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ABSTRACT

Air pollution is associated with various adverse health impacts and is identified as
one of the leading risk factors for global disease burden. Further, air pollution is one of
the pathways through which climate change could negatively impact health. Field
studies have shown that air pollution has high spatiotemporal variability and pollutant
concentrations vary substantially within neighborhoods. Characterizing air pollution at
a fine-grained level is essential for accurately estimating human exposure, assessing its
impact to human health, and further aiding localized air pollution policy. Air quality
models are developed to estimate air pollution at locations and time periods without
monitors, and these estimates are commonly used for exposure and health effects
studies. Traditional land use regression [LUR] models are one of the cost-effective
empirical air quality models. LUR typically relies on fixed-site measurements, GIS-
derived variables with limited spatial resolution, and captures linear relationships. In
recent years, innovative open-source imagery datasets and their associated features
(e.g., street view imagery, remote sensing imagery) have emerged and show potential
to augment or replace traditional LUR predictors. Such imagery data sources embody
abundant information of natural and built environment features. Advanced computer
vision techniques enable feature extraction and quantification through these extensive
imagery datasets. The overarching objective of this dissertation is to investigate the
feasibility of leveraging open-source imagery datasets (i.e., Google Street View [GSV]
imagery, Landsat imagery, etc.) and advanced machine learning algorithms to develop

image-based empirical air quality models at both local and national scale. The first



study of this work established a pipeline of feature extraction through street view
imagery sematic segmentation. The resulting street view features were used to predict
street-level particulate air pollution for a single city. The results showed that solely
using GSV-derived features can achieve comparable model fits as using traditional
GIS-derived variables. Feature engineering improved model stability and
interpretability through reducing spurious variables from potential misclassifications
from computer vision algorithms. The second study further developed GSV-based
models at national scale across multiple years. Random forest models were developed
to capture the nonlinear relationship between air pollution and its impacting factors.
The results showed that with sufficient street view images, GSV imagery alone may
explain the variation of long-term national NO2 concentrations. Adding satellite-
derived aerosol estimates (i.e., OMI column density) can significantly boost model
performance when GSV images are insufficient, but the addition narrows when more
GSV images are available. Our systematic assessment of the impact of image
availability on model performance suggested that a parsimonious image sampling
strategy (i.e., one GSV image per 100m grid) may be sufficient and most cost-effective
for model development and application. Our third study explored the feasibility of
combining street view and remote sensing derived features for national NO2 and PM2s
modeling and projection at high spatial resolution. We found that GSV-based models
captured both the highest and lowest pollutant concentrations while remote sensing
features tended to smooth the air pollution variations. The results suggested that GSV
features may have the capability to better capture fine-scale air pollution variability.
The resulting air pollution prediction product may serve a variety of applications,
including providing new insights into environmental justice and epidemiological

studies due to its high spatial resolution (i.e., street level).



Collectively, the result of this dissertation suggests that GSV imagery, processed
with computer vision techniques, is a promising data source to develop empirical air
quality models with high spatial resolution and consistent predictor variables
processing protocol. Image-based features assisted with advanced ML approaches have
the potential to greatly improve air quality modeling estimates, and successfully show
comparable and even superior model performance than other modeling studies.
Moreover, the ever-growing public imagery data sources are particularly promising for
remote or less developed areas where traditional curated geodatabases are sparse or

nonexistent.
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GENERAL AUDIENCE ABSTRACT

Air pollution is detrimental to human health and well-being. Further, air pollutants
concentrations can change rapidly within a short distance and temporal frame.
Monitoring air pollution with high spatial-temporal resolution is important. Traditional
air quality monitoring networks are expensive and sparsely distributed, leading to gaps
in capturing the air pollution at small spatial scales. Air quality models are developed
to estimate air pollution at locations and time periods without monitors. Empirical air
quality models often use air measurements from stationary sites and GIS-derived
features (e.g., traffic, population density, land use types, etc.) to develop regression
models and use the regression formula to estimate air pollutant concentrations in
unmonitored areas. However, GIS-derived features are often collected from curated
GIS databases, which often have coarse resolution when available across large
geography. Street view imagery and remote sensing imagery contains rich information
of natural and built environments. Computer vision technigues can be applied to extract
such information to replace or augment traditional GIS-derived features. Combined
with advanced machine learning algorithms, features derived from open-access images
are promising to develop air quality models with a consistent image collection and
processing protocol. This dissertation examines the feasibility of using street view
imagery (i.e., Google Street View [GSV] Imagery) and remote sensing imagery to
develop air quality models at both local and national scales. Our results found that
solely using GSV features to build local and national models can achieve good model

performance, which is consistent or even better than other models using traditional GIS-



derived variables. For areas without sufficient GSV images, adding satellite
observations for air pollution can significantly enhance model performance. Remote
sensing features tend to smooth air pollution variation while GSV features tend to better
capture fine-scale intra-urban air pollution variation. In conclusion, leveraging open-
source imagery datasets with advanced machine learning methods are promising for

estimating air pollution at high spatial resolution with good model fits.



ACKNOWLEDGEMENT

It feels like just yesterday when | arrived at the Blacksburg campus for the first
time, ready to embark on my PhD. Along this journey, there are numerous moments of
joy, excitement, and time of doubt and hesitation. Huge thanks to everyone | met during
these years. Without your support, | would not have completed this incredible journey.

My deepest appreciation goes to my advisor Dr. Steve Hankey. Thank you for your
openness and respect for our individual research interests. Your guidance led me into
the field of image-based air quality modeling, granting me the freedom to explore
research topics that I’'m excited about, and help me grow into an independent
researcher. Thank you for always encouraging me, supporting me, and guiding me for
both in my academic pursuits and personal growth.

I would also like to express my gratitude to my committee members, Dr. Wenwen
Zhang, Dr. Linsey Marr, and Dr. Theodore Lim. Thanks for all your support and
insights into my research. I’'m grateful to Dr. Wenwen Zhang for clarifying my
confusions on data analytics and machine learning. Your insightful guidance always
consistently directed me towards the right direction. I’m grateful to Dr. Linsey Marr for
the support in my air quality studies. I learned a lot from your air quality courses and
the AIR group you organized. My gratitude also goes to Dr. Theodore Lim for your
guidance on heat datasets. It was a fulfilling experience working as your TA/RA for a
semester.

I would also like to thank my collaborators Dr. Julian Marshall, Dr. Chunxue Xu,
Dr. Matthias Demuzere, Dr. Perry Hystad, Dr. Tianjun Lu, Dr. Peter James, Dr.
Benjamin Bechtel, Dr. Esra Suel, Dr. Debby Lin and Dr. Andrew Larkin for their

valuable suggestions and comments on my research.



I’'m grateful to be a member of the PGG program, a warm place where I met
wonderful faculty, staff and fellow students. In particular, I’d like to thank Dr. Yang
Zhang, Dr. Todd Schenk, Dr. Ralph Buehler, Kelly, Han, Matthew, Heather, Leslie,
and Bradley. My heartful thanks also go out to Luke, Qiong, Huyen, Ayda, Kuldeep,
Sajad, Kaidi, Ruixiang, Griffin, and other UAP members. Special thanks to my friends,
Jin, Xinyue, Huan, Minzhe, Kaisen, Ran, Qishen, Chenyang, and many others. We had
lots of joyful time, and you are my second family away from home.

Lastly, |1 would like to thank my very best friend and husband, Wei Wang. You
always support every decision | make, applaud for every achievement | attain, and
encourage me whenever I meet challenges. We’re blessed to have our precious little
one, and I’'m grateful for the boundless joy he brings. I could not thank my parents
enough, who always selflessly support me and have faith in me. You are the wellspring

of my courage for pursuing my dream and goals.



Table of Contents

ABSTRACT ...ttt e ettt et e et e e se e e sbe e st e e nbeesane e e 2
GENERAL AUDIENCE ABSTRACT ......oooiiiiiiiit e 5
ACKNOWLEDGEMENT ..ot 7
Chapter 1 INtroduction...............c.cocooiiiiiiiiii 12
1.1 Background and MOTIVALION ..........cocueiieiiesie s sre e s 19
1.2 ODJECTIVES ...ttt bbbttt 23
1.3 DiSSEItatioN STIUCTUIE........cueiiiiiiieiie et 23
1.4 RETEIENCES ...ttt bbbttt 25

Chapter 2 Using Street View Imagery to Predict Street-level Particulate Air

POIUEION ..o e e e nnbnreeean 31
2.1 INEFOTUCTION L.ttt 33
2.2 Materials and MELNOUS.........ccoiiiriiiec e 35

2.2.1 Mobile MONITOrING Jata .........oieieiiiiiiere s 35
2.2.2 Street-level predictor Variables..........ccovveiiiii i 36
2.2.3 Modeling apPProaCh ........ccv i 37
2.2.4 FEAtUIe SEIECTION ... 38
2.3 RESUIS @N0 QISCUSSION ...ttt 40
2.3.1 Spatial distribution of street-level predictor features...........ccocoveveieiiininienenens 40
2.3.2 MOEI TESUILS ... s 42
2.3.3 Comparison among MOUEIS .......c..oviiiiiiiiie e 46
2.3.4 Results of spatial autocorrelation analysis and model uncertainty ............c..c.c....... 48
2.4 Limitations and iMPlICATIONS ...........coveiiiiiiii i 52
2.5 Supporting INFOrMELION ........coiiiiiiieie e 54
2.5.1 Description of data-driven feature SElECtioN...........cccovcveiieeviee v 54
2.5.2 Reduced buffer-feature GSV-only modelsS..........cccooviiiiinininiiicceees 55
2.6 RETEIBNCES ... 82



Chapter 3 National Land Use Regression Model for NO: using Street View

Imagery and Satellite Observations ...............ccccooeiiiiiini 91
L INETOTUCTION .. ne s 93
3.2 Materials and MEtNOGS. .........cooiiiiiiiiie s 95

3.2.1 Modeling Variables ...........cccvcviiiiice e e 95
3.2.2 M0odeling apProaCh.........ccoiiiieci s 97
3.2.3 MOl BVAIUALION ... e 98
3.2.4 Sensitivity analysis for image sampling Strategies .........ccccvvvviieevieevieevieese e 98
3.3 RESUILS @NA TISCUSSION ...ttt 99
3.3.1 Summary of MOdel INPULS .......ooviiiiiie e e 99
3.3.2 Model results of image-unlimited MOdelS............ccvvviiiiiencieicee e 101
3.3.3 Sensitivity analysis using image-limited models............cccoovvvveviiiiii i 106
3.3.4 Model prediction and COMPAriSON ........ccccveieeiieeriee e e 110
3.4 Limitations and implications for future StUdies...........ccccevivriieieiiiiicce e 113
3.5 Supporting INfOrMAation ... e 115
3.5.1 Description of spatial and temporal cross validation...........c.cccccveveveiviieieinenns 115
3.5.2 Results of spatial and temporal cross validation ..............cccocveveiiiiiic e, 116
3.0 RETEIBINCES ... 138

Chapter 4 Assessment of Street View and Remote Sensing Imagery derived

parameters in estimating national NO; and PM2s pollution ...................coee. 147
AL INEFOTUCTION ..ttt bbbttt e 149
4.2 Materials and MethOaS. ..o 151

4.2.1 M0Odeling VariabIeS ..o 151
4.2.2 Modeling apPrOaCh........ccoivei i 153
4.2.3 MOdel BVAIUALION .......oiiiiiccc s 154
4.3 RESUILS @N0 AISCUSSION ...ttt 154
4.3.1 Description of Model INPUES........cooiiiiiii e e e 154



L I Y/ oo [ I =Y (0 1 1 = (o < TR 156

4.3.3 MOl PrediCliON ......oiviiieeiceie e 161

4.4 CONCIUSTON ...ttt 166
4.5 Supporting INFOrMALION ........ooviiiiie e 168
4.8 RETEIEICES ...ttt 184
Chapter S Conclusion ..............ccoccoiiiiiiiii s 190
ST =Y 1110 11T R 190
5.2 Limitations and Implications for future StUdIeS..........cccceveriieiiiiiiie s, 193

11



List of Figures

Figure 2-1. Image sampling and feature extraction procedure. (A) Google Street View
(GSV) images sampled around one air pollutant monitoring aggregation location. (B)
GSV images retrieved for 4 directions at one GSV sampling location. (C) Feature
extraction using PSPNet scene parsing. (D) Estimated feature percentage among the
150 SEGMENTEA CIASSES. ....eiveeeieiiieiie sttt ettt b e 37

Figure 2-2. Comparison of model performance using theory-driven feature selection.
Models developed with different categories of predictor variables are shown by color.
Solid columns represent model adjusted R?; hashed columns represent 10-fold cross
VAHOALION R2.......oooitoiiiecceee ettt ettt et en sttt n sttt s s e tesns 44

Figure 2-3. Model performance using integrated theory- and data-driven feature
selection. Each box represents 15 scenarios for different categories of predictor
variables. Models developed with different categories of predictor variables are shown
by color. Hollow boxes represent model adjusted R?; hashed boxes represent 10-fold
CroSS VAlIAALION RZ. ......cviviviveeceeee ettt s sttt en s st en s et s s seens 46

Figure 2-4. Estimated BC and PN concentrations using 4 types of GSV-only models.
Only grid centroids with GSV images within 50m are displayed. The scatter plots in the
lower-left corner show model predicted air pollutant concentrations vs. mobile
monitoring air pollutant concentrations. The dashed red line is the best fit line; the
dashed black line is the 1:1 line. Due to the highly right-skewed distributions of model
estimates (Figure 2-S7), we adjusted the color bar scale to visualize the spatial patterns
of the models. Specifically, for each air pollutant, we binned the estimates among the 4
models and used the 95th percentile as the maximum for visualization...................... 51

Figure 2-S1. Histogram of the mean of 1,350 predictor variables. The values were log-
transformed to determine the magnitude of thresholds for data filtering.............. 71

Figure 2-S2. Histograms of the multiplicative background adjusted BC and PN
(010 To=] 1 =LA o] 1SRRI 72

Figure 2-S3. Spatial distribution of the sampled GSV images and examples of built and
natural environment characteristics derived from the images. (a) GSV images sampled,
(b) road distribution, and (c) tree cover distribution............ccccoeiiievie i, 73

Figure 2-S4. Comparison of central-feature models with different distance ranges. The
predictor variables for both models were “Theory-driven: Air pollution-related
R 10 21 0] (5SS 74

Figure 2-S5. Model performance of buffer-feature models among different scenarios
using data-driven feature selection. The upper panel shows adjusted R? of the models
and the bottom panel shows 10-fold cross validation R2. Analogous plots for the central-
feature models are IN FIQUIE 2-SB. ........oooeiiiiiiiieee e 75

Figure 2-S6. Model performance of the central-feature models among different
scenarios using the data-driven feature selection. The upper panel shows adjusted R? of
the models and the bottom panel shows 10-fold cross validation R?. ............c..c......... 76

Figure 2-S7. Density plots of estimated BC and PN concentrations using 4 types of
GSV-only models. All distributions were similar and highly positive-skewed........... 77

Figure 2-S8. Comparison among GSV-only model estimates and previous LUR model
estimates. Figures from the left to right columns were estimates using reduced buffer-

12



feature models with the additive method, estimates using reduced models with the
simplified method, and estimates using previous LUR models with traditional predictor
variables. Due to highly right-skewed distributions of the predicted concentrations, the
color bar was scaled from minimum to the 95" percentile to better visualize spatial
Patterns Of the data. ..o 78

Figure 2-S9. The spatial distribution of mobile monitoring measurements and the
results of LISA test for GSV-only model residuals. We used the integrated buffer-
feature models with air pollution-related variables to illustrate the results of the LISA
analysis (500m threshold). High-High and Low-Low cluster represent statistically
significant clusters of underestimates and overestimates of particulate air pollution —
these clusters are the most important for the models presented in this paper. A High-
Low (Low-High) outlier are where a high (low) residual value is surrounded primarily
by low (high) residual ValUEs. .............couiiiiiiii e 79

Figure 2-S10. Comparison of BC model uncertainty for the GSV-only model presented
in this paper and the previously published LUR model with traditional GIS predictor
variables. We used the integrated buffer-feature model with air pollution-related
variables as an example. The upper panel shows model fits; the bottom panel shows
standard error for model prediction. The model fits are transformed back to original
Values fOr HHTUSTrAtION. ..o 80

Figure 2-S11. Comparison of PN model uncertainty for the GSV-only model presented
in this paper and the previously published LUR model with traditional GIS predictor
variables. We used the integrated buffer-feature model with air pollution-related
variables as an example. The upper panel shows model fits; the bottom panel shows
standard error for model prediction. The model fits are transformed back to original
Values fOr HHTUSTIAtION. ....ocueieiie e 81

Figure 3-1. NO2 measurement and GSV locations for the national NO2 models. (A)
Spatial distribution of NO2 EPA monitors and GSV images within 500 m of monitors.
(B) Example of GSV features extracted via image semantic segmentation. (C)
Illustration of spatiotemporal variation in GSV image availability for one EPA
110 T (] PPN 98

Figure 3-2. Comparison of random 10-fold cross validation R? between GSV-only and
GSV+OMI models. (A) shows the results of image-unlimited models while (B) shows
the results of image-unlimited models with constrained training size. The training sizes
of models in (A) and (B) are shown in the bar chart within (B). (A) also shows the
feature importance score of the OMI variable in the GSV+OMI models among the 5
scenarios. Both (A) and (B) show results for 5 scenarios while subplots (C) to (F) only
show results by scenario 5 from models in (A). (C) and (D) show hexagonal binned
plots of model predictions versus observations. The color reflects the number of scatters
within each hexagon. (E) and (F) show the rank of feature importance in the random
forest models. Results of other scenarios are shown in Figures 3-S5 and 3-S7. ...... 103

Figure 3-3. Results of sensitivity analyses among image sampling strategies. (A) and
(B) show model results among all scenarios with varying maximum number of GSV
images per 100 m %100 m sampling grid. (C) and (D) show model results in scenario
5 with varying grid size. Each grid cell is allowed one GSV image for sampling. (E)
and (F) show model predictions for Washington DC in 2019 using image-unlimited
models and image-limited models with maximum one GSV image per 100 m <100 m
0] o SO SUSSS 109

13



Figure 3-4. Comparison between GSV-based models and conventional national LUR
models using prediction maps for Washington DC in 2015. (A) Model predictions for
the GSV-only model, GSV+OMI model, and conventional national LUR model. For
comparison, we masked GSV-based prediction maps based on where the conventional
LUR predictions were available. (B) Predicted NO2 concentrations among different
models along the transect line. The solid lines represent actual model predictions; gaps
in the conventional national LUR model (masked GSV-based models) were filled by
interpolation (original GSV-based models) and represented by dotted lines. (C) Values
of GSV feature groups along the transect line. ............cccooe i 112

Figure 3-S1. Decreasing trend of annual NO2 concentrations during 2007 to 2019 from
the EPA regulatory NetWork...........c.ooiiiii i 125

Figure 3-S2. Number of available NO2-GSV pairs and GSV images in different years
using scenario 1 and 5 for illustration. The left axis represents the number of GSV
images found within 500 m of each NO2 monitoring site in each year while the color of
the stripes represents its frequency. Darker colors indicate more EPA sites with the
same amount of GSV images. The right axis represents the number of NO2-GSV pairs
for model development in each year. ... 126

Figure 3-S3. Spatial distribution of NO2-GSV pairs in different years using scenario 5
for illustration. The left column represents NO2 monitors with sufficient GSV images
for model development. The size and color of the stars represent the number of GSV
images available within 500 m of NO2 EPA monitors. The right column represents NO2
monitors without sufficient GSV images that are excluded from model development.
The size and color of the stars are fixed in the right column. ..........c.cccoeveiiiciiennn. 127

Figure 3-S4. Comparison of (A) root mean squared errors and (B) mean absolute errors
between GSV-only and GSV+OMI image-unlimited models. ...........ccccoovevieiiieninns 128

Figure 3-S5. Hexagonal binned plots of model predictions versus observations for both
GSV and GSV+OMI models among different scenarios. The color reflects the number
of scatters Within €aCh NEXAGON. .........ccviiiiiiiee s 129

Figure 3-S6. Spatial distribution of NO2 monitors with lowest and highest 5% errors
(i.e., absolute error by GSV-only and GSV+OMI models using scenario 5). The left
column represents the results of GSV-only model while the right column represents
GSV+OMI model. The upper panel represents lowest 5% errors and the bottom panel
represents the Nighest 5% EITOIS. ........ccvcie e 130

Figure 3-S7. Rank of feature importance for GSV-only and GSV+OMI models among
AIFFEIENT SCENAITOS. ....viviiiieiieie ettt 131

Figure 3-S8. Distribution of the top 10 important features of GSV-only and GSV+OMI
models among different scenarios. The numbers after the GSV variable names represent
the DUTTEE FAATE. ..o 132

Figure 3-S9. Accumulated local effects (ALE) of several top important GSV features
for the GSV-only model using scenario 5 for illustration. The suffix number of GSV
features indicates the buffer level for tabulating the GSV features. The y axis shows
how the features influence the prediction of GSV-only models on average. For instance,
when the value of car_500 is ~0.02, the model prediction is higher by ~0.5. ........... 133

Figure 3-S10. Comparison of three cross validation strategies (i.e., splitting training
and testing set randomly, temporally, or spatially) for GSV-only and GSV+OMI
models using scenario 5 for illustration. Bars with solid filling represent models using

14



250/500 m to tabulate GSV features. Bars with stripes represent models using
100/200/300/400/500 M BUFFEr radii. ......c.cceveieieieiise e 134

Figure 3-S11. Estimated NOz concentrations for Washington DC by GSV-only and
GSV-OMI models using scenario 5. We display the prediction maps for 2007, 2011,
2015, and 2017 FOr IHHUSIFALION. ........coiiiiieieiee e 135

Figure 3-S12. Comparison between GSV-based models and conventional national
LUR models using prediction maps for San Francisco in 2015. (A) Model predictions
for the GSV-only model, GSV+OMI model, and conventional national LUR model.
For comparison, we masked GSV-based prediction maps based on where the
conventional LUR predictions were available. (B) Predicted NO2 concentrations among
different models along the transect line. The solid lines represent actual model
predictions; gaps in the conventional national LUR model (masked GSV-based models)
were filled by interpolation (original GSV-based models) and represented by dotted

lines. (C) Values of GSV feature groups along the transect line. .............ccoccoovvnneee. 136
Figure 3-S13. Spatial distribution of GSV feature groups for Washington DC in 2019.
.................................................................................................................................... 137

Figure 4-1. Prediction versus observation plots and ranking of feature importance
scores for the NO2 and PMz.s full models. The left (right) panel shows results for NO2
(PM25) model. (A) Hexagonal binned plots of model predictions versus observations.
The color reflects the number of scatters within each hexagon. (B) The ranking of
feature importance scores based on aerosol estimates, aggregated GSV and Landsat
feature groups (i.e., aggregation level 2). The inner plots show the ranking based on
feature aggregation level 1. (C) Top 15 important features based on feature scores of
aerosol estimates, individual GSV and Landsat features (aggregation level 3). The
details of the aggregation levels are listed in Table 4-S1. Results of other models are
SNOWN IN FIQUIES 4-S5 - 4-S7. ... e 160

Figure 4-2. Predicted NO2 and PMz2s air pollution by different image-based models at
100m spatial resolution using 2019 for illustration. The left panel shows results for NO2
and the right panel shows results for PM2s. More details of sample cities are shown in
FIQUIE 4-3. ettt bbbt 163

Figure 4-3. Spatial patterns of predicted annual NO2 concentrations for four example
cities (i.e.,, San Francisco-Oakland [SF-Oakland], Chicago, Washington, DC-
Maryland-Virginia [DMV], and Houston) in 2019 by different image-based models.
(A) to (F) represent GSV-only, GSV+OMI, Landsat-only, Landsat+OMI, and the full
MOUEL, FESPECLIVEIY. ... e 164

Figure 4-4. Spatial patterns of predicted annual PM2.s concentrations for four example
cities (i.e., SF-Oakland, Chicago, Washington, DMV, and Houston) in 2019 by
different image-based models. (A) to (F) represent GSV-only, GSV+AOD, Landsat-
only, Landsat+AOD, and the full model, respectively. .........cccoooviviiiieieiiiccecee 165

Figure 4-5. Statistical distribution of predicted NO2 and PMzs annual concentrations
at urbanized area level by different image-based models using 2019 for illustration. The
left panel shows results for NOz, and the right panel shows results for PM2s. The first,
second, and third rows represent the distribution of minimum, mean, and maximum
annual concentrations, resSPectiVely. ... 166

