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Abstract

Mobile and ubiquitous sensing of urban air
quality has received increased attention as an
economically and operationally viable means
to survey atmospheric environment with high
spatial-temporal resolution. This paper pro-
poses a machine learning based mobile air pol-
lution sensing framework, called Deep-MAPS,
and demonstrates its scientific and financial
values in the following aspects. (1) Based on
a combination of fixed and mobile air qual-
ity sensors, we perform spatial inference of
PM2.5 concentrations in Beijing (3,025 km?,
19 Jun-16 Jul 2018) for a spatial-temporal res-
olution of 1kmx1km and 1 hour, with under
15% SMAPE. (2) We leverage urban big data
to generate insights regarding the potential
cause of pollution, which facilitates evidence-
based sustainable urban management. (3) To
achieve such spatial-temporal coverage and ac-
curacy, Deep-MAPS can save up to 90% hard-
ware investment, compared with ubiquitous
sensing that relies primarily on fixed sensors.

Keywords: air quality; ubiquitous sensing; big data;
machine learning

1 INTRODUCTION

Severe deterioration of urban air quality (AQ) around
the globe, especially in developing countries due to
aggressive urbanization and motorization, has posed
barriers to economic development and major threats
to public health. Health Effects Institute [I] estimates
that 95% of the world’s population is exposed to air

quality considered unsafe by the World Health Or-
ganization (WHQO). On a global scale, air pollution
is responsible for 5 million deaths each year and con-
tributes to 9% of deaths, which varies by country from
2% to 15%. In China, PM2.5 pollution concentrations
remain above the World Health Organization’s least-
stringent target [2].

Detailed information about air pollution, includ-
ing its sources and dynamics on a city scale, is of
critical importance to public health and sustainable
urban management [3]. For decades, fixed-location
AQ monitoring stations have provided AQ informa-
tion for various purposes including information dis-
semination, AQ inference/prediction, and policy ap-
praisal. In recently years, mobile air quality sens-
ing has received increased attention as an econom-
ically and operationally viable means to survey ur-
ban atmospheric environment [4], 5 6]. Compared to
fixed monitoring stations, the array of mobile sensors
can offer high-resolution and dense coverage of urban
atmospheric environment at comparatively low costs
[7]. A number of initiatives have taken place world
wide to collect AQ information based on mobile sens-
ing and communication technologies, as reported by
I8, 9], 10}, [T}, [12].

The global market for ubiquitous AQ sensing is
rapidly expanding with a 14.3% compounded average
growth rate, reaching $530m by 2024 [13]. In China,
public funding allocated to air pollution mitigation
has reached 25bn RMB (3.6bn USD) in 2019, with
a 25% increase over 2018 [14]. Given the major in-
vestment in hardware, however, the efficacy of mobile



sensing remains rather limited, as information avail-
able is restricted to sensor measurements without ef-
fective mining of data essential to decision making. In
this paper, we demonstrate the scientific and financial
values of Deep-MAPS, a machine learning framework
in mobile air pollution sensing, in three main ways:
(1) It allows air quality information to be inferred at
fine granularity (1kmx 1km, hourly) at city scale, even
with sparse fixed and mobile sensing coverage. (2) It
leverages urban big data to generate insights regard-
ing the potential cause of pollution, which facilitates
evidence-based sustainable urban management. (3) It
has the potential to substantially reduce the capital
investment of high-density AQ monitoring in urban
areas.

2 Related work

2.1 Bottom-up air pollution models

The physical/chemical interaction and regional trans-
port of air pollutants are traditionally studied using
bottom-up approaches, based on knowledge of the
emission sources and a number of theoretical or em-
pirical assumptions. [15] and [16] apply the Gaus-
sian Plume Dispersion Model to roadside dispersion
modeling. [I7] and [18] have developed and applied
the Operational Street Pollution Model to simulate
atmospherical dynamics for street canyons based on
the Gaussian Plume Model. The Gaussian-type mod-
els rely on the stationarity assumption, which lim-
its its applications to fine-granular temporal dynam-
ics. Computational Fluid Dynamic Models [19] 20]
use differential equations and numerical schemes to
simulate fluid or gas flows with given boundary con-
ditions, which have been widely implemented in soft-
ware [21], but suffers from significant computational
burden. Chemical Transport Models [22] 23] simulate
the chemical processes involving multiple species in
the atmosphere. The CMAQ model and software [24]
target multiple pollutants at multiple scales, and offer
decision support tools to assess the impact of AQ re-
lated management measures. These bottom-up mod-
els offer high model fidelity pertaining to the physical
and chemical processes of air pollution, but they tend
to be computationally expensive and rely on assump-
tions that limit their integration with high frequency
and ubiquitous AQ sensing data.

