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Abstract: This case study was conducted to quantify the effects of urban greenspace patterns
on particle matter (PM) concentration in Zhengzhou, China by using redundancy and variation
partitioning analysis. Nine air-quality monitoring stations (AQMS) were selected as the central
points. Six distances of 1 km, 2 km, 3 km, 4 km, 5 km, and 6 km were selected as the side
lengths of the squares with each AQMS serving as the central point, respectively. We found:
(1) the fine size of PM (PM2.5) and coarse size of PM (PM10) among four seasons showed significant
differences; during winter, the concentration of PM2.5 and PM10 were both highest, and PM2.5

and PM10 concentration in summer were lowest. (2) To effectively reduce the PM2.5 pollution,
the percentage of greenspace, the differences in areas among greenspace patches, and the edge
complexity of greenspace patches should be increased at distances of 2 km and 3 km. To effectively
reduce PM10, the percentage of greenspace at a distance of 4 km, the edge density at distances of
2 km and 4 km, and the average area of greenspace patches at a distance of 1 km should be increased.
(3) Greenspace pattern significantly affected PM2.5 at a distance of 3 km, and PM10 at a distance of
4 km. From shorter distance to longer distance, the proportion of variance explained by greenspace
showed a decline–increase–decline–increase trend for PM2.5, and a decline–increase–decline trend
for PM10. At shorter distances, the composition of greenspace was more effective in reducing the
PM pollution, and the configuration of greenspace played a more important role at longer distances.
The results should lead to specific guidelines for more cost-effective and environmentally sound
greenspace planning.

Keywords: particulate matter; spatial pattern; greenspace; redundancy analysis

1. Introduction

During the last 30 years, air pollution in China has become a major environmental issue, especially
particulate matter (PM) pollution [1] due to rapid urbanization and dramatic growth in energy
consumption [2]. Particulate matter refers to a solid and liquid mixture consisting of organic and
inorganic substances in air [3]. PM can be classified into several different types according to its origin,

Atmosphere 2018, 9, 199; doi:10.3390/atmos9050199 www.mdpi.com/journal/atmosphere

http://www.mdpi.com/journal/atmosphere
http://www.mdpi.com
http://dx.doi.org/10.3390/atmos9050199
http://www.mdpi.com/journal/atmosphere
http://www.mdpi.com/2073-4433/9/5/199?type=check_update&version=2


Atmosphere 2018, 9, 199 2 of 15

chemical composition, and size [4]. The size of PM is typically classified as coarse (2.5–10 µm, PM10),
fine (0.1–2.5 µm, PM2.5), and ultra-fine (≤0.1 µm) [4,5]. In the last two decades there has been extensive
and increasing use of PM10 and PM2.5 which are usually considered harmful to human health [6–8].

Studies on PM are not only important for scientific discoveries, but also can be important for
developing environmental policies. Some studies focused on the relationship between PM pollution
and human health, linking PM pollution to dramatic increases in cardiovascular and respiratory
illnesses, problems in pregnancy and child development, and even mortality [9–12].

Spatial distribution of PM of different sizes and their contributing factors at regional or national scale
have been investigated in several countries [13–17]. Source apportionment of particles is another important
research area focusing on characterization of various sources of fine-particulate air pollution [18,19].

Several measures for reducing PM pollution, such as using cleaner energy, transforming the
pattern of economic growth [20], restricting driving [21], and joint efforts at regional or national
level [20] have been studied and suggested in heavily polluted provinces in northern China.

The effect of greenspace on air pollution has been investigated by a few researchers in China
and other countries [1,22–25]. Some studies described the effect of the particle-capturing capacities
or particle-removal capacity of different tree species in urban ecosystems in China [1,22,23]. It was
found that forest structures, especially the canopy density and leaf area index, showed a significant
correlation with the PM2.5 concentration index, while tree size measured by diameter at breast height
(DBH) showed a weak correlation [24]. Ji et al. indicated that cypress trees reduced the outdoor PM
concentration more than pine trees, and higher tree planting densities were more effective in reducing
PM pollution concentration than lower planting densities [25]. In the street canyon environment,
tree parameters as crown height, leaf density, tree height and spacing have been found to affect air
pollution, and the combination of trees and other solid barriers has combined benefits on local air
quality [26]. High-level tree canopies led to deterioration in air quality compared to the open space,
while low-level green infrastructure (hedges) improved air quality [27]. The aerodynamic effects of
trees were shown to be much more important in improving air quality than the direct effects of PM
deposition [28–30]. In addition, biogenic volatile organic compounds and pollens from vegetation may
be other sources of pollutants and pollutant precursors [31].

However, the relationship between greenspace spatial patterns and PM pollution at different
scales and how much the greenspace spatial patterns affect PM pollution need further investigation,
which will improve the understanding of potential greenspace distribution impact on air quality.
Zhengzhou was selected as the site for our case study since it is a large city of 7749 square kilometers
with almost 10 million people in Henna. Furthermore, its PM pollution often ranked among the top
10 worst cities in China, and may potentially get much worse since it is one of the most important
transportation hubs in China [22].