Figure 4-S1. The number of PM2s and NO2 EPA monitors used or excluded for model
development each year from 2007 to 2019. Bars with strips indicate monitors used for

15



modeling while solid bars indicate monitors excluded for modeling. The full bars are
all available EPA MONIOrS. ..o 175

Figure 4-S2. Spatial distribution of NO2 and PM2s EPA monitors during 2007-2019.
Red stars represent EPA monitors used for model development while blue stars
represent EPA monitors excluded for modeling. Monitors without GSV images within
250m were excluded for modeling due to an incomplete set of model independent
FRALUIES. . ettt ee e 176

Figure 4-S3. Distribution of NO2 and PM2s EPA monitors by urban, suburban, and
rural using 2019 for illustration. The urbanicity classification is based on the locale
classification provided by the National Center for Education Statistics.................... 177

Figure 4-S4. The decreasing trends of annual NO2 and PM2s concentrations during
2007-2019 from the EPA regulatory network. The blue line is the mean of annual
concentrations from all modeled EPA monitors. The grey area represents the minimum
and maximum annual concentrations for each year...........c.ccocevvveneneininiinisees 178

Figure 4-S5. Number of available NO2-GSV pairs and GSV images in different years
using scenario 1 and 5 for illustration. The left axis represents the number of GSV
images found within 500m of each NO2 monitoring site in each year while the color of
the stripes represents its frequency. Darker colors indicate more EPA sites with the
same amount of GSV images. The right axis represents the number of NO2-GSV pairs
for model development in aCh YEar. ........cccvviiiiiiiin s 179

Figure 4-S6. Ranking of feature importance scores for the NO2 and PMzs GSV-only
models. (A) The ranking of feature importance scores based on aerosol estimates,
aggregated GSV and Landsat feature groups (i.e., aggregation level 2). (C) Top 15
important features based on feature scores of aerosol estimates, individual GSV and
Landsat features (aggregation level 3). The details of the aggregation levels are listed
N TADIE 4-S1. ..ottt ra e te e nne s 180

Figure 4-S7. Ranking of feature importance scores for the NO2 GSV+OMI and PM2s
GSV+AOD models. (A) The ranking of feature importance scores based on aerosol
estimates, aggregated GSV and Landsat feature groups (i.e., aggregation level 2). (C)
Top 15 important features based on feature scores of aerosol estimates, individual GSV
and Landsat features (aggregation level 3). The details of the aggregation levels are
liSted IN TaDIE 4-S1. ... 181

Figure 4-S8. Statistical distribution of predicted NO2 and PM2.s annual concentrations
at census tract level by different image-based models using 2019 for illustration. The
left panel shows results for NO2, and the right panel shows results for PM2s. The first,
second, and third rows represent the distribution of minimum, mean, and maximum
annual concentrations, reSPECHIVEIY. .......cooveiiiieiice e 182

Figure 4-S9. Statistical distribution of predicted NO2 and PM2.s annual concentrations
at census block group level by different image-based models using 2019 for illustration.
The left panel shows results for NO2, and the right panel shows results for PMz.s. The
first, second, and third rows represent the distribution of minimum, mean, and
maximum annual concentrations, reSpectively. ..., 183

16



List of Tables

Table 2-1. Summary of model performance among all model types...........cccceveenee. 50

Table 2-S1. Predictor variables in each category for the theory-driven feature
=] [T 1 o 58

Table 2-S2. Descriptive statistics of features extracted from sampled GSV images
within 2,000m of air quality monitoring 10Cations ............ccocvvereieiincnseeeeeee 61

Table 2-S3. Model results for BC estimation using theory-driven feature selection..65
Table 2-S4. Model results for PN estimation using theory-driven feature selection..66
Table 2-S5. Number of input predictor variables offered to the buffer-feature models

using different feature selection Methods ..., 67
Table 2-S6. Results of the best BC and PN buffer-feature models using data-driven
FRALUIE SEIECTION ...t 68

Table 2-S7. Summary of buffer-feature models and reduced buffer-feature models for
air pollution estimation (all models used the integrated theory- and data-driven feature

selection and the air pollution-related predictor variables)...........cccoceviiiiiiiininnnnn, 69
Table 2-S8. Results of the Global Moran’s I test for 4 types of GSV-only buffer-feature
0T ]SSR 70
Table 3-1. Model performance of image-unlimited models............................ 104
Table 3-S1. Predictor variables for model development............................... 118

Table 3-S2. Scenarios for GSV-NO2 temporal match during model development. .119

Table 3-S3. Distribution of NO2 EPA monitors by urban, suburban, rural using 2019
for illustration. The urbanicity classification is based on the locale classification
provided by National Center for Education StatiStiCS..........cccevvvrveriveienienieereeeene 120

Table 3-S4. Descriptive statistics of GSV features within 500 m of NO2 monitors
stratified by land use types. GSV features are unitless since they are extracted through
image segmentation and represent pixel percentage by GSV variables. ................... 121

Table 3-S5. Model performance of image-unlimited models using the same training
SIZE IN 5 SCENAITOS. ....veeueeitieitiesieetee sttt ettt et et e st e b e sbe et e e beeneesbeeseeareesreenee e 122

Table 3-S6. Model performance of image-limited models which used various
maximum number of GSV images per 100 m <100 mgrid cell............cccovveiieennnnn 123

Table 3-S7. Model performance of image-limited models using different grid sizes for
sampling a maximum of one GSV image per grid cell. All models use scenario 5..124

Table 4-1. Summary of model performance for models with different types of
independent variables. Model evaluation metrics included random 10-fold R?, mean
absolute error (MAE), and root mean squared error (RMSE). 158

Table 4-S1. Feature aggregation levels for feature importance scores ranking...... 168

Table 4-S2. Descriptive statistics of GSV and Landsat-derived features within 250 m
of NO2 EPA monitors stratified by land use types. GSV features are applied with a scale
OF 20000, ... ettt ettt nre s reere e eneenes 170

17



Table 4-S3. Descriptive statistics of GSV and Landsat-derived features within 250 m

of PM2s EPA monitors stratified by land use types. GSV features are applied with a
SCale OF 10000, .......eeiieeieiiece et re e r e reere e 172

Table 4-S4. Summary of model performance for models with different types of
independent variables using spatial hold-out cross validation. Model evaluation metrics
included spatial hold-out 10-fold R?, mean absolute error (MAE), and root mean
squared error (RMSE). The difference of model fits by random and spatial hold-out CV
was also Shown in the table..........c.oovei i 174

18



Chapter 1 Introduction

1.1 Background and Motivation

Exposure to air pollution has been associated with adverse health impacts by extensive
epidemiological studies and is identified as one of the leading risk factors for global
disease burden®®. Further, air pollution is one of the pathways through which climate
change could negatively impact health. According to the Global Burden of Disease
Study, air pollution is estimated to cause 6.7 million premature deaths worldwide in
2019, of which ambient air pollution is responsible for 4.2 million’. In the United States,
particulate matter exposure is the major risk factor among established air pollutants,
responsible for 80% of deaths from air pollution causes and 3% of deaths from all
causes’. Precise estimation of air pollution exposure and its impact on public health
depends on the accuracy of monitored air pollutant concentrations and air pollution
projection techniques. Regular air pollution monitoring has played an important role in
air pollution regulation and exposure assessment. Although traditional fixed-site
monitoring networks provide high-quality temporal-resolved data for air pollutant
concentrations, they are insufficient to characterize air pollution at a fine spatial scale
due to their sparse distribution. Furthermore, many field studies have shown that air
pollution has high spatiotemporal variability and pollutant concentrations may vary
rapidly within neighborhoods®1°.

Air quality models are developed to estimate air pollution at locations and time
periods without monitors, and these estimates are commonly used for exposure and
health effects studies. Land Use Regression [LUR] is one of the methods that has been
widely used as a cost-effective way to estimate fine-scale ambient air pollutant
concentrations*'*6, Compared to other air quality modeling approaches, LUR exhibits

higher spatial resolution (neighborhood-scale) and thus is able to capture within-urban
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variability!’. LUR models are often applied to long-term air pollution studies (e.g.,
estimating annual mean concentrations), and the results have been widely used in
exposure science and epidemiological studies'®?!. Traditionally, LUR used air
pollution data sampled from fixed sites and predictors obtained through geographic
information systems [GIS]. Typical LUR predictors include various traffic
representations, population density, land use, topography, morphography, and
meteorology variables®. However, such predictors are often collected from curated
GIS-derived databases, which may have been initially aimed to serve local
administrative purposes??. The data availability and quality (e.g., spatial resolution, data
format, etc.) may vary largely across jurisdictions. Generally, data which is available
over large geographies often has less precision. For example, Larkin et al. developed a
global NO2 LUR model using satellite estimates and land use variables, of which the
spatial resolution varies largely between 30 m to 10 km?3. In recent years, innovative
data sources and their associated features (e.g., street view imagery, remote sensing
imagery, point of interest [POI]) have emerged to augment or replace traditional LUR
predictors for empirical air quality modeling, and successfully shown comparable or
superior model performance?*?’, although such research is in the nascent stage.

There are several general characteristics shared by the new data streams that are
promising for air quality modeling. Firstly, information provided by traditional LUR
predictors (e.g., land use, built environment) are also encoded in the new data sources.
For example, advanced computer vision techniques can extract and quantify the
encoded information in street view or remote sensing imagery for empirical modeling®.
Secondly, these new variables are mostly open source and are promising for
establishing a consistent data collection and processing protocol across large

geography. This allows the easy scaling of the modeling approach for broader coverage.
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Models can be well generalized across cities, regions, countries, or continents
regardless of political boundaries. Thirdly, the new variables often have high spatial
resolution and describe hyperlocal features of the built environment. For example, street
view images can capture street-level attributes of the built and natural environment.
Many large open-access street view imagery are available and growing rapidly,
including Google Street View [GSV], Bing Maps Streetside, Apple Look Around,
Tencent Maps, Daum Maps, CycloMedia, etc?®. The application of satellite-based
aerosol estimates (e.g., aerosol optical depth [AOD], Ozone Monitoring Instrument
[OMI], TROPOspheric Monitoring Instrument [TROPOMI]) isn’t new in air quality
modeling**-** but more remote sensing products can be further leveraged with
computer vision and advanced modeling algorithms. For example, Landsat, the longest
continuous satellite program thus far, has a 30 m resolution which is considered
medium resolution but is free of charge for use. Some commercial satellites may
provide very high resolution (e.g., 30 cm) but the cost could be quite expensive (some
commercial satellites may provide free use for education users).

The feasibility of new data sources and more advanced modeling approaches is
largely facilitated by the ground-breaking advancements in artificial intelligence.
Several studies have explored the application of the new data sources and the resulting
variables in building empirical air quality models, most of which involve the application
of computer vision or machine learning models?*2":35-38, For example, Zheng et al. first
applied a convolutional neural network [CNN] to extract features from a high spatial-
resolved micro-satellite imagery (3 m spatial resolution), and then applied a random
forest [RF] model combining the satellite features with meteorological features to
estimate ground-level PM2s concentrations®”. Lu et al. developed both traditional LUR

models (e.g., stepwise linear regression) and machine learning models for six criteria
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pollutants using traditional LUR variables versus microscale variables (e.g., Google
POI, GSV Imagery)?®. The study suggested that microscale variables are a suitable
substitute for traditional GIS-derived variables. Lloyd et al. developed a hybrid
approach which first trained CNN models on Google Maps satellite and street-level
images to predict UFP and BC quintiles, and then combined the predictions with land
use variables to further predict continuous particle measures. The results indicated
redundant information when using both CNN predictions and land use variables,
suggesting that satellite and street view images indeed capture some similar features of
built environment?®.

In summary, there is a notable trend in recent air quality modeling studies towards
the adoption of advanced machine learning approaches®® to improve model
performance, including random forest*®43, gradient boosting***°, artificial neural
network3%447 deep learning*®#®4° and hybrid algorithms. The emerging hyperlocal
measures offer valuable information but are still underexplored. The model
performance based on these novel variables indicate their great potential, either as
additional variables to augment the traditional methods, or as an alternative to
traditional predictors, which may be especially important for remote or less developed
areas where curated GIS databases are sparse or nonexistent. The aim of this
dissertation is to develop air quality modeling approaches leveraging street view and
remote sensing imagery through computer vision and machine learning algorithms. The
modeling framework is expected to be feasible for air pollution mapping with good
model performance, consistent data collection and processing protocols across large

geographies.
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1.2 Objectives
The primary goal of this dissertation is to develop novel image-based predictors and
new air quality empirical modeling approaches that are suitable for air pollution
modeling and mapping. To achieve this goal, | apply computer vision techniques to
extract built and natural environment features from street view and remote sensing
imagery. Machine learning models are developed and tested for optimal model
performance and predictive power. Specific objectives include:

(1) Using street view imagery to predict street-level particulate air pollution for a
single city.

(2) Developing national LUR models for NO2 using street view imagery and
satellite-based aerosol estimates.

(3) Mapping national NO2 and PMzs air pollution at high resolution using street

view and remote sensing imagery derived features.

1.3 Dissertation structure

The dissertation is structured as follows. The first chapter describes the background and
motivation of dissertation research. Chapters 2-4 address the three objectives of the
dissertation. The first study (chapter 2) is designed as a pilot study implemented in a
single city (i.e., Blacksburg) to test the feasibility of solely using GSV images to build
empirical air quality models and predict street-level air pollution. From this study, a
pipeline to collect Google Street View imagery and extract a set of novel street-level
predictor variables is established. Built upon the first study, the second study (chapter
3) extends the street view image-based models to the national level at multiple years.
In addition, the impact of image availability on model performance is systematically

assessed. A parsimonious image sampling strategy is proposed, and inclusion of
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satellite-based aerosol estimates is suggested for modeling areas with insufficient street
view images. To generate air pollution prediction surface in all regions, including areas
with insufficient or no street view imagery, the third study (chapter 4) develops and
compares models using different combinations of street view-derived and remote
sensing-derived features. National annual NO2 and PM2s concentration maps are
generated at high spatial resolution across 14 years using a cloud computing platform.

Chapter 5 concludes the findings of this dissertation and implications for future studies.
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ABSTRACT: Land-use regression (LUR) models are frequently applied to estimate
spatial patterns of air pollution. Traditional LUR often relies on fixed-site
measurements and GIS-derived variables with limited spatial resolution. We present an
approach that leverages Google Street View (GSV) imagery to predict street-level
particulate air pollution (i.e., black carbon [BC] and particle number [PN]
concentrations). We developed empirical models based on mobile monitoring data and
features extracted from ~52,500 GSV images using a deep learning model. We tested
theory- and data-driven feature selection methods as well as models using images
within varying buffer sizes (50-2,000m). Compared to LUR models with traditional
variables, our models achieved similar model performance using the street-level
predictors while also identifying additional potential hotspots. Adjusted R? (10-fold CV
R?) with integrated feature selection was 0.57-0.64 (0.50-0.57) and 0.65-0.73 (0.61-
0.66) for BC and PN models, respectively. Models using only features near the
measurement locations (i.e., GSV images within 250m) explained ~50% of air pollution
variability, indicating PN and BC are strongly affected by the street-level built
environment. Our results suggest that GSV imagery, processed with computer vision
techniques, is a promising data source to develop LUR models with high spatial

resolution and consistent predictor variables across administrative boundaries.

Keywords: integrated empirical model, exposure assessment, image processing, air

quality, ultrafine
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2.1 Introduction

The negative impacts of air pollution exposure on human health have been shown by
many epidemiological studies*. Since air pollutant concentrations can vary rapidly
over short distances™ ®, accurately estimating the spatial patterns of air pollution is
important for assessing human exposure and health outcomes’ 8. Numerous studies use
measurements from fixed-site monitoring networks®*2. However, stationary
monitoring is often cost-prohibitive, and thus sparsely distributed, which may lead to
undetected hotspots and poor characterization of air quality at small spatial scales'31®,
Compared to fixed-site monitoring, mobile monitoring offers an alternate approach to
capture the spatial variation of street-level air pollution® ©. For example, Apte et al.,®
used Google Street View (GSV) cars to map air pollution at a spatial precision 4-5
orders of magnitude greater than that of routine monitoring stations. Consequently,
empirical models based on dense mobile measurements may have the potential to better
characterize street-level variation of air pollution to better describe health disparities at
small spatial scales.

Land-use regression (LUR) is one type of empirical model which has been frequently
applied to predict ambient air pollutant concentrations'’-2°. Typically, LUR models use
measurements from fixed-site monitoring networks!’” and predictor variables derived
from Geographic Information Systems (GIS) including land use types, traffic intensity,
and population density?*. While emerging studies use mobile monitoring data to
increase the spatial density of measurements used in LUR models??2°, other limitations
arise when using traditional GIS-derived predictor variables that do not match the
resolution of the mobile monitoring data. For example, GIS-derived variables are often
jurisdiction specific since those data are usually collected to serve local administrative

purposes? 27, Similarly, variables available at larger geographic scales (e.g., national)
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often provide less specific and spatially precise information. Since there are many
mobile monitoring efforts being conducted across the world (which offer significant
improvements in the spatial density of measurements), additional work is needed to
develop predictor variables that (1) match the spatial scale of the measurements being
collected and (2) are able to be derived in a consistent way across administrative and
political boundaries. To address these limitations, we propose an image-derived
empirical modeling approach that utilizes GSV imagery to extract street-level features
as predictor variables.

Since its launch in 2007, GSV has collected a massive quantity of panoramic images
across the world providing views of streetscapes at the eye-level?®. GSV imagery is
becoming a reliable data source?® 2% 2° and a promising tool for research studies owing
to high spatial resolution, extensive coverage, open access to the public, and data
consistency — especially when combined with computer vision techniques®®-32. Previous
studies have used GSV images in various ways, for example, estimating the
demographic makeup of neighborhoods®, assessing urban vegetation and green
space®*%, auditing neighborhood built environments?® 3 automating land-use
classifications®’, or capturing changes in physical urban envirionments®. An emerging
research area is using GSV imagery in air pollution research® to map hyperlocal air
quality or to identify emission sources.

In this study, we investigate use of GSV imagery to predict street-level particulate
air pollution. In previous work?*, we used a bicycle mobile monitoring platform to
measure black carbon [BC] and particle number [PN] concentrations and developed
LUR models based on traditional predictor variables. Based on the same air pollution
measurements, we present here a series of empirical models with a promising new set

of predictor variables: features extracted from GSV imagery by a deep learning scene
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parsing technique®2. The models are built solely with features from GSV images. Three
different feature selection methods (i.e., theory-driven, data-driven, and integrated) are
tested during model development to improve model robustness and interpretability. Our
results demonstrate the combination of mobile monitoring and street scene images,
assisted by computer vision techniques, constitutes a promising modeling approach to
estimate air pollution at the street-level.

2.2 Materials and methods

2.2.1 Mobile monitoring data

Mobile monitoring data was collected in a previous study and full details of the
monitoring campaign are described in Hankey et al*. Briefly, we conducted a bicycle
mobile monitoring campaign to sample daytime street-level particulate air pollution in
a small rural town (Blacksburg, VA) in 2016. We deployed microaethalometers (AE51;
AethLabs) on bicycles to measure BC concentrations and Condensation Particle
Counters (CPC 3007; TSI, Inc.) to measure PN concentrations. Two mobile monitoring
routes, each ~20km in length, were repeatedly sampled and ~120h of mobile monitoring
data was collected. We applied spatial aggregation at 100m intervals along the routes
and the median concentrations of observations were tabulated for each aggregation
location (n=422 aggregation locations). We tested different methods to adjust mobile
monitoring data for background concentrations in Hankey et al?4. In this study, we used
concentrations adjusted by the multiplicative method, which aims to best approximate
long-term air pollution, for model development. Briefly, the multiplicative background
adjustment method calculated adjustment factors based on the ratio of the daily
concentration to the hourly concentration at a central site used to measure background

concentrations. Then, the adjustment factors were applied to all mobile monitoring
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observations (based on the hour the mobile measurements were collected) to correct for
variations in background concentrations.

2.2.2 Street-level predictor variables

Unlike traditional LUR models, the predictor variables in this study were features
extracted from GSV imagery, which capture street-level characteristics of the built and
natural environment. GSV images were sampled around each mobile monitoring
aggregation location including (1) central sampling which randomly retrieved 6
locations of GSV imagery within 50m of the aggregation locations and (2) buffer
sampling where we created a 100m >100m grid within 2,000m of each aggregation
location and then repeated the central sampling approach for the centroid of each grid
cell (Figure 2-1). GSV images within the 2,000m buffer were further stratified into 8
circular buffers with radii ranging from 250m to 2,000m. Since GSV images are 360°
photos, we retrieved 4 flat GSV images (640>640 pixels) at 90 “intervals for each GSV
sampling point. This procedure resulted in up to 24 images around each monitoring
location or grid cell centroid depending on the availability of GSV images. To best
match the mobile monitoring campaign, we preferentially collected GSV images
photographed during the same year (2016). Images from the next closest year were
included when year-2016 images were not available.

We used the Pyramid Scene Parsing Network (PSPNet), a deep learning model with
state-of-the-art performance on various datasets, to process the GSV images®2. Feature
extraction was implemented at the pixel-wise level, i.e., each pixel in an image was
classified into a specific feature. A total of 150 features were segmented, including
natural features (e.g., trees, grass, plants), built environment features (e.g., roads,
buildings, houses), and transportation features (e.g., cars, buses, vans). The percentage

of each feature within an image was calculated (Figure 2-1-D). The mean percentage
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of features among all images within a given buffer, representing the overall
characteristics of that area, were used as street-level predictor variables for our

empirical air quality models.
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Figure 2-1. Image sampling and feature extraction procedure. (A) Google Street View
(GSV) images sampled around one air pollutant monitoring aggregation location. (B)
GSV images retrieved for 4 directions at one GSV sampling location. (C) Feature
extraction using PSPNet scene parsing. (D) Estimated feature percentage among the
150 segmented classes.

2.2.3 Modeling approach

We developed GSV-only empirical models with predictor variables solely extracted
from GSV images. To make direct comparisons with models using traditional variables,
we used the same air pollution measurements and employed the same step-wise linear
regression approach used by Hankey et al.?*. Briefly, the model uses a forward selection
procedure, adding the variable which has the highest correlation with the dependent
variable and subsequently adding the variable which is most correlated with model
residuals. The process was repeated until the added variable was either not statistically

significant (p < 0.05) or the model had unacceptably high multicollinearity (Variance
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Inflation Factor VIF > 5). All BC and PN concentrations were log transformed during
model development and were transformed back to original values for model prediction.

To fully explore the role of GSV imagery in estimating street-level air pollution, we
developed two types of GSV-only models: buffer-feature models and central-feature
models. The buffer-feature models included both central features (i.e., the mean
percentage of features for images within 50m of aggregation locations) and buffer
features at various spatial scales (i.e., 8 circular buffers from 250m to 2,000m). During
model development, each feature class was restricted to only be selected at a single
buffer size. We also built central-feature models that only used features within 50m of
measurement locations to assess the ability of using only images very near
measurement sites to explain air pollution variability. A sensitivity analysis was
developed to investigate how the choice of spatial scale of the central features (i.e., by
varying the radius size that defines central features) impacts model performance.
Specifically, we collected features from GSV images within 250, 500, 750 and 1000m
of the mobile monitoring routes. Then, we compared central-feature models for each
fixed radius.

Adjusted R? and root-mean-square error (RMSE) were used as metrics to compare
model performance. To evaluate model robustness and generalizability, 10-fold cross
validation was conducted for each model. Specifically, the data was randomly
partitioned into 10 subsets. Then we held out each subset and used the remaining 9
subsets to build a model and predict the data for the hold out subset. R? was calculated
after all subsets were predicted. We repeated the 10-fold cross validation 10 times. The
mean R? was reported as the final 10-fold cross validation R?.

2.2.4 Feature selection
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We used a previously developed algorithm (PSPNet) to classify pixels in the GSV
images®2. Upon inspection of all 150 classes extracted from the images, we found that
many classes are irrelevant to air pollution; furthermore, as expected, some pixels were
misclassified during scene parsing. Including irrelevant and spurious features in
empirical air quality models may cause overfitting and reduced accuracy when applying
the models. It also makes it difficult to interpret the selected variables and their
coefficients. One way to mitigate these problems is to conduct feature selection during
the modeling process*® 4. In this study, we tested three feature selection methods to
develop GSV-derived predictor datasets to offer to our empirical air quality models. To
avoid confusion, we refer to feature selection in this paper as the procedure used to
assemble a subset of the 150 features extracted from the GSV imagery to offer to our
empirical air quality models; this process is independent of the variable selection
process used within the step-wise regression. The three feature selection methods
include: (1) theory-driven feature selection, (2) data-driven feature selection, and (3)
integrated feature selection, which is the combination of the first two approaches. In
general, theory-driven feature selection utilizes subjective background knowledge
accumulated among many studies, while data-driven feature selection solely relies on
statistical characteristics of the data itself.

