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Abstract
Airborne particulates play a central role in both the earth’s radiation balance and as a trigger for a wide range
of health impacts. Air quality monitors are placed in networks across many cities globally. Typically these provide
at best a few recording locations per city. However, large spatial variability occurs on the neighborhood scale. This
study sets out to comprehensively characterize a full size distribution from 0.25 - 32 µm of airborne particulates on
a fine spatial scale (meters). The data is gathered on a near daily basis over the month of May, 2014 in a 100 km2
area encompassing parts of Richardson, and Garland, TX. Wind direction was determined to be the dominant factor
in classifying the data. The highest mean PM2.5 concentration was 14.1 ± 5.7 µgm−3 corresponding to periods
when the wind was out of the south. The lowest PM2.5 concentrations were observed after several consecutive days
of rainfall. The rainfall was found to not only “cleanse” the air, leaving a mean PM2.5 concentration as low as 3.0 ±
0.5 µgm−3 , but to leave the region with a more uniform PM2.5 concentration. Variograms were used to determine
an appropriate spatial scale for future sensor placement to provide measurements on a neighborhood scale and found
that the spatial scales varied, depending on the synoptic weather pattern, from 0.8 km to 5.2 km, with a typical length
scale of 1.6 km.
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Introduction
Multiple studies have established a strong link between aerosols and health issues [1–4]. Several illnesses have been
attributed to long-term exposure of aerosols [5–7]. However, even short term exposure can have an effect on cardiovascular/cardiopulmonary or respiratory health [1, 8]. Aerosols and particulates have even been shown to act as carriers
for bacteria increasing risks for bacterial infections [9, 10]. According to a March 2014 World Health Organization
(WHO) report, 7 million deaths in 2012 were attributable to air pollution [11]; a key part of this pollution is airborne
particulates. Aerosols and particulates with a diameter of 2.5 µm or smaller (PM2.5 ) are a particular health risk due to
their smaller size and ability to be breathed deeper into the lungs [8].
Traditionally air quality studies have used static sensors to gather measurements. This yields a single number representing the air quality of the entire region. Typically there is a lack of neighborhood-scale observations of airborne
particulates, and many towns have no observations at all. To help address this issue a machine learning approach
was previously developed, by Lary et al. (2014) [12], to estimate daily global abundance of airborne particulates from
multiple big, environmental, data sets.
Lary et al. (2014) [12] used ground-based observations along with satellite-based remote sensing from NASA’s
Sea-viewing Wide Field-of-view Sensor (SeaWiFS) and the two MODerate resolution Imaging Spectroradiometers
(MODIS)), meteorological data products (from the NASA Modern-Era Retrospective Analysis for Research and Application (MERRA)), and machine learning to estimate global daily ground level PM2.5 concentrations from 1997-2014.
The resolution of one pixel in this global estimate was 10 km, however, for human health applications neighborhoodscale observations are preferable. One of the goals of this study was to look at the size distribution, in the size range
0.25 - 32 µm, and the spatial and temporal variability across a 10 km pixel of this global daily product.
This project used a mobile sensor package to gather data throughout the city mounted 1.5 m (5’) above the ground.
The mobile platform provided the ability to gather data on a neighborhood scale, allowing for a better understanding
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of the representativeness of this single 10 km pixel value for the actual air quality gradient within the region. This
paper will start with a brief review of the sensor package, followed by a look at the flow regimes, and then examine the
PM2.5 concentration variability and the aerosol size distribution. Finally, the question ”What is the appropriate spatial
resolution required to accurately characterize the PM2.5 abundance at a neighborhood scale?” will be explored.