This study took the air monitor stations as the central points of square plots ranging from
1 km × 1 km to 6 km × 6 km (scales), and its objectives were to reveal the exact relationship between
the spatial pattern of greenspace and PM concentration at multiple scales using the redundancy analysis
method. Based on the literature, the contributions of this study are: (1) it compares the effects of spatial
pattern on particle matter distribution at different scales; (2) it explores the role of greenspace composition
and configuration in indicating particle matter concentration variation for Zhengzhou; (3) it provides
suggestion for the greenspace planning of urban renewal in fast-developing cities as Zhengzhou.

2. Experiments

2.1. The Study Areas and Measurement Sites

Zhengzhou (34◦16′ N–34◦58′ N, 112◦42′ E–114◦14′ E) is the capital city of Henan Province
in Central China and has four distinctive seasons. It is south of the North China Plain and the
Yellow River (Figure 1). It is one of the largest transportation hubs in China. The population of
the city was approximately 9.56 million according to the 2015 census (Henan Bureau of Statistics).
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The population density is the second highest in China. China lies mainly in the north-temperate zone,
characterized by a mild climate and distinctive seasons, the nation can be sectored from south to
north into equatorial, tropical, subtropical, warm-temperate, temperate, and cold-temperate zones
according to temperature. Zhengzhou lies in the north warm-temperate zone, characterized by a
warm climate and four distinctive seasons, with a dry spring (March–May), and a hot and rainy
summer (June–September). The annual average temperature is 14–14.3 ◦C while the average annual
precipitation is 640.9 mm. The total sunshine is 2400 h.

Atmosphere 2018, 9, x FOR PEER REVIEW  3 of 15 

 

density is the second highest in China. China lies mainly in the north-temperate zone, characterized 
by a mild climate and distinctive seasons, the nation can be sectored from south to north into 
equatorial, tropical, subtropical, warm-temperate, temperate, and cold-temperate zones according to 
temperature. Zhengzhou lies in the north warm-temperate zone, characterized by a warm climate 
and four distinctive seasons, with a dry spring (March–May), and a hot and rainy summer (June–
September). The annual average temperature is 14–14.3 °C while the average annual precipitation is 
640.9 mm. The total sunshine is 2400 h. 

 
Figure 1. Map of nine air-quality monitoring stations (AQMS) in Zhengzhou, Henan, China. 

2.2. Data 

2.2.1. PM2.5/10 Measurements 

There are nine air-quality monitoring stations (AQMS) in Zhengzhou (Figure 1). These AQMS 
are located on rooftops. The building heights range from 3 to 15 m. The AQMS are located in similar 
areas with relatively few changes in land use. The sources of PM of the nine AQMS included dust 
particles from soil and roads, vehicle exhaust emission, fossil fuel combustion, and biomass burning. 
The AQMS are in Yanchang (YC) (34°45′0′′ N, 113°40′48′′ E) and Heyida (HYD) (34°45′0′′ N, 113°38′24′′ E) 
located in the business district, Zhengfangji (ZFJ) (34°46′12′′ N, 113°38′24′′ E) and Shijiancezhan (SJC) 
(34°45′0′′ N, 113° 35′ 59.9994′′ E) located in the residential area, Yinhangxuexiao (YHXX) 
(34°47′59.9994′′ N, 113°40′12′′ E), Gongshuigongsi (GSGS) (34°47′59.9994′′ N, 113°33′36′′ E), 
Jingkaiquguanwei (JKQ) (34°43′11.9994′′ N, 113°43′48′′ E) and Sishiqizhong (SSQ) (34°43′11.9994′′ N, 
113°43′38′′ E) located in the cultural and educational area, while that at Ganglishuiku (GLSK)  
(34°55′ 12′′ N, 113° 36′ 35.9994′′ E) is in the suburban area. 

Daily air-quality (PM2.5, PM10) data at nine AQMS from 1 January 2016 to 31 December 2016 were 
obtained from China National Environmental Monitoring Center (http://www.aqistudy.cn), and 
weather data were acquired from the Zhengzhou Bureau of Meteorology (http://www.zzqx.gov.cn). 
Air-quality data during rainy days were removed from the daily air-quality dataset. Based on the 
modified daily air-quality data, monthly averages were calculated. Twelve months in a year were 
divided into the four seasons, which are spring (March to May), summer (June to August), autumn 
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2.2. Data

