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ABSTRACT

ARTICLE HISTORY

Remote sensing and geospatial techniques are being used to provide large-scale and regional
solutions for achieving the sustainable development goals (SDGs) of the United Nations, including
sustainable infrastructure development. Road transportation infrastructure has a significant con
tribution to the economy, but it also increases environmental pressure. However, little knowledge
is available about spatial characteristics in the relationship between road impacts on the economy
and impacts on the roadside environment. This research explores the spatial disparities in the
relationship of road impacts on a continental level in Australia from 2011 to 2016. The performance
of road transportation infrastructure is characterized from the perspectives of road density, con
nectivity, traffic volumes, and service to communities, other transportations (e.g. ports and air
ports), and industries, using remote sensing data and spatial heterogeneity models. Local economy
and roadside environment are respectively presented using resident income and the change of
roadside Enhanced Vegetation Index (EVI) and Aerosol Optical Depth (AOD) derived from the
moderate resolution imaging spectroradiometer (MODIS) onboard the Terra satellite generated
from Google Earth Engine. The road impacts of variables and their interaction on the economy and
environment were calculated using an optimal parameters-based geographical detectors model
(OPGD). Results reveal that the interaction of road density and traffic volumes can explain 47.4% of
the resident income. In addition, results demonstrate the significant spatial disparities in the
relationship between road impacts on the economy and impacts on the local environment. In
major cities, such as Sydney and Melbourne, the pressure of roadside environment is increased
with the economic growth, but the roadside environment has been improved in suburban and
rural areas. Areas with the service to industries range from 64.4 km to 128 km have the most
significant roadside EVI increase (2.5%). To the best of our knowledge, this is the first research to
explore spatially differentiated trade-offs between the economic and roadside environmental
impacts of roads using remotely sensed data, geospatial data, and spatial heterogeneity model
at the continental level. Findings from this study provide an in-depth understanding of the
interactions and trade-offs of road impacts on the local economy and the environment.
Geospatial trade-offs and impact analysis methods in the study can be applied in wider fields to
achieve global and regional SDGs.
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1. Introduction
Remote sensing and geospatial techniques provide
effective data-driven solutions and opportunities for
achieving the sustainable development goals (SDGs)
of the United Nations. The remote sensing supported
solutions for achieving SDSs generally include three
categories. First, remote sensing can provide massive
large-scale and timely Earth observation data for ana
lyzing sustainability (Anderson et al. 2017; Cochran
et al. 2020; Im 2020; Pathak et al. 2021). Remote sen
sing sensors can cover a large area with a rapid
update frequency, making it possible to detect cli
mate change, disasters, and health at a global scale
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(J. Yang et al. 2013; Viana et al. 2017). Next, geospatial
techniques are essential tools for investigating spatial
and spatiotemporal patterns, exploring factors, and
future scenario prediction. Long time-series remote
sensing images are helpful for understanding
mechanisms of human-environment interaction and
effectively dealing with environmental challenges
(Bishop-Taylor, Tulbure, and Broich 2018). Finally,
data-driven solutions generated from remote sensing
and geospatial techniques are solid and quantitative
evidence for management and making practical deci
sions. The environmental variables, such as air quality
variables (Alvarez-Mendoza, Teodoro, and Ramirez-
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Cando 2019), obtained from remote sensing data are
universally meaningful compared with in-situ and
ground monitoring data due to the large spatial
scale and long duration for effective decisionmaking (Boulila, Farah, and Hussain 2018).
Sustainable transportation infrastructure is one of
the key sectors to improve economic development
and social well-being among SDGs. A primary func
tion of transportation infrastructure is to connect dif
ferent regions, which is helpful for providing job
opportunities and economic activity (Agbelie 2014).
Well-performed transportation infrastructure also
enables high accessibility to markets and raw materi
als and raises productivity due to the reduction in
traffic congestion and travel time (Agbelie 2014;
Umar et al. 2020). Given its importance on the social
economy, hundreds of billions of dollars are spent on
infrastructure investment and construction world
wide every year (Allen and Arkolakis 2020).
Road transportation infrastructure can provide
great economic opportunities, but it may also
increase local environmental pressure (Damania
et al. 2018). The roadside environmental pressure
caused by road transportation includes air pollution,
soil erosion, vegetation and forest degradation, risks
to species diversity, etc. Developed transportation
infrastructure usually means high traffic volumes,
leading to an increase in emissions, causing air pollu
tion, and the urban heat island effect (Karagulian et al.
2015). Road transportation is closely associated with
roadside soil pollution such as the increase of soil pH
and heavy metals, and soil erosion (Jantunen et al.
2006; Ghosh, Raj, and Maiti 2020). Besides, the road
side environmental changes can decrease the natural
growth of vegetation (Ghosh, Raj, and Maiti 2020),
cause species diversity loss (Jantunen et al. 2006;
Deljouei et al. 2018), lead to forest degradation
(Mann, Agrawal, and Joshi 2019), and threat the eco
system. In order to reduce environmental pressure
while safeguard economic growth, authorities usually
face trade-offs of road impacts, which is the coordina
tion between impacts on the economy and impacts
on the environment. However, the methods and
knowledge about identifying and understanding the
trade-offs of road impacts are still limited.
The roadside environment can be characterized by
combined ground monitoring data and remotesensing data. Most of the earlier studies explored
the relationship between environmental factors and
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transportation investments using in-situ data, includ
ing soil samples for analyzing heavy metal pollution
around roads (Ghosh, Raj, and Maiti 2020) and data
from environmental monitor stations for investigating
the environmental impacts of transportation infra
structure (Jantunen et al. 2006). However, monitoring
stations dedicated to detecting the roadside environ
ment are often relatively few and sparsely distributed
spatially, making it difficult to conduct large-scale
studies. Remote sensing has become a common
data source to represent the roadside environments,
and it is more effective in providing essential data for
characterizing roadside environments than stationbased monitoring data at a large spatial scale.
Roadside environmental variables retrieved from
remote sensing data include soil variables, climate
variables, and vegetation variables. For instance, soil
moisture (Al-Yaari et al. 2019), soil heavy metal con
tent (Y. Ge, Thomasson, and Sui 2011) can be esti
mated using remote sensing technology, which has
equivalent accuracy with situ observation (Ma et al.
2019). Aerosol Optical Depth (AOD), a key physical
quantity characterizing the degree of atmospheric
turbidity, is an important factor in determining aero
sol climate effects and estimating environmental pol
lution levels (Martins et al. 2019). Vegetation indexes
and LST data can be used to assess the road impacts
on roadside vegetation and trees (Cârlan et al. 2020).
Vegetation indexes calculated by different bands of
remote sensing images are often used to reveal vege
tation situations. Among them, the enhanced
Vegetation Index (EVI) is a very commonly used vege
tation index that can effectively reflect vegetation
changes (Rashid Khan et al. 2018).
The interactive impacts of different variables of
road infrastructure on the economy and environment
are sophisticated, leading to the difficulty of quantify
ing trade-offs of road impacts (Allen and Arkolakis
2020). It is also a challenge to estimate regional dis
parities in the road impacts on the economy and the
environment due to the ubiquitous spatial heteroge
neity in both road performance variables and eco
nomic and environmental variables. Therefore,
spatial heterogeneity methods are required to
explore the road impacts on the economy and the
environment and its trade-offs. The geographical
detector model is an effective approach to investigate
the spatial heterogeneity in the stratified structure of
variables without the requirement of statistical
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distributions of data (Y. Hu et al. 2011; Song, Wu et al.
2020a). It has been widely used in investigating envir
onment change (Du et al. 2016; Shrestha and Luo
2017; Ding et al. 2019; Zhu, Meng, and Zhu 2020),
urban expansion (Yang, Qian, and Long 2016), health
risk assessment (J. F. Wang et al. 2010; Erjia et al. 2017;
Liao et al. 2017), natural disaster risk assessment (Hu
et al. 2011; Zhang, Nie et al. 2020). In recent studies,
the geographical detectors model has been applied in
transportation studies. For instance, it is used to iden
tify influence factors of traffic accidents (Y. Zhang, Lu,
and Qu 2020) and traffic jam (Daniel(Jian), Kaisheng,
and Suwan 2018), explore the impact of transporta
tion modes on epidemic (Cai et al. 2019) and impact
of transportation on population distribution (L. Wang
and Chen 2018), and analyze road deterioration (Song
et al. 2018b, 2020b). An optimal parameters-based
geographical detector (OPGD) was developed to
explore the relationship between road deteriorations
and potential explanatory variables, such as traffic
volumes, climate, and soil attributes (Song et al.
2020b). Geographical detectors model is also widely
used to study the association between road transpor
tation and the roadside environment, such as traffic
emissions (Daniel(Jian), Kaisheng, and Suwan 2018),
heavy metal pollutions around the transportation hub
(D. Li and Liao 2018), wildlife movements affected by
roads (Shi et al. 2018), and build environment (S.
Wang et al. 2018; Li, Lyu et al. 2020b).
In general, current research lacks a spatial analysis
approach to explore the trade-offs between the
impact of road infrastructure on the roadside environ
ment and the economy. Thus, most of the road per
formance indicators and roadside environmental data
used are statistical data and roadside environmental
monitoring stations, making it difficult to provide
sufficient spatial information. In this study, spatial
disparities in the trade-offs between road impacts
on the economy and the roadside environment
were investigated with remote sensing and geospa
tial data using an optimal parameters-based geogra
phical detector (OPGD) model. First, road
performance was characterized from the perspectives
of road density, connectivity, traffic volumes, and ser
vices to communities, other transportations (e.g. ports
and airports), and industries. The services of road
infrastructure were evaluated using a spatial accessi
bility analysis with OpenStreetMap (OSM) derived
points of interest (POIs). Next, based on the Google