Instrumentation
The instrumentation package included a Grimm NanoCheck 1365 particle spectrometer, a New Mountain Innovations
NM150 Ultrasonic Weather Station, and an Arduino micro-controller. The NanoCheck 1365 particle spectrometer
combines a Grimm 1109 aerosol-spectrometer with a Grimm 1320 nano-particle sensor allowing for a measurement
range of 0.25 - 32 µm. The 1365 is a completely self-contained instrument utilizing a 14.4 V, 4.8 Ah Li Ion rechargeable battery pack for power and USB flash drive for data storage. Air is drawn into the instrument through the 1109
using an internal pump, with a flow rate of 1.2 l min−1 , and then passed on to the 1320 through a pneumatic adapter
block. The spectrometer was factory calibrated and periodically sent back in to Grimm from recalibration. The 1109
has a 6 s sample-interval, while the 1320 runs a 10 s sample-interval.
The NM150 is a complete weather station with NIST calibrated sensors for measuring temperature, pressure and
humidity as well as wind speed and direction using 4 ultra-sonic transducers. This sensor incorporates its own GPS
receiver and compass allowing for true wind speed and direction calculations. The methods used in calculating temperature, pressure, humidity, and wind speed/direction are shown in Table 1 along with each sensor’s range and accuracy.
Table 1: Methodology, range, and accuracy for the sensors used in this
Innovations [13] and Grimm Aerosol Technik [14].
Method
Range
Variable
Based on a negative
−30◦ C – 50◦ C
temperature coefficient
Temperature
thermistor that measures the (−22◦ F – 122◦ F )
ambient air temperature.

study. Data adapted from New Mountain
Accuracy
±1.5◦ C(±2.7◦ F ) @ 2 knots
(2.3 mph) wind speed

Pressure

Measured using a
temperature-compensated
silicon piezoresistive
pressure sensor

850 – 1150 mbar
(25 – 34 inHg)

±1.5%

Humidity

Measured with a capacitive
cell humidity sensor

%10 – 95% RH

±4%

Wind Speed

Ultrasonic anemometer

0.5 – 99.5 knots
(0.6 – 114.5 mph)

The greater of ±1 knot or ±4%
(±1.1 mph)

Wind Direction

Ultrasonic anemometer

0◦ − 360◦

±1.5◦

Particle Counts

Particle Spectrometer
(655 nm Laser Diode)

0.25 - 32 µm
in 32 size bins

±3%

The NM150 is controlled using and reports data in standard NMEA 0183 formatted text strings. An Arduino ATmega
2560 micro-controller was used to read and write these text strings and the serial stream from the NanoCheck 1365.
This micro-controller had 256 KB of flash memory, ran at 16 MHz, and was easily programmed using the Arduino
programming language and development environment. Data received from the NM150 and the NanoCheck 1365 were
stored on-board the arduino using an SD card reader and standard 2GB SD card. Trey Kasling of Kasling Aircraft
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designed and 3D printed a window mount to attach the met sensor and particle spectrometer probe to the back window
of a 2011 Volkswagen Jetta for the ground phase of the measurement campaign.

