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7 Abstract. The Plantower PMS5003/6003 sensor is widely used for low-cost monitoring of particulate matter (PM),

8 but it substantially underestimates PM, s and PM o during dust events. This limitation is especially critical in the arid

9 regions, such as the western United States, where windblown dust frequently degrades air quality, visibility, and public
10 health. Identification of dust episodes typically relies on federal reference or equivalent method (FRM/FEM) monitors,
11 often supplemented with satellite or meteorological data, but these resources have limited spatial resolution. This study
12 examines whether dust episodes can be directly identified from PMS5003 sensor outputs. We analyzed measurements
13 from 109 PMS sensors collocated or nearby 75 U.S. EPA monitoring sites with hourly FEM PM, s and/or PMio
14 between January 2017 to May 2025. Two dust-event cutoff thresholds (thresholdl and threshold2) were developed
15 using the sensor-reported ratio of coarse (2.5-10 um) to ultrafine (0.3—1 pm) mass concentration, and relative
16 humidity, to identify potential dust events. The thresholds can be used in real time, relying on the preceding 336 hourly
17 measurements (consistent with PurpleAir’s public archive display). To improve PM; s estimates from the PMS sensor
18 (pm2.5_alt, a common correction for Plantower PMS measurements reported by PurpleAir), this study used pm2.5_alt
19 measurements identified as potential dust events to develop a correction factor for dust events through non-linear
20 regression. This correction reduced the mean bias error between pm2.5_alt and FEM PM; s for 103 of the 109 sensors
21 by 59.8 + 24.3%, while ensuring that the mean bias error did not fall below -1 pg/m?. This framework enhances the
22 utility of PMS5003/6003 sensors for detecting and quantifying dust-related pollution episodes, extending monitoring
23 capabilities in regions where regulatory coverage is limited.

24
25 1 Introduction

26 Plantower particulate matter sensors (PMS) are among the most widely used low-cost sensors for measuring
27 particulate matter (PM) in ambient and indoor air (Barkjohn et al., 2021; Jaffe et al., 2023; Kim et al., 2025; Searle et
28 al., 2023; Wallace et al., 2022). The PurpleAir (PA) network uses PMS sensors, and as of August 12, 2025, it had
29 deployed 26,055 nodes worldwide (Worldwide, Ranked Data by PurpleAir, 2025). Additionally, other sensor networks
30 use PMS sensors (Air Quality Egg - Science is Collaboration, 2025; Outdoor Air Quality Monitor, 2025; Air Quality
31 Monitoring. Monitor in UK & Europe. Airly Data Platform and Monitors | Airly, 2025; Low-Cost Air Quality
32 Monitoring & Measurement | Clarity Movement Co., 2025; QuantAQ, 2025; TELLUS Air Quality Monitoring Data
33  and Solutions, 2025). The PMS5003 found in the PA-II is one of the most commonly used PM, s sensors; this sensor
34 reports particle number concentrations in six size bins, along with PM; (PM with aerodynamic diameter less than 1
35 um), PMas (PM with aerodynamic diameter less than 2.5 pm), PM;o (PM with aerodynamic diameter less than 10
36 um), temperature (T), and relative humidity (RH) measurements (Barkjohn et al., 2021; Kaur and Kelly, 2023a; Sayahi
37 et al., 2019; Searle et al., 2023). The PA-II typically contains two sensors per node, which provides an indication of
38  measurement consistency (Barkjohn et al., 2021).

39 The PMS5003 sensor has been extensively studied, and numerous correction factors have been developed to improve
40 its PM, s measurement accuracy under varying environmental conditions (Ardon-Dryer et al., 2020; Barkjohn et al.,



https://doi.org/10.5194/egusphere-2025-5063
Preprint. Discussion started: 6 November 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

41 2021, 2022; Cowell et al., 2022; Hong et al., 2021; Hua et al., 2021; Jaffe et al., 2023; Kaur and Kelly, 2023b; Magi
42 et al., 2020; Mai et al., 2025; Malings et al., 2020; Mathieu-Campbell et al., 2024; Nilson et al., 2022; Patel et al.,
43 2024; Raheja et al., 2023; Si et al., 2020; Tryner et al., 2020b; Wallace, 2023; Wallace et al., 2022; Weissert et al.,
44 2025). Some of the most commonly used correction algorithms, such as pm2.5_alt and Barkjohn’s U.S. universal
45 correction, can be integrated into PurpleAir’s real-time maps (Barkjohn et al., 2021; Wallace, 2023). However, a
46 persistent limitation of the PMS sensors is their inability to accurately detect larger particles (roughly >1 pm in
47 diameter) (Gautam et al., 2025a; He et al., 2020; Kaur & Kelly, 2023a; Kosmopoulos et al., 2023; Kuula et al., 2020,
48 Ouimette et al., 2022; Tryner, Mehafty, et al., 2020), which leads to a significant underestimation of sensor-reported
49 PM, s and PMo concentrations during dust events (Gautam et al., 2025b; Jaffe et al., 2023; Kaur and Kelly, 2023b;
50 Masic et al., 2020; Vogt et al., 2021; Weissert et al., 2025). This significant underestimation of PM levels during dust
51 events can be misleading. For example, looking at a map of PM» 5 concentrations from a source that utilizes Plantower
52 PMS sensors during a dust event will likely show inaccurately low PM concentrations, which can lead individuals and
53 decision makers to significantly underestimate the associated health risks. Over the long term, this can lead to distrust
54 in these low-cost sensor networks. Prior studies (Kuula et al., 2020; Ouimette et al., 2024; Ouimette et al., 2022) have
55  demonstrated that this underestimation of coarse PM is due to scattering truncation error. This occurs because the
56  photodiode in the sensor is poorly positioned to detect forward-scattered light, which is dominant for large particles,
57 meaning the sensor often fails to register them effectively.

