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Abstract

The urban landscape pattern has critical effects on atmospheric particulate matter (PM) pollution. 
However, the effects may greatly differ with variations of the spatial scales and seasons, which remains 
poorly understood. This study established a multiple spatial scale analysis on the impact of the urban 
landscape pattern on PM pollution across different seasons in Nanchang, China, via regular and 
redundancy analysis (RDA). Six 2D and six 3D metrics were employed to characterize the landscape 
pattern with buffer radii of 100, 300, 600, 900, 1,200, 2,400, and 4,800 m centered at monitoring 
stations. Results showed that the effects of the urban landscape pattern on PM pollution have significant 
seasonal differences and spatial scale effects. Urban landscape pattern has a stronger influence on PM 
pollution in fall and winter than in spring and summer. The explanatory ability of selected metrics on 
PM concentrations first increased, then decreased, and finally increased as the scales increased, and 
the highest accumulated explanatory ability was observed at the 900 m scale. At smaller scales (buffer 
radii ≤ 900 m), the ability of 3D metrics was stronger than 2D metrics to explain the PM changes, and 
at larger scales (buffer radii ≥ 1,200 m), the 2D metrics were more explanatory. Percentage of building 
landscape (PLAND) and patch cohesion index (COHESION) were the key 2D metrics affecting PM 
pollution, and spatial congestion degree (SCD) and landscape enclosing degree (LED) were the key 
3D metrics. The results provide important implications in urban planning for effective PM pollution 
mitigation.
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Introduction

The rapid urbanization of China in the past decades 
has brought great economic prosperity, and people’s 
living standards have been significantly improved. 
However, along with large numbers of people migrating 
into the urban areas, the cities have suffered from 
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various urbanization-induced ecological environment 
problems, e.g., air pollution, resource shortages, and 
traffic congestion. Air pollution, which is one of the 
leading five pathogenic factors, takes responsibility for 
more than five million global deaths per year based on 
the Global Burden of Disease Study in 2019 [1-3]. As 
a typical air pollutant, inhalable atmospheric particulate 
matter (PM) would reduce atmospheric visibility and 
worsen the air quality, subsequently resulting in serious 
respiratory, pulmonary, and cardiovascular diseases [4, 
5]. Since 2013, the Chinese government has announced 
a variety of measures to control PM pollution, which 
have stopped the worsening trend of air quality in most 
cities. However, efforts devoted to further mitigating PM 
pollution are still urgently needed since PM2.5 and PM10 
concentrations in most cities still exceed the 35 µg/m3 
and 70 µg/m3 threshold of World Health Organization 
Interim Target 1 (WHO IT-1). 

Numerous studies have shown that the urban 
landscape pattern, including landscape composition and 
landscape spatial configuration, has a great impact on 
PM pollution [6-9]. Generally, different urban landscape 
components will act as the pollution source or pollution 
sink to increase or decrease the PM concentrations 
directly. For instance, the higher the percentage of 
impermeable surfaces in cities, the more serious the 
PM pollution, which is like a source component; and 
the higher the percentage of green-blue space in cities, 
the better the air quality, which can be regarded as a 
sink component. The effect of urban landscape spatial 
configuration on PM pollution may be indirect, referring 
to urban landscape configuration changing the PM 
concentrations through altering the local microclimate, 
including wind speed and direction, temperature, and 
humidity, which are critical influencing factors for 
PM pollution transport and dispersion [10]. Therefore, 
clarifying the “urban landscape pattern-PM pollution” 
relationship can provide important implications in 
landscape optimization strategy for effective PM 
pollution mitigation and sustainable urban development 
[11, 12]. 

The impacts of the urban landscape pattern on PM 
pollution are complex, and their relationship may depend 
on seasons and spatial scales [6, 7, 12]. The spatial scale 
refers to different areal extent. In the past decades, 
research on the “landscape pattern-air pollution” 
relationship has been conducted on the urban scale [8, 
13], urban agglomeration scale [11, 14], and national 
scale [6, 15]. However, few studies have been conducted 
on the intra-urban scale [7, 16], and consensus on 
which spatial scale urban landscape pattern impacts air 
pollution most has not been reached yet. In particular, 
most existing studies employ the annual average PM 
concentrations or PM concentrations at another single 
time scale when studying the relationship between 
the urban landscape pattern and PM pollution [17, 18]. 
Considering significant seasonal variations exist in the 
PM concentrations, the effects of the urban landscape 

pattern on PM pollution may also be season-dependent 
[19]. 