2.2 AQ inference and prediction based on
machine learning

Another line of research aims to infer and predict
AQ by learning its spatial and temporal correlation
with explanatory factors such as urban layouts, traf-
fic activities, and meteorological conditions, based on
machine learning techniques. [27] propose a spatial-
temporal classifier and a co-training framework to in-
fer the air quality index in Beijing using fixed-location
sensing data. [28] also consider fixed monitoring sta-
tion data in Beijing to infer and predict PM2.5 con-
centrations based on semi-supervised learning. [29]
propose a multi-group encoder-decoder approach to
fuse heterogenous features for next-day air quality
prediction at station level.

Mobile air quality sensing has been recently in-
troduced to AQ inference. [30), BI] use mobile data
collected in Lausanne and built probabilistic models
and deep learning models to estimate street-level air
quality. However, these inference results have limited
temporal resolution (daily, weekly, monthly), which
cannot reveal detailed dynamics of urban air pollu-
tants. [32] apply several regression methods to esti-
mate CO concentration in Sydney based on fixed and
mobile sensing data, but without using any additional
explanatory data or urban features to reasonably gen-
eralize their results beyond statistical fitting.

Mobile air quality sensing has advanced the devel-
opment and application of land use regression (LUR)
models. [33] use over 85 hrs of data on a bicycle-
based sampling platform in Minneapolis, and con-
structed LUR models for particle size, black carbon,
and PM2.5 with modest goodness-of-fit. = Vehicle-
based mobile measurements were also applied to cre-
ate LUR models to estimate the spatial variation of
street-level PM2.5 and PM10 in the downtown area of
Hong Kong [34]. [35] develop LUR models with ma-
chine learning techniques for street-level PM2.5 con-
centration levels in Seoul. [36] analyze data collected
from a Google Street View mapping vehicle equipped
with air quality sensors that repeatedly sampled every
street in a 30-km? area of Oakland, to model and re-
veal urban air pollution patterns at a very high spatial
granularity. All these studies on LUT models, how-
ever, tend to have low temporal resolution (e.g. days,
weeks), which limit their capabilities to reveal detailed
pollution dynamics.

This paper proposes an AQ inference framework
that is capable of producing fine-granular pollution
maps (1lkmx1km, hourly) based on fixed and mobile



sensing data with limited spatial-temporal coverage,
while ensuring the robustness and accuracy of the re-
sults by leveraging multi-source urban datasets.

2.3 Machine learning based on spatial-
temporal data

The proliferation of urban big data in the past decade,
enabled by information and communication technolo-
gies and pervasive sensing, has resulted in rapid de-
velopment of spatial-temporal data analytics [37] and
computational architectures [38]. Studies have pro-
posed different ways to capture spatial and tempo-
ral correlations. Deep neural networks such as Long-
Short-Term Memory (LSTM) allow long-term tempo-
ral dependencies as well as short-term variations to
be simultaneously captured in time-series prediction
[39]. [40] forecast the flow of crowds in an urban area
using convolutional neural networks (CNN) by view-
ing traffic intensity in a region as a pixel on an im-
age. [4I] combine CNN and LSTM (ConvLSTM) to
perform precipitation nowcasting. [42] predict spa-
tial and temporal taxi demands using historical data
based on a Multi-View Spatial-Temporal Network to
simultaneously capture spatial correlations and tem-
poral dependencies as well as semantic relations.

We note that in all these studies, either the train-
ing labels are available for the entire spatial domain
at a particular time (e.g. precipitation, taxi demand),
or they are available at several discrete locations with
non-interrupted time series (e.g. fixed-location AQ
sensing, traffic flow). The problem considered in this
paper presents its own challenge, as the training la-
bels (i.e. mobile data) are irregularly distributed in
the space-time domain.

3 Problem and data description

3.1 Problem definition

We begin by presenting a set S of 1kmx1km spatial
grids in the study area, and set 7 of 1-hr periods. A
unit is defined to be an element u = (s,t) € S x T.
The main task undertaken in this work is spatial in-
ference for PM2.5, as follows.

Definition 3.1. (Spatial inference) Given the sub-
set U, C S x T containing tabled units, where the
label g, denotes the PMZ2.5 concentration (obtained
from fized or mobile sensing) in u € Uy, the problem
of PM2.5 spatial inference is to estimate the PM2.5
concentrations g, for allu' € S x T \ Uy.

3.2 Fixed and mobile air quality data in
Beijing

As shown in Fig a), 21 fixed-location air pollu-
tion monitoring stations are located in a 55km x55km
square area in Beijing, which generate hourly mea-
surements of particulate matters (PM2.5, PM10) and
gaseous pollutants (NOx, CO, SO2, 03).

Fig [Ifa)-(b) show two adjacent fixed monitoring
stations in Beijing and their PM2.5 measurements,
which show similar trends yet with considerable dif-
This is caused by local
variation of pollution concentrations that cannot be
adequately observed by sparsely distributed monitor-
ing stations.

ferences for certain times.

