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Mapping Microscale PM2.5 Distribution on Walkable
Roads in a High-Density City

Chengzhuo Tong , Zhicheng Shi , Wenzhong Shi , Pengxiang Zhao, and Anshu Zhang

Abstract—Monitoring pollution of PM2.5 on walkable roads is
important for resident health in high-density cities. Due to the
spatiotemporal resolution limitations of aerosol optical depth ob-
servation, fixed-point monitoring, or traditional mobile measure-
ment instruments, the microscale PM2.5 distribution in the walking
environment cannot be fully estimated at the fine scale. In this
article, by the integration of mobile measurement data, Open-
StreetMap (OSM) data, Landsat images, and other multisource
data in land-use regression (LUR) models, a novel framework is
proposed to estimate and map PM2.5 distribution in a typical mi-
croscale walkable environment of the high-density city Hong Kong.
First, the PM2.5 data on the typical walking paths were collected by
the handheld mobile measuring instruments, to be selected as the
dependent variables. Second, geographic prediction factors calcu-
lated by Google Street View, OSM data, Landsat images, and other
multisource data were further selected as independent variables.
Then, these dependent and independent variables were put into
the LUR models to estimate the PM2.5 concentration on sidewalks,
footbridges, and footpaths in the microscale walkable environment.
The proposed models showed high performance relative to those in
similar studies (adj R2, 0.593 to 0.615 [sidewalks]; 0.641 to 0.682
[footpaths]; 0.783 to 0.797 [footbridges]). This article is beneficial
for mapping PM2.5 concentration in the microscale walking envi-
ronment and the identification of hot spots of air pollution, thereby
helping people avoid the PM2.5 hotspots and indicating a healthier
walking path.

Index Terms—Air pollution, pollution measurement, urban
areas.

I. INTRODUCTION

IN RECENT years, exposure to particulate matter of 2.5 μm
or smaller (PM2.5) has attracted notable attention. PM2.5

tends to adhere to toxic and harmful substances (such as heavy
metals and microorganisms) better than coarser atmospheric
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particles. Some studies have found that PM2.5 can cause a series
of health problems including respiratory tract and cardiovascular
diseases [1]–[4]. A recent study in Singapore further reported
that walking was the worst mode of commuting for particle
exposure [5]. Furthermore, walkable roads in Asian cities usu-
ally have flat sidewalks alongside the roads, which maximizes
pedestrian exposure to PM2.5 [6]. Therefore, a method that can
accurately evaluate the spatiotemporal variations in the PM2.5
distribution at the walkable road level has become a focal point
for researchers and policymakers.

The mainstream approach to air quality monitoring is the use
of completely fixed air quality monitoring networks, which have
been used in most cities [7]. These ground monitoring systems
can accurately measure temporal variations in the levels of par-
ticulate matter to determine the physical and optical properties
[8]. However, the traditional ground monitoring method per-
forms poorly in measuring the spatial variability of particulate
matter throughout an area [9]. Furthermore, retrieving aerosol
optical depth by remote sensing images has been widely applied
to estimate ground-level PM2.5 concentration [10], [11]. How-
ever, most of these studies have focused on estimating PM2.5 at
large spatial scales [12], [13], while studies on microscale are
relatively limited [14]. In some high-density cities, the spread
of PM2.5 is hampered by the influence of urban morphology
through effects such as the street canyon effect [15], [16].
The traditional methods cannot accurately reflect the spatial
differences in the PM2.5 distribution in cities, especially at the
microscale, which may lead to further underestimation of its
health effects on humans. Ever since the land-use regression
(LUR) model was proposed by Briggs et al. [17], it has re-
mained a common and cost-effective method to obtain a more
accurate spatial distribution of urban-scale air pollutants due
to its integration of land use, meteorological factors and other
urban geographic factors [18], [19]. However, the LUR models
applied to PM2.5 require very dense monitoring networks and
a large amount of training data [20].

As mobile sensing and information communication technol-
ogy has advanced, the mobile monitoring method has been
increasingly used to collect air quality data. Compared with
station-fixed professional instruments, mobile monitoring can
increase the spatial resolution of PM2.5 samples with moni-
toring instruments [21]. A combination of the LUR model and
portable PM2.5 monitoring sensors has thus been widely applied
to related studies of PM2.5 prediction [22], [23]. However,
in most of these studies, the LUR models were developed to
obtain the PM2.5 distribution of the entire urban scale based
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on the vehicle or bicycle mobile monitoring platform used to
sample PM2.5 data [24]–[27]. In addition, most PM2.5 maps
are confined by the limitations of these sampled data and the
spatial resolution, for example, the number of roadside sampling
locations is always limited; the traditional vehicle or bicycle
mobile monitoring platform can only follow the vehicle or
bicycle route to measure PM2.5. As a result, most PM2.5 maps
do not accurately reflect the PM2.5 distribution in the urban
micro-environment, especially in the walking environment of a
high-density city [27], [28].