2.2.1. PM2.5/10 Measurements

There are nine air-quality monitoring stations (AQMS) in Zhengzhou (Figure 1). These AQMS
are located on rooftops. The building heights range from 3 to 15 m. The AQMS are located in
similar areas with relatively few changes in land use. The sources of PM of the nine AQMS included
dust particles from soil and roads, vehicle exhaust emission, fossil fuel combustion, and biomass
burning. The AQMS are in Yanchang (YC) (34◦45′0′′ N, 113◦40′48′′ E) and Heyida (HYD) (34◦45′0′′ N,
113◦38′24′′ E) located in the business district, Zhengfangji (ZFJ) (34◦46′12′′ N, 113◦38′24′′ E) and
Shijiancezhan (SJC) (34◦45′0′′ N, 113◦ 35′ 59.9994′′ E) located in the residential area, Yinhangxuexiao
(YHXX) (34◦47′59.9994′′ N, 113◦40′12′′ E), Gongshuigongsi (GSGS) (34◦47′59.9994′′ N, 113◦33′36′′ E),
Jingkaiquguanwei (JKQ) (34◦43′11.9994′′ N, 113◦43′48′′ E) and Sishiqizhong (SSQ) (34◦43′11.9994′′ N,
113◦43′38′′ E) located in the cultural and educational area, while that at Ganglishuiku (GLSK)
(34◦55′12′′ N, 113◦ 36′ 35.9994′′ E) is in the suburban area.

Daily air-quality (PM2.5, PM10) data at nine AQMS from 1 January 2016 to 31 December 2016
were obtained from China National Environmental Monitoring Center (http://www.aqistudy.cn), and
weather data were acquired from the Zhengzhou Bureau of Meteorology (http://www.zzqx.gov.cn).
Air-quality data during rainy days were removed from the daily air-quality dataset. Based on the
modified daily air-quality data, monthly averages were calculated. Twelve months in a year were
divided into the four seasons, which are spring (March to May), summer (June to August), autumn
(September to November), and winter (December to February). Average seasonal PM2.5 and PM10

concentrations of spring (PM2.5SP, PM10SP), summer (PM2.5SU, PM10SU) autumn (PM2.5AU, PM10AU)
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and winter (PM2.5WI, PM10WI) were calculated based on monthly averages, and the seasonal
air-quality datasets were employed in the redundancy analysis (RDA).

2.2.2. Greenspace Spatial Patterns

Remote-sensing images of high resolution were used to acquire the spatial patterns of urban
greenspace as described in two previously published reports [32,33]; three types of greenspace maps with
different spatial resolutions (2.44 m, 10 m, and 30 m) were used and were referred to as the Quickbird,
SPOT, and TM images, respectively [32], the composition and configuration of land-cover features
were measured by a series of landscape metrics based on a high-resolution land-cover map from aerial
imagery [33]. In this study, we used the nine AQMS as the central points to create six square plots per site
ranging in scale from 1 km × 1 km to 6 km × 6 km for each monitoring site (Figure 2). The smallest scale
of our sample plots is 1 km × 1 km since this scale was shown to be highly suitable for the micro-scale
research of urban forestry [34,35]. Quickbird images of the 6 km square buffers of all the monitoring sites
were obtained in June 2016; the Quickbird images had one panchromatic band and four multispectral
bands, with spatial resolution of 0.6 m and 2.4 m. To take advantage of both high resolutions and
multispectral features, the multispectral bands were pan-sharpened using the panchromatic band from
nine 6 km× 6 km scale images, with the principal components algorithm. Consequently, multispectral
images were obtained with 0.6 m spatial resolution, and then geometric correction was performed with
imagery from GoogleTM as the reference map [32,36]. The final images were used to map land cover in
Zhengzhou, and then greenspace information was extracted from the land-cover data. A patch-based
layer of different land cover types in vector format was created using object-based image analysis as
used in several similar studies [33,36–38]. In this study, land-cover types included: (1) urban greenspace;
(2) roads; (3) bodies of water; (4) agricultural land; (5) buildings; and (6) vacant land. The classification
accuracies were checked based on 200 randomly selected points using reference data that were visually
interpreted from the Google images. The verified classification accuracies were 91.5%.
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types of Zhengfangji (ZFJ) plot; (d) landscape cover types of Shijiancezhan (SJC); (e) landscape cover 
types of Yinhangxuexiao (YHXX) plot; (f) landscape cover types of Gongshuigongsi (GSGS) plot; (g) 
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Figure 2. Spatial distribution of different land cover types and multiscale buffers. (a) landscape cover
types of Yanchang (YC) plot; (b) landscape cover types of Heyida (HYD) plot; l (c) landscape cover
types of Zhengfangji (ZFJ) plot; (d) landscape cover types of Shijiancezhan (SJC); (e) landscape cover
types of Yinhangxuexiao (YHXX) plot; (f) landscape cover types of Gongshuigongsi (GSGS) plot;
(g) landscape cover types of Ganglishuiku (GLSK) plot; (h) landscape cover types of Jingkaiquguanwei
(JKQ) plot; and (i) landscape cover types of Sishiqizhong (SSQ) plot. The red pots in the graph are the
locations of monitoring stations.
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Landscape metrics were widely used to describe greenspace patterns [39]. In this study, six
class-level metrics were used to measure spatial patterns of urban greenspace. The spatial patterns
(Table 1) included one composition metric and five configuration metrics: Percentage of landscape
(PLAND) which quantified the proportional abundance of urban greenspace in multi-scale plots, and
five metrics: mean patch size (AREA_MN) which equaled the sum of area across all patches in the
greenspace divided by the total number of patches; mean patch shape index (SHAPE_MN) which was
a measure of shape complexity; edge density (ED) which was a measure of edge length of greenspace
divided by total greenspace area; largest patch index (LPI) which quantifies the percentage of total
landscape area comprised by the largest patch, and it is a simple measure of greenspace dominance;
and mean Euclidian nearest neighbor distance (ENN_MN) which is perhaps the simplest measure of
patch context and has been used extensively to quantify patch isolation.