Identifying Flow Regimes
Meteorological Context
The meteorological context plays a pivotal role in the abundance of airborne particulates. The wind can carry particles
from upwind sources, surface solar heating can dry out the ground and increase the availability of local dust sources,
and humidity will determine the amount of moisture available that airborne particulates can absorb. Thus, the weather
conditions throughout the region of interest during the data collections need to be examined.
Figure 1 panel a shows that the mean temperature across all days that data was collected was 25.0 ± 2.7◦ C, with a
range of 16.4◦ C to 29.4◦ C. Panel b shows a mean pressure of 1015.4 ± 4.0 mbar, with a range of 1007.4 mbar to
1025.1 mbar. Panel c shows a mean humidity of 45.6 ± 8.1%, with a range of 20.9% to 65.9%. Panel d shows a mean
wind speed of 3.6 ± 1.3 ms−1 , with a range of 0.4 ms−1 to 9.0 ms−1 , and panel e shows a mean wind direction of
151.5 ± 32.1◦ .
To objectively characterize the meteorological regimes a self organizing map (SOM) was used. The SOM classified
the meteorological data into 10 different classes, each class corresponding to a distinct flow regime, in order to perform
appropriate summary statistics for each flow regime (i.e. to compare like with like). SOMs are a way of reducing the
dimensionality of multi-dimensional data sets [15]. They group like data sets together without any prior knowledge of
the data to be classified, as well as determine the most dominant variable of the data set. The classes determined by
the SOM show that wind direction is the dominant factor, as shown in Figure 1 (panel e). The classes overlap for all
the other variables, while for wind direction the classes separate incrementally, with class 1 in the northerly direction
and each class after progressing clockwise around the wind rose.
This is also illustrated when comparing the data gathered on May 23 and May 28 shown in Table 2. On May 23,
the wind was mainly from the south, and on the 28th the wind was mainly from the northeast. We see higher mean
pressure, humidity, and PM2.5 concentration on May 23.
Table 2: Meteorological characterization of May 23, 2014 and May 28, 2014
Mean
May 23, 2014 May 28, 2014
Primary Wind Direction (◦ ) 180-190
30-40
Barometric Pressure (mbar) 1017.7 ± 0.7
1012.9 ± 0.6
Relative Humidity (%)
60.8 ± 2.6
52.6 ± 2.5
19 ± 2.8
5.2 ± 0.8
PM2.5 (µg⁄m3 )
Temperature (◦ C)
24.6 ± 0.7
25.1 ± 0.6
Wind Speed (m⁄s)
3.4 ± 1.1
3.2 ± 0.8

PM2.5 Context
Figure 2 shows the approximate 10 km x 10 km area covered during daily measurement-gathering drives (outlined
in red), representing 1 pixel of the global estimate from Lary et al. (2014) [12]. This drive area was chosen to
include several different environments including residential areas, retail/commercial areas, and major highways: State
Highway 75 is roughly down the center of the region of interest, President George Bush Tollway is across the northern
border, and Interstate 635 is across the southern border. There are also industrial areas along the southern boarder and
extending south of the region. There are four key types of sources affecting our region of interest: traffic, construction,
industrial, and out of region (up-wind) sources.
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Figure 1: Frequency distributions for temperature (a), pressure (b), humidity (c), wind speed (d), wind direction (e),
and PM2.5 concentration (f) for all classes of weather conditions experienced during our measurement campaign in
Richardson and Garland, TX during May, 2014. Data was collected with a sample rate of 1 Hz during a 3 hour
collection drive then averaged into 1 minute intervals. The different colors correspond to different classes assigned by
the SOM.
The area marked “1” on the map is the University of Texas at Dallas campus. During the time of this campaign,
construction of a new dormitory and parking garage was ongoing. The area marked “2” on the map depicts the
construction site of a high-rise office building, and area “3” is the industrial sector in Garland, TX. This industrial
sector contains several manufacturing, chemical, and food production facilities. All data was collected during daily
3-hour drives starting at area 1, driving to the northwest corner of the region of interest, and then crossing the region
east to west/west to east, with a small detour in the northeast corner to gather high-resolution data in a residential area,
until reaching the southwest corner. The route then continued along State Highway 75 and over to the northeast corner.
The region was then twice traversed north to south/south to north before returning to area “1”. All collections where
made between 11:00 and 14:00 Central Standard Time (CST).
The region of interest does not contain any air quality monitoring stations. However, the Texas Commission on
Environmental Quality (TCEQ) does maintain a monitoring station approximately 3.5 km from the southwestern edge
of the region. This station does not report PM2.5 data, but does report PM10 data as a 24 hr average. For May, 2014
data for only four days are reported, two of them coinciding with data collections taken in this study. For May 17,
2014 TCEQ reported a 24 hour average PM10 concentration of 13 µgm−3 . The mean PM10 concentration measured
in the region of interest during this period was 13.2 µgm−3 . For May 23, 2014 TCEQ reported a 24 hour average
PM10 concentration of 21 µgm−3 . The mean PM10 concentration measured in the region of interest during this period
was 23.4 µgm−3 .
To understand the spatial variability within the region of interest, knowledge is needed of how each of the four sources
are distributed across the region. This knowledge can be acquired by using the SOM from the meteorological classification to understand how the meteorological data correlates to the PM2.5 concentration. There, the class with the
highest PM2.5 concentration was class 6 characterized by a mean PM2.5 concentration of 14.1 ± 5.7 µgm−3 , with a
range of 4.4 µgm−3 to 47.8 µgm−3 . Class 6 also contained a mean temperature of 25.9 ± 1.6◦ C, with a range of
20.8◦ C to 29.1◦ C , a mean pressure of 1014.6 ± 3.2 mbar, with a range of 1007.4 mbar to 1020.0 mbar, a mean
humidity of 46.6 ± 7.2%, with a range of 30.2% to 65.9%, a mean wind speed of 4.2 ± 1.4 ms−1 , with a range of
0.9 ms−1 to 8.5 ms−1 , and a mean wind direction of 176.5 ± 20.3◦ , with a range of 188.0◦ to 122.1◦ . The wind
direction for this class is roughly out of the south, corresponding to area “3” on the map in Figure 2. As noted before,
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Figure 2: Map depicting the area covered during driving campaigns with possible dust source locations. 1: Dorm and
parking garage construction on the University of Texas at Dallas campus. 2: Large office building construction site. 3:
Industrial area in Garland, TX including several large manufacturing, chemical, and food production facilities. Map
produced using Google Earth.
this area contains an industrial sector with several large manufacturing facilities, thus corresponding to industrial and
other out of region sources. We will call this the southerly met class.