58 During dust events, PMS sensors tend to exhibit poor or inconsistent performance compared to federal reference
59 (FRM) or equivalent method (FEM) measurements (Jaffe et al., 2023; Kaur and Kelly, 2023b; Weissert et al., 2025).
60 Identifying dust events typically relies on FEM PM,s and PM;o measurements to obtain an estimate of coarse PM,
61 which can be supplemented by satellite imagery, chemical speciation, visibility reports, and high wind speed indicators
62 (Hand et al., 2017; Jaffe et al., 2023; Kaur and Kelly, 2023b; Robinson and Ardon-Dryer, 2024; Sandhu et al., 2024,
63 Tong et al., 2012). However, the availability of FEM, FRM, and other high-quality measurements is limited. For
64 example, the continental United States has 2,141 PM» s and 672 PM monitoring sites, respectively, with only 502
65 locations operating both PM, s and PM;o monitors (AirNow-Tech: Home, 2025). In addition, satellite products are
66 typically available after a time delay; for example, MODIS data is usually available 60 to 125 minutes after the satellite
67 observation (MODIS Near Real-Time Data | NASA Earthdata, 2025). Thus, relying on FEM/FRM measurements or
68 satellite products is impractical for large-scale or real-time applications (Brahney et al., 2024). To address these
69 limitations, some studies have used nearby FEM sites to estimate correction factors for PMS sensors (Weissert et al.,
70 2025). These methods often rely on rolling 3- or 4-day correlations or FEM-to-PMS concentration ratios, but such
71 strategies have limitations, including limited spatial representativeness and time lags. Dust events typically last a few
72 hours (Brahney et al., 2024). A rolling 3-or 4-day average cannot be applied in real time, and it may not accurately
73  reflect the dust event because the correlation would include a dust event (i.e., time period dominated by coarse PM)
74 and time periods dominated by other sources.

75 Recognizing dust events is particularly important in western regions of the United States, where such events occur
76 frequently due to arid landscapes, land disturbance, sparse vegetation, and high wind activity. These regions, including
77 parts of California, Arizona, Utah, New Mexico, and Texas, experience elevated levels of windblown dust, which can
78 significantly impact air quality, visibility, and public health (Ardon-Dryer et al., 2023a, b; Goudie, 2014; Hahnenberger
79 and Nicoll, 2012; Lei et al., 2016; Lewis et al., 2011; Robinson and Ardon-Dryer, 2024). Accurate detection and
80 correction of dust-related pollution are therefore essential for both regulatory monitoring and public exposure
81 assessments (Ardon-Dryer et al., 2023a).

82 This manuscript examines whether it is possible to identify a dust event solely based on measurements from a PMS
83 sensor, without relying on external data sources such as FEM monitors, satellite imagery, or meteorological data. This
84 question is inspired by findings from Ouimette et al. (2024), who noted that although the PMS sensor is often described
85 as a nephelometer, it actually counts individual particles. In the PMS sensor, the probability of detection increases
86  with particle size, meaning larger particles are more likely to be counted. However, the PMS does not effectively size
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87 the large particles (>1 pm) to the correct bin, due to scattering truncation errors. Correctly sizing these larger particles
88 depends on their passage through the sensor’s focal point, where sufficient light scattering occurs to be detected by
89  the photodiode. Ouimette et al. (2024) estimated that the probability of a 10 um particle being correctly sized in a
90 PMS sensor to produce a detectable signal is less than 2%. Consequently, on days with relatively low PM levels,
91 counts in the coarse particle bin (2.5-10 um) are expected to be negligible due to both the scarcity of coarse particles
92 and the low probability of correct bin assignment. During dust events, however, the particle size distribution shifts
93 toward larger diameters, increasing the number of coarse particles. Even with the low probability of correct
94 classification, the coarse bin registers higher counts compared to clean days, reflecting the increased presence of coarse
95 particles and providing a potential pathway for identifying dust events using the sensor alone. Building on this
96 rationale, Jaffe et al. (2023) proposed using the ratio of 0.3 um to 5 um PMS bin counts as a dust indicator, suggesting
97 a cutoff value of 190, below which measurements were likely associated with dust events, and suggested a correction
98 method using the measurements from one site, Keeler, California. Their method improved corrected PMS PM, 5
99 measurements during dust events at this single controlled site (operated by the air quality agency), but it did not
100 provide a useful correction for most of the 50 other sensors, collocated at monitoring stations (Jaffe et al., 2023).

101 Building on these previous studies (Jaffe et al., 2023; Ouimette et al., 2024), this study developed sensor-specific
102 parameters for identifying potential dust events, derived solely from PMS sensor measurements, without relying on
103 external data sources. By analyzing internal metrics, such as particle count distributions, RH, and T. It provides a
104 framework that can be applied to any PMS5003 sensor, regardless of location, to identify potential dust events. This
105 approach enhances the usability of the vast network of publicly available sensors for dust detection, even in areas
106  where regulatory monitoring is lacking.