Early research usually adopted 2D landscape metrics 
to quantify the urban landscape pattern [20]. With the 
development of urbanization and aero photography and 
remote sensing technologies over the years, many 3D 
metrics have been established from a totally new view or 
based on traditional 2D metrics and increasingly applied 
to depict the horizontal and vertical characteristics of 
urban landscapes [8, 21, 22]. Experiments simulating 
high-density urban areas through ideal models have 
verified that 3D urban landscape patterns can exert a 
significant influence on air pollution [23-25]. However, 
whether 2D or 3D urban landscape characteristics 
have a greater impact on air pollution at the urban 
scale remains controversial. Some studies thought 
2D characteristics are the determining factors of 
anthropogenic activity on air pollution, while others 
reported that 3D characteristics could better account 
for air quality variability [17, 22]. Further research is 
needed to support these conclusions.

Therefore, this study attempted to investigate the 
associations between 2D/3D landscape patterns and PM 
pollution at multiple intra-urban scales, and the variation 
in relationships across four seasons was also explored. 
Nanchang, a representative city in central China, was 
chosen as the study area. PM2.5 and PM10 were adopted 
as typical PM pollutants. Twelve 2D/3D landscape 
pattern metrics were extracted from 22 air quality 
monitoring stations with buffer radii of 100, 300, 600, 
900, 1,200, 2,400, and 4,800 m (i.e., buffer scales). The 
study specifically aimed to: (1) analyze the variability 
of 2D/3D landscape pattern characteristics at multiple 
scales in Nanchang; (2) explore the relative importance 
of 2D and 3D landscape pattern characteristics in PM 
pollution mitigation; and (3) quantitatively analyze the 
influence of landscape pattern on PM pollution across 
different scales and seasons.

Materials and Methods

Study Area

Nanchang, located on the bank of Poyang Lake in 
central China, is the capital city of Jiangxi Province. 
Nanchang experiences the subtropical monsoon climate, 
the average annual precipitation and temperature range 
of which are 1,600 mm to 1,700 mm and 17℃ to 17.7℃. 
This city has undergone expansive urbanization and 
has suffered from severe PM pollution in recent years. 
The proportion of the urban population had grown from 
65.71% in 2010 to 75.16% in 2019. Construction has been 
frequently projected here, and plenty of high buildings 
have been built, forming the complex 3D landscape 
pattern. The average annual concentrations of PM10 and 
PM2.5 were respectively 116 μg/m3 and 69 μg/m3 in 2013. 
After years of atmospheric environment control, those 
values declined to 74 μg/m3 and 36 μg/m3 in 2019, which 
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still overstepped Level II of the National Ambient Air 
Quality Standard (NAAQS) in GB3095–2012 [26]. To 
record the hourly ground-level data of air pollutants, 
Nanchang has established 24 air quality monitoring 
stations, including 9 national and 15 provincial ones 
(Fig. 1). The recording processes obey the national 
measurement standards.

Data Acquisition and Processing

Three kinds of data, including PM concentrations, 
land use, and building information around monitoring 
stations, were involved in this study:

• PM concentrations data. Daily data in 2019 
were acquired from the Nanchang Environmental 
Monitor Center. A year was split into spring (March to 
May), summer (June to August), autumn (September 
to November), and winter (December to February). 
Monitoring stations with 25 or more records per 
month (23 records in February) were adopted for the 
calculation of monthly and seasonal average PM2.5 and 
PM10 concentrations. Hence, 22 of the 24 monitoring 
stations were finally selected because of missing values 
(S18 and S24 were excluded).

• Land use data. The data at 30 m resolution were 
obtained from Global Geographic Information Bulletin 
products (http://www.globallandcover.com/). The study 
area was divided into 7 land use/land cover types, 
including farmland, forest land, grassland, wetland, 
water body, artificial surface, and bare land. The 
Kappa coefficient and the overall data accuracy were 
0.82 and 85.72%, respectively. Based on the landscape 
information, the 2D landscape pattern metrics could be 

calculated around the monitoring stations with specific 
buffer zones by using FRAGSTATS 4.2.

• Building information. The main building 
information, such as building contour and height, was 
extracted from the AutoNavi Map (http://lbs.amap.
com/) in 2018. Based on the building information, the 
3D landscape pattern metrics could be calculated around 
the monitoring stations with specific buffer zones by 
using the spatial analysis software ArcGIS10.2.

