Scope of Work

Project #22-003
Evaluating the Ability of Statistical and Photochemical Models to Capture the Impacts of
Biomass Burning Smoke on Urban Air Quality in Texas

Prepared for

Air Quality Research Program (AQRP)
The University of Texas at Austin

By

Matthew J. Alvarado
Atmospheric and Environmental Research, Inc.

September 9, 2022
Version #2

QA Requirements: Audits of Data Quality: 10% Required
Report of QA Findings: Required in Final Report

NOTE: The Workplan package consists of three independent documents: Scope of Work,
Quality Assurance Project Plan (QAPP), and budget and justification. Please deliver each
document (as well as all subsequent documents submitted to AQRP) in Microsoft Word

format.



Approvals

This Scope of Work was approved electronically on 08/24/2022 by Elena McDonald-Buller, The
University of Texas at Austin

Elena McDonald-Buller
Project Manager, Texas Air Quality Research Program

This Scope of Work was approved electronically on 09/12/2022 by Chola Regmi, Texas
Commission on Environmental Quality

Chola Regmi
Project Liaison, Texas Commission on Environmental Quality



Scope of Work
1 Introduction

Understanding the impact of domestic fire smoke on urban air quality (AQ) requires understanding (i)
the chemistry of the smoke before it reaches the city and (ii) the changes in the urban production rate of
0Os and PM;s caused by the smoke. The relative importance of these two pathways on the air quality
impacts of domestic fire smoke is not well understood and it is unclear which processes should be targeted
to reduce the overall uncertainty.

In addition, three-dimensional (3D) photochemical models like CAMx can have trouble representing
the near-source chemistry of the smoke plume and the impact of smoke mixing with urban pollution due
to a combination of low spatial resolution near fires and incorrect representation of the chemistry of
smoke-specific VOCs (e.g., Baker et al., 2016). These limitations in physical approaches have led to the
development of a variety of statistical approaches to estimate the impact of biomass burning on urban
AQ (e.g., Gong et al., 2017; de Foy et al., 2021). However, little work has been done to compare the
statistical and 3D photochemical approaches or to identify priorities for further development of both
approaches. Thus, the US EPA and US Forest Service organized assessment of smoke research needs noted
this was a key priority for future smoke chemistry research (Alvarado et al., 2022). A statistical analysis
of the impacts of domestic fire emission on urban air quality in Texas and a statistical evaluation of the
ability of the CAMx model to simulate these impacts would greatly help TCEQ air quality managers
understand the impacts of domestic fires on Texas air quality and human health.

Thus, the objectives of this project are to:

(1) Use generalized additive models (GAMs) driven with satellite and surface observations to
examine the impact of fires on background and total O; and PM,s in Texas urban areas.

(2) Examine the ability of CAMx photochemical model to simulate these fire impacts by
applying similar statistical methods to the CAMx results

(3) Use any statistically significant differences found to prioritize different approaches to
improve the ability of CAMx to simulate the impacts of domestic fires on air quality

In this project we will examine the impact of fires on urban AQ in Texas using statistical modeling
(Task 1, Section 3.1). Two urban areas will be examined: Houston-Galveston-Brazoria (HGB) and El Paso.
Background O3 and PM; s concentrations will be estimated using the lowest value observed at sites near
the border of the area of interest, as TCEQ has done in the past (e.g., Berlin et al., 2013). Analyzing the
impacts of fires on background and urban sites separately will allow us to examine the change in Os; and
PM;s due to the mixing of smoke with urban pollution separately from the impact of smoke before it
mixes with urban pollution. We will then apply the same statistical methods to both the real-world surface
observations and CAMx-simulated surface observations to determine if the impact of fires on urban air
quality as simulated in CAMXx is statistically equivalent to the impacts seen in the real-world data (Task 2,



Section 3.2). We will examine any statistically significant differences to determine avenues for improving
the handling of smoke and urban air chemistry in the photochemical models. (Task 3, Section 3.3).

