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Abstract: Ambient air pollution brought by the rapid economic development and industrial 
production in China has exerted a significant influence on socio-economic activities and pub-
lic health, especially in the densely populated urban areas. Therefore, scientific examination 
of regional variation of urban air quality and its dominant factors is of great importance to 
regional environmental management. Based on daily air quality index (AQI) datasets span-
ning from 2014 to 2016, this study analysed the spatiotemporal characteristics of air quality 
across different regions throughout China and ascertained the determinants of urban air 
quality in disparate regions. The main findings are as follows: (1) The annual average value of 
the urban AQI in China decreased from 2014 to 2016, indicating a desirable trend in air qual-
ity at the national scale. (2) The attainment rate of the urban AQI exhibited an apparent spa-
tially stratified heterogeneity, wherein North China retained a high AQI value. The increase of 
Moran’s I Index reported an apparent spillover effect among adjacent regions. (3) Both at the 
national and regional scales, the seasonal tendency of air quality in each year is similar, 
wherein good in summer and relatively poor in winter. (4) Results drawn from the Geographic 
Detector analysis show that dominant factors influencing AQI vary significantly across urban 
agglomerations. Topographical and meteorological variations in urban areas may lead to 
complex spatiotemporal variations in pollutant concentration. Whereas given the same natu-
ral conditions, the human-dominated factors, such as industrial structure and urban form, 
exert significant impacts on urban air quality.The spatial spillover effects and regional het-
erogeneity of urban air quality illustrated in this study suggest the governments and institu-
tions should set priority to the importance of regional cooperation and collaboration in light of 
environment regulation and pollution prevention. 
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1  Introduction 

Ambient air pollution resulting from the rapid economic development and industrial produc-
tion in China has exerted a significant influence on socio-economic activities and public 



564  Journal of Geographical Sciences 

 

health, especially in the densely populated urban areas. As a substantial number of diseases 
have been reported to have a close connection to the severity of air pollution, urban air qual-
ity has caught the attention from both governments and individuals (Lelieveld et al., 2015; 
Li et al., 2015; Chen et al., 2016; Liu et al., 2016; Liu et al., 2017; Qin et al., 2017). To ad-
dress this concern, the central government of China has adopted a series of new policies to 
strengthen the environmental management (Hu et al., 2015). In 2012, China’s Ministry of 
Environmental Protection (MEP) issued a new ambient air quality standard (GB 3095-2012), 
which monitors the concentration of PM2.5, carbon monoxide, sulfur dioxide, nitrogen diox-
ide, PM10, and ozone in ambient air (MEP, 2012). Considering the diversity of cities 
throughout the nation, China has employed a three-stage scheme to implement the new am-
bient air quality standard (Sheng and Tang, 2016). At the end of 2014, 287 prefecture-level 
cities had implemented this new standard; subsequently, 367 cities began to monitor the six 
air pollutants and publicize their ambient air quality conditions on the official websites in 
January of 2015. 

Urban air quality in China has attracted much interest from multi-disciplinary perspec-
tives, among which the regional disparity of air pollution is an important one. Most of the 
studies have explored the spatial spillover effect and regional homogeneity characteristics of 
air pollution in China from different spatial dimensions, ranging from nationwide to urban 
agglomerations and specific cities (Sun et al., 2012; Fang et al., 2016; Lin and Wang, 2016; 
Peng et al., 2016; Gong and Zhang, 2017). To account for the regional variation of air qual-
ity, many researchers have examined the influencing factors relevant to urban air quality. In 
these studies, factors as meteorological elements, land use and land cover change, urbaniza-
tion, industrialization, energy structure, and transport patterns have been reported to have 
significant impact on urban air quality (Krummel et al., 1984; Shaw et al., 2010; Tai et al., 
2010; Zhang and Fan, 2011;Guan et al., 2014; Lu and Han, 2014; Patton et al., 2014; Li et 
al., 2015; Lin and Wang, 2016; Qin and Liao, 2016; Sun et al., 2016; Zou et al., 2016; Hu et 
al., 2017;Yan et al., 2017). The previous studies, in general, have predominantly observed 
the characteristics of determinants within a single region or among different cities. However, 
only few of previous researches have explored the driving forces of urban air quality in as-
pect of regional division and little literature is available so far about the spatially stratified 
heterogeneity of determinants for AQI in disparate regions throughout China (Zhou et al., 
2016). Since regional variation of air quality is complex and its dominant driving factors 
vary in different regions, comparative analysis at different spatiotemporal scales still re-
quires further research.  

