Article
Cite This: Environ. Sci. Technol. XXXX, XXX, XXX−XXX

pubs.acs.org/est

Predicting Daily Urban Fine Particulate Matter Concentrations Using
a Random Forest Model
Cole Brokamp,*,†,‡ Roman Jandarov,§ Monir Hossain,† and Patrick Ryan†,§,‡
†

Division of Biostatistics and Epidemiology, Cincinnati Children’s Hospital Medical Center, Cincinnati, Ohio 45229, United States
Department of Pediatrics, University of Cincinnati, Cincinnati, Ohio 45267, United States
§
Department of Environmental Health, University of Cincinnati, Cincinnati, Ohio 45267, United States
‡

S Supporting Information
*

ABSTRACT: The short-term and acute health eﬀects of ﬁne
particulate matter less than 2.5 μm (PM2.5) have highlighted
the need for exposure assessment models with high
spatiotemporal resolution. Here, we utilize satellite, meteorologic, atmospheric, and land-use data to train a random forest
model capable of accurately predicting daily PM2.5 concentrations at a resolution of 1 × 1 km throughout an urban area
encompassing seven counties. Unlike previous models based
on aerosol optical density (AOD), we show that the
missingness of AOD is an eﬀective predictor of ground-level
PM2.5 and create an ensemble model that explicitly deals with
AOD missingness and is capable of predicting with complete
spatial and temporal coverage of the study domain. Our model
performed well with an overall cross-validated root mean squared error (RMSE) of 2.22 μg/m3 and a cross-validated R2 of 0.91.
We illustrate the daily changing spatial patterns of PM2.5 concentrations across our urban study area made possible by our
accurate, high-resolution model. The model will facilitate high-resolution assessment of both long-term and acute PM2.5
exposures in order to quantify their associations with related health outcomes.

■

INTRODUCTION
Particulate matter less than 2.5 μm (PM2.5) has long been
known to have a negative eﬀect on public health1 and has a
wide range of eﬀects, including inﬂammation of the brain2 and
lungs,3 increased risk for lung cancer,4,5 asthma exacerbation,6
elevated blood pressure,7 increased cardiovascular mortality,8
increased daily mortality,9−14 and an overall shortened life
expectancy.15
Because epidemiological studies are limited by the availability
of ground monitors that measure PM2.5 concentrations, landuse models are commonly used to assess exposure.16,17 These
models estimate spatially varying concentrations of pollutants
based on characteristics of the surrounding land and nearby
pollutant sources.18 Although temporal variables explain most
of the variability in PM concentrations,19 most land-use models
ignore temporal variability. However, recent developments have
utilized daily satellite data to introduce a temporal component.19−21 Temporal exposure assessment models are important for epidemiological studies because acute and short-term
exposures are associated with mortality and hospital admissions.22 These types of exposures are especially important to
measure during critical development windows throughout
pregnancy and early childhood.
Satellite data can also signiﬁcantly expand spatial coverage in
areas without extensive ground monitoring networks. Furthermore, additional satellite information enhances the
© XXXX American Chemical Society

precision of exposure assessment, preventing biased estimation
of the association between PM exposure and health eﬀects.23 A
review of air pollution exposure models found that ﬁne-scale
variations in PM2.5 were associated with larger health eﬀects
than those that vary regionally,24 further highlighting the need
for air pollution exposure assessment models with higher spatial
and temporal resolution.
Aerosol optical density (AOD) is a measure of the amount of
particulate matter suspended in the atmosphere, collected as a
part of NASA’s Earth Observing System (EOS) program.
Because aerosols change the way the atmosphere reﬂects and
absorbs visible and infrared light, AOD can be measured with
the moderate-resolution imaging spectroradiometer (MODIS)
instruments aboard two EOS satellites, Aqua and Terra. AOD is
correlated with ground-level PM2.525,26 and has been used in
spatiotemporal land-use PM2.5 models.27,28 Furthermore, recent
exposure assessment models have used spatiotemporal
meteorology data to calibrate AOD measures to ground-level
PM2.5 on the basis of changing aerosol composition and both
horizontal and vertical mixing in the atmosphere.19,29−31 Our
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Figure 1. PM2.5 exposure assessment model was created for 2000−2015 covering the seven county area surrounding Cincinnati, OH, at a 1 × 1 km
grid resolution. The insets at the bottom left show the location of the prediction grid in the context of both the nation and the region.