Hong Kong is among the most famous high-density cities in
the world, and it has a complex network of pedestrian passages
connected by transport hubs, markets, shopping centres, and
residential areas. Walking is among the most common travel
modes in the city. A recent study reported that Hong Kong
residents walk around 6 880 steps per day [28]. However, a study
on premature death in Hong Kong people affected by PM2.5
showed that 32% of patients were affected by PM2.5 pollution
while walking [29]. Due to the high cost of ground monitoring
sites, only three roadside PM2.5 monitoring stations have been
established on the sidewalks in the city center to provide hourly
average monitoring results. These stations do not provide a
comprehensive and intuitive road-level PM2.5 distribution. At
the same time, the existing LUR model-based PM2.5 studies
in Hong Kong also failed to reflect the high-spatial-resolution
PM2.5 distribution in a microscale walking environment [14],
[30], [31]. Furthermore, most studies had insufficient extraction
and analysis of urban environmental factors that affect changes
in PM2.5 concentrations [6]. Overall, few studies have adopted
the LUR model based on data sampled by handheld portable
motion sensors. However, it may provide a cost-effective method
to model and map air pollution in high-density urban microscale
environments.

The purpose of this article is to develop the framework of
LUR models for PM2.5 assessment in the microscale walkable
environment of Hong Kong to protect the health of residents
while travelling. First, mobile measurement sensors (AirBeam2)
were deployed at the same locations as the high-precision
instruments to determine their accuracy, and multiple cross-
measurements of multiple AirBeam2 sensors were then arranged
along a typical walking route to verify their precision. Second,
movement sampling of PM2.5 was performed by repeatedly
walking along three typical walking routes over a period of
about 12 weeks, followed by data cleaning and screening. Third,
combining the predictive factors generated by microscale ge-
ographic data like mobile measurement data, OpenStreetMap
(OSM) data, Landsat images, and Google Street View images,
microscale LUR models were used to determine the PM2.5
distribution at a higher spatial resolution on a multitype walkable
road so that the public could more intuitively obtain PM2.5
distribution results and plan healthier walking paths with less
PM2.5, while supporting pedestrian city planning and decision-
making. This work explores the potential use of handheld
portable mobile sampling sensors, LUR models, and new ur-
ban environmental factors to characterize PM2.5 pollution in
the urban microscale walking environment with good spatial
resolution.

Fig. 1. Study area.

II. STUDY AREA AND DATASET

A. Study Area

To combine the abovementioned urban construction charac-
teristics in Hong Kong, the area within 500 m of The Hong Kong
Polytechnic University (POLYU) was selected as the center (as
shown in Fig. 1).

This area includes schools, commercial areas, residential ar-
eas, tourist attractions, bus stations, resting green areas, and so
forth, while the walkable road types with different backgrounds
mainly include footbridges (car-free environment), sidewalks,
and footpaths (as shown in Fig. 2). Sidewalks include not only
those in open areas of green vegetation, but also those in narrow
areas with almost no vegetation. The areas in which the footpaths
are located include schools, tourist attractions, leisure parks,
and residential areas. Furthermore, the footbridges connect to a
transport hub and to residential buildings and commercial office
buildings. This study area is a typical representative example of
Hong Kong’s pedestrian network.

Note that the experimental area includes one of Hong Kong’s
busiest transport hubs, the Hung Hom Station, and an open
area with lush green vegetation, the History Museum and the
Science and Technology Museum. In addition, one of the three
roadside air quality monitoring stations of the Hong Kong Gov-
ernment, Mong Kok Station, is near the study area. Therefore,
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Fig. 2. Typical walking roads include (a) sidewalks, (b) footpaths, and (c)
footbridges.

this research area covers the basic types of walkable roads in
Hong Kong, and the background also considers the possible
environment of Hong Kong’s walkable roads. It thus provides
a considerable sample of our research and makes our results
scalable.

B. Mobile Monitoring Data

1) Mobile Monitoring Instrument of PM2.5: A handheld mo-
bile air quality monitoring instrument (as shown in AirBeam2)
was used to measure the PM2.5 concentration (Fig. 3). The
results of field tests to evaluate the performance of the Air-
Beam2 in measuring the PM2.5 concentration (South Coast Air
Quality Management District, USA:1 showed that it can detect

1[Online]. Available: http://www.aqmd.gov/aqspec/evaluations/field

Fig. 3. Internal and external structures of AirBeam2.2

microscale variations in the PM2.5 concentration. A recent study
proved its effectiveness for mobile monitoring and indicated
that the AirBeam2 is suitable for the purposes of this article
[27], which indicates that AirBeam2 is suitable for this article.
It should be noted that the PM2.5 concentration values obtained
from the AirBeam2 are not considered as absolute concentration
values but are used as estimates to investigate PM2.5 exposure
on walkable roads. Therefore, the PM2.5 data obtained by the
AirBeam2 and inferred in this article are only used as estimates
to analyze the variation in PM2.5 exposure on walkable roads,
not as absolute values.