2 Models and Data Sources
2.1 Generalized Additive Models

GAMs are a form of linear modeling which allows non-linear functions of individual predictors within a
regression framework (Wood, 2017). This is like standard linear regression techniques, which optimize
scalar coefficients (ax) for each predictor (x«) for k =1 to p:

J=ap+ a1xy + azxy + ...+ apxy

except that the coefficients are replaced with potentially non-linear smooth functions:

Iji = S0 +51(x1) + 52(x2) + ... + Sp(xp)

The GAM approach optimizes these smooth functions. An advantage of GAMs over neural networks and
similar machine learning techniques is that it is easy to isolate the effects of the individual variables in
GAMs. This will allow us to separate the impact of fire-related variables from the impact of the rest of the
predictors. A potential disadvantage relative to standard linear regression is that the smooth functions
can overfit the data, and so care needs to be taken to ensure that the derived smooth functions are
realistic and robust to changes in the training data set. To address this, the R package mgcv includes
routines to fit GAMs, examine the models graphically, and test their robustness via k-fold cross-validation
and other techniques.

Below we describe the data sources that will be used to derive the O3z and PM,s dependent variables

(the predictands or “y” variables, Section 1.2.1.1) and for the meteorological (Section 1.2.1.2) and
fire/smoke (Section 1.2.1.3) predictor (independent, “x”) variables for a ten-year period (2012-2021).

2.2 Ambient Air Quality Data

Maximum daily 8-hour average (MDAS8) O3 mixing ratios and daily average PM,s concentrations will
be calculated for each HGB and El Paso site from the surface air quality data in TAMIS. Sites in each urban
area will be separated into background (for sites on the outskirts of the city) and urban (for sites near the
city core). For each urban area, the minimum value of MDAS8 Os and daily average PM; s from background
sites upwind of the urban core will be selected as the background estimate for that day. As the
concentrations of Oz and PM; s can vary within the urban core, all sites in the urban core will be included
in the urban GAM model. The impacts of the fire and meteorological predictors will be assumed to be the
same for all sites, with an additional site-specific random intercept used to account for the mean
differences between sites (i.e., a Generalized Additive Mixed Effects Model, or GAMM, where the only
random effect is in the intercept, so that the intercept varies between sites, but all other effects are the
same between sites).



2.2.1 Meteorological Predictors

The meteorological predictors to be used in this study (Table 1) are based on our previous GAM
studies of the ability of meteorological predictors to estimate the concentrations of O3 and PM;sat urban
and background monitoring sites in Texas. Our team has shown that these meteorological predictors, plus
the previous day’s MDAS8 Os or daily average PM,;s, can explain approximately 70% of the variability in
background and urban Os, and about 30-40% of the variability in background and urban PM;;s (e.g.,
Alvarado et al., 2015b; McVey et al., 2018; Pernak et al., 2019; Brown-Steiner et al., 2021).

Table 1. Meteorological parameters used in the GAMs. The column name is given in italics.

1) Afternoon mean temperature (°C, afternoon_mean_T, 1-4 PM CST)

2) Diurnal temperature change (°C, diurnal_T)

3) Daily average wind speed (m/s, daily_ws)

4) Daily average wind direction (degrees clockwise from North, daily_wd)

5) Daily average water vapor density (g/m3, SWVP)

6) Morning surface temperature difference (1200 UTC) (temperature at 925 or 700 mb—
temperature at surface at 1200 UTC) (°C, T_dif_925mb or T_dif 700mb)

7) Transport direction (degrees clockwise from North, HYSPLIT Bearing)
8) Transport distance (m, HYSPLIT dist)

Variables 1-5 in Table 1 were calculated from the surface meteorological data in the Texas Air
Monitoring Information System (TAMIS). Variable 6, which reflects the vertical stability of the atmosphere
each day, was calculated from upper atmosphere data in the Integrated Global Radiosonde Archive (IGRA
Version 2). Given El Paso’s higher elevation, an upper atmosphere level of 700 mbar was used for this city
as opposed to the 925 mbar value used for all other urban areas. Variables 7 and 8 were calculated from
24-hour NOAA Hybrid Single-Particle Lagrangian Integrated Trajectory model (HYSPLIT) back-trajectories
driven with 12 km horizontal resolution NAM data. As in Camalier et al. (2007), these back-trajectories are
calculated assuming an initial height of 300 m above ground level (AGL) and are started at noon local solar
time. The endpoints of the back-trajectories were used to calculate the 24-hour transport direction and
distance for each urban area for the 2007-2016 period.

