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l. Introduction

Understanding sources of fine particulate matter (PM, 5) is important for Federal Clean Air Act § 179b demonstrations,

exceptional event demonstrations, and other high-priority policy objectives.

In this work, we investigated the sources of fine particulate matter (PM, ;) pollution in urban areas of Texas. Using air quality site
data spanning 2015-2021, obtained from the Texas Commission on Environmental Quality (TCEQ), we:
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» Developed methods to rapidly flag and evaluate sudden increases in hourly PM, - measurements
» Used positive matrix factorization (PMF) for a selection of sites to determine relative source contributions to total PM, -
» Investigated the impact of biomass burning smoke and mineral dust
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Figure 1. Map of main Texas regions included in this study.
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In general, multi-regional and regional anomalies were associated
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(blue) to isolate a point is the path length.
* Unsupervised outlier detection algorithm

measurements

processing with lower compute costs

Is an outlier (anomaly) (Fig. 2)
* We used IF methodology from the

toolkit (Pedregosa et al., 2011)

Figure 2. lllustration of IF technique. The number of line segments

developed by Liu et al. (2008); here applied to
( rapidly flag sudden increases in hourly PM, -

« Useful in large datasets that require effective

* The number of partitions required to separate
the data point from the larger set is referred to
as the path length; the fewer iterations it takes
to separate an individual data point, the shorter
its path length and the greater likelihood that it

‘IsolationForest’ module of Python’s sklearn

anomalies; (b) multi-regional anomalies only.

[1l. PM, : Source Attribution

PM, - Anomalies A . .
2.5 with significantly higher hourly PM, ; concentrations than local
« We flag anomalies in PM, 5 on days that exceed the 24-hour anomalies by about 25% and 10% respectively.
NAAQS threshold of 35 pg/m?. Table 1. Summary of hourly PM, - results by anomaly type aggregated across all regions
. Anqmalles that occu_rrec_i at several monltors_ were flagged as A | " Lower Upper SD
regional (-2) or multiregional (-3) events, while anomalies at nomaly eéan Range Range
iIsolated monitors were flagged as local (-1) events (Fig. 3a). Type (ng/m3) (na/m?) (na/m?) (Mg/m3)
Anomalies on Dates with 24h NAAQS Exceedance Hg Hg
| (@) All Anomalies NA/Normal 6.94 0 15.1 3.45
a } ;
80 Local (-1) 18.4 3.3 655 [.52
T f Regional (-2) 20.5 13.3 719 11.6
5 60 4 Multi-Regional (-3)| 23.1 13.3 998 13.2
=" 40’ » We further focused our analysis on the maximum concentration
= recorded for each anomaly type in each region from 2012-2021
§ 20 (Fig. 3b; Table 2).
« We used HYSPLIT back trajectories to qualitatively examine if the
O o T Multiregional air parcel was likely associated with long-distance transport of dust
(b) ° ¢ | Anomalies and biomass smoke, or local sources of PM, :.
Daily M
—~ 30 ¢f (Datly Max) Table 2. PM, ; anomaly maxima (pg/m?3) for subset of Fig. 1 regions illustrated later in
£ this presentation. HYSPLIT 24-h backward trajectories and 24-h backward dispersions
i 2 60 were conducted for each of the points below and merged with high resolution road
e maps and NEI 2020 point source emissions locations. Smoke and dust maps were
DE_N also obtained for these data points. See Panel lll.
40
> Hour PM, : Anom :
5 Date (LST) Lat Lon (ug/m?) | Type AQS Code | Region
| + 20 20151017 | 20 | 29.92 | -93.91 355 -1 | 482450021 | BPA
; 20120414 | 14 | 31.75 |-106.40| 719 -2 | 481410055 | ELP
| , , , , , , , , , , 20190101 0 | 3026 | 97.72 | 626 -3 | 484530326 | ARR
QD'\D'\ NN ad gs“’d\ AN o ) gsg'd\ gf\g'g\ ROV
NSNS Y SN SO LIPS\ S S S NP SRS 1A 20190101 1 | 27.80 | -97.43 | 254 -3 483550032 | CC
Figure 3. Hourly PM, 5 anomaly flagging in Texas Austin Round Rock (ARR) region, (a) all AL 1 29.77 | 99.22 298 - VI || nlClE
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Contributions to Total PM, .: PMF Case Study at two DFW Sites (2018-2021)

Houston Deer Park PM; 5 (ug/m?3)
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Figure 7. Dallas Hinton (Left) and Houston Deer Park (Right) Site Daily Average PM, 5. Top
panels: PM,; flagged with anomaly dates and categories (data through 2021 Sept.).

Remaining panels: Normalized PM, 5 broken into diesel exhaust, agricultural burning, and
soil/dust factors via PMF by Hegarty et al. (2023).
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« As with all other regions, lower air

temperatures are typically associated
with higher PM, 5 anomalies
(especially local and regional
anomalies). This pattern suggests
contributions from winter heating
sources.

Anomalous PM, 5 relation to
temperature is distinct from normal
PM, 5 response, which tends to
increase with temperature. This
indicates different processes
dominating baseline PM, 5
formation/sources.
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« Speciated PM, s monitoring data provided by the
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Figure 4. Local anomaly: detected at minority | Figure 5. Regional anomaly: detected at Figure 6. Multiregional anomaly: detected in oL , - | , | , | | | |
of BPA sites. Lack of regional/multiregional majority of ELP sites, but not beyond. Air mass | majority of Texas regions. Air mass trajectories, =2 R Y W clss 0 D w2 A0 400
smoke and/or dust sources further suggests ' ies indi ' ' . . . :
local sources dominate (e Sfa SO?J?CGS ]Erajeclt/? res Ir]dlcate”heavy S;nqkte trar1§por;ted PMZE Slgatltal ﬁradlent, tandSabSA(\erlce .Of Figure 8. DFW region PM, ;s as a function of air temperatures (deg F). Plot of normal PM,; (left) and
g P ’ feln eX'CO_’ sl Stgiglselis Inlistitet o] NS0 REL E SIEgIRlesll el 2elil Aelnle Selltoe: anomalous PM, 5 (right) binned by air temperature. Outliers are removed for clarity.
roadways). smoke dominates source.

V. Conclusions and Future Work
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generally increase as temperature drops.

PM, - source emission.

The Isolation Forest technique is effective for PM, ; anomaly detection and exploration.
Bulk analysis suggests regional and multi-regional anomalies are associated with specific wind directions and transport patterns; anomalies

Using examples from two sites (Dallas Hinton and Houston Deer Park), we combined PM,: anomaly data with PMF-type analysis on

Detailed analysis suggests anomaly categories — i.e., local, regional, multi-regional — are robust and accurately reflect the nature of the

sources of PM, .. We found that local anomalies tend to be correlated with diesel exhaust, while regional- and multi-regional anomalies
tended to be correlated with agricultural burning and/or dust events.
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