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Abstract: Under rapid urbanization, many cities in China suffer from serious fine particulate matter
(PM2.5) pollution. As the emission sources or adsorption sinks, land use and the corresponding
landscape pattern unavoidably affect the concentration. However, the correlation varies with different
regions and scales, leaving a significant gap for urban planning. This study clarifies the correlation
with the aid of in situ and satellite-based spatial datasets over six urban agglomerations in China.
Two coverage and four landscape indices are adopted to represent land use and landscape pattern.
Specifically, the coverage indices include the area ratios of forest (F_PLAND) and built-up areas
(C_PLAND). The landscape indices refer to the perimeter-area fractal dimension index (PAFRAC),
interspersion and juxtaposition index (IJI), aggregation index (AI), Shannon’s diversity index (SHDI).
Then, the correlation between PM2.5 concentration with the selected indices are evaluated from
supporting the potential urban planning. Results show that the correlations are weak with the
in situ PM2.5 concentration, which are significant with the regional value. It means that land use
coverage and landscape pattern affect PM2.5 at a relatively large scale. Furthermore, regional PM2.5

concentration negatively correlate to F_PLAND and positively to C_PLAND (significance at p < 0.05),
indicating that forest helps to improve air quality, while built-up areas worsen the pollution. Finally,
the heterogeneous landscape presents positive correlation to the regional PM2.5 concentration in
most regions, except for the urban agglomeration with highly-developed urban (i.e., the Jing-Jin-Ji
and Chengdu-Chongqing urban agglomerations). It suggests that centralized urbanization would
be helpful for PM2.5 pollution controlling by reducing the emission sources in most regions. Based
on the results, the potential urban planning is proposed for controlling PM2.5 pollution for each
urban agglomeration.
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1. Introduction

Fine particulate matter (PM2.5), defined as the particles with aerodynamic diameter less than
2.5 µm, causes seriously adverse human health (i.e., respiratory infection, heart disease, and lung
cancer) [1–4]. Under rapid urbanization, PM2.5 pollution has become an extreme environmental and
social problem in many developing countries (particularly of China), causing millions of premature
mortalities [5–7]. To improve air quality, it calls for fully understanding in the physical mechanisms of
PM2.5 formulation and dispersion [8,9].

Several factors account for PM2.5 concentration dynamics, with the most important one refer to
the climate condition in the previous studies [10]. The direct explanation is that water-soluble species
of PM2.5 could be easily dissolved in water, resulting in a significant reduction in concentration in
rainfall conditions [11,12]. Wind is another important climate factor, which helps to disperse and
dilute PM2.5 concentration [13]. Observation experiments demonstrated that, PM2.5 would decrease by
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20–35% with wind velocity is higher than 2 m/s [14]. The latest research revealed that global warming
also plays a considerable effect with respect to PM2.5 concentration through the direct or indirect
radiative effects [15]. Essentially, climate condition answers the causes of PM2.5 dispersion. However,
it is still difficult to explain the mechanisms of formulation [16].

Anthropogenic emission sources or adsorption sinks, correlate to the land use change, determine
the formation and dissipation of PM2.5 [17–19]. Generally, resident, road and industry land in urban
are main emission sources of PM2.5 [20–22]. Meanwhile, crop combustion and coal heating in rural
play increasing contribution to regional PM2.5 concentration, particularly in North China [23,24].
By contrast, forest usually acts as the adsorption sink, which could significantly reduce the PM2.5

concentration [25–27]. Due to the effects above, PM2.5 concentration tends to present significant spatial
variability over different land use [28–30].

In addition to the types, limited numbers of researchers found that the spatial pattern of land
use, namely the landscape pattern, also strongly affects the PM2.5 concentration by determining the
distribution of emission sources and adsorption sinks. It is revealed that PM2.5 concentration would
reduce along roads because of the deposition of roadside trees [31,32]. It would also influence the
dispersion of PM2.5 by altering the local climate [33,34]. Furthermore, the area, number, centrality,
and fragmentation of the landscape patches would also strongly affect the PM2.5 concentration [35].
Landscape indices are usually used to quantify land use patterns, which provide a link between the
physical landscape structure and land use form, functionality and process [36–38]. The indices could
be further adopted to evaluate the influence of land use on environmental process. For example,
Wu et al. [39] investigated the impact of urban landscape pattern on PM2.5 pollution in Beijing.
Weber et al. [40] used the indices to explain the outdoor traffic-induced noise and PM10 patterns.
Due to the divergence between landscape elements, the effect of the landscape pattern is much more
complex when compared to that of land use types [41]. It would further result in various correlations
between landscape with geographical processes over different scales and regions [42,43]. Clarifying the
spatial correlation is essential for urban planning and air pollution control. However, relevant studies
are still rare and the spatial correlation remains unclear, leading to great difficulty for understanding
the physical mechanism of PM2.5 dynamics and supporting urban planning.

From the introduction above, it could be summarized that landscape would affect the PM2.5

concentration. However, the correlation remains unclear. This study aims to clarify the correlation
over different typical regions in China. Results of this study would help to understand the physical
mechanism of PM2.5 concentration, but also to support land use planning.