Calculation of 2D/3D Landscape Pattern 
Metrics in Circular Buffer Zones

Landscape metrics that condense the composition 
and configuration information of landscapes are 
commonly adopted to describe the landscape pattern [27, 
28]. Generally, the landscape composition metrics (e.g., 
percentage of building patch (PLAND)) can directly 
affect PM pollution [29]; the landscape configuration 
metrics (e.g., patch density (PD)) can indirectly affect 
PM pollution by air circulation and air pollutants 
diffusion [18]. This study measured the landscape 
pattern with twelve 2D and 3D metrics, the formulas 
of which are shown in Table 1. These metrics were 
extracted with buffer radii of 100, 300, 600, 900, 1,200, 
2,400, and 4,800 m centered at monitoring stations, 
and then the relative importance of these metrics in PM 
concentration mitigation can be analyzed.

2D metrics are the earliest and most widely used 
metrics that have been used to quantify the landscape 
pattern [30]. This study employed six 2D metrics, 
including PLAND, PD, largest patch index (LPI), 
landscape shape index (LSI), building patch cohesion 
index (COHESION), and building aggregation index 

Fig. 1. Distribution of air monitoring stations in Nanchang.
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(AI), to measure the 2D landscape pattern. The building 
PLAND can directly affect the PM concentrations. The 
LSI represents the complexity of urban shape, in which 
the higher LSI indicates the more complex urban shape. 
The PD and LPI describe the degree of landscape pattern 
fragmentation, while AI and COHESION refer to the 
degree of landscape pattern aggregation. These four 
metrics may positively or negatively affect the diffusion 
of air pollutants [31]. FRAGSTATS 4.2 was used for 
the computation of 2D landscape pattern metrics, and 
for more software details and metrics sources, see the 
FRAGSTATS user manual.

For the selection of 3D metrics, those typical metrics 
proven to be influential on urban environments [7, 
32], including building height range (BHR), building 
average height (BAH), building average volume (BAV), 
spatial congestion degree (SCD), building volume 
density (BVD), and landscape enclosing degree (LED), 

were employed in this study. Among these 3D metrics, 
building height-related metrics are the most widely used 
and can greatly affect the wind field in urban canopy 
[33]. Building density-related metrics (e.g., BVD, SCD, 
and LED) have a substantial effect on the heat capacity 
and wind field of urban environments, as well as on air 
pollutant transportation. The BAV reflects the building 
volume, energy consumption, and so on, and it may also 
influence the PM concentrations through temperature 
and wind change. Notably, the commonly used sky view 
factor (SVF) that regulates the incoming ventilation and 
solar energy from the canopy layer [34] was not chosen 
due to data inaccessibility. All the 3D metrics were 
obtained with the spatial analysis software ArcGIS10.2.

Class Variable Name Abbreviation Formula Description

2D

Percentage of building 
landscape PLAND 

ai is the area of building patch i, and 
A is the area of buffer zones (the 

same as below)

Patch density PD n is the number of building patches

Largest patch index LPI max(ai) is the largest ai in area

Landscape shape index LSI 

E is the total length of building 
landscape edge  according to the 

number of cell surfaces, and min E is 
the shortest E in length

Patch cohesion index COHESION 
*

aij
* is the area of patch ij; Pij

* is the 
perimeter of patch ij according to the 
number of cell surfaces; Z is the total 

number of cells in landscape

Aggregation index AI 

gii is the number of like adjacencies 
and joins between pixels of 

buildings, and max→gii is the 
maximum gii in number

3D

Building average height BAH Hi is the height of building i, and n 
here is the number of buildings

Building height range BHR
Hmax and Hmin are the maximum and 
minimum values of Hi in height in 

the buffer area

Building average volume BAV

Vi is the volume of building i, and 
volume is the multiplication of 

footprint and height
Spatial congestion degree SCD

Building volume density BVD

Landscape enclosing degree LED
 is the length of buildings on the 

outside of the buffer area, and is 
the perimeter of the buffer area

Table 1. 2D and 3D landscape pattern metrics used in the study.
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Statistical Analysis

Several statistical analysis methods were employed 
in the study. First, the Kolmogorov–Smirnov (K-
S) test was used to test the normality of PM2.5/PM10 
concentrations in each monitoring station. Then, the 
independent sample t-test was adopted to test the 
seasonal variations in PM2.5/PM10 concentrations among 
different monitoring stations. The one-way analysis 
of variance (ANOVA) was adopted to determine the 
PM2.5/PM10 differences among 22 monitoring stations. 
Redundancy analysis (RDA) is a method generally 
used to study the relationship between landscape 
metrics and environmental factors. RDA assumes that 
the relationship between the explanatory variables and 
explained variables is linear and can be regarded as 
an extension of principal analysis since the canonical 
ordination vectors are linear combinations of the 
explanatory variables. In the RDA biplots, the arrows 
represent the explanatory variables and explained 
variables. If the arrows of two variables point in 
the same direction, the relationship between them 
is positive, and the angle between the two variable 
arrows is inversely proportional to the degree of their 
relationship. The length of the arrow can be regarded 
as a mutual similarity of contributions [35, 36]. Before 
employing RDA, the detrended correspondence analysis 
(DCA) was utilized to analyze the PM data. In this study, 
the DCA results showed that the longest gradient of the 
four ordination axes was all less than 3, confirming 
the suitability of the linear RDA model. The RDA 
operation was performed twice to avoid collinearity 
among landscape pattern metrics. The regular analysis 
was operated on SPSS 21.0 (IBM Company, USA), and 

the RDA analysis was performed on CANOCO 5.0 
(Microcomputer Power Company, USA).