To better understand the manner in which air quality and regional determinants interact, 
we illustrated the spatiotemporal evolution of urban AQI throughout China based on data-
sets from 2014 to 2016, and explored the influence of relevant factors. Compared with the 
existing literature, the quantity of sampled cities in our research increased significantly, 
which helped to engender more accurate and reliable results. Furthermore, the Geographi-
cal Detector-based model (Wang, 2010) was used to explore the influence of different 
geographical factors on urban air quality among disparate regions. Therefore, this research 
is expected to contribute not only to a further understanding of the current urban air pollu-
tion within China but also to a scientific reference for targeted environmental management 
at regional level. 
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2  Materials and methods 

2.1  Study area and sample cities 

Due to China’s three-stage scheme to implement the new ambient air quality standard, the 
number of cities with daily AQI data varied significantly within the past few years. Consid-
ering the data availability, we selected datasets of 161 sample cities in 2014 and 366 sample 
cities in both 2015 and 2016 to illustrate the change of overall air quality in China. The lo-
cation of these cities and their regional division are shown in Figure 1. Most of the cities 
monitored in 2014 were clustered within relatively more prosperous areas, particularly along 
the eastern coastal areas. While in 2015 and 2016, the cities monitored in terms of the new 
standard have spanned to a wide geographical range of Chinese mainland, including 4 mu-
nicipalities, 23 provincial capital cities, 5 autonomous region capital cities, 305 prefecture 
cities (or administrative regions), and 29 county-level cities. Our research is mainly based on 
the data of 366 sample cities, with 161 sample cities in 2014 as a comparison. 

 

Figure 1  The location of the study area (a) and sample cities (b) 

In the Legend of Figure 1a, Region B represents Northeast China, C represents the Beijing-Tianjin-Hebei region, D 
represents the Yangtze River Delta region, E represents the middle reaches of the Yangtze River, F represents the south-
eastern coastal areas, G represents Southwest China, H represents Northwest China, and I represents the middle and 
lower reaches of the Yellow River; see Table 1 

2.2  Data sources 

Daily averaged air quality values for all of the sample cities were downloaded from the offi-
cial website of China’s Ministry of Environmental Protection (http://datacenter.mep.gov.cn). 
The AQI of 161 cities in 2014 and 366 cities in both 2015 and 2016 were collected. The 
MEP’s AQI is based on Chinese Ambient Air Quality Standards, and is measured as the 
maximum individual AQI of all pollutants (MEP, 2012). Geographical data of spatial deter-
minants were obtained from the Data Center for Resources and Environmental Sciences, 
Chinese Academy of Sciences (RESDC) (http://www.resdc.cn). In our Geographical Detec-
tor model, 289 sample cities in 2015 were tested due to data availability. Socio-economic 
data of sample cites were collected from the China Statistics Yearbook of Cities, the China 
Statistical Yearbook, and relevant provincial or municipal statistical yearbooks. Meteoro-
logical data of sample cities were extracted from the interpolation of meteorological data 
from 824 monitoring stations (http://data.cma.cn). 
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2.3  Methodology 

2.3.1  Spatial interpolation 

Spatial interpolation, a widely used data estimation method, is based on the proposition that 
values of a variable in near-by locations are more similar or related than values that are far 
apart. On the basis of this proposition, spatial interpolation procedure estimates the values of 
unknown points in an area by computing the data of nearer known points that influence the 
unknown points (Jeffrey et al., 2001). Given the feature of geographical similarity in China’s 
regional physical geography, we interpolate a raster surface from the points containing re-
lated data and then extract the values from the raster for every point of each sample city. The 
process of Kriging interpolation was conducted in this study. Kriging interpolation is an ad-
vanced geostatistical procedure that generates an estimated surface from a scattered set of 
points, and it can effectively involve an investigation of the spatial manner in which targeted 
factors interact before the final selection of the best estimation method for generating the 
output surface (Oliver and Webster, 1990).  