2. Materials and Methods

2.1. Study Area

In 2012, the Chinese government launched a National Plan on Air Pollution Control in Key
Regions during the 12th Five-Year Plan (2011–2015) that set out, for the first-time, strict targets and
measures to prevent and control air pollution in 13 key regions nationwide. The regions cover 14% of
the area, 48% of the population, and 71% of the GDP of China, with the unit emissions are 2.9–3.6 times
than that of the national mean. We selected six of them (Figure 1), including the Beijing-Tianjin-Hebei
(Jing-Jin-Ji) region, the Yangtze River Delta, the Pearl River Delta, the Changsha-Zhuzhou-Xiangtan
(Chang-Zhu-Tan), and the Chengdu-Chongqing and Guanzhong urban agglomerations, to investigate
the correlation between PM2.5 concentration and landscape pattern. The Jing-Jin-Ji region locates
113◦04′–119◦53′E and 36◦01′–42◦37′N, which covers 21.54 × 104 km2. PM2.5 concentration reaches
97 µg/m3 in 2013 in this region. The Yangtze River Delta is one of the most developed regions in
China. It covers about 21.17 × 104 km2 and is the largest estuary delta in China, with a population
of 75 million. With the rapid urbanization, the Yangtze River Delta experienced serious air pollution
in the last decades. The Pearl River Delta locates in the south of Guangdong province and covers
5.6 × 104 km2. The Chang-Zhu-Tan, Chengdu-Chongqing, and Guanzhong urban agglomerations are
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located in Central, Western, and Northern China with different pollution sources for PM2.5 emissions,
which helps to capture the spatial variability of PM2.5 and the corresponding driving factors.Remote Sens. 2017, 9, 918 3 of 19 
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2.2. Data and Pre-Processing

2.2.1. Land Use

Land use data is used to generate landscape pattern and evaluate the correlation with PM2.5

concentration. The data is obtained from the Geographical Information Monitoring Cloud Platform of
China [44] in 2013. Six classes and 26 sub-classes of land use types are classified in this dataset with a
spatial resolution of 30 m. Considering the dominant effects of land use on PM2.5, we re-classify the
types as farmland, forest, grassland, water, urban built-up, rural residential land, other built-up areas,
and barren land.

2.2.2. In Situ PM2.5 Concentration

The in situ PM2.5 concentration is available from the China National Urban Air Quality Real-Time
Publishing Platform Environmental Monitoring Center [45]. Hourly data is collected from 1 January
to 31 December 2013, with the error within ±1.5 mg/m3. All missing or invalid data were
removed, including the data of the same measurement repeatedly reported for several successive
hours, significantly larger measurements, or measurements with less than 20 records a day. The
quality-controlled data were then averaged in monthly and annual and prepared as the dependent
variable for the following evaluation.

2.2.3. Satellite-Retrieved AOD Data

The ground observation data is difficult to reflect the spatial pattern of PM2.5 concentration.
Additionally, we select the satellite-retrieved aerosol optical depth (AOD) data for estimating the
spatial PM2.5. The daily level 2 (L2) AOD products (Collection 5.1) (10 km) from Terra and Aqua



Remote Sens. 2017, 9, 918 4 of 20

MODIS (Moderate Resolution Imaging Spectroradiometer) were downloaded from the Atmospheric
Archive and Distribution System [46]. To eliminate the uncertainty originating from the product, only
the AOD data with the best quality assurance was employed. To reduce the negative influence of
cloud, we fitted a linear regression to combine the data sets of Terra AOD (MOD04) and the Aqua
AOD (MYD04). We used this regression to predict the missing AOD value (i.e., to predict MOD04
with the available MYD04, and vice versa), then MOD04 and MYD04 were averaged as the daily AOD
if both were available. Finally, all the remediated AODs were transformed to seasonal and annual
averages to improve the spatial coverage.

2.3. Methodologies

2.3.1. Estimation of Spatial PM2.5 Concentration

Numerous linear and non-linear models had been developed for PM2.5 concentration mapping.
The formers are represented by the land use regression (LUR) and geographically weighted regression
(GWR) models, which estimate PM2.5 concentration based on the linear correlation to the driving
factors [47,48]. The latter (i.e., the neural network model) simulates the concentration through the
complex interaction of the variables [49]. Though the non-linear model is physically explicit, the
model structure is complex and requires significant consuming of computational resources. Therefore,
the linear models had been widely used in PM2.5 concentration mapping. To evaluate the regional
correlation, we estimate the spatial PM2.5 concentration through the timely structure adaptive modeling
(TSAM) method [50]. It retrieves the spatial PM2.5 concentration with the aid of satellite-based AOD,
and geographic factors of emission (i.e., industrial smoke and dust, vehicle exhaust, surface dust, and
land use type) and dispersion (i.e., wind speed, relative humidity, elevation). The most advantage of
this method is that it dynamically adjusts both variables and magnitude of variables as time varying in
air pollution modeling based on the geographically weighted regression (GWR) algorithm. Therefore,
it can not only represent the day-to-day variation of the contributing strength of model predictors
establishing AOD-PM2.5 relationships, but can also reflect the spatial heterogeneity of contributing
predictors. The method had been already applied in China, with an accuracy of R2 = 0.80 and a root
mean square error (RMSE) is 22.75 µg/m3 [50]. The formulation of this method is as follow:

