. Disassembling the PI-SWERL field cart for long-distance 
transport or storage  

Store all loose screws, nuts, and other components in a plastic or zipper bag 
 
- Disconnect power cable at PI-SWERL and battery pack 
- Remove PI-SWERL from field cart 
- Disconnect sample inlet line, power connector, and communication connector 

from dust monitor 
- Remove Dust monitor cradle (handle) from PI-SWERL using the four thumb 

nuts 
- Unplug the power connector from the electronic control tablet 
- Remove electronic control tablet holder by removing the four thumb screws 
- Remove the battery pack strap by unscrewing the two brass thumb screws that 

hold it in place 
- Remove the handle by unscrewing the four red thumb screws that hold it in 

place 
- CAREFUL: Remove the battery pack holder by unscrewing the four brass 

thumb screws that hold it in place. Once this is removed, the cart extender is 
free to fold. It is better to do this step with the field cart laying down so that it 
does not fall once the battery pack holder is removed. 

- Remove the wheels by loosening the set screws (use hex wrench) that hold them 
in pace on the axle shaft. 
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3. Conducting a PI-SWERL measurement  
3.1. Preparing the instrument for the first test at a site or after 
replacing the battery pack.  

The following procedures should be used before the PI-SWERL is used for the first 
time on a given day or before the first test immediately after replacing the battery pack. 

 
- Turn the PI-SWERL switch on by pressing it in for half a second. It will light 

up once released indicating that it is on. 
- The DustTrak should power up automatically. If not, turn off the power to the 

PI-SWERL, disconnect the cable from the battery pack, reconnect the battery 
pack and start with step 1 above. 

- Once the DustTrak powers up, it takes about 60 seconds for it to fully boot up. 
Monitor for the green and amber LEDs on the side on the DustTrak where the 
Ethernet cable is plugged in. The green LED should be solid on and amber LED 
should be blinking 2-4 times per second in this mode. 

- Turn on the tablet computer by pressing the button on the top left edge of the 
tablet. The power button on the tablet needs to be pressed in for about 3 to 5 
seconds. Allow it around 2 minutes to fully finish booting the operating system. 

- Once the DustTrak is communicating and the tablet has fully booted, the 
instrument is ready for use. 

 
NOTES on the Tablet provided with your MPS-2b 

• The PI-SWERL tablet computer is configured to provide a convenient user 
experience.  Do not change any computer settings until you become more familiar 
with the instrument. 

• Tablet is configured to be in locked screen mode and regular Windows 10 with 
screen keyboard on. 

• A handheld Bluetooth keyboard has been included with the instrument and can be 
used for typing and as a mouse. To use the keyboard slide the switch on the top of 
the keyboard to the left. A blue LED will blink to indicate it is ON. It will take 2-3 
seconds before keyboard is recognized. 

• The Windows OneDrive application might automatically come on.  Please close it 
since it is not required/not recommended during PI-SWERL operation.  

• Do NOT connect the tablet to the Internet since Windows security updates are 
known to interfere with the SWERLView program drivers. 

3.2. Placement of the PI-SWERL test chamber 
WARNING: 

THE BATTERIES USED WITH THIS INSTRUMENT HAVE 
AN ELECTRICAL POTENTIAL OF 24 VOLTS.  IMPROPER USE 

MAY RESULT IN ARCING, DAMAGE TO BATTERIES, DAMAGE 
TO INSTRUMENT, OR ELECTROCUTION.  NEVER USE THIS 
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INSTRUMENT NEAR WATER OR ON A WET SURFACE.  
VISUALLY INSPECT CONNECTOR PINS FOR DAMAGE PRIOR 

TO CONNECTING/DISCONNECTING BATTERIES FROM 
INSTRUMENT AND/OR CHARGING STATION.  DAMAGED PINS 

MAY RESULT IN ARCING, INSTRUMENT DAMAGE, OR INJURY. 
The quality of measurements conducted by the PI-SWERL strongly depends on the 

proper placement of the instrument.  For this reason, it is important to be mindful of the 
area where a measurement will be conducted.  Specifically, avoid disturbing the area 
unintentionally by walking on it or rolling the field cart over the test surface.   

From a safety standpoint, it is important to inspect the candidate measurement 
location prior to placing the PI-SWERL chamber over the surface.  The PI-SWERL® 
should never be used on a wet surface since this may lead to an electrical hazard.  In any 
case, wet surfaces do not emit dust and aside from the safety concern, using the instrument 
on wet soil surfaces is likely to deposit mud onto the instrument and adversely affect the 
quality of subsequent measurements. 

 
WARNING: 

DURING OPERATION, PORTIONS OF THIS DEVICE MAY 
BE MOVING AT VERY HIGH SPEEDS.  IMPROPER USE OF THIS 

DEVICE MAY RESULT IN DAMAGE TO INSTRUMENT OR 
BODILY HARM TO PERSONS IN THE VICINITY OF OPERATION.  

NEVER PLACE HANDS OR OBJECTS UNDERNEATH THE 
INSTRUMENT WHILE ANNULAR BLADE IS IN MOTION OR 

WHILE PI-SWERL IS CONNECTED TO THE BATTERY PACK.  
NEVER OPERATE THIS INSTRUMENT ON A SURFACE WITH 

LOOSE DEBRIS THAT MAY BE DISLODGED INTO THE PATH OF 
THE ANNULAR BLADE.   

It is also important to ensure that the candidate measurement location does not 
contain large rocks or sticks that may become dislodged during the operation of the PI-
SWERL and come into contact with the rotating annular ring.  The annular ring may be 
rotating at a very high rate and impact of the blade with a rock while in motion could pose 
a serious safety risk.  Note that small pebbles on the order of a few millimeters up to a 
centimeter in diameter generally do not pose a safety hazard. 

Vegetation is often a consideration when conducting a measurement.  The clearance 
between the PI-SWERL annular blade and the test surface ranges from 5 cm to 10 cm 
depending on variability of the surface.  Grasses, shrubs, and other vegetative debris that 
are at about this height will interfere with measurements.  For very sparse vegetation, a pair 
of grass clippers can be used to carefully trim the vegetation close to the soil surface.   

Surface roughness, up to a point, is easily accommodated by the foam seal at the 
base of the PI-SWERL.  Generally, if the foam seal is resting on the soil surface all along 
the perimeter of the base, then the surface roughness can be accommodated by the 
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instrument.  If some portion of the foam seal is elevated above the soil surface, then the 
measurement is likely to be somewhat compromised as a result. 

 
With these considerations in mind, place the instrument unto the measurement 

location as follows: 
1. If you are using a field cart: Unfasten the latches on the PI-SWERL docking plate. 

Hold the PI-SWERL by the ball section of the handle and lift upwards.  
2. Hold the PI-SWERL above the desired measurement location and slowly lower 

the instrument unto the ground.  Try to use only vertical motion to avoid 
disturbing the test surface during placement. 

3. Once the PI-SWERL is on the ground, inspect the perimeter of the instrument to 
ensure that the foam seal is in contact with the soil surface at all points.  

3.3. Programming a Test Cycle 

3.3.1. Software Setup 
1. Check the date and time on the electronic control tablet. This is important since 

all data files are stamped with the date and time of the tablet clock. 
2. If this is the first test of the day, you will need to launch the SWERLView control 

software by double clicking the SWERLView icon on the desktop.  The main 
panel may take several moments (up to 30 seconds) to load as the software 
initializes. The “Next” button on the Test Specification Panel will become “live” 
when the software is ready for use. 
 

 
3. The Test Specification Panel contains several pieces of information.  The 

Programs drop down box indicates the name of the test to be conducted (“H5000” 
in the example above).   
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Underneath the Program drop down box, there is a table with two columns 
labeled “Seconds” and “RPM”.  This table shows the entries in the “H5000” test.  
The first row (60 seconds, 0 RPM) represents a 60 second clean air flush.  The 
annular ring in the PI-SWERL will not rotate while the chamber is being flushed 
with clean air provided by the blower.  This is usually desirable because dust can 
be suspended inside the chamber when placing the PI-SWERL® on the test 
surface.  Once the clean air flush is completed, the next row (45 second, 3000 
RPM) will be executed.  The instruction can be translated roughly as “Go from 0 
RPM to 3000 RPM linearly over a 45-second interval” where 0 RPM was the 
previous target RPM, 3000 RPM is the new target RPM. This results in an 
increase in the RPM at a rate of 66.67 RPM (3000/45) per second.  The next row 
(60 seconds, 3000 RPM) instructs the instrument to “Go from 3000 RPM to 3000 
RPM linearly over a 60-second interval”. Since the previous target RPM and the 
new target RPM are the same (3000), this instruction will be interpreted as “hold 
3000 RPM for 60 seconds.” The next instruction (45 seconds, 4000 RPM) is 
translated as “Go from 3000 RPM to 4000 RPM linearly over 45 seconds”, and 
so on.  The final instruction (60 seconds, 0 RPM) is interpreted differently. It is 
interpreted as “shut off power to the motor and flush for 60 seconds.” Note that 
if the final instruction had a target RPM other than zero (e.g., 1 or any other 
integer), then the PI-SWERL RPM would linearly decrease to that target value 
from 5000 RPM over the time period specified. The value zero signals 
SWERLView that the user wishes the power to the main motor to be cut off 
abruptly.  
 
Note that the PI-SWERL® motor does not have a brake (except when stop is 
initiated through the switch on the control box) so that abrupt reductions in RPM 
are not achievable even if they are programmed into the software. 
 
The graph at the right side of the window above illustrates the effect that the 
Program will have on the PI-SWERL® RPM.  The Test Duration box shows the 
duration of the entire test (435 seconds). 
 
 

4. Several pre-programmed tests are provided with the SWERLView software.  If 
you click on the Programs drop-down menu the list of already programmed tests 
will be displayed.  When a test is selected, the table and the graph to the right of 
the Programs drop-down menu are updated to reflect the test’s parameters. 
 
The user may modify a specific pre-programmed test or create a new test.  To 
modify an existing test specification, select the test from the Programs drop-down 
menu, then click the Modify button.  This will open the Edit Test Specification 
Panel (see example below for H5000).  In general, for minor changes to a test 
specification, it may be desirable to modify an existing test specification.  For 
example, if you wanted to change the third entry so that the PI-SWERL would 
only hold 3000 RPM for 30 seconds (instead of 60 seconds as shown below), then 
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you would click into the appropriate box, change “60” to “30” and then click 
Update Test Specification.   
 
To create a new test specification, click the Modify button (it doesn’t matter which 
program is selected in the Program drop-down menu).  When the Edit Test 
Specification Panel opens.  Enter the new parameters.  As you enter in new values 
for RPM, the figure to the right will update the test specification graph and the 
column to the right (gray) will display approximate corresponding values of 
friction velocity (u*) for a smooth surface. A calculator utility is also provided in 
the bottom right of the window if the relationship between u* and RPM is needed 
for a non-smooth surface. This is accomplished by specifying the RPm and the 
alpha roughness value as specified by Etyemezian et al. (2014). Because of 
uncertainties in curve-fitting, when an RPM value for a smooth surface (alpha = 
1) is used the calculator utility, the friction velocity value displayed to the right 
of the Test Specification table for a corresponign RPM may be slightly different 
than the one entered into the calculator utility.   
 

 
 
To create a new Test Specification click Create as New Test Specification.  You 
will be prompted for a new name for the test specification.  This will add the new 
test specification to those available in the Programs drop-down menu. 
 
You can also use the Edit Test Specification Panel to delete tests that are no longer 
in use.  If you don’t wish to create a new test or modify an existing test, you can 
exit the test specification window by clicking Go Back Without Changes. 
 
 
NOTE: The box highlighted in red is the clean air flow rate. This corresponds 
to the volumetric flow rate of clean air introduced into the chamber by the 
blower. 
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3.4. Conducting a Measurement 
Once the PI-SWERL has been properly placed on the measurement location and 

the appropriate test specification has been selected, the software will be displaying the Test 
Specification Panel and the instrument is essentially ready to begin a measurement. 

 

 
 

- Click “Next” in the Test Specification Panel.  This will bring up the Test 
Description Panel shown below.  There are four Text boxes in this window.  The 
top two are provided by the software and the bottom two are for the user.  The 
Test ID is an integer that uniquely identifies the test being conducted.  As 
explained in a later section, the Test ID appears in every row of the 1-second Data 
file as well as in the Info files. It cannot be changed by the user.  The Test ID 
always increases between one test and the next.  However, it does not increment 
by a fixed amount.  It is determined by the number of seconds that have passed 
since a fixed date.  The Test Specification box displays the name of the test 
program that will be used for the measurement.  The Test Description and 
Comment  boxes can be filled in by the User.  They are written to the test info file 
and provide a convenient way of labeling your measurements.   
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- Once the Test Description Panel has been filled in as desired, click on the Run 
button to start the measurement. Clicking on “Back” will return you to the Test 
Specification Panel. 

 
 

WARNING: 
DURING OPERATION, PORTIONS OF THIS DEVICE MAY 

BE MOVING AT VERY HIGH SPEEDS.  IMPROPER USE OF THIS 
DEVICE MAY RESULT IN DAMAGE TO INSTRUMENT OR 

BODILY HARM TO PERSONS IN THE VICINITY OF OPERATION.  
NEVER PLACE HANDS OR OBJECTS UNDERNEATH THE 

INSTRUMENT WHILE ANNULAR BLADE IS IN MOTION OR 
WHILE PI-SWERL IS CONNECTED TO THE BATTERY PACK.  
NEVER OPERATE THIS INSTRUMENT ON A SURFACE WITH 

LOOSE DEBRIS THAT MAY BE DISLODGED INTO THE PATH OF 
THE ANNULAR BLADE. 

 
If no error messages are displayed, at this point, the SWERLView control 
software automatically executes the program and writes the data files. The dust 
monitor pump and clean air blower will start and the software will switch to Main 
Panel View.  The figure below shows the Main Panel View. 
 
 
From left to right the top two rows display the following information/function: 
the Stop button is used to terminate the measurement before the entire test can be 
completed and write the data files up to the point of termination.  Pressing this 
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button will stop the power to the motor, blower, and data collection within a few 
seconds.  A Time left text box informs the user how many seconds remain before 
the measurement is completed.  To the right of the Stop button is the Stop Only 
DustTrak switch. When pressed, this essentially turns the pump off on the 
DustTrak. This can be used when the dust concentrations exceed the DustTrak’s 
measurement range and useful data are not being collected. Using this feature 
allows the user to minimize unnecessary exposure of the DustTrak to damaging 
levels of dust. Note that once the DustTrak has been turned off in this manner, 
SWERLView will not communicate with it again until the test is over and a new 
test has started. A “-2” will be written to the data file to indicate that the DustTrak 
was switched off by the User.  Below the Stop Only DustTrak switch, the 
DustTrak readings are displayed in real time. The two indicators further to the 
right show that the PI-SWERL program is running and the DustTrak is 
communicating. 
 
The DustTrak Limit Enforce entry box and switch (green rectangle next to “101”), 
are used to automatically turn off the DustTrak in case of exceeding a limit. The 
limit value is entered into the text box and if the switch is engaged (green), then 
when the limit is exceeded by the DustTrak, the pump on the DustTrak will be 
turned off in much the same way as pressing the Stop Only DustTrak switch. This 
switch can be toggled and the threshold value can be changed at any time during 
operation. A similar feature is available in the Test Specification panel. 
 
The RPM box displays the actual motor RPM and the Flow (LPM) box displays 
the actual clean air flow rate. The Target and Target (LPM) boxes display 
respectively the target values of RPM and clean air flow prescribed in the test 
specification.  
 
GPS coordinates and battery voltage are shown in real time in the rightmost 
portion of the screen. 
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Of course the main feature of the Main Panel View is a graph that displays the 
values of the target and actual RPMs (left y-axis), the dust monitor reading 
(mg/m3, right y-axis labeled DT PM10), and the 1-second averaged optical gate 
sensor data (OGS, Far right y-axis). Note that the right y-axes scale automatically 
with the values being reported and that this scale can change over the course of a 
test to accommodate varying ranges in dust concentration and OGS signal 
activity. 
 
 

1. Once SWERLView has executed the entire test, a window will appear asking if 
the User wishes to conduct another measurement or Exit the SWERLView 
software.  The dust monitor pump may not stop in between tests. If the dust 
monitor has been turned off by the User (with Stop DustTrak switch), then the 
dust monitor will restart when the next test is started. Upon exiting SWERLView, 
the dust monitor pump is turned off, and the dust monitor is placed in standby 
mode. To completely power the dust monitor off, the User must initiate shut down 
procedures through the dust monitor’s LCD display. 

 

3.4.1. Tabs available in the SwerlView Main Panel View window. 
There are three (3) tabs available in the Main Panel View window: “Main View”, 

“OGS History”, and “Settings”.  When you first start a measurement, by default, 
SWERLView will display the “Main View” tab that was described above. 

The “Main View” tab contains most of the information that is needed by the User 
while conducting a measurement and has already been discussed.  The “OGS History” tab 
shows a time trace of the data from the OGS sensors.  It is useful for determining whether 
OGS data from a specific test appear to be different from prior tests (magnitude, counts, 
etc) or if an OGS sensor is malfunctioning.  The “Settings” tab contains information that 
is not directly pertinent to data collection but may be helpful to Dust-Quant LLC personnel 
for diagnosing problems. . 

 
a. OGS History tab    b. Settings 

3.4.2. When should a User Stop a Measurement before the test cycle 
is completed? 

Safety is always a good reason to stop a PI-SWERL® measurement before the 
test cycle is completed.  If for any reason, conditions during a test become unsafe, press 
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the STOP button on the SwerlView Main View tab.  Alternatively, if the test must be 
stopped immediately for safety reasons, turn the power off to the control box and PI-
SWERL motor using the switch on the control box. 

There are some other reasons when it makes sense to stop a test before it is 
completed.  In general, the only loss incurred by stopping a test is a few minutes of time.  
The following is a list of potential reasons why it may be more efficient to stop a test than 
to wait for the test cycle to complete: 

A. The test location is compromised or the foam seal exhibits a leak 
B. One of the critical onboard instruments appears to be not 

functioning/communicating.  This may include: 
a. The clean air flow sensor or clean air blower 
b. The PI-SWERL® motor or RPM gauge 
c. The DustTrak Monitor 

C. The Dust Monitor is out of Range:  A common problem on very dusty surfaces 
is that the amount of dust generated at a high RPM may exceed the upper limit 
of the dust monitor.  The dust monitor upper limit is specified as 400 mg/m3 by 
the manufacturer.  Prolonged use at extremely high dust concentrations 
compromises the accuracy of the dust monitor and may lead to unnecessarily 
frequent recalibration of the dust monitor.  A good rule of thumb is if the dust 
concentration exceeds about 200 mg/m3 for 10 seconds or more, it may be a 
good idea to turn off the dust monitor or terminate the test.  Here are a few 
options that can be exercised in the event that dust concentrations are at very 
high values for certain field conditions: 

a. Try running the PI-SWERL® at lower RPM values.  You might consider 
how important the higher values of RPM are for your application and 
whether the potential for damaging the dust monitor is warranted. 

b. Once dust concentrations reach an upper threshold (say 200 mg/m3 for 
10 seconds), completely stop the test using the STOP button in the 
SWERLView Main Panel View. 

c. Once dust concentrations reach an upper threshold, do NOT stop the 
entire measurement.  Instead, simply use the Stop Only DustTrak switch 
in the Main Panel View.  This technique has the advantage that you 
collect as much data with the DustTrak as is possible before having to 
power the instrument off.  Furthermore, as the measurement cycle 
continues, the DustTrak is not operating, but the OGSs inside the 
chamber are.  The OGSs have a much higher upper limit than the 
DustTrak.  Thus, when post-processing the test data, you may be able to 
correlate the optical gate sensor data with DustTrak data from periods 
when the DustTrak was operating.  This correlation could then be used 
to extrapolate dust concentrations even after the DustTrak has been 
turned off.  

d. Similar to c., program in a threshold value and enable the “DustTrak 
limit enforce” switch in either the Main Panel or the Test Specification 
Panel. 
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3.5. Cleaning the PI-SWERL® between measurements 
During operation of the PI-SWERL®, dust is suspended from a test surface.  Most 

of the suspended dust is exhausted out of the chamber.  However, some amount of dust 
will inevitably deposit on the inside surfaces of the chamber.  If not accounted for or 
cleaned, then this “carry-over“ dust may affect the quality of the next measurement.  There 
are three ways that the PI-SWERL® can be cleaned in between measurement locations.  
Which of these three is most appropriate depends on how dusty the soil test surface is and 
how much variability is expected between consecutive measurements.  The worst-case 
combination of these two factors can be achieved if a very dusty measurement location is 
tested first and then a relatively stable surface is tested in a subsequent measurement 
without cleaning in between these two measurements.  In this case, the dust deposited on 
the inside of the chamber during the first test at an emissive site will be partially liberated 
during the second test on the relatively stable surface.  This would result in the stable 
surface appearing more emissive than it actually is. 

With this in mind, a good rule of thumb is to try to schedule the measurements so 
that the measurements at the beginning of a field day are at relatively stable sites while 
those later in the day are at the dustier sites.  Noting that it is not always possible to 
accommodate such a schedule, the following three techniques can be used individually or 
in some combination to minimize carry-over from one measurement location to the next: 

 
A. Run a “Cleaning” cycle:  Place the PI-SWERL® over a solid, relatively clean 

surface – a piece of flat wood or aluminum works well.  Program a PI-SWERL 
test where the RPM is held at a relatively high value for a period of several 
minutes.  For example, if you have been running tests that reach a peak RPM of 
4000, you could program a Cleaning cycle where the RPM is held at 5000 for a 
period of 2-3 minutes.  Run the cleaning cycle and observe the measured dust 
concentrations.  If dust concentrations decrease to an acceptable value, then the 
chamber is clean enough for use at the next measurement site.  If the dust 
concentrations continue to be unacceptably high, either repeat the cleaning cycle 
or try a different cleaning technique. 

B. Blow out the deposited dust: Using a compressed air can (refillable air can is more 
economical than single-use products), blow compressed air on the inside surfaces 
of the PI-SWERL and along the exhaust port.  Using a jet nozzle usually frees the 
surfaces of any deposited dust particles.  Try to avoid blowing air directly into 
the clean air ports as this may cause dust to deposit on the clean air flow meter 
and result in a malfunction. 

C. Wipe down the inside surfaces with soapy water: This is generally not 
recommended and should be avoided if possible.   However, if necessary (for 
example if inside of chamber gets muddy), always start by disconnecting the 
PI-SWERL from the control box to avoid electrocution.  With a soapy rag, 
wipe down the inside surfaces of the PI-SWERL until they are clean.  Be sure 
that the PI-SWERL is dry before reconnecting the instrument to the control box. 

3.6. Checking the battery charge between measurements 
Lead-acid batteries discharge at varying rates depending on environmental 

conditions and intensity of use.  In addition to the voltage display on the SWERLView 
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Main View Panel, the SWERLView program keeps track of battery performance and 
provides a prompt when the battery pack is close to needing replacement.  Signs of a battery 
that need replacement include: 

A. Appears that PI-SWERL® is struggling to maintain/meet target RPM values

B. Convergence to target RPM is slow compared to when battery pack is fresh

C. SWERLView program suggests that the battery packs be replaced.

Though it varies widely depending on use levels, a battery pack can usually be used 
for 2- 5 hours of measurements or from 15 – 25 measurements (assuming ~10 minutes per 
measurement). 

In any case, if the battery pack requires replacement between tests exit the 
SWERLView program and follow the procedures outlined in Section Error! Reference 
source not found.. 