Results

Spatial and Seasonal Variation of PM Pollution

The independent sample t-test (p<0.01) showed that 
PM pollution had evident seasonal variations in most 
seasons, except for PM10 in spring and autumn (Table 
2). Suitable t-test results were selected according to the 
homogeneity of variance. The boxplots further exhibited 
consistent seasonal variations, in which summer 
observed the lowest concentrations, whereas winter 
observed the highest ones (Fig. 2). PM pollution in 
winter was more severe than in other seasons, in which 
the average PM2.5 and PM10 concentrations reached 
51.44 and 85.33 µg/m3, respectively. The values in other 
seasons were 37.37 and 86.09 µg/m3 in autumn, 35.49 
and 77.71 µg/m3 in spring, and 22.12 and 54.70 µg/m3 in 
summer.

The one-way ANOVA showed that PM pollution had 
noticeable spatial changes across all seasons (p<0.05). 
The core areas generally had higher seasonally mean 
concentrations than the perimeter zones. The highest 
PM2.5 concentration was observed at S3 (71.52 µg/m3) 
and PM10 concentration at S7 (111.91 µg/m3) in winter; 
the lowest PM2.5 concentration was observed at S10 
(10.17 µg/m3) and PM10 concentration at S19 (35.25 µg/
m3) in summer. For all the monitoring stations in four 
seasons, PM concentrations overtopped the NAAQS 
Level I, which was set at 15 µg/m3 for PM2.5 and 40 
µg/m3 for PM10. In all seasons except summer, the PM 

Variables Seasons
Levene’s test for the equation 

of variance Suitable t-test results

F p t df p

PM2.5

Spring-summer 252.77 0.00 29.34 3421.18 0.00 

Spring-autumn 17.52 0.00 -3.66 3906.35 0.00 

Spring-winter 441.48 0.00 -21.45 3155.04 0.00 

Summer-autumn 154.60 0.00 -36.18 3627.19 0.00 

Summer-winter 1173.53 0.00 -42.85 2501.38 0.00 

Autumn-winter 619.51 0.00 -19.47 2938.61 0.00 

PM10

Spring-summer 291.74 0.00 26.64 3534.28 0.00 

Spring-autumn 0.71 0.40 -7.88 3949.65 0.00 

Spring-winter 338.66 0.00 -5.67 3286.52 0.00 

Summer-autumn 183.75 0.00 -34.27 3384.90 0.00 

Summer-winter 1053.31 0.00 -25.26 2649.56 0.00 

Autumn-winter 308.28 0.00 0.61 3441.14 0.54 

Table 2. Seasonal differences of PM pollution via the independent sample t-test.
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pollution exceeded the NAAQS Level II, which was set 
at 35 µg/m3 for PM2.5 and 70 µg/m3 for PM10.

Differences in Landscape Pattern Metrics 
within Distinct Buffer Scales

The spatial variability of 2D metrics at distinct 
buffer scales around the monitoring stations is shown 
in Fig. 3. The PLAND located in central areas were 
generally larger than those in perimeter zones. Most 
of the maximum PLANDs were observed at the 100 m 
scale. PLAND varied slightly within the 600 m radius 
and decreased with the increase in scales when the 
radius was higher than 600 m (Fig. 3a)). Likewise, the 
LPI values in central areas were larger than those in 
perimeter zones, the values decreased with the increase 
in scales (Fig. 3c)). The PD and LSI showed greater scale 
effect than other metrics. The PD declined quickly with 
the rise in scales, and its value at the 100 m scale was 
apparently greater than that at the other scales (Fig. 3b)). 
Inversely, the LSI increased rapidly with the increase in 
scales, and the maximum LSI was found at the 4,800 
m scale (Fig. 3d)). The spatial variability degrees of 
COHESION and AI were small, and their scale effects 
were insignificant (Fig. 3c) and 3d)).