Large Scale Transport
The Hybrid Single Particle Lagrangian Integrated Trajectory (HYSPLIT) model was used to run forward and backward
air parcel trajectories across the region. This model is only useful on scales much larger than the region of interest
in this paper, but shows where the air that was sampled came from and how it traveled across the region. For May
23, 2014, the wind was out of the south blowing across the industrial sector just south of our region of interest and
continuing on to the north. For May 28, 2014 the wind was coming out of the northeast (a more rural area of the
region) and continued on to the southwest. Notice from Table 2 that the PM2.5 concentration for May 23 was much
higher than on May 28, which is in agreement to the SOM showing the highest PM2.5 concentrations with wind out of
the south.
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Epochs
Figure 3 is an overview of the entire study aimed at putting the key features of the analysis together. The data
collections were grouped into epochs, labeled A-G, based on size spectrum (a), PM2.5 concentration (b), and variogram
range (d). Note that data was not gathered every day and was only available for the days marked on the horizontal
axis. Each epoch was determined, in part, by synoptic weather systems as denoted by the icons above and below the
central plots. The characterization of each epoch is displayed in Table 3. Epochs D and F have the lowest mean PM2.5
concentrations (b) of 3.0 ± 0.5 µgm−3 and 5.2 ± 0.8 µgm−3 respectively. Both of these epochs occur right after
consecutive days of rain.
Table 3: Characterization of each epoch.
Epoch
Length Scale (km)
Time Since Rain (days)
Mean Wind Direction (◦ )
PM2.5 (µg m−3 )
EPA Class
Mean Temp (◦ C)
Mean Pressure (mbar)
Mean Humidity (%)
Mean Wind Speed (ms−1 )
Mean Size (µm)

A
6.6
16
168.9 ± 34.8
20.5 ± 4.2
Moderate
25.6 ± 1
1009.3 ± 0.7
34 ± 2.5
3.6 ± 1.6
0.29

B
5.4
1
217.7 ± 34.6
20.1 ± 4.2
Moderate
27.6 ± 1
1011.6 ± 0.7
47.5 ± 5
3.8 ± 1.2
0.31

C
1.5
2
176.9 ± 28.3
6.1 ± 0.7
Good
26.3 ± 0.9
1010.6 ± 0.6
47 ± 2.5
3.9 ± 1.3
0.3

D
0.7
<1
326.1 ± 44
3.0 ± 0.5
Good
17.7 ± 0.8
1023.3 ± 0.7
10.9 ± 3.0
3.8 ± 1.1
0.3