3.7. Cleaning the dust monitor between measurements 
Occasionally, very high dust concentrations during a measurement may result in 

the dust monitor itself getting dirty.  Dust deposited on the inside of the monitor and along 
the inlet lines may result in a “reservoir” of dust that carries over into the next 
measurement.  This is often expressed as dust concentrations that do not seem to decrease 
to values less than 0.1 mg/m3 even after the PI-SWERL® has been cleaned.  It might be 
necessary to clean and re-zero the dust monitor and adjust the flow in such cases before 
proceeding to the next measurement (See TSI DustTrak manual for instructions). 

3.8. Moving to a different site 
To move to a different measurement location: 

1. Make sure that any tests that were running are completed and the PI-SWERL®

annular blade has come to a stop.
2. If using a field cart: Lift the PI-SWERL instrument off the ground and tilt it

slightly so that the V-notched bracket slides underneath the bolt on the back of
the docking station.  Secure the front latch. Ensure that the cable that runs between
the PI-SWERL and the control box is out of the way of the wheels of the cart.

3. Go to your next measurement location, unload the PI-SWERL, and begin your
next measurement.

In the case of field measurements, for short periods of time (10 minutes) and distances 
between measurement locations, it is not necessary to power down the PI-SWERL® 
or computer if using the field cart to transport the instrument.  If transporting in a 
different vehicle, such as a truck, it is best to power down the computer and control 
box and remove the PI-SWERL® from the field cart.  If using a pick-up truck, it is 
good practice to transport the PI-SWERL® instrument, and if possible, the control 
box in the cab of the vehicle. 



 29 

4. Data files 
While the SWERLView software is useful for entering test parameters and 

monitoring the progress of a test, data from PI-SWERL® measurements require a 
significant amount of post-processing to ensure adequate data quality and to extract useful 
information.  Several different types of data files are written to the computer hard drive 
during a measurement.  All data files are written in tab-delimited ASCII, allowing for easy 
import into spreadsheet and/or database software.  It is assumed that the User is 
experienced with using such software packages for performing calculations, graphing 
results, and extracting data.  Therefore, this Chapter focuses on explaining the different 
data files that are written during a PI-SWERL® measurement and the contents of those data 
files.  Some guidance on determining the quality of the data is provided as part of the 
discussion 

4.1. Where are the files located? 
The most frequently used data files are located in the “c:/Swirlerdata” directory on 

the PI-SWERL® computer.  When the first test is completed on any given day, the 
SWERLView software creates a new subdirectory within the “c:/Swirlerdata” directory.  
For example, after the first measurement on April 7, 2008, the SWERLView software will 
create the subdirectory “20080407” so that all the main PI-SWERL data files associated 
with measurements conducted on April 7, 2008 will be located in the 
“c:/Swirlerdata/20080407” subdirectory. 

If the Write OGS option is enabled during the measurements, a file will also be 
written to the “c:/Swirlerdata/SwirlerSalt/” subdirectory.  In general the raw optical gate 
data files are very large in size and somewhat cumbersome to handle.  This is because the 
raw data from the optical gate sensors is collected at 2 kHz so that the number of entries to 
the raw data file during an 8-minute measurement approaches 1 million for each optical 
gate sensor (approximately 200 MB in disc space).  Many commercially available 
spreadsheet programs are unable to handle this many number of rows.  For this reason, if 
there is no known use for the raw optical gate data, it is suggested that the User instructs 
the SWERLView software not to write the raw optical gate data (This is the default setting 
within SWERLView).   

4.2. Understanding the data files 
There are two main types of data files that are written during PI-SWERL® 

measurements: The “Info” file and the “Data” file.  For a given day of testing, one “Info” 
file will be created by the SWERLView software.  This file is small and is simply appended 
to each time a new measurement is completed.  In contrast, a separate “Data” file is written 
for each measurement that is completed.  

4.2.1. The “Info” File 
At the time of the first measurement on any given day, the SWERLView software 

creates an “Info” file.  Each line in the Info file provides descriptors for a particular 
measurement.  Thus, at the completion of each subsequent measurement, the “Info” file is 
appended with the descriptors for that measurement.  For example, the “Info” file for 
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measurements conducted on April 7, 2008 is found in the “c:/Swirlerdata/20080407/” 
subdirectory and is labeled “Info_20080407.txt”. As with all PI-SWERL data files, the Info 
file is in tab-separated ASCII format.   

The Info file field headings and a description of the field contents are provided in 
the Table below.  Note that the TestID field is an integer identifier that is unique to each 
measurement cycle and can be used to tie a specific entry in the “Info” file with entries in 
the “Data” files.  The last four fields in each “Info” file entry (starting with Lat(dec.deg)) 
are derived from the GPS unit that is attached to the PI-SWERL instrument.  At the start 
of each measurement, the SwerlView software begins to collect coordinate information 
provided by the GPS at a rate of once every 2 seconds.  At the end of the measurement 
cycle, all the coordinates collected over the course of the measurement are averaged.  This 
results in reasonably accurate GPS coordinates for each test location depending on the 
quality of the GPS signal.  In general, the coordinates provided in the “Info” file are useful 
for approximately locating where a test was conducted (within 3 – 15 m depending on GPS 
signal quality) but cannot be used for pin-pointing a test location.  

 
Table 4-1. Info File Content Description 

Field Heading Description of Field Contents 
TestID 10-digit integer that is unique for each measurement conducted.  The number 

represents the seconds that have passed since midnight on January 1, 1904.  
The number always increases between successive measurements.  This 

number is one reason why the computer clock should be properly set. 
TestName This is the name of the test specification program used when the 

measurement was conducted. 

TestComment1 Text from the Test Description Text Box in the SwerlView Software 
TestComment2 Text from the Comment Text Box in the SwerlView Software 
TargetFlowRate

(LPM) 
The target flow rate for the clean air blower as set in the test specification 

OGSThreshold The threshold value set in the test specification for detecting a peak from the 
OGS signal. This value corresponds to the number of standard deviations of 

the baseline signal that a peak signal must exceed in order to be counted as a 
peak. The default setting is 3 

DustTrak_SN The 10-digit serial number of the DustTrak nephelometer used during the 
measurement 

Lat(dec.deg) Latitude of measurement location in decimal degrees 
Lon(dec.deg) Longitude of measurements location in decimal degrees 
Elevation(m) Elevation of measurement location in meters above sea level 

PointAvg The number of GPS data points that were averaged to obtain the Latitude, 
Longitude, and Elevation of the measurement location. This field can also be 

used to estimate test duration quickly. Just multiply by two to obtain the 
number of seconds that a test ran for. 
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Table 4-2. Example “Info” File. 

 
 

4.2.2. “Data” Files 
At the beginning of each measurement, the SWERLView software creates a new 

“Data” file that contains all of the PI-SWERL® information that is pertinent to the actual 
measurement.  The file is named “Data_YYYYMMDDhhmmss.txt” with “YYYY” 
representing the year, “MM” the month, “DD” the day of the month, “hh” the hour of the 
day in military time (0-24), “mm” the minute of the hour, and “ss” the seconds.  For 
example, a measurement started on April 7, 2008 at 3:45:21 PM would result in a data file 
named “Data_20080407154521.txt”.  This file naming convention is useful for cross-
referencing measurement data with field notes, ensuring that data files have unique names, 
and quickly determining the order of measurements completed on a given day.  The 
SWERLView software uses the computer clock to determine the date and time of file 
writing so it is important that the computer clock is set correctly at the time of 
measurement. 

The “Data” file is appended once a second as the measurement progresses so that 
if the measurement is stopped at any point, all of the data collected up to that point are 
recorded in the “Data” file.   

The “Data” file contains several fundamental quantities as well as several quantities 
that are derived from the fundamental measurements.  In addition, the “Data” file has been 
structured so that the User can group and/or manipulate data in a spreadsheet or database 
program in a variety of different ways. 

The “Data” file is in tab-separated ASCII format and is easily imported into a 
number of commercially available spreadsheet or database programs. 

Table 4-3 below shows the field headings and descriptions that are written to the 
Data file.  Note that a number of fields are only useful for examining the “Step” portions 
of a PI-SWERL measurement.  These are: TRPM, RPM_Norm, StepMass(ug), and 
StepDur(s).  Because during “Ramp” portions of a measurement, the rate of revolution of 
the annular blade is constantly changing, these four fields are not meaningful and can be 
ignored. 

 
In the next several sections, we examine the results from example tests.  In most 

cases, figures and information presented were created using real PI-SWERL® “Data” files 
imported into a spreadsheet program.  In some cases, the underlying data were artificially 
altered for demonstration purposes. 

 
 

TestID TestName TestComment1 TestComment2 TargetFlowRate(LPM) OGSThreshold DustTrak_SN Lat(dec.deg) Lon(dec.deg) Elevation(m) PointAvg 
3298373698 R3000 mug m113 5 1 100.0 3.00 8531103601 32.79762646 -114.3350051 101.2103704 135 
3298374016 S2500 mug m113 5 2 100.0 3.00 8531103601 32.79761051 -114.3349529 96.68512821 195 
3298374480 S2500 mug m113 5 3 100.0 3.00 8531103601 32.79760889 -114.3349467 100.2666667 3 
3298374532 S2500 mug m113 5 3 100.0 3.00 8531103601 32.79759807 -114.3349449 103.0553846 195 
3298374930 S3000 mug m113 5 4 100.0 3.00 8531103601 32.79759009 -114.3349575 100.2825641 195 
3298375574 R3000 mug fmtv 5 1 100.0 3.00 8531103601 32.79746566 -114.3350363 92.4375 136 
3298375869 S3000 mug fmtv 5 2 100.0 3.00 8531103601 32.79744848 -114.3350579 99.83179487 195 
3298376303 S3000 mug fmtv 5 3 100.0 3.00 8531103601 32.79745008 -114.3350421 100.7 195 
3298376741 S3000 mug fmtv 5 4 100.0 3.00 8531103601 32.79744738 -114.3350106 106.9035897 195 
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Table 4-3. Field Headings and Field Descriptions for “Data” files.  Highlighted Rows represent derived 
quantities 

Field Heading Description of Field Contents 
Datetime The Date and Time associated with the 1-second entry in "YYYY/MM/DD hh:mm:ss" format.  

Note that in some spreadsheet programs, this field must be formatted properly for the date and 
time to be displayed completely. 

TestID 10-digit integer that is unique for each measurement conducted.  The number represents the 
number of seconds that have passed since midnight on January 1, 1904.  The number always 
increases between successive measurements.  This number does not change within a given Data 
file and is used to cross-reference Data files with entries in the Info file 

RPM Actual revolutions per minute (RPM) of the annular blade/motor. A PID algorithm uses this 
value to adjust the power provided to the PI-SWERL motor in order to achieve the programmed 
ramp rate or step value. 

TRPM Target RPM.  For tests which include a step (flat RPM over time) , this is the specified value of 
the RPM that the PI-SWERL attempts to maintain for a prescribed period of time.  For ramping 
from one RPM to another, this value changes continuously over the course of the measurement.  
Note that this field is also useful for grouping data (e.g. examining average dust concentrations 
at a specific constant RPM – as during step measurements.) 

RPM_Norm Ratio of actual RPM of the annular blade to the Target RPM.  A value near unity indicates that 
the target RPM has been attained.  Note that RPM_Norm is set to 0 when TRPM is 0. 

Flow(LPM) The measured Clean Air Flow rate in units of liters per minute (lpm).  The target clean air flow 
rate is set to 100 lpm by default. A PID algorithm uses the measured value to adjust power to 
the clean air blower.  

DT_PM10(mg/m3) Dust concentration as measured by the dust monitor (TSI, Model 8530) in units of mg/m3. This 
field has a value of -1 if the SWERLView software and the DustTrak lose communication 
at any point during the measurement. This field has a value of -2 if the User turns off the 
DustTrak through the SWERLView “Stop DustTrak” switch. These negative values are intended 
to alert the User that DustTrak data are not available. 

InstantFlux(ug/s) The rate at which dust is being emitted from the test surface in units of micrograms per second.  
Note that dividing this number by the PI-SWERL "effective" area (0.026 m2) gives a dust 
emission rate per unit area of surface. 

StepMass(ug) The mass of dust (in micrograms) that has been suspended since the start of a specific TRPM 
value.  This is essentially a summation of the InstantFlux over every second since a new target 
RPM has been set.  This quantity is reported for ramp portions of a measurements, but is only 
meaningful for step portions of the test.  

TotalMass(ug) The total mass of dust (in micrograms) that has been suspended since the beginning of the 
measurement.  This is essentially a summation of the InstantFlux over every second since the 
beginning of the measurement. 

TestDur(sec) The number of seconds that have elapsed since the beginning of the measurement. 
StepDur(sec) The number of seconds that have elapsed since the start of a new TRPM value. Note: This field 

is only useful for step portions of a test. 
OGS_L1_Count The number of peaks at optical gate sensor 1 (bottom of PI-SWERL chamber) detected over one 

second. 
OGS_L1_PeakArea(
V) 

Total area underneath detected peaks from optical gate sensor 1 (bottom of PI-SWERL chamber. 

OGS_L2_Count The number of peaks at optical gate sensor 2 (bottom of PI-SWERL chamber) detected over one 
second. 

OGS_L2_PeakArea(
V) 

Total area underneath detected peaks from optical gate sensor 2 (bottom of PI-SWERL chamber. 

OGS_L3_Count The number of peaks at optical gate sensor 3 (bottom of PI-SWERL chamber) detected over one 
second. 

OGS_L3_PeakArea(
V) 

Total area underneath detected peaks from optical gate sensor 3 (bottom of PI-SWERL chamber. 

OGS_L4_Count The number of peaks at optical gate sensor 4 (bottom of PI-SWERL chamber) detected over one 
second. 

OGS_L4_PeakArea(
V) 

Total area underneath detected peaks from optical gate sensor 4 (bottom of PI-SWERL chamber. 

DTdatavalidty This field is not used 
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4.2.2.1. Examining data from a test where the RPM is held constant for 
a period of time (Step test) 

A rather informative and convenient graph can be created by plotting the Datetime 
field on the x-axis versus the RPM, TRPM, Flow(lpm), and DT_PM10(mg/m3).  Figure 4-1 
shows a relatively clean PI-SWERL test composed of three distinct steps.  A few key points 
to keep in mind when examining a time series plot for a step portion of a test are: 

1. Does the measured RPM converge reasonably well to the Target RPM? 
2. Is the clean air flow rate relatively constant (set at 100 lpm by default)? 
3. Are the measured dust concentrations well behaved?   

Let us examine each of these questions one by one. 

 
Figure 4-1. Example test consisting of 3 distinct steps. RPM, Target RPM, and Clean air flow plotted 
against time using Left y-axis. DustTrak PM10 concentration plotted against time using right y-axis. 

4.2.2.1.a. Does the measured RPM converge reasonably well to the Target 
Value? 

In the test depicted in Figure 4-1, there are 5 different regions during the test: a 
Clean air flush for 60 seconds (TRPM = 0), 60 seconds at 1000 RPM, 90 seconds at 2000 
RPM, 120 seconds at 3000 RPM, and 60 seconds of clean air flush (TRPM=0).  For the 
clean air flush at the beginning of the test, the PI-SWERL annular blade starts off at rest.  
The Target RPM is 0 (i.e. no rotation) so the annular blade does not begin rotating.  The 
measured and Target RPM are in good agreement for this region of the test.  When the 
Target RPM jumps to 1000, the SwerlView software attempts to quickly bring the actual 
RPM of the annular blade to the Target value.  Within less than 10 seconds, the Target 
value is achieved.  The software is optimized to avoid overshooting the Target value.  
However, the 1000 RPM target is in fact slightly overshot by SwerlView.  This is a 
common occurrence at relatively low RPM.  The reason is that the annular blade is not 
experiencing very much friction at these low rotation speeds.  Thus, a small amount of 
power can easily result in an overshoot of the Target RPM value.  Nevertheless, a quick 
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examination of the RPM_Norm field reveals that the overshoot is within 10% of the Target 
RPM and is probably acceptable.   

Moving on to the third region (TRPM = 2000), overall, the measured RPM does not 
significantly overshoot or undershoot the target value.  A small kink halfway through the 
third region is within 10% of the Target value. Convergence through the fourth region is 
also acceptable.  At the start of the fifth region, the Target RPM is set to 0.  However, since 
the annular blade is rotating at 3000 RPM, it takes some time before it is slowed down by 
friction.  The slow taper at the end of a test is normal.  Overall, the test shown in Figure 
4-1 exhibits good convergence at every step portion. 

What does poor convergence look like?  In general, there are three types of 
convergence problems that are frequently encountered.  They are Excessive Undulation, 
Chronic Undershoot/Slow Convergence, and Chronic Overshoot.  They are illustrated in 
Figure 4-2.  There are several possible reasons for each of these convergence problems.  In 
most instances, the cause is a discharged battery pack. In rare cases, the PID algorithm may 
need to be adjusted to account for changes in the PI-SWERL mechanical properties over 
time or to suit your specific application.  Contact DUST-QUANT LLC for inquiries into 
PID parameter adjustment. 

 

 
Figure 4-2. Examples of Poor RPM convergence for a test with four step portions. 

 
Chronic Overshoot:  An example of overshoot was provided earlier in Figure 4-1.  

This problem can occur at low values of Target RPM because there is no friction load on 
the spinning annular blade.  Consequently, a small amount of power can result in an 
overshoot of the Target RPM.  If overshoot is causing a problem , it may be possible to 
refine the PID parameters for a specific application.  Contact the manufacturer for 
suggestions. 

Excessive Undulation: This problem is usually caused by a battery pack that 
cannot source enough power to maintain a steady Target RPM.   
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Chronic Undershoot/Slow Convergence: This problem is also a symptom of a 
battery pack that cannot provide the power needed to achieve the Target value. 

4.2.2.1.b. Is the Clean Air Flow Rate Relatively Constant? 
Similar to the motor that powers the PI-SWERL annular blade, a PID algorithm is 

used to maintain the Clean air flow rate at a set value.  The default set value of 100 lpm is 
adequate for most applications.  A mass flow meter is used to meter the flow rate of air 
provided by the clean air blower.  The reading from this flow meter is reported in the PI-
SWERL “Data” file on a 1-second basis.  Generally, all that is needed to check the clean 
air flow rate is a quick glance at a time series such as the one shown in Figure 4-1.  If the 
flow rate appears to be nearly constant at 100 lpm, then the clean air flow was operating 
adequately.  In practice, small (10%) perturbations in the clean air flow rate do not 
adversely affect the PI-SWERL measurement. 

4.2.2.1.c. Are the measured dust concentrations well behaved? 
Returning to Figure 4-1, the time series trace of the dust concentrations as measured 

by the TSI DustTrak 8530 monitor are plotted in black against the right-hand y-axis.  There 
are several things to note about the dust concentration values.  First, compared to the 
maximum dust concentrations over the course of the test, concentrations are very low at 
the beginning of the measurement during the clean air flush and even during the 1000 RPM 
step.  This is a good indication that for the purposes of the measurement shown, the PI-
SWERL chamber was relatively clean at the beginning of the measurement and no 
appreciable amounts of dust carry-over from previous measurements had occurred.  It is 
also a good indication that the dust monitor is working properly since we expect low 
amounts of dust at low rotation speeds of the annular blade. 

Second, overall, the time series of dust concentrations exhibits a continuous curve 
with few sudden changes in dust concentrations.  Sharp increases can be seen at the point 
where the target RPM switches from 1000 to 2000 and again when the target switches from 
2000 to 3000.  However, these are normal and expected responses to the increase in the 
rotation speed of the annular blade.  There is an isolated peak in dust concentration about 
30 seconds into the 4000 RPM step.  Such isolated peaks are not necessarily an indication 
of a problem with the measurement.  The peak may be a result of a relatively large soil 
particle making it past the DustTrak inlet into the sensing chamber or else a puff of dust 
associated with some material that had deposited within the inlet line and suddenly 
dislodged into the DustTrak monitor.  The peak is almost certainly not a result of dust 
emissions at the soil test surface.  Emissions from the test surface appear smoother on time 
series graphs because such emissions are first dispersed within the PI-SWERL chamber, 
mixed in with the existing air in the chamber, and vented relatively gradually through the 
exhaust port. 

In any case, the isolated peak during the 4000 RPM step is not of concern because 
it is not part of a pattern of such peaks and it is of the same order of magnitude as the dust 
concentrations measured during the step.  In practice, this means that the isolated peak will 
not have much of an impact on the average, sum, or overall magnitude of the dust emissions 
over the entire step.   
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What would problematic dust monitor data look like?  Figure 4-3 illustrates several 
different types of problems that can occur from time to time.  They are: Elevated Baseline, 
Flat Response, Excessive Spurious Peaks, and Excessive Dropped Data.   

 
NOTE: It is fairly common, especially at the beginning of a field measurement 

day that the user forgets to connect the DustTrak inlet to the PI-SWERL chamber.  This 
is easily identified because the dust monitor does not appear to respond to any changes 
in PI-SWERL RPM.   

 

 
Figure 4-3. Example of poor dust monitor data quality 

 
Elevated Baseline Concentrations: There are several possible causes of this 

problem:   
1. The baseline reading on the DustTrak dust monitor may have drifted over 

the course of use so that the monitor is reading higher values than it should be.  This 
is easily checked by placing a zero filter directly on the inlet of the dust monitor.  If 
the dust reading with the filter in place is higher than 0.01 mg/m3, then the dust 
monitor requires re-zeroing (See TSI DustTrak manual for instructions on re-
zeroing). 

2. The PI-SWERL chamber may have carried over a substantial amount of 
dust from a previous measurement.  When the clean air blower begins to circulate air 
through the chamber, some of this dust is resuspended and measured by the dust 
monitor.  This can be rectified by cleaning the PI-SWERL in between measurements 
as described in Section 3.5.   

3. Sometimes, the placement of the PI-SWERL on a dusty surface may result 
in small amounts of dust being suspended from the test surface.  If this is the case, 
then the dust concentration usually begins to fall after the clean air blower (first 
flushing cycle) first comes on.  In such cases, the apparent elevated baseline does not 
pose a measurement problem. 
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4. In rare cases, the clean air flow may be causing the soil surface to suspend 
dust.  This usually happens only at sites where the surface is extremely susceptible to 
wind erosion.  There are means to reduce the clean air flow rate, but in general it is 
not helpful to do so.  The reason is that a lower clean air flow means that the 
ventilation rate of the PI-SWERL chamber is decreased compared to a higher clean 
air flow.  Thus, on very dusty surfaces, the upper limit of the dust monitor is likely to 
be reached very quickly and lowering the clean air flow rate only exacerbates this 
problem. 

 
Flat Response: When the value being reported by the dust monitor is completely 

flat (i.e., exhibits no variability) there may be a communication problem or the dust monitor 
may be behaving erratically.  

1. Dust monitor may need re-zeroing or cleaning.  It is possible that some stray 
material may be lodged in the dust monitor sensing chamber and interfering 
with the dust measurement.  Try cleaning the dust monitor (See TSI DustTrak 
Manual). 

2. Communications between the dust monitor and the PI-SWERL computer may 
be compromised.  In the field, this can be checked by observing the LCD 
display on the dust monitor.  If the dust concentration shown on the LCD 
display does not change once a second, then the problem is with the dust 
monitor (See the TSI DustTrak manual). 

 
Excessive Spurious Peaks: short, high peaks in dust concentration are usually a 

result of a dust monitor that needs to be cleaned and re-zeroed.  It is also possible that some 
dust has deposited along the inlet lines to the dust monitor and may be intermittently 
suspended into the monitor, resulting in spurious peaks. 

 
Excessive Dropped Data: When SwerlView cannot communicate with the 

DustTrak monitor at a given second during the measurement, it writes a value of -1 (-2 if 
the User turns off the DustTrak through SWERLView) to the Data file for that second.  A 
few dropped data points are not detrimental to the measurement, but it is preferable that 
they are avoided altogether.  Excessive dropped data points such as the case shown in 
Figure 4-3 require remedy before further measurements are made.  In the field, try shutting 
down the computer, control box, and DustTrak and restarting the entire system.  If you 
have a spare DustTrak, you could also try swapping it in to determine if the problem is 
specific to the unit being used. 