All the 3D landscape pattern metrics at different 
buffer scales around the 22 monitoring stations showed 
an obvious spatial differentiation from the center to the 
outside (Fig. 4). BAH, SCD, BVD, and LED had the 
largest spatial variability. The maximum values were 
always observed in central areas, whereas low values 
were observed in perimeter zones. The spatial variability 
of BAV was lower than that of BAH, SCD, BVD, and 
LED, and BHR had the least spatial variability. All 
the 3D landscape pattern metrics presented obvious 
spatial scale effects. BHR increased with the increase 
in scales (Fig. 4b)). For most of the monitoring stations, 
the maximum BHR was observed at the 4,800 m scale. 
Conversely, SCD decreased with the increase in scales 
(Fig. 4d)), and the maximum SCD (i.e., 22%) was 
observed at the 100 m scale around S19. BAH and BAV 
had similar scale effects, and these parameters increased 
with the increase in scales when the buffer zones radii 
≤ 600 m and decreased with the increase in scales 
when the buffer zones radii ≥ 900 m. The maximum 
BAH of 108 m and maximum BAV of 98,521 m3 were 
observed at the 100 m scale around S14. For most of the 
monitoring stations, LED and BVD increased as the 
buffer radii increased when radii ≤ 900 m, while they 
decreased when radii ≥ 1,200 m.

Effects of Landscape Pattern 
Metrics on PM Pollution

The RDA results showed the effects of landscape 
pattern metrics on PM pollution at distinct buffer scales 
in four seasons (Table 3 and Fig. 5). At most scales, the 
selected metrics explained that autumn and winter had 
higher PM variations than spring and summer. In winter, 

when there were the highest PM concentrations, the 
most important explanatory variables were COHESION 
(36.7%) at 100 m scale, COHESION (21.30%) at 300 
m scale, LED (20.50%) at 600 m scale, AI (15.50%) at 
900 m scale, PD (19.20%) at 1,200 m scale, PLAND 
(20.00%) at 2,400 m scale and PLAND (49.60%) at 
4,800 m buffer scale, and most of these parameters were 
2D landscape pattern metrics. In summer, when there 
were the lowest PM concentrations, the most important 
explanatory variables were BAV (32.3%) at 100 m scale, 
BVD (23.5%) at 300 m scale, LED (28.90%) at 600 
m scale, LED (27.3%) at 900 m scale, LPI (20.6%) at 
1,200 m scale, BVD (20.7%) at 2,400 m scale and LED 
(26.6%) at 4,800 m buffer scale (Table 3), and most of 
these parameters were 3D landscape pattern metrics. It 
can be concluded that the relative importance of metrics 
varied with seasons in 2D and 3D perspective. When 
the PM concentrations were higher, the 2D landscape 
pattern metrics showed a stronger association with PM 
concentrations, such as PLAND and COHESION; when 
the PM concentrations were lower, the 3D landscape 
pattern metrics showed a stronger association with PM 
concentrations, such as LED and SCD. 

The RDA results also demonstrated obvious spatial 
differences in the effects of the landscape pattern on 
PM pollution. The total explanatory ability of 2D/3D 
metrics exhibited consistent scale variations in four 
seasons, in which the values first increased, then 
declined, and finally increased as the scales enlarged. 
The explanatory values ranged from 79% to 32.4%. 
The highest accumulated explanatory was found at 900 
m scale across four seasons. At 900 m scale, the most 
significant explanatory variables were SCD (24.7%), 
LED (27.3%), PD (19.9%), and AI (15.5%) in spring to 
winter, respectively. At larger scales (2,400 m and 4,800 
m scales), the PLAND of 2D landscape pattern metrics 
was the most important explanatory variable. At smaller 
scales (100, 300, and 600 m scales), the explanatory 
ability of 3D metrics such as LED and SCD was greater 
than that of 2D metrics.

Since the minimum and maximum PM 
concentrations were observed in summer and winter, the 
RDA biplots were chosen for further analysis (Fig. 6 and 
Fig. 7). When PM concentrations were higher or at larger 
scales, the most important 2D explanatory variable, 
PLAND, was positively associated with PM2.5 and PM10 
at multiple scales in summer and winter. When PM 
concentrations were lower or at smaller scales, the most 
important 3D explanatory variable, LED, was positively 
associated with PM2.5 at all scales in both summer and 
winter, but it was often negatively associated with PM10 
in summer. Generally, COHESION was negatively 
associated with PM concentrations when the PM 
concentrations are higher in winter, while positively 
associated with PM concentrations at all scales when 
the PM concentrations are lower in summer. SCD and 
BVD were positively associated with PM2.5 at all scales 
in both summer and winter, while negatively associated 
with PM10 at all scales in both summer and winter. 
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Discussion