We designed our theory-driven feature selection based on our prior knowledge of air
pollution. To illustrate this approach, we developed three categories of predictor
variables derived from the GSV images to offer to our air quality models: (1) “All
variables” which included all 150 features, (2) “Theory-driven: Outdoor variables”
which only included features that are commonly outdoors (n=57), and (3) “Theory-
driven: Air pollution-related variables” which only included features that may influence

air pollution concentrations (n=31). A full list of variables in each category as well as
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the reason for each variable being included or excluded from each category is listed in
Table 2-S1.

As a contrast to theory-driven feature selection, we designed our data-driven feature
selection simply based on quantitative data filters without using any prior knowledge
of air pollution. We used two data-filtering criteria and applied them to the “All
variables” category. First, we filtered predictor variables based on the variable mean
value averaged among all model building locations. The thresholds (i.e., 110, 110"
® and 1x<10%) were determined by the statistical distribution shown in Figure 2-S1.
Second, we filtered predictor variables based on the nonzero percent of features among
the aggregation locations. The thresholds were set to be equally distributed: 0%, 20%,
40%, 60% and 80%. A total of 15 scenarios were then created based on the combination
of these criteria. Both criteria aim to remove uncommon features in the study area from
the model building dataset. More details are described in Sl.

Integrated theory- and data-driven feature selection was applied to leverage the
strengths of both approaches. These models used the same data filtering criteria by the
data-driven approach and applied them to the categories of predictor variables created
by the theory-driven approach. To simplify model comparison, the best models among
scenarios within the data-driven or integrated feature selection approaches were chosen
based on the highest 10-fold CV R2.

2.3 Results and discussion

2.3.1 Spatial distribution of street-level predictor features

The mean concentrations of BC and PN were 1.08 pg/m® and 6,059 pt/cm?,
respectively. The distribution of mobile monitoring data is shown in Figure 2-S2.
Figure 2-S3 shows the spatial distribution of GSV images sampled around the mobile

monitoring routes. Approximately 52,500 GSV images were collected for model
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development, including ~8,800 GSV images collected within 50m of the monitoring
routes to capture central features and ~46,800 images within 2,000m to generate
variables at various buffer radii. Corresponding to the two sources of the GSV imagery,
Google (i.e., collecting images while GSV cars driving along roads) and Google users
uploading photos, the GSV images were mostly distributed along the road network or
locations with more human activities. Since the GSV images were predominantly on
the road network, portions of the mobile monitoring routes (e.g., off-street trails far
from major roads) did not have GSV images within 50m (11.6% of the mobile
monitoring aggregation locations). Thus, we excluded these monitoring locations from
our model building in this study.

A core advantage of GSV images is that they capture street-level built and natural
environment features. Among the 150 features segmented by scene parsing, the top 10
most frequent features in Blacksburg were as follows: sky (average percent in images:
28.1%), road (25.8%), tree (24.3%), grass (10.8%), earth (2.7%), building (1.9%), plant
(1.4%), sidewalk (1.3%), car (0.8%) and house (0.7%). To illustrate the spatial
granularity of GSV features, road and tree (as indicators of traffic and green space) are
shown in Figure 2-S3. The distribution of roads matched well with the road network in
Blacksburg and had higher values along higher order roads (e.g., highways). The tree
variable followed intuition and had higher values where there were large tracts of tree
canopy or abundance of street trees. Tree cover was prone to systematic bias due to the
way GSV images are collected. For example, large areas of tree cover exist in the NW
corner of the study area, but they were not captured because this area has few roads and
thus few GSV images. This bias is not the case for traffic related variables (e.g., roads,
cars, sidewalks) that are only located on the transportation network. Detailed

descriptive statistics of the extracted GSV features are listed in Table 2-S2.
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2.3.2 Model results

2.3.2.1. Theory-driven models.

Overall, we found good model performance for the GSV-only empirical models. As
shown in Tables 2-S3 and 2-S4, the adjusted R? (10-fold CV R?) for the buffer-feature
models using all variables was 0.77 (0.42) and 0.77 (0.57) for BC and PN, respectively.
The decrease in R? after 10-fold cross validation was large, which can be explained by
several factors. Stochastic effects could be significant as GSV images were sampled
with very high spatial resolution and thus possibly reveal more landscape heterogeneity.
More importantly, the scene parsing algorithm generates 150 features which is likely
unnecessary as many of these features are irrelevant to air pollution. To reduce the
amount of spurious variables, we conducted theory-driven feature selection and
evaluated the change in model performance (Figure 2-2). As the selection criteria for
including variables became more stringent, we generally observed a slight decrease in
adjusted R?, but importantly, a larger increase in 10-fold CV R? which reduced the gap
between the two metrics. For example, the gap for the unconstrained BC (PN) models
(i.e., using all variables) was 0.35 (0.20) as compared to 0.07 (0.07) when using
“Theory-driven: Air pollution-related variables”. This finding indicates that the most
stringent theory-driven models reduced overfitting as well as improved model stability
and variable interpretability while maintaining satisfying model fits. The adjusted R?
(10-fold CV R?) of the buffer-feature models with only air pollution-related variables
were 0.63 (0.57) and 0.73 (0.65) for BC and PN, respectively. As expected, the model
results show improved rationality in terms of the selected variables for the theory-
driven feature selection as compared to the unconstrained models (Tables 2-S3 and 2-
S4). We observed a slight increase in RMSE as theory-driven feature selection became

stricter. For example, RMSE for the BC models using all variables, only outdoor
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variables, and only air pollution-related variables were 0.20, 0.22 and 0.26 pg/m?,
respectively. This trend could be explained by the reduced overfitting for theory-driven
models, which is consistent with the finding that theory-driven models have lower
adjusted R? but higher 10-fold R? compared to unconstrained models.

To investigate the correlation of street-level features within the immediate vicinity
of the mobile monitoring routes to particulate concentrations, central-feature models
were developed. As shown in Figure 2-2, the adjusted R? (10-fold CV R?) was 0.43
(0.16) for BC and 0.33 (0.13) for PN when using all variables. Similar trends to the
buffer-feature models among different variable categories were also found for the
central-feature models (Figure 2-2). However, the decrease in model fit before and
after cross validation was more drastic for the central-feature models, possibly owing
to the fact that only a limited number of images within 50m of mobile monitoring were
used for generating central features. A sensitivity analysis was further developed to
explore the influence of radius size used for defining central features. Figure 2-S4
shows the performance of central-feature models developed using the air pollution-
related variables at various spatial scales (i.e., from 250m to 1,000m). Both adjusted R?
and 10-fold CV R? increased when the central features were extracted from larger areas.
For example, when setting the central range to 250m, the central-feature models
explained ~50% of the variance. Adjusted R? (10-fold CV R?) increased to 0.51 (0.49)
and 0.53 (0.48) for the BC model and the PN model, respectively. Prediction of PN
concentrations was best using 250m buffers and decreased at larger distances; the BC
models showed little variability between 250 and 750m. This finding suggests these
pollutants were strongly affected by the immediate surrounding environment at the

magnitude of several hundred meters.
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Figure 2-2. Comparison of model performance using theory-driven feature selection.
Models developed with different categories of predictor variables are shown by color.
Solid columns represent model adjusted R?; hashed columns represent 10-fold cross
validation R?,

2.3.2.2 Data-driven models.

Table 2-S5 shows the number of predictor variables offered to our models using
different feature selection methods. Although no prior knowledge of air pollution was
applied, the number of predictor variables offered to the data-driven models among all
scenarios (252-659 variables) aligned well with that of theory-driven models (279-513).
Furthermore, we found a significant overlap of variables chosen by the two feature
selection methods. For example, 67%-100% of “Theory driven: Air pollution-related
variables” were also selected among the 15 data-driven scenarios. This demonstrates
that even without background information on air quality, data-driven feature selection
can achieve similar results to the theory-driven selection approach. Similar to the
theory-driven models, the data-driven selection also showed the ability to enhance
model robustness. Adjusted R? (10-fold CV R?) of buffer-feature models through data-
driven selection was 0.64-0.76 (0.35-0.60) for BC and 0.69-0.80 (0.63-0.70) for PN

(Figure 2-S5). Compared to the unconstrained models, the data-driven models
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improved 10-fold CV R? significantly while maintaining high adjusted R?. In addition,
the 10-fold CV R? was always the lowest in the least restrictive scenario, suggesting
high multicollinearity when using too many variables. These trends were exacerbated
in the central-feature models (Figure 2-S6). For example, the 10-fold CV R? of the BC
central-feature model of the least and most restrictive scenarios were 0.07 and 0.33,
respectively. Assuming the best model had the highest 10-fold CV R? among scenarios,
adjusted R? (10-fold CV R?) of the best BC and PN buffer-feature models were 0.72
(0.60) and 0.80 (0.70). RMSE of the best BC and PN buffer-feature models were 0.22
g/m?® and 807 pt/cm?®. Full model parameters are listed in Table 2-S6. Although the
model fits were improved by data-driven variable selection, a few irrelevant variables
were still selected in the models, leading to reduced model interpretability.

2.3.2.3. Integrated feature selection models.

As expected, similar trends of improved model robustness and interpretability when
using the theory- and data-driven feature selection methods were also observed using
the integrated method (Figure 2-3). The best integrated models always outperformed
or matched the corresponding theory-driven models showing the utility of using both
theory- and data-driven feature selection. We also found that the buffer-feature models
generally had better model fits for PN while the central-feature models showed better
performance for BC. This finding suggests that the effect of the street-level
environment on BC was greater than on PN. This is reasonable since the dominant
sources of BC are primary emissions related to combustion processes*? while particles
can be either emitted directly or generated from secondary sources (e.g., precursors of

photochemical reactions*® 44).
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Figure 2-3. Model performance using integrated theory- and data-driven feature
selection. Each box represents 15 scenarios for different categories of predictor
variables. Models developed with different categories of predictor variables are shown
by color. Hollow boxes represent model adjusted R?; hashed boxes represent 10-fold
cross validation R?.

2.3.3 Comparison among models

Table 2-1 shows model performance for all GSV-only models as well as the previously
published LUR models®*. In general, GSV-only models had comparable model
performance to LUR models using traditional GIS-derived variables. For buffer-feature
models with only air pollution-related variables (best for interpretability), the 10-fold
CV R? after integrated feature selection was as high as 0.57 for BC and 0.66 for PN. If
pursuing the best goodness-of-fit and neglecting the theoretical basis of predictor
variables, we can achieve better model fits. For example, the best data-driven models
showed higher adjusted R? (10-fold CV R?) and lower RMSE as compared to previous
LUR models using traditional predictors. Our models suggest that features extracted
from GSV images can be used to successfully develop predictive models in a variety of
ways depending on the user’s purpose, e.g., either pursuing best goodness-of-fit

regardless of model interpretability or to be consistent with theory as much as possible.

46



We chose a subset of buffer-feature models to estimate BC and PN concentrations
for the entire study area (~63,000 GSV images): (1) models based on all variables, (2)
theory-driven models based on air pollution-related variables, (3) the best data-driven
models, and (4) the best integrated theory- and data-driven models based on air
pollution-related variables. Concentrations were mapped on a 100m>100m grid in
Figure 2-4. Due to the limitation of GSV images mainly being captured along
roadways, we were only able to make predictions for 39% of Blacksburg’s land area.
Figure 2-4 also includes scatterplots of predicted vs. observed concentrations. In
general, all models showed good agreement between model predictions and mobile
monitoring data. The overall spatial patterns of estimated concentrations were similar
among models, especially for areas where GSV images were more densely distributed.
A few inconsistencies were apparent, for example, the SE corner of Blacksburg was
estimated to have extremely low concentrations by the unconstrained PN model but
was a hotspot using other models. Based on a review of these models, we found the low
estimates resulted from some portions of GSV images being misclassified into the class
‘bed” — a feature that is highly unlikely to appear frequently in outdoor images. Given
that this area is an intersection of several major roads, it is expected to have elevated
concentrations in this area. This example illustrates the importance of using feature
selection to remove spurious predictor variables prior to building empirical models.
Similar problems appeared in the NW corner of the map. In this case, the inconsistent
predictions for BC concentrations mainly resulted from the sparsity of GSV images in
that region along with a few unusual GSV features. Considering both the theoretical
basis of input variables and model accuracy, we suggest using models with integrated

variable selection for broader model applications.
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Although the application of our models was limited by the availability of GSV
images, alternative models could be constructed to mitigate this problem. For example,
we developed reduced buffer-feature models using only larger buffer radii (full details
are described in SI) and the models maintained good model performance (Table 2-S7).
For example, adjusted R? (10-fold CV R?) of the models with radii 500m or greater
were 0.60 (0.53) for BC and 0.62 (0.56) for PN. Since 81% of the grid centroids for
prediction had GSV images within 250m (94% when the radius was 500m), we applied
the reduced buffer-feature models to a wider land area of Blacksburg to generate air
pollution estimates (Figure 2-S8). These models showed reasonably consistent spatial
patterns to the LUR models from our previous work?*. In general, the hotspots identified
by the LUR models with traditional GIS-derived variables were mainly distributed
along major roads. While the GSV-only models also revealed these hotspots, our
proposed models further identified other localized regions with high BC or PN
concentrations that the GIS-derived models did not. For example, at the intersection of
several major roads in the SE corner of Blacksburg, both GSV-only models and the
previous LUR models estimated elevated PN concentrations in this region, while only
the GSV-only models identified it as a BC hotspot as well. Future work may collect
field observations in these potential hotspots to validate our new modeling approach.
2.3.4 Results of spatial autocorrelation analysis and model uncertainty
To compare among our models, we assessed spatial autocorrelation of model residuals
and model uncertainty (full details are described in Sl). Briefly, our model residuals
demonstrate at least some spatial autocorrelation, partly due to the fine spatial
resolution of the mobile monitoring data and GSV images (Table 2-S8 and Figure 2-
S9). Compared with the previous LUR models using traditional predictors, GSV-only

models show slightly higher standard error (Figures 2-S10 and 2-S11). A useful
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direction for future research is to use more advanced modeling approaches to account

for spatial autocorrelation issues and reduce model uncertainty.
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Table 2-1. Summary of model performance among all model types

Pollutants  Model type Feature selection method Predictor variables Number of selected variables Adj;gted 1°‘f‘;'2§' cv RMSE
None All variables 20 0.77 0.42 0.20
Theory-driven Outdoor variables 19 0.72 0.61 0.22
Theory-driven Air pollution-related variables 10 0.63 0.57 0.26
Buffer-feature models ) i
Data-driven All variables 11-27 0.64-0.76 0.35-0.60 0.20-0.26
Integrated Outdoor variables 11-21 0.64-0.72 0.50-0.60 0.22-0.25
Integrated Air pollution-related variables 9-12 0.57-0.64 0.50-0.57 0.25-0.28
BC (ug/md) None All variables 9 0.43 0.16 0.32
Theory-driven Outdoor variables 10 0.42 0.20 0.32
Theory-driven Air pollution-related variables 8 0.40 0.18 0.33
Central-feature models ) i
Data-driven All variables 5-13 0.37-0.44 0.07-0.34 0.32-0.34
Integrated Outdoor variables 5-10 0.37-0.42 0.16-0.34 0.32-0.34
Integrated Air pollution-related variables 5-8 0.37-0.40 0.20-0.34 0.33-0.34
Previous LUR models?®* None Census data only; no GSV data 8 0.62 0.57 0.26"
None All variables 15 0.77 0.57 821
Theory-driven Outdoor variables 12 0.74 0.65 916
Theory-driven Air pollution-related variables 17 0.73 0.65 954
Buffer-feature models . )
Data-driven All variables 7-22 0.69-0.80 0.63-0.70 807-1050
Integrated Outdoor variables 12-24 0.68-0.79 0.61-0.69 857-1005
Integrated Air pollution-related variables 11-17 0.65-0.73 0.61-0.66 941-1030
PN (pt/cm®) None All variables 12 0.33 0.13 1379
Theory-driven Outdoor variables 8 0.32 0.16 1391
Theory-driven Air pollution-related variables 7 0.31 0.19 1408
Central-feature models . )
Data-driven All variables 5-9 0.28-0.33 0.16-0.26 1379-1461
Integrated Outdoor variables 5-8 0.28-0.32 0.18-0.25 1391-1461
Integrated Air pollution-related variables 5-7 0.28-0.31 0.19-0.26 1408-1461
Previous LUR models®* None Census data only; no GSV data 16 0.78 0.70 906"

* RMSE for previous LUR models was calculated based on data from Hankey et al.,?*
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Figure 2-4. Estimated BC and PN concentrations using 4 types of GSV-only models. Only grid centroids with GSV images within 50m are displayed. The scatter

plots in the lower-left corner show model predicted air pollutant concentrations vs. mobile monitoring air pollutant concentrations. The dashed red line is the best

fit line; the dashed black line is the 1:1 line. Due to the highly right-skewed distributions of model estimates (Figure 2-S7), we adjusted the color bar scale to

visualize the spatial patterns of the models. Specifically, for each air pollutant, we binned the estimates among the 4 models and used the 95th percentile as the

maximum for visualization.
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2.4 Limitations and implications

The usefulness of GSV-only models depends on the availability and quality of GSV
images for any given region. In less developed or rural regions, this approach may miss
large tracts of land where there is no road access and thus no GSV imagery. In addition,
GSV images are static and in many areas are not updated at the same rate as urban
development. Although we prioritized sampling GSV images from the same year of air
quality monitoring, only 12% of GSV images retrieved were photographed in 2016.
The impact of this temporal mismatch could be large or small depending on the rate of
change of the built environment. Future work could apply our approach in urban areas
where larger amounts of GSV images are available and updated more frequently. Given
the continually growing repositories of public streetscape imagery??, this limitation is
expected to be mitigated in the future.

Introducing better temporal resolution is another important goal for accurate
exposure assessment?* 4546 While finer spatial resolution can be achieved using GSV
imagery, improving temporal resolution is a challenge in the short run. Multiple studies
have used satellite imagery to map air pollution with high spatial-temporal resolution®”
9. A possible solution is to use both GSV images and satellite imagery for model
development. By combining remote sensing imagery (which can achieve daily updates)
and ground-level imagery, both model accuracy and spatiotemporal precision may be
leveraged as multi-view aspects of the built environment could be used®® 5!, Another
limitation is that the performance of the image processing technique (in this case

PSPNet) for feature extraction also determines the performance of the image-based air
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quality models. Our results show that feature selection can successfully reduce the
number of spurious variables, which reduced issues caused by overcomplicated
semantic segmentation or misclassification. Given the rapid development in computer
vision and deep learning®® °3, future work may also explore improved algorithms to
reduce misclassification during scene parsing.

Our study suggests that GSV imagery alone, and thus likely any other large street
scene imagery dataset with high resolution and broad coverage, may provide sufficient
information to characterize air pollution patterns. Imagery based data sources offer
potentially three major advantages: (1) finer spatial (i.e., street-level) resolution, (2) the
ability to apply consistent data collection and processing protocols across large
geographies and political boundaries, and (3) flexibility in method of data reduction for
model development and application. The development of low-cost and portable sensors
in conjunction with increased efforts to explore mobile monitoring provides an
opportunity to characterize the spatial variability of air pollution at the street-level>* .
Our proposed modeling approach leverages the strengths of mobile monitoring and
GSV images in characterizing street-level gradients of air pollution. Our model results
also highlight the impact of street-level factors (e.g., built environment, local emission
sources) on air quality which suggests highly localized interventions may yield
reductions in exposure. As low-cost air quality sensors and street scene images become
more ubiquitous, the combination of mobile monitoring and automated street-level

image analysis could become a scalable framework that could be applied nearly

53



anywhere in the world as a tool to track air pollution exposure and disparities at small

spatial scales.

2.5 Supporting Information

2.5.1 Description of data-driven feature selection

For the data-driven feature selection, we filtered predictor variables according to the
statistical distribution of the variables. We used two data-filtering criteria on predictor
variables in the “All variables” category. First, we set up thresholds for the mean of the
predictor variables to filter out uncommon features for the overall study area. There are
1,350 potential predictor variables (150 classes %<9 buffer sizes) in total. We calculated
the mean for each predictor variable at all aggregation locations as this metric could
serve as a proxy for how common each feature is in the entire study area. According to
the statistical distribution shown in Figure 2-S1, we determined the thresholds of mean
values to be 110, 110 and 1<10™*. The second filtering criteria was based on the
nonzero percent of features among the aggregation locations to filter out uncommon
features within measurement sites. Due to spatial discontinuity and heterogeneity,
features along the monitoring routes varied as some features only appeared in a small
number of places. For this criterion, the thresholds were set to be equally distributed:
0%, 20%, 40%, 60% and 80%. The aim of both criteria is to reduce uncommon features
as these variables would harm the generalizability of our models. As a result, a total of
15 scenarios were created by combining these two filters for the data-driven feature

selection.
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2.5.2 Reduced buffer-feature GSV-only models

Since some grid centroids for air pollution prediction could not find GSV images
nearby, we developed reduced buffer-feature models that avoid using central features
or buffer features at low spatial radii. Specifically, we built models with the lowest
buffer radius from 250m to 1,000m while the largest buffer size remained 2,000m.
Table 2-S7 lists the model parameters for the reduced buffer-feature GSV-only models
as well as their model performance. All models used integrated feature selection with
air pollution-related variables to prioritize model generalizability and interpretability.
In addition, 81% of the grid centroids in the study area were able to find GSV images
within 250m and the percentage was 94% when the radius extended to 500m. We
explored two ways for applying the reduced buffer-feature models to make predictions
for the 94% coverage of land area in Blacksburg. First, we developed an additive
method which aimed to use models with the best possible spatial resolution for areas
with limited GSV images. Specifically, for regions where GSV images were
unavailable within 50 m but available within 250m, we used the 250m reduced buffer-
feature models with buffer variables starting from 250m. For regions where GSV
images were unavailable within 250 m but available within 500m, we used the 500m
reduced buffer-feature models with buffer variables starting from 500m. Second, we
used a simplified method, which simply used the reduced buffer-feature model with
buffer variables starting from 500 m for all regions. Figure 2-S8 shows the prediction
maps using these methods as well as the estimates by the LUR models from our

previous work?* for comparison.
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2.5.3 Results of spatial autocorrelation analysis and model uncertainty

Table 2-S8 shows the results of Global Moran’s I tests for our model residuals using
different weights matrices and distance thresholds. The smallest radius (300m) is the
minimum distance where each aggregation location finds at least one neighbor. In
general, the model residuals demonstrate at least some spatial autocorrelation. This may
be partly due to the fine spatial resolution of the mobile monitoring data and GSV
images. To identify clusters of spatial autocorrelation, we performed a LISA (local
indicator of spatial association) analysis. As shown in Figure 2-S9, we chose the
integrated buffer-feature models with air pollution-related variables for illustration.
Generally, the high-high clusters (i.e., underprediction) are located where BC and PN
concentrations are high while the low-low clusters (i.e., overprediction) are located
where the observed concentrations are relatively low.