The mobile air quality measurements were col-
lected by 15 probe vehicles traveling through the city
in 28 days (2018.06.19-2018.07.16). The mobile sens-
ing data include PM2.5 and PM10 concentrations as
well as temperature and relative humidity. The trajec-
tories of the 15 probe vehicles have been map-matched
onto streets as shown in Fig[jc). The mobile PM2.5
measurements were pre-processed, geo-meshed and
aggregated into lkmx1km spatial grids and hourly
intervals.

The spatial and temporal distribution of the fixed
and mobile data (labels) is illustrated in Fig In
particular, Fig[2|(a) shows the number of spatial grids
covered by mobile sensing at every hour throughout
the study period. The numbers are typically between
50 and 150 (grids), which is less than 5% of the 3,025
grids in total and hence demonstrates the spatial spar-
sity of the data. Furthermore, Figs [2(b-d) illustrate
the temporal sparsity of mobile sensing measurements
by showing that the majority of the grids receive less
than 50 hrs (7.4% of the experiment period) of sens-
ing coverage. The challenge posed by spatial-temporal
sparsity is addressed in this paper by exploring their
spatial-temporal correlations in conjunction with a
wide variety of urban features that encapsulate the
configuration and dynamics of the city.

3.3 Multi-source urban datasets

A detailed and balanced representation of urban fea-
tures is critical for data-driven methods to reduce
overfitting and increase the interpretability of the
model. A total of 62 features are grouped into four
categories, which are described below and summarized
in Table 1l
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Figure 1: (a) The 55kmx55km study area in Beijing with 21 fixed locations and 8 micro units. (b) Hourly PM2.5
measured by two adjacent stations identified in (a). (c¢) Street level coverage of mobile sensing during the study period.
(d) Spatial-temporal trajectory of a probe vehicle between 28 June and 10 July. (e) Time series of PM2.5 concentration,
temperature and relative humidity measured by a probe vehicle.
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Figure 2: Temporal and spatial coverage of fixed /mobile sensing. (a): Number of grids covered by fixed /mobile sensing
on an hourly basis. (b): Number of hourly measurements in each cell (fixed and mobile); (¢): Number of hourly
measurements in each cell (mobile only). (d): Fixed and mobile coverage (PM2.5) between 8:00-10:00 on 2018.06.24.



Geography & Land Use - includes points of in-
terest (POI) (21 categories including building, factory,
commercial area etc.). Within a lkmx1lkm spatial
grid, the numbers of different types of POls, as well
as the percentages of landmass they occupy (Area of
Interest, AOI) are calculated. In addition, the per-
centages of green and water covers, as well as digital
elevation are included to further characterize the ge-
ographic features of the grid.

Transport - contains road network structure and
dynamic traffic conditions. Within a 1kmx1km spa-
tial grid, the former contains number of signalized in-
tersections and the lengths of roads of different cate-
gories (primary, secondary, tertiary and quaternary).
These static features are relevant to traffic volume and
fleet composition, as well as the stop and-go driving
cycles, which are known to contribute to vehicle emis-
sions. The dynamic traffic information is captured

by the percentages of roads with light, medium and
heavy traffic conditions. Such a categorical feature is
a direct indicator of congestion levels.

Public Vitality - refers to the intensity of social
media activities enabled by Location Based Services
(LBS). These include Wechat and Sina Weibo log-ins,
posts and comments, which are indicators of public vi-
tality in the area. The public vitality data are deemed
relevant to instantaneous population density and in-
direct indicators of land use type (such as business
districts and rural areas).

Meteorology - contains hourly information of lo-
cal temperature, pressure, relative humidity, wind di-
rection and speed, which are measured at 13 meteoro-
logical stations (9 within the study area). The hourly
meteorological data were used to spatially interpo-
late grid-based quantities using the inverse distance
weighting method.

Data Space-Time
D T
Category ata Type Resolution
Point of Interest (21 categories)
Geographic | Area of Interest (21 categories)
1kmx 1km

& Area of Green Cover (%)

Static (2018)

Relative humidity (%)

Land Use | Area of Water Cover (%)
Digital Elevation (m)
No. of signalized intersections
1kmx 1k
Network Total lengths of different r.n>< m
Static (2018)
types of roads
Transport -
Percentages of roads with
Traffic light /medium /h diti 1kmx 1km
oy i medium nditions;
Conditions & CAT/ oAy CONGIHons Hourly (2018)
categorized traffic conditions
Public Social media Number of users Lo Lkem
Vitalit Wechat & osts, and comments Hourly or annual
Y Sina Weibo | PO average (2015-18)
Temperature (°C)
Pressure (kPa)
Meteorology Water vapor pressure (hPa) 1kmx 1km

Hourly (2018)

Wind direction ([0°, 360°])

Wind speed (m/s)

Fixed

Point-based

Air Quality

Stations

PM2.5 concentration (ug/m?)

Location ([lat, Ing])

Hourly (2018)

Mobile

Sensors

Time, location

Temperature (°C)

Relative humidity (%)

PM2.5 concentration (pg/m?)