Earth Engine (GEE) platform, the change of roadside
EVI and AOD were calculated and used to characterize
the roadside environment. Resident income was used
as a proxy variable of the local economics in this
study. Third, an OPGD model was utilized to assess
the spatial trade-offs of road impacts on the economy
and roadside environment. In this step, optimal para
meters of spatial discretization were derived for esti
mating the power of determinant (PD) and the power
of interactive determinant (PID) of indicators of road
infrastructure for the local economy and roadside
environment. The nonlinearity and spatial disparities
of impacts of individual road performance variables
were compared to assess the spatial trade-offs.
Finally, a sensitivity analysis was performed to evalu
ate the parameters of the roadside environment on
the model and results. To the best of our knowledge,
this is the first research to explore spatially differen
tiated trade-offs between the economic and roadside
environmental impacts of roads using remotely
sensed data, geospatial data, and spatial heterogene
ity model at the continental level.

2. Study area and data
2.1. Study area
The transportation infrastructure systems are funda
mental land assets in Australia. Australia has a welldeveloped road infrastructure consisting of 800,000
kilometers of road networks and transportation facil
ities, which is one of the most expanded road net
works in the world. Transportation infrastructure
makes a major contribution to the Australian econ
omy in terms of employment, production, and
exports, and contributed 7.4% to GDP in 2015–16 in
Australia (ABS 2015). Australian authorities have
developed national strategies on progressing toward
transportation infrastructure-related SDGs, such as
SDG 9 – building resilient infrastructure and SDG
11 – making cities and communities sustainable
(Allen et al. 2019; Hall et al. 2020; Allen et al. 2020).
In this study, the Local Government Areas (LGA) in
Australia are used as the spatial unit of analysis.

2.2. Income data
Resident income data collected at the LGA level in 2011
and 2016 were used to demonstrate the local economy
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in Australia (ABS 2020). The data is compiled from the
Linked Employee Dataset (LEED), based on the
Australian taxation system. The income values of the
data represent personal income before any taxation,
levies (e.g. Medicare levy), and losses, and inflation is
not considered. In this study, the average income at
each LGA between 2011 and 2016 was calculated to
represent the local economy during this period.