Table 1. Landscape metrics used in this study.

Categories Landscape Metrics
(Abbreviation) Description Equation (Unit)

Composition Percentage of
landscape (PLAND)

Proportional abundance of
green space in the landscape.

100
A ×

n
∑

i=1
ai

(%)

Configuration

Mean patch size
(AREA_MN)

The average area of tree
canopy patches within an
analysis unit.

∑n
i=1 ai
N

(m2)

Mean patch shape
index (SHAPE_MN)

The average shape index of
tree canopy patches within an
analysis unit.

∑n
i=1

0.25×pi√
A

N

Edge density (ED)
The total perimeter of tree
canopy patches per km2

within an analysis unit.

∑n
i=1 pi
A × 10000
(m/ha)

Largest patch index
(LPI)

The proportion of largest tree
canopy patch within an
analysis unit.

max ai
A × 100
(%)

Mean Euclidian
nearest neighbor
distance (ENN_MN)

d = the average distance
between any two nearest
neighboring urban patches.

ENN_MN = d
(km)

ai, area of patch i; max ai, maximum area of patch i; pi, length of edge (or perimeter) of patch i; A, landscape area;
n, number of patches.

These metrics have been used in several papers published on the relationship between landscape
patterns and ecological processes [32,34,40,41]. These metrics were chosen according to the following
principles: (1) theoretically and practically important [33,38,42]; (2) easily calculated and explained;
(3) little redundancy [33,37,40], the landscape metrics were obtained from the greenspace maps using
the landscape structure analysis program FRAGSTATS for all of the plots [32].

2.3. Data Analysis

Three statistical methods were used in this study. First, we performed one-way analysis of
variance (ANOVA) to examine whether there were significant differences among the PM2.5 and PM10

concentrations among the four seasons. We compared the PM2.5 and PM10 concentrations at the nine
monitoring sites using the least significant difference (LSD) test, with significance level at p < 0.05.
All values were reported as mean ± standard error (SE). the analyses were conducted using version
22.0 of SPSS software [43].

Second, we used the redundancy analysis (RDA) to investigate the relationship between the PM2.5/10
concentration and spatial patterns of the greenspace from scale 1 km × 1 km to scale 6 km × 6 km.
RDA is a constrained ordination method that preserves the Euclidean distances among sites in the full
dimensional space [44]. RDA has been the method of choice in determining the relationship between
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plant community and environment [45–48]. In this study, centralized and standardized transformation
was conducted for the PM2.5 and PM10 data matrixes to maintain the integrity of PM data. In order
to estimate the approximate significance of the relationship between the PM2.5 and PM10 data set and
the spatial variables, we applied a Monte Carlo test with 1000 random permutations, assuming H0 as
a non-linear relationship between the metrics [44]. There were eight datasets in total for the RDA and
these included two response variables (PM2.5, PM10) datasets, and 6 explanatory variables (spatial pattern
metrics from scale 1 km× 1 km to scale 6 km × 6 km) datasets. RDA was performed 12 times; 6 times
employing the PM2.5 seasonal dataset as the response variables and metrics of 6 scales as explanatory
variables, and another 6 times employing the PM10 dataset as the response variables and metrics of
6 scales as explanatory variables. These analyses were performed using the “Vegan Package” [49] in the R
statistical language and environment.

Third, variance partitioning based on partial RDA was performed to assess the relative variance
in PM2.5/10 of three groups of explanatory variables: (1) percentage of greenspace; (2) configuration
of greenspace; (3) joint effects of composition and configuration metrics. Variance partitioning was
performed by using “Spdep package” in R (version 2.4-4) [50].

3. Results

3.1. Seasonal Differences in Particulate Matter (PM) Pollution

The ANOVA analysis revealed significant differences (p < 0.05) among PM concentrations during
four seasons (Figure 3). During winter, both PM2.5 and PM10 concentrations were highest while both
PM2.5 and PM10 were lowest in summer. PM2.5 concentration in autumn was higher than that in spring
while PM10 concentration in autumn was lower than that in spring (Figure 3).

Variations in air temperatures, humidity, wind direction and speed, presence and absence of
leaves on vegetation, and fossil energy consumption patterns could all be possible reasons for the
PM2.5 and PM10 concentrations fluctuating significantly during the four seasons. In winter, there is
much more fossil energy consumption in northern China for keeping buildings warm, and most plant
leaves fall off. These two factors lead to more primary and secondary PM pollutants. In summer, there
is the highest vegetation coverage and much less consumption of fossil energy, thus very likely leading
to less primary and secondary PM pollutants.
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Figure 3. Analysis of variance (ANONA) analysis of PM2.5 and PM10 concentrations in four seasons.
(a) seasonal ANOVA of PM2.5 concentration; (b) seasonal ANOVA of PM10 concentration.