Street level
2s - 15s (2018)

Table 1: Supporting data used for fine-granular urban AQ inference in Beijing.




4 The Deep-MAPS framework

4.1 Preprocessing of mobile data

The mobile sensors used in the case study are first
calibrated in a lab environment before deployment to
ensure that they provide stable and reliable readings.
Considering the variability of each individual low-cost
mobile sensor, the mobile sensing box equipped on
each probe vehicle is periodically (weekly) replaced
by another box that has been placed near the fixed-
location reference station recently.

The raw mobile data include time stamp, location
(coordinates), PM2.5 concentration, temperature and
relative humidity. These time series data are denoised
using robust local regression to reduce temporal vari-
ations and eliminate extreme values. The resulting
spatial-temporal data are then aggregated onto spa-
cial grids and time intervals via arithmetic average.

The mobile and fixed sensors have distinct sensing
environment; that is, the former are deployed on the
street level while the latter usually on higher grounds
or buildings. To reconcile their sensing data, we fur-

ther calibrate the mobile PM2.5 data using fixed-
location data as the reference instruments [25, 26].
This is achieved by using multivariate regression in-
volving the location (grid s), time (hourly interval
t), temperature (temp) and relative humidity (RH).
Specifically, the multivariate linear regression is ex-
pressed as:

yr=PBo+B1 -Ym+PB2-s+B3-t+ Py-temp+ Bs- RH

where y¢ and y,,, denote fixed and mobile PM2.5 mea-
surements, respectively, which are collected from the
same grid s at the same time interval £. The regression
result is visualized in Figure [3] with a goodness-of-fit
coefficient R? = 0.70.

Let 87 (i = 1,...,5) be the coefficients obtained
from the multi-variate linear regression, then for any
mobile data g, not sharing the same grid with any
fixed station, its value is calibrated as:

Um = B+ 81 - Jm+ 05 - s+ B3 -t+ B -temp+ B5 - RH

where s,t,temp, RH are associated with the measure-
ment go,.

250 4

R? =0.70

200 1

150 1

100 +

50

Fixed-location measurements (ug /m3)

Pearsonr = 0.84; p = 4.3e — 113

100
Mobile measurements (calibrated, ug /m?)

150 200 250

Figure 3: Multi-variate linear regression results with 1348 data points.

4.2 Machine learning for PM2.5 inference

Deep-MAPS is a machine learning framework for spa-
tial inference of air pollutants based on fixed and mo-
bile AQ sensing. This problem involves multi-source

and heterogenous datasets that significantly differ in
granularity, numerical scale, and veracity. Therefore,
it is crucial to define and extract relevant urban fea-
tures with appropriate spatial and temporal struc-



tures to capture not only internal factors contributing
to local AQ (such as transportation, buildings, me-
teorology), but also indicators of external influence
(such as regional transport of pollutants). This sec-
tion describes the feature engineering process and the
machine learning model within Deep-MAPS;

The PM2.5 concentration of a given grid at a given
time spatially and temporally related to its neighbors
in the space-time domain. Unlike AQ inference based
on fixed monitoring stations such as [27] 28], the la-

bels provided by mobile sensing are sparsely and irreg-
ularly distributed. To tackle this challenge, we pro-
pose a machine learning framework based on Gradi-
ent Boosting Decision Tree (GBDT), which relies on
a specific feature extraction framework to account for
the spatial-temporal correlations of the physical char-
acteristics relevant to urban air quality. The feature
extraction framework is shown in Fig [4] and detailed
in subsequent sections.

(N . . )
Neighboring Features (Static)
3x3XN; filters
1%
ReLU | w
xL VA
CONC
. = s, filters Local Features
ReLU| @ Geography
PxPxN Vi
s XL B PXPx2L %‘,‘ Land Use
PXPXL
Eé Transport
\ Ng = 52 Static Features Input Volume Convolution Feature Maps Output Volume )
P ~ & Public
Neighboring Features (Dynamic) N e
yt - 1X1x2N, filters - > Weather
*M ReLu L Vg
Wt
3%x3X%2Ny filters NG
CONC
] @xw ReLU | Vlg
> GBDT
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PXPx3M
ReLU L t
CONC L ¢ Vg |
PXPX2N, xM
PXPXM
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1
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i+1
0=3 6=1 6=0 *
J

Figure 4: Feature extraction

framework for Deep-MAPS.



4.2.1 Local features

Local features include geographic & land use charac-
teristics, transport, public vitality, and meteorological
conditions, which are defined for each grid s in the
case of static feature, and grid-time tuple (s, ) in the
case of dynamic feature.

4.2.2 Neighboring features

Neighboring features are defined for each grid-time tu-
ple (s,t), by including features in a neighborhood of
(s,t) in the space-time domain. This allows us to cap-
ture the spatial-temporal correlations among the ur-
ban features. The extraction of neighboring features
follows the technique of convolution, and we distin-
guish between static and dynamic features as follows.