2.3. Environment data
MODIS EVI data and MODIS AOD data were used to
reveal roadside environmental changes related to
road transportation infrastructure. The MOD13Q1 V6
product provides vegetation index values on a perpixel basis with a resolution of 250 meters (Didan et al.
2015). The product contains two vegetation index
bands, NDVI and EVI. The NDVI is the difference
between near-infrared and red reflectance divided
by the sum of them. The EVI is computed as follows:
EVI ¼ G �

ρnir ρred
ρnir þ ðC1 � ρred C2 � ρblue Þ þ L

(1)

where ρnir , ρred , and ρblue are near-infrared band, red
band, and blue band of MODIS, respectively. G is the
gain factor and equals 2.5 for MODIS EVI data. C1 and
C2 are the coefficients of the aerosol resistance term,
which are 6.0 and 7.5, respectively. L is the canopy
background adjustment which equals 1.0 for MODIS
EVI data. The value of EVI and NDVI are from −1 to 1.
Compared to NDVI, EVI minimizes canopy back
ground variation and maintains sensitivity in dense
vegetation conditions (Matsushita et al. 2007). Also,
EVI uses the blue band to eliminate residual atmo
spheric pollution caused by smog and sub-pixel thincloud cover. In addition, the MODIS Terra AOD
(MCD19A2 V6) data with the resolution of 1 km is
used as a proxy variable of roadside emissions
(Martins et al. 2019). It contains AOD bands at 0.470
and 0.550 μm, where the 0.550 μm band of AOD is
used in this study due to its wide applications in
exploring environmental pollution issues (Allen et al.
2015).

2.4. Data of road performance
2.4.1. Traffic data
Traffic volume is a wide used indicator of the trans
portation infrastructure capacity. In this study, the
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number of motor vehicles is used as proxy variables
of nationwide traffic volume data across Australia.
Australia bureau of statistics publishes the number
of motor vehicles by LGA in 2006, 2011, and 2016.
The mean volume at the LGA level in 2011 and 2016
was calculated as the average traffic volume during
this period.
2.4.2. Facilities and networks
The data of facilities and road networks used in
this study were derived from the OSM (http://www.
openstreetmap.org). The OSM is the most widely
recognized volunteered geographic information
(VGI) data, and the database consists of vector
data, such as facility location data, road networks,
administrative boundaries, and land cover (Haklay
and Weber 2008; Schultz et al. 2017). As is shown
in table 1, in this study, the facilities data contain
28 types of POI at level B from nine types at level
A: education facility, health facility, green spaces/
sports area, public facility, residential area, airport,
port, industry area, and commercial area (Table 1).
Road networks from OSM in Australia contain mul
tiple hierarchies of roads, and six hierarchies were
selected to calculate road infrastructure perfor
mance, which are primary road, primary road link
secondary, secondary link, trunk, and trunk link.
2.4.3. Population data
Spatial distributions of the population are character
ized using the WorldPop population density data
(https://www.worldpop.org/), which was generated
to provide an open population dataset for sustain
ability development, disaster management, and
health applications (Stevens et al. 2015b; Gaughan
et al. 2013). The WorldPop data provide distributions
Table 1. Facility category and levels of POI.
Category of
facility
Communities

POI at Level A
Education
facility
Health facility
Green space/
Sport area
Public facility
Resident area
Other
Airport
transportations Port
Industries
Industry area
Commercial
area

POI at Level B
University, college, library,
kindergarten, school
Hospital, pharmacy
Park, sport center, playground
Police, post office, fire station
Hotel, resident community
Airport
Port
Waste, water plant, water tower,
wind mill, factory
Supermarket, bank, ATM, restaurant,
cinema, theater, shop
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of different kinds of population attributes, including
density and age structure. The population density of
WorldPop was mapped using a random forest model
with a wide range of ancillary data and downscaled
from the census data at an administrative level to the
grid level (Stevens et al. 2015a; Gaughan et al. 2013).
In this study, the WorldPop population density data at
1 km resolution in 2011 and 2016 were used for
analysis.

3. Methods
Figure 1 shows the schematic overview of methods
for assessing the spatial disparities in trade-offs
between road impacts on the economy and the envir
onment. In general, the methods consist of four steps:
(i) Road density and road connectivity were calculated
at an LGA level; (ii) spatial accessibility analysis was
performed for each category of facilities, and the road
services to communities, other transportations (e.g.
ports and airports), and industries were estimated as
the sum entropy weighted spatial accessibilities; (iii)
roadside environment conditions were defined and
quantified using MODIS EVI and AOD data. The road
side environment across the whole road network was
computed on GEE. Fourth, PD and PID were estimated
between road transportation infrastructure variables
and economic or environmental variables. The tradeoffs of road impacts on the economy and environ
ment were analyzed through the comparison of their
respective PD distributions; (iv) the sensitivity of the
road buffer was explored by analyzing the road
impacts on the environment at four different road
buffers.

3.1. Calculation of road density and road
connectivity
Road density and road connectivity are essential indi
cators to access road infrastructure and economic
development. Road density in an LGA is a ratio
between total length within the LGA and the area.
Road connectivity is represented by the ratio of the
number of interactions and the area. The original road
network from OSM was segmented according to toad
attributes, such as road name, road hierarchy, and the
max speed of the road. This segmentation may lead to
massive junctions located in the middle of roads, and
these junctions cannot reflect the transportation
capacity. To address this issue, we merged the
whole road network and then identified junctions at
the intersections across the network. Thus, the density
of identified junctions was used to present the road
connectivity within LGAs.

3.2. Accessibility analysis
Road services to communities, other transportations,
and industries were evaluated using a spatial accessi
bility analysis. Accessibility can be characterized by
the average distance from the population to the facil
ity. In this study, a network-based accessibility analy
sis was used to indicate services of the three types of
facilities. The method to estimate the services of facil
ities includes the following steps.
First, population-weighted centroids (PWCs) were
computed for LGAs. Due to spatial heterogeneity of
population distribution, the PWCs can more accu
rately reveal the clustered location of the population