3.2. Redundancy Analysis (RDA)

Based on RDA, the cumulative proportions of total variance of the first two axes (PM2.5) from
scale 1 to scale 6 were 0.5918, 0.5526, 0.6266, 0.5514, 0.5756 and 0.5843, respectively, and those of PM10

were 0.8004, 0.6345, 0.8165, 0.8862, 0.8418, 0.7506, respectively (Table 2). The proportion explained
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of variance means how much variance of PM pollution is explained by greenspace patterns at the
first two RDA axes, and the cumulative proportion of variance is the sum of the first two RDA axes’
proportions of variance.

Table 2. Redundancy analysis of PM2.5 and PM10 concentration on multiscale plots.

Scale Parameter RDA1 PM2.5 RDA2 PM2.5 RDA1 PM10 RDA2 PM10

Scale 1 Eigenvalue 1.3266 1.0407 2.8496 0.3882
(1 km) Proportion explained of variance 0.3316 0.2602 0.7124 0.0971

Cumulative proportion of variance 0.3316 0.5918 0.7124 0.8095

Scale 2 Eigenvalue 1.2084 1.0021 2.1066 0.4313
(2 km) Proportion explained of variance 0.3021 0.2505 0.5266 0.1078

Cumulative proportion of variance 0.3021 0.5526 0.5266 0.6345

Scale 3 Eigenvalue 1.3638 1.1425 2.7593 0.5066
(3 km) Proportion explained of variance 0.3409 0.2856 0.6898 0.1267

Cumulative proportion of variance 0.3409 0.6266 0.6898 0.8165

Scale 4 Eigenvalue 1.1943 1.0115 3.039 0.5059
(4 km) Proportion explained of variance 0.2986 0.2529 0.7598 0.1265

Cumulative proportion of variance 0.2986 0.5514 0.7598 0.8862

Scale 5 Eigenvalue 1.1924 1.1098 2.8727 0.4947
(5 km) Proportion explained of variance 0.2981 0.2774 0.7182 0.1237

Cumulative proportion of variance 0.2981 0.5756 0.7182 0.8418

Scale 6 Eigenvalue 1.1805 1.1567 2.5138 0.4886
(6 km) Proportion explained of variance 0.2951 0.2892 0.6284 0.1222

Cumulative proportion of variance 0.2951 0.5843 0.6284 0.7506

In Table 3, F-Ratio and p-value were used to test whether the multiscale greenspace patterns
affected the PM pollution significantly, and R2 represented the variance of PM pollution explained
by greenspace patterns in RDA model, and the R2adj was the adjusted or real value of the explained
proportion. R2 of PM2.5 from scale 1 to scale 6 were 0.8342, 0.7407, 0.8848, 0.7679, 0.814, 0.8324,
respectively, and R2 of PM10 from scale 1 km × 1 km to scale 6 km × 6 km were 0.89, 0.7155, 0.8922,
0.95445, 0.91193, 0.8219, respectively (Table 3). The Monte Carlo permutation tests indicated that the
landscape metrics of greenspace of scale 3 and scale 4 significantly explained the total variance of PM2.5

and PM10 datasets, respectively. (Table 3). From scale 1 km × 1 km to 6 km × 6 km, the proportion of
variance explained by the greenspace pattern (R2) showed a decline–increase–decline–increase trend
with PM2.5, and a decline–increase–decline trend with PM10.

Table 3. Results of the Monte Carlo permutation test.

Test of Significance of all Canonical Axes F-Ratio p-Value R2 R2adj

PM2.5 (1 km) 1.6773 0.199 0.8342 0.3369
PM2.5 (2 km) 0.9524 0.562 0.7407 −0.037
PM2.5 (3 km) 2.559 0.048 * 0.8848 0.539
PM2.5 (4 km) 1.1026 0.429 0.7679 0.0714
PM2.5 (5 km) 1.4587 0.263 0.814 0.256
PM2.5 (6 km) 1.6559 0.188 0.8324 0.3297
PM10 (1 km) 2.6968 0.177 0.89 0.56
PM10 (2 km) 0.8382 0.664 0.7155 −0.138
PM10 (3 km) 2.7584 0.15 0.8922 0.5687
PM10 (4 km) 6.984 0.003 ** 0.95445 0.8178
PM10 (5 km) 3.4514 0.051 0.91193 0.6477
PM10 (6 km) 1.5381 0.402 0.8219 0.2875

(* p < 0.05; ** p < 0.01).