The N static features are treated as Ny input im-
ages of size P x P, forming an input volume V €
RPXPXNs (where Ny = 52, P = 55 in the case study).
Two sets of filters, {A', ..., AF} < R¥>3*Ns and
{B!, ..., B} c R®*®*Ns are applied to V with stride
1 and padding 0, where the k-th channel A}, (Bj) of
A (BY) is a mean filter with a random multiplicative
weight following standard Normal distribution. Con-
volution with these two sets of filters, followed by the
rectifier f(x) = max(0, =) as activation, results in two
feature maps

Va=a (Vi,...,VL), V=@ (V4,...,VE) where

Vi=f(V+A), Vi=f(V+B) 1<i<L

(4.1)
Here, x is the convolution operator; @ is the con-
catenation operator. The mean filters perform arith-
metic average within their receptive fields, while the
random weights are used to sample different combi-
nations of the input features. Finally, the output is
W = @(Vya, Vg) € RPXPX2L: see Figure top).

The Ny dynamic features (Vg = 10 in our case
study) are convolved in a similar way. For every time
t, the input volume V' consists of the dynamic fea-
tures of the present and previous time steps to ac-
count for the temporal dependencies. We then ap-
ply three sets of filters {C!, ..., CM} c RIX1x2Na,
{D', ..., DM} < R¥»32Na (gl EMl
R5*5x2Na whose structures are similar to those of A’
and B*, and obtain:

Vg:@(vgl,...,ng ,
Vh=a (V5. ,vEM), (4.2)
Vi=ao(va',... . vi"

where ' ‘
V' =f (Vi)
Vlt)’l = (Vt * DZ) ,
Vi = f (Vi< EY),

1 < i < M. The output for time ¢ is W! =

®(VE, VE, VE) € REXPX3M: gee Figure (middle).

(4.3)

4.2.3 Macro features

For many cities, severe air pollution may be caused
by power production and industrial activities in sur-
rounding areas. To account for the regional trans-
port of pollutants without significantly expanding the
study area, we utilize PM2.5 data from fixed moni-
toring stations outside the study area as additional
features (coined macro features). The premise is that
such data are likely to be temporally cross-correlated
with the background pollutant concentration in Bei-
jing. By introducing the macro features, we also re-
duce the risk of overfitting as the AQ) inference results
are less dependent on locally defined features.

We collect PM2.5 concentration data from 12 fixed
monitoring stations outside the study area as shown
in Figure bottom). By analyzing these time series
(with possible time shifts depending on the distance
of the stations and average wind speed), we may indi-
rectly account for the transport dynamics of PM2.5.
Specifically, V1 < i < 12, let {y;(t), t € Z} be the
time series data from the ¢-th station. For a given
time t, we define the macro features for all the grids
at t to be {y;(t —0):1<i<12, § € O}, where O is
the set of backward time shifts, which is determined
in conjunction with the distance from the study area
to the i-th station and the average wind speed. Al-
ternatively, the macro features can be viewed as a set
of P x P images:

Mly:1<i<12,60€0, teT}CR™P

where M! , = y;(t—0) x1(P, P); here, 1(P, P) denotes
a P x P square matrix of one’s; see Figure bottom).

4.2.4 Model training within Deep-MAPS

In this paper, we employ Gradient Boosting Deci-
sion Trees (GBDT) to fit air pollution data with lo-
cal, neighboring and macro features discussed above.
Other variants of GBDT, such as XGBoost [45] and
hybrid boosted decision trees [46], were also consid-
ered, which showed similar inference accuracy. On
the other hand, deep neural networks (such as Con-
vLSTM) typically require much longer training time



and are not particularly robust against the input data

The overall training procedure of Deep-MAPS is

structure, which leads to non-convergence and over- summarized in Algorithm

fitting.

Algorithm 1: Training Procedure for Deep-MAPS

: Static features {Si, ..., Sy, } C RF*P
Dynamic features {D} : t € T}, .

Macro features {Mt

Input

- {Dh,
11 <i <12, 96@ te T} CREXP

(te T} CRPXP

Output: Trained Deep- MAPS model for AQ inference

begin

25

end
for Vi € T do

Form the input volume V' = (Dli, .

1

2 Concatenate static features to form the input volume: V =& (Sy, ...,
3 For 1 <i<L,1<k< Ng, generate i.i.d. weights w,;, w,’; ~ N(0, 1).