Figure 1. Schematic overview of assessing spatial disparities in trade-offs between road impacts on the economy and environment.
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within a region than geometric centroids (Song et al.
2018a). The average population density between
2011 and 2016 was used to calculate PWCs using
the PWC estimation method presented in Song et al.
(2018a).
Second, spatial accessibility to the facility was
computed using a network-based analysis method.
POIs at level B were merged into level A, and all the
PWCs and POIs were relocated in the road network
according to the nearest Euclidean distance before
the spatial accessibility. Accessibility of each cate
gory of the facility was represented by the average
distance of the PWC to the nearest certain number of
facilities. The numbers of target facilities were
searched to determine the service capacity of facil
ities to local residents. If the number of targeted
facilities is too small, the accessibility may be
unstable and lack conviction, and if the number of
target facilities is too large, the accessibility differ
ences between different regions are blurred. A series
of numbers of target destinations were set to select
the suitable target destination count for different
types of facilities. And the most reasonable destina
tion counts were selected by visual checking. In this
study, the number of target destinations for ports
and airports and for other facilities was 2 and 10,
respectively.
The final step was to present services of facilities
using the sum of entropy-weighted spatial accessibil
ity to facilities (Bao et al. 2020). Nine facility accessi
bilities were grouped into three categories, service to
communities, service to other transportations, and
service to industries using the entropy weight
method. Entropy, an information indicator of variable,
was used to evaluate the contribution of accessibil
ities for facilities in level A to the corresponding ser
vices to facilities. Thus, entropy was used to estimate
the weights of accessibilities. If the information
entropy of accessibility is high, a high weight should
be given to the accessibility to a certain type of facil
ity. The first step of the entropy weight method was to
normalize the accessibilities. Then, the standardized
value of the jth type of POIs at level B within the ith
LGA is calculated as follows:
Pij
Sij ¼ Pn
i¼1

Pij

(2)

where n is the number of LGAs, Pij is the normalized
number jth POI at the ith LGA. Then, the information
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entropy ðEj Þ and the information entropy weights
ðEWj Þ of the jth type of POI are calculated as:
Ej ¼

lnðnÞ

1

n
X

Wij log2 Sij

(3)

i¼1

EWj ¼

1
m

Ej
Pm

j¼1 Ej

(4)

wherem is the number of POI types in this category.
Finally, the service of roads to a category of facilities at
the ith LGA is computed as a sum entropy weighted
accessibility to facilities in this category:
m
X

ηi ¼

EW j � αj

(5)

j¼1

where αj is the accessibility of jth category of facility.

3.3. Local economy and roadside environment
Average resident income was used to represent
the local economy. The missing data at five LGAs
(5/541) were filled using the inverse distance
weighting (IDW) method (Donald 1968). To evalu
ate the roadside environment change, a 1 km buf
fer around the road network was generated to
calculate the mean values of environmental vari
ables within the buffer (Figure 2). Then, the road
side change of EVI and AOD of each LGA between
2016 and 2011 were calculated using the 1 km
buffer from the GEE platform.

3.4. OPGD-based spatial trade-offs analysis
PD and PID are used to investigate the impacts of
road performance on the economy and environ
ment. PD and PID were widely used indicators to
represent the impact of explanatory variables on
response variables from the perspective of spatial
heterogeneity (J. F. Wang et al. 2010). PD is used to
explain the impact of individual variables, and PID
is used to explain the interactive impact of vari
ables. The fundamental assumption of the indica
tors is that: if an explanatory variable has
a significant influence on a response variable,
they are probably distributed in similar spatial pat
terns. In this study, a strategy of the optimization
of spatial discretization was used to identify opti
mal discretization parameters of road performance
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Figure 2. Road network and change of EVI derived from MODIS (a) and buffers for capturing roadside environment (e.g. EVI) (b).

indicators (Song et al. 2020b; Song and Peng
2021). Then, the PD and PID values were calculated
to represent the impacts of six road performance
indicators on resident income, change of roadside
EVI, and change of roadside AOD, respectively.
Finally, a sensitivity analysis was performed to vali
date the developed methods in the study. The
optimization of spatial discretization was per
formed using the R package “ISDA” (Song and
Peng 2021) and the PD and PID values were calcu
lated using the R package “GD” (Song et al. 2020b).

curve is lower than 5%, the point was selected as the
optimal break number and used in further analysis.
Using the spatial discretization, the whole area was
divided into several spatial overlay zones according to
each explanatory variable. The average risk value at
a zone of the explanatory variable was represented by
the average value of response variables at this zone (Z.
Wang et al. 2020). In this study, the spatial distribution of
impacts of roads to the local economy and the roadside
environment is assessed and visualized using the mean
risk value.

3.4.1. Optimization of spatial discretization
The geographical detector model can only deal with
discrete variables to calculate the PD and PID. Thus, all
continuous variables need to be converted into dis
crete variables before inputting the model (Wang and
Chengdong 2017). The spatial data discretization
method aims to divide continuous geographical and
geospatial data into several intervals depending on
the data’s physical or statistical characteristics (Song
et al. 2020b). In this study, the optimal spatial discre
tization method proposed by Song and Peng (2021)
was used. Firstly, all variables are divided into 3–22
groups using a quantile break. Second, for each
optional parameter combination of an explanatory
variable, the Q value was calculated, and a variation
curve of the 75th quantile Q values was smoothed
using a locally estimated scatterplot smoothing
(LOESS) model. Finally, when the increase rate of the

3.4.2. Power of determinant
The PD is used to explore the explanatory power of
road performance indicators on the economy and
environment (Song and Peng 2021). The PD is mea
sured by a Q value defined as:
PH
2
z¼1 Nz σ z
Q¼1
(6)
Nσ2
where z is the number of spatial zones, Nz and N are
the number of LGAs in zone z and the whole study
area, respectively, and σ2z and σ2 are the variance of
the response variable for the units in zone z and the
whole study area, respectively. The Q value ranges
from 0 to 1, and the Q value indicates that the expla
natory variable explains 100 × Q% of the response
variable. The Q value followed the noncentral F-test,
which was used to determine the significance level
(J. F. Wang et al. 2010)
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3.4.3. Power of interactive determinant
The PID explains whether the explanatory powers of
two factors are enhanced, weakened, or independent
of each other (J. F. Wang et al. 2010; Hu et al. 2011;
J. F. Wang, Zhang, and Fu 2016). First, the PD values of
two explanatory variables XA and XB for the response
variable were calculated as QðXA Þ and QðXB Þ, respec
tively. Then, the PID of the interaction, a spatial over
lay of factors XA and XB , was calculated as QðXA \ XB Þ.
The comparison between PID and individual PD indi
cates if variables are spatially independent, enhanced,
or weakened by each other. For instance, if QðXA \ XB Þ
is higher than the sum of QðXA Þ and QðXB Þ, the inter
action of XA and XB has an enhanced effect on the
response variable. Conversely, the interaction of XA
and XB has a weakened effect on the response vari
able. If QðXA \ XB Þ equals to QðXA Þ þ QðXB Þ, XA and XB
are spatially independent when affecting the
response variable.
3.4.4. Sensitivity analysis
The sensitivity analysis was conducted to explore the
influence of parameters for defining roadside envir
onment on the road impact assessment. In the study,
the roadside environment was defined as EVI and
AOD values at a 1-km buffer of roads. To evaluate
the impacts of the distance of buffer on the road
impact assessment, the impacts were calculated and
compared for roadside EVI and AOD with four
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different buffers around the road network in
Australia (Figure 2b), including 0.5 km, 1 km, 2 km,
and 5 km. The roadside change of EVI and AOD
between 2011 and 2016 was evaluated within each
road buffer based on the GEE platform. The PD values
of road impacts on roadside environment variables at
four buffers were calculated to analyze the sensitivity
of the buffer distance on the impact evaluations. As
a result, the variations of PD values under different
distances of buffers can demonstrate the sensitivity of
the methods.