PM2.5gd = β0,gd + β1,gd AODgd + β2,gdTempgd_t + β3,gdRHgd_t
+β4,gdPSgd_t + β5,gdWSgd_t + β6,gdPEgd_t + β6,gdElegd_t

+β8,gdRoadLen−xx,g_t + β9,gdBuilt− upperc−xx,g_t + β10,gdForestpers−xx,g_t

+β11,gdGrasspers−xx,g_t + β12,gdWaterpers−xx,g_t + β13,gdPopg_t + εgd

(1)

where PM2.5gd is the daily ground-level PM2.5 concentration. The subscript of g and d refer to spatial
location and time; the flag of t indicates the variable is not regularly included in the finalized model,
it will be selected or not depending on the daily model performance (R2) of the step-wise regression;
AODgd stands the value of AOD at location g (e.g., a ground station or a fishnet cell) on day d, this
variable does not include a flag of t because it is the fundamental predictor of satellite based TSAM;
Tempgd_t, RHgd_t, PSgd_t, WSgd_t, and PEgd_t denote the meteorological data; Eleg_t is the elevation;
RoadLen-××, g_t, Builtupperc_××, g_t, Forestperc_××, g_t, Grassperc_××, gd_t, and Waterperc_××, gd_t are the total
road length, built-up area, forest area, grass area, and water area percentage with the best buffer scale
×× at cell g; Popg_t is the total population at cell g; β0,gd denotes the location-specific intercept at cell g
on day d; β1,gd ~β13, gd are the location-specific slopes at cell g on day d; and εgd is the error term at cell
g on day d.

2.3.2. Landscape Pattern Analysis

We adopt FRAGSTATS 4.2 to generate the metrics. As reported in previous researches [51],
we selected four metrics including perimeter-area fractal dimension index (PAFRAC) [52], interspersion
and juxtaposition index (IJI), aggregation index (AI), Shannon’s diversity index (SHDI). Specifically,
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the index of PAFRAC describes the fractal dimension of landscape, with low value means the small
and large patches alike have simple geometric shapes [52]. In other words, the low PAFRAC refers to
the condition that the patch perimeter increases relatively slowly as patch area increases. IJI isolates
the interspersion aspect of aggregation, which increases as patches tend to be more evenly interspersed
in a “salt and pepper” mixture. The AI is computed as a percentage based on the ratio of the observed
number of like adjacencies. The SHDI represents the amount of “information” per patch, which
increases as the number of different patch types increases and/or the proportional distribution of area
among patch types becomes more equitable through these indices above, the spatial pattern of land
use would be captured. Calculations of the indices are as follows:

PAFRAC =

2/

{[
ni

n
∑

j=1

(
ln pij· ln aij

)]
−
[(

n
∑

j=1
ln pij

)(
n
∑

j=1
ln aij

)]}
(

ni
n
∑

j=1
ln p2

ij

)
−
(

n
∑

j=1
ln pij

)2 (2)

where aij and pij are area (m2) perimeter (m) of patch ij, ni is the number of patches in the landscape of
patch type i.
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−
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(
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(100) (3)

where eik refers to total length (m) of edge in landscape between patch types i and k. m is the number
of types in the landscape.

AI =

[
m

∑
i=1

(
gij

maxgij

)
Pi

]
(100) (4)

where gij is the number of like adjacencies between pixels of patch type i and max gij is the maximum
value. Pi is the proportion of landscape comprised of patch type i.

SHDI = −
m

∑
i=1

(pi· ln pi) (5)

where pi is the proportion of the landscape occupied by patch type i.
In addition to the landscape indices, the coverage of forest (F_PLAND) and built-up area

(C_PLAND) are also selected for the analysis. Several sub-classes of built-up can be further divided,
which would play various effects to the PM2.5 concentration. Finally, the percentage of urban built-up
area (C1_PLAND), rural resident (C2_PLAND), and other built-up areas (C3_PLAND) are divided in
this study. Coverage can be calculated as:

PLAND =
Ai
A
× 100% (6)

where Ai and A are the area of patch i and the whole region.

2.3.3. Correlation between PM2.5 Concentration and Landscape

The correlation analysis method is used to evaluate the effects of landscape on PM2.5 concentration.
Two spatial scales, namely the in situ and regional grid, are adopted in this study. At the site scale,
landscape indices are firstly calculated within the buffers of 500 m, 1000 m, 3000 m, 4000 m, and 5000 m
of each in situ site. Then, the correlations between the indices and PM2.5 are evaluated. At the regional
scale, the landscape indices are calculated at each pixel of the TSAM-based spatial PM2.5 concentration
at 10 km resolution. Then the indices and PM2.5 concentration from all the pixels are used to examine
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the correlation. The correlation is quantified by the correlation coefficient (R), with the higher value
means stronger correlation.