4.2.2.1.d. Derived Quantities in a Data File 
The fundamental quantities or fields in a Data file are the Date and time (Datetime), 

the unique Test integer identifier (TestID), the measured RPM (RPM), the Target RPM 
(TRPM), the clean air flow (Flow(LPM)), the dust monitor concentration 
(DT_PM10(mg/m3)), the Optical Gate Sensor pulse counts (OGS_Count_1, 
OGS_Count_2, OGS_Count_3, and OGS_Count_4), and the Optical Gate Sensor pulse 
areas (OGS_PeakArea_1(V), OGS_PeakArea_2(V), OGS_PeakArea_3(V), and 
OGS_PeakArea_4(V)).  Pulse counts and pulse areas from the Optical Gate Sensors will 
be discussed in a separate subsequent section. 



 38 

Also included in the Data file are quantities that are derived from the fundamental 
quantities.   

 
NOTE:  Derived quantities are calculated from one or more of the fundamental 

measured quantities.  Therefore, if there are errors associated with the fundamental 
quantities, those errors will be propagated into the derived quantities.  Always ensure 
that the underlying fundamental quantities meet data quality criteria before using 
derived quantities for calculations, reports, etc. 

 
The six derived quantities are the normalized RPM (RPM_Norm), Instantaneous 

mass emission rate (InstantFlux(ug/s)), the Step-totaled dust mass (StepMass(ug)), the 
Test-totaled dust mass (TotalMass(ug)), the time elapsed into the Test (TestDur(sec)), and 
the time elapsed into the Step (StepDur(sec)).  These quantities are helpful for performing 
various calculations and displaying the data in a rapid manner. 

The final field in the Data file is DTValidity.  This is a flag field that is equal to 0 if 
the DustTrak monitor is communicating properly with the SwerlView software and set to 
-1 or -2 when the monitor is not communicating properly or has been turned off.   

 
Normalized RPM (RPM_Norm):  The normalized RPM is simply the measured 

RPM divided by the Target RPM value (RPM/TRPM).  It is helpful for examining how 
quickly the measured RPM converges on the target value and whether deviations from the 
Target RPM value are significant.  When the measured and target RPMs are equal, 
RPM_Norm is equal to unity.  When the measured RPM is higher than the Target value 
(e.g. by 7%), then RPM_Norm is larger than unity (e.g. 1.07). 

 
Elapsed Test Time (TestDur(sec)) and Elapsed Step Time (StepDur(sec)):  The 

elapsed Test time (TestDur(sec)) is simply the number of seconds that have elapsed since 
the Test began.  Likewise the elapsed step time (StepDur(sec)) is the number of seconds 
that have passed since a new step portion of the test was started.  For portions of the test 
where the target RPM is changing over time (i.e., ramp portions), the StepDur(sec) value 
is not very helpful. An example of the relationship between TestDur(sec) and StepDur(sec) 
is shown in Figure 4-4. 

 
Instantaneous mass flux (InstantFlux(ug/s)), Step-totaled dust mass 

(StepMass(ug)), and Test-totaled dust mass (TotalMass(ug)):  The Instantaneous mass 
emission rate is the amount of dust that is being exhausted out of the PI-SWERL in a given 
second.  It is calculated by multiplying the dust concentration by the clean air flow rate 
with adjustments for units so that the reported value is in units of micrograms of PM10 per 
second (µg/s).  The Instantaneous mass emission rate is calculated as follows: 

mg 1
g 1000

sec 60
min1

liter 1000
m 1LPMmg/m3)μg/s

3 µ
××××= )Flow()DTPM10(x(InstantFlu  

NOTE that to obtain a “per area” emission rate or a surface emission flux, the 
Instantaneous mass emission rate must be divided by an effective area.  Based on the 
analysis of the shear stress distribution at the soil surface that results from the 
rotation of the PI-SWERL annular blade (See Chapter 1) one reasonable choice for 
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an effective area (Aeff) is 0.035 m2 (A value of 0.026 was recommended in prior 
versions of the User Guide). 
 
The Step-totaled dust mass and the Test-totaled dust mass are simply the cumulative 
amount of dust that has been exhausted out of the PI-SWERL chamber at a specific time 
after a new Target RPM has started or at a specific time since a test started, respectively.  
They are calculated as follows: 
 

0g)StepMass(μ
    sec;1x(ug/s)InstantFlug)StepMass(μg)StepMass(μ

i,0

tii,1tii,tii,

=

×+= − , 

where ti is the number of seconds since the beginning of Step i. 
 

0μg)TotalMass(
    sec;1x(ug/s)InstantFluμg)TotalMass(μg)TotalMass(

0

t1-tt

=
×+=

 

where t is the number of seconds since the beginning of the Test. 
 
These three quantities are shown in an example in Figure 4-5. 
 

NOTE that to obtain an average emission rate over a Step or Test, the 
StepMass(ug) or TotalMass(ug) must be divided by an effective area as well as an 
effective averaging period (s).  Based on the analysis of the shear stress distribution 
at the soil surface that results from the rotation of the PI-SWERL annular blade (See 
Chapter 1) one reasonable choice for an effective area (Aeff) is 0.035 m2.  A number of 
choices are possible for an Effective time period (Teff).  The choice of Teff depends on 
the underlying assumptions about how the soil surface behaves.   

 
Figure 4-4. Elapsed Test Time (TestDur(sec)) and Elapsed Step Time (StepDur(sec)).  For example, 
the values of TestDur(sec) and StepDur(sec) at 8:19:41 are respectively 182 seconds and 62 seconds.
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Figure 4-5.  Comparison of DT_PM10(mg/m3), InstantFlux(ug/s), StepMass(ug), and TotalMass (ug).  
Blue arrow and green arrow show TotalMass  and StepMass values reported in Summary file for 3000 
RPM Step. 

4.2.2.1.e. What happens to derived Quantities when the Dust Monitor is not 
working? 

When the DT_PM10(mg/m3) field contains  a -1 or -2 value (indicating 
communication between the DustTrak monitor and SwerlView was interrupted), the 
InstantFlux(ug/s)) is given the value 0 by SwerlView.  This is because a flux cannot be 
calculated for any 1-second measurements where a PM10 value is not available.  
Consequently, neither the StepMass(ug) or the TotalMass(ug) are incremented until the 
next valid dust monitor measurement becomes available. 

4.2.2.2. Examining data from a test where the RPM varies continuously 
over a portion of the test (Ramp test) 

One important difference between portions of a test that have invariant RPM (steps) 
and portions that have varying RPM (ramps) is that the StepMass(ug) and StepDur(s) fields 
in the Data file are NOT meaningful for the ramp portions.   

 
 

4.2.2.2.a. Does the measured RPM converge reasonably well to the test 
specification for the Ramp? 

Unlike a step portion, in the ramp portion of a test, the RPM are constantly varied 
to achieve a specific rate of change.  The TRPM field in the Data file represents the value 
of the RPM that would meet the prescribed Ramp specification.  Thus, if the RPM curve 
reasonably follows the TRPM curve, as it does in the example shown in Figure 4-6, then 
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convergence is considered adequate.  Some of the symptoms of poor convergence for ramp 
portions of a test are the same as those for step portions.  Referring to Figure 4-2, these 
include Excessive Undulation, Chronic Overshoot, and Chronic Undershoot.  These signs 
are frequently symptoms of a battery pack that should be replaced.  Excessive Undulation 
could also be a result of a very shallow ramp specification (i.e. RPM does not change fast 
enough over time).   

 

 
Figure 4-6. Example Graph generated from a Test Data file consisting of one long ramp from 500 to 
3000 RPM.  
 

4.2.2.3. Optical Gate Sensor Parameters in the “Data” file 
The four Optical Gate Sensors (OGS) used in the PI-SWERL® are considered 

research instruments at the time of writing of this manual.  Their behavior, meaning of the 
measurement, sensitivity, and response are not well known at this time.  Experience with 
these sensors so far indicates that they are able to detect the motion of sand grains and that 
they seem to correlate well with data from the dust monitor.  However, the data processing 
techniques used with these sensors are rudimentary and the measurements reported in the 
Data files should be used with the understanding that the OGS provide an indication of 
sand movement and an indication of dust concentrations when mounted near the PI-
SWERL® base ring or higher up within the PI-SWERL® chamber, respectively.  They have 
been provided with the PI-SWERL® in anticipation that future research will inform of 
better ways to quantify the data that these instruments provide.  Thus, we provide a brief 
overview of how data from these instruments are currently reported in the Data file.  
However, we caution that OGS data should be independently inspected by the User to 
ensure that they adequately meet their data quality criteria.  In other words, the data are 
provided “as is” as a courtesy to the User.   

 
Note: One potential application of the OGS data is discussed in Section 3.4.2. 
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The principal of operation of the Optical Gate Sensors is fairly straightforward.  An 

LED shoots light onto a photoreceiver.  When the light beam is blocked partially, the 
photoreceiver records a loss in light transmission.  An example of the inverted raw data is 
shown in Figure 4-7.  OGS sensors are sampled at a rate of 2 kHz so that the raw data files 
from these sensors can be rather large.  This is one reason that the User should consider 
whether they really need or are likely to use the raw files from the OGS.  If not, SwerlView 
should be instructed not to write those files (See Section 3.4).   

The SwerlView software provides a one-second summary of the 2000 data points 
collected every second and writes the information to the PI-SWERL Data file.  The two 
pieces of information that are written for each OGS are the number of peaks detected over 
the 1-second interval (OGS_L1_Count, OGS_L2_Count, OGS_L3_Count, and 
OGS_L4_Count), and the Optical Gate Sensor pulse areas (OGS_L1_PeakArea(V), 
OGS_L2_PeakArea(V), OGS_L3_PeakArea(V), and OGS_L4_PeakArea(V)).  The former 
are unitless, while the latter formally have units of volts.  In earlier version of 
SWERLView, a simple filter was applied to the OGS signals to trigger the detection of a 
“peak”. If a change in voltage greater than 50 mV was detected, then that change was 
assumed to be due to the existence of a peak. 

In this version of SWERLView, a more sophisticated peak detection algorithm has 
been implemented. For every 0.5 seconds, SWERLView examines the signal from the OGS 
sensor and identifies the baseline and baseline noise levels through the inference of a 
standard deviation.  Briefly, the standard deviation is inferred from examining portions of 
the 0.5 second time series that are clearly not associated with the passage of a detectable 
particle.  A “peak” is detected by SWERLView when the signal deviates from the baseline 
by three standard deviations. The User has the option of changing this sensitivity level 
during the test specification (See section 3.3.1.) 

 

 
Figure 4-7. Example of time series of 2Khz data from Optical Gate Sensor. X-axis is milliseconds, y-
axis is inverted voltage signal. 
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Figure 4-8. Illustration of StepMass(ug) and TotalMass(ug) calculation. 

 
TestID RP

M 
StepDu
r(s) 

Battery
(V) 

Current
(A) 

FlowR
ate(LP
M) 

PM10(
mg/m3
) 

StepFlu
x (ug/s) 

TestFlu
x(ug/s) 

StepMa
ss(ug) 

TestMa
ss(ug) 

3298374016 0 60 25.52 0.774 99.4 0.211 0.35 0.35 21.0 21.0 
3298374016 1000 60 25.25 1.543 100.0 0.229 0.38 0.73 22.8 43.8 
3298374016 2000 90 25.17 1.838 100.0 1.173 1.96 2.44 176.1 220.0 
3298374016 2500 120 25.12 1.990 100.0 2.879 4.80 6.63 576.2 796.2 
3298374532 0 60 25.48 0.771 99.4 0.225 0.37 0.37 22.3 22.3 
3298374532 1000 60 25.22 1.552 100.0 0.241 0.40 0.77 24.1 46.5 
3298374532 2000 90 25.13 1.849 100.0 1.033 1.72 2.23 154.5 201.0 
3298374532 2500 120 25.09 1.918 100.0 3.657 6.08 7.76 730.2 931.2 
3298374930 0 60 25.42 0.774 99.4 0.324 0.54 0.54 32.2 32.2 
3298374930 1000 60 25.17 1.536 100.0 0.288 0.48 1.02 28.8 61.0 
3298374930 2000 90 25.13 1.774 100.0 1.009 1.68 2.36 151.6 212.6 
3298374930 3000 120 24.99 2.096 100.1 9.756 16.26 18.03 1951.6 2164.2 
3298375869 0 60 25.33 0.765 99.4 0.317 0.53 0.53 31.7 31.7 
3298375869 1000 60 25.07 1.565 100.0 0.329 0.55 1.08 32.9 64.6 
3298375869 2000 90 24.99 1.804 100.0 0.919 1.53 2.25 138.1 202.7 
3298375869 3000 120 24.89 2.104 100.1 5.682 9.49 11.17 1138.2 1341.0 
3298376303 0 60 25.27 0.758 99.3 0.343 0.57 0.57 34.1 34.1 
3298376303 1000 60 25.01 1.565 100.0 0.345 0.58 1.14 34.5 68.6 
3298376303 2000 90 25.00 1.693 100.1 0.514 0.86 1.62 77.2 145.8 
3298376303 3000 120 24.84 2.106 99.9 2.147 3.58 4.79 429.3 575.2 
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5. Instrument Maintenance and Care
The Table Below summarizes the different types of maintenance activities and the 

suggested frequency.  The highlighted items are required as part of the normal operation 
of the PI-SWERL® instruments (i.e. to be conducted daily or more frequently).  The entries 
in the Table are intended to serve as guidelines.  Field and use conditions vary widely and 
ultimately the User is expected to judge when a specific activity should be conducted. 

Activity Frequency Additional Details 
1. Re-zeroing
Dust Monitor
and flow check.

Minimum once 
per day of field 
use - preferably 
at the beginning 
of the day. 

If the dust monitor is exposed to very dusty surfaces, it may be 
necessary to conduct this operation every several tests.  Refer to 
the TSI DustTrak manual for instructions for re-zeroing and 
adjusting the flow on the 8530 nephelometer 

2. Cleaning
Dust Monitor

Minimum every 
2 full days of 
field use. 

If the dust monitor is exposed to very dusty surfaces, it may be 
necessary to conduct this operation several times a day.  Refer to 
the TSI DustTrak manual for instructions for cleaning the 8530 
nephelometer 

3. Cleaning PI-
SWERL
chamber and
internal surfaces

Once per day of 
field use-
preferably at the 
end of the day. 

Detailed instructions and suggestion for frequency of PI-SWERL 
chamber cleaning are provided in Section 3.5. 

4. Charging
used battery
packs

Once per day – at 
end of field day. 

Experience has shown that the battery packs used in the PI-
SWERL have a longer life if they are charged immediately after 
being used.  Instructions for battery pack care are provided in 5.3. 

5. Dust monitor
periodic
collocation

As needed. If you have more than one dust monitor, it is a good idea to 
collocate your monitors so that they are sampling the same air for 
a period of several hours.  The TSI DustTrak manual explains how 
you can use the internal datalogger on the DustTrak monitors to 
log the measurements and download the data to a computer.  You 
can then use third party software to determine the relative error of 
the dust monitors. 

6. Dust Monitor
Factory re-
calibration

As needed. 
Manufacturer 
recommends 
every 6 months 

If dust monitor provides erratic data and/or collocation of dust 
monitors does not yield acceptable relative errors, your monitor 
may require re-calibration at the TSI factory (≈ $800). 

7. Other dust
monitor service

As needed. Filters and other components of your dust monitor require 
maintenance from time to time.  Check the TSI DustTrak manual 
for specific service suggestions. 

8. Foam Seal re-
attachment

As needed. With use, the open-cell foam that seals the PI-SWERL to the soil 
surface may deteriorate or separate from the closed-cell foam 
attached to the PI-SWERL base ring.  See Section 5.4 for 
instructions on Foam Seal replacement. 

9. OGD 
(saltation)
sensor
replacement

Guidelines for 
frequency have 
not been 
established 

Over  time, OGD sensors become abraded and lose sensitivity, 
eventually providing no useful information. The OGD sensors can 
be replaced by the user (see Section 5.5) 

10. Replacing 
the batteries

Varies greatly 
based on use (1-4 
years) 

The MPS-2b battery packs can be refurbished by Dust-Quant LLC 
at the request of the User. Optionally, the User can replace the 
batteries in the pack at their own risk. Dust-Quant LLC assumes 
no responsibility for injury or instrument damage incurred as a 
result of incorrect battery service on the part of the User. 
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5.1. Keeping your PI-SWERL® clean (separate from daily 
cleaning discussed in section 3.5) 

Cleaning of the PI-SWERL® chamber and measurement surfaces should be 
conducted as part of normal operation of the instrument and is described in detail in section 
3.5.  This section addresses cleaning that should be conducted as part of long-term 
instrument maintenance. 

It is impossible to avoid dust deposition on the components of the PI-SWERL® 
instrument.  Small particles of sand and dust may accumulate on the electrical connectors.  
Using a handheld vacuum or suitable attachment, clean out the male and female sides of 
all plugs and cables.  Sand and dust may attach to portions of the field cart.  This can be 
cleaned with a hand brush or handheld vacuum. 

5.2. Dust Monitor 
The dust monitor is a TSI DustTrak Model 8530 nephelometer.  It is a separate 

instrument that is independently sold by TSI Inc, which is solely responsible for any 
Warrantees, content of User’s Manual, product defects, and recalls.  It is used in 
conjunction with the PI-SWERL® instrument because it has a large measurement range 
(nominally 0.001 -400 mg/m3), is rugged compared to other commercially available 
particle monitors, and supports real-time serial communication. 

In addition to the re-zeroing and cleaning that are required as part of daily PI-
SWERL® operation, your DustTrak monitor may require additional service (See TSI 
manual for suggested service schedule).  DUST-QUANT LLC suggests that if you have 
more than one dust monitor, you perform periodic collocation of your monitors to 
determine of the monitors inter-compare sufficiently well for your application.  Such 
collocation testing may help uncover problems with your dust monitor(s) that would 
require factory calibration and service (TSI suggested service schedule notwithstanding).  

5.2.1. Periodic collocation 
If you have more than one dust monitor, it is a good idea to periodically collocate 

your monitors and run them side by side.  This helps determine if the monitors are 
measuring similar values for PM10.  To collocate your monitors, first ensure that you have 
performed a re-zero, cleaned the DustTrak, set the internal clock, and checked the flow (as 
applicable) on all monitors according to TSI’s instructions.  Second, place the monitors 
close to each other in an area where the air is likely to be well mixed such as a countertop 
in a large room or the roof of a building.  Third, follow the TSI Manual instructions for 
using the onboard datalogger to log measurements every 1-second.  A minimum time for a 
collocation test is about 30 minutes.  Fourth, download the data from the onboard 
dataloggers (e.g., using TSI provided software) and import the data into a spreadsheet 
program. Examine the time series graphs for the instruments to see if peaks and periods of 
relatively low particle concentration coincide. Examine the average value for the entire 
period of collocation.  If significant differences are noticed between your dust monitors 
(outside the range of inter-instrument precision specified by TSI), then one of your 
monitors might need re-calibration. 
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5.2.2. Periodic calibration and service 
It is a good idea to periodically re-calibrate and service your DustTrak monitors.  If 

field use is heavy, such service may be required more frequently than suggested by TSI 
Inc.  Contact TSI directly to schedule factory calibration and Service. 

5.3. Battery Care 
The PI-SWERL MPS-2b battery pack consists of two UB-12-220 (22 Ah rating) 

sealed lead-acid batteries.  The same battery size and capacity are available from multiple 
manufacturers and are sold under multiple brand names. The batteries are connected within 
a case in such a way as to both supply power to the PI-SWERL control box (24 V) and for 
battery charging (12 V).   

Experience has shown that the battery packs used in the PI-SWERL have a longer 
life if they are charged immediately after being used in the field. Try to charge the batteries 
after each field use and recharge them every 4-6 months if in storage to maximize battery 
pack life. 

 
 
NOTE: Battery Packs should only be serviced by a qualified Technician. 
 
WARNING: NEVER CONNECT YOUR BATTERY PACK TO A CHARGER 

OTHER THAN THE ONE SUPPLIED BY DUST-QUANT LLC.     
 
As part of your miniature PI-SWERL system, two 12 V battery chargers have been 

provided to allow simultaneous charging of two battery packs at the end of a field day.  The 
chargers have a universal input voltage and frequency range of 100-240VAC and 50-60Hz, 
respectively and are designed to work almost anywhere in the world. We have attempted 
to provide the appropriate IEC-320 mains connector cable (plugs into wall). DO NOT USE 
a transformer to charge the batteries. Instead, plug the battery charger directly into a wall 
outlet or power strip.  

The included battery chargers use three-step charge control to fully charge the 
batteries.  The LED indicator on the charger indicates which step the charger is executing. 
Red indicates a constant 4 ampere (A) charge boost. A heavily discharged battery may 
result in a red LED for 8-10 hours. Red is followed by yellow, which indicates a slower 
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constant voltage charge. This lasts for about 2 hours. Green indicates a constant voltage 
float, which means that the battery pack is fully charged.   

To charge a battery pack, connect the battery pack to the charger using the twist-
lock connection on the battery pack. Plug the charger into a wall outlet. For a full charge, 
a minimum of 10 hours of charging time is required. When charging is complete (indicated 
by green light), unplug the charger from the wall outlet and then disconnect the battery 
pack dongle. 

 
WARNING: AS A MATTER OF GOOD PRACTICE, DO NOT LEAVE THE BATTERY 
CHARGERS PLUGGED INTO THE WALL AND CONNECTED TO A BATTERY PACK 
FOR LONGER THAN 12 HOURS.  OVERCHARGING OF BATTERIES CAN RESULT 
IN HAZARDOUS CONDITIONS.   
 

5.4. Foam Seal 
The foam Seal on the MPS-2b has been designed for easy replacement. The seal is 

glued onto a thin metal ring using a spray adhesive. The ring is attached to the bottom of 
the PI-SWERL with size #10 screws. A gasket keeps air from leaking between the bottom 
of the PI-SWERL and the metal ring that holds the seal. This method of attaching the seal 
allows the User to attach other types of bottoms to the PI-SWERL if desired. 

Over the course of use, the open-cell foam may deteriorate, fall off, or lose 
elasticity.  Replacing this foam is relatively easy.  The foam material used for a seal is an 
open-cell foam that is thick (4 cm) and very compressible.  This open-cell foam serves as 
a seal between the PI-SWERL chamber and the soil test surface.  In later versions of the 
PI-SWERL, the open cell foam has been coated with a rubberized (black) coating (LORD 
HPC-5B) to improve durability and reduce air leakage through the foam.  

To replace the foam ring, unscrew the existing ring from the bottom of the PI-
SWERL. It is held in place with 12 X #10 screws (of varying lengths, so note which ones 
are different. Screw in the new ring (remember to put the gasket between ring and PI-
SWERL body) if the foam is already attached to it. If the foam is not attached to the ring, 
then clean the ring and use a spray adhesive (e.g., 3M 76) on one side of the ring and one 
side of the foam to glue the ring and foam together, Let cure overnight with light pressure 
(wood plank with about 10 lbs (4 kg) of weight). Once cured, attach the ring to the PI-
SWERL as described previously (remember gasket). 
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5.5. OGD (saltation) sensor replacement 
If it becomes necessary to change one or more of your OGD sensors, you may do 

so using the spare units provided (additional spares are available for sale by Dust-Quant 
LLC).  

Using a Phillips screwdriver, carefully remove the #10 screw in the middle of the 
OGD sensor cover (on the ring). Remove the four #6 screws shown below. This will free 
the cover from the PI-SWERL body, BUT, wires will still be attached.  

To remove the old sensors, lightly jiggle each one from side to side as you pull on 
it until it comes out. Disconnect the communication wire from the top of the OGD 
electronics board so that the entire cover assembly is now free. To remove individual 
sensors, disconnect them at the OGD electronics board.  