Figures 2-S10 and 2-S11 show model uncertainty by GSV-only models (integrated
buffer-feature models with only air pollution-related variables for illustration) and
previous LUR models®. Compared with the previous LUR models, GSV-only models
show slightly higher standard error. The larger model uncertainty also tends to occur
where BC and PN concentrations are at the higher or lower end of the observed
distribution. As this study mainly aims to compare traditional G1S-derived predictors
and our new GSV imagery-derived predictors, we chose to develop traditional step-
wise linear regression models. A limitation of this choice is that our modeling

framework does not account for spatial autocorrelation. A useful direction for future
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research is to use more advanced modeling approaches to address this issue, especially

to improve model performance for extremely high or low concentration regions.
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Table 2-S1. Predictor variables in each category for the theory-driven feature selection

Theory-

Predictor All g::sg;y 'ci‘ril;/en. Reason“ to inclu(_je/e>.<cluqe variab_les
No. - . . from “Theory-driven: Air pollution

variables variables | Outdoor | pollution- . v

variables | related related variables
variables

1 airplane N \ not found in GSV images in Blacksburg
2 animal N \ not found in GSV images in Blacksburg
3 | apparel N indoor
4 arcade machine N indoor
5 | armchair N indoor
6 | ashcan N indoor
7 awning N \ no air pollutant emission
8 | bag N indoor
9 | ball N indoor
10 | bannister N indoor
11 | bar N indoor
12 | barrel N indoor
13 | base N indoor
14 | basket N indoor
15 | bathtub N indoor
16 | bed N indoor
17 | bench N indoor
18 | bicycle \ \ \ traffic
19 | blanket N indoor
20 | blind \ indoor
21 | boat N \ not found in GSV images in Blacksburg
22 | book N indoor
23 | bookcase N indoor
24 | booth N indoor
25 | bottle N indoor
26 | box N indoor
27 | bridge \ \ \ traffic
28 | buffet N indoor
29 | building \ \ \ pollutant dispersion
30 | bulletin board N indoor
31 | bus N N N traffic
32 | cabinet N indoor
33 | canopy \ \ not found in GSV images in Blacksburg
34 | car N N N traffic
35 | case N indoor
36 | ceiling \ indoor
37 | chair N indoor
38 | chandelier N indoor
39 | chest of drawers N indoor
40 | clock N indoor
41 | coffee table N indoor
42 | column N indoor
43 | computer N indoor
44 | conveyer belt N indoor
45 | counter N indoor
46 | countertop N indoor
47 | cradle N indoor
48 | crtscreen N indoor
49 | curtain N indoor
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Theory-

Theory-
driven:

. o . Reason to include/exclude variables

No. Pre_dlctor A”. driven: Alr . from “Theory-driven: Air pollution
variables variables | Outdoor | pollution- . .
variables | related related variables
variables

50 | cushion \ indoor
51 | desk \ indoor
52 | dirt track \ \ \ dust
53 | dishwasher \ indoor
54 | door \ indoor
55 | earth \ \ \ dust/green space
56 | escalator \ indoor
57 | fan \ indoor
58 | fence N \ no air pollutant emission
59 | field \ \ \ dust/green space
60 | fireplace N indoor
61 | flag N \ no air pollutant emission
62 | floor \ indoor
63 | flower \ \ \ green space
64 | food \ indoor
65 | fountain N \ not found in GSV images in Blacksburg
66 | glass N indoor
67 | grandstand N indoor
68 | grass \ \ \ green space
69 | hill \ \ \ green space
70 | hood \ indoor
71 | house \ \ \ pollutant dispersion
72 | hovel N \ not found in GSV images in Blacksburg
73 | kitchen island \ indoor
74 | lake \ \ not found in GSV images in Blacksburg
75 | lamp \ indoor
76 | land \ \ \ dust/green space
77 | light \ indoor
78 | microwave \ indoor
79 | minibike \ \ \ traffic
80 | mirror \ indoor
81 | monitor \ indoor
82 | mountain \ \ \ green space
83 | ottoman \ indoor
84 | oven \ indoor
85 | painting \ indoor
86 | palm \ \ not found in GSV images
87 | path \ \ \ traffic
88 | person \ \ \ possible emission source
89 | pier \ \ not found in GSV images in Blacksburg
90 | pillow \ indoor
91 | plant \ \ \ green space
92 | plate \ indoor
93 | plaything \ indoor
94 | pole \ \ no air pollutant emission
95 | pool table N indoor
96 | poster N indoor
97 | pot N indoor
98 | radiator \ indoor
99 | railing N \ no air pollutant emission
100 | refrigerator N indoor
101 | river N \ not found in GSV images in Blacksburg

59




Theory-

Predictor All g::sg;y 'ci‘ril;/en. Reason“ to inclu(_je/e>.<cluqe variab_les
No. - . . from “Theory-driven: Air pollution

variables variables | Outdoor | pollution- . .

variables | related related variables
variables

102 | road \ \ \ traffic
103 | rock \ \ \ dust
104 | rug N indoor
105 | runway \ \ \ traffic
106 | sand \ \ \ dust
107 | sconce N indoor
108 | screen N indoor
109 | screen door N indoor
110 | sculpture N \ no air pollutant emission
111 | sea N \ not found in GSV images in Blacksburg
112 | seat N indoor
113 | shelf N indoor
114 | ship N \ not found in GSV images in Blacksburg
115 | shower N indoor
116 | sidewalk \ \ \ traffic
117 | signboard \ \ \ traffic
118 | sink N indoor
119 | sky \ \ \ pollutant dispersion
120 | skyscraper N \ not found in GSV images in Blacksburg
121 | sofa N indoor
122 | stage N indoor
123 | stairs N indoor
124 | stairway N indoor
125 | step \ indoor
126 | stool \ indoor
127 | stove \ indoor
128 | streetlight \ \ \ traffic
129 | swimming pool \ \ not found in GSV images in Blacksburg
130 | swivel chair \ indoor
131 | table \ indoor
132 | tank \ indoor
133 | television receiver | indoor
134 | tent \ \ no air pollutant emission
135 | toilet \ indoor
136 | towel \ indoor
137 | tower \ \ no air pollutant emission
138 | trade name \ \ no air pollutant emission
139 | traffic light \ \ \ traffic
140 | tray \ indoor
141 | tree \ \ \ green space
142 | truck \ \ \ traffic
143 | van \ \ \ traffic
144 | vase \ indoor
145 | wall \ \ \ pollutant dispersion
146 | wardrobe \ indoor
147 | washer N indoor
148 | water N \ not found in GSV images in Blacksburg
149 | waterfall N \ not found in GSV images in Blacksburg
150 | windowpane N \ no air pollutant emission

60




within 2,000m of air quality monitoring locations

Table 2-S2. Descriptive statistics of features extracted from sampled GSV images

No. Feature Min. 1st Qu. Median Mean 3rd Qu. Max. Standard Deviation
1 airplane 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.87E-06 | 0.00E+00 | 4.49E-03 | 9.23E-05
2 animal 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.01E-06 | 0.00E+00 | 4.93E-03 | 7.17E-05
3 apparel 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
4 arcade machine 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
5 armchair 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
6 ashcan 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.57E-04 | 0.00E+00 | 1.90E-02 | 8.46E-04
7 awning 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.74E-05 | 0.00E+00 | 2.60E-02 | 4.94E-04
8 bag 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.23E-06 | 0.00E+00 | 3.84E-03 | 6.61E-05
9 ball 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
10 bannister 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.42E-05 | 0.00E+00 | 1.32E-02 | 2.17E-04
11 bar 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
12 barrel 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
13 base 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.30E-05 | 0.00E+00 | 1.63E-02 | 3.54E-04
14 basket 0.00E+00 | 0.00E+00 | 0.00E+00 | 7.22E-07 | 0.00E+00 | 2.13E-03 | 3.08E-05
15 bathtub 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.00E-06 | 0.00E+00 | 8.10E-03 | 8.03E-05
16 bed 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.98E-06 | 0.00E+00 | 1.71E-02 | 1.94E-04
17 bench 0.00E+00 | 0.00E+00 | 0.00E+00 | 4.50E-05 | 0.00E+00 | 1.46E-02 | 3.49E-04
18 bicycle 0.00E+00 | 0.00E+00 | 0.00E+00 | 6.68E-06 | 0.00E+00 | 6.95E-03 | 1.35E-04
19 blanket 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
20 blind 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
21 boat 0.00E+00 | 0.00E+00 | 0.00E+00 | 5.81E-06 | 0.00E+00 | 8.19E-03 | 1.33E-04
22 book 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
23 bookcase 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
24 booth 0.00E+00 | 0.00E+00 | 0.00E+00 | 6.39E-08 | 0.00E+00 | 7.00E-04 | 6.69E-06
25 bottle 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.61E-07 | 0.00E+00 | 1.19E-03 | 1.21E-05
26 box 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.68E-05 | 0.00E+00 | 2.39E-02 | 7.09E-04
27 bridge 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.87E-04 | 0.00E+00 | 1.47E-01 | 3.74E-03
28 buffet 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
29 building 0.00E+00 | 1.02E-03 | 6.16E-03 | 1.93E-02 | 1.87E-02 | 5.60E-01 | 3.91E-02
30 bulletin board 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
31 bus 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.22E-04 | 0.00E+00 | 1.45E-01 | 2.82E-03
32 cabinet 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.48E-06 | 0.00E+00 | 7.83E-03 | 1.18E-04
33 canopy 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.85E-06 | 0.00E+00 | 8.43E-03 | 9.41E-05
34 car 0.00E+00 | 1.54E-04 | 1.46E-03 | 7.82E-03 | 6.27E-03 | 1.84E-01 | 1.68E-02
35 case 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
36 ceiling 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.75E-04 | 0.00E+00 | 3.93E-01 | 7.78E-03
37 chair 0.00E+00 | 0.00E+00 | 0.00E+00 | 6.11E-06 | 0.00E+00 | 7.26E-03 | 1.23E-04
38 chandelier 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
39 chest of drawers 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
40 clock 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.47E-07 | 0.00E+00 | 7.59E-04 | 1.20E-05
41 coffee table 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
42 column 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.53E-05 | 0.00E+00 | 4.49E-02 | 7.36E-04
43 computer 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
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No. Feature Min. 1st Qu. Median Mean 3rd Qu. Max. Standard Deviation
44 conveyer belt 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.07E-07 | 0.00E+00 | 3.36E-03 | 3.21E-05
45 counter 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.90E-06 | 0.00E+00 | 7.52E-03 | 9.73E-05
46 countertop 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
47 cradle 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
48 crt screen 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.43E-08 | 0.00E+00 | 3.76E-04 | 3.59E-06
49 curtain 0.00E+00 | 0.00E+00 | 0.00E+00 | 4.89E-07 | 0.00E+00 | 4.95E-03 | 4.75E-05
50 cushion 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
51 desk 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.31E-07 | 0.00E+00 | 1.34E-03 | 1.62E-05
52 dirt track 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.10E-04 | 0.00E+00 | 6.09E-02 | 1.49E-03
53 dishwasher 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
54 door 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.26E-05 | 0.00E+00 | 2.69E-02 | 3.60E-04
55 earth 0.00E+00 | 2.17E-04 | 5.88E-03 | 2.65E-02 | 3.24E-02 | 3.36E-01 | 4.52E-02
56 escalator 0.00E+00 | 0.00E+00 | 0.00E+00 | 7.37E-07 | 0.00E+00 | 3.90E-03 | 4.42E-05
57 fan 0.00E+00 | 0.00E+00 | 0.00E+00 | 6.17E-08 | 0.00E+00 | 6.64E-04 | 6.35E-06
58 fence 0.00E+00 | 0.00E+00 | 7.63E-05 | 3.76E-03 | 2.25E-03 | 1.98E-01 | 9.63E-03
59 field 0.00E+00 | 0.00E+00 | 0.00E+00 | 4.70E-03 | 3.30E-05 | 3.20E-01 | 1.99E-02
60 fireplace 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
61 flag 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.14E-06 | 0.00E+00 | 2.03E-02 | 2.19E-04
62 floor 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.46E-04 | 0.00E+00 | 1.34E-01 | 2.50E-03
63 flower 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.90E-05 | 0.00E+00 | 2.47E-02 | 5.15E-04
64 food 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.85E-06 | 0.00E+00 | 1.43E-02 | 1.41E-04
65 fountain 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.20E-06 | 0.00E+00 | 5.87E-03 | 8.58E-05
66 glass 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.84E-09 | 0.00E+00 | 2.01E-05 | 1.92E-07
67 grandstand 0.00E+00 | 0.00E+00 | 0.00E+00 | 8.38E-06 | 0.00E+00 | 3.83E-02 | 4.29E-04
68 grass 0.00E+00 | 5.63E-02 | 1.05E-01 | 1.08E-01 | 1.53E-01 | 3.51E-01 | 6.73E-02
69 hill 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.27E-04 | 0.00E+00 | 6.62E-02 | 2.22E-03
70 hood 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
71 house 0.00E+00 | 0.00E+00 | 2.54E-04 | 7.09E-03 | 8.95E-03 | 1.21E-01 | 1.36E-02
72 hovel 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.78E-06 | 0.00E+00 | 2.36E-02 | 3.69E-04
73 kitchen island 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
74 lake 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.91E-06 | 0.00E+00 | 1.59E-02 | 1.97E-04
75 lamp 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.20E-08 | 0.00E+00 | 1.02E-04 | 1.31E-06
76 land 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.53E-06 | 0.00E+00 | 1.24E-02 | 1.27E-04
77 light 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.18E-07 | 0.00E+00 | 1.15E-03 | 1.72E-05
78 microwave 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
79 minibike 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.24E-06 | 0.00E+00 | 1.52E-02 | 2.48E-04
80 mirror 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.31E-08 | 0.00E+00 | 1.02E-03 | 9.74E-06
81 monitor 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
82 mountain 0.00E+00 | 0.00E+00 | 0.00E+00 | 5.64E-04 | 2.32E-05 | 1.25E-01 | 4.07E-03
83 ottoman 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
84 oven 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
85 painting 0.00E+00 | 0.00E+00 | 0.00E+00 | 5.47E-07 | 0.00E+00 | 2.56E-03 | 2.96E-05
86 palm 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.12E-06 | 0.00E+00 | 2.37E-02 | 3.35E-04
87 path 0.00E+00 | 0.00E+00 | 2.44E-06 | 4.81E-03 | 2.80E-03 | 2.13E-01 | 1.26E-02
88 person 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.17E-04 | 3.05E-06 | 3.71E-02 | 7.35E-04
89 pier 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.23E-08 | 0.00E+00 | 2.44E-04 | 2.33E-06
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No. Feature Min. 1st Qu. Median Mean 3rd Qu. Max. Standard Deviation
90 pillow 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
91 plant 0.00E+00 | 4.80E-04 | 4.87E-03 | 1.41E-02 | 1.72E-02 | 2.47E-01 | 2.31E-02
92 plate 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.16E-07 | 0.00E+00 | 6.68E-04 | 7.14E-06
93 plaything 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.14E-07 | 0.00E+00 | 2.18E-03 | 2.34E-05
94 pole 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.07E-04 | 5.49E-05 | 2.80E-02 | 1.12E-03
95 pool table 0.00E+00 | 0.00E+00 | 0.00E+00 | 6.91E-09 | 0.00E+00 | 7.02E-05 | 6.73E-07
96 poster 0.00E+00 | 0.00E+00 | 0.00E+00 | 4.89E-07 | 0.00E+00 | 2.31E-03 | 2.72E-05
97 pot 0.00E+00 | 0.00E+00 | 0.00E+00 | 8.22E-06 | 0.00E+00 | 3.76E-03 | 8.72E-05
98 radiator 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.27E-07 | 0.00E+00 | 3.58E-03 | 3.42E-05
99 railing 0.00E+00 | 0.00E+00 | 0.00E+00 | 7.83E-05 | 0.00E+00 | 4.96E-02 | 1.01E-03
100 refrigerator 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
101 river 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.22E-04 | 0.00E+00 | 5.32E-02 | 1.50E-03
102 road 0.00E+00 | 2.08E-01 | 2.63E-01 | 2.58E-01 | 3.09E-01 | 4.61E-01 | 7.29E-02
103 rock 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.40E-04 | 0.00E+00 | 3.53E-02 | 1.45E-03
104 rug 0.00E+00 | 0.00E+00 | 0.00E+00 | 5.91E-07 | 0.00E+00 | 4.30E-03 | 4.39E-05
105 runway 0.00E+00 | 0.00E+00 | 0.00E+00 | 4.60E-06 | 0.00E+00 | 9.24E-03 | 1.65E-04
106 sand 0.00E+00 | 0.00E+00 | 0.00E+00 | 8.68E-05 | 0.00E+00 | 5.84E-02 | 1.24E-03
107 sconce 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.18E-07 | 0.00E+00 | 8.26E-04 | 8.52E-06
108 screen 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.68E-07 | 0.00E+00 | 1.40E-03 | 1.40E-05
109 screen door 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
110 sculpture 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.97E-06 | 0.00E+00 | 4.96E-03 | 6.49E-05
111 sea 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.07E-06 | 0.00E+00 | 3.86E-03 | 4.27E-05
112 seat 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
113 shelf 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.48E-08 | 0.00E+00 | 1.04E-03 | 9.92E-06
114 ship 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.51E-06 | 0.00E+00 | 1.64E-02 | 1.56E-04
115 shower 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
116 sidewalk 0.00E+00 | 0.00E+00 | 8.39E-04 | 1.32E-02 | 1.53E-02 | 3.56E-01 | 2.53E-02
117 signboard 0.00E+00 | 1.47E-05 | 1.92E-04 | 6.30E-04 | 5.93E-04 | 4.69E-02 | 1.62E-03
118 sink 0.00E+00 | 0.00E+00 | 0.00E+00 | 4.34E-08 | 0.00E+00 | 3.03E-04 | 3.33E-06
119 sky 7.66E-03 | 1.98E-01 | 2.95E-01 | 2.81E-01 | 3.76E-01 | 4.85E-01 | 1.15E-01
120 skyscraper 0.00E+00 | 0.00E+00 | 0.00E+00 | 6.30E-09 | 0.00E+00 | 6.90E-05 | 6.59E-07
121 sofa 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.24E-08 | 0.00E+00 | 3.55E-04 | 3.39E-06
122 stage 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
123 stairs 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.92E-05 | 0.00E+00 | 1.98E-02 | 6.67E-04
124 stairway 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.58E-05 | 0.00E+00 | 1.45E-02 | 2.40E-04
125 step 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.87E-07 | 0.00E+00 | 2.14E-03 | 2.21E-05
126 stool 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.29E-09 | 0.00E+00 | 2.44E-05 | 2.33E-07
127 stove 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
128 streetlight 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.84E-04 | 1.08E-04 | 8.89E-03 | 4.77E-04
129 swimming pool 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.20E-06 | 0.00E+00 | 1.23E-02 | 1.17E-04
130 swivel chair 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.90E-09 | 0.00E+00 | 2.08E-05 | 1.98E-07
131 table 0.00E+00 | 0.00E+00 | 0.00E+00 | 5.41E-06 | 0.00E+00 | 9.82E-03 | 1.46E-04
132 tank 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.96E-07 | 0.00E+00 | 5.30E-03 | 5.65E-05
133 television receiver | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
134 tent 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.69E-05 | 0.00E+00 | 1.37E-01 | 1.34E-03
135 toilet 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
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No. Feature Min. 1st Qu. Median Mean 3rd Qu. Max. Standard Deviation
136 towel 0.00E+00 | 0.00E+00 | 0.00E+00 | 8.09E-08 | 0.00E+00 | 8.86E-04 | 8.46E-06
137 tower 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.84E-06 | 0.00E+00 | 8.84E-03 | 1.39E-04
138 trade name 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.64E-05 | 0.00E+00 | 1.57E-02 | 3.40E-04
139 traffic light 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.83E-05 | 0.00E+00 | 1.23E-02 | 3.80E-04
140 tray 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.55E-08 | 0.00E+00 | 3.86E-04 | 3.69E-06
141 tree 2.23E-03 | 1.16E-01 | 2.17E-01 | 2.43E-01 | 3.48E-01 | 8.27E-01 | 1.54E-01
142 truck 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.56E-04 | 0.00E+00 | 1.91E-01 | 4.02E-03
143 van 0.00E+00 | 0.00E+00 | 0.00E+00 | 1.64E-04 | 0.00E+00 | 6.99E-02 | 1.71E-03
144 vase 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
145 wall 0.00E+00 | 0.00E+00 | 1.20E-04 | 2.62E-03 | 1.52E-03 | 4.56E-01 | 1.07E-02
146 wardrobe 0.00E+00 | 0.00E+00 | 0.00E+00 | 3.09E-08 | 0.00E+00 | 3.39E-04 | 3.24E-06
147 washer 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00 | 0.00E+00
148 water 0.00E+00 | 0.00E+00 | 0.00E+00 | 4.62E-04 | 0.00E+00 | 9.80E-02 | 3.27E-03
149 waterfall 0.00E+00 | 0.00E+00 | 0.00E+00 | 9.88E-06 | 0.00E+00 | 1.64E-02 | 2.70E-04
150 windowpane 0.00E+00 | 0.00E+00 | 0.00E+00 | 2.12E-06 | 0.00E+00 | 5.39E-03 | 7.06E-05
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Table 2-S3. Model results for BC estimation using theory-driven feature selection

No. All variables Theory-driven: Outdoor variables Theory-driven: Air - pollution-
related variables

1 variable coefficient variable coefficient | variable coefficient

2 building_250 1.48E+00 building_250 7.28E-01 building_250 6.38E-01

3 pool table_1750 | 1.87E+06 sea 1250 3.32E+04 | traffic light_1000 | 1.01E+03

4 stool_1500 -1.16E+07 ship_1000 4.49E+03 | plant_500 -4.85E+00

5 ashcan_1250 1.65E+02 road_250 1.37E+00 | bridge_250 5.02E+01

6 hovel 2000 -6.51E+03 swimming pool_1250 | 6.21E+03 | road_central 4.18E-01

7 bag 250 -2.10E+03 sand_1750 -1.54E+03 | truck 2000 -1.88E+02

8 sand_500 5.17E+02 tent_250 8.37E+01 mountain_750 -1.81E+02

9 ship_250 5.20E+02 fence_1250 -3.27E+01 | sand_500 4.34E+02

10 tent_250 5.73E+01 fountain_750 -4.62E+03 | land_1000 1.34E+04

11 rock_250 -1.18E+02 awning_500 2.22E+02 | streetlight_250 1.91E+02

12 cabinet_250 -1.50E+03 minibike_central 1.15E+02

13 canopy_1000 4.11E+03 lake_750 2.28E+03

14 tower_250 1.29E+03 hill_central 7.42E+01

15 painting_central | 1.74E+04 tower_250 1.03E+03

16 sconce_1000 -7.73E+04 skyscraper_500 -3.03E+05

17 wall_250 1.46E+01 hovel_250 -1.25E+03

18 shelf 1500 1.45E+05 river_750 -1.19E+02

19 waterfall_1750 | -5.18E+03 runway_ 500 -9.76E+02

20 flower_750 -3.08E+02 mountain_250 -3.75E+01

21 poster_750 8.71E+03

Intercept 1.10E+00 8.49E-01 1.03E+00

adjusted R? | 0.77 0.72 0.63

gg'fo'd CVlo042 0.61 0.57

(Ru'\g"/i%) 0.20 0.22 0.26
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Table 2-S4. Model results for PN estimation using theory-driven feature selection

No. All variables Theory-driven: Outdoor variables Theory-driven: Air - pollution-
related variables

1 variable coefficient variable coefficient | variable coefficient
2 river_2000 -2.29E+03 river_2000 -2.13E+03 | streetlight 250 2.20E+02
3 signboard 250 | 6.22E+01 signboard_250 6.74E+01 | truck 2000 9.36E+02
4 counter_1250 9.11E+03 grass_central -8.95E-01 | bridge_250 1.16E+02
5 awning_250 3.04E+02 ship_750 6.70E+03 | traffic light_750 2.43E+03
6 bed_ 250 -5.99E+05 rock_2000 2.12E+03 | grass_1000 4.84E+00
7 ship_750 5.27E+03 building_central 1.52E+00 | path_central -3.70E+00
8 grass_250 -2.11E+00 tent_250 2.42E+02 building_central 1.52E+00
9 food_750 -5.35E+03 sand_1500 -2.19E+03 | sand_250 -5.50E+02
10 gz:ﬁ)go -5.83E+04 | dirt track_1000 5.75E+02 | plant_250 9.69E+00
11 building_central | 1.19E+00 wall_250 2.23E+01 house_250 -3.31E+00
12 tent_250 1.93E+02 canopy_1000 5.84E+03 | wall_250 2.38E+01
13 path_central -3.41E+00 animal_250 9.06E+03 | land_250 -3.93E+03
14 light_1500 9.72E+04 road_250 1.35E+00
15 desk_central 3.40E+04 car_250 4.73E+00
16 pot_central 2.58E+02 flower_1000 8.22E+02
17 mountain_250 6.32E+01
18 runway_1750 4.88E+03
Intercept 8.97E+00 8.44E+00 7.03E+00

adjusted R? | 0.77 0.74 0.73

o ToldCV T 57 0.65 0.65

2)':;';53) 821 916 954

66




Table 2-S5. Number of input predictor variables offered to the buffer-feature models

using different feature selection methods

Feature selection

Number of variables

method Variable types offered
None All variables 1350
Theory-driven Outdoor variables 513
Theory-driven Air pollution related variables 279
Data-driven All variables 252-659
Integrated Outdoor variables 216-478
Integrated Air pollution related variables 188-278
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Table 2-S6. Results of the best BC and PN buffer-feature models

feature selection

using data-driven

No. BC PN

1 variable coefficient | variable coefficient
2 building_250 5.23E-01 | river_2000 -2.50E+03
3 traffic light_1000 | 9.09E+02 | signboard_250 5.49E+01
4 plant_500 -7.10E+00 | counter_1250 1.19E+04
5 ashcan_1250 6.36E+02 | awning_250 3.49E+02
6 road_central 1.94E-01 | grandstand_1250 | -3.98E+03
7 door_500 -9.14E+02 | grass_250 -2.51E+00
8 water_1250 1.18E+02 | field 500 1.81E+01
9 railing_1000 -5.17E+02 | sand_250 -4, 74E+02
10 signboard_500 1.39E+02 | path_central -3.08E+00
11 rock 250 -1.43E+02 | house_central -2.26E+00
12 streetlight_central | 2.69E+01 | canopy_1000 1.04E+04
13 grandstand_1750 | 3.49E+03 | chair_2000 -2.08E+04
14 fence_750 -2.37E+01 | building_central 8.54E-01
15 sand_500 3.39E+02 | bathtub_1500 -2.69E+04
16 truck_1000 -1.10E+02 | pot_central 2.40E+02
17 grass_250 -1.10E+00 | door_500 -1.45E+03
18 hill_1500 -8.43E+01 | wall_250 1.33E+01
19 tent_250 8.21E+01
20 van_central -1.12E+01
21 land_1500 -8.59E+03
22 hovel _500 -9.56E+02
23 streetlight_central | 4.52E+01
Intercept 1.12E+00 9.21E+00

adjusted R? 0.72 0.80

10-fold CV R? | 0.60 0.70

RMSE 0.22 (ng/m°) 807 (pt/cm?)
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Table 2-S7. Summary of buffer-feature models and reduced buffer-feature models for air pollution estimation (all models used the integrated theory- and data-

driven feature selection and the air pollution-related predictor variables)

10-fold CV

Pollutants  Model type Predictor variables Number of selected variables Adjusted R? R? RMSE
Buffer-feature model central (50m) + buffer (250-2000m) 9~12 0.57~0.64 0.50~0.57 0.25-0.28
buffer (250-2000m) 9~15 0.59~0.65 0.48~0.59 0.25-0.27
BC (ug/m®) buffer (500-2000m) 11~12 0.59~0.60 0.51~0.53 0.27-0.27
Reduced buffer-feature models
buffer (750-2000m) 7~12 0.51~0.58 0.48~0.51 0.27-0.30
buffer (1000-2000m) 4~12 0.36~0.56 0.34~0.50 0.28-0.34
Buffer-feature model central (50m) + buffer (250-2000m) 11~17 0.65~0.73 0.61~0.66 941-1030
buffer (250-2000m) 11~20 0.66~0.72 0.60~0.64 980-1076
PN (pt/cm?3) buffer (500-2000m) 10~14 0.55~0.62 0.48~0.56 1127-1213
Reduced buffer-feature models
buffer (750-2000m) 6~9 0.48~0.53 0.42~0.49 1264-1329
buffer (1000-2000m) 4~6 0.35~0.47 0.32~0.43 1324-1475
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Table 2-S8.