4 | AL +—wl x $x1(3,3), Bl +— wi x 3= x 1(5,5);

5 W = @ (Va, V) where V4, Vg are given by ([4.1).
6

7

8

, Dl , DL

SN,);

~1).
vad )

9 For 1 <i < M,1 <k < 2Ny, generate i.i.d. weights v¢, I/k, ,uk ~ N(0, 1);

10 Ci +— vj x 1(1,1),
11 W
12 end

DlHukxfxl(?)S)

E2 — pp, X
(VC, Vi, VE) where V., Vi, VI are given by . -

= % 1(5,5);

13 Train the GBDT model using input features W, {W*:¢t € T} and {M!,:1<i<12, 0€0O, t €T}

5 Results and discussion

5.1 Beijing case study

The study area is a 55kmx55km square in Beijing,
covering the Sixth Ring Road as shown in Fig[5] This
is divided into 3,025 1kmx1km spatial grids. The
spatial inference is carried out for each grid with an
hourly resolution in a four-week period (2018.06.19-
2018.07.17). We aim to infer the hourly PM2.5 con-
centrations in the study area, with a total output vol-
ume of 3,025 x 28 x 24 = 2,032, 800.

5.2 Validation of spatial inference results
for PM2.5

A total of 50,736 labels were obtained from fixed-
location and mobile sensing data, where the mobile
data have been calibrated following the procedure in
Section A five-fold cross validation is applied to
the set of 50,736 data points, along with Root Mean
Square Error (RMSE) and Symmetric Mean Absolute
Percentage Error (SMAPE), are used to assess the
validity and accuracy of the machine learning model
(Deep-MAPS). The definitions of RMSE and SMAPE

appear below:

1 N
RMSE = NZ;(n —

SMAPE = x 100%

Z

where T; and I; are ground-truth and inferred PM2.5
concentrations of a given test unit. Table [2] compares
Deep-MAPS with several benchmark methods,
cluding spatial interpolation (SI) methods inverse dis-
tance weighting (IDW) and Kriging, k-nearest neigh-
bors (KNN), support vector regression (SVR), Gaus-
sian process regression (GPR) [47], auto encoder (AE)
[48], and Deep Air Learning (DAL) [2§].

The results show that Deep-MAPS, with all com-
binations of urban features (local features, neigh-
boring features and macro features), outperforms all
other benchmark methods. The best performance is
reached with 'N+M’ and 'L+M+N’; with SMAPEs
below 15%. In addition, comparing ‘L’ with ‘L+M’
(or ‘N’ with ‘N+M’) indicates that the macro features
significantly improves the accuracy of KNN, SVR and

yT+I\

in-



Deep-MAPS. This means that it is important to con-
sider regional transport of pollutants, which was not
done in any of the machine learning models proposed
to date. For Deep-MAPS, the neighboring features

‘N’ (or ‘N+M’) outperforms the local features ‘L’ (or
‘L+M’), suggesting that the spatial and temporal rela-
tionships among urban features should not be ignored
in the fitting of AQ data.

Feature | RMSE (ug/m?) | SMAPE (%)
SI (IDW) 7 17.8 21.9
ST (Kriging) / 20.8 26.6
L 234 25.9
KNN L+M 15.4 17.3
L 36.5 38.4
SVR L+M 27.5 314
L 19.8 24.5
GPR L+M 19.2 23.6
L 17.1 204
AE L+M 16.9 19.8
L 15.6 18.3
DAL L+M 15.3 17.7
L 14.4 16.4
L+M 13.9 15.5
Deep-MAPS N 14.7 15.8
N+M 14.0 14.9
L+M+N 13.2 14.7

Table 2: Performance of different methods and feature combinations.

M=macro features.

The result of spatial inference is illustrated for 5
July 2018 in Fig It is noted that between 8:00
and 15:00, the PM2.5 concentrations in the west half
of Beijing is higher than the rest, which was likely
caused by the higher relative humidity in the west
side measured by meteorological stations. Moreover,
the hourly PM2.5 concentration maps show relatively
high and steady concentrations during most of the day
before a sudden drop between 16:00-19:00, which was
likely caused by the thundershower in late afternoon.
This temporal trend agrees with the PM2.5 concen-
tration in Beijing obtained by averaging fixed-location
data, as shown on top of Fig[5| The fine-grained pol-
lution concentration maps could offer critical insights
into population exposure and potential cause of local
concentrations.

L=local features; N=neighboring features;

The proposed inference method is further tested
by restricting the test set to consist of only fixed sens-
ing labels, while the training set consists of (i) fixed
sensing data; or (ii) fixed and mobile sensing data.
The first case can be seen as an extension to spatial
inference based on fixed data only (e.g. [27,28]), while
the second case supplements the training set with mo-
bile data. The test results based on a five-fold cross
validation are:

(i) SMAPE =17.76%, (i) SMAPE = 15.93%

The inclusion of mobile data reduces the SMAPE by
nearly 2%, because a spatially diversified survey of ur-
ban features and pollutant concentrations allows the
model to better capture their spatial and temporal
correlations and reduce overfitting.
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Figure 5: PM2.5 concentrations

5.3 Impact of mobile sensing coverage

One of the practical concerns of mobile sensing is the
amount of mobile coverage required to reach certain
level of inference accuracy. To address this problem,
we set aside an independent test set of size 9,200
consisting of randomly selected fixed and mobile la-
bels. For the training set, we consider six different
cases: all the fixed labels plus % of mobile labels,
x =0, 20, 40, 60, 80, 100.