Replace with new sensors by repeating the above steps in reverse. BE CAREFUL 
when replacing the #6 screws back into the PI-SWERL body not to strip the threads in the 
PI-SWERL unit.  
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6. Troubleshooting 
Overview note: 
The most commonly encountered operation problems include: 

• lost Bluetooth connection (unable to make Bluetooth connection 
between PI-SWERL and a tablet),  

• non-communicating Dustrak instrument,  
• unresponsive SWERLView software  

Until these bugs have been fixed in future software and firmware versions, in 
most cases, these can be fully resolved by restarting the PI-SWERL and the tablet 
computer.  
 
To restart a PI-SWERL 

o first shutdown the DustTrak instrument manually (press power 
button on the DustTrak, confirm Yes on the screen, and wait few 
seconds until it shuts down), 

o turn off the power to the PI-SWERL with the pushbutton (hold 
between 0.5-1 second for LED to turn off), 

o  unplug the power cable for 1-2 seconds.  
o To turn on the PI-SWERL repeat steps described in item 5.  

 
 
Message: “Battery needs to be replaced” 
Explanation: This message will appear at the end of a SwerlView test when the 
battery pack voltage starts to get low.  Try to replace the battery as soon as possible 
after this message first appears. This message usually appears after a few hours of 
operation (3-5 hours depending on the intensity of use) and indicates that the battery 
has been mostly discharged. Remember that the computer and other electronics all 
use the battery pack as their power source. So, even if you do not run the PI-
SWERL® but leave the main switch on (red LED indicator stays lit), the battery 
pack will discharge over a period of 8-10 hours. In general, battery capacity will 
depend on the battery age, operating temperature (at low temperatures battery 
capacity is reduced - at 0 deg C a fully charged battery has only 50% of the capacity 
that it has at 20 deg C).  Try to charge the batteries after each field use and recharge 
them every 4-6 months if in storage to maximize battery pack life.  
 
Error: “Loss of DustTrak Data” 
Solution: When the DustTrak communicates properly with the SwerlView software 
the DustTrak indicator in the Main Panel is green and the PM10 numeric indicator 
displays the DustTrak concentration on the screen. When there is a loss of 
communication the DustTrak indicator flashes red. In this case the PM10 numeric 
indicator will show -1 to indicate that no valid data are being collected from the 
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DustTrak. The problem might be due to one of the following: The User forgot to 
turn the DustTrak instrument on or the communication cable or power cable 
between the DustTrak and the PI-SWERL® is not plugged in. To correct this, check 
the connections, turn the instrument on, and make sure that the instrument goes into 
sample mode when PI-SWERL® tests are initiated.   
 
Error: “Poor convergence of RPM” 
Solution: Overwhelmingly, the reason for poor convergence of RPM to the target 
value is caused by a discharged battery. Try changing the battery pack. 
 
Occasionally, the RPM may systematically overshoot the target, especially at low 
RPM values (e.g., about 1000 and less.). This can occur when the battery pack has 
a higher voltage than the SWERLView program range and the limiting parameters 
are set too high. If this poses a problem, running several “dummy” tests serves to 
reduce the battery voltage and improves RPM convergence. 
 
Error: “General malfunction of one or more sensors” 
Solution: Experience has indicated that one of the most common modes of failure 
of the PI-SWERL® instrument is related to the connections at the control cable that 
spans between the control box and the PI-SWERL® body. When encountering 
problems that are not related to battery charge, a good first course of action is to try 
to switch the control cable with the spare provided, check all connections going 
into the control computer, and restart the system.  
 
 
Error: “Battery is connected but power switch is inoperable” 
Solution: The PI-SWERL® control box contains a 15 amperes circuit breaker.  This 
circuit breaker serves tow purposes. In the event that more than 15 A are drawn by 
the control box, the breaker is tripped. In addition, in the event that the power switch 
does not turn off the PI-SWERL® in the intended manner, unplugging the breaker 
from the power board or toggling the black safety override switch serves to cut off 
power to all PI-SWERL® electronics and peripherals (computer, DustTrak). Under 
normal operating conditions, this circuit breaker should not be tripped as there is 
no reason why 15 A limit should be exceeded under normal operating conditions. 
However, it is possible that the circuit breaker could become loose during transport 
or inadvertently be activated. If you do not suspect any hazards, try reseating the 
circuit breaker and resetting the push button switch. (recall that you will have to 
wait 5 seconds before pressing the power switch). Please review the instructions on 
the operation of the PI-SWERL® power switch and emergency power down 
provided on page 2 before servcing the circuit breaker.  
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7. PI-SWERL Quick Start Guide (1.1) 
Refer to the User Guide for detailed information. This is only intended to provide a quick 

refresher for users that have been trained on the instrument and are familiar with its functions. 
1. Assemble the PI-SWERL cart: 

• Follow the instruction manual to fully assemble the PI-SWERL cart and install a 
charged battery pack in place. 

2. Install the DustTrak instrument: 
• Place the DustTrak instrument cradle on the PI-SWERL (install DustTrak in 

cradle if needed) and secure it to the PI-SWERL body with four thumbscrews. 
Connect power, Ethernet, and sample tube from the PI-SWERL to the DustTrak 
instrument.  

3. Make the power cable connections: 
• Remove battery connector cap by twisting it the counter clock wise direction 
• Connect the power cable that is attached to the cart to the battery pack at one end 

and the PI-SWERL at the other. The largest tooth on the connector should be at 
the top. You might have to rotate the plug a bit for it to seat properly before 
twisting the outer ring in place.  

• Use the small cable to charge the tablet through a port on the left (you may have 
to remove a rubber plug to see the port). The tablet power does not rely on the PI-
SWERL being on, so be careful not to leave it on for long periods so it does not 
discharge the battery pack completely.   

4. Check DustTrak connections: 
• Check and make sure that the DustTrak instrument power and Ethernet 

connectors are in place as well as that the DustTrak inlet via the PM10 inlet is 
connected to the sample port on the PI-SWERL. 

5. Turn on power: 
• The PI-SWERL can be powered up 5 seconds after the power cable has been 

connected. Push and hold the power button momentarily (0.5 seconds) The red 
indicator light will come on.  

• The DustTrak instrument should power up by itself when the PI-SWERL is on.  
If not, turn off the power to the PI-SWERL, disconnect the cable from the battery 
pack and repeat steps 3, 4 and 5. 

• Once the DustTrak powers up, it takes about 60 seconds for the DustTrak 
instrument to fully boot up. Be patient and monitor for the green and amber 
LEDs on the side on the DustTrak where the Ethernet cable is plugged in. The 
green LED should be solid on and amber LED should be blinking 2-4 times per 
second in this mode.  

• Turn on the tablet computer by pressing the button on the top left edge of the 
tablet. The power button on the tablet needs to be pressed in for about 3 to 5 
seconds. Allow it around 2 minutes to fully finish booting the operating system. 

• Make sure DustTrak amber/yellow led is blinking.  
• The instrument is now ready for use 

 
6. Notes on the Tablet: 
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• The PI-SWERL tablet computer is configured to provide a convenient user 
experience.  Do not change any computer settings until you become more familiar with 
the instrument. 

• Tablet is configured to be in locked screen mode and regular Windows 10 with 
screen keyboard on. 

• A handheld Bluetooth keyboard has been included with the instrument and can 
be used for typing and as a mouse. To use the keyboard slide the switch on the top of the 
keyboard to the left. A blue LED will blink to indicate it is ON. It will take 2-3 seconds 
before keyboard is recognized. 

• The Windows OneDrive application might automatically come on.  Please close 
it since it is not required/not recommended during PI-SWERL operation.  

• Do NOT connect the tablet to the Internet since Windows security updates are 
known to interfere with the SWERLView program drivers.7.  

7. Start SWERLView 
• Check the date and time on your tablet and adjust as needed. 
• Click on the SWERLView software shortcut located on the windows task bar or 

just by typing SWERL in the Windows 10 search box 
• On the first startup, the Bluetooth connection might initially take up to 30 

seconds . When the “Next” button is activated (not gray) you will know that the 
tablet is connected to the PI-SWERL by Bluetooth. The DustTrak serial number 
will also be updated in the display box. 

• Consult the PI-SWERL manual for more details on the SWERLView program 
operation. 

8. Instrument troubleshooting: 
• Most issues on the PI-SWERL such as lost Bluetooth connection (unable to make 

Bluetooth connection between PI-SWERL and a tablet), non-communicating 
Dustrak instrument, and unresponsive SWERLView software can be resolved by 
fully restartinging the PI-SWERL and the tablet computer.  

• To restart a PI-SWERL 
o first shutdown the DustTrak instrument manually (press power button on 

the DustTrak, confirm Yes on the screen, and wait few seconds until it 
shuts down), 

o turn off the power to the PI-SWERL with the pushbutton (hold between 
0.5-1 second for LED to turn off), 

o  unplug the power cable for 1-2 seconds.  
o To turn on the PI-SWERL repeat steps described in item 5.  

9. Transfer collected PI-SWERL data: 
• To transfer the collected data, it is easiest to copy it to a USB flash drive. The 

shortcut to the PI-SWERL data folder is located on the tablet deskop 
(PiSwerlData). The folder location on the computer is the 
“C:\PiSwerl\PiSwerlData” 

• A USB cable extension (male Micro B to stand female Type A) included with 
the instrument has to be plugged into the tablet and then a USB flash drive can 
be plugged into the other end of USB cable.  It usually takes few seconds for the 
tablet to recognize the connected USB flash drive before data can be transferred 
to it. 
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APPENDIX D – PI-SWERL DATA SUMMARY: EXCEL FILE 
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APPENDIX E – PI-SWERL TRANSECT SAMPLING TIME 
SERIES 

• BB: Bombay Beach 

• AS: Alamo River South 

• VD: Vail Drain 

• NR: New River 

• T16: Trifolium 16 

• T1: Trifolium 1 

• PR: Poe Road 

• NTB: Naval Test Base 

• SCW: Salton City Wash 

• CH: Clubhouse 

• CP: Coachella Playa 

 

 

 

 

 



,,,, 

(j"E 4-
0 
::. 3-
x 

� 2-

" 

Round 1-November 2020 

�,- -- --=- __ell 

·,,,
(j"E 4-

0 
::. 3-
x 

� 2-

" 

� 1-

gi o-
--' 

,,,, 

(j"E 4-
0 
::. 3-
x 

� 2-

" 

� 1-

gi o-
--' 

·,,,
(j"E 4-

0 
::. 3-
x 

� 2-

" 

� 1-

gi o-

,,,, 

(j"E 4-
0 
::. 3-
x 

� 2-

" 

� 1-

gi o-
--' 

·,,,
(j"E 4-

0 
::. 3-
x 

� 2-

" 

� 1-

gi o-
--' 

66_1 66_2 66_3 

Round 2-December 2020 

66_1 66_2 

Round 3-January 2021 

66_1 66_2 

Round 4-February 2021 

66_1 66_2 

Round 5-March 2021 

66_1 66_2 

Round 6-April 2021 

66_1 

-

66_2 

Round 7-May 2021 

66_1 66_2 

66_3 

66_3 

66_3 

66_3 

66_3 

66_3 

-

66_4 

Site 

66_4 

Site 

66_4 

Site 

66_4 

Site 

66_4 

Site 

66_4 

Site 

66_4 

Site 

66_5 

66_5 

66_5 

66_5 

66_5 

66_5 

66_5 

66_6 

66_6 

66_6 

66_6 

66_6 

..II 
66_6 

66_6 

66_7 

66_7 

66_7 

66_7 

66_7 

66_7 

66_7 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Failed 
QAQC



Wet Wet Wet Wet

Wet Wet Wet Wet



' 
"' 

Round 1-November 2020 

',' 
Friction E 4-

"' Velocity (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-
-'

VD_1 VD_2 VD_3 VD_4 VD_5 VD_6 
■ 0.72 

VD_7 

' 
"' 

Round 2-December 2020 

',' 
Friction E 4-

"' Velocity (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-
-'

VD_1 VD_2 VD_3 VD_4 VD_5 VD_6 
■ 0.72 

VD_7 

' 
"' 

Round 3-January 2021 

',' 
Friction E 4-

"' Velocity (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-
-'

VD_1 VD_2 VD_3 VD_4 VD_5 VD_6 
■ 0.72 

VD_7 

' 
"' 

Round 4-February 2021 

',' 
Friction E 4-

"' Velocity (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-
-'

VD_1 VD_2 VD_3 VD_4 VD_5 VD_6 
■ 0.72

VD_7 

' 
"' 

Round 5-March 2021 

',' 
Friction E 4-

"' Velocity (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-
-'

VD_1 VD_2 VD_3 VD_4 VD_5 VD_6 
■ 0.72

VD_7 

' 
"' 

Round 6-April 2021 

',' 
Friction E 4-

"' Velocity (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-
-'

VD_1 VD_2 VD_3 VD_4 VD_5 VD_6 
■ 0.72

VD_7 

' 
"' 

Round 7-May 2021 

',' 
Friction E 4-

"' Velocity (mis) 

=-3- 0.31 
X 

::, 

� 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-
-'

VD_1 VD_2 VD_3 VD_4 VD_5 VD_6 
■ 0.72

VD_7 

Wet Wet Wet WetWetWetWet

Wet Wet Wet Wet Wet Wet Wet

WetWetWetWetWetWetWet



' 
"' 

Round 1-November 2020 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-

-'
NR_1 NR_2 NR_3 NR_4 ■ 0.72

NR_5 

' 
"' 

Round 2-December 2020 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0 .48 

2 1- 0.56 
a. 

■ 0.64
g> o-

-'
NR_1 NR_2 NR_3 NR_4 ■ 0.72

NR_5 

' 
"' 

Round 3-January 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0 .48 

2 1- 0.56 
a. 

■ 0.64
g> o-

-'
NR_1 NR_2 NR_3 NR_4 ■ 0.72

NR_5 

' 
"' 

Round 4-February 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0 .48 

2 1-

I
0.56 

a. 

■ 0.64
g> o-

-'
NR_1 NR_2 NR_3 NR_4 ■ 0.72

NR_5 

' 
"' 

Round 5-March 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-

-'
NR_1 NR_2 NR_3 NR_4 ■ 0.72

NR_5 

' 
"' 

Round 6-April 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-

-'
NR_1 NR_2 NR_3 NR_4 ■ 0.72

NR_5 

' 
"' 

Round 7-May 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64
g> o-

-'
NR_1 NR_2 NR_3 NR_4 ■ 0.72

NR_5 

Wet

WetWet Wet Wet Wet

WetWetWetWet

WetWet Wet Wet Wet



;-
"' 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -

gi o-
--' 

;-
"' 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -

gi o-
--' 

;-
"' 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -

gi o-
--' 

;-
"' 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -

gi o-
--' 

,,,, 

(j"E 4-
0 
::. 3-
x 

� 2-

" 

if 1 -

gi o-
--' 

·,,,
(j"E 4-

0 
::. 3-
x 

� 2-

" 

if 1 -

gi o-
--' 

Round 1-November 2020 

T16_1 T16_2 

Round 2-December 2020 

T16_1 T16_2 

Round 3-January 2021 

T16_1 T16_2 

Round 4-February 2021 

T16_1 T16_2 

Round 5-March 2021 

T16_1 T16_2 

Round 6-April 2021 

T16_1 T16_2 

Round 7-May 2021 

T16_1 T16_2 

T16_3 
Site 

T16_3 
Site 

T16_3 
Site 

T16_3 
Site 

T16_3 
Site 

T16_3 
Site 

T16_3 
Site 

T16_4 

T16_4 

T16_4 

T16_4 

T16_4 

-

T16_4 

T16_4 

T16_5 

T16_5 

T16_5 

T16_5 

T16_5 

T16_5 

T16_5 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Wet Wet Wet Wet Wet

■ 0.64 

■ 0.72 Wet Wet Wet Wet Wet

Wet Wet Wet Wet Wet

Access Access Access Access Access

Access Access Access Access Access



Access Access

Access Access

Access Access

Access Access

Access Access

Access Access



' 
"' 

Round 1-November 2020 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64 
g> o-
-'

PR_1 PR_2 PR_3 PR_4 ■ 0.72
PR_5 PR_6 

' 
"' 

Round 2-December 2020 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64 
g> o-
-'

PR_1 PR_2 PR_3 PR_4 ■ 0.72
PR_5 PR_6 

' 
"' 

Round 3-January 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64 
g> o-
-'

PR_1 PR_2 PR_3 PR_4 ■ 0.72
PR_5 PR_6 

' 
"' 

Round 4-February 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64 
g> o-
-'

PR_1 PR_2 PR_3 PR_4 ■ 0.72
PR_5 PR_6 

' 
"' 

Round 5-March 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64 
g> o-
-'

PR_1 PR_2 PR_3 PR_4 ■ 0.72
PR_5 PR_6 

' 
"' 

Round 6-April 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64 
g> o-
-'

PR_1 PR_2 PR_3 PR_4 ■ 0.72
PR_5 

' 
"' 

Round 7-May 2021 

',' 
Friction Velocity E 4-

"' (mis) 

=-3-
X 

0.31 
::, 

0.40 
u:: 2-

!,! 0.48 

2 1- 0.56 
a. 

■ 0.64 
g> o- -

-'
PR_1 PR_2 PR_3 PR_4 ■ 0.72

PR_5 PR_6 

Access Access Access Access Access Access

Wet Wet Wet Wet Wet Wet

Wet Wet Wet Wet Wet Wet

Wet Wet Wet Wet Wet Wet

Wet Wet Wet Wet Wet Wet



Round 1-November 2020 
;-
"' Friction Velocity (mis) 

'l' 
E 

4-

Cl 
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o- ■ 0.72 
--' 

NTB_1 NTB_2 NTB_3 NTB_4 NTB_5 NTB_6 NTB_7 NTB_S NTB_9 
Site 

Round 2-December 2020 
;-
"' Friction Velocity (mis) 

'l' 
E 

4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o-
--' 

■ 0.72 

NTB_1 NTB_2 NTB_3 NTB_4 NTB_5 NTB_6 NTB_7 NTB_S NTB_9 
Site 

Round 3-January 2021 
;-
"' Friction Velocity (mis) 

'l' 
E 

4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o-
--' 

■ 0.72 

NTB_1 NTB_2 NTB_3 NTB_4 NTB_5 NTB_6 NTB_7 NTB_S NTB_9 
Site 

Round 4-February 2021 
;-
"' Friction Velocity (mis) 

'l' 
E 

4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o-
--' 

■ 0.72 

NTB_1 NTB_2 NTB_3 NTB_4 NTB_5 NTB_6 NTB_7 NTB_S NTB_9 
Site 

Round 5-March 2021 
;-
"' Friction Velocity (mis) 

'l' 
E 

4-

1
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o- ■ 0.72 
--' 

NTB_1 NTB_2 NTB_3 NTB_4 NTB_5 NTB_6 NTB_7 NTB_S NTB_9 
Site 

;-
"' 

Round 6-April 2021 
Friction Velocity (mis) 

'l' 
E 

4- 0.31 

C) 

I
0.40 

::. 3-
0.48 X 

� 2- 0.56 
" 

■ 0.64 
if 1 -

■ 0.72 
gi o-
--' ■ 0. 72 (Modeled)

NTB_1 NTB_2 NTB_3 NTB_4 NTB_5 NTB_6 NTB_7 NTB_S NTB_9 
Site 

Round 7-May 2021 
;-
"' Friction Velocity (mis) 

'l' 
E 

4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o-
--' 

■ 0.72 

NTB_1 NTB_2 NTB_3 NTB_4 NTB_5 NTB_6 NTB_7 NTB_S NTB_9 
Site 

WetWet Wet Wet Wet Wet Wet Wet Wet

Failed
QAQC

Access



Round 1-November 2020 
;-"' Friction Velocity (mis) 
'l' 

E 4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o-
--' 

■ 0.72 

sew_, sew_2 sew_3 sew_4 sew_5 sew_6 sew_7 sew_s sew_9 
Site 

Round 2-December 2020 
;-"' Friction Velocity (mis) 
'l' 

E 4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 -

_JI _. I 
■ 0.64 

gi o- ■ 0.72 
--' 

sew_, sew_2 sew_3 sew_4 sew_5 sew_6 sew_7 sew_s sew_9 
Site 

Round 3-January 2021 
;-"' Friction Velocity (mis) 
'l' 

E 4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64

gi o-
--' 

■ 0.72 

sew_, sew_2 sew_3 sew_4 sew_5 sew_6 sew_7 sew_s sew_9 
Site 

Round 4-February 2021 
;-"' Friction Velocity (mis) 
'l' 

E 4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 -

---
■ 0.64

gi o- ■ 0.72 
--' 

sew_, sew_2 sew_3 sew_4 sew_5 sew_6 sew_7 sew_s sew_9 
Site 

Round 5-March 2021 
;-"' Friction Velocity (mis) 
'l' 

E 4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o- -
--' 

- ■ 0.72 

sew_, sew_2 sew_3 sew_4 sew_5 sew_6 sew_7 sew_s sew_9 
Site 

Round 6-April 2021 
;-"' Friction Velocity (mis) 
'l' 

E 4-
0.31 

C) 

::. 3-

J 
0.40 

X 
0.48 

� 2-
" 0.56 

if 1 - ■ 0.64 

gi o- ■ 0.72 
--' 

sew_, sew_2 sew_3 sew_4 sew_5 sew_6 sew_7 sew_s sew_9 
Site 

Round 7-May 2021 
;-"' Friction Velocity (mis) 
'l' 

E 4-
0.31 

C) 

::. 3- 0.40 
X 

0.48 
� 2-
" 0.56 

if 1 - ■ 0.64 

gi o-
--' 

■ 0.72 

sew_, sew_2 sew_3 sew_4 sew_5 sew_6 sew_7 sew_s sew_9 
Site 

WetWetWetWetWetWetWetWetWet

Wet Wet Wet

WetWetWet

Wet Wet Wet

WetWetWet



,,,, 

(j"E 4-
0 
::. 3-
x 

� 2-
" 

if 1 -
gi o-
--' 

·,,,
(j"E 4-

0 
::. 3-
x 

� 2-
" 

if 1 -
gi o-
--' 

,,,, 

(j"E 4-
0 
::. 3-
x 

� 2-
" 

if 1 -
gi o-
--' 

·,,,
(j"E 4-

0 
::. 3-
x 

� 2-
" 

if 1 -
gi o-

' 
"' 

'l' 
E 4-
C) 

::. 3-
X 

� 2-
" 

if 1 -
gi o-
--' 

' 
"' 

'l' 
E 4-
C) 

::. 3-
X 

� 2-
" 

if 1 -
gi o-
--' 

' 
"' 

'l' 
E 4-
C) 

::. 3-
X 

� 2-
" 

if 1 -
gi o-
--' 

Round 1-November 2020 

CH_1 CH_2 

Round 2-December 2020 

CH_1 CH_2 

Round 3-January 2021 

CH_1 CH_2 

Round 4-February 2021 

CH_1 CH_2 

Round 5-March 2021 

CH_1 CH_2 

Round 6-April 2021 

I 
CH_1 CH_2 

Round 7-May 2021 

CH_1 CH_2 

CH_3 CH_4 

Site 

CH_3 CH_4 

Site 

CH_3 CH_4 

Site 

CH_3 CH_4 

Site 

CH_3 CH_4 
Site 

CH_3 CH_4 
Site 

CH_3 CH_4 
Site 

CH_5 

CH_5 

CH_5 

CH_5 

CH_5 

CH_5 

CH_5 

CH_6 

CH_6 

CH_6 

CH_6 

CH_6 

CH_6 

CH_6 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

■ 0. 72 (Modeled)

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

WetWetWetWetWetWet



Round 1-November 2020 
;-
"' 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -
■ gi o-

--' 
CP_1 CP_2 

Round 2-December 2020 
;-
"' 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -
gi o-
--' 

CP_1 CP_2 

;-
"' 