Results of the Global Moran’s I test for 4 types of GSV-only buffer-feature models

Inverse Distance Inverse Distance Squared Fixed Distance
Pollutants | Models 300m 500m 300m 500m 300m 500m
Moran's I | p-value | Moran's I | p-value | Moran's I | p-value | Moran's I | p-value | Moran's I | p-value | Moran's I | p-value
All variables 0.15 0.00 0.09 0.00 0.23 0.00 0.19 0.00 0.07 0.01 0.02 0.19
Theory-driven: . 0.32 000 |022 0.00 | 0.40 0.00 | 034 0.00 |0.25 0.00 |[0.12 0.00
BC Air pollution related variables
(ng/m’) . .
Data-driven: All variables 0.18 0.00 0.09 0.00 0.26 0.00 0.21 0.00 0.09 0.00 0.00 0.86
Integrated: . 0.32 0.00 0.22 0.00 0.40 0.00 0.34 0.00 0.25 0.00 0.12 0.00
air pollution related variables
All variables 0.15 0.00 0.10 0.00 0.21 0.00 0.18 0.00 0.09 0.00 0.04 0.02
Theory-driven: . 0.21 000 |0.15 0.00 | 0.25 000 |022 0.00 |o0.16 0.00 | 0.09 0.00
PN Air pollution related variables
(pt/em’) . )
Data-driven: All variables 0.06 0.03 0.02 0.22 0.11 0.00 0.09 0.01 0.02 0.46 -0.03 0.20
Integrated: . 0.22 0.00 0.16 0.00 0.26 0.00 0.22 0.00 0.17 0.00 0.10 0.00
air pollution related variables

70




200

150

100

Frequency

50

-9 -8 -7 -6 -5 -4 -3 -2 -1 0
lg,o (mean of predictor variables)

Figure 2-S1. Histogram of the mean of 1,350 predictor variables. The values were

log-transformed to determine the magnitude of thresholds for data filtering.
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Figure 2-S2. Histograms of the multiplicative background adjusted BC and PN

concentrations.
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Figure 2-S3. Spatial distribution of the sampled GSV images and examples of built and
natural environment characteristics derived from the images. (a) GSV images sampled,

(b) road distribution, and (c) tree cover distribution.
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Figure 2-S4. Comparison of central-feature models with different distance ranges. The

predictor variables for both models were “Theory-driven: Air pollution-related

variables”.
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Figure 2-S5. Model performance of buffer-feature models among different scenarios

10-fold CV R?
Minimum mean percent
Minimum mean percent

using data-driven feature selection. The upper panel shows adjusted R? of the models
and the bottom panel shows 10-fold cross validation R2. Analogous plots for the central-

feature models are in Figure 2-S6.

75



10°
0

05 0.5
0.3 0.3
0.32 .28 .28
0.2 0.2
-0 -0

BC
-

10+
104

0.41 0.40 0.39
b

Adjusted R?
Minimum mean percent

10°

Minimum mean percent
0

Mmeum NoNzero percent Minimum nonzero perceut
0.5 0.5
w U= 7 033 0.33 04 .2 04
=4 E 5
g
2 Z 03 g 03
T =
2 ik 0.33 p Z
< 0.2 0.2
= E £
- E £
E . =
sz 5 032 034 033 -0l R 026 024 024 0.25 024 p 0.1
-0 " ' . ' . -0
0.0 0.2 0.4 0.6 0.8
Mlmmum nonzero percent Minimum nonzero percent

Figure 2-S6. Model performance of the central-feature models among different
scenarios using the data-driven feature selection. The upper panel shows adjusted R? of

the models and the bottom panel shows 10-fold cross validation R2.
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Figure 2-S7. Density plots of estimated BC and PN concentrations using 4 types of

GSV-only models. All distributions were similar and highly positive-skewed.
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Figure 2-S8. Comparison among GSV-only model estimates and previous LUR model
estimates. Figures from the left to right columns were estimates using reduced buffer-
feature models with the additive method, estimates using reduced models with the
simplified method, and estimates using previous LUR models with traditional predictor
variables. Due to highly right-skewed distributions of the predicted concentrations, the
color bar was scaled from minimum to the 95™ percentile to better visualize spatial

patterns of the data.
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Figure 2-S9. The spatial distribution of mobile monitoring measurements and the
results of LISA test for GSV-only model residuals. We used the integrated buffer-
feature models with air pollution-related variables to illustrate the results of the LISA
analysis (500m threshold). High-High and Low-Low cluster represent statistically
significant clusters of underestimates and overestimates of particulate air pollution —
these clusters are the most important for the models presented in this paper. A High-
Low (Low-High) outlier are where a high (low) residual value is surrounded primarily

by low (high) residual values.
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Figure 2-S10. Comparison of BC model uncertainty for the GSV-only model presented
in this paper and the previously published LUR model with traditional GIS predictor
variables. We used the integrated buffer-feature model with air pollution-related
variables as an example. The upper panel shows model fits; the bottom panel shows
standard error for model prediction. The model fits are transformed back to original

values for illustration.
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Figure 2-S11. Comparison of PN model uncertainty for the GSV-only model presented

in this paper and the previously published LUR model with traditional GIS predictor

variables. We used the integrated buffer-feature model with air pollution-related

variables as an example. The upper panel shows model fits; the bottom panel shows

standard error for model prediction. The model fits are transformed back to original

values for illustration.
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ABSTRACT: Land Use Regression (LUR) models are widely applied to estimate intra-
urban air pollution concentrations. National-scale LURs typically employ predictors
from multiple curated geodatabases at neighborhood scales. In this study, we instead
developed national NO2 models relying on innovative street-level predictors extracted
from Google Street View [GSV] imagery. Using machine learning (random forest), we
developed two types of models: (1) GSV-only models, which use only GSV features,
and (2) GSV+OMI models, which also include satellite observations of NO2. Our
results suggest that street view imagery alone may provide sufficient information to
explain NO2 variation. Satellite observations can improve model performance, but the
contribution decreases as more images are available. Random 10-fold cross validation
R? of our best models were 0.88 (GSV-only) and 0.91 (GSV+OMI) — performance that
is comparable to traditional LUR approaches. Importantly, our models show that street-
level features might have the potential to better capture intra-urban variation of NO2
pollution than traditional LUR. Collectively, our findings indicate that street view
image-based modeling has great potential for building large scale air quality models
under a unified framework. Towards that goal, we describe a cost-effective image
sampling strategy for future studies based on a systematic evaluation of image

availability and model performance.

Keywords: empirical models, exposure assessment, air quality, image sampling and

processing, computer vision, machine learning
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3.1 Introduction

Nitrogen dioxide (NO2) is an important traffic related air pollutant (TRAP) and a
criteria pollutant. NO2 has been associated with a wide range of adverse health effects,
including premature mortality, asthma, lung cancer, and cardiovascular disease.'® As a
short-lived pollutant, NO2 concentrations decay rapidly near emission sources, with
published estimates of typical distance-decay gradients ranging from <500 m to <2000
m depending on the atmospheric dispersion conditions.”° Capturing intra-urban
variations of NO2 concentrations is essential for accurately assessing human exposure
to NO: and the corresponding health outcomes.1*2 Among the many efforts to improve
the spatial resolution of air quality models, land use regression (LUR) has been
frequently applied as a cost-effective way to estimate fine-scale ambient air pollutant
concentrations.'® According to a review, LUR was the most popular method for NOx
studies in the last decade.!’

National LUR models have been developed for, e.g., the United States!®?!,
Australia??2, in Europe®*%, and China??’. Traditional LUR models rely on predictors
collected from curated GIS-derived databases.*®>?® For example, Kim et al. collected
geographic variables from 11 categories to build national air quality models, including
traffic, population, land use, elevation, emissions, and satellite estimates.*® Larkin et al.
developed a global NO2 LUR model using satellite estimates and land use variables,
including normalized difference vegetation index, impervious surface, road length, and
emission sources.?® However, the availability of curated GIS-derived databases may
vary across jurisdictions®® and preprocessing geographic predictors originating from
various data sources can be a labor intensive process. Additionally, there is evidence
that traditional GIS variables may not capture street-level features that may be

important determinants of air quality.**3!
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In recent years, innovative image data sources (e.g., street view imagery, high
resolution satellite imagery) have emerged as possible tools to capture hyperlocal
characteristics of the natural and built environment. Image-based data may be
promising for replacing or augmenting traditional LUR predictors®>* when enabled by
imagery processing techniques (i.e., computer vision) and advanced modeling (e.g.,
machine learning).3* For example, information (e.g., traffic, land use, built environment
features) provided by traditional LUR predictors are also encoded in high-resolution
digital images,® and can be extracted and quantified via advanced computer vision
techniques. Compared to traditional curated geodatabases, image data sources allow
consistent and uniform data collection and processing across jurisdictions.

As an emerging research topic, a small number of studies have explored using these
new data sources to build empirical air quality models.32333-38 For example, Lu et al.
compared national empirical models of six criteria pollutants using traditional LUR
variables versus microscale variables (e.g., street view imagery, point of interest, local
climate zones).®? Similar model performance was achieved using the various
combinations of variables, suggesting that microscale variables could be a suitable
substitute for traditional predictors. Another study trained convolutional neural
networks (CNN) on Google Maps satellite and street-level images, together with
traditional LUR variables, to predict ultrafine particle (UFP) and black carbon (BC)
concentrations.®® Those results suggest that images may capture similar features as
traditional GIS predictors while also allowing for inclusion of higher resolution (i.e.,
street-level) features that traditional GIS variables lack.®” Another notable trend in
recent air quality modeling studies is the adoption of advanced machine learning
approaches to improve model performance, including random forest3®#!, gradient

boosting*?*3, artificial neural network*-4¢, and hybrid algorithms*8,
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Our previous study successfully developed single-city LUR models solely using
street view images.®® In this study, we scale this approach to develop national NO2
models for 2007-2019 using street view images and machine learning algorithms. Using
the EPA fixed-site network as a basis (dependent variable), we employed the same
image processing protocol developed in our previous study®® to extract street-level
features for modeling. We developed two types of random forest models, using: 1)
Google Street View (GSV) imagery, and 2) GSV features plus satellite observations of
NO: tropospheric vertical columns. To our knowledge, this is the first national NO2
model which is based on street view imagery. We systematically assess the impact of
GSV image availability on model performance, which may provide important evidence
for optimal image sampling strategies for future image-based air quality modeling
studies.

3.2 Materials and methods

3.2.1 Modeling variables

Figure 3-1 shows the sampling and processing procedure for preparing variables for
modeling. We collected annual-average NO2z concentrations at EPA monitors across the
contiguous U.S. during 2007-2019 from the EPA AQS dataset. For predictor variables,
we used street-level features extracted from GSV images and satellite observations of
NOz2 tropospheric column density. In this paper, we use the term “GSV image” to refer
to GSV panoramic images with unique image IDs. Each unique “GSV image” has 4
flat images corresponding to the 4 cardinal directions.

3.2.1.1 GSV image derived variables

We downloaded 336,544 GSV flat images within 500 m of EPA NO2 monitors. For
image collection and processing, we followed a similar procedure as detailed in our

previous study.%® Specifically, we created 100 m %100 m grids within 500 m of each
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EPA monitor and retrieved the metadata for all GSV images within the grid cells. To
improve temporal consistency between the NO2 observations and GSV features, we
constrained the selection of GSV images such that only images taken during the same
year or within the previous 4 years of the NO2 observations were downloaded and
processed. Further details about the choice of image inclusion by year are explained in
the modeling approach section. After image retrieval, we used a deep learning model
called Pyramid Scene Parsing Network (PSPNet),* to extract GSV features through
image semantic segmentation (i.e., each pixel of the image is assigned to a feature
category). A total of 150 GSV features were extracted through PSPNet processing. To
improve the model interpretation, we removed features that are unrelated to air
pollution (47 variables (Table 3-S1) remained for model development). We categorized
GSV features into 7 subgroups: built environment (n=8), transport network (n=8),
transport vehicles (n=9), natural (n=8), vegetation (n=6), water (n=6), and human
(n=2). To tabulate GSV features for modeling, we stratified the GSV images into
different buffer radii. Within each buffer radius, we calculated the mean percentage of
GSV features to represent the surrounding natural and built environment characteristics.
Unless specified otherwise, we used 250 m and 500 m buffer radii as the default for
modeling.

3.2.1.2 Satellite variable

We also retrieved satellite observations of NOz from the Ozone Monitoring Instrument
(OMI). OMI was launched in 2004 on the Aura platform and has a nadir footprint of
approximately 13 km %24 km.>® Many studies have demonstrated the predictive power
of satellite-based variables in NO2 models.®?14351 Some studies found that directly
adopting the satellite column density into the LUR model is sufficient for modeling,

suggesting the extra step for estimating column-to-surface ratio may be
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unnecessary.??2 In our study, we directly used the satellite observations (column
density) at the EPA sites as an additional model predictor. We obtained OMI NO2
tropospheric column density from the OMI L3 product (OMI/Aura NO2 Tropospheric,
Stratospheric & Total Columns MINDS Daily L3 Global Gridded 0.25° x 0.259°%
provided by the NASA Goddard Earth Sciences Data and Information Services Center
(GESDISC). For data guality control, we used the cloud screened tropospheric vertical
column density with effective cloud fraction (ECF) < 0.3, solar zenith angle (SZA) <
85 degree, and the primary summary quality flag indicating good data.

3.2.2 Modeling approach

Since GSV images are not updated at a uniform rate across regions, the density of
available images in the vicinity of NO2 monitors varies depending on the site location
and year. Figure 3-1-C demonstrates the spatiotemporal variation of image availability
using one EPA site for illustration; here (as with many locations), image availability
varies by year and in extreme cases there may be no images for certain years. To
systematically analyze the impact of GSV image availability on model performance,
we designed 5 scenarios for temporal matching of images as model inputs (see Table
3-S2). The strictest scenario (i.e., scenario 1) uses only GSV images from the same year
of the NOz observations. Since the built environment changes slowly in developed
countries such as the U.S., we relaxed the temporal match criteria in other scenarios.
The relaxed scenarios (i.e., scenario 2-5) further include GSV images from the previous
1-4 years before the NO2 observations. As a result, the dataset for a stricter scenario
(i.e., fewer years) is always a subset of the more relaxed scenario. Data summaries for
each scenario are shown in Table 3-S2. Once all model variables were preprocessed,
we developed two types of random forest models: 1) GSV-only models which solely

relied on GSV features, and 2) GSV+OMI models which used both GSV features and
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the OMI variable. Both models included the year of NO2 observation as a dummy

variable in the model.

* NO; EPA monitors (2007-2019)’
« GSV images within 500m

o

Figure 3-1. NO2 measurement and GSV locations for the national NO2 models. (A)
Spatial distribution of NO2 EPA monitors and GSV images within 500 m of monitors.
(B) Example of GSV features extracted via image semantic segmentation. (C)
Illustration of spatiotemporal variation in GSV image availability for one EPA monitor.
3.2.3 Model evaluation

To compare model performance among different scenarios, we report cross validation
(CV) R?, mean absolute error (MAE), and root mean squared error (RMSE). Our default
cross validation approach is a random 10-fold cross validation for which all NO:
records were randomly divided into 10 subsets. Each subset was sequentially held out
as the test set, a random forest model was trained with the remaining 9 subsets, and
model performance was evaluated on the unseen test set. We iterated this process for
each subset and calculated the overall R? after all subsets were predicted. In addition to
the conventional random 10-fold cross validation, we also report two additional cross
validation strategies: spatial hold out and temporal hold out. More details are in the SI.

3.2.4 Sensitivity analysis for image sampling strategies
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In addition to exploring the influence of temporal matching criteria for image-monitor
pairs, we also examined the impact of image availability on model performance by
using different image sampling strategies. Our base models downloaded all available
images; in this sensitivity analysis, we limited the number of GSV images retrieved for
each 100 m <100 m grid within the 500 m buffer of NO2 monitors. We chose thresholds
of 1, 2, or 3 GSV panoramic images (i.e., 4, 8, or 12 GSV flat images) for each grid
cell. In this paper, we refer to these models as image-limited models. We refer to models
with no image inclusion threshold, i.e., including all GSV images available within the
grid cell for modeling, as image-unlimited models. For image-limited models, when
multiple images from different years were available, we chose images with the best
NO2-GSV temporal match. We also examined image sampling strategies among
different sampling grid sizes. We compared 150 m > 150 m, 200 m %200 m, and 250
m > 250 m grids. Direct comparison between image-unlimited and image-limited
models was feasible within the same temporal matching scenario because the model
training size remained the same among different sampling strategies.
3.3 Results and discussion
3.3.1 Summary of model inputs
We collected 4,867 unique NOz annual-average records for the contiguous U.S. during
the 13-year study period. NO2 concentrations declined over time (Figure 3-S1); the
number of NO2 EPA monitors slightly increased from 356 stations in 2007 to 407 in
2019 (average 374 stations/year during the study period).

GSV image availability varies across region and year (see Figure 3-S2). Hence, not
every NO: site in every year has sufficient GSV images for model training. By
including images from neighboring years, we were able to include a larger training

dataset while striving to capture similar built environment characteristics as the target
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year. In scenario 1, only 42% of NO: annual records had one or more images for the
target year within 250 m of the monitor. Google started collecting street view images
in 2007; image availability at EPA monitors varied by year. We found that 51% of NO2
monitors had GSV images within 250 m in 2007, however, very few EPA monitors had
images in 2008-2010 (e.g., only 5 locations had images in 2010). Relatively more
images were collected in 2011 but the number of NO2-GSV pairs dropped again in
2012-2014. In more recent years, the number of available GSV images generally
increased. By relaxing the requirement for an exact temporal match (e.g., in scenario 5)
far more images are available for modeling, leading to a more balanced training set
across years. Overall, 72% of NO2 annual records were successfully paired with GSV
features in Scenario 5. Among these GSV-NOz2 pairs, the median (P10/P25/P75/P90)
of GSV images within 500 m of one EPA monitor was 53 (12/26/104/164).

Figure 3-S3 shows the spatial distribution of NO2-GSV pairs among years for
scenario 5. GSV image availability near NO2 monitors increased from early years to
present. Variation in GSV image availability among monitor sites also increased, i.e.,
for a given year, some monitors include hundreds of images while others only have a
few images. We also examined the spatial distribution of NO2 monitors which were
excluded from modeling due to insufficient images and found that monitors located
around the Rocky Mountains have the fewest GSV images. In general, the EPA locates
NOz monitors for a variety of purposes (e.g., near-road monitoring, area-wide
monitoring, or to protect susceptible and vulnerable populations). Table 3-S3 shows
the distribution of NO2 monitors by urbanicity (i.e., urban/suburban/rural) using 2019
for illustration: of the 407 monitors, 45% were located in urban areas, versus 28%
(suburban) and 27% (rural). For context, the US population is 32% urban, 47%

suburban, and 22% rural. Because of how GSV images are collected, more images were
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available in urban than in other areas: the proportion of monitors having GSV images
within 500 m in scenario 5 was 96% for urban areas, 84% for suburban areas, and 38%
for rural areas. Detailed descriptive statistics of GSV features for NO2 monitors by
urbannicity are listed in Table 3-S4.

3.3.2 Model results of image-unlimited models

Using the image-unlimited models (i.e., including all images), we compared model
performance among the different NO2-GSV temporal match scenarios and investigated
the ranking of feature importance among models.

3.3.2.1 Model performance

Figure 3-2-A shows the results of the random 10-fold cross validation for both GSV-
only and GSV+OMI models. Figure 3-S4 shows the corresponding results for MAE
and RMSE. Full model performance is shown in Table 3-1. Both GSV-only and
GSV+OMI models showed increasing performance from scenario 1 to scenario 5. With
the addition of satellite observations, the GSV+OMI models outperformed GSV-only
models in all scenarios. In the strictest scenario, the GSV-only model showed moderate
performance (random 10-fold CV R2 0.50; MAE: 2.95 ppb; RMSE: 3.90 ppb) while
the corresponding GSV+OMI model showed improved results (random 10-fold CV R%:
0.69; MAE: 2.26 ppb; RMSE: 3.05 ppb). However, the advantage of adding satellite-
based data gradually narrowed when more images were included in the model. From
scenario 1 to scenario 2, the GSV-only model showed a dramatic jump in model fit with
CV R? increasing 0.26. As more images were included in the model, the model
performance increased but plateaued by scenario 5. Correspondingly, the difference in
the random 10-fold CV R? between GSV+OMI models and GSV-only models
decreased from 0.18 in scenario 1 to 0.02 in scenario 5. A similar decreasing trend was

observed for the feature importance of the OMI variable in the GSV+OMI models. Both
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the GSV-only model (10-fold CV R% 0.88; MAE: 1.25 ppb; RMSE: 1.88 ppb) and
GSV+OMI model (10-fold CV R?: 0.91; MAE: 1.13 ppb; RMSE: 1.69 ppb) achieved
the best performance in scenario 5, where the advantage of the GSV+OMI model over
the GSV-only model became marginal. Compared to other national NO2 modeling
studies (R?: 0.72~0.91),18:2132.33 the performance of our best models was consistent with
or better than previous efforts. Our results indicate that with sufficient images, GSV
imagery alone may explain the variation of long-term national NO2 concentrations.

Relaxing the temporal matching criteria for GSV-NO2 pairs increased both the
number of GSV images included in the model and the available GSV-NO:2 pairs for
model training. To separate the effects of the two factors, we further constrained the
training size of each scenario by choosing the same NO:2 records for model
development. Figure 3-2-B illustrates that when limited to the same training data (i.e.,
the same NO:2 observations), adding more GSV images to the model still increases
model performance significantly. For example, 10-fold CV R? for the GSV-only model
in scenario 5 increased 0.25 compared to scenario 1. Comparatively, the increase for
models without constraints in training size was 0.37. As expected, the model
performance was worse when we limited the training data size and a larger gap between
GSV-only and GSV+OMI models can be observed. The best model fits decreased to
0.76 for the GSV-only model and 0.82 for the GSV+OMI model. Full results are shown
in Table 3-S5.