Influence of Seasonal Changes

Existing studies have demonstrated that the influence 
of the urban landscape pattern on air quality varies 
seasonally [31, 37-39]. Similar observations were found 

in this work, the selected landscape pattern metrics in 
autumn and winter explained higher PM variations 
than that in spring and summer. Distinct meteorological 
conditions in different seasons may be the crucial factors 
[19]. Generally, regional precipitation, monsoon, wind, 
relative humidity, and other meteorological factors can 
affect the PM concentrations [40, 41]. In spring and 

Fig. 3. The 2D landscape pattern metrics with buffer scales of 100, 300, 600, 900, 1,200, 2,400, and 4,800 m around monitoring stations 
in Nanchang: a) PLAND; b) PD; c) LPI; d) LSI; e) COHESION; and f) AI.
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summer, the strong Asian monsoon in Nanchang results 
in abundant precipitation, speeding up the airflow and 
removing air pollutants [42]. In autumn and winter, 
the dissipation of PM pollution is greatly hindered by 
the inversion of the temperature gradient, and the low 
velocity of wind conditions is adverse for the diffusion 
of air pollutants [43]. 

Although an agreement about the impact of the 
urban landscape pattern on PM pollution differs with 
the season has been reached, controversies still exist. 
Liu et al. conducted a study of 83 major Chinese cities 
and found that landscape patterns in spring and summer 
were more significantly linked with air quality levels 
than those in fall and winter [31]. Shi et al. studied 279 

Fig. 4. The 3D landscape pattern metrics with buffer scales of 100, 300, 600, 900, 1,200, 2,400, and 4,800 m around monitoring stations 
in Nanchang: a) BAH; b) BHR; c) BAV; d) SCD; e) BVD; f) LED.
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Chinese cities and suggested that the results would be 
more productive if spring and winter data were used 
instead of summer and autumn data [39]. Cao et al. 
recommended spring and autumn more than summer 
and winter, according to their research in Beijing [7]. 
The result of our study showed autumn and winter 
explained higher PM variations than spring and summer. 
These controversies may be attributed to different study 
areas or PM data. Since the meteorological conditions 
in summer and winter would greatly affect the PM 
concentrations, which may weaken the influence of the 
urban landscape pattern on PM pollution, it is more 
scientific to study the relationship under relatively 
consistent macro meteorological conditions. Thus, we 
insist that the result will be more credible if spring and 
autumn data are used instead of summer and winter 
data when exploring the “urban landscape pattern-air 
pollution” relationship.

Moreover, this study added to the limited literature 
on seasonal comparisons of the relative importance of 
landscape pattern metrics on PM concentrations. To the 
best of our knowledge, Cao et al. probably made the 
only relevant work. They found that the relationship 
between landscape pattern and environment depended 
on the season greatly and that building height indicators 
were positively associated with PM2.5 concentrations 
only in spring and autumn [7]. Our work presented 
that the relative importance varied with seasons for 
2D and 3D metrics. The 2D metrics, such as PLAND 
and COHESION, had the stronger explanatory ability 
in autumn and winter when there were usually high 
PM concentrations, while the 3D metrics, such as 
LED and SCD, had the stronger explanatory ability in 
spring and summer when there were usually low PM 
concentrations. To sum up, the urban landscape pattern-
air pollution relationship has not been well understood 
when considering seasonal change, and more research 
should be conducted to explore their relationship further.

Influence of Spatial Scales

Seven buffer radii 100, 300, 600, 900, 1,200, 2,400, 
and 4,800 m were created to further distinguish the 
scale effects of landscape pattern on PM concentrations 
variation, and the setting of buffer scales learned from 
some representative landscape-related approaches [16, 
26, 44-46]. This work demonstrated that the explanatory 
ability of metrics on PM concentrations tended to first 
increase, then decline, and finally increase as scales 
enlarge. The metrics explained that the PM concentration 
variation was best at the 900 m buffer scale. Previous 
“landscape pattern–air pollution” relationship works 
seldom involve the research of scale effects. Shi et al. 
adopted buffers with radii of 50, 100, 200, 300, 400, and 
500 m in Hong Kong but did not refer to the optimal 
scale [45]. Huang et al. considered a narrow buffer 
range (25, 50, 75, 100, 150, and 200 m) in Shanghai, 
and the scale of 100 m was finally determined [16]. The 
disagreement on an optimal scale is very likely related 
to the selected landscape pattern metrics since the 
physical basis of pollution dispersion and diffusion can 
result in distinct buffer widths of various morphological 
metrics [46-49].