Round 3-January 2021 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -
gi o-
--' 

CP_1 CP_2 

;-
"' 

Round 4-February 2021 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -
gi o-

CP_1 CP_2 

Round 5-March 2021 
;-
"' 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -
-■ 

gi o-
--' 

CP_1 CP_2 

;-
"' 

Round 6-April 2021 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -
-gi o-

--' 
CP_1 CP_2 

;-
"' 

Round 7-May 2021 

'l' 
E 

4-

C) 

::. 3-
X 

� 2-

" 

if 1 -
-gi o-

--' 
CP_1 CP_2 

t:11 
CP_3 CP_4 

Site 

CP_3 CP_4 
Site 

CP_3 CP_4 
Site 

--

CP_3 CP_4 
Site 

CP_3 CP_4 
Site 

CP_3 CP_4 
Site 

■ 

CP_3 CP_4 
Site 

CP_5 CP_6 

CP_5 CP_6 

CP_5 CP_6 

-

CP_5 CP_6 

CP_5 CP_6 

CP_5 CP_6 

CP_5 CP_6 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Friction Velocity (mis) 

0.31 

0.40 

0.48 

0.56 

■ 0.64 

■ 0.72 

Wet Wet Wet

WetWetWetWetWetWet

Wet Wet Wet

WetWet

Wet

Wet



SALTON SEA EMISSIONS MONITORING PROGRAM 
2020/2021 ANNUAL REPORT AND PM10 EMISSIONS ESTIMATES 

 

ATTACHMENT 4. 2020-2021 SURFACE MAPPING REPORT 
 

 



  

Attachment 4 
2020/2021 Surface Mapping Report 

 for the Salton Sea Emissions Monitoring Program 
 

 

 

 

 

Prepared for: 
Imperial Irrigation District 

in coordination with the County of Imperial 

 

 

Prepared by: 
Formation Environmental 

 
 

 

 

 

APRIL 2022 
 



Attachment 4 
2020/2021 Surface Mapping Report 

1 

TABLE OF CONTENTS 
Executive Summary ............................................................................................................................................... 3 

1 Introduction .................................................................................................................................................. 4 

1.1 Salton Sea Emissions Monitoring Program Overview ..................................................................................... 4 

1.2 Surface Mapping Overview ............................................................................................................................. 6 

2 Playa Surface Mapping .................................................................................................................................. 8 

2.1 Methods .......................................................................................................................................................... 8 

2.1.1 Surface Surveys .................................................................................................................................... 8 

2.1.2 Mapping of Surface Properties Related to Erosion .............................................................................. 8 

2.1.2.1 Crust Type and Sand Presence ...................................................................................................... 10 

2.1.2.2 Playa Soil Moisture ........................................................................................................................ 12 

2.2 Playa Crust Mapping...................................................................................................................................... 16 

2.2.1 Results ................................................................................................................................................ 18 

2.2.2 Discussion .......................................................................................................................................... 22 

2.3 Playa Sand Presence Mapping....................................................................................................................... 27 

2.3.1 Results ................................................................................................................................................ 27 

2.3.2 Discussion .......................................................................................................................................... 33 

2.4 Playa Soil Moisture Mapping ......................................................................................................................... 38 

2.4.1 Results ................................................................................................................................................ 38 

2.4.2 Discussion .......................................................................................................................................... 38 

3 Desert Geomorphic Surface Mapping .......................................................................................................... 41 

3.1 Methods ........................................................................................................................................................ 44 

3.2 Results ........................................................................................................................................................... 46 

3.3 Discussion ...................................................................................................................................................... 52 

4 References ................................................................................................................................................... 53 

 

Tables 

Table 1. Summary of Predictor Data and Training Data for Mapping of Playa Crust Type, Sand Presence ................ 13 

Table 2. Description of Playa Crust Types .................................................................................................................... 17 

Table 3. Internal Confusion Matrix for Playa Crust Type ............................................................................................. 19 

Table 4. External Confusion Matrix for Playa Crust Type ............................................................................................ 19 

Table 5. 2019/2020 Extent of Playa Crust Types ......................................................................................................... 20 

Table 6. Internal Confusion Matrix for Playa Sand Presence (September 2019) ......................................................... 28 

Table 7. External Confusion Matrix for Playa Sand Presence (September 2019) ........................................................ 28 

Table 8. Internal Confusion Matrix for Playa Sand Presence (April 2020) ................................................................... 29 



Attachment 4 
2020/2021 Surface Mapping Report 

2 

Table 9. External Confusion Matrix for Playa Sand Presence (April 2020) .................................................................. 29 

Table 10. Summary of September 2019 Playa Sand Presence Classification .............................................................. 30 

Table 11. Summary of April 2020 Playa Sand Presence Classification ......................................................................... 30 

Table 12. Summary of Sand Presence Acreage and Percentage Throughout Monitoring Years ................................. 33 

Table 13. Subclasses for Desert Surface Characterization ........................................................................................... 42 

Table 14. Internal Confusion Matrix for Desert Geomorphic Surface Mapping .......................................................... 47 

Table 15. External Confusion Matrix for Desert Geomorphic Surface Mapping ......................................................... 48 

Table 16. 2019/2020 Extent of Surface Type Subclasses in the Desert Study Domain ............................................... 49 

Figures 

Figure 1. Playa and Desert Study Domains .................................................................................................................... 7 

Figure 2. Soil Moisture Training Data and Soil Moisture Threshold ............................................................................ 16 

Figure 3. 2019/2020 Playa Crust Type Distribution ..................................................................................................... 21 

Figure 4. Example Evolution of Crust Type in the Clubhouse Planning Area ............................................................... 24 

Figure 5. Geomorphic Playa Features .......................................................................................................................... 25 

Figure 6. Playa Sand Presence (September 2019) ....................................................................................................... 31 

Figure 7. Playa Sand Presence (April 2020) ................................................................................................................. 32 

Figure 8. Precipitation as Measured at Three Meteorological Stations ...................................................................... 34 

Figure 9. Fluvial and Aeolian Sand Sources ................................................................................................................. 36 

Figure 10. Examples of Dune/Playa Interactions ......................................................................................................... 37 

Figure 11. Example of “Pocketing” at the New River Delta, May 22, 2020 ................................................................. 37 

Figure 12. Playa Percent Wetness by Monitoring Year ............................................................................................... 39 

Figure 13. Playa Soil Moisture Map for April 30, 2019 ................................................................................................ 40 

Figure 14. Photographs of Desert Surface Types ......................................................................................................... 43 

Figure 15. Percent of Playa and Desert Areas With Wet Surface Conditions .............................................................. 45 

Figure 16. Surface Type Subclasses for the Desert Study Domain .............................................................................. 50 

Figure 17. Surface Type Subclasses (Top) and San Felipe Mapping (Bottom) Comparison ......................................... 51 

Appendices 

Appendix A – Predictor Variables and Calculations 

Appendix B  – Calibration of Sentinel-2 SWIR-1 Band to Landat-8 SWIR-1 Band 



Attachment 4 
2020/2021 Surface Mapping Report 

3 

EXECUTIVE SUMMARY 
This 2020/2021 Surface Mapping Report was prepared for the Imperial Irrigation District (IID) as a part of 
the annual Emissions Monitoring Program for the Salton Sea Air Quality Mitigation Program (SS AQM 
Program; IID 2016). Annual emissions estimates are conducted to assess emissive areas at the Salton Sea 
playa and surrounding desert areas, and to determine dust emission rates for different playa and desert 
surface types. Since 2016, annual surface mapping has been conducted to map unique surface 
characteristics at the Salton Sea playa and the surrounding desert areas to support the Emissions 
Monitoring Program. Annual reports, such as this one, document historical trends in playa and desert 
surface types that may affect dust emissivity potential as the Salton Sea recedes and the exposed playa 
increases. This surface mapping report presents results for the 2020/2021 monitoring year (July 1, 2020, 
through June 30, 2021). 

The 2020/2021 surface mapping approach and methodology are generally consistent with those used for 
previous monitoring periods.  Lack of rainfall resulted in the playa being relatively drier than the previous 
monitoring year. One exception was a wet period in January 2021, which exhibited a notable effect on the 
PM10 emission potentials. Average wet playa surfaces decreased from 61% in 2019/2020 to 44% in 
2020/2021. Decreased moisture and frequency of rainfall liberated previously sequestered loose surface 
sand onto playa surfaces and promoted aeolian activity, resulting in a significant increase in loose surface 
sand in the 2020/2021 monitoring year in comparison to the 2019/2020 monitoring year. Acreages of 
surfaces with loose surface sand rebounded to levels consistent with the years preceding the relatively 
wet 2019/2020 monitoring year.   

Changes in crust type in 2020/2021 include a notable expansion of vegetation at the outlet of drains, 
particularly along the alphabet drains and within the Southern Conservation Habitat (SCH) project area. 
The most common crust type (smooth crust) continued to expand in 2020/2021. The rapid expansion of 
low-relief playa drove the increase in smooth crust—a crust type low on the crust development spectrum. 
Playa surfaces that have been exposed for longer durations persisted as weak botryoidal crust (an 
intermediate crust type on the crust development spectrum), but further development to a botryoidal 
surface is slowly occurring following relatively heavy rainfall in 2019/2020.  

Minority surface types (botryoidal crust, no crust, and barnacle beds) continued to be part of the playa 
landscape and exhibit unique properties. As undisturbed weak botryoidal playa surfaces develop, they are 
expected to contribute to the areal extent of botryoidal crust. Areas of any crust type subjected to erosive 
factors (OHV traffic, sand inundation) may degrade to no-crust surfaces. Barnacle bed surfaces are the 
only surface type expected to become increasingly rare, as the Salton Sea’s salinity surpasses the 
biological threshold of the barnacle Balanus amphitrite. 

The imagery source that serves as the basis for the soil moisture mapping of playa surfaces was changed 
from Landsat 8 to Sentinel 2A/2B in the 2020/2021 monitoring year. The higher spatial and temporal 
resolution offered by Sentinel 2A/2B improves assessments of playa soil moisture. 
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1 INTRODUCTION 
This 2020/2021 Surface Mapping Report was prepared as a component of the Salton Sea Emissions 
Monitoring Program. Specifically, this report describes the approaches and methodologies used to map 
unique surface characteristics for the Salton Sea playa and for the adjacent desert for the 2020/2021 
monitoring year. This report includes the following sections: 

• Section 1, Introduction, provides an overview of the Salton Sea Emissions Monitoring Program, 
including the use of different surface maps in the workflow to develop the 2020/2021 Annual 
Emissions Estimates. 

• Section 2, Playa Surface Mapping, describes the methodology, results, and discussion for the 
generation of the playa crust map, the playa sand presence map, and the playa soil moisture map. 

• Section 3, Desert Geomorphic Surface Mapping, describes the methodology, results, and 
discussion for the generation of the geomorphic surface map of the desert domain. 

• Section 4, References, lists the references used herein. 

1.1 SALTON SEA EMISSIONS MONITORING PROGRAM OVERVIEW 
The Salton Sea Emissions Monitoring Program is a main component of the Salton Sea Air Quality 
Mitigation Program (SS AQM Program; IID 2016). The SS AQM Program specifies that the annual Emissions 
Monitoring Program will 1) assess which playa surfaces and conditions are emissive and 2) assess dust 
emissions from areas adjacent to the Salton Sea playa to establish the location, timing, and magnitude of 
desert emissions. The SS AQM Program also specifies that the annual Emissions Monitoring Program will 
establish PM10

1 emission rates for different types of playa and desert surfaces.  

The annual Emissions Monitoring Program estimates emissions based on several lines of evidence (IID 
2016, IID 2018 through 2021). Lines of evidence include mapping exposed playa, monitoring surface 
characteristics, mapping soil/surface properties, identifying dust source areas, documenting dust plumes, 
and estimating high wind event emissions. These lines of evidence are used 1) to develop actual PM10 
emissions rulesets for site-specific soils and playa surface conditions and classes at different wind speeds, 
and 2) to estimate annual emissions. Results of the annual emissions estimates are used to understand 
the timing, location, and magnitude of emissive surfaces and to prioritize areas for proactive dust control 
planning and implementation as part of an annual Proactive Dust Control Plan (PDCP).  

The workflow for the annual emissions estimates includes the following main steps:  

1. Develop conditional surface classes. Surface characteristics are directly related to the spatial and 
temporal nature of PM10 emissions. Conditional surface classes were developed to divide the 
surfaces and conditions in the study domain into a reasonable number of classes based on surface 

 
1 Particulate Matter Less Than 10 Microns in Aerodynamic Diameter 
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surveys and PI-SWERL2 sampling data. PI-SWERL sampling data were collected to understand the 
emissions potential of different surface properties at multiple surface friction velocities. At each 
PI-SWERL sampling location, surface surveys characterized the physical surface properties related 
to wind erosion. These data were used to identify the primary emission drivers for the playa (i.e., 
crust type, sand presence, and soil moisture) and for the desert (i.e., geomorphic surface type). 

2. Develop PM10 emissions ruleset from PI-SWERL data to assess emissions potential of each 
conditional surface class. The PM10 emissions ruleset is a series of emission rate curves for each 
conditional surface class identified in Step 1, above. The ruleset was developed based on PI-
SWERL sampling data and the linear relationship between surface friction velocity and PM10 flux, 
as well as the threshold friction velocity (the minimum friction velocity required to initiate the 
movement of soil particles). 

3. Develop meteorological fields to simulate weather conditions in the study domain. Weather 
variables (e.g., wind speed, wind direction, friction velocity) play a pivotal role in emissions 
potential. The Weather Research and Forecasting (WRF) model was used to simulate the hourly 
10-meter wind speeds at a 600-meter grid for the study domain. The WRF model is a state-of-the-
art, mesoscale, atmospheric simulation modeling system. The model incorporates multiple 
geographic datasets (e.g., topography, land use, soil) and boundary conditions and uses different 
land surface and atmospheric physics to simulate weather fields. In addition, the model 
simulations were nudged using actual atmospheric conditions (i.e., weather data from multiple 
monitoring stations within the study domain) to better simulate meteorological conditions.  

4. Calculate the hourly corrected friction velocity for the study domain. The threshold friction 
velocity is directly related to surface roughness. When wind blows over a landscape, it is 
partitioned around/through naturally rough surfaces (e.g., vegetated surfaces) and erodible 
surfaces (e.g., barren playa). Thus, to understand emissions potential, it is important to 
understand the effects of natural surface roughness on friction velocity. The hourly corrected 
friction velocities for the study domain were calculated using the hourly wind speed estimates 
from the WRF model (Step 3) and the roughness lengths identified for naturally rough surfaces 
and erodible surfaces.  

5. Calculate hourly emissions for the study domain. Annual emissions are calculated based on the 
PM10 emissions ruleset developed for each conditional surface class (Step 2) and the hourly 
corrected friction velocities for the study domain (Step 4). The total annual emissions (tons), 
tons/day, and maximum day dust emissions were estimated for both the desert and playa 
domains.  

As described in this report, surface mapping is an integral component of the annual emissions estimates 
for the playa and the desert. Specifically, surface mapping identifies the spatial distribution of conditional 
classes (Step 1) and informs the development of the PM10 emissions ruleset to assess the emissions 

 
2 The PI-SWERL (Portable In-Situ Wind ERosion Laboratory) is a portable instrument, developed by Dust-Quant LLC, used to 
measure the potential for surface and soil erosion and associated dust suspension under the influence of variable simulated wind 
speeds (Dust-Quant LLC 2018, IID 2018a).  
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potential of each conditional surface class (Step 2). Then, calculation of the emissions estimates for the 
entire study domain can be made (Step 5). This report provides a detailed summary of the surface 
mapping methods and results used to develop the 2020/2021 Annual Emissions Estimates.  

1.2 SURFACE MAPPING OVERVIEW  
Based on results from PI-SWERL samples collected in 2020/2021, playa crust type, sand presence, and soil 
moisture exert a strong influence on emissions potential. Accordingly, these surface parameters were 
mapped for the playa study domain. The following sections describe surface mapping methods, results, 
and discussion for each surface characteristic. In the desert study domain, geomorphic surface mapping 
(Section 3) was conducted to determine the distribution of different surface types.  

There are two domains described throughout this report: playa and desert (Figure 1). Each is defined as 
follows: 

• Playa is defined as area of exposed land between the former Salton Sea shoreline in December 
2002 and the shoreline in November 2020. These shorelines were determined using remote 
sensing techniques (IID 2022, Attachment 2). Although the extent of playa is variable, the 
November 2020 shoreline represents the Salton Sea playa at its maximum extent in 2020. The 
playa area exposed during this timeframe serves as the basis for the playa mapping and modeling 
necessary for the development of the 2020/2021 Emissions Estimate (IID 2022). The playa study 
domain for the 2020/2021 Emissions Estimate is approximately 25,589 acres.3 

• The desert study domain is defined as the area west of the Salton Sea bounded by the Imperial 
Valley, the Mexican-US border, the Peninsular Range, and Desert Shores. This domain uses 
geographic boundaries to encompass the portions of the surrounding desert that contribute PM10 
to the Salton Sea airshed with a dominant wind speed from the west/southwest. The desert study 
domain is approximately 1,025,543 acres. 

 

 

 
3 This is compared to 23,917 acres from the previous monitoring year. 



K:
\II

D
_S

al
to

nS
ea

\T
as

ks
\T

as
k1

b_
Em

is
si

on
sI

nv
en

to
ry

\D
oc

um
en

ts
\2

02
1_

Su
rfa

ce
_M

ap
pi

ng
_T

M
\F

ig
ur

es
\F

ig
ur

e 
1.

 P
la

ya
 a

nd
 D

es
er

t S
tu

dy
 D

om
ai

ns
.m

xd

DATE: FEB 03, 2022

0 10 20

Miles ±
Imperial Irrigation District

Salton Sea

Figure 1.
Playa and Western Desert 

Study Domains

Legend
Playa

Western Desert

Imperial Valley

Peninsular Range

Desert Shores

Sa
n 

D
ie

go

Im
pe

ria
l

Riverside



Attachment 4 
2020/2021 Surface Mapping Report 

8 

2 PLAYA SURFACE MAPPING 
This section describes the methodology, results, and discussion for the generation of the playa crust map, 
the playa sand maps, and the playa soil moisture maps.  

2.1 METHODS 
Surface characterization is important because surface characteristics are directly related to the spatial and 
temporal nature of PM10 emissions. Extensive survey methods were used to accurately map existing playa 
surface characteristics using ground-based surface evaluations and remotely-sensed data resources. 
Ground-based surface evaluations include detailed characterization of surface properties related to 
erosion at the playa. These datasets were then used as calibration data to spatially map surface types 
using satellite-based imagery. In addition, surface survey data were coupled with PI-SWERL sampling data 
to understand the potential emissivity of each surface type (IID 2021).  

The sections below provide an overview of the methodology for the ground-based surface surveys 
(Section 2.1.1) and for classification of surface properties using remotely sensed data resources (Section 
2.1.2).  

2.1.1 SURFACE SURVEYS 
Ground-based surface surveys were performed to characterize surface properties related to erosion. A 
standard set of surface survey data was collected during each surface survey to provide a consistent 
assessment of surface characteristics. Survey data collected include, but are not limited to, crust type, 
crust thickness, crust hardness, soil moisture, soil texture, and sand presence. Survey sites and PI-SWERL 
sampling locations were co-located to understand the emissions potential associated with each surface 
characteristic. In addition, surface surveys for crust type and sand presence were conducted to bolster 
the dataset. These “focused” surface surveys provided additional data for use as training data in the  
classification of surface properties (i.e., crust type, sand presence) using remotely-sensed data resources 
(Section 2.1.2). 

2.1.2 MAPPING OF SURFACE PROPERTIES RELATED TO EROSION 
The results from the early ground surface surveys, 2016 to 2018, were used to evaluate which playa 
surface parameters were most influential on the PM10 emission potential as measured by the PI-SWERL. 
This was done both qualitatively, by graphing relationships between emission potentials and various 
surface characteristics, as well quantitatively. The latter consisted of evaluating statistical relationships 
between emission potentials and surface characteristics. Based on these analyses crust type, the presence 
of surface sand, and soil moisture as the most influential surface characteristics on the playa surface’s 
erodibility (IID 2021, Attachment 3). Previous studies have demonstrated that these parameters can be 
feasibly scaled from point data up to areal maps using remotely sensed data resources (e.g., Li et al. 2014, 
Paisley et al. 1991, Levy and Johnson 2021). Therefore, these parameters lend themselves well to serve 
as a basis to scale up the ground-based point emission to the entire study domain.   

Investigations commonly employ remote sensing techniques as a reliable, cost-effective approach for land 
surface parameterization at exposed playa and/or desert in order to gain understanding of a region’s 
surface conditions, processes, and/or susceptibility to erosion. For instance, several studies use remote 
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sensing techniques to generate dust susceptibility maps to aid in the identification of dust sources 
(Rayegani et al. 2020, Boroughani et al. 2020, Motaghi et al. 2020). Remote sensing techniques have been 
successfully utilized to partition playa and/or desert surfaces into different crust types (Li et al. 2014, 
Rozenstein and Karnieli 2015, Milewski et al. 2017). Li et al. 2014 partitioned the playa into four surface 
(crust) types: salty surface, silt rich surface, clay rich surface, and pure salt. Rozenstein and Karnieli 2015 
were able to separate spectrally distinct Biological Soil Crusts (BSCs) and bare soil surfaces in a dune 
environment between Israel and Egypt. BSCs offer assorted ecological benefits and are notably involved 
in a soil’s stability (Rozenstein and Karnieli 2015). BSCs were successfully mapped at various stages of 
development (and various levels of stability) across the study area (Rozenstein and Karnieli 2015). 
Milewski et al. 2017 categorized the Omongwa salt pan in Namibia into three major crust types with 
remote sensing and ground-truth data to assess the distribution of variably stable crusts.  

Remote sensing techniques have also been successfully used to determine the presence and stability of 
sand surfaces in arid environments (Gomez et al. 2018, Paisley et al. 1991). Gomez et al. 2018 were able 
to use remote sensing techniques to detect areas vulnerable to sand dune encroachment. Paisley et al. 
1991 used Landsat Thematic Mapper (TM) images, field data, and laboratory reflectance spectra to 
partition and monitor active and inactive sand deposits at Kelso Dunes in the Mojave Desert. Areas with 
recent or current sand mobility were found to be spectrally distinct from inactive areas (Paisley et al. 
1991).  

The assessment of soil moisture using remote sensing techniques has been conducted for playa and desert 
surfaces at various spatial and temporal scales (Levy and Johnson 2021, Scheidt et al. 2010). Levy and 
Johnson 2021 developed a reflectance-based soil moisture index to monitor soil moisture fluctuations at 
the Alvord Desert playa in southeastern Oregon. Scheidt et al. 2010 assessed soil moisture at the White 
Sands Dune Field in New Mexico to build a relationship between potential soil erosion, soil moisture, and 
thermal inertia. 

The dynamic, heterogenous nature of playa landforms often results in significant interannual change, 
necessitating the assessment of playa surface characteristics related to erodibility on at least an annual 
basis (Tollerud and Fantle 2014, Milewski et al. 2017). “Wet” playas like the Salton Sea have a shallow 
depth to the saturated zone and are often close in proximity to saline lakes (Reynolds et al. 2009). The 
evaporation of high-salinity groundwater and the production of saline minerals on the surface and in the 
capillary fringe zone results in rapidly changing surfaces (hardness, thickness) (Reynolds et al. 2009). The 
spatial heterogeneity of playa characteristics related to erosion is likely controlled by cycles of wetting 
and drying on the exposed playa as well as various physiochemical, mineralogical, and geomorphic 
phenomena (Tollerud and Fantle 2014, Motaghi et al. 2020).  