4. Results
4.1. Spatial patterns
4.1.1. Local economy and roadside environment
Figure 3 shows spatial distributions and urban-rural
comparisons of resident income and changes of road
side EVI and AOD. Resident income has a slight urbanrural disparity, where the urban resident income
($59,299 per year) is 15.17% higher than the rural
resident income ($51,487 per year). Resident income
in major cities is higher than in other regions.
From the perspective of the environment, the
change of the roadside environment from 2011 to
2016 also contains regional disparities. Vegetation
plays an important role in both the regional hydro
logical cycle, climate regulation, and ecological sus
tainability. EVI can characterize vegetation cover

Figure 3. Spatial distributions (top) and density distributions (bottom) of local economy and environment changes: (a, d) resident
income; (b, e) change of roadside EVI; and (c, f) change of roadside AOD. Roadside EVI and AOD are derived from MODIS.
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changes very well (Duarte et al. 2018). The roadside
EVI is increased in rural areas with 0.0058 EVI change,
but it is decreased in urban areas with −0.0110 of EVI
change. Roadside EVI decreases more in major cities
than in suburban and rural areas. Suburban areas
have the highest increase of EVI. The change of road
side EVI reflects the impact of human activities on the
roadside environment, including infrastructure con
struction and road transport (Jantunen et al. 2006).
The decrease of roadside EVI in urban areas reveals
road transportation infrastructure has a negative
impact on the environment (Ghosh, Raj, and Maiti
2020).
AOD is an indicator of atmospheric conditions in
a region. The main factors contributing to the increase
in AOD are polluting gases from industrial production,
construction, transport, and other human activities. In
Australia, AOD slightly increased in most areas, where
the growth of AOD in urban areas is 2.1 times higher
than that in rural areas, which was 0.0030 and 0.0014,
respectively. The highest increase in AOD appears in
the major cities and suburban areas. In inland areas and
some parts of east areas, the AOD decreased, which
indicates the improvement in air quality. In summary,
from the spatial perspective, roadside environmental
changes are closely linked with economic growth.
4.1.2. Road performance
Table 2 shows the weights of accessibilities to nine
types of facilities in the three categories. The spatial

Table 2. The entropy weights of accessibility.
Accessibility to three
categories of facilities
Communities

Other transportations
Industries

Accessibility different types of
facilities in the category
Residential area
Public
Health
Green space and Sport area
Education
Ports
Airports
Industry
Commercial

Entropy
weight
0.227
0.197
0.180
0.224
0.172
0.518
0.481
0.391
0.610

accessibility to each of the three categories of facil
ities, which is used to estimate the road services to
facilities, is the sum of weighted accessibilities to
different types of facilities in the category.
Figure 4 shows spatial distributions of road perfor
mance indicators. In general, road performance indi
cators perform better in major cities than that in
suburban areas and rural areas. In major cities, ser
vices to communities and industries perform better
than the service to other transportations, including
ports and airports. The average distance of services to
communities and industries ranges from 1.0 km to
7.4 km, while its ranges from 7.4 km to 54.6 km to
other transportations.
The three direct road performance indicators, road
density, road connectivity, and traffic volumes, are
generally correlated with regional economic develop
ment. The differences between the three indicators in
major cities, suburban areas, and rural areas are sig
nificant. As for the three indirect indicators, services to

Figure 4. Spatial distributions of road performance indicators: (a) road density, (b) road connectivity, (c) traffic volumes, (d) service to
communities, (e) service to other transportations, and (f) service to industries.
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Table 3. Statistical summary of economic and roadside environmental variables and road performance indicators.
Response variable
Road performance indicators

Variable
Resident income ($1,000)
Change of roadside EVI※
Change of roadside AOD※
Road density (km/km2)
Road connectivity (interactions/km2)
Traffic volumes (103)
Service to communities (km)
Service to other transportations (km)
Service to industries (km)

Code
/
/
/
rd
rc
vlm
sc
st
si

Mean
55.10
−0.0023
0.0022
0.44
1.07
16.17
91.97
252.23
55.39

Median
51.71
−0.0051
0.0027
0.08
0.02
5.17
43.13
183.02
22.78

SD
16.44
0.0290
0.0100
0.84
2.77
30.16
136.54
269.30
91.62

Min
26.35
−0.0704
−0.0283
0.00
0.00
0.02
0.85
0.00
0.00

Max
216.01
0.0699
0.0490
5.76
22.01
412.55
1107.01
2096.52
870.30

CV
0.30
−12.41
4.54
1.90
2.58
1.87
1.49
1.07
1.65

※

Roadside EVI and AOD are derived from MODIS.

facilities, in addition to being influenced by the over
all level of economic development, are also related to
the industrial structure of the region and the type of
facilities it leads to. For example, the services to other
transportations in major cities and coastal cities
ranges from 7.4 km to 54.6 km, while are above
54.6 km in suburban areas. However, in most of the
suburban areas, services to the industry are below
7.4 km, with less difference with major cities.
Table 3 shows a statistical summary of response
variables, including economy, roadside environment,
and road performance indicators. The mean LGAbased income is 55,100, USD and the coefficient of
variation (CV) of resident income is 0.30. The CV
values of changes of roadside EVI and AOD are
−12.87 and 4.54, respectively. The CV values indicate
that the changes of EVI and AOD have much higher
spatial disparities than resident income. The mean
road density and connectivity are 0.44 km/km2 and
1.07 interactions/km2. The mean traffic volume of

LGAs is 16,170 per road. The mean distance between
PWCs and facilities of communities, other transporta
tions, and industries are 91.97 km, 252.23 km, and
55.39 km, respectively.