3. Results

3.1. Land Use and Landscape Patterns

Figure 2 shows the spatial pattern of land use over the six urban agglomerations. Generally,
farmland and forest dominate the types, which cover more than 60% of the area of the regions.
The built-up areas are located in the center of all the urban agglomerations, which covers less than
10% of the total area. In the Jing-Jin-Ji region, farmland is mainly in the southeast, while forest is in
the northwest. In the Yangtze River Delta, land use presents significant centralization, represented
by farmland in the north and forests in the south. Land use in the Pearl River Delta is much more
heterogeneous, characterized by the built-up covers large area (8.01%) near to the sea and the forest
and farmland are around the city area. The condition of Chang-Zhu-Tan is similar to that of the Pearl
River Delta, with the significant mixture of farmland and forest. In the Chengdu-Chongqing and
Guanzhong urban agglomerations, farmland is located in the center, with forest around it.
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Correspondingly, the landscape patterns of the six urban agglomerations are shown in Figures 3–8.
The coverage indices are consistent with the land use pattern, while the conditions of landscape are
more complex. In the Jing-Jin-Ji region, landscape is more heterogeneous in north than that in the south,
represented by high values of PAFRAC, IJI, and SHDI in the north and high AI in the south. In the
Yangtze River Delta, PAFRAC, IJI, and AI are relative high, indicating the centralization of land use.
In the Pearl River Delta, the PAFRAC, IJI, and SHDI are high in the south, which is mainly attributed
to the high urbanization near to the seaboard. It presents a triangular pattern in the Chang-Zhu-Tan
urban agglomeration, caused by the high urbanization of Changsha, Zhuzhou, and Xiangtan. In the
Chengdu-Chongqing region, the centralization of urbanization results in high values of PAFRAC
and IJI around the basin, while AI is much higher in the central region. In the Guanzhong urban
agglomeration, multiple centers of urbanization could be observed, leading to the heterogeneous
pattern over the region. It can be seen that land use and landscape pattern are spatially variable, which
would play significant effects on the local or regional geographic process.
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3.2. Variation of PM2.5 Concentration

Based on the accurate TSAM-based results, we further investigate their correlations with the
landscape. Under the condition of land use and landscape patterns, the PM2.5 concentration present
significant spatial variability. Averaged in situ data show that the concentration is highest in
the Guanzhong (106.50 µg/m3) urban agglomeration, followed by the Jing-Jin-Ji (99.26 µg/m3),
Chang-Zhu-Tan (82.46 µg/m3), Chengdu-Chongqing (71.68 µg/m3), and the Yangtze River Delta
(68.76 µg/m3) regions, with the lowest concentration occurring in the Pearl River Delta (47.79 µg/m3).
The TSAM-based data is used for further capturing the spatial pattern of PM2.5 concentration at
resolution of 10 km (Figure 9). Specifically, the concentration increases from north to south in the
Jing-Jin-Ji region. In the Yangtze River Delta, the concentration is high in north, while it is low in the
south. PM2.5 is low in the Pearl River Delta, with the high concentration mainly located in the central
of the region. With respect to the Chang-Zhu-Tan urban agglomeration, three hotspots of the high
concentration could be identified in the urban area of the Changsha, Zhuzhou, and Xiangtan City. The
concentration is high in Chengdu City in the Chengdu-Chongqing region, and decreases from the
areas around the city. The condition of Guanzhong region is similar with that of Chengdu-Chongqing,
with a high concentration in the center and lower around it.
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3.3. Scale-Dependence of Landscape-PM2.5 Correlation over Different Regions

3.3.1. In Situ Scale

The spatial pattern of land use exerts significant effect on the PM2.5 concentration. We firstly
evaluated the effect in the in situ site. For this aim, PM2.5 concentration of all in situ sites and landscape
indices in 500 m, 1000 m, 3000 m, 4000 m, and 5000 m buffers are adopted to evaluate the correlation.
Table 1 presents the correlation in the six urban agglomerations. Generally, landscape indices weakly
correlate to the PM2.5 concentration in most regions, suggesting that the landscape pattern has a
relatively weak effect in these regions.
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Table 1. Correlation between landscape indices with PM2.5 at different buffers (500, 1000, 3000, 4000, and 5000 m) of the in situ site in the six urban agglomerations.

Region
(In-Situ Sites) Buffer (m) PAFRAC IJI SHDI AI F_PLAND C1_PLAND C2_PLAND C3_PLAND

Jing-Jin-JI
(80 sites)

500 −0.031 −0.158 −0.274 * 0.273 * −0.166 0.224 * 0.017 0.010
1000 −0.176 −0.251 * −0.270 * 0.261 * −0.18 0.244 * −0.039 0.039
3000 −0.336 ** −0.344 ** −0.351 ** 0.0390 ** −0.215 0.297 ** −0.049 −0.111
4000 −0.279 * −0.167 −0.348 ** 0.403 ** −0.267 * 0.320 ** −0.028 −0.095
5000 −0.100 −0.098 −0.311 ** 0.378 ** −0.308 ** 0.328 ** −0.002 −0.080

Yangtze River Delta
(162 sites)

500 −0.001 −0.053 −0.07 0.054 −0.114 0.115 −0.066 −0.017
1000 −0.049 −0.074 −0.121 0.05 −0.160 * 0.126 −0.079 0.005
3000 0.030 −0.019 −0.04 −0.023 −0.117 0.054 −0.021 −0.08
4000 0.036 −0.037 −0.012 −0.04 −0.097 −0.001 0.073 −0.108
5000 0.082 −0.071 −0.014 −0.05 −0.093 −0.032 0.118 −0.079

Pearl River Delta
(55 sites)