107
108 2 Method

109 This section describes the PMS sensor, the data sources, and the time periods used in this study. It also describes the
110 PMS sensor data cleaning procedures, the sensor parameters of interest, the post-processing and real-time approaches

111 for identifying potential dust events, correction methods for potential dust event measurements, and finally, the
112 statistical tools used for data analysis.
113

114 2.1 Plantower PMS5003 and PMS6003 sensors

115 Several studies have described the Plantower PMS5003 sensors and their laboratory and field performance (Barkjohn
116  etal., 2021, 2022; Ouimette et al., 2024; Ouimette et al., 2022; Sayahi et al., 2019). PMS5003 uses a fan to create
117 flow (~1.67 mL/sec), a red laser (~680 +/- 10 nm), a scattering angle of 90°, and a photo-diode detector to measure
118  total scattering from a plume of particles (Kaur & Kelly, 2023a; Ouimette et al., 2022). The sensor converts the total
119 light scattering into several different air quality parameters, including particle counts in six bins (ranging between 0.3-
120 10 um), and PM,, PM, 5, and PM, using an embedded algorithm. The flow path involves more than one 90-degree
121 turn before particles reach the photodiode. Several other models of the Plantower PMS sensor exist (i.e., PMS1003,
122 3003, 6003, 7003, 9003, A003, T003, X003). Kaur and Kelly (2023a) evaluated the PMS6003 and found that the
123 PMS5003 and PMS6003 exhibited similar performance to coarse PM. Many of the PMS models have similar
124 configurations and likely exhibit similar challenges with accurately measuring coarse PM, although this has not been
125  systematically evaluated.

126 This study used the PurpleAir network PMS sensors, i.e., PA-II. This study period began in 2017 and spanned several
127  years, during which time the PA-II nodes came in different configurations (PA-II, PA-II-SD, and PA-II-FLEX),
128 employed two different Plantower PMS sensors (PA-II and PA-1I-SD: 5003 and PA-1I-FLEX: 6003), and used different
129 firmware versions (6.06b, 7.02, and 7.04). Due to the lack of detailed documentation on how different firmware
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130 versions affected sensor performance, no firmware-based exclusions were made. The PA-II-SD model is a PA-II sensor
131 variant that includes an SD card for data storage; both of these variations were included in the study. The PMS6003,
132 used in PA-II-FLEX, differs from PMS5003, primarily in the number of lasers used (as described in Kaur and Kelly
133 (2023a)), but its flow design, performance, and overall configuration are similar to the PMS5003 (Kaur and Kelly,
134  2023a). Accordingly, PA-II-FLEX data were not treated differently in this analysis. The ratio of >0.5 um to 0.3 um
135 (ratio greater than 0.4) was used to identify the alternate PMS5003 (Searle et al., 2023), and none of the sensors used
136 in the study were alternate PMS5003. For the remaining part of the manuscript, the sensors will be referred as PMS
137  sensors.

138

139 2.2 Sensor selection, data access, and cleaning

140  This study evaluated 109 PMS sensors at 75 different US EPA monitoring sites with hourly FEM measurements of
141 PM;s and/or PMjo. The US EPA provided measurements from 28 of these 109 collocated sensors, which were
142 previously used by Barkjohn et al. (2021). These 28 sensors are subset of the 50 sensors originally used in the Barkjohn
143 paper because: 5 sensors were collocated with 24-hour averaged FRM measurements; 6 had less than 3 month of
144 collocated measurements; 5 had poor correlation (R? less than 0.5, after removing the dust days using FEM based
145 coarser fraction and PM concentrations); 2 were situated at beach; and 4 were already included in this study. Of the
146 remaining 81 sensors, 77 were publicly available sensors and were downloaded (2-min frequency) using PurpleAir’s
147 Data Download Tool (v1.3.5), and 4 additional PMS5003s were available from the authors’ group at the University of
148 Utah. The publicly available sensors were considered collocated if the sensor had the same GPS coordinates (latitude
149 and longitude) as the EPA monitoring site; if the sensor did not have the same coordinates but was within 0.8 km, the
150  sensor was treated as a “nearby” sensor. Thirteen of the 77 sensors were “nearby” sensors, which increased spatial
151 diversity by adding 13 additional monitoring sites. This study spanned from January 2017 to May 2025; however, data
152 availability varied by sensor, depending on its deployment dates. The supplementary materials include sensor IDs, the
153 corresponding collocated EPA monitoring site IDs, and each sensor’s data availability (Tables S1, S2, S3) and a map
154  with the 75 EPA monitoring sites used in this study (Figure S1).

155 The downloaded measurements included particle counts in the six size bins, RH, and pm2.5_alt. All the sensors used
156 in this study had a minimum of three months of reasonably continuous data. The PMS measurements were cleaned,
157 partially following guidelines by Barkjohn et al. (2022). Specifically, the 2-min averages were converted to hourly
158 measurements if 27 or more 2-minute stamps existed in an hour (>90 % completion). Otherwise, the measurement
159  was considered incomplete and not further analyzed. Next, the hourly measurements of dual nodes were considered
160  valid if (a) the difference between the pm2.5_alt values for A and B nodes of PA was less than 5 pg/m3, or (b) the
161 relative percentage difference was less than 61%. Barkjohn et al. (2022) used pm2.5_cf 1, while this study used the
162 pm2.5_alt to clean the PM measurements. We selected pm2.5_alt because pm2.5_cf 1 can exhibit random elevated
163 values (order of 1000s) (Barkjohn et al., 2021), even when the number counts in the six bins are in a reasonable range.
164 The pm2.5_alt is calculated directly from the bin counts (Wallace, 2023)and is less susceptible to random spikes. This
165  study also used the PMS sensor’s reported RH and T (using BME280, Bosch Sensortec, Germany) measurements.
166 Therefore, PM measurements with missing RH and T were excluded from the study. This resulted in the removal of
167 <5% of the measurement for 94 sensors, between 5 — 10 % for 7 sensors, between 10 — 22% for 6 sensors, and 34.7%
168  and 64.9% for the CA15 and CO3 sensors.