2) Mobile Data Collection: The AirBeam2 was used to sam-
ple mobile data in the following three situations. 1) LUR models
geomapping: Considering the environment of the study area
and a sufficient sampling amount of each type of road section,
three routes were selected. These routes are shown in Fig. 4(a)
and described in Table I. 2) LUR models validation: This route
[Fig.4 (b)] began on Mira Place 1 [point A] to InterContinental
Grand Stanford Hong Kong [point B]. 3) The precision test of
the Airbeam2: The walking route from the Z core of POLYU
(point A) to the student dormitory (point B) in the study area
was selected to monitor the precision of the instruments during
the morning and evening peaks [as shown in Fig. 4(c)].

2[Online]. Available: https://www.habitatmap.org/blog/airbeam2-technical-
specifications-operation-performance

http://www.aqmd.gov/aqspec/evaluations/field
https://www.habitatmap.org/blog/airbeam2-technical-specifications-operation-performance
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Fig. 4. The sampling roads for (a) LUR models geomapping, (b) LUR models
validation, and (c) the precision test of the Airbeam2.

To avoid the region-dominant influence of PM2.5 pollution
from the Pearl River Delta region of mainland China in other
seasons, measurements were taken from June to September,
2018 because the PM2.5 concentration is determined mainly by
local emission during these times. This article mainly considers
the PM2.5 concentration in the walking environment during the
morning peak (08:00 to 09:30) and the evening peak (18:00
to 19:30). During these periods, data were collected from 168
measurements over 12 weeks.

Fig. 5. Boxplots of data in (a) morning peaks on weekdays, (b) evening peaks
on weekdays, and (c) morning peaks on weekends, and (d) evening peaks on
weekends.
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TABLE I
INTRODUCTION OF SAMPLING ROADS

Fig. 5 shows the variability of the measured PM2.5 data on
footpaths, sidewalks, and footbridges in Morning and evening
peaks on weekdays and weekends were shown in Fig. 4. As
can be seen from the comparison of the length and shape of
the box plots in groups of different periods, the median PM2.5
corresponding to different road types is relatively close, but
the distribution difference is self-evident. Among them, the
distribution of PM2.5 sampling data on footpaths is relatively
concentrated, while the distribution of PM2.5 data on sidewalks
and footbridges is more dispersed. At the same time, the PM2.5
box plots that correspond to sidewalks and footbridges have
outliers concentrated on one side of the larger value, whilst the
PM2.5 box plots that correspond to footpaths have no outliers.
This suggests that because the background environment is rel-
atively stable, the PM2.5 distribution for footpaths in a car-free
walking environment tends to be stable. Due to the influence
of traffic flow, especially near the Hung Hom transport hub,
the PM2.5 concentrations on sidewalks and footbridges tend to
fluctuate, and high outliers are numerous.

At the same time, to verify the instrument’s accuracy, we
placed an AirBeam2 at approximately the same location as
the roadside monitoring station near Mong Kok Station for
comparison. The continuous sampler used to monitor PM2.5
at the Mong Kok Station is a Thermo Scientific environmental
particle monitor and tapered element oscillating microbalance
that has high data quality, precision, reliability, and unparalleled
support.

Moreover, to evaluate the precision of the AirBeam2 in the
measurement process, the following verification was arranged
during a portion of the study period. Three AirBeam2 in-
struments, labeled AirBeam2-A, AirBeam2-B, and AirBeam2-
C, were used on the same sampling road. AirBeam2-A and
AirBeam2-B were used to sample in the same direction, and
AirBeam2-A and AirBeam2-C were used to sample in different
directions.

a) Data Processing: As mentioned above, the AirBeam2
measures the PM2.5 concentration by light scattering. When
aerosols are monitored using light-scattering techniques, an
excessively high humidity level will cause water to condense and
lead to an increase in the measured concentration of PM2.5. To

Fig. 6. Methodology of LUR model development on walk roads.

correct the possible error of AirBeam2 measurements due to the
relative humidity, this article simultaneously used an AirBeam2
to monitor the obtained relative humidity data to correct the
instrument [32]. The corrected PM2.5 concentration is called
PM2.5corrected. The formula is as follows [32]:

PM2.5corrected=
PM2.5AirBeam2

1 + 0.25 RH2

1−RH

(1)

where PM2.5AirBeam2 is the PM2.5 concentration measured by
the AirBeam2; RH represents the relative humidity measured by
the AirBeam2.