500 −0.031 −0.011 −0.139 0.048 −0.147 0.160 −0.192 −0.029
1000 −0.112 −0.206 −0.178 0.095 −0.290* 0.206 −0.211 −0.064
3000 −0.220 −0.115 −0.219 0.229 −0.421 ** 0.376 ** −0.223 −0.165
4000 0.015 −0.093 −0.245 0.216 −0.462 ** 0.423 ** −0.204 −0.212
5000 −0.149 −0.300 * −0.237 0.193 −0.479 ** 0.434 ** −0.213 −0.25

Chang-Zhu-Tan
(24 sites)

500 −0.112 0.087 0.044 0.088 −0.023 0.064 −0.245 0.006
1000 0.038 0.144 0.067 0.029 −0.123 0.049 −0.212 0.015
3000 −0.151 −0.026 −0.004 −0.105 −0.140 0.024 −0.120 −0.083
4000 0.201 −0.131 −0.148 −0.027 −0.127 0.074 −0.167 −0.151
5000 0.013 −0.124 −0.173 0.012 −0.182* 0.156* −0.316 −0.225

Chengdu-Chongqing
(53 sites)

500 −0.001 0.182 −0.026 0.122 −0.064 0.051 0.068 −0.164
1000 0.178 0.178 0.208 −0.131 −0.053 −0.017 0.184 −0.137
3000 0.091 0.180 0.202 −0.144 −0.272 * 0.006 0.129 −0.165
4000 0.139 0.106 0.202 −0.252 −0.299 * −0.025 0.027 −0.12
5000 0.139 0.106 0.202 −0.252 −0.299 * −0.025 0.027 −0.12

Guanzhong
(33 sites)

500 0.050 0.076 0.145 −0.024 −0.061 −0.110 0.095 −0.115
1000 0.098 0.034 0.259 −0.154 0.048 −0.170 0.034 −0.105
3000 0.215 0.014 0.199 −0.216 −0.106 −0.230 0.075 0.015
4000 0.093 −0.009 0.168 −0.193 −0.246 * −0.218 0.080 −0.036
5000 0.052 −0.141 0.122 −0.180 −0.262 * −0.226 * 0.066 −0.08

** Represents significance at p < 0.01, while * means p < 0.05.
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One exception can be found in the Jing-Jin-Ji region, which shows significant correlation between
PM2.5 concentration with landscape indices (significance at p < 0.05). Specifically, SHDI and F_PLAND
show a negative correlation, while AI and C1_PLAND show a positive correlation. The correlation
coefficient of SHDI and AI reach maximum at a distance of 4000 m to the in situ site, while those
of F_PLAND and C1_PLAND reach the maximum at a distance of 5000 m. This suggests that the
neighboring land use regulation has a potential influence on local PM2.5 concentration. Correlation
with F_PLAND and C1_PLAND are consistent with most previous studies, which revealed that forest
could help to improve the air quality, while the urbanization could worsen the pollution [20–22,25–27].
The new finding of this study refers to the negative correlation of SHDI and positive correlation of AI
in the Jing-Jin-Ji region. This suggests that a heterogeneous, rather than a homogeneous, landscape
would be more effective for mitigating the local PM2.5 concentration in th eJing-Jin-Ji region. Results
provide a useful way for evaluating the existing urban pattern and guiding further planning to mitigate
the PM2.5 pollution in the Jing-Jin-Ji region. As the most serious pollution area in China, several land
policies had been made and carried out to control the pollution (i.e., movement of the steel mills,
greenbelt program around the ring, etc.), which helps to control the air pollution effectively [53–55].
There are dozens of parks in the in the Jing-Jin-Ji region [56]. Based on the results of this study, we also
suggest enhancing the effects of parks with respect to numbers and locations.

Additionally, PM2.5 concentration shows increasing correlation with the F_PLAND and
C1_PLAND as the buffers increase (p < 0.01) in the Pearl River Delta. Urbanization in this region is
characterized by a “bottom-up” mode, which worsens the air pollution [57]. By contrast, afforestation
over the region would be an effective way to improve the air quality.

In the Chengdu-Chongqing urban agglomeration, only F_PLAND strongly correlates to the
PM2.5 concentration with a distance greater than 3000 m. Previous studies held the view that the
meteorological factors determine the dispersion of PM2.5 [58]. The results of this study show that forest
could also pose an unavoidable effect on the pollution, particularly at a large scale. Therefore, more
forest should be planted to improve the air quality.

Based on the results above, it can be concluded that the landscape pattern weakly correlates to in
situ PM2.5 concentration, while land use coverage has certain effects in some regions. Generally, the
coverage of built-up areas and forest present relatively strong correlation. Therefore, afforestation over
the region should be taken into consideration for controlling the local air pollution.

3.3.2. Regional Scale

In addition to the in situ site, we also investigate the correlation between landscape pattern and
regional PM2.5 concentration. Firstly, the landscape indices in each pixel (10 km) of TSAM-based PM2.5

concentration is calculated. Then the values of the indices and PM2.5 concentration from all the pixels
are used to calculated the correlation coefficients over the selected regions (Table 2). Results show that
the indices almost strongly correlate to the concentration at the regional scale (significance at p < 0.01).
This indicates that though landscape pattern present relative weak correlation to local PM2.5 pollution
(shown in Section 3.3.1), they would have a non-negligible effect on regional averaged concentration.
Generally, F_PLAND shows the most significant correlation, followed by C2_PLAND and C1_PLAND,
and IJI shows the weakest correlation. This indicates that the areas of land use would also have strong
effects on the regional PM2.5 concentration.
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Table 2. Correlation between the landscape with PM2.5 at 10 km resolution of six urban agglomerations.