E
1.66
1+
148.4 ± 20.5
13.7 ± 3.7
Moderate
24.3 ± 1.6
1016.7 ± 1.6
47.9 ± 7.4
3.7 ± 0.5
0.3

F
2.6
1
47.9 ± 30
5.2 ± 0.8
Good
25.1 ± 0.6
1012.9 ± 0.6
52.6 ± 2.5
3.2 ± 0.8
0.29

G
2.3
2
34 ± 28
7.6 ± 1.2
Good
27.6 ± 0.7
1011.8 ± 0.7
48.8 ± 2.3
3.0 ± 0.8
0.29

Variograms were examined for each epoch to objectively characterize the length scale (range) of the PM2.5 spatial
variability, shown in Figure 3 (d). Variograms are functions that relate spatial separation and variance to provide an
understanding of the length scales of spatial variability [16, 17] and have previously been shown useful in determining
spatial resolutions for air quality measurements [18]. The algorithm developed by Wolfgang Schwanghart [19], implemented in MATLAB was used for this study. Here three general categories where found: long, medium, and short
length scales (e). Epoch D had the shortest length scale at 0.8 km.

Variability
Throughout the campaign, considerable variability was not only observed across the drive during any given day, but
also from one day to another, particularly if it had just rained. Figure 4 shows the data captured on the last day of
epoch E, May 23, 2014 (a), and epoch F, May 28, 2014 (b), respectively. No data was gathered between these two
drives due to rain. On May 23, considerable variability in PM2.5 concentration is seen across the drive. Notice on May
28, after several days of rainfall, that the concentration and range dropped across the entire region, indicated by the
change in the range of the colorscale.
The concentration decrease is better indicated by the histogram and frequency distributions of the PM2.5 concentrations
shown in Figure 5. The color-scale used follows the Air Quality Index (AQI), defined by the Environmental Protection
Agency (EPA) [20] and shown in Table 4. For May 23, Figure 5 (a), a median concentration of 19 µgm−3 is seen with
the highest measured concentration of 34 µgm−3 . This puts the measurements into the moderate range on the AQI.
While after several days of rain, on May 28 (b) a median is seen of only 5 µgm−3 , with a high measurement of 15.8
µgm−3 , which keeps the measurements in the good range on the AQI. Although both days have similar distributions,
May 23 shows a much wider spread and longer tail than May 28, which has a standard deviation of 0.88 µgm−3 , less
than half the 2.8 µgm−3 deviation of May 23. Thus, the rainfall between the data collections not only “cleansed” the
air, but left the region with a much more uniform concentration.
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Figure 4: Data captured on May 23, 2014 (a) and May 28, 2014 (b). Color scale indicates PM2.5 concentration.

Size Spectrum
Figure 3 (a) shows the size distribution by class for the month of May, 2014. The vertical axis shows particle size bins
in microns and the horizontal axis shows the day of data collection. The colorscale represents the number of particles
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Figure 5: Histograms and frequency distributions for May 23, 2014 (a) and May 28, 2014 (b). The color of the
histogram represents the AQI defined by the EPA.
Table 4: AQI defined by the EPA. table adapted from [20].
AQI Catagory
Index Values PM2.5 breakpoints (µg/m3 )
Good
0 - 50
0.0 - 12.0
Moderate
51-100
12.1 - 35.4
Unhealthy for Sensitive Groups
101 - 150
35.5 - 55.4
Unhealthy
151 - 200
55.5 - 150.4
Very Unhealthy
201 - 300
250.5 - 350.4
Hazardous
301 +
350.5 +