2.3.2  Spatial clusters 

Spatial agglomeration patterns of urban AQI values are acquired by analysing Global 
Moran’s I statistic and employing the Hot Spot detection tool in ArcGIS. The Global 
Moran’s I Index measures the spatial autocorrelation based on both feature locations and 
feature values simultaneously. The resulting I Index reveals the spatial correlation of the 
urban AQI: when I is greater than zero, it indicates a positive correlation wherein the urban 
AQI has an agglomeration pattern; when I is less than zero, it indicates a negative correla-
tion wherein the urban AQI has a diffuse or uniform distribution; and when I is equal to zero, 
it is uncorrelated, and the urban AQI is distributed irregularly. The Moran’s I Index is given 
as follows (Moran, 1950): 
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where xi and xj are the urban AQI of the i-th and j-th city, respectively, n is equal to the total 
number of all sample cities, wij is the spatial weight between the i-th and j-th city, and x  is the 
mean of x. 

The Hot Spot Analysis tool in ArcGIS operates by comparing each city within the context 
of neighbouring cities. To be a statistically significant hot spot, a city must possess a high 
value and be surrounded by other cities with high values as well. The local sum for a city 
and its neighbours is compared proportionally to the sum of all cities. When the local sum is 
substantially different from the expected local sum and that difference is too large to be the 
result of random chance, the resulting statistically significant Z score indicates that a hot 
spot can be detected accordingly. The Hot Spot Analysis calculates the Getis-Ord Gi* statistic 
for each city in a dataset. By definition, Gi* is calculated as follows (Getis and Ord, 1992): 
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where wi,j is the spatial weight between city i and city j; x, n, and x  have the same meanings 
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as in formula (1), and  
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Because 
*
iG  is a Z-score, no further calculation is required. The resultant Z score indicates 

the location wherein cities with either high or low values will cluster spatially. 

2.3.3  Geographic Detector 

The fundamental theory of the Geographic Detector method was first proposed by Wang et 
al. (2010) as a tool of detecting and assessing the risks of diseases. The Geographic Detector 
method used herein is a spatial statistical method employed to test the relationships between 
geographical phenomena and their potential driving factors (Ju et al., 2016; Wang et al., 
2014; Wang et al., 2016). The factor detector, which is a type of Geographic Detector, can 
quantitatively estimate the relative importance of a particular factor. In this study, the power 
determinant is defined as the difference between unity and the ratio of the accumulated dis-
persion variance of the determinants over each sub-region to that over the entire study re-
gion (Wang, 2010): 
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where D is the influencing factor, U is the affected index, PD,U is the power of determinant, n 
is the sum of all sample cities, σu

2 is the variance of the AQI, m is the classification number 
of an index, and nD, i is the sample number of D of type i. The model is based on the  

hypothesis wherein 
,

2
D iU ≠ 0, with , [0,  1]D UP  . A significantly larger value of PD,U repre-

sents a greater power of influence of a factor, and consequently a higher degree of influence on  
the urban AQI.  

3  The spatiotemporal evolution of urban air quality 

3.1  The evolution characteristics of AQI in China 

As shown in Figure 2, the annual average value of the urban AQI in China demonstrates a 
distinct decrease after 2014. The highest AQI value in 2014 is 235.16 in January, following 
which it drops to 162.14 in 2015, and thereafter becomes 169.23 in 2016. It appears that the 
urban air quality, in general, becomes gradually better from 2014 to 2016. Comparatively, 
the minimum AQI value exhibits little change, dropping from 52.46 (in 2014) to 50.58 (in 
2015), and then to 48.36 (in 2016). These three years have nearly similar variation periods, 
wherein the air quality is better in summer and autumn, but worse in winter and spring. For 
the number of attainment days, the summer is better than the other seasons since the AQI 
values of the majority of days in July, August, and September are lower than 100 (i.e., the 
attainment standard). However, the higher values (greater than 150) are observed for De-
cember, January, and February. Moreover, the range of variation is larger in winter than in 
summer, and it decreases from 2014 to 2016, which indicates that the air quality in China 
has become relatively more stable. 