To determine the typical environmental impact during mobile
measurements, we took photographs of the scene and recorded
the time. The data affected by extraneous factors were then
deleted during data preprocessing. For example, while a person
waited to cross the road, the PM2.5 concentration data measured
when a diesel vehicle released a large amount of exhaust gas
were removed because the data were significantly affected by
the polluted exhaust gas. The data collected at a location near a
construction site were also deleted. The noise of the measured
data was filtered. It should be noted that none of the people who
measured the data for this article were smokers.

III. METHODS

Fig. 6 shows the overall methodological framework to es-
timate the PM2.5 distribution on walkable roads. First, the
collected PM2.5 data and multiple-source urban environmental
factors were preprocessed to obtain the dependent variables
and independent variables required to establish the model, and
the independent variables and dependent variables were then
selected respectively based on the sidewalks, footpaths, and
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footbridges. The related stepwise linear regression models of
PM2.5 estimation were further established and validated, and
high-resolution PM2.5 distribution maps for walkable roads
were eventually obtained.

A. Dependent Variables of LUR Models

In this article, the PM2.5 concentration data obtained from the
mobile measurement were regarded as the dependent variable
in the model. To represent the spatial variability of the PM2.5
on walking roads, a spatially balanced points network from the
continuously mobile measured PM2.5 needs to be established.
So it is important to choose the optimal spatial scale of mobile
measured PM2.5 data aggregation. If the spatial scale of the grid
used for spatial aggregation is too small, there will be too few
samples in many grids to obtain an actual average to represent the
true PM2.5 of the corresponding pedestrian zone. Conversely,
if the spatial scale of the grid is too large, many local subtle
changes in the original data will be masked. Several studies
have found that in the field of environmental and epidemiological
studies, misleading conclusions can be obtained when the spatial
resolution of spatial aggregation is inappropriate.

In this article, the PM2.5 concentration data obtained from the
mobile measurements were regarded as the dependent variable in
the model. To represent the spatial variability of the PM2.5 con-
centration on walkable roads, a spatially balanced point network
must be established from the continuous mobile measurements
of PM2.5. It is therefore important to choose the optimal spatial
scale of mobile measurements of PM2.5 data aggregation. If the
spatial scale of the grid used for spatial aggregation is too small,
many grids will have too few samples to obtain an actual average
to represent the true PM2.5 concentration of the corresponding
pedestrian zone. Conversely, if the spatial scale of the grid is
too large, many subtle local changes in the original data will
be masked. Several studies have shown that in environmental
and epidemiological studies, misleading conclusions can be
obtained when the spatial resolution of spatial aggregation is
inappropriate.

This article specifically analyzes the effects of changes in
spatial resolution on the sample size (i.e., the number of air-
borne moving sample points per aggregation point) to select the
best spatial resolution for data aggregation [29]. The average
sample size for various resolutions was initially tested using
five spatial resolutions (5, 10, 20, 30, and 40 m). Fig. 7(a) and
(b) shows the statistics of the PM2.5 sampling points for each
aggregation point and the total number of aggregation points for
each aggregation resolution of PM2.5. The results of the initial
tests indicated that spatial resolutions of 5 and 10 m introduce
a very small sample size per aggregation point which does not
provide statistical reliability for the typical geographical studies
performed herein. The minimum sample size introduced by the
5-m and 10-m spatial resolutions cannot even be assumed to have
a normal distribution to support the basic assumptions required
for many statistical analyses. Therefore, spatial resolutions of 5
and 10 m should not be used for data aggregation. At the same
time, when a spatial resolution of 30 or 40 m is adopted, the total
number of aggregation points is smaller. This is not suitable to

Fig. 7. Boxplot and total aggregation point number of the mobile sampling
point number per aggregation point for each aggregation resolution for PM2.5.

Fig. 8. Resulting empirical semivariogram model for testing the appropriate
spatial aggregation resolution.

perform PM2.5 refinement inversion in this study area under
microscale to determine local subtle feature changes.

Geostatistical analysis is then used to further quantify and
determine the optimal spatial resolution for spatial aggregation.
A good grid should have sufficiently large cells to provide
a sample size appropriate to ensure statistical reliability, but
not such large cells that the spatial characteristics of locally
varying data cannot be well preserved. Based on the experience
of PM2.5 spatial modeling studies, semivariogram modeling is
used to determine the optimal spatial resolution of the dependent
variable data aggregation. The semivariogram is a function of
distance that increases with distance over a certain range until it
reaches stability. Within the range of stable values, the sampling
points are spatially related to each other, but outside this range,
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TABLE II
DATA INTRODUCTION

the sampling points are spatially independent. Semivariograms
can be used to describe the spatial correlation and autocorrelation
of sample points. The spatial dependence between sampling
points is a good indicator of the spatial aggregation scale. The
semivariogram equation is as follows:

γ =
1

2N (d)

∑

Xi−Xj

= d(Vi−Vj)
2 (2)

where γ is a semivariogram. The sample points Xi and Xj are
paired by creating a semivariogram. Vi and Vj are the measured
values of the sampling points Xi and Xj. d is the distance between
Xi and Xj. N(d) is the total number of all pairs of sample points.