counted in the sample. It is clear that the smaller particles vastly outnumber the larger particles. The mean particle
size for the entire data set was only 0.3 µm.
The data collections were grouped by epoch, and the mean count for each epoch was plotted against the size bin
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shown in Figure 3 (f). This, essentially, is looking at a slice through the size distribution in (a). In both, higher particle
counts are seen for epochs A and B, followed by a drop in epoch C and a larger drop in epoch D. This drop in aerosol
concentration was due to the rainfall “washing” the atmosphere. Prior to data collection, the area did not see significant
rainfall for 16 days, then had 14.2 mm (0.56”) of rain fall over the course of a few hours on the morning of May 8. The
particle counts for epoch C and D, corresponding to this time period are the highest for the month. The region then
received 4 days of sustained rainfall totaling 23.1 mm (0.91”), from May 12 through the morning of May 14. Epoch D,
corresponding to the data collected on May 14, showed the lowest particle counts for the month. Epoch E corresponds
to several days of no rain and shows a steady increase of particle counts ending with 3 days of slight rainfall totaling
only 6.86 mm (0.27”) on May 25-27. However even though the amount of rain was approximately half of what fell
very quickly on May 8, epoch F shows a decrease in particle counts. This indicates that a quick rainfall may not wash
particles out of the atmosphere. An extended period of rain is needed.
To objectively characterize the different types of size distribution observed, an SOM was used to classify the particle
counts into 10 classes using each size bin as a variable, as seen in Figure 3 (c). For most epochs, the data falls into
several classes, but epochs C and D fall solely into classes 9 and 10, respectively. Comparing the size distribution by
class, the class with the highest PM2.5 concentration was class 1, which falls mostly in epochs A and B (Figure 3 (b)).
This class had a mean southerly wind direction of 181.25◦ ± 37.76◦ , with a range of 215.82◦ to 52.79◦ , a mean PM2.5
concentration of 20.86 ± 4.27 µgm−3 , with a range of 13.13 µgm−3 to 28.12 µgm−3 , and a mean size of 0.298 µm.
This is called the southerly size class. This is interesting, as wind direction was not a variable included when training
the size distribution SOM, yet classifications corresponding to distinct wind direction are still seen. Furthermore,
the class with the highest concentration corresponded to wind out of the south, although with a higher mean PM2.5
concentration than the southerly met class.

Spatial Scale
This study used an approach of recursive subdivision to examine the spatial scales of the data. First, the median value
of the entire 10 x 10 km measurement area was calculated. The area was then subdivided into a 2.5 x 2.5 km grid, then
again down to a 1.25 x 1.25 km grid, and the median value of each grid section was calculated. Figure 6 panel “a”
shows the results from May 14, May 16, and May 6 respectively. These three days are examples of a short, medium,
and long spatial scale. The color scales on these plots are not in the same range to help highlight the changes in median
values for each data set represented. In the median concentration plots (Figure 6 panel “a”), for both the short and
medium spatial scales, the 1.25 km grid shows much more detail than the 2.5 km grid. However, for the long spatial
scale, the 1.25 km grid shows only marginal improvement in detail over the 2.5 km grid. For all three days, the sets
indicate that a spatial scale smaller than 10 km is necessary for neighborhood scale measurements.
In order to determine the appropriate spatial scale for future measurements, variograms for each day were created. The
length scale (range) for each day is presented in Figure 3 (d). Epochs A and B have the longest ranges with epoch C
having the shortest ranges. Unlike the pattern previously seen with particle counts and PM2.5 concentration; a steady
increase in range throughout epoch E is not seen and an increase in range in epoch F is seen instead of the decrease
observed in particle count and concentration. This is possible due to a dependency on the synoptic weather systems
discussed further below.
The variograms were separated into 3 groups, based on range, and an average variogram for each group was calculated.
The first group, shown in Figure 3 (e), represents the long spatial scale, with a mean range of 5.2 km. The second
group represents the medium spatial scale, with a mean range of 1.7 km, and the third group represents the short spatial
scale, with a mean range of 0.8 km.
The short scale group consists solely of epoch D and may be considered an outlier. In this case, we might conclude
that a long length scale is associated with high PM2.5 concentration. However, toward the end of epoch E, PM2.5
concentration (Figure 3 (a)) approaches that of epochs A and B, but has a much lower range (Figure 3 (d)). Thus,
length scale is not a simple function of PM2.5 concentration.
Since the long scale group only has two epochs as members then perhaps both the short and long scales can be consid-
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Figure 6: Spatial scale comparison between short variogram range (0.8 km), medium variogram range (1.7 km), and long variogram range (5.2 km)