169
170 2.3 FEM measurements

171 FEM measurements of PM» s and PM;o were accessed from the AQS site (Download Files | AirData | US EPA, 2025)
172 for the period between Jan 2017 — July 2024 (this data was unavailable after July 2024). For the remaining period,
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i.e., between July 2024 — May 2025, the data was accessed through the AirNow API (AirNow API Documentation,
2025).

Most sites employed the beta attenuation and broadband spectroscopy method (i.e., Teledyne T640 and T640x) for
Federal Equivalent Method (FEM) hourly PM, s and PM o measurements. A few sites also used FDMS (filter dynamic
measurement system) in conjunction with a TEOM (tapered element oscillating microbalance) and laser light
scattering (GRIMM) for hourly PM measurements. Table S1 and Table S2 detail the methods used for PM» s and PM
measurement at each site.

Some sites had multiple parameter occurrence codes (POCs), either from different measurement methods or from
multiple instruments using the same method operating concurrently. For sites with two different methods active
simultaneously, measurements from the method with the greater number of measurements was used. For sites equipped
with the Teledyne T640X and Teledyne T640, this study used the POC corresponding to the EPA-corrected
measurements (Regulations.gov, 2025).

When both FEM PM, s and PM ¢ measurements were available, the coarse fraction (CF) was calculated as:

PM;o-PMy 5
PM1o

CF = (1

Where PMy and PM, 5 were concentrations in pg/m?.

Dust typically has high CF values (>0.7) (Sugimoto et al., 2016). These CF values can help evaluate the effectiveness
of our proposed method (discussed in section 2.5) in identifying times with a high proportion of coarse particles (i.e.,
potential dust events). Of the 109 sensors evaluated in this study, 30 sensors did not have CF data for their evaluation
period, and 36 sensors had CF data for 90% of their evaluation period. A total of 35 sites had CF data for 40 — 90% of
their evaluation period, and the remaining 8 sensors had CF data for less than 30% of their evaluation period.

2.4 Parameters
This study used the following parameters from the PMS sensors to identify potential dust events

1. Ratio of mass in the coarse fraction to ultrafine fraction (CF_to UF): This ratio was defined as:

CF_to_UF = M3 5-5+Ms_1o

@

Mo3-0.5+Mo.5-1

Where M;_; represents the mass concentration (ug/m*) provided by the PMS sensor in the bin with size bin i —
pum. The M,_; is the average of valid M;_; measurements from node A and node B of the PMS sensors. The M;_j,
used here and previously by Wallace et al. (Wallace, 2023), was calculated as:
—\ 3
4 *
Mi—j = ET[ (Q) * Ni—j * 102 (3)
The Nj_; represents the number counts of particles (#/dl) in the size bin i — j pum. The density was assumed to be

1 g/cm?. The 102 accounts for the unit conversions in the equation (um? to m?; g/cm? to pg/m?; and 1/dl to 1/m>).

The CFyo,, parameter was used to identify dust events. This approach builds on the rationale presented in
Ouimette et al. (2024) and discussed in the Introduction. Briefly, although coarse PM has a low probability of
correct classification, the coarse bin will register elevated counts during dust events. Consequently, the CF_to UF
ratio becomes elevated during dust events.
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209 2. RH: PMS sensor RH measurements are biased low by approximately 10 %—20 % (Mathieu-Campbell et al., 2024).

210 This bias tended to increase at higher RH, although the PA’s RH measurements generally show good correlation
211 with regulatory RH measurements (R? >0.9) (Mathieu-Campbell et al., 2024). Dust events are typically associated
212 with low RHs (< 40 — 60%) (Csavina et al., 2014), as higher humidity tends to inhibit dust suspension and
213 promotes faster resettling of particles. We used an RH of 50%, as measured by the PMA sensor, as a threshold for
214 detecting dust. It should be noted that an RH of 50% reported by the PMS sensor corresponds to an actual RH of
215 ~70%. The cutoff of 50% is supported by Figure S2, which illustrates that elevated CF_to UF with high CF was
216 predominantly associated with RH less than 50%. This study explored dust event selection without the use of
217 RH, and the results are discussed in the supplementary section S1.

218

219 2.5 Methods for identifying potential dust events

220 Our method included two approaches. The first focuses on post-processing the sensor measurements to identify
221 potential dust events and to develop appropriate corrections for subsequent applications. The second approach
222 emphasizes real-time identification of potential dust events. Both approaches use the parameters CF_to UF and RH.
223 The post-processing approach establishes the framework for real-time detection, as it provides a clearer way to
224 illustrate the methodology. However, the same real-time approach could also be applied to post-processing the sensor
225  data.

226
227  2.5.1 Post-processing approach

228 To identify potential dust events, two sensor-specific CF_to UF based thresholds (threshold1 and threshold2) were
229  defined using the full dataset for each sensor.

230 e Threshold]l was calculated as the sum of the median of CF_to_UF and a factor (F of 2.5) times the median
231 absolute deviation (MAD) of the CF_to UF.