The best stable-type semivariogram model finally established
shows that the optimal spatial resolution of PM2.5 data aggre-
gation is approximately 24.81 m (as shown in Fig. 8), which can
reveal the local characteristics of PM2.5 variation on walkable
roads. To be consistent with the spatial grid system constructed
by the existing environmental research, the 20-m spatial reso-
lution was finally selected for spatial aggregation of the PM2.5
mobile measurement data.

The PM2.5 measurement data on the sampling routes were
thus covered by 228 grids with a spatial resolution of 20 m. For
each grid cell, the PM2.5 concentration data for the sampling
points within the grid were used to calculate the average con-
centration in each grid. On this basis, we counted the number
of data points in each grid and selected the grids with a higher
number of data points to build the model. This ensures that the
calculated PM2.5 means in these grids are reliable and provides
a good tradeoff between the spatial input distribution and model
performance. The grid units selected included 30 grid units in
the footbridge section, 43 on footpaths and 100 in the sidewalk
section. This ensured the reliability of the calculated average
concentration of PM2.5.

B. Independent Variables of LUR Models

After considering the high-density building environment in
Hong Kong and the actual environment of the study area, the
following kinds of data were used to calculate the potential
independent variables in this article.

1) Meteorological data (mainly from resampled from the
GEOS 5-FP meteorological data).
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TABLE III
OPTIMAL BUFFER-BASED VARIABLES OF SIDEWALKS, FOOTPATHS, AND FOOTBRIDGES

TABLE IV
ACCURACY TEST OF AIRBEAM2 IN HONG KONG

TABLE V
PRECISION TEST OF AIRBEAM2 IN HONG KONG

TABLE VI
SUMMARY OF LUR REGRESSION MODELS OF SIDEWALKS
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TABLE VII
THE SIGNIFICANCE AND COLLINEARITY OF THE VARIABLES

TABLE VIII
VALIDATION OF LUR MODELS

2) Landsat 8 data.
3) Google Street View and Google Elevation.
4) Digital Surface Model (DSM) data.
5) OSM road network data;
6) Bus stop data.
7) Land use data.
Therefore, this article selected several indicators as shown

in Table II, including 10 buffer variables describing road lines,
land use, building height (at 25 buffer lengths each), one distance
variable describing the closest distance to a bus stop, and 11 point
variables describing normalized difference vegetation index
(NDVI), the index-based built-up index (IBI), DSM, elevation
factors, and meteorological factors, resulting in a total of 262
(i.e., 10 × 25 + 12) variables available for selection as the
independent variables in each model.

Compared with similar research, this article introduced sev-
eral new urban morphology factors and focused on the walkable
environment. Therefore, the sky view factor (SVF) related to the
three-dimensional environment of urban buildings [33], [34], the
green view index (GVI) factor of green vegetation coverage of
the urban canopy [35], [36], and the IBI, related to urban imper-
vious surfaces, were all used in the modeling process [37], [38].

C. LUR Modeling and Validation

Significant differences in the PM2.5 concentrations were
found among sidewalks, footpaths, and footbridges, between

the morning and evening peaks, and on weekdays and week-
ends due to differences in environmental background and traffic
conditions. Therefore, different prediction models for PM2.5
on sidewalks, footpaths, and footbridges were established for
various time periods.

1) Independent Variable Selection: Combined with the en-
vironment and the characteristics of the data related to the
independent variables, all 22 variables mentioned above were
applied to the model. First, the correlations of independent
variables were analyzed and the highly correlated independent
variables were deleted, which helped to better distinguish the
individual contributions of independent variables and prevent
redundancy.

Moreover, we used a distance decay regression selection
strategy to select the variables obtained via buffer analysis
using different distances [39]. First, the correlation coefficient
between the PM2.5 concentration of the sidewalk points and all
variables was selected to establish a series of distance attenuation
curves. Each curve then represented the trend of the correlation
coefficient corresponding to a series of independent variables
of different buffer sizes. Finally, these selected variables were
used in the further modeling process (Table III). The variance
inflation factor (VIF) was checked to ensure that there is no
significant collinearity among these selected independent vari-
ables in resultant models. The selected independent variables
with VIF less than 2 were used to select independent variables
with significant collinearity.
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TABLE IX
COMPARISON WITH EXISTING STUDIES USING MOBILE MEASUREMENTS TO DEVELOP LUR MODELS OF PM2.5 IN URBAN AREA

In particular, for footpath models, because the Google Street
View images were taken by a Google Street View car (for which
the coverage is mainly restricted to areas where sidewalks and
footbridges are located), the car-free area in which the foot-
paths were located was not covered. Therefore, for footpaths,
we excluded the GVI factor, while including the remaining
21 factors. For the footbridge models, meanwhile, 21 of the
variables mentioned above were again applied to the models,
but in this case excluding the wind speed at a height of 2 m.