ﬁndings add to this body of literature by explicitly dealing with
missing AOD to aid in daily resolution.
Although land-use modeling is usually done within a linear
model framework, we previously showed that a land-use
random forest approach outperformed land-use regression for
assessing exposure to PM2.5 and several of its elemental
components.32 Another group compared 11 statistical learners
in a land-use modeling framework and found random forest
and boosted trees to perform with the highest cross-validated
accuracy.33 Machine learning has since been implemented
within spatiotemporal PM2.5 models utilizing AOD, including
random forests34 and neural networks.35
Here, our objective was to use remote-sensing AOD,
weather, atmospheric, and land-use data to train a random
forest model capable of accurately predicting daily PM2.5
concentrations at a resolution of 1 × 1 km throughout the
Cincinnati, OH, USA, metropolitan area from 2000 to 2015.

Table 1. Summary of Data Used To Train Spatiotemporal
Random Forest Models
resolution
category
AOD
PM2.5
weather

land cover
roadways
greenspace

■

spatiotemporal
convolution
layer

METHODS
Study Domain. The study domain was deﬁned as 2000−
2015 in the seven county area surrounding the Cincinnati, OH,
area (Figure 1). Ohio counties included Hamilton, Clermont,
Warren, and Butler; Kentucky counties included Boone,
Kenton, and Campbell. Insets in Figure 1 illustrate the location
of the study area on a national and regional scale. A rectangular
prediction area comprised of a 1 × 1 km grid that completely
covered the seven county area in the NAD83/Ohio South
projection (EPSG:3735) was used.
Data. An overview of the data used to train the
spatiotemporal random forest models is summarized in Table
1 and detailed below.
PM2.5 Measurements. Monitoring data from the Environmental Protection Agency (EPA) Air Quality System (AQS)
were supplemented with PM2.5 data collected as part of a local
ambient sampling campaign described elsewhere.36 Brieﬂy,
sampling sites were selected on the basis of the location of
study participants in the Cincinnati Childhood Allergy and Air
Pollution Study (CCAAPS) cohort as well as wind direction
and proximity to pollution sources. In total, PM2.5 was sampled

variables

spatial

Terra and Aqua Aerosol
5Min 3km L2
AQS and CCAAPS mean
24-h PM2.5
visibility, planetary boundary
height, temperature, relative
humidity, total precipitation
and rate, pressure, wind speed
and direction
percent imperviousness
total length of major roadways

temporal

3 km nadir

daily

exact
location
none

daily

30 × 30 m
exact
location
30 × 30 m

none
none

normalized diﬀerential
vegetation index
grid identiﬁer, year, day of year 1 × 1 km
median PM2.5 from 3 nearby
none
days

daily

none
daily
daily

at 28 additional sites to support the CCAAPS cohort; 9 of the
total sites were located within 400 m of a major roadway, 15 of
the sites were located at least 1500 m away from a major
roadway; and 4 sites were located at residential locations. The
locations of the AQS and CCAAPS monitoring sites are
portrayed in Figure 1. Daily PM2.5 concentrations were assigned
to their containing prediction grid cell and day.
Aerosol Optical Depth Data. The Terra and Aqua Aerosol
5Min 3km L2 data products (MOD04_L2 and MYD04_L2)37
from the MODIS instruments were downloaded as 3 km square
pixels with centroid coordinates. The band representing aerosol
optical density at 0.55 μm was used for AOD. We chose to
utilize the 3 km product over the 10 km product not only
because of its higher spatial resolution, but also because the it
requires a higher number of quality pixels for each retrieval.38,39
Abnormally high AOD (greater than 1.5) measurements are
usually due to rare events, like forest ﬁres, ﬁreworks, or
instrument error, and were excluded; these exclusions made up
B
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Table 2. Overall, Temporal, and Spatial Cross-Validated Accuracies of the Random Forest Models Trained on Grid-Days with
AOD (n = 23 078), without AOD Data (n = 3291), as Well as the Overall Combined Model (n = 26 369)
overall
combined
AOD
no AOD