Fig [6] shows the performance of Deep-MAPS with
these six training sets. All three performance indices
exhibit improving trends as more mobile data points
are included in the training set. In particular, the
‘elbow’ point occurs where mobile data first appear
in the training set, even in low quantity. Neverthe-
less, with every increment of mobile data the margin
of improvement declines. This is interesting as it sug-
gests that in order to achieve certain level of accuracy,

(ug/m?) in Beijing on 5 July 2018.

Deep-MAPS only requires limited amount of mobile
sensing data. In our case, less than 5% of the spatial
coverage suffices to achieve SMAPE below 15%.

In the next experiment, we test the robustness of
the proposed method in a sensitivity analysis, by an-
alyzing its performance on grids with varying tempo-
ral coverage. This is driven by the observation that
the temporal coverage of different grids differs signif-
icantly, as shown in Figure [2(b)-(c), thus it is neces-
sary to examine the variability of the method’s per-
formance at these grids. Table[3|shows the SMAPE of
Deep-MAPS at grids whose temporal coverage is be-
low y hrs. It can be seen that the performance slightly
improves as y increases, suggesting that the method
provides a better fit for spatial units with more sam-
ple labels. Yet, the difference of RMSE is below 1.4
pg/m? and difference of SMAPE is 1.5%, which shows
the robustness of the proposed method in handling
grids with varying temporal coverage.
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Figure 6: Performance of Deep-MAPS on an independent test set with different training data. (1): Fixed-location data
only; (2): Fixed data + 20% mobile data; (3): Fixed data 4+ 40% mobile data; (4): Fixed data + 60% mobile data; (5):
Fixed data + 80% mobile data; (6): Fixed data + 100% mobile data.

Y 10 20 30 60 90 120 150 180 210

No. of grids 983 | 1170 | 1270 | 1438 | 1509 | 1552 | 1588 | 1601 | 1613
RMSE (ug/m?) | 15.73 | 15.43 | 14.91 | 14.54 | 14.46 | 14.43 | 14.40 | 14.35 | 14.34
SMAPE (%) 16.48 | 16.07 | 15.84 | 15.37 | 15.20 | 15.15 | 15.09 | 15.01 | 14.98

Table 3: Performance of Deep-MAPS on grids with < y hrs of temporal coverage.

Meteorology . 90 ggo
‘Wind speed 120 60
POI & AOI 600
Macro feature P
ressure
Traffic 150 400 30
Population
Pt WVP 200
Location
Green & Water 180 0
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Figure 7: Feature analysis. (a)-(b) show the relative weights/importance of features internal to the study area. (c)-(d)
indicate the regional transport of PM2.5

5.4 Feature analysis and interpretation of tial causes and relevant factors of PM2.5 concentra-
the inference results tions. The weight of an input feature measures its
o ) contribution to the reduction in loss by rendering a
We analyze the relative importance of different urban better fit between model outputs and observations.
features by investigating their weights generated by
GBDT, in order to generate insights regarding poten- Based on results generated from Deep-MAPS | Fig
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[[(a) shows the relative importance of main feature
categories, among which the top four are meteorol-
ogy, POI&AOI, macro feature (i.e. regional transport
of pollution), and traffic conditions. Similar studies,
such as [27], confirm the importance of meteorological
parameters, traffic and POI in explaining PM concen-
trations. Indeed, local restaurants, auto services, res-
idential buildings etc. (represented by POI, AOI) are
the main cause of PM2.5 formation; this is followed
by traffic, which is responsible for fugitive dust and
secondary reactions. However, [27] do not consider
the regional transport of pollutants and their relative
weights compared with some local features.

The PM2.5 concentration during the summer sea-
son is crucially related to meteorological parameters,
the relative weights of which are shown in panel (b).
It is shown that wind speed, pressure, water vapor
pressure, temperature and humidity are all highly re-
lated to PM2.5 concentrations. This is reasonable as
stronger winds disperse pollutants more quickly, and
pressure is highly correlated with wind speed in the
summer season. It is also known that higher humid-
ity is favorable for PM2.5 formation. In [28], pres-
sure and humidity are deemed irrelevant features for
PM2.5 concentrations. This is because their study fo-
cuses on the winter season, which experiences little
change of pressure and humidity.

Figs [7|(c)-(d) focus on macro features and the re-
gional transport of PM2.5. The relative weights of in-
dividual fixed-location stations outside the study area
indicate likely paths of regional transport. In partic-
ular, Dingling and Changping, located to the North-
west, have the highest weights, followed by Yufa and
Liuli River, which are located to the South South-
west. This highlights two main directions of PM2.5
transport during 19 June - 16 July 2018. The wind
rose diagram in Fig [7] provides supportive informa-
tion regarding the physical transport of PM2.5. This
is also partially confirmed by [28], whose findings sug-
gest that South of Beijing (Hebei Province) is a main
source of industrial pollutants that affects Beijing.