Region (Pixels) PAFRAC IJI SHDI AI F_PLAND C1_PLAND C2_PLAND C3_PLAND

Jing-Jin-Ji
(2024 pixels) −0.174 ** −0.335 ** −0.262 ** 0.220 ** −0.642 ** 0.188 ** 0.613 ** 0.132 **

Yangtze River Delta
(2068 pixels) 0.218 ** 0.068 ** 0.205 ** −0.081 ** −0.807 ** 0.235 ** 0.555 ** 0.031

Pearl River Delta
(546 pixels) 0.413 ** 0.413 ** 0.442 ** 0.044 −0.386 ** 0.486 ** 0.204 ** 0.295 **

Chang-Zhu-Tan
(291 pixels) 0.347 ** 0.217 ** 0.466 ** −0.05 −0.283 ** 0.328 ** 0.190 ** 0.323 **

Chengdu-Chongqing
(2253 pixels) −0.065 ** 0.026 −0.175 ** 0.376 ** −0.567 ** 0.160 ** 0.412 ** 0.197 **

Guanzhong
(538 pixels) 0.228 ** 0.111 * 0.145 ** 0.419 ** −0.530 ** 0.227 ** 0.700 ** 0.216 **

** Represents significance at p < 0.01, while * means p < 0.05.

Another notable phenomenon is the sign of correlation in different regions. As expected, forest
helps to mitigate air pollution, resulting in a negative correlation of F_PLAND. The urban and rural
built-up areas worsen the pollution, leading to significantly positive correlations of C1_PLAND,
C2_PLAND, and C3_PLAND. The conditions of other indices are more complex. Specifically, PAFRAC,
SHDI, and IJI positively correlate to the concentration in most regions, except for the Jing-Jin-Ji and
Chengdu-Chongqing regions. This means that the heterogeneous land use trends tend to worsen
the total PM2.5 pollution in most regions. The main reason might be the “bottom-up” urbanization
in the Yangtze River Delta, the Pearl River Delta, the Chang-Zhu-Tan, and the Guanzhong regions.
The heterogeneous urbanization results numerous pollution sources, which emits massive PM2.5 [59,60].
In Jing-Jin-Ji and Chengdu-Chongqing regions, however, the urbanization is characterized by few
highly-developed metropolitans, resulting in relatively centralized pollution sources [61,62]. Under
this condition, the heterogeneous landscape might be helpful for the PM2.5 dispersion over the
regions [26,27,63]. The AI also positively correlates to the PM2.5 concentration in most regions, except
for the Yangtze River Delta and Chang-Zhu-Tan urban agglomerations. As shown in Figures 2 and 4,
several hotspots of the concentration could be identified in the two regions, which strongly correlate
to the spatial pattern of land use. Therefore, the aggregation of the urbanization would reduce the
emission sources, which would further help to control the air pollution of the total region.

3.3.3. Comparison of the Correlations at In Situ and Regional Scales

Correlations in Tables 1 and 2 reveal significant differences at in situ and regional scales.
To investigate the scale effect, this study then evaluates the correlation with aid of the selected
PM2.5 concentration and landscape indices from pixels where in situ sites located in (Table 3). It can be
seen that correlations in the selected pixels are stronger than those at in situ sites, while are weaker
than those at regional scale. This suggests that land use and landscape play more significant effects
on PM2.5 concentration with the increasing spatial scales. Signs of the correlation are more complex
in the Tables 1–3. Specifically, the signs of the selected pixels (Table 3) are similar to those of in situ
sites (Table 1) at regions of Jing-Jin-Ji, Yangtze River Delta, Pearl River Delta, while they are opposite
in Chengdu-Chongqing and Guanzhong urban agglomerations. By contrast, the signs are consistent
between the selected pixels (Table 3) and the whole region (Table 2) in the Chengdu-Chongqing
urban agglomeration, which are opposite in the Yangtze River Delta. As shown in Figures 3–8, the
Yangtze River Delta is characterized by “bottom-up” urbanization, while the Chengdu-Chongqing
urban agglomeration is centralized urbanization. Under the former condition, correlations of in situ
sites would be self-similar with those of the region. With respect to the centralized urbanization, the
landscape is quite different at local and regional scales, leading to various correlations across different
scales. The results above confirm that region-dependence, combined with the scale effect, strongly
affect the correlation between landscape and PM2.5 concentration.
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Table 3. Correlation between landscape with TSAM-based PM2.5 at the pixels with in situ sites.