In comparison with existing studies that examined 
intra-urban air pollution variability at a single spatial 
scale or fixed grids with specific resolution [17, 50], the 
present study showed that the explanatory ability of 2D 
metrics on PM concentrations was less than that of 3D 
metrics at small scales (100, 300 and 600 m scales), 
which were supported by many existing findings. For 
instance, Ke et al. found that the explanatory ability 
of 3D landscape pattern metrics outperformed that 
of the 2D metrics in Hangzhou [17]. Cao et al. found 
that PM2.5 concentrations in Beijing are significantly 
and positively related with BVD and building height 
density (BHD) at 100 and 200 m scales but not at the 
500 and 1,000 m scales [7]. Although the study areas 

Fig. 5. The explanatory ability of landscape pattern metrics on PM pollution at different buffer scales across four seasons.
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and selected landscape pattern metrics were different, 
these studies agreed that at small scales, the effects of 
3D metrics on PM pollution were higher than those of 
2D metrics. It’s worthwhile to note that coordination 
and correspondence need to be maintained between 
the selection of urban morphological metrics and the 
spatial scale. Maybe the priority scales for exploring the 

relationship between air pollution and 3D metrics could 
be controlled within 1,000 m.

Implications for Urban Planning

The “landscape pattern–air pollution” relationship 
studies provide valuable and practical insights for 
urbanists who are committed to PM mitigation. Given 

Seasons Scales

Explained variation (%) Total 
explained 
variance 

(%)

Key landscape pattern metrics 
(contribution%)Axis 1 Axis 2 Axis 3 Axis 4

Spring 

100 m 30.71 13.61 51.66 4.02 44.3 PLAND(32.8), BHR(14.1), 
COHESION(12.8)

300 m 26.16 9.81 55.5 8.53 36 PLAND(19.4), BAV(11.7), AI(11.1)

600 m 34.33 5.84 47.97 11.86 40.2 SCD(27.5), BAV(12.8), LED(11.5)

900 m 47.73 13.43 34.58 4.26 61.2 SCD(24.7), BAH(13.5), AI(11.4)

1,200 m 34.05 13.35 47.61 4.99 47.4 BAV(14.7), LED(12.2), BAH(11.3), 
SCD(10.4)

2,400 m 37.45 4.13 45.33 13.09 41.6 PLAND(31.8), BHR(16.3), 
SCD(11.8)

4,800 m 58.39 7.07 23.32 11.22 65.5 PLAND(43.9), SCD(12)

Summer

100 m 32.72 8.33 55.62 3.33 41.1 BAV(32.3), BVD(18.1)

300 m 36.03 7.75 51.5 4.72 43.8 BVD(23.5), LED(16.8), BAV(14.3%)

600 m 29.13 7.1 58.37 5.4 36.2 LED(28.9), LPI(13.5)

900 m 43.2 6.37 44.84 5.59 49.6 LED(27.3), SCD(18.5)

1,200 m 37.18 11.04 50.32 1.46 48.2 LPI(20.6), SCD(19.7), LED(14.5)

2,400 m 38.03 7.58 49.52 4.87 45.6 BVD(20.7), SCD(13.6), PD(12.5)

4,800 m 49.17 7.63 38.38 4.82 56.8 LED(26.6), PLAND(20.7), 
SCD(19.6)

Autumn

100 m 27.48 4.91 50.04 17.57 32.4 SCD(24), COHESION(23.8)

300 m 32.39 11.39 35.96 20.26 43.8 COHESION(25.8), BHR(23.2.), 
LED(21.3)

600 m 40.76 13.05 27.6 18.59 53.8 AI(20.2), LSI(13.1), BHR(10.6)

900 m 52.47 16.54 22.43 8.56 69 PD(19.9), BHR(15.1), BAV(14.8)

1,200 m 47.66 16.46 20.83 15.05 64.1 BHR(22.1), BAV(21.9)

2,400 m 44.4 10.18 25.71 19.71 54.6 BHR(30.4), AI(13.9)

4,800 m 47.27 13.63 22.07 17.03 60.9 PLAND(50.9), COHESION(13.4)

Winter

100m 26.31 11.15 50.82 11.72 37.5 COHESION(36.7), PLAND(20.3)

300m 36.94 11.45 43.5 8.11 48.4 COHESION(21.3), LED(16.8)

600m 47.85 11.04 29.81 11.3 58.9 LED(20.5), LSI(14.9), 
COHESION(14.6)

900m 66.25 12.74 13.35 7.66 79 AI(15.5), PD(14.4)

1,200m 51.53 17.11 25.62 5.74 68.6 PD(19.2), COHESION(18.6)

2,400m 35.13 7.25 44.19 13.43 42.4 PLAND(20), BHR(15.6)

4,800m 42.64 11.72 34.64 11 54.4 PLAND(49.6), AI(15.6)