spatial
2

MAE

RMSE

R

0.95
1.25
0.92

2.22
2.45
2.19

0.91
0.90
0.92

temporal
2

MAE

RMSE

R

1.45
1.68
1.41

2.65
2.83
2.63

0.88
0.87
0.88

MAE

RMSE

R2

1.54
1.64
1.52

3.18
3.13
3.18

0.82
0.84
0.82

trees in the random forest ensemble that were not trained using
the PM2.5 observation being predicted. Each mtry value was used
to train 10 random forests and the average OOB R2 was used to
select the best mtry value. OOB R2 was also used to optimize the
target minimum node size and to ensure that a suﬃcient
number of trees was used in each random forest.
Cross-Validated Model Performance. Cross-validated
model R2, root mean squared error (RMSE), and median
absolute error (MAE) were calculated by using a leave-one-out
cross-validation scheme. Random forest ensembles trained after
holding out each observation one at a time were used to predict
for each held out observation. The temporal and spatial crossvalidation metrics were computed similarly, except that each
random forest ensemble was trained after holding out all
observations from the same grid or day, respectively, for each
held out observations. Cross-validated model performance was
also calculated for each stage of the model based on AOD
missingness.
Statistical Computing. Geographic calculations in the
Ohio South projection (EPSG:3735) were carried out using
R,45 speciﬁcally using the rgdal,46 rgeos,47 and sp48 packages.
Random forests were trained in R using the ranger49 package.

less than 0.01% of all AOD measurements in our study
domain.40 Furthermore, only measurements with the “highest
quality” conﬁdence were retained for use.39 Grid cells
intersecting with a radial buﬀer of 1.515 km around each
MODIS pixel centroid were assigned a daily mean AOD value.
Meteorological Data. Meteorological data from the North
American Regional Reanalysis (NARR) were downloaded as a
32 × 32 km square grid.41 Twelve of the NARR grids
intersected with the study area, and their values were averaged
to produce a mean daily value for the following nine monolevel
surface measurements: visibility (m), planetary boundary height
(m), air temperature at 2 m (K), relative humidity at 2 m,
precipitation rate (kg/m2/s), accumulated total precipitation
(kg/m2), pressure (Pa), U-wind at 10 m (m/s), V-wind at 10 m
(m/s).
Land-Use Data. The 2011 National Land Cover Database
Percent Developed Imperviousness product42 was downloaded
at a resolution of 30 × 30 m and a percentage developed
imperviousness was assigned to each 1 × 1 km grid cell as the
fraction of total pixels that were classiﬁed as having developed
imperviousness. The total length of major roadways (deﬁned as
S1100 features from 2010 TIGER/Line ﬁles43) were assigned
to each grid cell. Greenspace was retrieved as the normalized
diﬀerential vegetation index (NDVI) at a 30 m square
resolution from the June 2010 Landsat Scene Path, and the
mean NDVI value within each 1 × 1 km prediction grid cell was
assigned.
Spatiotemporal Features. In order to allow the random
forest model to utilize the spatial and temporal correlations in
the data, a unique identiﬁer for each grid point, year, and day of
year were all included in the training data. Similar to other
spatiotemporal PM2.5 models utilizing machine learning,34,35 a
convolution layer value for each day was assigned as the median
of daily measured PM2.5 medians on the previous, current, and
next day.
Random Forest Modeling. A total of 17 variables aligned
to the 1 × 1 km prediction grid were used to train random
forest regression models44 consisting of 500 trees and a
minimum node size of 5. Because the missingness of AOD is
dependent on cloud cover and other atmospheric conditions,38,39 we assumed that it would be related to ground-level
PM2.5 and included AOD missingness as a predictor in our
model. We created two random forest models, one utilizing
grid-day observations where AOD was available and one where
AOD was missing. Combining these two random forest models
into one single model can be conceptualized as enforcing an
initial split on AOD missingness. The optimum number of
variables randomly tried at each split in the random forests
(mtry) was determined by optimizing the “pseudo-R2” (henceforth referred to as R2), or the fraction of variance of the PM2.5
measurements explained by “out of bag” (OOB) predictions,
MSE
1 − var(Y ) , where MSE is the mean squared error based on

