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Air pollution has important and widely accepted implications on health outcomes [1, 2, 3, 4].
Advances in spatial and temporal estimation have been instrumental both in establishing health
effects [2] and estimating impact on the burden of disease [1, 5]. Yet, we currently lack information
on air pollution levels in many areas globally [1], especially at high spatial resolution. Limited spatial
and temporal coverage of air quality models is partially due to input data requirements of existing
estimation approaches including physically-based e.g., dispersion models, and geostatistical e.g.,
land use regression (LUR) models [6]. Advances in deep learning methods and their success in
computer vision applications led to a growing interest in using images for estimating air pollution
levels [6, 7, 8, 9, 10, 11, 12, 13]. The rationale behind this interest is that information on common
inputs to traditional approaches (e.g. land use, traffic, and built environment features) is, at least
partially, visible from street-level and satellite images. If utilized effectively, this approach has the
potential for scaling up to global coverage at high spatial and temporal resolution with increasing
availability of imagery at low cost.

Building on existing work, for this study, we obtained LUR based mean annual NO2 (200m resolution
raster) and PM2.5 (100m resolution raster) estimates for 2010 from four cities: London, New York,
Los Angeles, and Vancouver (BC) [14, 15, 16, 17, 18]. To obtain images, a 100m grid for each city
was created using the boundary shape files covering LUR model outputs. For each of the grid centroid
points, we obtained the nearest street-level panorama image available from Google Street View that
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was captured from years 2008 to 2012 (+/- 2 years from the LUR model year). Street-level images
(two million in total), were then matched with PM2.5 and NO2 values as outcome labels.

In addition to the novel use of street-level imagery an innovative aspect of our approach is that we use
modelled output data rather than measurements for training, allowing us to compile a much larger
dataset of image-output pairs for training deep learning models. We used a slightly modified ResNet
[19] architecture where the outputs are continuous pollutant levels (as opposed to discrete classes)
to train two separate deep learning models for estimating PM2.5 and NO2 concentrations. ResNet
was used as it has a global average pooling at the end, and it allowed us to generate post-hoc model
visualisations highlighting most relevant areas in the image for predictions using class activation
maps [20]. In the first set of experiments, we trained separate models for each city using four-fold
cross validation. In each fold, 75% of data (i.e., image-outcome pairs for 75% of grid points) were
used for training the network and the remaining 25% were withheld. We then measured how well
the trained network uses images to predict outcomes at locations that were not used in training
from the same city. We repeated this process four times holding out a different 25% of data each
time. The root-mean-squared-error (RMSE) values were all below 2µg/m3 for each of the cities.
In the second set of experiments, we used combined data from three cities holding out one city for
training, and tested the model performance on the held-out city. We repeated this process three times
holding out a different city each time. The results from the second set of experiments allow us to
evaluate capabilities of trained networks to generalize to different geographies i.e. transferability. As
expected, RMSE values were higher but remained low, mostly below 2µg/m3. Lastly, and crucially,
we calculated annual average values from available ground monitoring stations from study regions
[16, 21, 22, 23, 24]. This allows us to evaluate how well deep learning models trained on modelled
pollution values perform on measured pollution values.
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