ered outliers. In this case a simple conclusion can be made that the appropriate spatial scale for future measurements
is approximately 1.7 km. This may be good enough for the majority of studies.
Rain was a leading factor in affecting particle distributions. However, the overall pressure system had a greater affect
on the spatial scales. Notice, in Figure 3 (a), during epochs A and B the spatial scale (d) is approximately 5 km. This
is after a significant number of days without rain. However, at the end of epoch E, a similar number of days without
rain, the spatial scale does not approach a similar range. Also, note that epoch F, occurring after several days of rain,
similar to epoch D, does not have a drop in spatial scale as shown in epoch D.
A possible cause for the change in spatial scale sensitivity can be seen in the synoptic weather systems shown in
Figure 3 (g). During epochs A and B, a low pressure system was moving into the region, and moved out during
epoch C. A high pressure system moved in during epoch D and moved out of the region on May 19-20 (not shown),
corresponding to the dip in range during epoch E. Another low pressure front began moving into the region on May
20, corresponding to the increase in range from that point on in epoch E. These weather systems are further illustrated
in the wind patterns of the region.
Figure ?? shows a representative synoptic scale weather system map and forward/backward wind trajectories produced
using the HYSPLIT model for each of the 3 spatial scales: short, medium, and long. The red trace represents forward
trajectories, and the blue trace represents backward trajectories. The short spatial scale corresponds to a high pressure
system moving in from the southwest, with the wind trajectory showing wind diverted back into the region. In the
medium spatial scale, a front had just passed through the region, but the pressure systems were stable, with the wind
trajectories showing the wind coming from the east and moving off to the northwest. The long spatial scale corresponds
to a low pressure front moving in from the north but still out of the region with winds moving in a straight south to
north flow.

Conclusion
This study looked at the size distribution, in the size range 0.25-32 µm, and the spatial and temporal variability across
a 100 km2 area encompassing parts of Richardson, and Garland, TX. This area represented 1 pixel of data in the
satellite-based ground level PM2.5 concentration estimate of Lary et al. (2014) [12]. This project used a mobile sensor
package to gather data throughout the city mounted 1.5 m above the ground. This mobile platform provides the ability
to gather data on a neighborhood scale allowing us to better understand the representativeness of this single 100 km2
pixel value to the actual air quality gradient within the region.
To objectively characterize the meteorological regimes an SOM was used to classify the meteorological data into 10
different classes. Wind direction was determined to be the dominant factor in classifying the data. A second SOM
was used to classify the size distribution by size bin. Both SOM classifications determined that the highest PM2.5
concentrations corresponded to periods when the wind was out of the south, the southerly met class had a mean PM2.5
concentration of 14.1 µgm−3 , and the southerly size class had a mean PM2.5 concentration of 20.86 µgm−3 .
The lowest PM2.5 concentrations where observed after several consecutive days of rainfall where mean PM2.5 concentrations reached as low as 3.0 ± 0.5 µgm−3 . Extended periods of rainfall were found to not only “cleanse” the air,
but to leave the region with a more uniform PM2.5 concentration.
This study found that the resulting spatial scales calculated from data collected each day varied, depending on the
synoptic weather pattern, from 0.8 km to 5.2 km with the majority of data falling in the 1.7 km range. To fully
understand the relationship between spatial scale and weather systems a longer study on a larger scale needs to be
conducted.
The data gathering method used in this paper deployed on a larger scale can help garner a greater understanding of the
neighborhood scale variability of PM2.5 concentrations. This can be accomplished by attaching the sensor package to
postal or other daily driven vehicles across the country. The data could then be incorporated into the satellite estimates
to improve their accuracy and help with future models for air quality forecasting.
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