In the NAAQS-2012, any daily AQI not exceeding 100 is considered to represent an at-
tainment day. The number of attainment days or the attainment rate during the monitored 
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Figure 2  The daily AQI average of sample cities in China in 2014, 2015, and 2016 

days is a key index with which to evaluate the air quality of a city. The attainment rate (AR) 
is the rate during the monitored days when the AQI does not exceed 100, and is computed as 
follows: 

 
Sum of Attainment Days

AR
Sum of Total Number of Monitoring Days

  (5) 

From the distribution pattern of the attainment rate (Figure 3), it is apparent that urban air 
quality exhibits a significant agglomeration feature. North China retains the highest values at 
the nationwide scale, especially in southern Hebei Province, central and western Shandong 
Province, and central Henan province, where the attainment rates are less than 0.5. Com-
paratively, cities within the southeastern coastal areas demonstrate significantly different 
results, for which the attainment rates all exceed 0.7. The contour tool in ArcGIS is used to 
subdivide the attainment zones (Figure 3). As one of main spatial analysis functions of Ar-
cgis, contour tool creates a line feature class of contours (isolines) from a raster surface. By 
this tool, regions with similar attainment rate can be separated from other areas. Cities be-
tween different layers have distinct values in terms of average attainment rate. It can be ob-
served that cities with lower AR values are clustered in the southern part of North China and 
the western part of Xinjiang. Accordingly, the AQI of China shows an obvious stratified 
heterogeneity. In this stratification, the Beijing-Tianjin-Hebei region, the western part of 
Xinjiang, the west-central part of Shandong, and Henan Province belong to the first layer of 
attainment, which is characterized by lower attainment values. The middle and lower reaches 
of the Yangtze River, the middle reaches of the Yellow River, the southern Inner Mongolia, 
and the areas including north of Hebei, Jilin, and Liaoning belong to the second layer, 
wherein the attainment rate ranges from 0.3 to 0.7. The other regions belong to the third 

 

Figure 3  The spatial distribution of the attainment rate for the annually averaged AQI in China 
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layer, which demonstrates a relatively good air quality. 
Generally, the attainment rate of South China is better than that of North China. The 

southeastern coastal area and Southwest China retain a better air quality, while the attain-
ment rate of North China exhibits change in some cities from 2014 to 2016. Apparently, the 
number of attainment cities and attainment days is increasing, which represents a desirable 
trend.  

3.2  Spatial cluster variation 

Moran’s I Index was calculated to test the tendency for spatial clustering (Figure 4). The 
global Moran’ s I during the period spanning from 2014 to 2016 is positive, and the spatial 
pattern of urban AQI displays a positive spatial correlation. The Moran’s I in 2014, 2015, 
and 2016, is 0.695, 0.698, and 0.710, respectively, which demonstrates a statistically sig-
nificant increase of spatial clustering trend. Employing a Hot Spot Analysis of the variation 
in spatial agglomeration of the annual AQI (Figure 5), we discovered the hot spots clustered 
within the Beijing-Tianjin-Hebei region, the middle and lower reaches of the Yangtze River, and 
the North China Plain. In addition, some cities in Xinjiang demonstrate an agglomeration of 
hot spots because of its sandstorm climate. Cold spots are clustered in southern China, in-
cluding the southeastern coastal areas, Guangdong Province, the Yunnan-Guizhou-Sichuan 
region, and Heilongjiang Province (which is especially apparent in 2016) (Figure 5c). This 
suggests an interaction of air quality among cities in adjacent regions. However, the coastal 
cities along the Yangtze River do not present a significant autocorrelation. 

 

Figure 4  Global autocorrelation of AQI for China in 2014, 2015, and 2016 

 

Figure 5  Spatial agglomeration variation of annual AQI in China 

3.3  Comparison among different regions 

To explore the underlying differences and factors of the AQI, we divided the sample cities 
into eight sub-regions (Figure 1 and Table 1). The principle of our division is to maintain the 
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homogeneity within the same region and the heterogeneity among different regions, in 
which both the physical factors and socio-economic factors are taken into full consideration 
(Liu et al., 2016; Lin et al., 2016). Specifically speaking, the sub-regions are illustrated as 
follows. Northeast China is composed of Heilongjiang, Jilin, and Liaoning provinces (Re-
gion B). Beijing, Tianjin, and Hebei Province belong to the Beijing-Tianjin-Hebei region (C), 
which has implemented an integration strategy of environmental management for several 
years. Shanghai, Jiangsu, and Zhejiang provinces comprise the Yangtze River Delta region 
(D). Hubei, Hunan, Anhui, and Jiangxi provinces belong to the middle reaches of the Yang-
tze River (E), while Shandong, Shanxi, and Henan provinces belong to the middle and lower 
reaches of the Yellow River (I). Considering geographical proximity and climatic similarity, 
Guangdong, Guangxi, Fujian, and Hainan provinces are classified into the southeastern 
coastal area (F), which has a relatively better air quality. Sichuan, Guizhou, Yunnan, and 
Chongqing as well as Tibet belong to Southwest China (G). Finally, Northwest China (H) 
consists of three provinces as Gansu, Shaanxi, Qinghai, and three autonomous regions as 
Ningxia, Xinjiang as well as Inner Mongolia. The number of cities in each region is shown 
in Table 1. 