■

RESULTS AND DISCUSSION
Training Data. Creating a prediction grid of 1 km square
cells across the study region resulted in 7452 total cells (92
rows by 81 columns, Figure 1). Aligning data to the prediction
grid for each day in 2000 through 2015 (5844 total days) led to
43 549 488 total grid-days.
Supplementing the AQS sampling data with the CCAAPS
sampling campaign allowed us to increase our spatiotemporal
coverage of the feature space. In total, there were 26 369 total
daily PM2.5 measurements at 52 locations (28 CCAAPS
locations and 24 AQS locations) with at least one measurement
on 4530 days (77.5% of the 2000−2015 study domain).
Overall, PM2.5 measurements in our study area had a median of
12.61 μg/m3 with a 25th and 75th percentile of 8.80 and 17.90
μg/m3, respectively. A total of 1 097 476 AOD satellite
measurements that covered 8 294 589 (19%) of all grid-day
observations were of suﬃcient quality to be used in modeling.
Out of all 43 549 547 grid-day observations, 3291 (<0.1%)
had AOD and PM2.5 measurements available, 8 291 298 (19%)
had AOD but not PM2.5 measurements available, 23 078 (0.1%)
had PM2.5 but not AOD measurements available, and the
remaining 35 231 880 grid days (80.9%) had neither AOD nor
PM2.5 measurements available.
Random Forest Modeling. Two random forests were
trained using the grid-days for which PM2.5 measurements were
available, one where AOD was available and one where AOD
was not available. Hence, we utilized the missingness of AOD
as a predictor of PM2.5 concentrations by combining both
random forest models into a larger model (“combined” in
Table 2). The overall, temporal, and spatial cross-validated
performances of the random forest models were assessed using

OOB predictions. Here, an OOB prediction is based only on
C
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Figure 2. Overall cross-validated predictions from the random forest models trained on grid-days with and without AOD data, as well as the overall
combined model plotted according to observed PM2.5 concentrations.

Figure 3. Daily PM2.5 predictions at each grid cell averaged over 2000−2015.

leave one out, leave date out, and leave grid location out,
respectively, for each grid-day with a measured PM2.5 value
(Table 2).
The model performed well with an overall cross-validated
median absolute error (MAE) of 0.95 μg/m3 and a crossvalidated R2 of 0.91. Model performance decreased when crossvalidated using a spatial and temporal hold out scheme, with a
RMSE of 2.65 and 3.18 μg/m3, respectively. Similar to other
spatiotemporal PM2.5 models, more spatial variability was
explained (cross-validated R2 of 0.88) than temporal variability
(cross-validated R2 of 0.82). Agreement between observed and
cross-validated predictions was excellent, with little diﬀerences
in visual agreement patterns between cross-validation scheme

(Figure 2). When examined by year, the model performed
consistently across time, with RMSE by year varying from 1.43
to 2.45 μg/m3 and R2 varying from 0.84 to 0.96. Plots of both
the temporal cross-validated prediction errors by date [Figure
S1, Supporting Information (SI)] and also spatial crossvalidated predictions by location (Figure S2, SI) are available.
Overall, the model developed for where AOD data were
missing (“no AOD” model in Table 2) performed generally the
same as the model utilizing AOD data (“AOD” model), with an
R2 of 0.92 and 0.90, respectively. This also held true when using
a spatial and temporal cross-validation scheme. A sensitivity
analysis in which a random forest model was trained on the
entire data set using only an indicator for AOD missingness
D
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Figure 4. Model PM2.5 predictions for June 18, 2010.