We examined model performance by comparing model predictions versus
observations. Figure 3-2-C and D illustrate the results for scenario 5 while the full
results are shown in Figure 3-S5. Overall, the trendlines for model predictions versus
observations are closer to 1:1 line when including more images (i.e., moving from

scenario 1 to scenario 5). In scenario 5, both GSV-only and GSV+OMI models show
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good agreement between the predicted and observed NO: concentrations. No distinctive

spatial pattern was observed in terms of monitors with lowest or highest errors (Figure

3-S6).
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Figure 3-2. Comparison of random 10-fold cross validation R? between GSV-only and
GSV+OMI models. (A) shows the results of image-unlimited models while (B) shows
the results of image-unlimited models with constrained training size. The training sizes

of models in (A) and (B) are shown in the bar chart within (B). (A) also shows the
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feature importance score of the OMI variable in the GSV+OMI models among the 5
scenarios. Both (A) and (B) show results for 5 scenarios while subplots (C) to (F) only
show results by scenario 5 from models in (A). (C) and (D) show hexagonal binned
plots of model predictions versus observations. The color reflects the number of scatters
within each hexagon. (E) and (F) show the rank of feature importance in the random

forest models. Results of other scenarios are shown in Figures 3-S5 and 3-S7.

Table 3-1. Model performance of image-unlimited models.

_ Random 10- Mean Root Mean
Model type Scenario fold CV R? Absolute Error  Squared Error
(MAE) (RMSE)

1 0.51 2.89 3.83

2 0.77 1.86 2.64
GSV-only 3 0.83 1.55 2.27

4 0.87 1.33 1.99

5 0.88 1.25 1.88

1 0.69 2.26 3.05

2 0.83 1.61 2.29
GSV+OMI 3 0.87 1.37 2.00

4 0.90 1.19 1.78

5 0.91 1.13 1.69

3.3.2.2 Rank of feature importance

Feature importance scores (Figure 3-2-E and F) suggest that traffic-related features
were the largest contributors to our NO2 predictions. Generally, transport vehicle
variables contributed most, followed by transport network, and built environment
variables. This result is important as traditional G1S-derived variables are not able to
resolve some of these differences (e.g., transport vehicles vs. transport network) that
imagery was able to identify. This may be important as some parts of the urban
environment are fixed (e.g., buildings, roads) while others are transient (e.g., vehicles);

policy solutions may differ depending on the nature of these features.
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The granularity of GSV features allowed further comparison among different
components of the urban environment. Figure 3-S8 shows disaggregated model
predictors using the top 10 features for illustration. The OMI variable was always the
strongest single predictor in our GSV+OMI models. In scenario 1, the feature
importance score of the OMI variable was 0.40 while the second highest score was only
0.06 for car. However, when we added more images into the model, the contribution of
satellite data decreased dramatically, and GSV features contributed more to the models
overall. This finding may be partially explained by the different spatial resolutions of
GSV features and the OMI variable. The satellite observations have coarser resolution
(relative to GSV images) and thus contribute information on regional trends. Our
preliminary analysis of an OMI-only model (i.e., using the OMI variable as the only
predictor) showed that OMI alone could explain around half of the NO: variation (CV
R2: 0.49; MAE: 3.09 ppb; RMSE: 4.08 ppb). To further capture spatial trends of NO,
predictors with much higher spatial resolution are needed.

Among GSV features, the most important features in both GSV-only and GSV+OMI
models included transport vehicles (car, truck), transport network (sidewalk), built
environment (wall, building), and vegetation (grass). These features have plausible
explanations for inclusion in our models, e.g., traffic-related features reflect emission
sources, built environment features may be associated with activity centers and
pollution dispersion, and green spaces are typically low emission areas. We examined
how GSV features influence our models through accumulated local effects plots using
several important features and the GSV-only model for illustration. As shown in Figure
3-S9, car, truck, building, wall, and sidewalk positively contribute to NO2 pollution
while grass has a negative contribution.

3.3.2.3 Comparison of different cross validation strategies
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Besides the conventional random 10-fold cross validation, we used two additional cross
validation strategies, i.e., splitting the training and testing set spatially or temporally
(Full details are described in the Sl). Briefly, we found that temporal cross validation
achieved similar performance as the random cross validation approach (Figure 3-S10).
However, the spatial cross validation showed degraded performance, especially for the
GSV-only models (CV R?: 0.46; MAE: 3.05 ppb; RMSE: 4.04 ppb). The GSV+OMI
model (CV R? 0.59; MAE: 2.62 ppb; RMSE: 3.52 ppb) showed slightly better
performance, indicating improved model generalizability with the inclusion of regional
information (i.e., OMI variable) in the model. One explanation may be that we were
only able to use a small search area (i.e., 500 m) to retrieve street view images near NO2
monitors. As a result, only hyperlocal information was included in the national model
—a potential issue for model extrapolation in regions where there are few EPA monitors.
We speculate that if a denser air pollution monitoring network were used (e.g., mobile
monitoring) this issue could be mitigated.

3.3.3 Sensitivity analysis using image-limited models

We systematically controlled the image sampling strategy by varying the number of
images sampled for each grid cell (as well as the sampling grid size) to investigate the
impact on model performance. Full model results are in Table 3-S6 and 3-S7. As shown
in Figure 3-3-A and B, image-limited models generally had decreased performance
compared to image-unlimited models. However, the reduction in model fit was
relatively small. For example, in scenario 5, when collecting one GSV image per 100
m > 100 m grid, the random 10-fold CV R? was 0.85 (0.88) for the GSV-only
(GSV+OMI) model; comparatively, it was 0.88 (0.91) for the GSV-only (GSV+OMI)

for the image-unlimited models. This result was due to the fact only a small portion of
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grid cells had repetitive GSV images resulting in only 6.2% of GSV flat images being
removed from the analysis.

Although only a small number of images were removed during model development,
this finding is most important for the model application stage when the number of GSV
images above a given threshold (e.g., 1, 2, or 3 per grid cell) could be huge. We used
Washington DC as an example city to illustrate model prediction in 2019 at 100 m
spatial resolution among different image sampling strategies (Figure 3-3-E and F).
Interestingly, image-unlimited and image-limited models generated similar prediction
surfaces for NO2 while the former models used twice the number of images (158,276
vs 79,612 GSV flat images). This finding is important when making predictions at
national or global scales. Our results suggest that a parsimonious image sampling
strategy may be sufficient and most cost-effective for model development and
application. A rationale for this approach is that images distributed geographically close
are more likely to provide redundant information, resulting in little influence on the
tabulated model predictors, i.e., the mean of GSV features within a certain buffer area.
This issue could be further explored in future research, especially for differences in
transient (e.g., vehicles, people) vs. fixed (e.g., roads, buildings) features of the urban
environment.

We also explored the influence of various sampling grid sizes on model performance
when sampling one GSV image per grid cell. Results for scenario 5 are in Figure 3-3-
C and D. Increasing the size of grid cells led to a significant deterioration in model
performance. When using a 150 m <150 m (250 m %250 m) grid and maximum of one
GSV image per grid cell, the random 10-fold CV R? of the GSV-only model dropped
to 0.74 (0.70). This result reflects the importance of spatial resolution of GSV images

used in the models. For example, the 100 m > 100 m grid generated ~81 grid cells
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within a 500 m buffer while the 150 m %150 m (250 m =250 m) grid generated ~29
(~7) grid cells. As expected, the GSV+OMI models were more robust to differences in
grid size relative to the GSV-only models. Overall, our findings suggest that retrieving
GSV images at 100 m resolution may be the most cost-effective way to establish
national NO2 models with high performance. Sparse resolution of image sampling may
miss important hyperlocal features and lead to underfitting models. Overly dense
sampling within a single grid cell may lead to an unnecessarily high workload — a cost-
prohibitive (e.g., image downloading and processing) and time-consuming task for

limited improvement in model fit.
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Figure 3-3. Results of sensitivity analyses among image sampling strategies. (A) and
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3.3.4 Model prediction and comparison

Following the same image collection and processing protocol as in the model
development stage, we collected another 338,084 GSV flat images to predict NO: air
pollution for Washington DC from 2007 to 2019 (Figure 3-S11). Both the GSV-only
and GSV+OMI models captured fine scale gradients of NO2 concentrations in
Washington DC. Consistent with the decreasing national trend in EPA monitored NO2
concentrations, our prediction maps also show reduced NO2 concentrations over time.
The most polluted area is located in the central city and the concentrations gradually
decrease elsewhere. Major gaps in the surface are over rivers or large green spaces since
most GSV images are collected by GSV cars driving along roads. Generally, GSV
imagery has good coverage in this region and our GSV image-based models were able
to predict 88.1%=1.6% of the city.

We compared our GSV models to another national NO2 model developed using a
conventional LUR approach (Figure 3-4). We found that the GSV-only model
predicted the highest NO2 concentrations in the central city in Washington DC (the
GSV+OMI model predicted slightly lower concentrations). The image-based models
predicted significantly higher concentrations than the conventional LUR for the same
region (Figure 3-4-B). Conversely, in the less polluted areas (e.g., city parks and
rivers), the GSV-only model predicted the lowest NO2 concentrations followed by
GSV+OMI model; the conventional model predicted the highest concentrations.
Previous studies show the tendency of LURs to underestimate in polluted regions and
overestimate in clean regions,?>**% which could be partly the result of uncaptured
predictors in the model (e.g., street-level features). Our results suggest that leveraging
street view images for air quality modeling may have the potential to mitigate this

tendency and better capture intra-urban NO2 variability than other LUR methods. We
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found similar differences in another example city — San Francisco (Figure 3-S12).
Future work could compare the results with mobile monitoring campaigns to investigate
whether GSV image-based models capture more spatial variability of air pollution.
Identifying the impact of different features on air pollution may provide important
evidence for making local and regional air quality policies. We also plotted the
distribution of GSV feature groups along a transect line (Figure 3-4-C and Figure 3-
S12-C). NO2 predictions appear to show intuitive associations with the built
environment - a surrogate for human activities. Figure 3-S13 shows the distribution of
GSV feature groups over the DC area in 2019 for illustration. The spatial patterns of
different feature groups appear to be reasonably consistent with the land use
characteristics of DC. For example, the transport vehicles and built environment
features are highlighted in the central downtown area while transport network are more

dispersed.
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Figure 3-4. Comparison between GSV-based models and conventional national LUR

models using prediction maps for Washington DC in 2015. (A) Model predictions for

the GSV-only model, GSV+OMI model, and conventional national LUR model. For

comparison, we masked GSV-based prediction maps based on where the conventional

LUR predictions were available. (B) Predicted NO2 concentrations among different

models along the transect line. The solid lines represent actual model predictions; gaps

in the conventional national LUR model (masked GSV-based models) were filled by

interpolation (original GSV-based models) and represented by dotted lines. (C) Values

of GSV feature groups along the transect line.
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3.4 Limitations and implications for future studies
Our results demonstrate promising performance for GSV image-based air quality
modeling, i.e., the potential to capture fine-scale NO2z using a uniform modeling
pipeline which can be easily scaled. The major limitation of our approach is the
imbalance in image availability over time and space. This limitation is most prominent
in early years and becomes less severe in more recent years as more images are
available. Most GSV images are collected by Google GSV cars (with a smaller number
shared by Google users). Depending on priorities set by the entity collecting images (in
this case Google), the street-level imagery is updated at different frequencies over
different regions and time periods. We are not able to fully utilize all monitoring sites
from the EPA monitoring network for model development since some EPA sites
(especially in the rural midwest and rocky mountain areas), do not have GSV images.
Similarly, model application is affected by image availability and gaps in prediction
maps may exist. However, since a priority is to collect images in areas where people
live, the imagery does include the vast majority of the US population. Another
limitation is our choice to relax the temporal matching criteria between air pollutant
observations and GSV images. While we believe this approach is reasonable given slow
changes in built environment in developed countries (and, the results indicate that the
added images increase model performance), it is difficult to quantify the model
uncertainty resulting from this choice. The lack of temporal resolution in the GSV
imagery makes it challenging to use our approach to develop monthly or daily average
models.

The satellite-based NO:2 variable has limitations similar to other air quality models
that include satellite-based observations. For example, OMI has coarse spatial

resolution, which is not capable of capturing local hotspots or intra-urban variation of
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NO:2 concentrations. In addition, satellite-derived products reflect but do not offer exact
attributes of the ground-level concentrations; retrieval of satellite-derived data involves
many assumptions which may introduce uncertainties in the model.® Data availability
and quality can be affected by multiple factors, e.g., errors in NO2 column retrievals are
large during cloudy days or over snow/ice surfaces.>? All of these uncertainties may
affect model performance.

Our models could be enhanced in several ways. We were only able to apply our
models for two cities for illustration. As retrieval of large volumes of images becomes
more common, our future work may map NOz concentrations at the national scale. Our
models show reductions in model performance when using spatial cross validation.
Although other studies also report decreases in performance when using spatial cross
validation, the reductions were smaller (0.09-0.20).2 Future work may mitigate this
issue by extracting GSV features from a larger spatial buffer around each monitoring
station, including interpolation components (e.g., kriging) in the modeling framework,
or applying more advanced deep learning models to directly learn NO2 pollution related
features from the street view images®’.

Another promising direction is to utilize air pollution data from denser air quality
monitoring networks that better match the granularity of the information in the street
view images. For example, utilizing information from mobile monitoring studies that
identify localized air quality patterns may unlock additional information in the street-
level imagery that traditional, GIS-based predictors cannot. As mobile monitoring, low-
cost sensing, and the frequency of image collection grows in future years, we expect
this will be a significant area of research in the near future.

Our results suggest the promise of leveraging street view imagery and satellite data

in building large scale empirical air quality models (e.g., national or global) under a
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unified framework. Unlike traditional LUR predictors collected from multiple curated
geodatabases, our approach requires few (e.g., single source for GSV-only models) data
sources that achieves comparably high model performance to previous models. Adding
satellite observations is a simple way to further boost model performance. Both data
sources are publicly accessible and have a uniform data format, which make them
excellent candidates in establishing a consistent data collection and processing protocol
for model development over large geographies. This may be especially useful for less
developed areas where municipal geodatabases are sparse or absent. Our study also
presents a cost-efficient image sampling strategy (i.e., one image every 100 m)
developed through a systematic sensitivity analysis — this finding may be helpful for
future image-based modeling work. Our modeling approach is not restricted to GSV
imagery. Many other large open-access street view image databases have emerged
globally, e.g., Bing Maps Streetside, Apple Look Around, Tencent Maps (China),
Daum Maps (South Korea), CycloMedia (Europe and U.S.), etc.®® Our modeling
framework can be applied to any street-level image. We expect that street view image-
based air quality modeling may play a more important role in the near future given the

fast growth of image resources.

3.5 Supporting Information

3.5.1 Description of spatial and temporal cross validation

In addition to the conventional random 10-fold cross validation, we also compared
model fits with two additional cross validation strategies: spatial and temporal hold out.
For the spatial 10-fold cross validation, we created 500 m <500 m grids across the
contiguous U.S. Each NOz record was mapped onto one grid and a unique geohash code

was assigned based on the grid latitude and longitude. We then randomly divided the
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NO:2 records into 10 groups based on the geohash code and conducted 10-fold cross
validation. This method assured that data which was geographically close will not
appear both in the training and testing set and may better reflect model extrapolation
accuracy at unmonitored areas far from EPA sites. For the temporal cross validation,
we treated each year as one hold-out subset and trained models with data from the other
12 years. This method estimates the model’s interpolation ability for predicting future
or past air quality given data from adjacent years.

3.5.2 Results of spatial and temporal cross validation

Besides the conventional random 10-fold cross validation, we also analyzed two
additional cross validation strategies, i.e., splitting the training and testing set spatially
or temporally. We chose to use scenario 5 for comparison based on the results discussed
above. As shown in Figure 3-S10, the temporal cross validation achieved similar
performance as the random cross validation approach. However, the spatial cross
validation showed worse performance, especially for the GSV-only models (CV RZ:
0.46; MAE: 3.05 ppb; RMSE: 4.04 ppb). The GSV+OMI model (CV R% 0.59; MAE:
2.62 ppb; RMSE: 3.52 ppb) showed slightly better performance, indicating improved
model generalizability with the inclusion of regional information (i.e., OMI variable)
in the model. The vast decrease in GSV-only models might be explained by the small
search area (i.e., 500m) for retrieving street view images around NO2 monitors. As a
result, only hyperlocal information was included in the national model, possibly
exacerbating the difficulty in model extrapolation, especially in regions where EPA
monitoring is lacking over a large area. Including additional images at larger buffers is
out of the scope of this study due to computational constraints but would be a useful

direction for future research.
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Our hypothesis is that if our approach is applied to denser monitoring networks
(e.g., large mobile monitoring campaigns) that this issue would be mitigated. This can
be partially demonstrated by the comparison of models with different buffer radii as the
choice of buffer size affects model training size. Additionally, we developed models
using a different set of buffer radii to tabulate GSV features, i.e., 100/200/300/400/500
m. Such buffer radii offered finer features as the model input, but also led to 22.7%
decrease in the number of GSV-NO:2 pairs for model development. While the results of
temporal cross validation remained consistent, the spatial cross validation R? of the
GSV-only model by 250/500 m buffers was significantly higher than that of using
100/200/300/400/500 m buffers, mainly because more NO2-GSV pairs were available
for the 250/500 m models. Hence, we speculate that if combined with a much denser
air pollution monitoring network, the street view image-based air quality models may

be enhanced remarkably.
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Table 3-S1. Predictor variables for model development.

Predictor variables  Sub-group Description

building, canopy, house, hovel, pier,

built environment 2 «
skyscraper, swimming pool*, wall,

bridge, dirt track, path, road, runway,

transport network e valk streetlight, traffic light

airplane, boat, bus, car, minibike, ship,

transport vehicles signboard*, truck, van

animal, earth, hill, land, mountain, rock,

GSV features nature
sand, sky
vegetation field, flower, grass, palm, plant, tree
water fountain, lake, river, sea, water, waterfall
human person, bicycle
cloud screened tropospheric vertical
OMI - ;
column density
Year - year of NO2 observation

GSV features marked with * represent that they may fall into multiple categories across
different GSV images. For instance, signboard can be advertisement on trucks or walls.
In our study, images with top signboard element mainly fitted into the first situation,
hence we categorized it under transport vehicles. Swimming pool was categorized as

built environment.
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Table 3-S2. Scenarios for GSV-NO2 temporal match during model development.

No. of GSV No. of NO2-

Scenario GSV-NO: observation temporal match images  GSV records
1 The same year as NO2 observations 278,108 2,028
2 Same year and previous year of NO2 observations 300,192 2,715
3 Same year and previous 2 years of NO2 observations 312,272 3,129
4 Same year and previous 3 years of NO2 observations 325,784 3,361
5 Same year and previous 4 years of NO2 observations 336,544 3,503
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Table 3-S3. Distribution of NO2 EPA monitors by urban, suburban, rural using 2019
for illustration. The urbanicity classification is based on the locale classification

provided by National Center for Education Statistics.

No. of NO2 monitors with GSV images

Land use type  No. of NO2 monitors within 500 m using scenario 5

Urban 182 174
Suburban 114 96
Rural 111 42
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Table 3-S4. Descriptive statistics of GSV features within 500 m of NO2 monitors

stratified by land use types. GSV features are unitless since they are extracted through

image segmentation and represent pixel percentage by GSV variables.

Median

th th

Land Use Feature Min. 25" (50" Mean [ Max. Standard

Type percentile . percentile Deviation
percentile)

gé"?f‘cﬁg? 6.03E-04 | 1.54E-02 | 2.14E-02 | 2.60E-02 | 3.32E-02 | 9.67E-02 | 1.64E-02
transport 232E-01 | 3.19E-01 | 3.41E-01 | 3.38E-01 | 3.63E-01 | 4.07E-01 | 3.26E-02
network

Ut built 1.66E-03 | 3.74E-02 | 557E-02 | 6.91E-02 | 9.18E-02 | 2.77E-01 | 4.72E-02

roan environment
natural 207E-01 | 3.23E-01 | 3.68E-01 | 3.71E-01 | 4.21E-01 | 5.62E-01 | 7.04E-02
vegetation 409E-02 | 1.14E-01 | 1.75E-01 | 1.81E-01 | 2.41E-01 | 4.08E-01 | 8.33E-02
water 0.00E+00 | 5.02E-05 | 152E-04 | 4.87E-04 | 3.87E-04 | 1.41E-02 | 1.29E-03
human 6.10E-07 | 592E-05 | 1.21E-04 | 1.79E-04 | 2.18E-04 | 1.57E-03 | 2.05E-04
Ugﬁfcﬁggt 1.18E-04 | 956E-03 | 1.66E-02 | 1.89E-02 | 2.39E-02 | 7.01E-02 | 1.37E-02
transport 1.72E-01 | 3.16E-01 | 3.41E-01 | 3.33E-01 | 3.65E-01 | 4.04E-01 | 4.42E-02
network
built

Suburban | environment | L02E-08 | 255E-02 | 438E-02 | 4.99E-02 | 6.24E-02 | 2.28E-01 | 3.74E-02
natural 251E-01 | 352E-01 | 3.92E-01 | 3.99E-01 | 4.41E-01 | 6.85E-01 | 7.53E-02
vegetation 218E-02 | 1.20E-01 | 1.70E-01 | 1.87E-01 | 2.37E-01 | 5.28E-01 | 9.22E-02
water 0.00E+00 | 9.84E-06 | 8.58E-05 | 4.91E-04 | 3.31E-04 | 1.04E-02 | 1.32E-03
human 177E-06 | 518E-05 | 8.92E-05 | 1.04E-04 | 1.42E-04 | 3.21E-04 | 7.67E-05
Ugﬁfcﬁggt 7.68E-04 | 1.14E-02 | 1.73E-02 | 1.70E-02 | 2.29E-02 | 3.57E-02 | 9.98E-03
transport 279E-01 | 352E-01 | 359E-01 | 3.64E-01 | 3.99E-01 | 4.14E-01 | 4.22E-02
network

Rural built 2.52E-02 | 3.78E-02 | 4.52E-02 | 5.95E-02 | 5.95E-02 | 172E-01 | 4.48E-02

ura environment
natural 332E-01 | 3.85E-01 | 4.46E-01 | 4.25E-01 | 4.63E-01 | 4.69E-01 | 5.01E-02
vegetation 505E-02 | 7.50E-02 | 1.01E-01 | 1.26E-01 | 1.54E-01 | 2.36E-01 | 6.36E-02
water 0.00E+00 | 0.00E+00 | 5.89E-06 | 4.31E-05 | 2.48E-05 | 2.67E-04 | 8.72E-05
human 3.26E-07 | 5.19E-05 | 9.63E-05 | 1.37E-04 | 1.34E-04 | 5.38E-04 | 1.64E-04
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Table 3-S5. Model performance of image-unlimited models using the same training

size in 5 scenarios.

Root Mean

Model type Scenario R;gr ddng/ 1R2 Néerfgr/?f/ﬁge SqL(Jgr&dSE;ror
1 0.51 2.89 3.83
2 0.64 2.43 3.29
GSV-only 3 0.70 2.17 3.00
4 0.73 2.02 2.85
5 0.76 1.88 2.69
1 0.69 2.26 3.05
2 0.74 2.07 2.82
GSV + OMI 3 0.78 1.87 2.59
4 0.80 1.74 2.45
5 0.82 1.64 2.32
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Table 3-S6. Model performance of image-limited models which used various

maximum number of GSV images per 100 m <100 m grid cell.

Maximum Mean Root Mean
number of . 10-fold CV
GSV images Model type  Scenario R? Absolute Error  Squared Error
. (MAE) (RMSE)
per grid cell
1 0.51 2.90 3.85
2 0.74 1.96 2.79
GSV-only 3 0.80 1.68 2.47
4 0.83 1.50 2.23
1 5 0.85 1.44 2.15
1 0.69 2.25 3.06
2 0.80 1.76 2.46
GSV + OMI 3 0.82 1.66 2.34
4 0.87 1.33 1.98
5 0.88 1.28 1.91
1 0.51 2.88 3.83
2 0.76 1.88 2.67
GSV-only 3 0.82 1.58 2.31
4 0.86 1.38 2.07
) S 0.87 1.32 1.97
1 0.69 2.26 3.06
2 0.82 1.63 2.33
GSV + OMI 3 0.83 1.59 2.25
4 0.89 1.23 1.85
5 0.90 1.19 1.77
1 0.51 2.89 3.84
2 0.77 1.86 2.65
GSV-only 3 0.83 1.55 2.29
4 0.86 1.35 2.02
3 5 0.88 1.29 1.93
1 0.64 245 3.29
2 0.82 1.62 2.32
GSV + OMI 3 0.86 1.38 2.02
4 0.89 1.21 1.81
S 0.90 1.16 1.73
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Table 3-S7. Model performance of image-limited models using different grid sizes for

sampling a maximum of one GSV image per grid cell. All models use scenario 5.