Table 1  Description of regional divisions in China 

Region Province 
Number of 
city (2014)

Number of city 
(2015 and 2016) 

A Nationwide 161 366 

B Heilongjiang, Jilin, Liaoning 16 37 

C Beijing, Tianjin, Hebei 13 13 

D Shanghai, Jiangsu, Zhejiang 25 39 

E Hubei, Hunan, Anhui, Jiangxi 14 54 

F Guangdong, Guangxi, Fujian, Hainan 30 46 

G Sichuan, Guizhou, Yunnan, Chongqing, Tibet 15 54 

H Gansu, Shaanxi, Qinghai, Ningxia, Xinjiang, Inner Mongolia 19 65 

I Shandong, Shanxi, Henan 29 58 

As shown in Figure 6, a significant difference of the urban AQI is observed among re-
gions. The AQI value decreased at the national scale from 2014 to 2015. The annual average 
value of the urban AQI was 95.17 in 2014, which decreased further to 82.88 in 2015 and 
79.94 in 2016, respectively. Compared with the other regions, the Beijing-Tianjin-Hebei 
region (C) and the middle and lower reaches of the Yellow River (I) had a higher AQI, while 
the southeastern coastal areas (F) retained a lower AQI during the three years. The middle 
reaches of the Yangtze River (E) exhibited the greatest difference between the winter and 
summer seasons. The Yangtze River Delta region (D) and Southwest China (G) had a similar 
AQI trend, which remained stable for the whole year except in January and December. The 
air quality of most cities in China had been improved apparently thereafter 2014. In general, 
the trend of air quality in each year was similar, both at the national and regional scale, 
which was good in summer and relatively poor in winter. 

4  Detection of the determinants of AQI in different regions  

4.1  Determinants diagram 

Based on the theoretical researches and literature review, we divided factors impacting urban  
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Figure 6  Monthly variations of AQI among different regions of China for 2014, 2015, and 2016 

air quality into two main categories: nature-dominated factors and human-dominated factors. 
Among them, the human-dominated factors are further divided into two sub-groups as ur-
banization-related factors and industrialization-related factors. Accordingly, we focused on 
three categories of variables: urbanization, industrial pollution, and natural conditions. A 
total of 12 indices were selected to provide a comprehensive assessment of the determinants 
affecting the urban AQI in China, as shown in Figure 7. Urbanization primarily refers to the 
transformation process experienced by a rural area toward an urban life style, which is rep-
resented by an increase of urban population, the expansion of urban built-up areas, and the 
creation of a landscape and corresponding urban environment with social and life style 
changes (Morikawa, 1988; Gu et al., 2012). Therefore, when measuring urbanization vari-
ables, we selected the annual average population (X1), the ratio of urban built-up areas to 
that of the city (X2), per capita gross domestic product (X3), and green land area (X5). Con-
sidering industrial production contributes remarkably to air pollution (Place and Mitloehner, 
2010), variables consisting of the number of industrial enterprises (X4), industrial dust dis-
charge (X6), and industrial SO2 emission (X7) are selected to describe industrial pollution. 
Meanwhile, the natural environment is a fundamental necessity for a region’s air quality. Natural 
condition variables include the slope (X8), annual average relative humidity (X9), annual 
precipitation (X10), annual average wind speed (X11), and the annual average temperature (X12).  

Due to data availability, 289 sample cities in 2015 were chosen to investigate the deter-
minants of the urban AQI. All of the above mentioned indices (X1 through X12) were classi-
fied into five grades (Table 2) based on a natural break classification and the number of 
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Figure 7  Determinants diagram of urban air quality 

same categories within the sample cities. Figure 8 illustrates the spatial distribution and dif-
ferentiation of the 12 detected factors. 