232

233 Threshold1 = Median(CF_to_UF) + F * MAD(CF_to_UF) (@)
234

235 MAD = Median(|CF_to_UF — Median(CF_to_UF)|) 5)
236

237 e Threshold2 was defined as the maximum of:

238 L Three times the slope (with the intercept fixed at zero) from a linear regression of CF_to UF (y-axis)
239 against pm2.5_alt (x-axis), or

240 1L A value of 0.584, i.e., three times the median slope of the slopes from all the sensors evaluated in this
241 study.

242 Figure 1 displays Thresholdl and Threshold2 for a subset of representative sensors (for selected sites with a history
243 of windblown dust impacts). Threshold1 was primarily used to differentiate clean days from those with elevated coarse
244 particle concentrations. Because high coarse-concentration events typically occur under specific meteorological
245 conditions (e.g., during dust events or wildfires), most measurements were expected to reflect low coarse PM
246 concentrations. Consequently, most CF_to_UF values represent these low-coarse concentration conditions, and the
247 overall median serves as a baseline CF_to_UF for such conditions. The outliers in the CF_to UF would represent high
248 coarse concentration measurements. To identify these outliers, we excluded the measurements near the baseline by
249  setting a threshold, i.e., 2.5 times the MAD of the median. Previous studies have reported that F values of 3, 2.5, or 2
250 are effective for detecting outliers (Leys et al., 2013), with F = 3 considered conservative and F = 2.5 moderately
251 conservative.
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252 Threshold2 helped differentiate between potential dust events from other sources that may also increase CF_to UF.
253 For example, during wildfires both PM o and PM> 5 levels are typically elevated, which could lead to high CF_to UF
254 values, but also high pm2.5_alt concentrations. Threshold2, defined by the slope between pm2.5 alt and CF to UF
255 (Figure 1), serves as a dynamic threshold to filter out high CF to UF values that are not associated with dust,
256  specifically when both CF_to_UF and pm2.5_alt are high.

257 Threshold1 and threshold2 were calculated using all available measurements, irrespective of the availability of FEM
258 PM:> 5 concentrations. A measurement was labeled as a potential dust event if:

259 e CF_to_UF exceeded thresholdl, and
260 e CF_to UF/pm2.5_alt exceeded threshold2, and
261 e  RH from the PA measured less than 50 %,

262  As observed from Figure 1 and Figure S3, high CF_to UF were observed at low pm2.5_alt values, and using
263 threshold1 and threshold2, the identified measurements corresponded to high CF, as confirmed by the FEM based CF
264  measurements.

265
266 2.5.2 Real-time detection of the dust events

267 For real-time potential dust event detection, threshold1 was defined as the median of CF_to UF plus 2.5 times its
268 MAD, calculated from the preceding 336 hourly measurements (14 days). Thus, threshold] was dynamic. This 14-
269 day window was selected to match the temporal coverage of the PA real-time map, which provides the most recent 14
270  days of hourly measurements.

271 Threshold2 was set at a fixed value of 0.584, from the measurements discussed in the post-processing approach
272 (Section 2.5.1). This fixed threshold of 0.584 was selected to avoid using a slope calculated from just 336 points,
273  which can be highly sensitive to outliers, as a few extreme values can distort the slope.

AZ3

threshold2

CF_to_UF

| TX3 TX4 UT1 UT3 UT4 UT5
25015
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7545 1
150 3 &
50 45
100 oo
Y 25 . 9 -
G- =S =B
d 0 s ame o P g6 0o
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pm2.5_alt

274  Figure 1: pm2.5_alt vs. CF_to_UF. Each point represents an hourly averaged sensor measurement, colored by the
275  FEM-calculated CF. The black dashed line represents threshold1, and the black solid line represents threshold2. The
276 shaded grey region indicates measurements identified as potential dust events. Solid grey circles represent times when
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277 either PM, 5 or PM ¢ was unavailable, preventing the calculation of CF. The comparison of pm2.5_alt vs. CF_to UF
278  for the remaining sensors is shown in Figure S3.

279
280 2.5.3 Correction of measurements identified as dust events

281 The pm2.5_alt concentration was adjusted (referred to as adj pm2.5 alt) using a non-linear regression model that
282 incorporated FEM PMy s, pm2.5_alt, CF_to_UF, thresholdl, and a scaling factor A. Measurements identified as
283 potential dust events based on threshold1, threshold2, and RH thresholds were combined across all sensors for the
284  post-processing approach and real-time approach. These pooled dust-event measurements were then used to estimate
285 factor A for each approach through non-linear regression, as follows:

CF_to_UF

Thresholaza * PM2-Dalt ©

286  adjpmos,,~ FEMPM,5 =

287 Factor A was calculated as 0.702 for the post-processing approach and 0.998 for the real-time approach. Only the
288 measurements identified as potential dust events were adjusted, while all other measurements remained unchanged.
289 The use of A of 0.702 to correct real-time approach identified measurements was also explored.

290 Threshold2 was not included in the correction equation because its sole purpose was to exclude non-dust events that
291 produced elevated CF_to_UF values. In contrast, threshold]l was applied to normalize CF_to_UF values, enabling
292 measurements from all sensors to be pooled together. This normalization ensured that the correction was not
293 disproportionately influenced by sensors with high CF_to UF values. By normalizing with thresholdl, data from all
294 sensors could be combined to derive a single factor (A = 0.702).

295
296 2.6 Analysis

297 Data analysis was performed using R (4.4.0). The primary focus of the analysis was to compare pm2.5_alt with FEM
298 PM: s concentrations, with an emphasis on potential dust events, and to evaluate the effectiveness of the applied
299 correction approach. No additional corrections (i.e., adjustments for RH or FEM instrument calibration) were applied
300 to pm2.5_alt. This study focused solely on the comparison between pm2.5_alt and FEM PM 5, and adj pm2.5 alt and
301 FEM PM, ;. The performance of our correction approach was evaluated using the difference in the mean bias error
302  (MBE, ng/m?) before and after correction of pm2.5_alt.