Each of the key parameters mapped at the Salton Sea has some degree of temporal variability, and the 
feasibility and necessity to account for temporal variability is unique to each parameter. Soil moisture has 
the most temporal variability, followed by surface sand presence and playa crust type. Variation within 
the soil moisture can be attributed to precipitation events (including the associated effects on drainages, 
storm surges, and inundation) and the duration of playa exposure. Variation in sand presence is due to 
the fluvial and aeolian migration of loose surface sand, and the sequestration of sand via the adherence 
or incorporation of sand grains by developing salt crust. For example, monthly observations associated 
with PI-SWERL sampling indicate that the presence of loose surface sand can vary regionally through time 
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(IID 2021c). Sand sequestered by overlying salt crust can become vulnerable to saltation and redistribution 
if the structural integrity of the overlying salt crust is compromised. Alternatively, sand grains can adhere 
to developing and/or moist playa crusts. Variations in crust type generally occur over a relatively longer 
timeframe and can be attributed to the precipitation, dissolution, or redistribution of playa surfaces.  

These considerations for temporal variability resulted in 37 clear-sky Sentinel-2-based soil moisture maps, 
two sand presence maps, and one crust type map.  

2.1.2.1 CRUST TYPE AND SAND PRESENCE 

High-resolution Pleiades satellite imagery was used for the crust type and sand presence mapping. A 
Pleiades image acquired on October 9, 2020, was used to generate the crust type map and the first sand 
presence map. The second sand presence map was generated from a Pleiades image collected on April 2, 
2021. Playa surfaces evolve more during winter months than summer months as a result of water-related 
processes (Tollerud and Fantle 2014). For example, heavy rain during winter months can result in the 
dissolution of hard, wind-resistant surfaces and the formation of thin, soft, and/or loose surfaces that are 
vulnerable to erosion (Reynolds et al. 2009). The objective of assessing sand presence in the spring and 
fall is to capture this change. The methodology included: 1) Pleiades imagery segmentation into discrete 
objects based on contiguous spectral similarity and 2) a statistical modeling process to predict a 
categorical response variable (i.e., crust type, sand presence). 

The first step required the use of Object-Based Image Analysis (OBIA) software to segment an image into 
homogenous image objects for categorical prediction. The OBIA approach is often utilized for high 
resolution imagery to analyze remote sensing data based on objects of interests instead of pixel (Blaschke 
2010, Whiteside and Ahmad 2005). Trimble eCognition© (Developer v9.4.0 x64) was the OBIA software 
used. This software has been widely used in various studies related to classification and feature extraction 
from remote sensing data (Gupta and Bhadauria 2014, Benz and Pottier 2001, Holt et al. 2009, Flanders 
et al. 2003). Individual multispectral imagery bands were imported into the software, and image 
segmentation was performed at several exploratory scales. An appropriate segmentation scale factor was 
chosen, which derived objects representative of the density of the training data and the size of playa 
features of interest. A scale factor is a unit-less factor that varies given the imagery resolution, bit depth, 
type, and other parameterized weighting. Derived objects within a single analysis event may vary in size 
and shape based on homogeneity of surface features. In subsequent analysis events, with identical input 
imagery specifications and parameterization, a common scale factor may be applicable, but should be 
evaluated specific to that event. 

Following the image segmentation, the next step is to classify each object into a specific category (class). 
Classification on remotely sensed image data is one of the most studied topics in the field of remote 
sensing due to its wide range of ecological, environmental, and socioeconomic applications (Lu and Weng 
2007, Li et al. 2014, Li et al. 2016, Jawak et al. 2015). The approach to classify remote sensing data varies 
from a relatively straightforward algorithm based on clustering of reflectance values and band ratio 
spectral indices to a more sophisticated method based on multivariate regression and machine learning 
(Li et al. 2016, Maxwell et al. 2018, Lu and Weng 2007, Jawak et al. 2015). For this second step, the 
selection of the appropriate statistical classification approach often boils down to choosing between 
methods that favor the interpretability of the modeling process at the expense of predictive accuracy 
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(e.g., regression, thresholds, discriminant function analysis) or more complex methods that tend to 
provide better predictive accuracy (and reliability) by sacrificing some interpretability of the model’s 
process (Breiman 2001). The selection of the best approach for a specific application ultimately depends 
on the end user requirements and resources available to perform the analysis.  

Following a methodology that generates the most accurate representation of the surface properties for 
the timeframe modeled is necessary because the mapping results are used to apply the PM10 emissions 
ruleset at the landscape scale. Accordingly, uncertainty in the mapping of these properties should be as 
small as possible. To achieve the highest possible predictive accuracy for this analysis, a complex modeling 
approach was used that can readily incorporate and take advantage of multiple variables and interactions 
between variables. Statistical classification is ultimately intended to produce a model that establishes a 
relationship between two elements in the source data: a “response” variable (or set of response variables) 
and a set of “predictor” variables. In the case of mapping surface properties, a series of spectral indices 
derived for each object serves as the predictor set; the response variable is the surface property (e.g., 
crust type, sand presence) correctly assigned to a subset of pixels.  

Crust type and sand mapping approaches implemented in the 2016/2017 and 2017/2018 Emissions 
Estimates (IID 2018 and IID 2019) relied on Distributed Random Forest (DRF) models. Data 
mining/machine learning techniques such as DRF have been widely utilized in land surface mapping and 
monitoring applications with remote sensing data in recent years (Maxwell et al. 2018, Abdi 2020, 
Burchfield et al. 2016, Belgiu and Drăguţ 2016, Pal and Foody 2012). In recent years, machine learning 
algorithms have been made available by the open-source H2O platform (Cook 2016, https://www.h2o.ai/) 
for straightforward access and implementation. In addition to DRF, H2O enables the implementation of 
various machine learning, deep learning, and artificial intelligence algorithms (Cook 2016, Aiello et al. 
2015, Candel and LeDell 2020, LeDell and Poirier 2020) including Gradient Boosting Machine (GBM) and 
Deep Learning (Neural Networks) algorithms. This platform has been utilized in previous land surface 
mapping and monitoring studies with remote sensing data (Abdi 2020, Burchfield et al. 2016).  

H2O’s Automatic Machine Learning (AutoML) framework has been implemented since the 2018/2019 
analyses because its ability to automatically evaluate and optimize multiple learning algorithms (e.g., DRF, 
GBM, Neural Networks) at once to attain better predictive performance. AutoML identified three unique 
GBM models as the top performing models for the crust type and sand maps. GBM is a forward-learning 
ensemble learning method that, like DRF, builds regression trees to generate increasingly refined 
predictions. DRF uses fully grown decision trees. Unlike DRF models, GBM models sequentially build 
regression trees in parallel. GBM models sequentially combine weak models to reduce the residual error 
of the previous model and create a powerful ensemble model (Singh 2018). GBM models are relatively 
easy to implement, provide readily interpretable model diagnostic information (e.g., variable importance 
metrics), and have been successfully applied in various land use/land cover mapping projects (e.g., Lacoste 
et al. 2011, Georganos et al. 2018, Abdi 2020, Forkuor et al. 2018, Heryadi and Miranda 2020). 

The same model parameters were set for each of the three AutoML model runs. Minority classes within 
the training dataset were oversampled to balance the class distribution. Models were instructed to stop 
after three rounds if the model failed to further reduce error. To avoid overfitting, each model’s 
performance was assessed against an internal and external dataset (Lacoste et al. 2011). The internal 
dataset was the training dataset used to predict the model while the external dataset consists of an 

https://www.h2o.ai/
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independent validation dataset randomly partitioned from the original training dataset prior to the model 
run. 

Table 1 describes the training data and the predictor data derived from the imagery, as well as training 
data for playa crust type and sand presence. Crust type was classified as smooth, weak botryoidal, 
botryoidal, barnacle bed, or no crust (IID 2021: Attachment 4). Open water and vegetation were mapped 
previously as part of the Playa Exposure analysis (IID 2021: Attachment 1). Sand presence was classified 
as no sand (0-10%) and sand (greater than 10%) (IID 2021: Attachment 4). Vector-based crust type and 
sand presence maps were ultimately resampled to 30-meter pixels to support emissions estimates 
calculations. Model outputs and maps of playa crust type and sand presence are provided in Sections 2.2.1 
and 2.3.1, respectively.  

2.1.2.2 PLAYA SOIL MOISTURE 

Although playa crust type and sand presence are subject to some change over time, there is much more 
variation of soil moisture temporally through 1) precipitation (including the associated effects on 
drainage), 2) intra-annual fluctuations in the Salton Sea’s lake level, and/or 3) storm surges. While 
significant precipitation is infrequent in the study domain, infrequent rain events can render a playa 
surface temporarily non-emissive, and increasingly emissive thereafter as a result of the formation of 
efflorescent salt. Furthermore, wave action during high wind events has been observed to sufficiently wet 
playa surfaces to render them non-emissive over several months. To assess the soil moisture of the playa 
surface Sentinel-2A/B satellite imagery was applied to capture surface soil moisture with wetness 
determinations every five days.  An initially emissive, dry surface can be wetted from wave action during 
a wind event, and leave the surface non-emissive for some period of time. Accurately accounting for these 
short-term changes in surface conditions and sufficiently resolving the dynamic spatiotemporal changes 
associated is complex. However, doing so on a five day interval (cloud-free conditions permitting) is 
appropriate given the spatiotemporal resolution of the other emission drivers emissions estimate.   
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TABLE 1. SUMMARY OF PREDICTOR DATA AND TRAINING DATA FOR MAPPING OF PLAYA CRUST TYPE, SAND PRESENCE 

 Playa Crust Type Playa Sand Presence  

Pr
ed

ic
to

r D
at

a 

Predictor datasets were attributed to objects generated from Pleiades satellite 
imagery collected on October 9, 2020. This high-resolution imagery was 
selected because it was collected at a time relatively close to November when 
the playa reaches its maximum annual extent. 
 
The predictor variables and the calculations used to derive them are listed in 
Appendix A. Predictor variables were calculated for each individual object 
within the domain. 

The sand map generated for the October Pleiades date included the same 
objects and associated predictor datasets as the playa crust type map.  
 
The sand map generated from the Pleiades satellite imagery collected on 
April 2, 2021, relies on objects and predictor datasets unique to that 
timeframe.  
 
The predictor variables and the calculations used to derive them are listed in 
Appendix A. Predictor variables were calculated for each individual object 
within the domain. 

Tr
ai

ni
ng

 D
at

a Training data included ground-based surface survey data collected to 
characterize surface properties related to erosion. 5,213 points from field 
observations were implemented as training data.  

Training data included ground-based surface survey data collected to 
characterize surface properties related to erosion. 5,273 and 1,864 field 
observation points were implemented as the training data for the September 
and April sand maps, respectively. 

O
th

er
 M

od
el

 S
pe

ci
fic

s 

Playa surfaces were mapped as no-crust, smooth crust, weak botryoidal, 
botryoidal, or barnacle beds. Open water and vegetation were mapped 
previously as part of the Playa Exposure analysis (IID 2021). Open water is not 
a dominant feature, but it was mapped to define ponds, drains, and sheet flow 
commonly found in small depressions or at the base of drains on the playa. 
Vegetation mapped at this scale is dense, with no visible crust. Due to the 
absence of crust in these areas, the vegetation class is aggregated with the no-
crust class for emissions calculations.  
 
The specific AutoML algorithm used in this analysis was obtained from the H2O 
AI open-source machine learning package (https://cran.r-
project.org/web/packages/h2o/index.html). Implementation of the AutoML 
algorithm was completed in the R statistical analysis package (https://www.R-
project.org/).  

If a surface’s sand presence percentage exceeded 10%, then it was classified 
as “sand.”  If a surface’s sand presence percentage was less than 10%, then it 
was classified as “no sand.”  This threshold was chosen based on the 
relationship between sand presence and emissions potential. Emissions were 
significantly higher above the 10% sand presence threshold.  

 

 

 

https://cran.r-project.org/web/packages/h2o/index.html
https://cran.r-project.org/web/packages/h2o/index.html
https://www.r-project.org/
https://www.r-project.org/
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Surface moisture is an important parameter for a wide range of environmental processes (Sadeghi et al. 
2015). Remote sensing techniques provide a powerful tool to characterize soil moisture over large areas 
(Sadeghi et al. 2017). Various methods have been developed in previous studies to use optical, thermal, 
and microwave remote sensing data to monitor soil moisture content (Sadeghi et al. 2017, Wang and Qu 
2009, Ahmed et al. 2011, Zhang and Zhou 2016, Lobell and Asner 2002). Optical methods are particularly 
valuable since satellite observations at optical wavelength can usually provide higher spatial resolution 
(Sadeghi et al. 2015). Use of passive optical remote sensing data to monitor soil moisture is usually based 
on reflectance in the shortwave infrared (SWIR) spectral region (Ben-Dor et al. 2009, Sadeghi et al. 2015, 
Whiting et al. 2004). In this context, a simple correlation model that formulates soil moisture, reflectance, 
is a common and straightforward method, which has been used in many previous studies (Liu et al. 2002, 
Lobell and Asner 2002, Muller and Décamps 2001, Nolet et al. 2014). 

An empirical model between the Landsat 8 SWIR-1 band and surface soil moisture was developed for the 
playa domain by gathering ground-truth and photo-interpretative points during two Landsat 8 satellite 
overpasses on June 11, 2017, and June 30, 2018. A total of 469 points were used to develop the empirical 
soil moisture model (Figure 2). Among the 469 points, 67 ground-truth points were focused on portions 
of the playa with shallow slope and diffuse moisture gradients. A threshold of 0.33 was identified as the 
classifier to differentiate between “dry” and “wet” surface soil moisture classes based on the Landsat 8 
SWIR 1 band. The data used to establish the playa soil moisture threshold are shown in Figure 2. There 
are outliers shown in Figure 2 between the “dry” and “wet” classes, and they are likely the result of soil 
moisture conditions varying spatially within the 30-m x 30-m Landsat satellite imagery pixels.  

The threshold identified in Figure 2 may be viewed as conservatively classifying pixels in this variable range 
as dry. This was later validated by a field campaign on April 15, 2020. A total of 85 locations on the playa 
were visited, and soil moisture conditions were assessed. Among the 85 locations, 22 locations were 
identified as “dry” while 63 locations were identified as “wet.” A corresponding Landsat 8 overpass on 
April 16, 2020, was analyzed using the empirical model described above. All 22 “dry” locations were 
classified as “dry” by the Landsat 8 satellite imagery. Among the 63 “wet” locations, 44 locations were 
classified as “wet.” This is consistent with the development of the model to provide a rather conservative 
view of “dry” area, as described above. Overall, the model based on Landsat 8 SWIR 1 band exhibited a 
78% accuracy. This method was applied to the SWIR 1 band for a series of Landsat 8 satellite images to 
provide surface soil moisture information through the 2019/2020 season.  

For the 2020/2021 season, the Sentinel 2A/B satellite imagery was used to provide soil moisture 
information at a higher temporal frequency (compared to Landsat). Sentinel 2 data, managed by the 
European Space Agency (ESA), provides revisit time of five days (twin polar orbiting satellites) as compared 
to the 16-day revisit time of Landsat 8 imagery. Due to the minor discrepancy in their spectral 
characteristics, it is necessary to calibrate Sentinel-2 A/B SWIR-1 band to Landsat-8 SWIR-1 band. This was 
done by comparing seven pairs of cloud free Landsat 8 and Sentinel-2 imagery, that are either collected 
on the same day or one day apart during the 2020/2021 season. These image pairs covered the dry and 
wet season of the playa to  represent a wide variation in soil moisture conditions. Using the linear 
regression model developed from the comparison, we were able to calibrate a threshold of 0.35 for 
Sentinel-2 SWIR 1 band, comparable to the 0.33 threshold for Landsat-8 SWIR 1 band. Detailed calibration 
process can be found in Appendix B. 
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It should be noted field- based moisture conditions are qualitatively assessed in-situ with each PI-SWERL 
measurement. To verify the volumetric soil moisture content of the “dry” and “wet” classes, field samples 
were collected in 2017-2018. Results from 57 samples indicate that the classes have distinct volumetric 
water content values. The water content of the dry class was characterized as follows: lower quantile, 
median, and upper quantile of 0.9%, 2.4%, and 11.3% water by volume, respectively. The wet class was 
characterized as follows: lower quantile, median, and upper quantile of 15.3%, 22.8%, and 35.9% water 
by volume, respectively. The quantitative analysis described above is not repeated annually given the level 
of effort, and that the 2017-2018 field effort showed a distinct difference between both classes. 
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FIGURE 2. SOIL MOISTURE TRAINING DATA AND SOIL MOISTURE THRESHOLD DEVELOPED FOR LANDSAT 8 

The moisture threshold is represented by the blue line. 

 

 

2.2 PLAYA CRUST MAPPING 
Unique salt crusts are a complex function of mineralogy, hydraulic gradients, precipitation, overland water 
flow, wave action, soil texture, sand motion, salinity, and length of exposure (Tollerud and Fantle 2014, 
Motaghi et al. 2020, Dai et al. 2016, Sweeney et al. 2016). Five salt crust types represent the majority of 
currently exposed playa: no-crust, smooth, weak botryoidal, botryoidal, and barnacle beds. Descriptions 
and pictures of the crust types are shown in Table 2. Other crust types exist on the playa (e.g., heaved 
crust), but they are not yet prevalent enough to be mapped at scale.  

This section includes the results and discussion for crust surfaces mapped in the playa study domain for 
the 2020/2021 monitoring period.  
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TABLE 2. DESCRIPTION OF PLAYA CRUST TYPES 

Crust Type Description Picture 

No Crust This surface type is present 1) when playa 
has been recently exposed and a salt crust 
has not had time to form, or 2) when the 
surface has been completely pulverized 
and replaced by loose material. 

 
Smooth This crust type is characterized by a low 

relief and minimal crust 
development. Some smooth crusts are 
associated with (often mud cracked) fluvial 
silt deposits. 

 
Weak Botryoidal This crust type is similar to botryoidal, but 

lacks second order surface mounds as a 
result of less crust development or 
abrasion. This crust type is found in areas 
that have been allowed to experience an 
intermediate amount of crust 
development.  

 
Botryoidal This crust has a mottled, rounded texture 

resembling a bunch of grapes and typically 
includes multiple orders of small adjacent 
mounds. It is often found farther away 
from the Sea, where the crust has had time 
to develop and desiccate away from 
disturbance.  
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Crust Type Description Picture 

Barnacle Beds Barnacle beds are long linear beach ridge 
features. This biogenic surface type is 
composed of dead barnacle shells (~1 cm 
long) deposited by wave action. Barnacle 
beds are often reworked by fluvial events 
and can become integrated into 
developing salt crust over time. A 
surface must have >30% barnacles to be 
considered a barnacle bed.  

 
 

2.2.1 RESULTS  
The GBM model determined that the most important spectral variables in prediction of playa crust type 
were the Normalized Difference Vegetation Index (NDVI), followed by the mean Gray-Level Co-occurrence 
Matrices (GLCM) standard deviation, and the mean Gray-Level Co-occurrence Matrices (GLCM) mean. The 
GBM classification resulted in an internal error estimate of 1.6% and an external error estimate of 15.2%. 
The accuracy achieved in this study was consistent while the errors were lower compared with previous 
soil mapping studies using similar techniques (e.g., Rad et al. 2014, Lacoste et al. 2011, Hahn et al. 2008, 
Forkuor et al. 2017, Boroughani et al. 2020). Lacoste et al. (2011) used a regression-tree-based algorithm 
to map Soil Parent Material (SPM) in northwestern France. An average internal accuracy of 81% and 
external accuracy of 54% were reported from the study. Similarly, soil survey maps for approximately 
85,000 hectares (ha) in northern Iran were updated using machine learning techniques and the overall 
error between 48.5% to 56.6% was reported based on Soil Taxonomy great group, subgroup, and series 
levels (Rad et al. 2014). Four prediction models were used to map six soil properties, including sand, silt, 
clay, Cation Exchange Capacity (CEC), Soil Organic Carbon (SOC), and nitrogen in southwestern Burkina 
Faso. Among the models used, random forest generated the highest external accuracy from 68% for CEC 
to 90% for silt (Forkuor et al. 2017). Three prediction models (Weights of Evidence, Frequency Ratio, and 
Random Forests) leveraged lithology, slope, soil, geomorphology, NDVI, and distance to water to 
successfully create a dust susceptibility map resulted in training and validation accuracies of 82%, 83%, 
and 91%; and 81%, 81%, and 88% respectively (Boroughani et al. 2020). 

Table 3 and Table 4 show a breakdown of results for each crust type predicted from the internal (training 
data) and external (validation data). All correct classifications are shown in the gray diagonal of the table. 
Errors between the training data and predicted data for each crust type are in the right-hand column. The 
confusion matrix indicates that, in most cases, the data were appropriately classified. 

The extent of each playa crust type is shown in Table 5. An overview map of the crust type distribution is 
shown in Figure 3. 
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TABLE 3. INTERNAL CONFUSION MATRIX FOR PLAYA CRUST TYPE 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE 4. EXTERNAL CONFUSION MATRIX FOR PLAYA CRUST TYPE 

 

 

 

 

Training Data Classification 

Pr
ed

ic
te

d 
Da

ta
 C

la
ss

ifi
ca

tio
n 

 Barnacle Bed Botryoidal No Crust Smooth Weak 
Botryoidal 

Total Error % 

Barnacle Bed 1137 3 0 15 0 1155 1.6 

Botryoidal 5 1134 0 4 22 1165 2.7 

No Crust 2 0 1153 7 5 1167 1.2 

Smooth 6 0 1 1132 5 1144 1.1 

Weak Botryoidal 0 7 3 7 1137 1154 1.5 

 1.6 

 
Pr

ed
ic

te
d 

Da
ta

 C
la

ss
ifi

ca
tio

n 

 Barnacle Bed Botryoidal No Crust Smooth Weak 
Botryoidal 

Total Error % 

Barnacle Bed 109 1 0 10 1 121 9.9 

Botryoidal 1 40 1 11 14 67 40.3 

No Crust 2 0 89 6 5 102 12.8 

Smooth 7 1 5 262 36 311 15.8 

Weak Botryoidal 3 5 0 29 271 308 12.0 

15.2 
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TABLE 5. 2020/2021 EXTENT OF PLAYA CRUST TYPES 

Playa Crust Type Area (Acres) Area (%) 

Barnacle Bed 766 3 

Botryoidal 241 1 

No Crust 7,574 29 

Smooth 9,989 39 

Open Water 662 3 

Weak Botryoidal 6,358 25 

Total 25,589* 100 

*Note that there is a negligible 1 acre difference due to rounding. 
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2.2.2 DISCUSSION  
This section describes crust development, crust distribution, and crust type extent for playa crust 
mapping.  

Crust Development. There is a general crust development sequence of no crust, smooth crust, weak 
botryoidal, and botryoidal. Playa crust development along a gradient from a durable, recently exposed 
crust to dynamic, sometimes “puffy,” crust with higher surface roughness is a recognized phenomenon 
likely resulting from the upward capillary movement of water and evaporation (Adams and Sada 2014, 
Milewski et al. 2017, Tollerud and Fantle 2014). Additionally, these crusts can be restored to more durable 
playa surfaces when impacted by precipitation events (Adams and Sada 2014). As described in IID 2020c, 
field observations indicated that newly exposed playa surfaces begin as weak, unconsolidated, and 
smooth (no crust). Through precipitation of salt, induced by the evaporation of saline water at the surface, 
the crust becomes strong, consolidated, and rough (botryoidal). Crust development generally occurs with 
the length of exposure, but its strength is affected by several factors, including mineralogy, precipitation, 
and erosion. Precipitation events dissolve salts and allow them to re-precipitate. Typically, after 
precipitation events, crusts degrade to the previous crust on the development sequence. For example, 
botryoidal crusts tend to become weak botryoidal crusts and weak botryoidal crusts tend to become 
smooth crusts. Changes due to erosion (buffing and/or scouring) also usually represent a degradation on 
the development spectrum.  