2) Stepwise Regression Modeling: After the independent
variables were selected, a stepwise multiple linear regression
method was used to measure the goodness of the statistical
model by the Akaike information criterion and to determine the
LUR regression models of PM2.5 in different road sections in
different periods [40]. On this basis, the t-test (prob> |t|) was
used to determine the significance level of the variables, and
the VIF value was obtained to determine whether the regression
models had a collinearity problem. At the same time, the adjusted
R2 value for each model was also checked to test the model
performance. Moreover, in the validation process, this article
used the 10-fold cross-validation method to test the performance
of these models.

3) LUR Models Validation: To better validate the models,
we used the mobile measurements on a typical section of Tsim
Sha Tsui in our study area on weekends (21 and 22 July) and
weekdays (23 to 28 July) to further analyze the performance
of the LUR model. Surrounded by a densely constructed area,
this route consists of sections such as footpaths, sidewalks, and
flyovers [as shown in Fig. 4(b)].

IV. RESULTS

A. Instrument Performance

1) Accuracy Test of AirBeam2: We measured the PM2.5
concentration with an AirBeam2 at a location similar to that
of the Mong Kok Monitoring Station. We calculated the average
PM2.5 concentrations per hour measured with the AirBeam2
and compared it to the average PM2.5 concentrations per hour

measured with a tapered element oscillating microbalance. The
results showed measurement accuracy values of about 0.734 and
0.763, and in the evening peaks on workdays and weekends, the
corresponding measurement accuracy values were about 0.781
and 0.774, respectively (as shown in Table IV). The PM2.5 con-
centration measurements measured with the AirBeam2 showed
good correlations with the corresponding tapered element oscil-
lating microbalance measurements.

2) Precision Test of AirBeam2: To evaluate the precision of
the AirBeam2 in a more systematic and comprehensive manner,
the walking route from the Z core of POLYU (point A) to the
student dormitory (point B) in the study area was selected to
monitor the precision of the instruments during the morning and
evening peaks [as shown in Fig. 4(c)]. This route has several road
types, such as flyovers, sidewalks, and footpaths. The surround-
ing environment includes bus stops, campuses, and residential
areas. As a result, the precision of these instruments can be
evaluated more rigorously. The precision of the instruments was
evaluated by computing the linear regression and the correlation
of two of the same instruments.

We arranged a route from the student residence to the Z core
for the morning peak and a route from the Z core to the student
residence for the evening peak. Three AirBeam2 instruments
(AirBeam2-A, AirBeam2-B, and AirBeam2-C) were used in this
experiment. AirBeam2-A and AirBeam2-B were used to sample
in the same direction throughout the study, and AirBeam2-A and
AirBeam2-C were used to sample in different directions. The
results of these experiments are shown in Table V.

B. LUR Models Results

Table VI is a result summary of the LUR models for sidewalks,
footpaths, and footbridges after the previous steps. First, the
correlation coefficients of the sidewalks, footpaths, and foot-
bridge models for different periods were all greater than 0.61,
0.72, and 0.79, respectively. After ten-fold cross-validation, the
three kinds of LUR models also displayed good performance.
Moreover, it was observed that all selected independent variables
passed the significance test (as shown in Table VII).
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Fig. 9. Thematic maps of PM2.5 on sidewalks during (a) the morning peak on the weekday, (b) the evening peak on the weekday, (c) the morning peak on the
weekend, and (d) the evening peak on the weekend.

It can be seen that when obtaining micro-scale PM2.5 pol-
lution information in the special walking environment of a
high-density city such as Hong Kong, attention should be paid to
the difference in the PM2.5 statistics caused by the background
environment differences among sidewalks, footpaths, and foot-
bridges, and urban three-dimensional, green vegetation coverage
and building indices should be added.

C. LUR Models Validation

To better validate the models, we used the mobile measure-
ments for a typical section of Tsim Sha Tsui in our study area
on weekends (21 and 22 July) and weekdays (23 to 28 July) to
further analyze the performance of the LUR models.

This route is surrounded by a densely constructed area and
consists of sections such as footpaths, sidewalks and flyovers.
The results are shown in Table VIII. A comparison with similar
studies [24]–[26], [41], [42] (as shown in Table IX) showed
that the LUR models in this article could accurately estimate
the spatial variation in the PM2.5 concentration on the walking
paths of the study area.