Mean Absolute Root Mean
Model type Grid size 10-fold CV R? E Squared Error
rror (MAE) (RMSE)
100 0.85 1.44 2.15
150 0.74 1.93 2.79
GSV-only 200 0.73 1.96 2.85
250 0.70 2.07 2.98
100 0.88 1.28 1.91
150 0.81 1.66 2.42
GSV + OMI

¥ 200 0.80 1.68 2.46
250 0.77 1.77 2.59
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Figure 3-S1. Decreasing trend of annual NO2 concentrations during 2007 to 2019 from

the EPA regulatory network.
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Figure 3-S2. Number of available NO2-GSV pairs and GSV images in different years
using scenario 1 and 5 for illustration. The left axis represents the number of GSV
images found within 500 m of each NO2 monitoring site in each year while the color of
the stripes represents its frequency. Darker colors indicate more EPA sites with the
same amount of GSV images. The right axis represents the number of NO2-GSV pairs

for model development in each year.
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Figure 3-S3. Spatial distribution of NO2-GSV pairs in different years using scenario 5
for illustration. The left column represents NO2 monitors with sufficient GSV images
for model development. The size and color of the stars represent the number of GSV
images available within 500 m of NO2 EPA monitors. The right column represents NO2
monitors without sufficient GSV images that are excluded from model development.

The size and color of the stars are fixed in the right column.
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Figure 3-S4. Comparison of (A) root mean squared errors and (B) mean absolute errors

between GSV-only and GSV+OMI image-unlimited models.
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Figure 3-S5. Hexagonal binned plots of model predictions versus observations for both

GSV and GSV+OMI models among different scenarios. The color reflects the number

of scatters within each hexagon.
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* NO, EPA monitors with least errors

% NO; EPA monitors with highest errors % NO; EPA monitors with highest errors

Figure 3-S6. Spatial distribution of NO2 monitors with lowest and highest 5% errors
(i.e., absolute error by GSV-only and GSV+OMI models using scenario 5). The left
column represents the results of GSV-only model while the right column represents
GSV+OMI model. The upper panel represents lowest 5% errors and the bottom panel

represents the highest 5% errors.
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Figure 3-S7. Rank of feature importance for GSV-only and GSV+OMI models among

different scenarios.
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Figure 3-S8. Distribution of the top 10 important features of GSV-only and GSV+OMI
models among different scenarios. The numbers after the GSV variable names represent

the buffer radii.
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Figure 3-S9. Accumulated local effects (ALE) of several top important GSV features
for the GSV-only model using scenario 5 for illustration. The suffix number of GSV
features indicates the buffer level for tabulating the GSV features. The y axis shows
how the features influence the prediction of GSV-only models on average. For instance,

when the value of car_500 is ~0.02, the model prediction is higher by ~0.5.
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Figure 3-S10. Comparison of three cross validation strategies (i.e., splitting training
and testing set randomly, temporally, or spatially) for GSV-only and GSV+OMI
models using scenario 5 for illustration. Bars with solid filling represent models using

250/500 m to tabulate GSV features. Bars with stripes represent models using
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Figure 3-S11. Estimated NOz concentrations for Washington DC by GSV-only and

GSV-OMI models using scenario 5. We display the prediction maps for 2007, 2011,

2015, and 2017 for illustration.
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Figure 3-S12. Comparison between GSV-based models and conventional national
LUR models using prediction maps for San Francisco in 2015. (A) Model predictions
for the GSV-only model, GSV+OMI model, and conventional national LUR model.
For comparison, we masked GSV-based prediction maps based on where the
conventional LUR predictions were available. (B) Predicted NO2 concentrations among
different models along the transect line. The solid lines represent actual model
predictions; gaps in the conventional national LUR model (masked GSV-based models)
were filled by interpolation (original GSV-based models) and represented by dotted

lines. (C) Values of GSV feature groups along the transect line.
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Figure 3-S13. Spatial distribution of GSV feature groups for Washington DC in 2019.
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ABSTRACT: Land use regression (LUR) models have been widely used for estimating
fine-scale ambient air pollutant concentrations. Street view and remote sensing imagery
are promising in offering natural and built environment features which may be used to
replace traditional LUR predictors. In this study, we investigated using different
combinations of street view and remote sensing derived features to develop national
NO2 and PM2s machine learning models. We collected annual NO2 and PMzs
concentrations from the U.S. EPA monitoring network during 2007-2019. The
modeling predictors included (1) Google Street View [GSV] derived features extracted
from GSV imagery using a deep learning model, (2) satellite-based aerosol estimates
(i.e., Ozone Monitoring Instrument [OMI] for NO2 and aerosol optical depth [AOD]
for PMz2s), and (3) Landsat-derived features from with 12 bands and derived spectral
indices. For both NO2 and PMz, the full models (i.e., using all image-derived features)
achieved the best model performance. The random 10-fold cross validation R? was 0.91
for the NO2z full model and 0.72 for the PM2s full model. Models involving GSV
features generally show enhanced model fits compared to models solely using remote
sensing derived predictors. Despite that the difference of mode fits being relatively
small among models, the spatial pattern of model prediction may vary significantly.
Although the mean pollutant concentrations by different models were similar, an
examination of model prediction at U.S. urbanized areas suggested that the GSV-based
models captured both the highest and lowest pollutant concentrations while Landsat
features tended to smooth the air pollution variations. The results indicated that GSV

features may have a better capability to capture fine-scale air pollution.

Keywords: remote sensing, street view, model fits, spatial pattern, air pollution,

machine learning
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4.1 Introduction
The detrimental effects of air pollution have been extensively studied and well-
documented. Due to the sparsity of traditional ground monitoring network, air quality
models and resulting air pollution projections are often used to serve epidemiology
studies®8. Since significant variation exists in the spatial-temporal distribution of air
pollution and its emission sources® 0, high resolution estimates of air pollution which
is capable of capturing local hot spots are a high priority. The precision and reliability
of air pollution exposure and health effects estimates is based on the premise of high
model performance and precision. Land use regression (LUR) is a popular empirical
modeling approach for deriving high-resolution estimation of ambient air pollutant
concentrations***3, Liao et al. used bibliometrics to quantitatively review the statistical
air pollution prediction models spanning 1990-2018 and found that LUR has been the
most popular method for NOx prediction in the last decade.’* LUR models are often
applied to long-term air pollution studies (e.g., estimating annual mean concentrations),
and the results have been widely used in exposure science and epidemiological
studies.>18

Many traditional LUR studies developed linear regression models based on the
assumption of linear relationship between air pollutants and traditional LUR predictors
(i.e., traffic, land use)!®. However, the interactions between air pollution, its emission
sources and other impacting factors can be complex and nonlinear. Thus, nonlinear
models are needed to capture the complexity of air pollution dynamics?® 2L, Moreover,
traditional LUR predictors are typically collected from curated GIS databases, which
are often limited either in spatial resolution or hard to collect over large geography.
Benefited from the fast advance in the field of artificial intelligence [Al], an increasing

number of studies have applied machine learning [ML] algorithms in air quality
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modeling and achieved good performance??, Besides more advanced modeling
algorithms, Al promotes the generation of new technologies and unlocked the potential
of many data sources that were unavailable or too resource intensive in the past?. For
example, numerous open-source imagery datasets are emerging each day, such as street
view imagery, high-resolution remote sensing data, etc?®. Some existing data sources
(e.g., medium-resolution remote sensing imagery with long record) which may not have
been feasible to utilize in the past now may be promising for multiple applications with
the aid of advanced machine learning algorithms.

Our previous efforts have shown that open street view imagery is promising for
replacing traditional LUR predictors®” 28, We successfully estimated street level air
pollution with high model performance and resolution, but no large-scale pollution
projection was generated partially due to computation constraints. Despite that the
coverage and density of street view imagery increasing rapidly, it’s challenging for
remote areas to collect sufficient street view images for air quality modeling?’. Various
remote sensing products have wall-to-wall coverage and open access, thus are also
promising for large scale air quality models with consistent data collection and data
processing. Moreover, satellite imagery often has stable temporal resolution though its
spatial resolution typically doesn’t compete with street view imagery. The combination
of street view imagery and remote sensing imagery may complement each other and
thus maximize the benefits for air quality modeling.

In this study, we aim to use different combinations of image-derived features to
develop national NO2 and PM25 models with the overarching goal of generating high-
resolved time-series air pollution maps across the continental U.S. Three types of
image-derived features were tested, including (1) street view derived variables, (2)

remote sensing derived aerosol estimates, and (3) Landsat derived variables. Random
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forest models were developed for capturing the complex nonlinear relationship between
air pollutants and the predictor features. We investigate how different features
contribute to the explanation of model variance and impact the model prediction
surface. Our results indicate that street view derived features may have the capability
to better capture fine-scale air pollution variability, which may further aid and provide
insights for environmental justice, exposure assessment and health studies.

4.2 Materials and methods

4.2.1 Modeling variables

Our previous work successfully developed national NO2 models using GSV-derived
features and satellite derived aerosol estimates (i.e., OMI tropospheric column
density)?. This study expanded on the effort from the previous work and investigated
the inclusion of additional satellite-derived variables, i.e., Landsat-derived features.
Moreover, national PM2s models were established to explore the model reproducibility.
Annual-average NO2 and PMz2s concentrations at EPA monitors across the contiguous
U.S. during 2007-2019 were collected as model dependent variables.

4.2.1.1 Street view derived variables.

We extracted GSV features from a national GSV raster database for both PM2s and
NO2 models as the independent variables. The database collected ~350 million GSV
images across the U.S. and semantically segmented the GSV images through a deep
learning model called Pyramid Scene Parsing Network (PSPNet)®. By applying
PSPNet, each pixel of the GSV image was assigned to a category representing different
built and natural environment, e.g, tree, road, car, sidewalk, etc. The sum of the
percentage for each category was aggregated for each GSV image. The GSV raster
database was then aggregated at 100m spatial resolution. Each raster grid cell represents

the mean percentage of GSV features among all GSV images located within the grid.
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Following our previous work, a total of 47 GSV feature categories were used in the
model development which were then divided into 7 subgroups: built environment,
transport network, transport vehicles, natural, vegetation, water, and human (Table 4-
S1). To improve temporal consistency, we constrained the selection of GSV features so
that only images taken from the same year or within the previous 4 years of the air
pollutant observations were matched to the corresponding dependent variables. More
detailed can be found in Qi et al?®. For model input, we extracted the GSV features at 8
buffers with radii ranging from 250m to 2000m with an interval of 250m.

4.2.1.2 Remote sensing derived aerosol estimates.

We collected OMI tropospheric column density for NO2 and aerosol optical depth
[AODY] for PMz2s as another type of model independent variables. The OMI NO2 feature
was obtained from the OMI/Aura NO2 Tropospheric, Stratospheric & Total Columns
MINDS Daily L3 Global Gridded 0.25< > 0.25< product provided by the NASA
Goddard Earth Sciences Data and Information Services Center [GESDISC]®*. We used
the cloud screened OMI tropospheric vertical column density as the satellite-derived
NO:2 estimates. We chose effective cloud fraction (ECF) < 0.3, solar zenith angle (SZA)
< 85 degree, and the primary summary quality flag indicating good data for data quality
control. The AOD features were collected from the MODIS Terra and Aqua combined
Multi-angle Implementation of Atmospheric Correction (MAIAC) Land Aerosol
Optical Depth (AOD) gridded Level 2 1km product
(https://Ipdaac.usgs.gov/products/mcd19a2v061/) retrieved through Google Earth
Engine platform. We used AOD over land retrieved in both MODIS blue band (0.47m)
and green band (0.55pm). For quality control, we only retrieved data with quality

assessment [QA] band indicating the best quality. For both OMI and AOD variables,
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we extracted the features directly at the EPA sites without a buffer due to their coarse
spatial resolution.

4.2.1.3 Landsat-derived variables.

Besides satellite-derived aerosol estimates, we considered the use of other remote
sensing products which were not originally designed for aerosol estimation.
Specifically, we collected features derived from Landsat as the third type of model
independent variables. Landsat is the longest continuous satellite program thus far (i.e.,
available as early as 1972). It has a 30 m resolution which is considered medium
resolution and is free of charge for use. We generated Landsat yearly composite
imagery using Landsat 7 and Landsat 8 imagery following the approach introduced in
Demuzere et al®. A total of 12 bands were used, including 7 Landsat bands (i.e., blue,
green, red, near infrared, shortwave infrared and thermal infrared) and 5 derived
spectral indices (e.g., Normalized Difference Vegetation Index [NDVI], Biophysical
Composition Index [BCI], Normalized Difference BAreness Index [NDBAI], and
Normalized Difference Water Index [NDWI]). More details can be found in Table 4-
S1. We collected the Landsat-derived features at the same multiple buffers as GSV
features from 250m up to 2000m with an interval of 250m. Additionally, we included
a buffer of 50m for the Landsat-derived features as an effort to capture local built
information. We didn’t include 50m for GSV-derived features mainly due to the
limitation of GSV image availability. All satellite-derived feature collection was
conducted through Google Earth Engine, a powerful cloud computing platform that
provides various geospatial datasets at the petabyte-scale®?.

4.2.2 Modeling approach

We used different combinations of the street view and remote sensing derived features

to develop and compare models, including (1) GSV-only, (2) GSV + aerosol estimates
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(i.e., OMI or AOD), (3) Landsat-only, (4) Landsat + aerosol estimates, (5) GSV +
Landsat + aerosol estimates (i.e., the full model). All models included the year of air
pollutant measurements as the dummy variable. We developed random forest models,
an ensemble machine learning model which is easy to train yet has demonstrated good
model performance in many studies? 3%, We used a hybrid local-cloud modeling
pipeline, i.e., local model fine-tuning and cloud model prediction, to accommodate the
need for efficient model development and feasible large-scale model application. For
main models, we use buffers up to 2000 m for both GSV features and Landsat-derived
features. To explore the impact of buffers on model performance and application, we
conducted a sensitivity analysis over the choice of Landsat-derived feature buffer sizes
with potential buffer up to 10000 m.

4.2.3 Model evaluation

We assessed our models using both random 10-fold cross validation [CV] and spatial
hold-out 10-fold cross validation. For random 10-fold CV, all air pollutant records were
randomly divided into 10 subgroups. For spatial hold out CV, all air pollutant records
were first geocoded based on 2000m spatial grids and then divided into 10 subgroups
based on the geocodes. No records from the same spatial grids can be present in both
training and testing sets to mitigate the impact of spatial autocorrelation. We reported
10-fold CV R?, mean absolute error (MAE), and root mean squared error (RMSE) to
compare model performance. We used the random 10-fold CV as our main model
evaluation method. Unless specified as spatial hold-out CV, all 10-fold CV R? referred
to the random 10-fold CV R? in default.

4.3 Results and discussion

4.3.1 Description of Model Inputs
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We collected annual NO2 and PM25s concentrations from 483 and 1,069 unique EPA
monitors across the continental U.S. during our study period. Due to the lack of GSV
images in the vicinity of EPA monitors in certain areas or at certain times, monitors
unable to assemble a complete set of modeling predictors were excluded for model
development. Figure 4-S1 shows the number of available and excluded EPA sites for
modeling in each year. In average, 72.2% of PM2s EPA monitors and 71.3% of NO2
EPA monitors find GSV images within a 250m buffer (i.e., the minimum buffer for
GSV features) during the same year or within the previous 4 years of the annual
concentration measurement. Figure 4-S2 shows the spatial distribution of the EPA
monitors either used or excluded for model development. Excluded NO2 monitors with
insufficient GSV images were mainly located around the Rocky Mountains while
excluded PMz.s monitors were more scattered across the country. Figure 4-S3 showed
the distribution of EPA monitors by urbanicity (i.e., urban/suburban/rural) for both air
pollutants using 2019 for illustration. In general, the proportion of NO:2 sites in rural
areas (27.3%) is relatively higher than that of PMzs sites (21.7%). Due to the variation
in GSV imagery availability, it’s more challenging in collecting street view images for
EPA sites in rural areas. For example, only 33.0% of PM2.s monitors in the rural areas
successfully assembled a complete set for model training, while the percentage for
monitors in urban and suburban areas are 94.5% and 80.2%, respectively. Tables 4-S2
and 4-S3 show the descriptive summary of features within 250m of EPA sites by
urbanicity. The trends of the annual concentrations from the modeled EPA stations
showed that both pollutants in the U.S. continuously decreased during the study period
in general (Figure 4-S4). The decreasing slope of PM2s was slightly deeper than that
of NO2. The mean annual concentration dropped 37.3% for PM2s and 31.5% for NO2

from 2007 to 2019. Moreover, the maximum and minimum annual PM2 s concentrations
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from individual sites also showed a generally continuous decreasing trend while the
maximum and minimum annual NO2z showed more fluctuations with slight surge after
2014.

4.3.2 Model Performance

Table 4-1 shows the results of random forest models using different combinations of
street view derived and remote sensing derived features. As expected, the full model
achieved the highest model performance for both NO2 and PMzs. The best random 10-
fold CV R? (MAE; RMSE) was 0.91 (1.13ppb; 2.58ppb) for NO2 and 0.72 (0.94 pg/m?3;
1.62 pg/m?®) for PM2s. The results were comparable with or better than other reported
national NO2 models?* %38 and consistent with or worse than other reported national
PM2.s models?* *®. The model fits for PM25 was generally lower than NO: for land use
regression models, as PM2.s was both a primary and secondary air pollutant while NO2
was a short-lived pollutant dominated by primary emission sources. For NO2, all
models achieved satisfying performance, especially models including GSV-derived
features. It’s noteworthy that using GSV features alone, the NO2 models achieved
almost the same model fits as the full model, indicating the ability of street view derived
features in capturing the air pollutant variation. Models solely based on remote sensing
derived features show relatively worse model performance. The worst NO2 model was
Landsat-only model, which achieved 0.82 for random 10-fold CV R?, 1.69 ppb for
MAE and 5.25 ppb for RMSE. Adding satellite-derived aerosol estimate helps with
Landsat-based models and increased model fits by 0.04 from Landsat-only to
Landsat+OMI model. The inclusion of OMI didn’t increase random 10-fold CV R? for
GSV-only NO2 model but improved MAE and RMSE slightly. The potential

explanation is that the street view features have captured sufficient variation of primary
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air pollutant thus the inclusion of OMI aerosol estimate doesn’t further enhance model
performance.

Similar to NO2 models, the GSV-based PM2.s models also outperformed the satellite-
based PM2.s models. The GSV-only PM2.s model achieved 0.68 for random 10-fold CV
R?, 0.99 pg/m?® for MAE and 1.84 pg/m?® for RMSE. Adding AOD to the GSV-only
model further boosted the model R? by 0.03. Unlike NO, the inclusion of satellite-
derived aerosol estimates helped less for Landsat-based model but more for GSV-based
model. In addition, the difference between GSV-based and satellite-based models was
larger for PM2s than that of NOz2. This finding indicated that GSV features are better at
characterizing air pollution at local scale but relatively weak in providing regional
information. The combination of GSV features and satellite-derived features have the
potential to capture air pollution variation at both local and regional scale, thus achieved
the best model performance. Figure 4-1-A shows the model predictions versus
observations of the full models for both pollutants (see results for other models in
Figure 4-S5). As expected, the trend lines from NO2 models are closer to 1:1 line than
the PM2s models. For NO2 models, the slope of the full model and GSV+OMI models
are closest to 1 while for PM2.s models, the GSV-only and GSV+AOD models even
achieved a higher slope than the full PM2.s model.

Spatial hold-out cross validation is a more stringent model evaluation strategy which
assesses how model perform in regions far away from the training monitors, thus, it’s
expected that the model fits by spatial hold-out CV decrease compared against random
10-fold CV. Table 4-S4 shows the results using the spatial hold-out cross validation
and the difference between the two assessment strategies. The best spatial hold-out 10-
fold CV R? (MAE; RMSE) was 0.57 (2.70ppb; 12.60ppb) for NO2 and 0.41 (1.40

Lg/m3; 3.43 pg/m?) for PM2s. The deterioration of model performance was most severe
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for GSV-based models, especially the GSV-only models. Models using Landsat-
derived features and aerosol estimates shown relatively lowest decrease, likely because
the remote sensing derived features capture more regional information thus perform

better in regions far away compared to street view features.

Table 4-1. Summary of model performance for models with different types of
independent variables. Model evaluation metrics included random 10-fold R?, mean

absolute error (MAE), and root mean squared error (RMSE).

Random 10-fold

Air pollutant Model name CV R2 MAE RMSE
GSV-only 0.90 1.20 3.02
Landsat-only 0.82 1.69 5.25
NO2 GSV+OMI 0.90 1.16 2.79
Landsat+OMI 0.86 1.49 4.07
GSV+Landsat+OMI 0.91 1.13 2.58
GSV-only 0.68 0.99 1.84
Landsat-only 0.57 1.17 2.51
PM2s GSV+AOD 0.71 0.96 1.70
Landsat+AOD 0.59 1.16 2.40
GSV+Landsat+AOD 0.72 0.94 1.62

We also investigated how different image-based features contributed to air pollution
models. Figure 4-1-B and C show the model feature importance scores for the NO2 and
PMz2s full models (other two types of models were shown in Figures 4-S6 and 4-S7
using GSV-only and GSV + aerosol estimates models for illustration). For both air
pollutants, GSV-derived features contributed most to the full model, followed by the
Landsat-derived features. GSV features contributed 70% for NO2 and 67% for PMzs,
respectively. The contribution of Landsat-derived features to NO2 and PM2s was 22%
and 30%, respectively. The image-based features were further divided into different
subgroups to identify major drivers of the model. The main contributors for the NO2

model were transport and built environment related feature groups. For example, GSV-
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transport vehicles and GSV-transport network showed the highest (i.e., 0.19) and the
third highest (i.e., 0.14) feature importance scores for the NO2 full model. GSV-built
environment and Landsat-bci (an index representing impervious surface abundance)
were also among the top 4 contributors. When further breaking down to more
individualized features, the top 3 contributors for the NO2 pollution variation were
GSV-car, GSV-building, and Landsat-bci. It’s noteworthy that traffic-related variables
appeared in the majority of the top important individual features (e.g., car, sidewalk,
truck, bridge, streetlight and traffic light) for the NO2 model (Figure 4-1-C), which is
consistent with the fact that NOz2 is a traffic-related air pollutant [TRAP]. The ranking
of features by other types of models may differ slightly, however, the type of dominant
feature groups remains unchanged.