4.2. Road impacts on economy and environment
4.2.1. Optimal spatial discretization
Figure 5 shows the process of optimal spatial data dis
cretization for the analysis of resident income, change of
roadside EVI, and change of roadside AOD. With the
break number increased from 3 to 16, the Q values of
road performance indicators are generally increased
(Figure 5 a–c), but the increase rate is gradually reduced
(Figure 5 d-f). When the increase rate is lower than 0.05,
the optimal break number is selected (Song and Peng
2021). The optimal numbers of spatial discretization are
7, 8, and 8 for spatial analysis of resident income, the
change of EVI, and the change of AOD, respectively.

Figure 5. Processes and results of the optimization of spatial discretization for resident income (a, d), change of roadside EVI (b, e), and
change of roadside AOD (c, f).
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4.2.2. PD and PID of roads to economy and
environment
Figure 6 shows the PD and PID of road transportation
infrastructure on the local economy and roadside
environment. Road density and service to commu
nities have the largest impact on resident income,
with Q values of 0.2775 and 0.2754, respectively.
Highly dense roads can benefit the resident income.
Road service to communities has a higher impact on
resident income than services to other facilities.
Community facilities include schools, hospitals, and
public facilities, which are most relevant to human’s
daily activities. Results also show that the road service
to public facilities brings more benefits to the resident
income than the service to industries. Thus, the
investment and construction of the living facilities
are helpful for improving local resident income.
The interaction of traffic volumes with all the other
variables has a nonlinear enhancing effect on resident
income. Resident income is determined by multiple
mixed factors, which are difficult to be measured
(Glaeser, Kahn, and Rappaport 2008; Xue ting et al.
2018). This study shows that the interaction between
traffic volumes and road density can explain 47.4% of
resident income. The service to communities has the
highest impact on the change of roadside EVI, with
a Q value of 0.2539. And service to other transporta
tions has the highest impact on the change of

roadside AOD, with a Q value of 0.2475. The interac
tion of service to other transportations and traffic
volumes has the highest impact on the roadside
environment, explaining 41.1% of the change of road
side EVI and 43.2% of the change of roadside AOD.
Most of the imports and exports rely on port trans
portation in Australia. Maritime exports in 2016 were
1,394.5 million tonnes, comprising 909.5 million tons of
crude oil and inedible materials (except fuels) and
440.2 million tons of mineral fuels, lubricants, and
related materials in Australia (BITRE 2018). The change
of the roadside environment is mainly because of the
air pollution from freight transportation between ports
and industrial regions, including mining, oil and gas
products, grain, and other agricultural products.
Results show the distinctive impacts of traffic
volumes on the local economy and roadside environ
ment. Traffic volumes can be regarded as the proxy of
economic vitality (Li, Gao et al. 2020a), while they can
only explain 4.15% of resident income and 16.39% of
roadside EVI. But our result shows traffic volumes and
other road infrastructure performance have an extre
mely nonlinear enhanced impact on the local econ
omy and roadside environment, which can explain
nearly 50% of resident income, change of roadside
EVI, and change of roadside AOD. This means only
enough traffic volumes or economic vitality is insuffi
cient to promote economic growth and

Figure 6. PD (top) and PID (bottom) of road performance indicators to resident income (a, d), change of roadside EVI (b, e), and change
of roadside AOD (c, f).
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environmental change, but when it is integrated with
well-built road infrastructure, including roads and
service facilities, the economy will develop rapidly,
although environmental change will also intensify.
On the other side, economic development also relies
on adequate social-economic vitality, including
a stable investment environment and reasonable eco
nomic policies. Only well-constructed infrastructure
construction is not enough.
4.2.3. Spatial distributions and trade-offs of impacts
Road density and road connectivity are direct indica
tors to represent road performances. Figure 7 shows
the impacts of road density and road connectivity on
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the local economy and roadside environment,
revealed by risk values from the geographical detec
tor. The spatial disparities and nonlinearity of road
impacts on the economy and environment are
revealed. In major cities, road density and road con
nectivity have the highest impacts on resident income
(refer to the red dots in the first map of Figure 7 a, b).
Areas with the highest road density (range from
1.16 km/km2 to 5.76 km/km2) and the highest road
connectivity (range from 2.27 interactions/km2 to 22
interactions/km2) have the highest resident income,
which is 75,560 USD and 69,780, USD respectively.
Resident income in suburban areas has the lowest
dependence on road density and road connectivity.

Figure 7. Trade-offs between road impacts on income and roadside environment: regional impacts of road density (a) and
connectivity (b). Different colors of dots in maps represent the positive or negative impacts on the economy and environment.
Roadside EVI and AOD are derived from MODIS.
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As for environmental impacts, road density and
road connectivity negatively impact roadside vegeta
tion in major cities, with the decreased EVI (refer to
the orange dots in the second map of Figure 7 a, b).
The highest decrease EVI (−1.7%) appears in the areas
with a road density range from 0.294 km/km2 to
1.38 km/km2. The second highest decrease of EVI is
−1.5% in areas with road connectivity range from
0.456 interactions/km2 to 2.76 interactions/km2. In
suburban and rural areas, road performance has
a positive impact on roadside vegetation, especially
in suburban areas. The highest increase EVI (1.8%)
appears in the areas with road connectivity range
from 0.0026 interactions/km2 to 0.0058 interactions/
km2. EVI also increase a lot (1.7%) in areas with road
density range from 0.0645 km/km2 to 0.0804 km/km2.
EVI is a remote sensing indicator of vegetation cover
age and vegetation condition. Results also indicate
that the effects of protecting and recovering roadside
vegetation are varied across different regions. Among
different regions, actions in suburban areas have the
highest positive effect on roadside vegetation growth
and recovery. Therefore, the spatial disparities of road
impacts on roadside vegetation should be considered
in practical road asset management and decisionmaking.
Traffic volumes and service to facilities are indirect
indicators for road performance. Figure 8 shows the
impacts of four indicators on the local economy and