2.2.2 Fire and Smoke Predictors

The NOAA Hazard Mapping System (HMS) Fire and Smoke product will be our primary source of fire
predictors, as we have shown that days where the HMS product indicates smoke over Houston tend to be
associated with enhancements in CO, Os;, and NOy (Figure 1). This gives us confidence in the ability of
our statistical modeling to be able to identify a statistically significant impact of fires on air quality in
HGB and El Paso. To make the HMS, satellite analysts compare automated fire detections to the infrared
satellite images used to produce them to ensure each fire exists (Ruminski et al., 2006; Schroeder et al.,
2008; Brey et al., 2018). Small fires are more difficult to detect and are underreported (e.g., Hu et al.,
2016). False fire detections are removed, and fires that were not automatically detected are added

manually.
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Figure 1. Map of selected surface air quality monitoring sites in HGB.
Tables show concentrations of species measured at each circled site,
divided into HMS-smoke and HMS-no smoke categories.

After identifying fire
locations, HMS analysts use
imagery from multiple NOAA
and NASA satellites to identify
the geographic extent of smoke
plumes (Rolph et al.,, 2009;
Ruminski et al., 2006). Due to
the frequent interference by
cloud cover, the number and
extent of smoke plumes
reported in the HMS represents
a conservative estimate.

In addition to the HMS, we
will use the Fire Inventory from
NCAR (FINN, Wiedinmyer et al.,

2011) to obtain high resolution (~1 km?) estimates of total NO,, volatile organic compounds (VOC), and

PM, s emissions from fires. These emissions will be convolved with daily estimates of upwind influences

on HGB and El Paso measurements (i.e., upwind surface “footprints” calculated from meteorological

models; see Section 1.2.2) to determine the daily transport of O3 precursors and primary PM; s to each

city.

We will test several fire and smoke predictors based on the HMS and FINN data, including:

A binary predictor for the presence of smoke according to the NOAA HMS (Figure 1)

The total HMS fire counts in surrounding regions binned by distance from the city (e.g., every
500 km out to 2000 km from the city) and direction (e.g., NE, SE, NW, or SW quadrant). The
exact criteria for each distance and wind direction bin will be determined during model

training.

c. The FINN NOy, VOC, and PM;s emissions multiplied by the daily surface “footprints” (Section

1.2.2). The footprints will be separated into domestic and international surface influences to

isolate the impacts of domestic fire emissions, and into fresh and aged smoke to examine how

smoke age affects the impacts.



2.3 Surface footprints: STILT Comparison of STILT footprints and HYSPLIT Trajectories
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least 72 hours back in time. From Henderson et al. (2015).

Note that, as STILT does not account for the chemistry along the transport path, it cannot directly
account for the chemical formation of O3 and PM; s as the smoke is transported from the fire. Instead, we
will use the STILT footprints multiplied by the FINN fire emissions as an indicator of smoke transport and
see how this smoke indicator correlates with O3 and PM,s. We will also examine how the predictions
depend on smoke age by segregating the footprint predictors into fresh smoke (< 24 hours transport time
from fire to city) and aged smoke (= 24 hours).

2.4 CAMx

CAMx is a widely used 3D Eulerian chemical transport model that simulates regional air quality over
spatial scales ranging from neighborhoods to continents. Meteorological inputs are supplied to CAMx
from separate weather prediction models (e.g., Weather Research and Forecasting Model, WRF) while
emission inputs are supplied from external pre-processing systems (e.g., Sparse Matrix Operator Kernel
Emissions, SMOKE). Here we will use TCEQ CAMXx air quality simulations from 2019 (at 4 km resolution
over Houston and El Paso, mapped to TAMIS monitoring sites) as predictands for extended versions of our
GAM models to assess the ability of CAMx to simulate the air quality impacts of fires (Task 2, Section
1.3.2). Using this pre-existing TCEQ generated output will allow us to evaluate the CAMx model while
keeping the cost and complexity of the project modest.

3 Methodology
3.1 Task 1: Using GAMs to Quantify Urban Smoke Impacts

In this task, we will train GAMs to determine the impact of smoke on background and urban core
MDAS8 O3 and daily average PM,s. Examining background and total urban Oz and PM,s separately will



allow us to examine the impact of long-range transport of fire smoke separately from the impacts that
result when the smoke mixes with urban pollution.