1
303  MBE =_Y1_,(FEMPM2.5; — pm2.5,,) (7
1 .
304  MBE,y =¥, (FEMPM25; — adipmss,,,) ®)

305 MBE was calculated only for those measurements identified as potential dust events. The remaining measurements
306 were not corrected and not included in the MBE calculation. In the main manuscript, we present results for selected
307 locations that have collocated measurements and are affected by windblown dust, including sites in Utah, Arizona,
308 Texas, Colorado, and California. The results for the remaining locations are discussed in the supplementary material.

309
310 3 Results and discussion
311 3.1 Measurement identified as potential dust event using the thresholds

312 Table S4 summarizes the counts of the threshold-based identification of potential dust events, which identified 0 —
313 3785 (post-processing approach: 0 — 9.00 %) and 0 — 4513 (real-time approach: 0 — 9.62 %) hourly averaged



https://doi.org/10.5194/egusphere-2025-5063
Preprint. Discussion started: 6 November 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

314 measurements as potential dust events. These counts did not consider the availability of FEM PM, s measurements.
315 The real-time approach generally identified more measurements than the post-processing approach (Figure S4, Table
316 S4). This outcome was expected because the real-time method used a dynamic threshold1, whereas the post-processing
317 method used a constant threshold1. A dynamic threshold1 accommodates shifts in the CF_to UF baseline (defined in
318 Section 2.5.1), which can occur when a sensor operates for extended periods (example in Figure S5) or when a PMS
319 sensor is replaced within a node (example in Figure S5), resulting in CF_to_UF baseline shifts due to differences in
320  sensor-specific performance characteristics.

321 Seasonal variability in CF_to_UF further complicates the use of a constant threshold1 (example in Figure S4). When
322 most measurements originate from seasons with elevated PM concentrations, the overall thresholdl was biased
323 upward, leading to the rejection of high-coarse concentration measurements during seasons with lower CF_to UF
324 values. The reverse holds when measurements were dominated by low-concentration seasons. In contrast, the dynamic
325 threshold1 adjusts for these seasonal shifts, thereby improving measurement selection (Figure S5).

326 Figure S6 compares the PMS measurements identified as potential dust events to the CF of PM, which was grouped
327  into the following CF bins (0-0.25, 0.25-0.5, 0.5-0.7, and >0.7). The majority of potential dust event measurements
328 were associated with the CF > 0.7 bin (67.1 + 23.4% for the post-processing approach and 70.2 + 20.8% for the real-
329  time approach), followed by the bin between 0.5 and 0.7 (18.9 + 17.1% and 19.2 + 15.9%, respectively). Fewer than
330 8.50% of measurements fell within the 0.25-0.5 bin, and fewer than 5.50% fell within the 0—0.25 bin. This distribution,
331 with most measurements in CF > 0.7, supported the thresholds applied in this study for identifying dust events. The
332  CF between 0.5 and 0.7 could represent dust mixed with other sources.

333
334 3.2 PMas vs. pm2.5_alt: post-processing approach

335 Figure 2 (top) illustrates the measurements, identified as potential dust events, for 12 representative sites. These
336 measurements corresponded predominantly to cases in which pm2.5 alt underestimated FEM PMa,s, typically
337 associated with CF > 0.7. Figure 2 (bottom) illustrates the same measurements after adjustment using the correction
338 equation developed in this study. Comparisons of pm2.5_alt and FEM PM, 5 for the remaining sites were presented in
339  Figures S7 and S8.

340
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Figure 2: Post-processing approach: (top) Hourly averaged pm2.5_alt compared with FEM PM,s measurements.
Black open circles indicate measurements identified as dust events. (bottom) Hourly averaged adj pm2.5_alt
compared with FEM PM, s measurements. The color of the solid circles corresponds to the CF. The grey solid circles
represent times when either PM» s or PM o was unavailable, preventing the calculation of CF. n denotes the number of
measurements identified as potential dust events, for a subset of data when FEM PM, 5 data were available. Table S4
shows the total number of dust-event measurements, regardless of FEM PM; s availability. Comparisons of pm2.5_alt
and FEM PM, s for the remaining sites were presented in Figures S7 and S8.
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Figure 3: Post-processing approach: change in MBE with respect to FEM PM, 5 before and after adjusting pm2.5_alt.
The blue dot represents the MBE before correction, while the orange dot represents the MBE after correction. The
grey arrow highlights the direction of the MBE shift after correction. n represents the number of potential dust event
measurements. The lower x-axis corresponds to the sensor name, while the top x-axis corresponds to the site where
these sensors were located. Comparisons of MBE and MBE _adj for the remaining sites were presented in Figure S9.
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356 Figure 3 presents MBE and MBE _adj. An MBE value closer to zero indicates better sensor performance, meaning that
357  the sensor-estimated PM, s concentrations are more consistent with the FEM PM> s measurements. For the 12 sensors
358 shown in the main manuscript, MBE decreased by 52.4 + 16.9% on average, with MBE ranging between 4.71 — 20.81
359 pg/m? and MBE _adj ranging between 2.07 — 16.7 ug/m>. The MBE _adj remained positive, indicating that although
360 the sensor’s PM> s estimation has improved, it remained less than FEM PMa s after correction.