roadside environment. The findings from Figure 8 can
be summarized into economic impact and environ
mental impact, as follows:
From the economic impact perspective, resident
income in major cities has the highest dependence
on transportation infrastructure performance (refer to
the red dots in the first map of Figure 8 a-d). In sub
urban areas, services to facilities have relatively less
importance to resident income (refer to the blue dots
in the first map of Figure 8 b-d). Suburban areas with
services to communities range from 33.7 km to 52.7 km
have the lowest resident income ($47,485). Therefore,
the investment and construction of service facilities are
usually helpful for the economic growth in suburban
areas. In rural areas, traffic volumes have the lowest
impact on resident income (refer to the blue dots in the
first map of Figure 8 a). Thus, increasing traffic volumes
in rural areas is a potential approach to stimulate the
local economy since traffic volumes can partially indi
cate local socio-economic vitality.
From the environmental impact perspective, in
major cities, roads have a negative impact on road
side vegetation, as demonstrated by the decreased
EVI (refer to the orange dots in the second map of
Figure 8 a-d). Areas with traffic volumes range from
37,400 to 413,000 have the highest reduction in road
side EVI (−1.7%). In rural areas, traffic volumes and
services to facilities are beneficial to the roadside
environment, increasing roadside EVI (refer to the

Figure 8. Regional impacts of traffic volumes and service to facilities. (a) Traffic volume; (b) service to communities; (c) service to other
transportations; (d) service to industries. Different colors of dots in maps represent the positive or negative impacts on the economy
and environment. Roadside EVI and AOD are derived from MODIS.
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green dots in the second map of Figure 8 a). And the
EVI in suburban areas increases more than in rural
areas. Areas with service to industries range from
64.4 km to 128 km have the highest increase in road
side EVI (2.5%). Besides desert areas, all variables posi
tively impact on the increase of roadside AOD, and
traffic volumes have the highest impact. The increase
of AOD in suburban areas is higher than that in major
cities and rural areas.
To sum up, this study reveals the significant non
linearity, spatial disparities, and interactions of tradeoffs between road impact on the economy and the
local environment. In major cities, road-related income
is much higher than that in other regions. On the
contrary, the local economy in suburban areas has
the lowest dependence on road performance.
Major cities with the highest road-related
income have higher environmental pressure than
other regions, which reveals interactions of tradeoffs between road impact on the local economy
and the roadside environment. In suburban and
rural areas, the roadside environment has improve
ments, with the increase of EVI. Generally, subur
ban areas have a higher increase of EVI than rural
areas. In desert areas where environmental degra
dation serves, the EVI decreases a lot in the desert
areas. However, road performance factors except
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traffic volumes can reduce the roadside AOD,
which indicates that the construction of road infra
structure is beneficial to improving the desert
environment.
4.3. Sensitivity analysis
Sensitivity analysis was used to reveal the impact of
the road on roadside environment change within
different distances. Figure 9 shows the trend of
Q values of six explanatory variables for change
of roadside EVI and AOD. The order of significance
of variables is not changed for all distances to roads. It
shows that 1 km is the most reasonable distance to
evaluate the change of roadside environment. Apart
from service to industries, the road has the highest
impact on EVI at 1 km for all variables. Change rates of
Q values of all variables are slight, which are −1.64%
to 2.44% for the change of roadside EVI and −5.81% to
1.87% for the change of roadside AOD. The road
impact to the roadside EVI is most sensitive when
the road buffer changes from 0.5 km to 1 km. The
change rate of Q value for service to industries is 2.4%.
And road impact to the roadside AOD is more sensi
tive from 1 km buffer to 2 km buffer, with the −1.6%
change rate of Q value for service to other
transportations.

Figure 9. The Q values (left) and change rates (right) of explanatory variables at different buffers for environment variables: (a, b)
change of roadside EVI; (c, d) change of roadside AOD. Roadside EVI and AOD are derived from MODIS.
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5. Discussion
The positive impact of transportation infrastructure
on resident income includes saving commuting
time, connecting markets and raw materials,
which can reduce transport costs, and providing
job opportunities. However, road transportation
infrastructure may damage the environment. The
construction of road infrastructure and the erosion
of soil in this process destroys the roadside vege
tation and thus decrease the EVI. In addition,
industrial facilities will come with an AOD increase.
Therefore, the trade-offs between the economy
and the environment must be considered when
investing in road transportation infrastructure.
However, past studies have been less likely to
analyze and characterize this impact from
a spatial perspective. Road performance indicators
and environmental pollution indicators mostly use
statistical data or data from monitoring stations.
The spatial distribution of these data is sparse,
and it is difficult to reveal spatial information. As
a result, the spatial patterns of environmental and
economic impacts of roads have not been explored
comprehensively.
In this study, the relationship between transporta
tion infrastructure, the environment, and the econ
omy was explored using remote sensing data and
a spatial heterogeneity model. And the trade-offs
between road impacts on the local economy and
the roadside environment were revealed. Findings
are summaries as follows. First, road density, service
to communities, and service to other transportations
play the most important role in determining resident
income, change of roadside EVI, and change of road
side AOD, respectively. The interaction of traffic
volumes with other transport infrastructure variables
can significantly affect the economy and the environ
ment. In particular, the interaction of traffic volumes
with road density can explain nearly 50% of the resi
dent income.
Second, the environmental and economic impacts
of transportation infrastructure have a spatial differ
ence. Major cities are more dependent on transporta
tion infrastructure for economic development but
face greater environmental pressures than suburban
and rural areas, with the decrease of roadside EVI and
rapid increase of roadside AOD. On the contrary, the
roadside environment has improved in suburban and