Each scale included six metrics: PLAND, LPI, ED, AREA_MN, SHAPE_MN and ENN_MN. With
PM2.5, PLAND (negative), LPI (positive) and ED (positive) significantly related to the second axis of
scale 2 km × 2 km and the first axis of scale 3 km × 3 km; PLAND, LPI and ED and the second axis of
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scale 3 km × 3 km (Table 4). With PM10, PLAND (negative) and AREA_MN (positive) significantly
related to the first axis of scale 1 km × 1 km; ED (positive) significantly related to the first axis of scale
2 km × 2 km; PLAND (positive) and ED (negative) significantly related to the second axis of scale
4 km × 4 km.

Table 4. Correlation between landscape metrics and redundancy analysis (RDA) axes.

Axes PLAND LPI ED AREA_MN SHAPE_MN ENN_MN

RDA1-PM2.5-1 0.551 0.702 −0.592 −0.870 0.175 −0.321
RDA2-PM2.5-1 −0.882 0.618 0.602 0.219 −0.175 0.167
RDA1-PM2.5-2 −0.110 0.147 0.809 −0.068 −0.454 0.761
RDA2-PM2.5-2 −1.826 ** 2.144 ** 1.723 ** −0.446 −0.634 0.804
RDA1-PM2.5-3 −1.511 ** 1.224 ** 1.650 ** 0.157 −0.652 0.460
RDA2-PM2.5-3 1.276 ** −1.254 ** −0.998 * 0.057 0.660 0.381
RDA1-PM2.5-4 0.065 −0.003 0.322 −0.077 −0.125 0.463
RDA2-PM2.5-4 0.252 −0.091 −0.492 −0.072 0.455 0.204
RDA1-PM2.5-5 −0.054 −0.177 0.471 0.192 −0.261 0.346
RDA2-PM2.5-5 0.372 −0.075 −0.740 −0.421 0.583 0.179
RDA1-PM2.5-6 −0.290 −0.001 0.449 0.378 −0.418 −0.373
RDA2-PM2.5-6 0.063 −0.246 0.436 0.101 −0.349 0.138
RDA1-PM10-1 −1.103 ** −0.938 0.774 1.677 ** 0.073 0.037
RDA2-PM10-1 0.467 0.267 −0.508 −0.333 0.173 −0.279
RDA1-PM10-2 0.048 −0.704 1.138 ** 0.945 −0.473 0.813
RDA2-PM10-2 0.662 −0.295 −0.904 −0.015 0.311 −0.545
RDA1-PM10-3 0.486 −0.609 0.505 0.655 −0.086 0.618
RDA2-PM10-3 0.660 0.529 −0.668 −0.816 −0.309 −0.559
RDA1-PM10-4 −0.378 0.210 1.146 ** 0.616 −0.472 0.568
RDA2-PM10-4 1.042 ** −0.085 −0.965* −0.622 0.019 −0.499
RDA1-PM10-5 0.140 −0.192 0.774 0.578 −0.431 0.394
RDA2-PM10-5 0.680 0.033 −0.606 −0.468 −0.079 −0.431
RDA1-PM10-6 0.580 −0.242 0.490 0.164 −0.329 0.327
RDA2-PM10-6 0.205 0.071 −0.437 −0.196 0.003 −0.449

(* p < 0.05; ** p < 0.01).

The values in Table 4 showed the correlation between the greenspace patterns and the first
two RDA axes of both PM2.5 and PM10 from scale 1 km × 1 km to 6 km × 6 km. Based on the
correlation between landscape metrics and RDA axes above, we chose the scales, at which relationships
between axis and PM concentration were significant in order to draw Figure 4. At scale1, PM10 of
the four seasons negatively related to the first axis (Figure 4). At scale 2 km × 2 km, PM2.5SU had
a positive relationship with the second axis, while PM2.5SP, PM2.5AU and PM2.5WI had negative
relationships with the second axis; PM10 in the four seasons negatively related to the first axis (Figure 4).
At scale 3 km × 3 km, PM2.5SP, PM2.5SU and PM2.5WI had negative relationships with the first axis
apart from PM2.5AU, and PM2.5 of the whole year had negative relationships with the second axis
except summer (Figure 4). At scale 4 km × 4 km, PM10 of the four seasons negatively related to the
second axis except winter (Figure 4).

The relationship between greenspace patterns and PM concentrations was extrapolated based
on the information in Table 4 and Figure 4. The PLAND of greenspace had positive relationship
with PM2.5 except summer at scale 2 km × 2 km; PLAND had a positive relationship with part of
the variance of PM2.5 except autumn, and negative relationship with part of the variance of PM2.5

in four seasons except spring at scale 3 km × 3 km; PLAND was positively related to PM10 at scale
1 km × 1 km; PLAND was positively related to PM10WI and negatively related to PM10 in other
seasons at scale 4 km × 4 km.
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Figure 4. Scores of seasonal PM2.5 and PM10 concentration at the first two RDA axes. (a) Seasonal
PM2.5 concentration scores at the first two RDA axes; (b) seasonal PM10 concentration scores at the first
two RDA axes.