361 For the remaining sensors (Figure S9 and Table S4), 82 sensors had MBE that decreased from 1.54 — 14.60 pg/m® to
362  MBE adj of -0.76 — 7.60 ug/m’, i.e., a decrease of 49.6 + 22.9 %. For 13 sensors, the MBE_adj was less than -1
363  ug/m’, indicating the correction led to overestimation of the PM, s concentrations. For two sensors, no measurements
364  were identified as potential dust events. Among the sensors with negative MBE_adj (Figure S9), 7 had fewer than 60
365 measurements (<0.6%) identified as potential dust events and belonged to states of AK, IA, OR, WA, and VT. The
366  locations of these monitors are not frequently affected by dust. Even for sensors with negative MBE_adj, the adjusted
367 pm2.5_alt concentration remained within the sensor's expected range (Figure S8).

368 It is important to note that the locations of most sensors were identified based on the PA public map, and no physical
369 verification of collocation was available, except for 4 sensors maintained by the authors’ group and the sensor list
370 provided by the EPA. Given this uncertainty, some variability in MBE outcomes was expected.

371
372 3.3 Real-time processing: pm2.5_alt vs. FEM PM:s

373 Figure 4 (top) illustrates the measurements identified as potential dust events for 12 representative sites using the real-
374  time approach. Figure 4 (bottom) illustrates the same measurements after adjustment using the correction equation
375  developed in this study. Figure 5 shows MBE and MBE _ad;.
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377 Figure 4: Real-time approach: (top) Hourly averaged pm2.5 alt values compared to FEM PM»s measurements.
378 (bottom) Hourly averaged adj pm?2.5_alt, adjusted using A of 0.702, compared with FEM PM, s measurements. The
379 color of the solid circles corresponds to the CF. The grey solid circles represent times when either PM, 5 or PM;o was
380 unavailable, preventing the calculation of CF. n denotes the number of measurements identified as potential dust
381 events, for a subset of data when FEM PM, 5 data were available. Black open circles represent measurements identified
382 as potential dust events. Comparisons of pm2.5_alt and FEM PM, 5 for the remaining sites were presented in Figure

383  sio.
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385 Figure 5: Real-time approach: change in MBE with respect to FEM PM; s before and after adjusting pm2.5_alt using
386 A of 0.702. The blue dot represents the MBE before correction, while the orange dot represents the MBE after
387 correction. The grey arrow highlights the direction of MBE shift after correction. n represents the number of potential
388 dust event measurements. The lower x-axis corresponds to the sensor name, while the top x-axis corresponds to the
389 site where these sensors were located. Comparisons of MBE and MBE _adj for the remaining sites were presented in
390  Figure S11.

391 Out of the 12 sensors, shown in the manuscript, 11 sensors’ MBE_adj decreased (from 5.12 — 14.3 pug/m’ to 1.39 —
392  6.76 ug/m?, a change of 60.6 = 14.5 %) but remained positive (Figure 5). The CO3 sensor MBE declined from 3.52
393  pg/m’ to -1.44 pg/m’, indicating the A of 0.702 resulted in the CO3 adj_pm?2.5_alt to be higher than FEM PM,s. If
394 using the A of 0.998 (obtained using the real-time approach identified potential dust events), all 12 sensor MBE _adj
395  remained positive, but the decrease in the MBE was low (34.5 +/- 11.1%) (Figure S12).

396  Across the remaining sensors (Figure S11 and Table S4), using A of 0.702, most sensors also showed improvement;
397  for 89 sensors MBE dropped from 0.713 — 14.4 to MBE _adj of -0.622 — 7.58 pg/m?, a change of 59.7 = 21.2 %). Two
398 sensors did not have any events identified as potential dust events (Table S4). A smaller subset (5 sensors) exhibited
399  MBE adj of less than -1 pg/m?, with MBE_adj values ranging from -3.63 — -1.16 pg/m* (Figure S11 and Table S4).
400 One notable outlier, sensor WA3, showed a larger negative MBE adj (-8.77 pg/m?); however, this sensor had only 33
401 measurements identified as potential dust events. The use of A of 0.998 (Figure S12), resulted in MBE_adj between -
402  0.613-10.48 pg/m’, a decrease of 28.4 £23.9 % for all sensors, with the exception of WA3 (MBE_adj of -4.06 pg/m?,
403 a decrease of 212.9%). The factor A in the correction equation determined the extent of the pm2.5_alt adjustment.

404 The correction of pm2.5_alt measurements (adj_pm?2.5_alt) in this study was driven by a single adjustment factor, A,
405  which directly influenced MBE. A constant value of A was applied to all sensors to maintain generalizability and
406 ensure the approach could be deployed in real time across a geographically broad network of PMS sensors. While this
407 strategy provided a practical solution, it was not equally effective for all sensors, likely because each site experiences
408 different PM compositions and each sensor has unique performance characteristics.

409 To explore the potential benefit of individual calibration, sensor-specific values of A were tested for potential dust
410 events using the real-time approach (Figure S13). With sensor-specific A, for all sensors, the MBE dropped from 0.713
411 — 14.4 t0 -0.497 — 9.40, i.e., a reduction of 53.2 + 31.2 %. These results demonstrate that sensor-specific calibration
412 can substantially improve accuracy. However, implementing sensor-specific A requires calibration against a reference
413 instrument before deployment, ideally under a range of PM concentrations and compositions representative of the

12
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414 target environment. This requirement limits scalability and may not be feasible for geographically diverse networks.
415 Thus, there is a trade-off: a fixed A offers simplicity and consistency for a broad distribution of sensors, while a sensor-
416 specific A improves accuracy but reduces generality. In future work, integrating sensor-specific calibration during
417 initial deployment may offer a balanced solution, improving accuracy while maintaining some level of practicality for
418  network-scale monitoring.