Crust Distribution. As described above, playa crust types are a function of many contributing factors. 
Relating these factors to crust type distribution is complex and partitioning the impact of individual 
contributing factors is challenging and warrants further investigation. In addition to crust development, 
geomorphological processes are another factor controlling the distribution of playa surface types and 
their erodibility (Li et al. 2014, Motaghi et al. 2020). Playa margins are a complex assemblage of 
geomorphic landforms (e.g., beach ridges, aeolian dunes, coastal spits and bars, deltas, splay systems) 
that can be used to interpret past depositional events (runoff, re-deposition, dune 
formation/encroachment) (Wells et al. 2003, May et al. 2015). Areas of low relief are being exposed 
rapidly, particularly in the southwest portion of the Salton Sea between Poe Road and the New River 
Delta. This relatively rapid exposure generates an abundance of poorly developed smooth playa with 
diffuse contacts between playa crust types.  

Areas with intermediate relief have been observed to have shallow, wave-cut terraces bounded by beach 
ridges formed by the fluctuating elevation of the Salton Sea. Beach ridges are a common playa feature, 
formed and subsequently abandoned by receding shorelines (Wells et al. 2003). In these areas, linear 
beach ridges separate laterally extensive sections of low-relief playa in the deltaic regions that bound the 
Alamo, New, and Whitewater Rivers. Other portions of the playa with intermediate relief also exhibit 
shallow terraces, specifically the Tule Wash Fan to the west and the playa bounded by Bombay Beach and 
the Niland Boat Ramp to the east. Terraces at these locales are often delineated by barnacle bed beach 
ridges. Unlike the deltaic sites where sediment is delivered directly to the Sea by perennial rivers and 
redistributed by currents, these sites experience deposition events from ephemeral flow from broad 
sandy washes in the west and abundant, shallow, silt-laden gullies in the east. Sediment deposited by 
these flows is superimposed on Salton Sea playa deposits, adding complexity to the distribution of crust 
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types. Fluvial deposition 
often forms smooth, brown, 
mud-cracked crusts that 
form next to playa-derived 
crusts. In some locations, 
monthly surface 
characterization revealed 
that deposition events will 
backfill topographic lows or 
areas deflated by aeolian 
erosion (see right photo). 

For example, in recent years, 
deposition events observed 
at the Clubhouse area near 
Salton City have been found 
to have a significant impact 
on the distribution of crust types. Fluvial events incise the adjacent tributary and alluvial fan before 
superimposing fine-grained flood sediment onto playa surfaces. These deposits initially take the form of 
indurated, low relief, mud-cracked crusts that have the capacity to temporarily suppress emissions. 
Ultimately these deposits are easily deflated and can enhance the emission potential of playa surfaces 
(Bryant 2003, Bryant et al. 2007, Reynolds et al. 2009).  The poorly consolidated substrate that underlies 
the smooth, mud-cracked, flood-derived silt crusts at this site eventually undermines the overlying silt 
crust, causing it to fail, and become vulnerable to aeolian erosion. The degree to which playa surfaces are 
modified by flood-derived sediment, the durability and longevity of the associated surfaces, and the speed 
at which these surfaces become integrated into adjacent playa surfaces has been observed to vary across 
the playa domain. The generation of flood-derived surfaces on the playa was limited in the 2020/2021 
monitoring year due to limited precipitation. 

Figure 4 shows a transition from a smooth crust to an eroded no crust surface at the same Clubhouse 
location in December 2020 and April 2021. The degradation of this flood-derived surface and the 
devolution of this surface on the crust development spectrum is consistent with the transient, cyclical 
nature of playa surfaces at the Clubhouse location.  
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FIGURE 4. EXAMPLE EVOLUTION OF CRUST TYPE IN THE CLUBHOUSE PLANNING AREA 

   

  

The interaction between incrementally exposed playa and areas inundated by sediment laden flood 
deposits yields a sequence of geomorphologic features. Newly exposed playa is characterized by well-
defined beach ridges and terraces. As the sea migrates away from these newly exposed terraces, they 
become vulnerable to flood events. Sediment accumulates on the upslope side of the (often barnacle bed) 
beach ridges. Accommodation space behind the beach ridge continues to decrease until a flood event 
splits the beach ridge and continues downslope, reworking barnacle surfaces and evening our terraces in 
the process. The chronology of these events becomes less apparent farther away from the shoreline, 
where barnacle ridges have become incorporated into the surrounding playa and their topography 
becomes more subdued. Relic beach ridges can often only be identified by a few barnacles on the surface 
or a strip of vegetation that has favored the relatively coarse, well-drained material. These strips of 
vegetation have the capacity to capture sand, resulting in linear strips of coppice dunes. Some examples 
of these geomorphological processes on the Tule Fan are shown in Figure 5. 

Areas with high relief that experience minimal exposure, specifically the eastern portion of the Sea north 
of Bombay Beach, are populated by beach zones that are characteristically less sensitive to the long-term 
regression of the Salton Sea due to a slow exposure rate. 
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Crust Type Extent. A comparison of crust type extent between monitoring years indicates that the rate of 
playa exposure has decreased since the 2019/2020 monitoring year (IID 2022: Attachment 1). Exposed 
playa is developing salt crusts, and significant amounts of vegetation are colonizing on the playa at the 
outlets of drains. To account for variations in total playa acreage between monitoring years, crust-type 
comparisons must be based on relative abundance (%) rather than on an acreage basis.  

In 2018/2019, playa crust was mapped as 28% smooth crust and 34% weak botryoidal crust (IID 2020). In 
2019/2020, playa crust was mapped as 30% smooth crust and 37% weak botryoidal crust. In 2020/2021, 
playa crust was mapped as 39% smooth crust and 25% weak botryoidal crust. Smooth and weak botryoidal 
crusts continue to account for roughly two thirds of the playa surface. An increased abundance of smooth 
crust being the result of newly exposed, poorly developed playa is unlikely given that new playa exposure 
dropped by nearly half in comparison to the previous monitoring year. The increase in smooth crust (and 
decrease in weak botryoidal) is consistent with the relatively heavier rainfall during the previous 
monitoring year (5.42 in/yr in 2019/2020 vs. 0.49 in/yr in 2020/2021 at CIMIS #41 in Calipatria, CA).4 Heavy 
precipitation has the capacity to revert harder, developed crusts into softer, thinner, less developed 
iterations of the initial crust type (Reynolds et al. 2009). 

The playa domain was mapped as vegetation at 21%, 25%, and 27% in 2018/2019, 2019/2020, and 
2020/2021, respectively. When relative playa acreage is accounted for, this 2% increase in vegetation 
from the previous monitoring year translates to 1,119 newly vegetated acres.  

Barnacle beds, botryoidal, and no-crust surfaces are minority surface types. However, important 
hypotheses and observations may be extracted from their distribution. Barnacle beds of Balanus 
amphitrite are common on the east and west sides of the Sea, near Salton City and Bombay Beach (Geraci 
et al. 2008). Once deposited, barnacle beds may be reworked by storm surges or flow events before 
eventually becoming incorporated into developing salt crust. Research by Simpson and Hurlbert 1998 
determined that Balanus amphitrite mortality has a direct response to the Salton Sea’s salinity. They 
predicted populations would experience notable declines at 50 grams per liter (g/L) and extinction at 70-
80 g/L. The Salton Sea’s salinity reached 74 g/L in 2020,5 making Balanus amphitrite functionally extinct. 
The amount of barnacle beds currently on the playa is finite and will account for an increasingly smaller 
portion of exposed playa in the future.  

Botryoidal surface remained approximately constant while no-crust surfaces increased slightly in 
abundance this monitoring year. Botryoidal and no-crust surfaces are expected to fluctuate as crusts 
protected from disturbance develop into botryoidal crusts and crusts exposed to sand intrusion degrade 
to a no-crust surface. Although barnacle beds, botryoidal, and no-crust surfaces are not dominant surface 
types, they are included as crust types because they are distinct surface features that represent a notable 
portion of the playa and have unique emissive traits.  

 
4 California Irrigation Management Irrigation System, CIMIS (ca.gov) 
5 Bureau of Reclamation: https://www.usbr.gov/lc/region/programs/SaltonSea_data_2004-2020.xlsx 

https://cimis.water.ca.gov/
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2.3 PLAYA SAND PRESENCE MAPPING  
This section includes the results and discussion for sand presence mapped in the playa study domain for 
the 2020/2021 monitoring period.  

2.3.1 RESULTS  
For the sand map generated from Pleiades satellite imagery collected on October 9, 2020, a Distributed 
Random Forest (DRF) model determined that the most important spectral variables in the prediction of 
playa sand presence were the mean of the GLCM standard deviation, the zabud index, and the mean of 
the GLCM homogeneity. For the sand map generated from the Pleiades satellite imagery collected on April 
2, 2021, the GBM model determined that the most important spectral variables in the prediction of playa 
sand presence were the sum of visible bands, near-infrared (NIR) reflectance, and the ratio of the Green 
band to all visible bands. 

The October 2020 classification resulted in an internal error estimate of 3.2% and an external error 
estimate of 1.6%. The April 2020 classification resulted in an internal error estimate of 1% and an external 
error estimate of 13%. Similar to what is described in the previous Section 2.2.1, these statistics are 
consistent and the errors were lower when compared with previous digital soil mapping studies using 
comparable methodology (e.g., Rad et al. 2014, Lacoste et al. 2011, Hahn and Gloaguen 2008, Pouladi et 
al. 2019, Forkuor et al. 2017). For instance, Hahn and colleagues utilized a Support Vector Machine (SVM) 
to map soil types in eastern Germany and reported overall accuracy up to 83%. Fongaro and colleagues 
(2018) utilized multispectral satellite imagery and relief parameters (e.g., elevation, slope) to quantify clay 
and sand content in the central region of Sao Paulo, Brazil. They reported an r2 between 0.63 to 0.83 for 
the sand content estimate using random forest. Table 6, Table 7, Table 8, and Table 9 show results for 
sand presence predicted from the internal (training data) and external (validation data) for the September 
and April classifications, respectively. All correct classifications are shown in the gray diagonals of the 
tables. Errors between the training data and predicted data for sand presence are in the right-hand 
columns. The confusion matrices indicate that, in most cases, the data were appropriately classified.  

The extent of playa sand presence is shown in Table 10 and Table 11. Maps of the October 2020 and April 
2021 playa sand presence distributions are shown in Figure 6 and Figure 7, respectively. 
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TABLE 6. INTERNAL CONFUSION MATRIX FOR PLAYA SAND PRESENCE (OCTOBER 2020) 

  Training Data Classification 
  No Sand Sand Total Error % 

Pr
ed

ic
te

d 
Da

ta
 

Cl
as
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fic

at
io

n No Sand 814 26 840 3.1 

Sand 28 821 849  3.3 

     Average: 3.2 

 

TABLE 7. EXTERNAL CONFUSION MATRIX FOR PLAYA SAND PRESENCE (OCTOBER 2020) 

  Training Data Classification 
  No Sand Sand Total Error % 

Pr
ed

ic
te

d 
Da

ta
 

Cl
as

si
fic

at
io

n No Sand 239 3 242 1.2 

Sand 4 186 190 2.1 

     Average: 1.6 
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TABLE 8. INTERNAL CONFUSION MATRIX FOR PLAYA SAND PRESENCE (APRIL 2021) 

  Training Data Classification 
  No Sand Sand Total Error % 

Pr
ed

ic
te

d 
Da

ta
 

Cl
as
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at
io

n No Sand 743 11 754 1.5 

Sand 5 753 758 0.7 

     1 

 

TABLE 9. EXTERNAL CONFUSION MATRIX FOR PLAYA SAND PRESENCE (APRIL 2021) 

  Training Data Classification 
  No Sand Sand Total Error % 

Pr
ed

ic
te

d 
Da

ta
 

Cl
as

si
fic

at
io

n No Sand 161 19 180 11 

Sand 27 151 178 15 

     Average: 13 
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TABLE 10. SUMMARY OF OCTOBER 2020 PLAYA SAND PRESENCE CLASSIFICATION 

Sand Presence Area (Acres) Area (%) 

No Sand (0-10%) 19,851 78 

Sand (11-100%) 5,738 22 

Total 25,589* 100 

 

TABLE 11. SUMMARY OF APRIL 2021 PLAYA SAND PRESENCE CLASSIFICATION 

Sand Presence Area (Acres) Area (%) 

No Sand (0-10%) 20,689 81 

Sand (11-100%) 4,900 19 

Total 25,589* 100 
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2.3.2 DISCUSSION  
Sand presence is important to monitor because surfaces with more loose sand result in more saltation 
and hence PM10 flux. Table 12 shows sand presence calculations throughout the monitoring years. 
Fluctuating amounts of loose surface sand within the monitoring year prompted bi-annual evaluations 
starting in 2018/2019. The gradual increase in sand presence during the first three monitoring years 
(2016/2017, 2017/2018, 2018/2019) is consistent with sand migrating onto the playa from off-playa 
sources. The area or playa mapped with loose surface sand dropped considerably during the 2019/2020 
monitoring year due to increase in annual precipitation (Figure 8). For the 2020/2021 monitoring year, 
the sand presence in both fall and spring time frame rebounded compared to the 2019/2020 season to a 
level comparable with the first three monitoring years (Table 12). The increase in loose surface sand can 
be interpreted as a direct response to the lower precipitation (frequency and magnitude) during the 2020-
2021 monitoring year (Figure 8).  

TABLE 12. SUMMARY OF SAND PRESENCE ACREAGE AND PERCENTAGE THROUGHOUT MONITORING YEARS 

Monitoring Timeframe Acres Identified as Having Sand Presence % of Exposed Playa Acreage 

2016/2017 4,107 25% 

2017/2018 4,247 24% 

October 2018 4,490 21% 

May 2019 5,233 25% 

September 2019 2,118 9% 

April 2020 2,263 9% 

October 2020 5,738 22% 

April 2021 4,900 19% 
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FIGURE 8. PRECIPITATION AS MEASURED AT THREE METEOROLOGICAL STATIONS  

The “n” denotes the number of precipitation events. Annual total precipitation is shown on the upper right corner of each panel.  
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Sand migration from external sources primarily occurs on the west side of the Sea. The primary 
mechanisms of sand migration are 1) strong westerly winds across the desert (aeolian), and 2) extensive, 
sandy-laden, ephemeral creeks that drain basins to the west (fluvial). The three primary tributaries on the 
west side of the Salton Sea include Arroyo Salada, Tule Wash, and San Felipe Creek (Figure 9). These 
tributaries deposit sediment across two alluvial fans, where sand is then available for aeolian 
redistribution. The larger of the two fans is located south of Salton City and is a composite of Arroyo Salada 
and Tule Wash. The San Felipe Fan is the smaller of the two fans, located south near the intersection of 
Highway 78 and Highway 86. Sand deposited by these tributaries is distributed as diffuse sand drifts and 
linear strips of coppice dunes. 

The most notable example of aeolian activity that affects the playa domain is the Salton Sea Dunes located 
at Naval Test Base (Figure 9). The movement, shape, and structure of the approximately 19 barchan dunes 
that comprise the Salton Sea Dune field have been studied extensively (as cited by Haff and Presti 1995, 
Tchakerian 1995, Cornish 1897, Beadnell 1910, King 1918, Rempel 1936, Bagnold 1941, Finkel 1959, Norris 
and Norris 1961, Long and Sharp 1964, Norris 1966, McKee 1966). The older, larger Algodones Dune field, 
to the southwest of the Salton Sea, has been linked to Lake Cahuilla sediment using mineralogical 
composition and trace element concentrations. A similar analysis has not been conducted for the Salton 
Sea Dune field. However, Rempel 1936 hypothesized that sand was sourced from Lake Cahuilla, and Long 
and Sharp (1964) argued that it was sourced from the Borrego and Clark Valleys 40 km to the east. Long 
and Sharps’ hypothesis is consistent with observed sand drifts and climbing and falling dunes west of the 
dune field and Lake Cahuilla shoreline (e.g., Devil’s Slide).  

  



K:\
IID

_S
alt

on
Se

a\T
as

ks
\Ta

sk
1b

_E
mi

ss
ion

sIn
ve

nto
ry\

Do
cu

me
nts

\20
20

_S
urf

ac
e_

Ma
pp

ing
_T

M\
Fig

ure
s\F

igu
re 

8. 
Flu

via
l S

an
d S

ou
rce

s.m
xd

DATE: JAN 29, 2021

0 1 2

Miles ±
Imperial Irrigation District

Salton Sea

Figure 9.
Fluvial and 

Aeolian Sand Sources

Legend
Tributary
Dune Field Boundary

Naval Test Base Dunes

San Felipe Creek

Tule Wash

Arroyo Salada



Attachment 4 
2020/2021 Surface Mapping Report 

37 

The Salton Sea dune field occupies slightly convex terrain and has experienced a decline in sand supply as 
the adjacent waterways (Tule Wash and San Felipe Creek) have matured. Analyses of the dune field 
between 2005 and 2016 indicate that the existing dunes are moving directly at the Salton Sea at a heading 
of ~90° at a rate of 19.4 meters/year. Two dunes denoted σ and λ by Haff and Presti (1995) have already 
breached the edge of the playa domain. Dune σ was an active dune surrounded by low-lying, vegetated 
sand deposits located directly on the shoreline of the Salton Sea when it was assessed in 1981. Vegetated 
dunes still line the 2002 baseline shoreline of the Salton Sea, but a large (~7 acre) deflation zone exists 
were Dune σ once stood (Figure 10). Dune λ has traveled ~1,700 feet since 1981 and is now actively spilling 
out onto exposed playa (Figure 10). The Salton Sea Dune field will continue to deliver significant quantities 
of sand to exposed playa.  

FIGURE 10. EXAMPLES OF DUNE/PLAYA INTERACTIONS 

Scoured Footprint of Former Dune σ Dune λ Actively Migrating onto Exposed Playa 

Aerial View of Sand Dune Encroachment (North) Aerial View of Sand Dune Encroachment (West) 

Sand presence has been observed to respond dynamically to the playa crust development process. For 
example, sand grains are regularly adhered to the surface or incorporated into playa salt crusts, thereby 
sequestering sand. However, a crust “failure” event can change this dynamic. Crust failure events have 
been observed elsewhere on the playa, but are most prevalent at deltaic sites, where delicate salt crusts 
overlie a relatively thick, dry, unconsolidated sub-crust layer. The crests of the typically weak botryoidal 
crusts fail, forming an erosional-texture called “pocketing,” where exposed salt crust edges can be 
undermined by wind. An example of loose surface sand becoming exposed from “pocketing” at the Alamo 
River Delta in November 2020 is shown in Figure 11. 
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2.4 PLAYA SOIL MOISTURE MAPPING 
This section describes the results and discussion for soil moisture mapped in the playa domain for the 
2020/2021 monitoring period. 

2.4.1 RESULTS 
Soil moisture results were generated for 37 Sentinel-2 satellite imagery scenes. These results capture the 
seasonal changes in playa moisture over the 2020-2021 season. Playa soil moisture decreased significantly 
compared to the previous monitoring year with the wet playa surfaces being 44% on average, making the 
2020/2021 season one of the driest compared to previous four monitoring years (Figure 8). 

2.4.2 DISCUSSION 
Surface soil moisture binds the surface particles together through surface tension; however, as the surface 
dries out, this connectivity decreases and the dust emission potential increases. These results facilitate 
the characterization of soil moisture’s dynamic influence on playa emissions.  

Figure 8 shows the timing and amount of precipitation as measured at three meteorological stations 
during the 2016/2017, 2017/2018, 2018/2019, 2019/2020, and 2020/2021 monitoring years. The 
meteorological stations include the Calipatria and Thermal South CIMIS (California Irrigation Management 
Information System) weather stations6 and the Fish Creek Mountain Remote Automatic Weather Station 
(RAWS).7 Precipitation measured at these stations reflects the late-summer to early-fall monsoonal and 

6 https://cimis.water.ca.gov/Default.aspx  
7 https://raws.dri.edu/cgi-bin/rawMAIN.pl?caCFIS 

FIGURE 11. EXAMPLE OF “POCKETING” AT THE ALAMO RIVER DELTA, NOVEMBER 18, 2020 

https://cimis.water.ca.gov/Default.aspx
https://raws.dri.edu/cgi-bin/rawMAIN.pl?caCFIS
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winter precipitation regimes that influence this region (Comrie and Glenn 1998). The frequency of events 
and annual totals in 2020/2021 were notably lower than those from the previous monitoring years at all 
stations (Figure 8). They are comparable with the 2017/2018 monitoring year, which makes the 
2020/2021 season one of the driest seasons since 2016. Figure 12 shows a comparison of relative playa 
percent wetness for the last five monitoring years. Soil moisture was assessed relative to the amount of 
exposed playa for each given monitoring year. The estimated playa percent wetness agreed well between 
the Landsat and Sentinel images during the 2020/2021 monitoring. The advantage of the latter is that it 
provides more frequent observations to capture the dynamics of soil moisture within the season. For each 
Sentinel pixel during the 2020/2021 monitoring period, Figure 13 shows the frequency of occurrence of 
wet surfaces. 

FIGURE 12. PLAYA PERCENT WETNESS BY MONITORING YEAR 
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3 DESERT GEOMORPHIC SURFACE MAPPING 
The desert domain is a complex assemblage of geomorphic surfaces. Partitioning the desert domain into 
landform-based classes and subclasses helps identify to what extent different surfaces contribute to the 
overall dust emissions and where they are located. Desert surfaces were characterized into 13 surface 
types or subclasses (Table 13) based on the surface legend defined in Goossens and Buck (2009) and 
modified to fully reflect the landforms in the desert domain of interest. Nine of these desert surface 
types/subclasses are considered to be emissive. Examples are shown in Figure 14. The remaining four 
subclasses are not considered to be emissive (e.g., bedrock, cobbles). The methodology, results, and 
discussion for the desert geomorphic surface mapping are described in the following sections. 
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TABLE 13. SUBCLASSES FOR DESERT SURFACE CHARACTERIZATION 

Class  Subclass 
Sub-
class 
Code 

Description 
Emissive 
Surface 
Type? 

1-Dry Wash 
Units 

Dry Wash 1 Ephemeral drainage dominated by well sorted, fine to coarse 
grained sand. Undisturbed silt found in dry washes is often 
present as a friable thin mud cracked sheet. 

Yes 

2-Alluvial Fan 
Units 

Sand- 
Dominated 

2 Alluvial sand typically located near the bottom of the fan. Yes 

Sand and 
Gravel 

3 Alluvial sand capped by gravel lag. Typically located near the 
middle of the fan. 

Yes 

Cobbles  4 Alluvial fan deposits consisting of sand, gravel, and cobbles. 
Typically located near the top of the fan. 

No 

3-Sand Units  Sand Dunes 5 Active eolian dune and erosional interdune surface. Large 
asymmetrical, barchan, and linear dunes are the most 
common in this region. Dunes are >1.5 M and typically fine to 
medium grained. 

Yes 

Sand Sheet 6 Active eolian deposit. Flat to low angle, uniform, expansive 
sand surface. Typically fine to medium grained. Coppice dunes 
<1.5 m in height. 

Yes 

Sand with 
Gravel Lag 

7 Sand sheets superimposed by a fine gravel lag. Yes 

4-Paleo Lakebed Silt- 
Dominated 

8 Well sorted lacustrine silt deposits from pre-historic Lake 
Cahuilla. 

Yes 

Cobble over 
Silt 

9 Large cobbles regularly distributed among silt situated along 
the margin of pre-historic Lake Cahuilla. The cobbles serve as 
armory for the vulnerable underlying silt. The cobbles were 
deposited by wave action from Lake Cahuilla. 

No 

Gravel and 
Sand 

10 A mixture of gravel and sand present on old beach ridges 
formed by wave action. 

Yes 

5-Rock Units Sandstone 11 Highly friable, heavily eroded sandstone. Often taking the 
form of steep gulleys. 