LPI and ED of greenspace had a positive relationship with PM2.5SU, and a negative relationship
with part of the variance of PM2.5 in the other seasons at scale 2 km × 2 km; LPI and ED had a negative
relationship with part of the variance of PM2.5 except autumn and a positive relationship with the
other part of the variance of PM2.5 except spring scale 3 km × 3 km. ED was negatively related to
PM10 at scale 2 km × 2 km; ED was negatively related to part of the variance of PM10, and positively
related to the other part of the variance of PM10 except winter at scale 4 km × 4 km. AREA_MN had a
negative relationship with PM10 except in winter at scale 1 km × 1 km.

3.3. Variation Partitioning Analysis

Among the six scales, the Monte Carlo permutation test at scale 3 km × 3 km was significant
(p < 0.05) and had the biggest explained variance to the PM2.5 dataset, and at scale 3 km×3 km, 22.5% of
the PM2.5 matrix is explained by a pure effect of the composition metric, 46.9% by a pure configuration
metric, and about 46.1% of the variation remains unexplained. There is no common explained variance
between composition and configuration metrics at small scale such as scale 1 km × 1 km, 2 km × 2 km
and 3 km × 3 km, while common explained variance between both types of variables show up at large
scale such as scale 4 km × 4 km,5 km × 5 km and 6 km × 6 km. Results from the variation partitioning
also indicated that the configuration of greenspace played a more important role than that of percent
cover of greenspace except scale 1 km × 1 km and 2 km × 2 km (Figure 5).

The Monte Carlo permutation test at scale 4 km × 4 km was significant (p < 0.01) and had
the biggest explained variance to the PM10 dataset; 5.7% of the PM10 matrix is explained by a pure
effect of the composition metric, 54.1% by a pure configuration metric, and 22% by composition
and configuration metrics together. About 18.2% of the variation remains unexplained. There is
common explained variance between composition and configuration metrics at all scales except scale
1 km × 1 km. As with the PM2.5 data, results from the variation partitioning also indicated that the
configuration of greenspace played a more important role than that of percent cover of greenspace
except at the scales 1 km × 1 km and 2 km × 2 km (Figure 5).
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(X1 represents composition metrics of greenspace, and X2 represents configuration metrics of
greenspace. From (a–f), showing the Venn diagram from scale 1 km × 1 km to scale 6 km × 6 km for
PM2.5; from (g–l), showing the Venn diagram from scale 1 km × 1 km to scale 6 km × 6 km for PM10).

4. Discussion

4.1. Scale-Dependent Effects of Greenspace Pattern on PM Pollution

PM2.5/10 concentrations were significantly different among the four seasons in this study, and this
finding was consistent with that in published papers on PM pollution in northern China [51,52]. Annual
and seasonal average concentrations of PM had been used to investigate the effects of landscape pattern
in another study [40], but the differences among seasons were quite significant. The multivariate
statistical analysis method RDA helped in studying the effects of greenspace patterns on the PM
pollution in much greater detail during the entire year, and the results should lead to better urban
planning policies.

Based on our results, the landscape metrics (PLAND, LPI, ED and AREA_MN) showed significant
effects on the first two RDA axes. The PLAND of greenspace reduced the PM2.5 concentration in
summer at scale 2 km × 2 km, and reduced the PM10 concentration in spring, summer and autumn at
scale 4 km × 4 km; the LPI and ED of greenspace reduced the PM2.5 concentration except summer
at scale 2 km × 2 km, and reduced PM2.5 concentration in summer and winter at scale 3 km × 3 km,
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and the ED also reduced PM10 concentration in scale 2 km × 2 km and PM10WI at scale 4 km × 4 km;
the AREA_MN reduced PM10 concentration except winter at scale 1 km × 1 km. However, the four
metrics increased the PM concentrations during certain seasons at several scales.

Previous studies suggested that greenspace reduced PM2.5 concentration as a sink landscape [53],
and outdoor PM2.5 concentrations can be reduced by dry and wet deposition on leaves; it was
revealed that vegetation had the strong impact on PM2.5 mitigation [40], and a combination of trees
and other solid barriers, such as building and parked cars, could reduce local air pollution [26],
so higher PLAND of greenspace reduced more PM pollution. Higher LPI and ED may increase
the interactions between greenspace and other elements in urban areas to mitigate PM pollution
more efficiently, because LPI increased the energy gradient between greenspace and other elements
and their interaction, and as an indicator of the complexity of the green space edges, ED reflects
the degree of interactions between greenspace and other elements [40]. On the other hand, during
some seasons in Zhengzhou, such as winter and early spring, there were no plants covering the
soil surface, and the strong wind may lead to more dust particles in the air. During dry seasons
such as autumn, increasing interaction between greenspace and other elements in urban areas by
higher ED and LPI would lead to faster near-ground wind speed and increases in air humidity, and
the strong wind may lead to higher PM concentration under higher humidity [54,55]. In addition,
the aerodynamic effects of greenspace are stronger than the positive effects of deposition [28,29], and
more trees in a street canyon may lead to a reduction of ventilation and an average increase of air
pollution [28], and it was reported that high-level vegetation canopies (trees) led to a deterioration
in air quality, while low-level green infrastructure (hedges) improved air-quality conditions [27].
The relationship between spatial patterns and PM concentration varied in different seasons and scales,
and the landscape metrics of greenspace influenced PM concentration in both positive and negative
manners, thus, the usefulness of greenspace in reducing PM concentration hinges on the balance
between these pros and cons. To reduce the PM2.5 pollution, both scales and greenspace patterns
should be considered during the urban planning and design process, and the percentage of greenspace
should be increased at 2 km × 2 km and 3 km × 3 km scales. Increasing the area difference and edge
complexity of greenspace patches at 2 km × 2 km and 3 km × 3 km scales should be an effective
approach. To reduce PM10, we should increase the percentage of greenspace at the 4 km × 4 km scale,
the edge densities at the 2 km × 2 km and 4 km × 4 km scales, and the average area of greenspace
patches at the 1 km × 1 km scale. In addition, during winter and early spring, mitigation measures are
still needed to keep dust particles contained within the greenspace; for example, landscape mulch,
plant groundcovers and evergreen shrubs should be considered.