rural areas, with increased EVI and a lower increase of
AOD than in major cities.
Third, road transportation infrastructure has
a nonlinear impact on the economy and the environ
ment, leading to the interactions of trade-offs
between road impact on the economy and the impact
on the local environment. The development of road
infrastructure systems can enhance economic growth,
but it also brings pressure to the roadside environ
ment. In order to improve resident income and pro
tect the environment, regional strategies are required
for achieving sustainable road infrastructure develop
ment. The actions primarily include strategic road
infrastructure maintenance and management (Song
et al. 2018b), nation-wide and network-level strate
gies for sustainable infrastructure development (Song
et al. 2020b), and roadside ecological and environ
mental protections.
In this study, results show that the effects of actions
for improving both economic growth and roadside
environment in suburban and rural areas are more
significant than that in major cities. The primary rea
son is that major cities have higher environmental
pressure than suburban and rural areas. This means
that much more actions are required in major cities to
decrease the environmental impacts of road infra
structure than in suburban and rural areas. Finally,
road impact on the vegetation is most sensitive at
the distance range from 0.5 km to 1 km around the
road. In comparison, road impact on the AOD is most
sensitive at the distance range from 1 km to 2 km
around the road.
Road transportation infrastructure also has signifi
cant impacts on the landscape dynamic. First, road
infrastructure has critical impacts on vegetation
dynamics. According to our study, in major cities,
roadside EVI is critically reduced due to dense roads,
high traffic volumes, and well-constructed service
facilities. Road density and traffic volumes lead to
the highest EVI decrease (−1.7%). In suburban and
rural areas, the roadside environment has improve
ments, with the increase of EVI. And suburban areas
have a higher increase of EVI than in rural areas.
Second, road infrastructure also has significant
impacts on the fragmentation of landscape, especially
in suburban and rural areas. The construction of road
infrastructure can create separation and barriers,
causing fragmentation of the landscapes and popula
tions (Jaarsma and Willems 2002). Areas with high
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demands of transport infrastructure have the highest
fragmented landscape units (Andrea et al. 2017). To
explore the environmental impact of roads, this study
uses roadside EVI as the proxy of vegetation. The
decrease in EVI might reveal the vegetation degrada
tion or the increase of other land cover types. The
latter reason can represent the increase of landscape
fragmentation while our result can’t fully prove it.
Further study can use land cover data to explore the
road impact on landscape fragmentation.
Road infrastructure performance is represented by
six variables in this study. Road density and road
connectivity are the direct indicators that characterize
road infrastructure performance. Road density reflects
the length of road construction, and road connectivity
demonstrates the capacity of the road (Damania et al.
2018). The interaction of the two factors with traffic
volume explains nearly 50% of the resident income. In
major cities, road density and connectivity have the
most significant positive impact on resident income.
But they threaten the roadside environment, with the
decrease of roadside EVI and increase of roadside
AOD. In suburban areas, the road-related income is
much lower than that in major cities. And the road
side environment has improved with the increase of
roadside EVI.
Traffic volumes are a good indicator of economic
vitality. They interact with other road variables to
provide a non-linear enhancement impact on the
local economy and the roadside environment. Traffic
volumes also imply the generation of vehicle emis
sions that can cause unavoidable AOD growth.
However, traffic volumes have a positive effect on
roadside vegetation in suburban and rural areas,
with the max increase of EVI is 0.013.
Services to facilities reflect the service perfor
mance of road infrastructure from a socio-economic
perspective. High accessibility can reduce commut
ing time and decreases congestion, thus reducing
emissions to some extent. Therefore, services to facil
ities lead to EVI growth in suburban and rural areas.
The highest increase of EVI (2.5%) appears in areas
with services to industries range from 64.4 km to
128 km. But in major cities, services to facilities
would threaten the roadside environment because
of more traffic volumes associated with denser facil
ities compared to suburban and rural areas, leading
to a large amount of exhaust gas. Besides, freight
transportation to ports includes many mineral fuels,
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oil, gas materials, which can bring pressure to the
roadside environment.
Current studies usually employed economic models
or time series analysis to explore the impact of trans
port infrastructure on the economy and the environ
ment, which failed to reveal the impact from the
perspective of spatial (Mohmand, Wang, and Saeed
2017). Besides, enough attention has not been paid to
discuss the trade-offs of the impact of the road on the
economy and the environment. The main contributions
of this study to road transportation research are as
follows. First, road performance and roadside environ
mental change were evaluated by geospatial data,
including POIs, population data, remote sensing data.
Service to facilities was represented by accessibility
using a network-based accessibility analysis method.
Second, spatial trade-offs between the impact of road
infrastructure on the economy and that on the roadside
environment were investigated using an OPGD model.
Third, the spatial difference of road impacts on the
economy and the local environment was explored
using mean risk values. To sum up, this study considers
the heterogeneity of the spatial distribution of trans
port infrastructure and uses a spatial analysis model to
reveal the impact of transportation infrastructure on
the local economy and the environment.
There are still shortcomings in this study. First, the
impact of road infrastructure performance on the econ
omy and environment may take some time to fully
manifest, but the long-time series analysis was not con
ducted in this study due to the limited available data.
Follow-up studies should combine spatial analysis meth
ods with a time analysis model to make a deeper analy
sis of the mechanism of the impact of transport
infrastructure on the economy and the environment.
In addition, spatial autocorrelation was not considered
when conducting a spatial analysis model. Future stu
dies should use a spatial model that combines spatial
heterogeneity and spatial autocorrelation to better
explain the impact of roads on the environment and
economy.

6. Conclusion
This study investigates the impacts of road transpor
tation infrastructure on the local economy and road
side environment using spatial heterogeneity
methods. The spatial disparities in trade-offs have
been assessed between road impacts on the
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economy and environment. Significant nonlinearity
and spatial disparities, such as urban-rural variations,
have been identified in the trade-offs. In general,
roadside EVI is decreased, and roadside AOD is criti
cally increased in major cities together with eco
nomic growth. However, in suburban and rural
areas, roadside EVI is increased, and the increase of
roadside AOD is much lower than that in major cities,
although the economic development is approximate
with that in major cities. Therefore, this study reveals
that the environmental pressure from road transpor
tation in major cities is much higher than that in
suburban and rural areas. Results show that the
effects of actions for improving both economic
growth and roadside environment in suburban and
rural areas are more significant than that in major
cities. The primary reason is that major cities have
higher environmental pressure than suburban and
rural areas. This means that much more actions are
required in major cities to decrease the environmen
tal impacts of road infrastructure than in suburban
and rural areas. This study contributes to a deep
understanding of the interaction between road infra
structure, economy, and environment and can also
guide the authorities to make strategic decisions for
sustainable infrastructure development.
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