6 Discussion

6.1 Interpretation of urban features

A crucial step in achieving the aforementioned AQ in-
ference and managerial insights is the consideration of
urban features, which should ideally have a balanced
representation of urban configuration and dynamics
contributing to the emission and formation of pollu-

tants. In this paper we consider 62 types of urban
data, covering geography, land use, transport, public,
and meteorology, to capture the spatial and temporal
variation of urban features related to air pollution.
Furthermore, a novel approach involving macro fea-
tures is employed to capture the regional transport
dynamics outside the study area, which not only im-
proves the inference accuracy but also suggest likely
paths of regional transport.

As we have shown in Section Deep-MAPS al-
lows us to interpret the inference results in terms of
the contribution of each input feature. However, this
is a preliminary assessment of the correlation between
PM concentration and urban features. It should not
be misconstrued with causality analysis, i.e. pollution
attribution.

6.2 Potential impact of Deep-MAPS

In Aug 2018, the Chinese government launched the
Qianliyan Initiative [43], which aims to monitor the
atmospheric environment (in particular, PM2.5) of
the JingJinJi Area (Beijing, Tianjin and Hebei) and
28 surrounding cities. The whole area was divided
into 36,793 spatial grids of size 3kmx3km, and in
major cities like Beijing, the spatial resolution can
reach 1kmx1km. The capital investment for such a
large-scale AQ monitoring project, assuming at least
one fixed monitoring station per spatial grid, could be
drastically reduced by mobile sensing infrastructure,
including Deep-MAPS. Take the study area of this pa-
per for instance. To achieve full coverage of the 3,025
grids, the minimum capital investment is 3, 025 x 300k,
which is over 900m RMB excluding annual mainte-
nance and admin fees, where 300k RMB/station is
the price estimate for a reliable micro-station. In con-
trast, Deep-MAPS can achieve satisfactory inference
accuracy (with SMAPE below 15%) with under 20
mobile and 30 fixed stations, the cost of which is less
than 10% of the 900m investment. This is a consider-
able saving even with the additional costs of securing
and administrating the urban big data required to run
Deep-MAPS. Moreover, the benefit of Deep-MAPS
goes beyond financial savings by offering additional
data and insights as we conveyed in this paper.

7 Conclusion

In this paper, we propose a machine learning frame-
work (Deep-MAPS) to for fine-granular PM2.5 in-
ference based on fixed and mobile AQ sensing data.
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While ubiquitous AQ sensing with low-cost and mo-
bile sensors has become widely accessible, this paper
is the first to use fixed and mobile AQ data as well
as relevant urban datasets to produce fine-granular,
grid-based PM2.5 maps for large urban space. This
involves identifying relevant factors affecting the emis-
sion, dispersion, transport and dissipation of air pol-
lutants via a wide source of urban datasets, including
macro features that captures the regional transport of
pollutants.

The Deep-MAPS framework is applied to a case
study in Beijing with satisfactory accuracy (SMAPE<
15%), which outperforms several benchmarks. The re-
sults also show the effectiveness of using local, neigh-
boring and macro features. Furthermore, the results
are interpreted to extract insights into the cause and
dynamics of PM2.5 pollution in Beijing. Specifically,
the following findings are made:

e Including macro features improves not only the
accuracy but also the interpretability of the in-
ference results.

e Using neighboring features (as opposed to local
features) is an effective way to account for the
spatial and temporal correlations of urban fea-
tures and PM2.5 data.

e Adding more mobile sensing labels to the train-
ing set improves the inference accuracy, but the
margin of improvement decreases.

e Deep-MAPS exhibits robustness in dealing with
grids with sparse temporal coverage, with lim-
ited performance deterioration compared to
grids with dense temporal coverage (such as
fixed-location stations).

e In the Beijing case study, less than 5% of
fixed /mobile sensing coverage (see Figure [2]) is
sufficient to reach an SMAPE below 15% using
the proposed method. This suggests the great
potential of Deep-MAPS to reduce hardware in-
vestment for high-density AQ monitoring in ur-
ban areas.

e For the Beijing case study between 19 June and
16 July 2018, the top three most relevant fea-
tures of PM2.5 concentration are meteorology,
POI&AOI, and macro features (i.e. regional
transport). The primary paths of regional trans-
port are from Dingling & Changping (North-
west) and Yufa & Liuli River (Southwest).

As a direction for future work, the feature set will
be expanded to include more and detailed explanatory
variables, such as emission inventory, detailed urban
dynamics, annd power consumption for factories and
buildings, to better represent spatial-temporal vari-
ability of emission sources. Moreover, macroscopic
indicators, such as satellite images, could be consid-
ered to capture background concentrations and re-
gional transport dynamics more accurately.
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