4.2. Scale-Dependent Variation Partitioning

Air PM pollution could be caused by many factors. It is well known that greenspace or vegetation
reduces the PM pollution by increasing the deposition of PM, but there were no reports to identify the
exact extent of greenspace patterns in explaining the variances of PM concentration. This study
has improved the understanding of the scale-dependent correlation between PM pollution and
greenspace patterns. Based on the results of our variation partitioning analysis, variance of PM2.5

and PM10 concentration explained by greenspace spatial patterns varied at different scales. Hence,
the scale should be an important factor in determining the relationship between spatial pattern and
ecological process. Most scales used in this study explained little variance according to the Monte Carlo
permutation test, except scale 3 km × 3 km for PM2.5, and scale 4 km × 4 km for PM10. From scales
1 km × 1 km to 6 km × 6 km, the proportion of variance explained by greenspace spatial patterns
showed a decrease–increase–decrease-increase trend for PM2.5, and a decrease–increase–decline
trend for PM10. These trends had hierarchy characteristics, and this might be because of the spatial
distribution of the greenspace of urban settings. The scales 3 km × 3 km and 4 km × 4 km were
the most important scales for greenspace planning to reduce PM2.5 and PM10 pollution, respectively.
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At small scales, the composition of greenspace was more useful to reduce PM, and the configuration
of greenspaces may play a more significant role at larger scales.

4.3. Limitation

There were several limitations in this study, although it improves understanding of the correlation
between PM pollution and spatial patterns of greenspace in urban areas. In this study, only nine
sample plots were used to monitor the concentration of particle matter. In future studies, more sample
plots should be used. In addition, PM concentration data should be collected in multiple points within
each scale to reduce sampling error. In future studies, it will be important to investigate whether
the distribution of urban greenspaces has hierarchy characteristics since this may better explain the
relationship between PM pollution and greenspace patterns; and it is also important to study how
wind speed and direction affect the relationship between PM pollution and greenspace patterns.

5. Conclusions

PM pollution has become a serious environmental problem in many rapidly developing countries.
It is critical to identify effective measures to reduce PM pollution for the benefit of human health and
the environment. A number of reports indicated that vegetation or urban greenspace could reduce
PM pollution, but the relationship between PM pollution and the greenspace pattern was not as
straightforward as anticipated. In this study, we used Zhengzhou, one of the most polluted cities in
China, as an example, to quantitatively investigate the effects of the urban greenspace pattern on PM
concentration using canonical redundancy and variation partitioning analysis.

We found: the PM2.5 and PM10 among four seasons showed significant differences (p < 0.05);
during winter, PM2.5 and PM10 were both highest, and the PM2.5 and PM10 of summer were lowest;
the PM2.5 of autumn was higher than spring while PM10 of autumn was lower than spring.

According to the results from this study, we should take the scale and greenspace patterns
into consideration during the urban planning and design process. If the planning area is as large
as 2 km × 2 km and 3 km × 3 km, we should plan a bigger continuous greenspace and design the
boundary of greenspace as irregularly as possible in order to effectively reduce the PM2.5 pollution.
To reduce PM10, we should increase the percentage of greenspace if the planning area is approximately
as large as 4 km × 4 km, and it is better to design the boundaries of greenspace as irregularly as
possible at the scales of 2 km × 2 km and 4 km × 4 km, and increase the mean area of greenspace at
the scale of 1 km × 1 km.

Little variance was explained by most of the scales according to the Monte Carlo permutation
test, except scale 3 km × 3 km for PM2.5 and scale 4 km × 4 km for PM10. From scale 1 km × 1 km to
6 km × 6 km, the proportion explained by greenspace showed a decline–increase–decline–increase
trend for PM2.5, and a decline–increase–decline trend for PM10. At small scales, the composition of
greenspace was more useful to reduce the particle matter pollution, and the configuration of greenspace
played a more important role at larger scales.

In summary, the results in our case study should lead to specific guidelines for more cost-effective
and environmentally-sound greenspace planning.
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