D. LUR Models Geomapping

Using the PM2.5 LUR models of sidewalks, footpaths, and
footbridges to process the data, we obtained PM2.5 distribution
maps at a spatial resolution of 20 m, as shown in Figs. 9, 10, and
11. The PM2.5 distribution maps for weekdays were obtained
by processing the data for the morning and evening peaks on 13
August, 2018, whilst the PM2.5 distribution maps for weekends
were obtained by processing the data for 17 August, 2018.

First, the PM2.5 maps of the sidewalks on weekdays and
weekends show higher PM2.5 concentrations around the Hung
Hom Transport Hub and Tsim Sha Tsui Block. In contrast, the
PM2.5 concentrations on Jordan Road and in the Urban Park’s
Centennial Garden were relatively low.

The PM2.5 maps of the footpaths on weekdays and weekends
also show that the PM2.5 concentrations were relatively low
for most footpaths on the POLYU campus, likely due to its
completely car-free environment. However, due to the traffic
conditions of Hung Hom Station, the PM2.5 concentrations of
the campus footpaths near Hung Hom Station were relatively
high. Due to the smoke from nearby restaurants, higher PM2.5
concentrations were found on a narrow sidewalk between the
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Fig. 10. Thematic maps of PM2.5 on footpaths during (a) the morning peak on the weekday, (b) the evening peak on the weekday, (c) the morning peak on the
weekend, and (d) the evening peak on the weekend.

Science Museum road and the Centennial Garden of the Munic-
ipal Council. In contrast, the PM2.5 concentrations in the open
environment in front of the Hong Kong Science Museum and
the Hong Kong Museum of History were relatively low.

The PM2.5 maps of the footbridges on weekdays and week-
ends show very high PM2.5 concentrations (up to 100 μg/m3)
on the footbridge between Hung Hom Station and POLYU.
The PM2.5 concentration on the footbridge surrounded by the
highways of Granville and Chatham Road South was also very
high. In contrast, a lower PM2.5 concentration was found on the
footbridge above the Science Museum path.

These results show that the distribution of PM2.5 on the
walkways in this high-density area was greatly affected by
variables such as the traffic situation of the Hung Hom transport
hub and cooking fumes. The three-dimensional shape and green
vegetation distribution in the area also influence the distribution
of PM2.5. Furthermore, the PM2.5 concentrations on sidewalks,
footpaths, and footbridges on the weekends were higher than
those on weekdays, and the PM2.5 concentrations on sidewalks,

footpaths, and footbridges during the morning peaks were higher
than those during the evening peaks.

E. Developing the Healthiest Path Planning App

Based on the mapping results of PM2.5 on walkable roads,
a healthiest path planning app was developed, to provide the
healthiest walking paths for PM2.5 in the 500m area near Hong
Kong Polytechnic University. In the process, it assumed that
walking time between the edges was proportional to the dis-
tance. And the intensity of PM2.5 pollution was proportional to
the exposure time. Therefore, we multiplied the PM2.5 con-
centration of the pixels along the edge by the length of the
corresponding road segment, to directly get the PM2.5 weighted
value of each edge (Fig. 12). Then the healthiest path between
the starting point and the endpoint was supported. Furthermore,
the app calculated the distance traveled by the health path and
the percentage of PM2.5 pollution that can be reduced relative
to the shortest path. Three typical examples were shown in
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Fig. 11. Thematic maps of PM2.5 on footbridges during (a) the morning peak on the weekday, (b) the evening peak on the weekday, (c) the morning peak on the
weekend, and (d) the evening peak on the weekend.

Fig. 12. PM2.5 weighted value of each sidewalk edge.

Fig. 13. The first example reflected the healthiest path from
the HONG KONG Polytechnic University to the Peninsula
Centre (the red path indicates the shortest walking path and

the green path indicates the least polluting path for PM2.5).
We can see that the healthiest path has gone 80m more than
the shortest path but the PM2.5 pollution on the healthiest path
has decreased by 27.7%. The PM2.5 pollution on the healthiest
paths of the other two examples has also decreased by 17%
and 48.8%.