Region (Pixels) PAFRAC IJI SHDI AI F_PLAND C1_PLAND C2_PLAND C3_PLAND

Jing-Jin-Ji −0.124 0.206 −0.348 ** 0.471 ** −0.438 ** 0.485 ** 0.284 0.433 **
Yangtze River Delta −0.189 −0.197 * −0.391 ** 0.332 ** −0.432 ** 0.341 ** 0.295 ** −0.196

Pearl River Delta 0.227 −0.166 −0.296 * 0.184 −0.549 ** 0.503 ** −0.266 0.010
Chang-Zhu-Tan −0.090 0.585 ** 0.394 0.027 −0.765 ** 0.079 0.219 0.172

Chengdu-Chongqing −0.283 0.070 −0.322 * 0.317 * −0.402 * 0.446 ** −0.129 −0.287 *
Guanzhong −0.408 * 0.029 −0.239 0.290 −0.568 ** 0.562 ** 0.045 −0.352

** Represents significance at p < 0.01, while * means p < 0.05.

4. Discussion

As described above, the landscape pattern presents a complex correlation to PM2.5 concentration.
Clarification of the correlation helps to capture the physical mechanism of the PM2.5 concentration
pattern, but it also helps to guide the urban planning and air pollution controlling.

The various correlations might be caused by the types of PM2.5 and corresponding emission
sources in different regions. In the Jing-Jin-Ji region, the PM2.5 concentration is dominated by the
quick secondary transformation of primary gaseous pollutants to secondary aerosols [64]. Fossil
fuel combustion and vehicle emissions produced abnormally high amount of nitric oxide (NOx),
resulting quick secondary transformation of coal-burning sulphur dioxide (SO2) to sulphate aerosols.
Furthermore, heterogeneous reactions on the surface of fine particles also promote the transformation
from gaseous pollutants to secondary aerosols. On the other hand, the geographical and meteorological
conditions lead to very unfavorable dispersions for PM2.5, which worsens the air pollution. Under this
condition, the heterogeneous land use (i.e., forest, build-up, road, etc.) could not only increases the
absorption sources over the region, but also decreases the emission in the hotspots and enhances the
dispersion. That means it would be an effective way to remove the centralized pollution sources for
improving the air quality. The successful case can be found in the 2008 Olympic Games in Beijing. The
Central People’s Government of China moves a great many polluting enterprises (i.e., the Capital Iron
and Steel Company) out of Beijing. Due to those efforts, the air pollutant emission reduces more than
50% than before [65]. Furthermore, afforestation in the Jing-Jin-Ji region (i.e., the Green Belt in Beijing)
had been confirmed as an effective way for controlling the PM2.5 pollution [66,67].

In the Yangtze River Delta, organic matter was the most abundant composition in PM2.5 (20–25% of
total mass), followed by the inorganic ions [68]. The concentrations of organic matter, nitrate-containing
particles (nitrate) and sulfate-containing particles (sulfate) increased significantly during the haze
events. Furthermore, the high carbon-containing particles concentration was strongly impacted by the
pollutants transported from surrounding cities [69]. Therefore, the heterogeneous land use means more
emission sources of pollution, which leads to the positive correlation with the PM2.5 concentration.
In other words, the centralization of industrial land would reduce the pollution emission sources,
which helps to control the PM2.5 pollution. Additionally, forests are mainly located in the Northern
Yangtze River Delta. The large coverage of forest would eliminate the PM2.5 concentration. The
centralization of forest would also compensate the high PM2.5 concentration originates from the
centralization industrial. In conclusion, the intensive development of industrial and forest land would
be effective for controlling the PM2.5 pollution.

Transportation and mobile vehicles are the two major PM2.5 sources in the Pearl River Delta,
contributing 62% and 21% of the total figure in December, and 42% and 28% in April. Another
important cause of high PM levels has been the transport of PM2.5 between cities [70]. It can be seen
that urbanization plays one of the controlling factors for air pollution in the Pearl River Delta, which
shows the most significant correlation compared to other regions of this study. Urbanization in the
Pearl River Delta is characterized by the “bottom-up” form, which leads to heterogeneous emission
sources over the region. Therefore, the polluted factories would be centralized developed in one or
two cities, rather than in all cities. Public transportation, instead of private cars, should be developed
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and encouraged to reduce the pollution emission. Furthermore, more trees should be planted around
the road to adsorb the PM2.5 pollution.

Coal combustion and vehicle emissions were two major sources of PM2.5 in the Chang-Zhu-Tan
region, which accounted for about 35% and nearly 26% of the concentration. In addition, industrial
emission, biomass burning, and urban dust are also significant sources. Additionally, the neighboring
cities (i.e., Yueyang and Pingxiang) also play a certain influence on the region’s PM2.5 formation [71].
Under this condition, PM2.5 concentration presents a significantly positive correlation to the
heterogeneous landscape indices (PAFRAC, IJI, and SHDI). To improve the air quality, it firstly needs
to monitor the coal combustion, pollution emission of key enterprises, vehicle exhaust, and road
dust. Then, the centralization of urban development should be taken into consideration to reduce the
pollution emission and PM2.5 transportation.