We will assemble a dataset with a variety of meteorological predictors (including but not limited to
those in Table 1) and the fire/smoke predictors described in Section 1.2.1. We will perform a correlation
analysis of the fire and meteorological predictors to identify if any meteorological predictors are highly
correlated (R? > 0.6) with the fire/smoke predictors. The final set of predictors will be chosen to remove
such correlated variables to minimize attributing pollutant variability due to fires with that due to
meteorological variability. We will also examine which of the proposed fire predictors is most correlated
with background and urban O3 and PM, s to determine which predictors will be used in the GAM training.

A variety of GAMs will be trained to determine the optimal set of predictors. All meteorological and
fire predictors will be simulated as smooth functions using cubic spline basis set, with periodic splines
used to account for the effects of the day of year and hour of day and a random intercept used to account
for variability between sites. The models will predict the natural logarithm of O; and PM,.s concentrations
as these are usually log-normally distributed. We will optimize the GAM by varying hyperparameters (i.e.,
the smoothing constant and the number of knots allowed for each smooth function). After the training of
the initial GAM, variables that are not significant at an a = 0.1 level will be removed. The remaining
variables will be tested using a leave-one-out process, where the least significant variable is removed, and
the resulting GAM is compared with the original via ANOVA. If the two models are not significantly
different according to the F-ratio test (p < 0.05), then the variable is removed and the next least significant
variable is tested. This process is repeated until removing the least significant variable results in a
significant degradation of the GAM'’s ability to predict the pollutant concentrations. Five-fold cross-
validation will be used to estimate the prediction error of the GAM for data it was not trained on.

We will examine the GAM residuals and functional forms to determine the quality of the fit and to
ensure that the statistical relationships are qualitatively consistent with our knowledge about how
meteorology and fires can impact background and urban Oz and PM;s (e.g., an increase in smoke
transported to the city should increase O3 and PM,s). We will ensure the residuals are normally
distributed and that the residuals are not significantly different between fire and non-fire days. We also
expect that adding the fire predictors should not significantly change the functional forms of the
meteorological predictors but should increase the skill of the model. Several graphical tests will be used
to assess the underlying GAM assumptions of homogeneity, normality, and independence, including
plotting the residuals against each explanatory variable that was used in the model and examining the
autocorrelation of the original Oz and/or PM, s data and residuals as in Gong et al. (2017).

Once the final GAMs are produced, we will apply the fitted smooth functions for each fire predictor
to create a derived fire predictor variable. For example, if the GAM fitting found that the square of the
fire counts was the best fit function, we would create an additional variable in our dataset that is the
square of the fire counts. The final set of observationally derived fire predictor variables will be used in
Task 2 (Section 1.3.2) which will allow us to quantitatively determine if the dependence of O; and PM;s
on fires in CAMXx is consistent with the real-world data.



The functional dependence of O3z and PM; s on the fire predictors will allow us to quantify the impact
of wildfires on O3 and PM; s in HGB and El Paso, thereby addressing two of the TCEQ priority questions:
“What are concentrations of PM and ozone, and their precursors, transported into Texas, from domestic
wildfires and wildland-urban fires?” and “What role do domestic and international smoke emissions have
in exceptional events?”

3.2 Task 2: Evaluating CAMx Urban Smoke Simulations with GAMs

To assess if CAMx can reproduce the observed relationships between fires and air quality, we will add
the MDAS8 Os and daily average PM;s values at each monitoring site calculated from the 2019 CAMx
output to our dataset. The CAMx output and real-world data will be labeled with a dummy variable (0 for
real world data, 1 for CAMXx) to allow us to quantitatively test if the differences between the real-world
and CAMx GAMs are statistically significant.

We will then fit a modified version of the GAMs from Task 1 to this larger dataset. We will use the
derived fire predictors variables discussed in Task 1 so that the effect of fires can be included as linear
terms. For example, if the GAM fitting found that the square of the fire counts was the best fit function,
we would use the square of the fire counts as a linear predictor rather than fitting a new smooth function
of the fire counts. This will allow us to include interaction terms between the coefficients of the derived
fire variables and the dummy variable. By using this approach, we will be able to test if the CAMx
dependence on fires is significantly different than that in the real data by examining the significance of
the coefficients for the interaction terms between the dummy variable and the derived fire variables. This
will answer the TCEQ priority question “Is the atmospheric chemistry of fire plume interaction with urban
air accurately captured in photochemical models?” As in Task 1, this process will be performed for both
background and total urban O3 and PM, s to separately examine how well CAMx simulates the impacts of
long-range smoke transport and the mixing of the smoke with urban pollution.