PM2.5 Predictions. The random forest models were used to
predict daily PM2.5 concentrations at each of the 1 × 1 km grid
cells from 2000 to 2015. Figure 3 shows a map of the study area
and the corresponding predicted spatial PM2.5 concentrations
averaged over the study time period. Mapping the predicted
concentrations marginalized over a 16 year period, however,
can lead to an under-representation of the spatial variability and
mask the changing spatial patterns over time. Figure 4
illustrates the spatial variation in PM2.5 predicted concentrations on a single day (June 18, 2010) throughout the study
area. An animated GIF (available in the Supporting
Information) of daily concentrations for Hamilton County
throughout June 2010 was created to highlight the high
spatiotemporal resolution of our model predictions.
Supplemental Monitoring Data. After subsetting our
model to when CCAAPS data were available (December
2001−July 2006), utilizing the supplemental monitoring data
increased our number of unique locations from 15 to 42 and
our number of grid-days from 8389 to 9165. Training the
model with and without CCAAPS data did not change the
overall cross-validated R2 (0.92) at the AQS sites and resulted
in a cross-validated RMSE of 2.51 and 2.40 μg/m3, respectively,
suggesting that the inclusion of the supplemental monitoring
data did not improve model performance. However, this is
likely due to the small number of additional sampling days,
because our model performance suggests that it would beneﬁt
from better coverage of the temporal, rather than spatial,
feature space. The supplemental CCAAPS monitoring
campaign was not designed with land-use modeling in mind,
and it is possible that the AQS EPA network could beneﬁt from

instead of an AOD value performed worse than the combined
model, suggesting that the AOD data were a useful predictor of
ground-level PM2.5. Using R2 rather than MAE or RMSE is
more appropriate when comparing models with and without
AOD because of the large diﬀerence in sample size (n = 23 078
when AOD and PM2.5 were available compared to n = 3291
when AOD was missing and PM2.5 was available).
Others have dealt with missing AOD data by using Aqua
AOD data to predict missing Terra AOD data31 or by using
GEOS-Chem-simulated AOD to replace missing AOD data.34
However, both of these approaches are not capable of imputing
all of the missing AOD data, leading to areas with missing
PM2.5 predictions. Our approach was closer to that of Kloog et
al.,50 which used inverse probability weighting to account for
nonrandom missingness of AOD and used a second stage
model to predict at grid cells where AOD was missing.50 Our
initial modeling results found that imputing AOD data based
on PM2.5 and other predictors did not increase model
performance on PM2.5 measurements where AOD was missing.
This further suggests that relationships between predictors and
PM2.5 are diﬀerent, depending on the missingness of AOD.
Because missing AOD data is largely due to cloud cover, clear
days with more wind and a higher planetary boundary height
could lead to more mixing in the atmosphere, making PM2.5
more diﬃcult to model. Indeed, grid-days with AOD available
had a higher PM2.5 variance compared to grid-days where AOD
was missing. However, estimating the counterfactual outcome
of predicting ground-level PM2.5 without AOD when AOD is
truly available is diﬃcult because its missingness is confounded
by PM2.5 concentration and other meteorological predictors.
E
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additional sampling if it was more strategically located in
locations or on days not covered by AQS.
Implications. Comparison to other spatiotemporal PM2.5
machine-learning models34,35 should be interpreted with the
caveat that we used diﬀerent cross-validation methods, but our
leave one out CV R2 of 0.91 was higher than both a recent
neural network approach35 (10-fold CV R2 = 0.84) and random
forest approach34 (10-fold CV R2 = 0.80). However, this is
likely due to the reduced heterogeneity in PM2.5 concentrations
within our study area compared to the entire nation. Unlike the
other models, we did not stratify model training on arbitrary
regions in time and space, e.g., “study regions” or seasons. In
contrast, we used the entire spatiotemporal feature space to
train our random forest model and allowed the spatiotemporal
interactions to be learned from the year, day of year, and grid
identiﬁer variables supplied to the random forest models.
Like other spatiotemporal PM2.5 machine-learning models,34,35 the inclusion of a convolution layer consisting of nearby
PM2.5 measurements signiﬁcantly improved cross-validated
predictions. Since spatiotemporal dependencies are not as
clearly modeled in machine learning as they are in general
linear model frameworks, additional research in this ﬁeld is
needed. Like us, other groups did not use a data-driven method
to decide the optimal amount of nearby time and space to
include in the convolution layer. Future work could derive
quantitative methods for optimizing the convolution layers
used in machine-learning models trained on irregularly spaced
spatiotemporal data. The convolution layers could also be
expanded to include other features, like AOD, temperature, or
wind speed.
Overall, the spatiotemporal random forest PM2.5 model
showed excellent cross-validated accuracy and will be useful for
high-resolution assessment of both long-term and acute PM2.5
exposures in order to quantify their associations with related
health outcomes.

■
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