The condition of Chengdu-Chongqing urban agglomeration, represented by the negative
correlation between PM2.5 concentration and heterogeneous landscape, is similar to that of Jing-Jin-Ji
region. The agglomeration has two centralized metropolitan areas which emit mass amounts of air
pollution. Specifically, secondary inorganic aerosols, coal combustion, other industrial pollution, soil
dust, vehicular emission, and metallurgical industry are the main sources for the PM2.5, accounting
for 37.5%, 22.0%, 17.5%, 11.0%, 9.8%, and 2.2% of the total concentration [72]. Climate conditions,
particularly of low wind speed and high relative humidity, also are the controlling factors for PM2.5

concentration [73]. Under this condition, the centralization of urbanization means difficulty in the
dispersion of the pollution sources, which worsens the air quality. Therefore, it is an effective way to
develop satellite cities to improve the air quality. Furthermore, the project of afforestation (i.e., urban
greening) should be carried out to enhance the ability of PM2.5 absorption.

PM2.5 concentration strongly correlates to urbanization in the Guanzhong urban agglomeration.
Industries and residential activities dominated PM2.5 by about 83%. Energy production (mainly
coal combustion) is the predominant source of secondary nitrate, contributing 46%. Statistically, the
contributions of energy, industries, transportation, residential activities, dust, and other factors to PM2.5

total mass are 5%, 58%, 2%, 16%, 4%, and 15% in Xi’an during the extremely polluted months [74].
Furthermore, regional pollution from biomass burning raised the concentrations of secondary ions
while coal combustion was a strong influence during the winter episode [75]. Therefore, reduction of
industry emission is most important issue for air pollution controlling. As shown in Table 2, the AI
presents the most significant positive correlation. Therefore, it would be better to develop the suburban
areas to avoid the centralized emission of PM2.5.

Most previous studies revealed that climate dominates atmospheric dispersion conditions, which
strongly affects PM2.5 concentration [10–15]. The results of this study indicate that the interaction of
climate enhances the complexity of correlation between PM2.5 concentration and the landscape. In low
atmospheric dispersion conditions (i.e., low wind speed), PM2.5 concentration is more likely positively
correlates with centralization of landscape (i.e., the Jing-Jin-Ji region and Chengdu-Chongqing
urban agglomeration). That means the aggregated landscape enhances the centralized emission
of PM2.5, which tends to worsen the air pollution because of the low atmosphere self-purification
capacity [76,77]. By contrast, the climate conditions are characterized by high dispersion (i.e., the high
wind speed) in the Yangtze River Delta, the Pearl River Delta, the Chang-Zhu-Tan and Guanzhong
urban agglomerations. Under these conditions, heterogeneous land use (particular of the built-up
area) means the multi pollution sources, which strongly enhances the pollution transportation over the
whole regions. Therefore, more attention should be paid to the combined effect of climate and land
use for urban planning.

5. Conclusions

In this study, we evaluated the correlation between PM2.5 concentration with land use and
landscape patterns over six urban agglomerations in China. The results showed that both land use
and landscape indices weakly correlate to PM2.5 concentration at the in situ scale, while the strongly



Remote Sens. 2017, 9, 918 16 of 20

correlate to the concentration at the regional scale. This demonstrates that land use and landscape
would affect the PM2.5 at a large scale. Generally, F_PLAND shows the most significant correlation,
followed by C2_PLAND and C1_PLAND, and IJI shows the weakest correlation. This indicates that
the areas of land use, rather than their aggregations, play strong effects to the PM2.5 concentration.
F_PLAND shows negative correlation to the concentration, while C1_PLAND, C2_PLAND, and
C3_PLAND present positive. It demonstrates that forest also helps to mitigate the regional air pollution,
while urban and rural built-up worsen the pollution. PAFRAC, SHDI, and IJI positively correlate to
the concentration in most urban agglomerations, suggesting that the heterogeneous landscape tends
to worsen the PM2.5 pollution in most regions. That is because heterogeneous distribution of urban
pollution sources emits massive PM2.5 in the whole region. Therefore, more heterogeneous land use
would result in more serious air pollution.

Results of this study are very useful for urban planning and air pollution controlling. The first,
and possibly most effective way, is to plant more trees to absorb PM2.5. Correlation of the landscape
pattern is strongly affected by climate condition, which should be taken into consideration. Generally,
the heterogeneous pattern of urbanization is recommended in low atmospheric dispersion conditions
(i.e., the Jing-Jin-Ji region and Chengdu-Chongqing urban agglomeration), which would reduce the
centralized emission of PM2.5. The climate conditions are characterized by high atmospheric dispersion
in other regions of this study (the Yangtze River Delta, the Pearl River Delta, the Chang-Zhu-Tan, and
Guanzhong urban agglomerations). Under this condition, the aggregated urban pattern means fewer
emission sources, which would be diluted by atmospheric dispersion. Therefore, the homogeneous
land use (particular of the built-up areas) would be more suitable for these regions. Other factors, i.e.,
rural and traffic emission, are the important issues in urban planning that warrant greater attention to
be paid.

It could be concluded that the correlation between PM2.5 concentration with landscape pattern
varies with the spatial scales (site or regional) and the regions (six urban agglomerations). Therefore,
more attention should be paid to the spatial variability of the correlation when modeling PM2.5

concentration or in urban planning. Due to the collection of data, we investigated the correlation
in one year. Longer time series data should be collected and used to evaluate the correlation for
supporting the conclusion. Furthermore, though the adaptive land variables are used in the TSAM
model, it unavoidably contains certain auto-correlation between the modeled PM2.5 and landscape.
The non-linear physical models, therefore, would be developed for improving the reliability and
accuracy in our future studies.
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