While transport and built environment related feature groups were among the top
important features to the PMz2.s model, several natural environment features stood out
and played a role in explaining the PM2s variations. GSV-natural and GSV-vegetation
are the second and third important feature group for PM2s full model, slightly lower
than the impact from GSV-transport network. Unlike NO2 where the dummy variable
showed little influence, the year variable in the PM2s model is the most important single
variable. This might be explained by the stronger decreasing trend of PM2s pollution
over years. It’s also notable that the difference of feature importance scores among
individual features or feature groups are smaller in the PM2.s model compared to the

NO2 model.
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Figure 4-1. Prediction versus observation plots and ranking of feature importance
scores for the NO2 and PMz.s full models. The left (right) panel shows results for NO2
(PMz5) model. (A) Hexagonal binned plots of model predictions versus observations.
The color reflects the number of scatters within each hexagon. (B) The ranking of
feature importance scores based on aerosol estimates, aggregated GSV and Landsat
feature groups (i.e., aggregation level 2). The inner plots show the ranking based on
feature aggregation level 1. (C) Top 15 important features based on feature scores of
aerosol estimates, individual GSV and Landsat features (aggregation level 3). The
details of the aggregation levels are listed in Table 4-S1. Results of other models are

shown in Figures 4-S5 to 4-S7.
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4.3.3 Model prediction
Figure 4-2 shows the prediction surface for both air pollutants at 100m spatial
resolution using 2019 for illustration. Since GSV images are predominantly distributed
in urban areas and largely limited in rural areas, models involving GSV features are
unable to estimate air pollutant concentrations at locations without GSV images nearby
(i.e., 500m due to the setting of our main models). This impact may be limited
depending on the application. For example, 83% of the population in the U.S. lives in
the urban area, highly overlapping with the spatial distribution of GSV imagery®.
Figures 4-3 and 4-4 show the predicted annual NO2 and PMzs concentrations for
sample urbanized areas. For NOz, the spatial patterns of the major pollutant areas are
similar among models. Compared to Landsat-based models, models involving GSV-
derived features show significant intra-urban variation in the prediction surface. GSV-
only models not only identified more potential local hotspots but also achieved lower
model estimates in cleaner areas. We aim to verify the authenticity of this pattern using
low-cost sensor networks or mobile monitoring data in our future study. For PMzs, the
Landsat-only models predicted higher concentrations in some regions than GSV-based
models. The prediction surface by the Landsat-AOD model seem different from the
Landsat-only model and hotspots seem to be random, requiring further examination.
To further explore how different types of image-based features impact the model
prediction capability, three statistics (i.e., minimum, mean, maximum) of air pollutant
estimates at various census unit levels by different models were summarized. Figure
4-5 shows the results of statistical distribution at urbanized area level using 2019 for
illustration while Figures 4-S8 and 4-S9 show the results at census tract and block
group level. It’s noticeable that models involving GSV features estimated air pollution

with a larger range. For example, GSV-based NO2 models obtained both the lowest and
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highest air pollutant estimates. The median of the maximum (minimum) NO:2
concentrations in an urbanized area in 2019 is 10.0 ppb (3.7 ppb), 9.6 ppb (3.5 ppb),
and 10.6 ppb (5.1) by GSV-only, GSV+OMI, and the full model, respectively.
Correspondingly, the value is 8.6 ppb (6.7 ppb) and 8.7 ppb (7.1 ppb) for Landsat-only
and Landsat+OMI model. This result indicated that street view feature may have a
better capability to capture fine-scale NOz2 air pollution variability while remote sensing
based features seem to smooth out the variation. Landsat-based models generated
relatively higher NO2 estimates in general. The median of the mean NO2 concentrations
in an urbanized area is 6.9 ppb, 6.7 ppb, 7.3 ppb, 7.8 ppb and 8.0 ppb for GSV-only,
GSV+OMI, Landsat-only, Landsat+OMI, and the full model, respectively. For PM2s,
the difference among models is less distinctive and doesn’t show a similar pattern as
NOz2. This might be explained as street view features perform less good while remote
sensing features perform relative better for pollutants with secondary emission sources
from distant regions. For statistics at census tract and census block group level, the

same distribution patterns were shown in Figures 4-S8 and 4-S9.
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Figure 4-2. Predicted NO2 and PM2s air pollution by different image-based models at
100m spatial resolution using 2019 for illustration. The left panel shows results for NO2

and the right panel shows results for PM2.s.
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Figure 4-3. Spatial patterns of predicted annual NO2 concentrations for four example
cities (i.e., San Francisco-Oakland [SF-Oakland], Chicago, Washington, DC-
Maryland-Virginia [DMV], and Houston) in 2019 by different image-based models.
(A) to (F) represent GSV-only, GSV+OMI, Landsat-only, Landsat+OMI, and the full

model, respectively.
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Figure 4-4. Spatial patterns of predicted annual PMz.s concentrations for four example
cities (i.e., SF-Oakland, Chicago, Washington, DMV, and Houston) in 2019 by
different image-based models. (A) to (F) represent GSV-only, GSV+AOD, Landsat-

only, Landsat+AQOD, and the full model, respectively.
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Figure 4-5. Statistical distribution of predicted NO2 and PM2s annual concentrations
at urbanized area level by different image-based models using 2019 for illustration. The
left panel shows results for NO2, and the right panel shows results for PM2s. The first,
second, and third rows represent the distribution of minimum, mean, and maximum

annual concentrations, respectively.

4.4 Conclusion

Our work demonstrates the feasibility of utilizing street view imagery and remote
sensing imagery to generate large-scale air pollution at high resolution. Our best models
achieve good model performance. The random 10-fold cross validation R? was 0.91 and
0.72 for the NO2 and PMz full model, respectively. Street view imagery is especially

promising for air pollution modeling and projection as the street view derived features
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alone achieved good model fits almost as high as the full model. In addition, more intra-
urban air pollution variation is shown by the GSV-based models.

Our work has limitations and could be further improved in several ways. First, the
local hotspots identified by the GSV-based models should be compared against ground
truth to verify the authenticity of hotspots. Traditional EPA regulatory surface network
is sparsely distributed thus is not dense enough for the verification purposes. In recent
years, the emergence of low-cost, portable air pollution sensors is changing the
paradigm of air pollution monitoring,* and may be used for verifying local hotspots
with proper data quality assurance and quality control. Another potential source is
mobile monitoring campaigns which deploy field-grade sensors on mobile platforms.
mobile monitoring campaigns generally have higher data quality than low-cost sensor
monitoring network. Second, the spatial resolution of the Landsat imagery is coarse and
thus shows weaker ability to capture spatial variation of air pollution. Other remote
sensing imagery with higher spatial resolution is available and can be investigated for
future study. Third, models with higher temporal resolution can be developed to fully
leverage the potential of remote sensing products, including monthly, daily, or even
hourly air pollutant models. Street view imagery may still be used to provide additional
street level information to enhance the remote sensing models. The impact of buffer
size of street view derived features could be explored aiming at a balance between the

model fits and spatial coverage for model prediction.
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4.5 Supporting Information

Table 4-S1. Feature aggregation levels for feature importance scores ranking.

Features Level 3 name Level 2 name Level 1 name
building GSV-building

canopy GSV-canopy

house GSV-house

hovel GSV-hovel

pier GSV-pier GSV-built environment
signboard GSV-signboard

skyscraper GSV-skyscraper

swimming pool  GSV-swimming pool

wall GSV-wall

bicycle GSV-bicycle

person GSV-person GSV-human

animal GSV-animal

earth GSV-earth

hill GSV-hill

land GSV-land

mountain GSV-mountain GSV-natural

rock GSV-rock

sand GSV-sand

sky GSV-sky

bridge GSV-bridge

dirt track GSV-dirt track GSV
path GSV-path

road GSV-road

runway GSV-runway GSV-transport network
sidewalk GSV-sidewalk

streetlight GSV-streetlight

traffic light GSV-traffic light

airplane GSV-airplane

boat GSV-boat

bus GSV-bus

car GSV-car .
minibike GSV-minibike GSV-transport vehicles
ship GSV-ship

truck GSV-truck

van GSV-van

field GSV-field

flower GSV-flower

grass GSV-grass .

palm GSV-palm GSV-vegetation

plant GSV-plant

tree GSV-tree
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fountain

GSV-fountain

lake GSV-lake

river GSV-river

sea GSV-sea GSV-water

water GSV-water

waterfall GSV-waterfall

ndv!_mln Landsat-ndvi Landsat-ndvi

ndvi_max

ndwi Landsat-ndwi Landsat-ndwi

bci Landsat-bci Landsat-bci

blue Landsat-blue Landsat-blue

reen Landsat-green Landsat-green

gdbai Landsat—gdbai Landsat—gdbai Landsat
nir Landsat-nir Landsat-nir

red Landsat-red Landsat-red

swirl Landsat-swirl Landsat-swirl

swir2 Landsat-swir2 Landsat-swir2

tirsl Landsat-tirs1 Landsat-tirs1

AOD 047

AOD. 055 AOD AOD AOD
oMl oMl oMl oMl
Year Year Year Year
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Table 4-S2. Descriptive statistics of GSV and Landsat-derived features within 250 m

of NO2 EPA monitors stratified by land use types. GSV features are applied with a scale

of 10000.

Land use type Feature Min. Max. Mean Std.
GSV-built environment 9.60 2828.83 650.42 475.95
GSV-human 0.00 21.41 1.98 2.70
GSV-natural 2286.94 5846.59 4076.49 801.98
GSV-transport network ~ 1998.68 3766.21 3046.07 368.60
GSV-transport vehicles 151 760.65 196.76 145.65
GSV-vegetation 141.55 4497.32 1877.17 949.47
GSV-water 0.00 71.76 3.51 10.32
Landsat-bci -1375.41 365.32 -33.68 183.73

Urban Landsat-blue -20.14 167.43 87.79 28.37
Landsat-green 23.34 210.86 120.91 31.79
Landsat-ndbai -649.03 -447.21 -522.36 31.02
Landsat-ndvi 89.43 1387.65 716.19 294.26
Landsat-ndwi -619.76 -24.75 -315.39 117.73
Landsat-nir 73.03 391.01 265.42 46.37
Landsat-red 20.56 245.39 127.77 40.70
Landsat-swirl 55.43 326.94 220.33 40.56
Landsat-swir2 41.40 269.12 159.88 39.16
Landsat-tirs1l 298242.19 329874.70 314778.84 5815.78
GSV-built environment 5.67 2459.78 439.05 343.83
GSV-human 0.00 14.05 1.19 1.78
GSV-natural 2069.00 6182.15 4394.27 793.76
GSV-transport network ~ 1253.67 3818.58 2981.99 497.93
GSV-transport vehicles 0.00 714.55 125.59 118.61
GSV-vegetation 436.00 6224.01 1939.08  1106.00
GSV-water 0.00 65.17 3.07 9.14
Landsat-bci -355.34 285.22 -62.09 167.41

Suburban Landsat-blue 26.14 175.46 81.63 28.12
Landsat-green 52.07 219.57 118.10 33.80
Landsat-ndbai -590.21 -418.86 -513.04 31.52
Landsat-ndvi 194.53 1529.98 773.44 342.28
Landsat-ndwi -677.13 -1.32 -344.29 138.38
Landsat-nir 153.03 408.79 280.51 47.68
Landsat-red 43.14 246.28 125.36 45.07
Landsat-swirl 132.44 332.70 229.19 43.03
Landsat-swir2 74.53 270.18 164.29 44.03
Landsat-tirsl 299587.67 327103.79 313959.32 5835.45
GSV-built environment 1.25 447.57 111.35 113.78
GSV-human 0.00 6.40 0.57 1.37

Rural GSV-natural 2809.11 6812.29 4905.22 882.51
GSV-transport network ~ 1409.37 3695.23 2545.31 673.25
GSV-transport vehicles 0.00 268.30 27.74 50.29
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GSV-vegetation
GSV-water
Landsat-bci
Landsat-blue
Landsat-green
Landsat-ndbai
Landsat-ndvi
Landsat-ndwi
Landsat-nir
Landsat-red
Landsat-swirl
Landsat-swir2
Landsat-tirs1

251.99
0.00
-371.90
16.06
41.20
-595.69
251.03
-637.83
169.15
28.56
121.09
58.74

5734.83
356.46
185.47
132.08
187.16
-382.06

1523.11

-127.36
384.81
253.87
416.88
348.54

2347.88
16.75
-169.74
64.31
103.36
-494.36
948.35
-418.75
297.14
110.93
247.12
167.36

1344.61
62.89
167.58
30.43
38.72
42,51
358.42
131.42
47.99
56.42
64.65
70.13

299015.13 325483.55 311980.16 6803.73

171



Table 4-S3. Descriptive statistics of GSV and Landsat-derived features within 250 m

of PMzs EPA monitors stratified by land use types. GSV features are applied with a

scale of 10000.

Land use type Feature Min. Max. Mean Std.
GSV-built environment 4.33 3686.86 617.17 483.79
GSV-human 0.00 62.03 2.03 4.04
GSV-natural 1778.21 6394.66 3975.23 753.10
GSV-transport network ~ 1641.51 4010.38 3006.75 415.22
GSV-transport vehicles 0.20 813.18 173.60 134.49
GSV-vegetation 141.55 5654.00 2101.36 1017.43
GSV-water 0.00 72.09 2.87 8.92
Landsat-bci -1375.66 365.34 -80.90 169.95

Urban Landsat-blue -20.14 183.43 79.45 27.07
Landsat-green 23.34 231.97 112.33 30.28
Landsat-ndbai -656.54 -443.33 -522.45 28.34
Landsat-ndvi 89.42 1493.57 806.57 299.46
Landsat-ndwi -635.63 -24.41 -351.53 122.60
Landsat-nir 73.01 373.49 271.72 4457
Landsat-red 20.55 270.23 116.56 39.10
Landsat-swirl 55.42 326.92 216.64 36.58
Landsat-swir2 41.39 288.67 152.02 35.17
Landsat-tirsl 298241.95 331181.25 313464.12 5675.47
GSV-built environment 7.59 2711.55 487.58 416.03
GSV-human 0.00 14.05 1.19 1.66
GSV-natural 827.38 6102.75 4249.20 737.45
GSV-transport network ~ 1455.77 3892.14 2956.67 465.62
GSV-transport vehicles 0.45 852.18 133.82 128.48
GSV-vegetation 228.67 6442.39 2080.31  1069.79
GSV-water 0.00 221.61 3.09 18.00
Landsat-bci -355.33 285.21 -110.01 147.49

Suburban Landsat-blue 30.10 175.45 73.95 24.59
Landsat-green 56.22 219.56 110.30 29.33
Landsat-ndbai -586.45 -433.37 -514.27 26.91
Landsat-ndvi 206.34 1555.31 868.30 315.20
Landsat-ndwi -677.11 41.10 -379.06 125.65
Landsat-nir 142.47 408.79 288.53 44.90
Landsat-red 39.29 246.27 114.44 40.04
Landsat-swirl 133.89 324.62 223.88 36.51
Landsat-swir2 73.70 270.19 155.56 39.13
Landsat-tirsl 297899.98 331782.21 312644.82 5876.71
GSV-built environment 0.00 447.57 128.66 119.51
GSV-human 0.00 16.00 0.65 2.22

Rural GSV-natural 1729.00 9366.00 4607.21  1206.08
GSV-transport network 288.00 3695.23 2408.42 706.01
GSV-transport vehicles 0.00 268.30 31.40 49.87
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GSV-vegetation
GSV-water
Landsat-bci
Landsat-blue
Landsat-green
Landsat-ndbai
Landsat-ndvi
Landsat-ndwi
Landsat-nir
Landsat-red
Landsat-swirl
Landsat-swir2
Landsat-tirs1

276.10
0.00
-391.36
18.55
45.49
-561.58
251.03
-757.60
169.16
28.32
152.77
63.62

296371.65 327090.87 308207.16

6569.43
11.80
164.36
115.66
186.08
-406.24
1698.29
-251.33
457.90
253.88
381.87
348.54

2786.78
1.53
-236.99
53.31
89.52
-499.13
1129.65
-482.55
323.20
89.00
229.95
143.49

1482.38
2.93
123.77
22.04
28.94
35.16
323.80
118.92
50.39
45.87
52.77
56.41
6476.05
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Table 4-S4. Summary of model performance for models with different types of
independent variables using spatial hold-out cross validation. Model evaluation metrics
included spatial hold-out 10-fold R?, mean absolute error (MAE), and root mean
squared error (RMSE). The difference of model fits by random and spatial hold-out CV

was also shown in the table.

Air pollutant Model name Spatial Hold-out CV Difference

R? MAE RMSE R? MAE RMSE

GSV-only 049 292 1490 041 -1.72 -11.88
Landsat-only 047 3.05 1550 0.35 -1.36 -10.25

NO; GSV+OMI 054 276 1350 0.36 -1.60 -10.71
Landsat+OMI 059 268 1210 0.27 -1.19 -8.03
GSV+Landsat+OMI 057 270 1260 0.34 -157 -10.02

GSV-only 034 146 382 034 -047 -1.98
Landsat-only 027 152 423 030 -035 -1.72

PM_s GSV+AOD 038 143 360 0.33 -047 -1.90
Landsat+AOD 033 147 38 026 -031 -1.48

GSV+Landsat+AOD 041 1.40 343 031 -046 -1.81
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Figure 4-S1. The number of PM2s and NO2 EPA monitors used or excluded for model
development each year from 2007 to 2019. Bars with strips indicate monitors used for
modeling while solid bars indicate monitors excluded for modeling. The full bars are

all available EPA monitors.
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Figure 4-S2. Spatial distribution of NO2 and PM2s EPA monitors during 2007-2019.
Red stars represent EPA monitors used for model development while blue stars
represent EPA monitors excluded for modeling. Monitors without GSV images within
250m were excluded for modeling due to an incomplete set of model independent

features.
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Figure 4-S3. Distribution of NO2 and PM2s EPA monitors by urban, suburban, and
rural using 2019 for illustration. The urbanicity classification is based on the locale

classification provided by the National Center for Education Statistics.

177



>
w@

Annual NO; concentrations (ppb)
Annual PM; s concentrations (tig/m?)

wer 008 ;0D mAQ AN 202 2013 N4 25 21§ @7 AME W10 war e 209 W 20N A2 HME 20 26 e

iy owie e
Year ‘ear
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Figure 4-S5. Number of available NO2-GSV pairs and GSV images in different years
using scenario 1 and 5 for illustration. The left axis represents the number of GSV
images found within 500m of each NO2 monitoring site in each year while the color of
the stripes represents its frequency. Darker colors indicate more EPA sites with the
same amount of GSV images. The right axis represents the number of NO2-GSV pairs

for model development in each year.
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Figure 4-S6. Ranking of feature importance scores for the NO2 and PMz.s GSV-only
models. (A) The ranking of feature importance scores based on aerosol estimates,
aggregated GSV and Landsat feature groups (i.e., aggregation level 2). (C) Top 15
important features based on feature scores of aerosol estimates, individual GSV and
Landsat features (aggregation level 3). The details of the aggregation levels are listed

in Table 4-S1.
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Figure 4-S7. Ranking of feature importance scores for the NO2 GSV+OMI and PM2s
GSV+AOD models. (A) The ranking of feature importance scores based on aerosol
estimates, aggregated GSV and Landsat feature groups (i.e., aggregation level 2). (C)
Top 15 important features based on feature scores of aerosol estimates, individual GSV
and Landsat features (aggregation level 3). The details of the aggregation levels are

listed in Table 4-S1.
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Figure 4-S8. Statistical distribution of predicted NO2 and PMz.s annual concentrations

at census tract level by different image-based models using 2019 for illustration. The

left panel shows results for NO2, and the right panel shows results for PM2s. The first,

second, and third rows represent the distribution of minimum, mean, and maximum

annual concentrations, respectively.
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Figure 4-S9. Statistical distribution of predicted NO2 and PM2.s annual concentrations
at census block group level by different image-based models using 2019 for illustration.
The left panel shows results for NOz, and the right panel shows results for PMz2s. The
first, second, and third rows represent the distribution of minimum, mean, and

maximum annual concentrations, respectively.
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Chapter 5 Conclusion

This dissertation investigates the feasibility of utilizing open-source imagery datasets
and advanced machine learning algorithms to extract image-based features for
empirical air quality modeling. Specifically, street view imagery and remote sensing
imagery are leveraged through computer vision and machine learning to capture air
pollution variation at both local (chapter 2) and national scale (chapters 3 and 4). The
design of the three studies is based on an incremental approach. The first study serves
as a pilot study performed at a single city scale with the main purpose of establishing
the street view-based modeling pipeline. The second study expands to a national scale
with a focus of model development on its own. The third study further aims for model
application to generate air pollution prediction surfaces as the final products. All of the
three studies have demonstrated the potential of combing public imagery datasets and
machine learning to provide an innovative empirical modeling approach for estimating

street-level patterns of air pollution.

5.1 Key findings

The first study develops a single-city air quality model to predict street-level particulate
air pollution solely based on street view imagery. A set of GSV features were extracted
from GSV images through a deep learning model (i.e., PSPNet). Traditional step-wise
linear regression models (commonly applied in the LUR studies) were developed solely
based on the GSV features to directly compare with previous LUR models that relied
on traditional GIS-derived variables. Three feature selection methods were conducted
to exclude irrelevant and spurious features for model development: (1) theory-driven

feature selection, (2) data-driven feature selection, and (3) integrated feature selection.
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The results from the first study suggest that solely using GSV-derived feature can
achieve good model performance. Adjusted R? (10-fold CV R?) of BC and PN models
with integrated feature selection was 0.57-0.64 (0.50-0.57) and 0.65-0.73 (0.61-0.66),
respectively. Compared to LUR models with traditional GIS-derived variables, the
GSV-based air quality modeling approach achieved similar model performance and
reasonably consistent spatial pattern for model prediction. More importantly, the GSV-
based models identified additional local hotspots that traditional GIS-derived models
did not. The results suggest that GSV imagery, processed with computer vision
techniques, is a promising data source to develop empirical air quality models with high
spatial resolution and consistent predictor variables processing protocol.

The second study extended the previous effort from a single-city scale to the national
scale and developed GSV-based national NO2 models across multiple years (2007-
2019). Besides the GSV features, remote sensing derived air quality estimate was also
considered, i.e., the satellite observations of NO2 from OMI. Unlike the single-city
study which developed the step-wise linear regression models, machine learning
models (i.e., random forest regression) were applied for NO: air pollution modeling.
The impact of image availability on the model performance was systematically
evaluated.

The results from the second study suggest that GSV-derived features still show good
model performance in explaining air pollution variation at national scale. Analysis of
the feature importance score showed that among GSV features, transport vehicles,
transport network, and built environment variables contributed most to the NO2 air
pollution. Adding satellite-derived aerosol estimate (i.e., OMI) can further boost moder
performance, especially when GSV images are not sufficient for modeling. However,

the addition effect decreased significantly as more GSV images being included into the
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model. Based on model prediction surfaces for several sample cities, we found that
compared to conventional LUR approach, the GSV-based models suggested enhanced
ability to capture intra-urban NO: variability. At last, we developed image-unlimited
and image-limited models and the results suggest that a parsimonious image sampling
strategy may be sufficient and most cost-effective for model development and
application.

Due to the limitations of GSV image availability in spatial and temporal dimensions,
the third study explores the potential of solely remote sensing based features. For
comparison, this work applies GSV-derived features, satellite derived aerosol
estimates, and Landsat-derived features to develop random forest models for both
national NO2 and PMzs air pollution through 2007-2019. Different combinations of
image-based predictor variables are tested and evaluated. The ultimate goal of this study
IS to generate national NO2 and PMz:s air pollution maps at high spatial resolution across
multiple years.

The results from the third study find that for both pollutants, the full models (i.e.,
using all three types of predictors) achieved the highest model fit compared to other
model configurations. Models incorporating GSV features generally had improved
model fit as compared to models solely using remote sensing derived predictors.
Although the difference of model fit was relatively small among models, the model
prediction surfaces display increased spatial variation. An examination of model
predictions within US urbanized areas suggests that the GSV-based models captured
both the highest and lowest pollutant concentrations while remote sensing features
tended to smooth the air pollution variations. The results suggest that GSV features may
have the capability to better capture fine-scale air pollution variability — a hypothesis

that we aim to verify in further studies (e.g., compare against mobile monitoring data).
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5.2 Limitations and Implications for future studies

This dissertation provides image-based empirical air quality modeling approaches
using advanced machine learning techniques and open-source imagery data (i.e., street
view and satellite imagery). The proposed modeling approach is promising as it only
involves data sources which are uniformly available on the large spatial scale making
it possible to establish a consistent data collection, processing, and modeling protocol
across large geographies regardless of political boundaries. Still, these innovative
image-based predictors have their own limitations.

The major limitation of the GSV variables is that the availability of GSV images
varies among different locations and time periods. Most GSV images are distributed
along the road network or locations with more human activities. Urban areas are more
likely to have a denser network of GSV imagery compared to rural areas. But even in
those developed regions, the updating frequency of GSV imagery also varies. This
spatio-temporal instability leads to model uncertainty. Compared to GSV imagery,
satellite imagery has higher temporal resolution with stable updating. However,
satellite-derived features have coarser spatial resolution which are incapable of
capturing local hotspots or intra-urban variation of air pollution. In addition, as no
computer vision techniques are flawless, misclassification occurs and may lead to errors
in image-based features.

A few improvements could be made in future studies. First, more advanced modeling
approaches may be investigated. For example, currently PSPNet is used to extract GSV
features from the GSV images before model development. In the future, deep learning
techniques may be directly applied to build air quality models. Second, more spatial-
resolved air quality data may be collected for modeling. Current work only modeled

annual air pollution concentrations from EPA sites, which have limited spatial

193



coverage. As low-cost sensor-based monitoring campaigns are surging. With proper
data quality control, data from such campaigns may be leveraged to play an important
role in capturing intra-urban variability of air pollution. Third, remote sensing products
with higher spatial resolution have been emerging in recent years. Only remote sensing-
based models may witness a significant improvement when utilizing these new
products.

Finally, the results of this dissertation may be applied to provide an important
evidence base for national and global exposure assessment, environmental injustice
analysis and other epidemiology studies. Future studies may further expand our current
effort. For example, to date, the application of machine learning in air quality modeling
has seen a surge but few have served health studies. The insights ML approaches can
provide into exposure and health assessment, especially for disadvantaged populations,
remains to be studied. Future work may combine our high-resolved air pollution
estimates with health data to perform exposure assessment of air pollution to aid human
health studies. The predicted air pollutant concentrations can be applied to estimate
exposure disparities among different demographic groups and subsequently linked to

mortality.
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