419
420 4 Limitations

421 This study has several limitations, primarily related to the use of PMS sensors and the assumptions made in selecting
422 and interpreting the data. First, most PMS sensors used in this analysis were identified from the publicly available PA
423 map, and their physical locations and deployment conditions could not be independently confirmed. It is possible that
424 some of the sensors selected were not truly collocated with the FEM instruments. Second, PA nodes are user-deployed
425 and can be moved or reconfigured at any time. A user might relocate the entire sensor, swap sensor nodes, or even
426 replace hardware without any indication in the metadata. Such changes can alter sensor performance or the
427 environmental context of the measurements (e.g., from outdoor to indoor), potentially affecting CF_to_ UF values and
428 the thresholds used for dust event detection. These untracked changes may lead to inconsistencies in the correction
429 approach, either causing genuine dust events to be missed or non-dust days to be mistakenly corrected due to a sudden
430 shift in sensor behavior. Additionally, the correction method depends on long-term consistency in sensor performance.
431 Any drift in sensor response (deSouza et al., 2023), contamination of the sensor inlet, changes in the PMS production
432 process (i.e., (Searle et al., 2023)), or firmware updates may also influence measurement characteristics and correction
433 effectiveness. A potential limitation of this approach is that it may be less effective under consistently high-dust
434 conditions, as the baseline correction assumes that the environment is relatively clean most of the time. Finally, this
435 study evaluated PMS5003/6003s, and the proposed methods would need to be evaluated for other PMS models.
436 Despite these limitations, the general trends and methodology proposed in this manuscript can provide a useful
437  framework for real-time and retrospective identification of possible dust events using PMS sensors. However, future
438 work should aim to validate sensor-reference collocation and investigate the impact of node-level changes on the
439  robustness of corrections.

440 Some potentially problematic measurements were not explicitly excluded in this study. These included: (i) periods
441 with all zero counts in bins >0.5 um throughout the sampling duration; (ii) spurious temperature readings (e.g., ~ —
442 129 °F) persisting over the study period; and (iii) inconsistent particle count assignments, such as higher counts in the
443 >0.5 pm bin compared to the >0.3 um bin, or in the >2.5 pm bin compared to the >5 um bin, which sometimes resulted
444 in negative pm2.5_alt concentrations. While the thresholds developed in this study may have excluded many of these
445 problematic data points, they may also have inadvertently excluded valid dust events.

446
447 5 Future Work

448 Our approach for identifying elevated coarse particle concentrations could be extended to improve PMio estimation
449 from low-cost sensors. Furthermore, in conjunction with back-trajectory models, meteorological data, or satellite
450 imagery, this method could help identify the sources of PMio plumes, such as dust sources, construction activity, or
451 agricultural emissions. In addition, if A could be defined for each sensor based on laboratory calibration under
452 controlled conditions, it could significantly enhance the accuracy of real-time dust event detection and correction. This
453 could enhance both the scalability and robustness of using low-cost sensors, such as the PMS, for dust monitoring in
454  diverse environmental settings.

455
456
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457 6 Conclusion

458 This study demonstrates that PMS5003/6003 sensors, despite their well-known limitations in detecting coarse
459 particles, can be used to identify and provide reasonably accurate PM» s measurements during dust events using only
460 sensor’s reported outputs. By leveraging particle counts in the coarser and ultrafine bin and RH, we developed real-
461 time thresholds (threshold1l and threshold2) that successfully identified dust episodes without reliance on external
462 datasets. Between 0 and 3785 hourly averaged PM» s measurements (0—-9.00%) from each sensor were identified as
463 potential dust events with the post-processing approach, and 0—4513 measurements (0-9.62%) with the real-time
464  approach. The real-time method consistently identified more dust episodes, owing to its dynamic threshold1, which
465 better accounted for seasonal and sensor-specific variability. Most identified potential dust events were associated
466 with coarse fraction values >0.7 (67-70%) as measured by FEMs, confirming that the thresholds targeted conditions
467 when PMS sensors most strongly underestimated FEM PM,;s. Correction of PMS PM; s estimates (pm2.5_alt)
468 substantially reduced bias. For the 12 sensors highlighted in this manuscript, MBE decreased by ~52% (MBE: 4.71 —
469  20.8 pg/m’; MBE adj: 2.07 — 16.7 pg/m®) with the post-processing approach and 60% (MBE: 3.52 — 14.3 pg/m3;
470 MBE_adj: -1.44 — 6.76 ng/m®) with the real-time approach. Across the broader dataset, 82 sensors improved under
471  post-processing (MBE: 1.54 — 14.6 ng/m3; MBE_adj: -0.760 to 7.60 ng/m?) and 89 sensors improved under real-time
472  adjustment (MBE: 0.713 — 14.4 pg/m?; MBE_adj: -0.622 to 7.58 pug/m?). Only a small subset (13 for post-processing
473 and 6 for real-time processing) showed less than -1 pg/m* MBE_adj, often at sites that infrequently experience dust
474 events or with very few flagged dust events (<0.7% of measurements). Overall, the framework developed here
475 improves PMS5003 performance during potential dust events, reduces PM, s underestimation, and extends the utility
476 of low-cost sensors for dust monitoring in regions with sparse FRM/FEM coverage.
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