V. DISCUSSION

The use of mobile measurement technology and the develop-
ment of related LUR models have become prevailing trends in
air pollution studies. However, previous studies were based on
mobile sensors mounted on vehicles or bicycles to collect mobile
measurements on main transport roads [1], [23], [43]–[45].
Therefore, this study was the first to provide PM2.5 LUR models
combining handheld sensors data and multisource microscale
geographic data on walkable roads in a high-density city by
conducting a case study in Hong Kong, which complements the
coverage and focus of such research. This article highlights the
advantages and potential of the use of multiple handheld mobile
sensors to easily collect large amounts of sampled data to im-
prove modeling and mapping of microscale air pollution levels
in high-density cities. These abilities provide an opportunity to
improve the limitations of the existing data source. However,
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Fig. 13. Three typical examples of the healthiest path planning app.

the handheld sensors are weaker in terms of fineness and sta-
bility than the traditional instruments. We were thus required
to acquire a large amount of sampling data and eliminate the
uncertainty caused by accidental factors when pre-processing
the data. Due to the uniqueness and complexity of Hong Kong’s
pedestrian network, the design of mobile measurement routes
and data preprocessing needed to be adjusted according to
the specific situation and scene of the selected research area.
Furthermore, we had to carefully record the background en-
vironment and weather information, especially in the case of
key locations and sudden extreme pollution. It is important to
note that the mobile measurement data and methods of this
study were specifically targeted at PM2.5 contamination in the
pedestrian environment of Hong Kong. If extended to other
regions, the route design and data processing method of mobile
measurement must be adjusted for the local environmental and
weather characteristics. Moreover, nonlinear and nonparametric
machine learning algorithms can be further used to improve the
accuracy of estimating ground-level PM2.5 [46]–[48].

Next, compared with traditional LUR models, this article for
the first time explored the addition of the SVF factor to reflect the
urban three-dimensional structure, the GVI factor to reflect the
urban green vegetation distribution of the urban canopy and an
urban building normalisation index (i.e., IBI). The results show
that these new urban environmental factors from an open data
source play a key role in the establishment of the correspond-
ing LUR model. They also show that the three-dimensional
morphology, green vegetation distribution and distribution of
buildings have a great influence on the diffusion and variation
of PM2.5 in the walking environment of high-density cities.

In addition, the high-spatial-resolution PM2.5 map obtained
shows that the PM2.5 concentration is higher in some areas of
the microscale walking environment due to fumes from transport
hubs and various restaurants. The three-dimensional shape of
the urban buildings on both sides of the pedestrian road and
the distribution of green vegetation also affect the diffusion of
PM2.5. At the same time, a comparison of the PM2.5 distribu-
tion during the morning and evening peaks and on weekdays
and weekends shows relatively high PM2.5 concentrations on
sidewalks, footpaths and footbridges during the morning peak
on weekdays. These findings can provide some references for
travel and for the government’s pollution prevention and control
and urban planning.

VI. CONCLUSION

This article was the first attempt to develop the framework for
LUR models of PM2.5 concentration in a microscale walkable
environment of a high-density city. Based on the analysis of
PM2.5 variability for the various types of walking sections
and background environments, LUR models were developed
for sidewalks, footpaths, and footbridges. The accuracy of the
LUR model in estimating PM2.5 in Hong Kong’s complex
walking environment was improved by the integration of mo-
bile measurement data, OSM data, Landsat images, and other
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multi-source data. This study also produced PM2.5 distribution
maps with fine spatial granularity to provide a good reference
for analysis of the PM2.5 distribution on walkable roads in the
microscale urban environment. These maps can be used to ana-
lyze the factors and hotspots of PM2.5 changes in Hong Kong’s
pedestrian environment, which is a good complement to the
Hong Kong government’s existing roadside PM2.5 monitoring
network. Therefore, our research design and methods may be
particularly well-suited for residential exposure in the walking
environment and microscale refinement air pollution analysis,
especially in areas in which no air monitoring network has been
established. Some key findings are summarized as follows.

1) For various kinds of walkable roads in high-density cities,
such as footpaths, footbridges, and sidewalks, it is fea-
sible to use handheld mobile sensors and multisource
microscale geographic factors for LUR modeling and
mapping of microscale PM2.5 distribution.

2) New environmental factors such as SVF, GVI, and IBI
generated by open source data that represent three-
dimensional morphology, green vegetation distribution,
and building distribution can play key roles in LUR model-
ing of the PM2.5 distribution in high-density cities. These
indicators affect the diffusion of and changes in the PM2.5
concentration in the walking environment.

3) The high spatial resolution maps of the PM2.5 concentra-
tion obtained by LUR modeling can be used to find more
pollution hotspots in microscale walking environments
and to develop related travel-path search apps to provide
healthier walking paths.

This article has three main limitations. First, the design of the
mobile measurement route and the data preprocessing during
modeling depended on the specific conditions and scenarios of
the study area. Second, the precision and stability of the handheld
sensors used in this study were relatively weak, which led to the
need for significant re-sampling. Therefore, we hope that the
transferability and applicable scope of the method adopted in this
study will soon be tested in various typical areas of Hong Kong
or other high-density cities. Third, a stepwise multiple linear
regression method was used in the modeling stage of this study.
As data accumulate and more impact factors are gradually taken
into consideration over time, machine learning methods can also
be considered to model changes in PM2.5 concentrations on
pedestrian roads.
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