No 

Bedrock 12 Undifferentiated bedrock. A consolidated hard surface that is 
not emissive.  

No 

6-Offshore 
Playa Unit 

Offshore 
Playa 

13 Independent depressions that once held water have now 
formed amongst very delicate mud-cracked silt. The 
underside of the mud cracks often has a distinct micaceous 
sheen.  

Yes 
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FIGURE 14. PHOTOGRAPHS OF DESERT SURFACE TYPES 

A. Sand-Dominated Dry Wash with Heavy OHV Traffic B. Gravel- and Sand-Dominated Alluvial Fan 

  
 

C. Large Sand Sheet D. Dune Field 

  
 

E. Cobbles Distributed over Silt-Dominated Paleo 
Lakebed 

F. Silt-Dominated Paleo Lakebed 
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G. Sandstone Bedrock H. Offshore Playa 

  
 

3.1 METHODS 
The desert landscape is not as dynamic or varying relative to the playa; therefore, the same desert surface 
map is typically applied to each emissions estimate. A new desert surface map developed as part of the 
2019/2020 Emissions Estimate IID (2021b) was implemented in 2020/2021. The methodology to develop 
this map is consistent with that described in Section 2.1.  

The training data, predictor variables, and objects developed in the 2016/2017 desert map were 
integrated into the new modeling approach. The training data consisted of 31,772 photo-interpretive 
points informed by 357 ground-truth points collected in June 2014 and September 2015, which were 
focused on complex areas that proved difficult to interpret via imagery and/or exhibited diffuse 
boundaries. These training data were supplemented with an additional 24,162 training data points 
randomly sampled from surficial geologic maps published by the California Geological Survey (CGS) and 
were appended to the dataset for a total of 55,934 training data points. 

Two CGS maps were used as the basis for the additional training data: the Eolian System Map of the San 
Felipe Dunes Area and the Quaternary Surficial Deposits Map for the eastern portion the El Cajon 
Quadrangle. Lithological unit descriptions from these maps were converted to one of the 13 desert units 
being mapped. For example, the following description of unit Qe2/Qal in the San Felipe Map legend was 
considered consistent with the sand sheet definition in Table 13: “Active windblown deposits consisting 
primarily of sand sheets superimposed on alluvial or Lake Cahuilla deposits <1.5 m in thickness. Sand is 
predominantly fine- to medium- grained. Dry color is typically 10YR 8/2 to 10YR 7/3. These deposits often 
accumulate as coppice dunes around Prosopis glandulosa (mesquite) and Larrea tridentata (creosote 
bush).” 

The predictor variables listed in Appendix A were averaged across 282,198 objects. These objects range 
from 0.0002 to 127.8 acres and average 3.6 acres in size. These objects were then classified using the 
AutoML H2O framework.  

Soil moisture in the desert domain resulting from precipitation and runoff is not as spatially prevalent or 
temporally sustained as playa soil moisture. Soil moisture is particularly important for the playa due to its 
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proximity to the Salton Sea shoreline (i.e., shallow groundwater table) and the presence of multiple 
alluvial fans that receive runoff from larger catchments. The majority of the desert surfaces remain dry 
even during the wettest period (2020/2021). For example, by using the same methodology of wet and dry 
soil moisture classification for both playa and desert surfaces, the percent of desert area that is wet was 
significantly lower than the playa (Figure 15). Specifically, the percent of wet playa surfaces ranges from 
33% during driest dates to 76% during wettest dates during the monitoring period. In contrast, the percent 
of wet desert areas ranges from 1% to 10%, with a mean value of 4%. Further investigation of the desert 
moisture data showed that most of the area with wet surfaces are within the Sand and Gravel (Alluvial) 
surface type, which are usually found at the middle of alluvial fans in the desert where surface water from 
high elevation infiltrates. For all other emissive desert surfaces, percent of wet areas range from 0 to 5%, 
with a mean of 2%. The effect to these wet surfaces on emissions estimates is very minimal compared to 
the variability in the PI-SWERL-based emission curve, spanning one to two orders of magnitude, or 10- to 
50-fold differences, between the 25th and 75th percentile values. Characterizing soil moisture’s impact 
on the desert would require routine PI-SWERL sampling after precipitation events as the surfaces dry, as 
well as a remote-sensing approach (distinct from that used on the playa) to characterize soil moisture 
fluctuations within the desert domain. Due to these limitations, and the fact that it is a rare occurrence in 
the desert, soil moisture is not considered in the predominantly dry desert in the emissions estimate 
methodology. 

FIGURE 15. PERCENT OF PLAYA AND DESERT AREAS WITH WET SURFACE CONDITIONS 
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3.2 RESULTS 
AutoML identified a GBM model as the best performing algorithm for this analysis. The most important 
variables in the prediction of subclasses were the diffuse insolation for the spring equinox, Digital Terrain 
Model (DTM), and Ortho-rectified Image (ORI). Diffuse insolation is the amount of solar radiation resulting 
from atmospheric scattering independent of sky direction. It is a multifaceted topographic derivative 
dependent on elevation, the orientation of the ground surface (slope and aspect), and adjacent 
topographic features (Rich et al. 1995). The DTM and the ORI are the primary topographic and spectral 
predictor variables. 

The out-of-bag (OOB) error was reduced in the new model, and an independent validation data frame 
(training data not used in the model) was added to provide additional insight on the model’s performance. 
The new model yielded an OOB (internal) error of 1.5% and a validation (external) data frame error of 
6.5%. The highest error was observed for the sand with gravel lag class. The confusion within this class 
can be attributed to sand with gravel lag’s similarity to sand sheet and sand and gravel (alluvial) surfaces. 
Regardless, error estimates across all classes are consistent with lower reported errors within digital soil 
mapping research using comparable methodology (e.g., Rad et al. 2014, Lacoste et al. 2011, Hahn et al. 
2008, Pouladi et al. 2019, Forkuor et al. 2017). 

The internal and external confusion matrices for the model are shown in Table 14 and Table 15. All correct 
classifications are shown in the tables. Errors between the training data and predicted data are in the 
right-hand column, and the number of classifications predicted are displayed in the bottom row. 
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TABLE 14. INTERNAL CONFUSION MATRIX FOR DESERT GEOMORPHIC SURFACE MAPPING 

Training Data Classification 
  

Dr
y 

W
as

h 

G
ra

ve
l a

nd
 

Sa
nd

 
(P

al
eo

la
ke

) 

Sa
nd

st
on

e 

Be
dr

oc
k 

O
ffs

ho
re

 
Pl

ay
a 

Sa
nd

 
Do

m
in

at
ed

 
(A

llu
vi

al
) 

Sa
nd

 a
nd

 
G

ra
ve

l 
(A

llu
vi

al
) 

Co
bb

le
s 

(A
llu

vi
al

) 

Sa
nd

 
Du

ne
s 

Sa
nd

 S
he

et
 

Sa
nd

 w
ith

 
G

ra
ve

l L
ag

 

Si
lt 

Do
m

in
at

ed
 

(P
al

eo
la

ke
) 

Co
bb

le
 

ov
er

 S
ilt

 
(P

al
eo

la
ke

) 

To
ta

l 

Er
ro

r %
 

Pr
ed

ic
te

d 
Da

ta
 C

la
ss

ifi
ca

tio
n 

Dry Wash 7798 1 0 1 0 15 33 0 0 33 5 19 0 7905 1.4 

Gravel and 
Sand 
(Paleolake) 

23 7812 0 0 0 0 0 0 0 46 0 33 0 7914 1.3 

Sandstone 11 0 7752 0 0 0 11 0 0 120 11 0 0 7905 1.9 

Bedrock 0 0 0 7888 0 0 21 0 0 0 1 0 0 7910 0.3 

Offshore Playa 0 0 0 0 7904 0 0 0 0 0 0 0 0 7904 0 

Sand 
Dominated 
(Alluvial) 

128 0 0 0 0 7705 16 0 0 25 0 32 0 7906 2.5 

Sand and 
Gravel (Alluvial) 

26 0 0 23 0 4 7844 0 0 8 4 10 0 7919 1.0 

Cobbles 
(Alluvial) 

16 0 0 0 0 0 47 7821 0 0 0 0 15 7899 1.0 

 Sand Dunes 0 0 0 0 0 0 0 0 7649 257 0 0 0 7906 3.3 

 Sand Sheet 26 8 0 0 0 2 8 0 12 774
5 

4 63 0 7868 1.6 

 Sand with 
Gravel Lag 

73 0 0 0 0 0 65 0 9 115 7606 42 0 7910 3.8 

 Silt Dominated 
(Paleolake) 

11 1 0 0 0 4 16 0 0 72 8 7758 0 7870 1.4 

 Cobble over Silt 
(Paleolake) 

0 0 0 0 0 0 0 0 0 0 0 0 7909 7909 0.0 

                 Average: 
1.5 
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TABLE 15. EXTERNAL CONFUSION MATRIX FOR DESERT GEOMORPHIC SURFACE MAPPING 
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Dry Wash 2071 4 0 10 0 3 28 0 0 38 3 26 0 2183 5.1 
Gravel and 
Sand 
(Paleolake) 

0 352 0 0 0 0 2 0 0 5 0 1 0 360 2.2 

Sandstone 2 0 169 5 0 0 8 0 0 3 0 0 0 187 9.6 
Bedrock 2 0 0 1805 0 0 43 0 0 0 0 0 0 1850 2.4 
Offshore Playa 0 0 0 0 50 0 0 0 0 0 0 0 0 50 0.0 
Sand 
Dominated 
(Alluvial) 

14 0 0 0 0 277 2 0 0 4 0 3 0 300 7.7 

Sand and 
Gravel 
(Alluvial) 

27 2 5 93 0 2 1762 1 0 15 6 23 0 1936 8.9 

Cobbles 
(Alluvial) 

0 0 0 2 0 0 6 125 0 1 0 1 0 135 7.4 

 Sand Dunes 0 0 0 1 0 0 0 0 108 6 0 0 0 115 6.1 
 Sand Sheet 22 10 1 1 0 1 17 0 5 1883 2 82 0 2024 6.9 
 Sand with 

Gravel Lag 
4 0 0 0 0 0 18 0 0 13 231 18 0 284 18.7 

 
 Silt Dominated 

(Paleolake) 
23 0 0 1 0 1 3 0 0 95 8 1533 0 1664 7.8 

 Cobble over Silt 
(Paleolake) 

1 0 0 0 0 0 0 0 0 0 0 1 17 19 10.5 

                 Average: 
6.5 
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A summary of the spatial extent of each subclass is displayed in Table 16. An overview map of the desert 
subclasses included in emissions modeling is shown in Figure 16. This geomorphic surface map is 
consistent with previous mapping conducted in this domain (Figure 17) (CGS N.D., CGS 2014). As one can 
observe from Figure 17, their corresponding subclasses exhibited very similar spatial distribution and 
extent as the mapping results in this analysis. 

TABLE 16. 2020/2021 EXTENT OF SURFACE TYPE SUBCLASSES IN THE DESERT STUDY DOMAIN 

Class Acres Area (%) Subclass Acres Area (%) 
Rock 385,281 38 Sandstone 30,659 3 

Bedrock 354,469 35 

Sand 213,368 20 Sand Dunes 281 <1 

Sand Sheet 198,893 19 

Sand with Gravel Lag 14,194 1 

Alluvial Fan 246,993 24 Sand-Dominated (Alluvial) 4,158 <1 

Sand and Gravel (Alluvial) 234,852 23 

Cobbles (Alluvial) 7,983 <1 

Dry Wash 70,082 7 Dry Wash 70,082 7 

Paleolake 100,187 10 Silt-Dominated (Paleolake) 90,825 9 

Cobble over Silt (Paleolake) 196 <1 

Gravel and Sand (Paleolake) 9,166 <1 

Other 9,785 1 Offshore Playa 3,130 <1 

   Developed 6,655 <1 
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San Felipe Mapping 

Comparison

Legend
Surface Type
Subclass Code

Developed
Dry Wash
Sand-Dominated (Alluvial)
Sand and Gravel (Alluvial)
Cobbles (Alluvial)
Sand Dunes
Sand Sheet
Sand with Gravel Lag
Silt-Dominated (Paleolake)
Cobble over Silt (Paleolake)
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Sandstone
Bedrock
Offshore Playa
San Felipe Map Extent

San Felipe Map Units
D
Qa
Qe1/Qal
Qe2/Qal
Qf
Ql
Qoa
Qw
br
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3.3 DISCUSSION 
Of the nine desert surface subclasses that contribute to dust emissions, the sand sheet, sand and gravel 
(alluvial), silt-dominated (paleolake), and dry wash subclasses account for the most acreage (Table 16). Of 
these four subclasses, the sand sheet and dry wash subclasses are of primary concern from a dust 
emissivity perspective. Similarly, Sweeney et al. 2011’s analysis of PI-SWERL measurements collected in 
the Salton Trough and the Eastern Mojave Desert identified dry washes, sand dunes, and distal alluvial 
fans as the most emissive surfaces; they also identified silt/salt crusted playas and desert pavements as 
the least emissive surfaces. Although the sand sheets and the small coppice dunes superimposed upon 
them are not the same as the Kelso Dune Field sampled by Sweeney et al. 2011, all sand-dominated 
surfaces within the domain are considered to be notably emissive. Generally, two geomorphic 
assemblages are found to consistently produce windblown dust plumes: 1) large contiguous sand sheets 
incised with wide, shallow, sandy dry washes, and 2) the outer fringes of alluvial fans where fine sand is 
deposited. Undisturbed silt-dominated (paleolake) surfaces deposited by Lake Cahuilla strongly resemble 
the relatively non-emissive silt-crusted Silver Lake playa sampled by Sweeney et al. 2011. The well-
developed desert pavements of the Silver Lake playa beach ridge complex sampled by Sweeney et al. 2011 
have considerably more interlocked gravel and lower emissions than the alluvial sand and gravel mapped.  

Capturing the diversity of the desert geomorphic surface maps is limited by the mapping scale and large 
domain. However, future improvements to desert surface mapping may include continued ground-truth 
data collection and associated enhancements, refinement of the map boundaries, and possibly 
introducing additional classes to address unique desert surface types. 
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Appendix A: Predictor Variables
Playa

FeatureID Calculation Spectral Band Description

d1_BluRatVis [Mean ablu]/([Mean ablu]+[Mean agrn]+[Mean ared]) Blue Ratio to visible bands
d1_GrnRatVis [Mean agrn]/([Mean ablu]+[Mean agrn]+[Mean ared]) Green Ratio to visible bands
d1_NirRatVis [Mean anir]/([Mean ablu]+[Mean agrn]+[Mean ared]+[Mean anir]) NIR ratio to all bands (FeatureID is inaccurate)
d1_RedRatVis [Mean ared]/([Mean ablu]+[Mean agrn]+[Mean ared]) Red Ratio to visible bands
d1_Sum [Mean ablu]+[Mean agrn]+[Mean anir]+[Mean ared] Sum of all bands
d1_SumVis [Mean ablu]+[Mean agrn]+[Mean ared] Sum of visible bands
d1_bsci (1-2*(( abs ([Mean agrn]-[Mean ared]))))/(([Mean ared]+[Mean agrn]+[Mean anir])) Biological Crust Index
d1_ci 1-(([Mean ared]-[Mean ablu])/([Mean ared]+[Mean ablu])) Crust Index
d1_zabud ((([Mean ablu]-[Mean agrn])^2)+(([Mean agrn]-[Mean ared])^2)+(([Mean ared]-[Mean anir])^2))^0.5 Zabud Index
d1_ndv ([Mean anir]-[Mean ared])/([Mean anir]+[Mean ared]) NDVI
d1_gdv ([Mean anir]-[Mean agrn])/([Mean anir]+[Mean agrn]) GDVI
Mn_ablu [Mean ablu] Blue Refl
Mn_agrn [Mean agrn] Green Refl
Mn_anir [Mean anir] NIR Refl
Mn_ared [Mean ared] Red Refl
tx2An [Mean GLCM Ang 2nd Moment] Red Refl * 1000
txCon [Mean GLCM Contrast] Red Refl * 1000
txCor [Mean GLCM Correlation] Red Refl * 1000
txDis [Mean GLCM Dissimilarity] Red Refl * 1000
txEnt [Mean GLCM Entropy] Red Refl * 1000
txHom [Mean GLCM Homogeneity] Red Refl * 1000
txMn [Mean GLCM Mean] Red Refl * 1000
txStd [Mean GLCM StdDev] Red Refl * 1000

Desert
FeatureID Description

F_Blue_2005_5m_NAIP Blue
F_Green_2005_5m_NAIP Green
F_Hue_2005_5m_NAIP Hue
F_Int_2005_5m_NAIP Intensity
F_NEXTMap_5mDTM Elevation (5m DTM)
F_NEXTMap_5mDTM_Aspect Aspect
F_NEXTMap_5mDTM_ProfileC Profile Curvature
F_NEXTMap_5mDTM_Slope Slope
F_NEXTMap_5mDTM_TPI100 Topographic Position Index 100m
F_NEXTMap_5mDTM_TPI1500 Topographic Position Index 1500m
F_NEXTMap_5mDTM_TPI250 Topographic Position Index 250m
F_NEXTMap_5mDTM_TPI750 Topographic Position Index 750m
F_NEXTMap_5mDTM_TRI Terrain Ruggedness Index
F_ORI_5m Ortho-rectified Image
F_Prj_NEXTMap_5mDTM_DAH Daily Average Relative Humidity
F_Prj_NEXTMap_5mDTM_DiffuseInsolation Diffuse Insolation (Annual)
F_Prj_NEXTMap_5mDTM_DifInsol_SprEqx Diffuse Insolation (Spring Equinox)
F_Prj_NEXTMap_5mDTM_DifInsol_WinterSolstice Diffuse Insolation (Winter Solstice)
F_Prj_NEXTMap_5mDTM_DirectInsolation Direct Insolation
F_Prj_NEXTMap_5mDTM_DirInsol_SprEqx Direct Insolation (Spring Equinox)
F_Prj_NEXTMap_5mDTM_DirInsol_WinterSolstice Direct Insolation (Winter Solstice)
F_Prj_NEXTMap_5mDTM_EffectiveAirFlowHeight Effective Air Flow Height
F_Prj_NEXTMap_5mDTM_SkyViewFactor Sky View Factor
F_Prj_NEXTMap_5mDTM_TopoTexture Topographic Texture
F_Prj_NEXTMap_5mDTM_TWI Topographic Wetness Index
F_Prj_NEXTMap_5mDTM_visSky Visible Sky
F_Prj_NEXTMap_5mDTM_VRM Vector Ruggedness Measure
F_Prj_NEXTMap_5mDTM_WindEffect Wind Effect
F_Red_2005_5m_NAIP Red 
F_Sat_2005_5m_NAIP Saturation
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APPENDIX B – CALIBRATION OF SENTINEL-2 SWIR-1 
BAND TO LANDAT-8 SWIR-1 BAND 
 

Soil moisture in the playa domain is subject to high variation both spatially and temporally. The Copernicus 
Sentinel-2 mission, governed by the European Space Agency (ESA), comprises a constellation of two polar-
orbiting satellites (Sentinel-2A / 2B) placed in the same sun-synchronous orbit, phased at 180° to each 
other. The mission is designed to provide high spatial resolution (10m in visible / near-infrared, 20m in 
shortwave infrared spectral region) and high revisit time (10 days at the equator with one satellite, and 5 
days with 2 satellites) data to monitor land surface variability. Therefore, the Sentinel data has the 
potential to provide more detailed surface soil moisture estimates spatially and temporally for the playa. 

The Sentinel SWIR 1 band (band 11) is comparable to the Landsat-8 SWIR 1 band that we have been using 
for soil moisture estimates (Figure 1). Nevertheless, discrepancies in their spectral characterization are 
observed (Figure 2). To combine observations from various sensors into one seamless application, 
comparisons between the different datasets should be performed (Helder et al. 2018). Therefore, it is 
necessary to calibrate a new threshold for the Sentinel-2 data to differentiate between “dry” and “wet” 
classes. 

To calibrate the new threshold for Sentinel-2 data. We selected 7 pairs of cloud free Landsat 8 and 
Sentinel-2 imagery, that are either collected on the same day or 1-day apart during the 2020/2021 season. 
The overpass dates for the image pairs are shown in Table 1. These image pairs covered the dry and wet 
season of the playa that should represent a wide variation in soil moisture conditions. Since our aim is on 
soil moisture, we utilized 2020 EOY playa exposure results and selected only pixels within the “open playa” 
region to avoid any artifacts from vegetation and open water. This was further refined by 2018 EOY 
shoreline to avoid potential artifacts from the presence algae, standing water, and over-saturated soil. 
This process allows us to focus the effort on pixels with bare soil surface and ensure the 
representativeness of the calibrated threshold. Sentinel pixels were aggregated to match Landsat pixel 
size and spatial extent. For each image, 31,396 pixels were selected and utilized.  

The relationship between Landsat-8 and Sentinel-2 SWIR 1 band is shown in Figure 3, using all the bare 
soil pixels from all the image pairs. It shows that the selected pixels cover a wide range reflectance values, 
which represent a wide range of soil moisture condition. Using the linear regression model developed 
from the comparison, we were able to calibrate a threshold of 0.35 for Sentinel-2 SWIR 1 band, that is 
comparable to the 0.33 threshold for Landsat-8 SWIR 1 band. As we described before, this small 
discrepancy is most likely due to the differences in their spectral response function. Other factors 
including instrument calibration and processing workflow may also contribute to this difference. We 
further investigated if the threshold varies temporarily and depends on the Sentinel-2 satellite (A or B). 
Therefore, we performed the same analysis on each image pair, in addition to all the data. The calibrated 
threshold for each image pair is summarized in Table 1. In general, the threshold was consistent for each 
of the image pairs but small discrepancies were observed. Some image pairs resulted a threshold of 0.36 
instead of 0.35. Previous studies have observed small differences between Sentinel-2A and 2B 
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observations, e.g., (Helder et al. 2018)8. Though we had only one image pair for the Sentinel-2B image, no 
significant variation was observed. We propose to use 0.35 as the threshold for Sentine-2 SWIR 1 for playa 
soil moisture mapping. This threshold may be slightly on the conservative side. We will continue to 
evaluate the threshold for Sentinel-2 SWIR 1 band as more corresponding Landsat-8 and Sentinel-2 image 
pairs become available in the future. 

TABLE 1. LANDSAT-8 AND SENTINEL-2 DATA OVERPASS DATE USED IN THIS CALIBRATION ANALYSIS. 

Landsat 8 overpass date Sentinel-2 overpass date Sentinel-2 satellite Calibrated threshold 
7/5/2020 7/4/2020 2A 0.35 

9/23/2020 9/22/2020 2A 0.36 
11/10/2020 11/11/2020 2A 0.36 
11/26/2020 11/26/2020 2B 0.36 

3/2/2021 3/1/2021 2A 0.35 
4/19/2021 4/20/2021 2A 0.36 
5/21/2021 5/20/2021 2A 0.36 

 

FIGURE 1. COMPARISONS BETWEEN LANDSAT-8 BANDS AND SENTINEL-2 BANDS 

 

  

 
8 Helder, D., Markham, B., Morfitt, R., Storey, J., Barsi, J., Gascon, F., Clerc, S., LaFrance, B., Masek, J., Roy, D.P., Lewis, A., & 
Pahlevan, N. (2018). Observations and Recommendations for the Calibration of Landsat 8 OLI and Sentinel 2 MSI for Improved 
Data Interoperability. Remote Sensing, 10, 1340 
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FIGURE 2. DETAILED SWIR-1 BAND SPECTRAL RESPONSE BETWEEN LANDSAT-8 AND SENTINEL-2 DATA 

 

FIGURE 3. REGRESSION CHARTS BETWEEN LANDSAT-8 SWIR-1 BAND AND SENTINEL-2 SWIR-1 BAND 
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