Table 3. The RDA results for the percentage of overall PM concentration variation explained by landscape pattern metrics.
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that the dominant landscape pattern factors on PM 
concentrations differ greatly across seasons and scales, 
effective strategies to mitigate air pollution should vary 
as seasons and scales change. For example, during 
summer, when the PM concentrations were lower or at 
smaller scales (the buffer zones radii ≤ 1,000 m), the 
LED and SCD of 3D landscape pattern metrics were 
the key metrics that affected PM concentrations. During 
winter, when the PM concentrations were higher or at 
larger scales (2,400 and 4,800 m scales), the PLAND of 
2D landscape pattern metrics was the most important 
explanatory variable. Then, during winter or at larger 
scales, a high cover of vegetation and a low cover of 
buildings were critical for reducing PM concentrations. 
By contrast, during summer or at smaller scales, the 
building layout should be paid more attention in terms 
of PM pollution mitigation. Moreover, the proportion of 

ecological land and building land needs to be rationally 
planned in urban areas. Given that urban land resources 
are valuable and scarce, substantially increasing 
ecological space and decreasing the number of artificial 
buildings are impractical solutions, but the horizontal 
expansion of artificial buildings can be replaced with 
a vertical extension. For example, the present study 
showed that the influence of building PLAND was 
greater than the building height metrics (e.g., BAH 
and BHR) on PM pollution, and then the value of 
building PLAND could be reduced by vertical building 
extension. In addition, the complex correlation of 3D 
landscape pattern metrics with PM2.5 and PM10 implies 
that the relationship between the landscape pattern 
and PM pollutants is complicated, and morphology 
standards for environmental-friendly cities are not 
uniform [8]. For instance, the LED, SCD, and BVD were 

Fig. 6. The RDA biplots depicting the relationship between landscape pattern metrics (red lines) and PM pollution variables (blue lines) 
at distinct scales in summer.
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related to relatively higher PM2.5 concentrations but 
lower PM10 concentrations, suggesting that the diffusion 
and spreading of atmospheric pollutants would be either 
hindered or promoted by the surrounding environment. 
It is a practical solution to minimize the disadvantages 
of design principles and maximize the advantages. 

Limitations

Several limitations still exist in this study: First, 
limited by data acquisition, some important landscape 
pattern metrics such as SVF have not been considered. 
More 2D/3D metrics could be considered for fully 
characterizing the landscape pattern in future works. 
Second, the variation of metrics across seasons was 
not accounted for because the landscape pattern here 
mainly refers to the building morphology, which may 
not change in a short time. Considering the variations in 

land cover types across different seasons, the seasonal 
tree morphology could be treated as supplementary 
characteristics of the landscape pattern. Besides, only 
fixed air monitoring stations were utilized in this study, 
which may have resulted in sup-optimal analysis due 
to the limited data. Future research with multiple data 
sources (e.g., mobile monitoring vehicles and spectral 
sensors) could be employed to develop high-precision 
and long-term studies. 

Conclusions

PM pollution is a crucial and growing worldwide 
problem caused by urbanization, which does severe 
harm to public health. A multiple spatial scale analysis 
was established on the effects of the urban landscape 
pattern on PM pollution in four seasons in Nanchang, 

Fig. 7. The RDA biplots depicting the relationship between landscape pattern metrics (red lines) and PM pollution variables (blue lines) 
at distinct scales in winter.
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China, via regular analysis and RDA. Six 2D and six 
3D representative metrics were employed to describe 
the landscape pattern, and the metrics were extracted 
at buffer scales of 100, 300, 600, 900, 1,200, 2,400, and 
4,800 m around the monitoring stations. Results showed 
that the effects of the urban landscape pattern on PM 
pollution had significant seasonal differences and spatial 
scale effects. The urban landscape pattern in fall and 
winter had a stronger influence on PM pollution than in 
spring and summer. The explanatory ability of metrics 
on PM concentrations tended to first increase, then 
decline, and finally increase as scales enlarge, and the 
highest accumulated explanatory ability was observed 
at the 900 m scale. At smaller scales (buffer radii ≤ 
900 m), the ability of 3D metrics was stronger than 2D 
metrics to explain the PM concentration changes, and 
at larger scales (buffer radii ≥ 1,200 m), the 2D metrics 
were more explanatory. PLAND and COHESION were 
the key 2D landscape pattern metrics affecting PM 
pollution, and SCD and LED were the key 3D metrics. 
The study provided a meaningful insight into the effects 
of landscape patterns on PM pollution and showed the 
practical implications of urban air pollution mitigation, 
thus contributing to sustainable urban development.
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