3.3 Task 3: Identify Potential Improvements to CAMx

If statistically significant differences are found between CAMx and the real-world observations in Task
2, we will perform several sensitivity tests to identify the likely cause of the differences. For example, we
will investigate if errors in the WRF meteorology used to drive CAMx are a potential source of the
difference by replacing the observed meteorological predictors with their values in the CAMx input met
files. If this swap removes the differences between the CAMx and real-world GAMs, then errors in the
WRF meteorology are a likely cause of the differences. We will also test replacing the FINN emissions used
in the Task 1 and 2 GAMs with the fire emissions used in CAMXx. If neither of those changes reduces the
difference between the GAMs for CAMx and the real-world observations, it would suggest that the
problems are related to how the smoke chemistry is handled in the model. Examining the background and
urban GAMs separately will help to determine if the CAMx errors are due to errors in the chemistry taking
place during transport of the smoke to the city, due to errors in the chemistry after the smoke mixes with
urban emissions, or both. These sensitivity tests will suggest potential avenues for improving the ability
of CAMx and other photochemical models to represent the impacts of fires on urban air quality.



4 Work Schedule and Deliverables

The proposed schedule and deliverables for this project are summarized in Table 2. The required
monthly and quarterly progress reports are not explicitly listed but will be included in the project Work
Plan, along with the draft and final reports. We plan to hold a training session on GAMs for TCEQ staff
near the time of the AQRP workshop.

Table 2. Project work schedule and deliverables.
2022
Deliverable 1: Work Plan and Quality Assurance Project Plan.
Due: 10 business days after notification of funding.
Compile meteorological and fire predictors into a single dataset (Task 1).
Gather and evaluate 2019 CAMx output from TCEQ (Task 2).
Train and evaluate initial GAMs to assess the impact of smoke on background and
Q4 urban air quality monitors in Texas (Task 1).
Determine functional forms of fire predictors to use in Task 2 (Task 1).
2023
Apply GAMs to CAMx model output and evaluate differences from Task 1 (Task 2).
Investigate causes of the differences (Task 2).
Q1 Deliverable 2: Software and input/output files for the GAM models from Task 1,
along with a brief technical memo on the models and evaluation.
Due: March 31, 2023
Identify conditions under which CAMx mis-estimates fire impacts (Task 3).
Deliverable 3: Software and input/output files for the GAM models from Task 2,
along with a brief technical memo on the models and evaluation.
Due: June 30, 2023
Write final report and draft presentation to AQRP workshop.
Deliverable 4: Presentation at AQRP Workshop
Due: Approximately 1 month before end of project.
Deliverable 5: Training for TCEQ staff on GAMs and the software from this study.
Q3 Due: Approximately 1 month before end of project.
Deliverable 6: Draft Final Report
Due: August 15, 2023
Deliverable 7: Final Report
Due: August 31, 2023

Q3

Q2

5 Key Personnel

Dr. Matthew Alvarado of AER will be the Principal Investigator for this project and will be responsible
for directing this project’s day-to-day activities. He will also ensure that project quality standards are met
on all deliverables. He is well qualified to carry out this work due to his past research on the chemistry
and impacts of biomass burning smoke (e.g., Alvarado et al., 2010, 2015a; Lonsdale et al., 2017a, 2020),
as well as his work on using statistical models to predict urban Oz and PM; s extremes in Texas (e.g., Pernak
et al., 2019; Brown-Steiner et al., 2021).



Dr. Alvarado will be assisted with training and evaluating the statistical modeling in Tasks 1 and 2 by
Mr. Rick Pernak, a Senior Staff Scientist at AER with experience in statistical modeling and machine
learning (e.g., Pernak et al., 2019). In addition, Dr. Jennifer Hegarty, an AER Staff Scientist with expertise
in pollutant transport modeling (e.g., Hegarty et al., 2013) and air quality modeling (e.g., Lonsdale et al.,
2017b), will assist in developing the meteorological predictors for the GAMs in Tasks 1 and 2, as well as
with the interpretation of the results in Task 3.
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