Table 2  Impact factor partitions for the identified geographical factors 

Indices First-grade Second-grade Third-grade Fourth-grade Fifth-grade 

X1 (104 per) <200 200–400 400–700 700–1000 >1000 

X2 (%) <4 4–10 10–18 18–33 >33 

X3 (104 yuan) <3 3–5 5–7.5 7.5–12 >12 

X4 (102) <7 7–15 15–25 25–45 >45 

X5 (102 hm2) <15 15–25 25–40 40–80 >80 

X6 (103 t) <19 19–23 23–42 42–130 >130 

X7 (104 t) <3 3–6 6–10 10–16 >16 

X8 (°） <0.1 0.1–0.5 0.5–1.5 1.5–3.5 >3.5 

X9 (%) <50 50–60 60–70 70–75 >75 

X10 (102 mm) <4.5 4.5–7.5 7.5–10 10–15 >15 

X11 (m/s) <1.4 1.4–1.8 1.8–2.2 2.2–2.6 >2.6 

X12 (℃) <7 7–11 11–15 15–19 >19 

4.2  Results and analysis 

Using the Geographic Detector model, we measured the impact of the 12 factors related to 
the urban AQI in China. The key findings are as follows:  

(1) The significance test of different factors affecting the urban AQI in China (Table 3) 
reveals that meteorological factors have a more significant influence on AQI compared with 
other factors. It is also apparent that the annual average temperature has a greater influence 
relative to other factors except the annual precipitation. In addition, the industrial SO2 emis-
sions indicator is an important factor exerting a greater influence than other socio-economic 
factors at the national scale. 

At the national scale, meteorological conditions and industrial pollution exert obvious 
impacts on the urban AQI, but the influence of urbanization is limited, which is illustrated 
from details about region A in Tables 4 and 5. The top five factors that influence the 
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Figure 8  Spatial distribution of the 12 detected factors 

Table 3  Significance test of different factors affecting the urban AQI in China (Region A) 

 X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11 X12 

X1             

X2 N            

X3 N N           

X4 N N N          

X5 N N N N         

X6 N N N N N        

X7 N N Y N N N       

X8 N N N N N N N      

X9 N N Y N N N N N     

X10 Y Y Y Y Y Y N Y N    

X11 N N N N N N N N N N   

X12 Y Y Y Y Y Y Y Y Y N Y  
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Table 4  Geographically determined weights of the factors affecting the urban AQI in the study area 

P value 
Factors 

A B C D E F G H I 

X1 0.1228 0.2636 0.4115 0.2606 0.1194 0.1440 0.2166 0.0907 0.1765 

X2 0.1312 0.3477 0.0736 0.1213 0.1568 0.1759 0.1716 0.0448 0.1071 

X3 0.0298 0.5177 0.4911 0.1972 0.0688 0.0830 0.1973 0.1315 0.1514 

X4 0.1272 0.2982 0.8172 0.5873 0.1350 0.1104 0.1298 0.0447 0.4137 

X5 0.1307 0.2824 0.3109 0.2576 0.0771 0.0421 0.5025 0.1660 0.2235 

X6 0.1599 0.3471 0.3368 0.4776 0.0162 0.0134 0.0924 0.1616 0.0491 

X7 0.1889 0.4813 0.1442 0.3482 0.0182 0.2016 0.0981 0.0888 0.0450 

X8 0.1315 0.0705 0.2278 0.1232 0.1490 0.0442 0.4818 0.0145 0.2327 

X9 0.2168 0.2764 0.2746 0.2559 0.1084 0.0067 0.3129 0.0231 0.1483 

X10 0.2943 0.3289 0.0397 0.6956 0.1880 0.0592 0.4749 0.0575 0.0148 

X11 0.1016 0.0562 0.2641 0.2289 0.1782 0.3815 0.4509 0.2087 0.2351 

X12 0.3436 0.2479 0.7128 0.0077 0.1507 0.0450 0.3834 0.0365 0.1590 

Table 5  The top three factors affecting the urban AQI for individual regions 

Region Factors P value Factors P value Factors P value 

A X12 0.3436 X10 0.2943 X9 0.2168 
B X3 0.5177 X7 0.4813 X2 0.3477 
C X4 0.8172 X12 0.7128 X3 0.4911 
D X10 0.6956 X4 0.5873 X6 0.4776 
E X10 0.1880 X11 0.1782 X2 0.1568 
F X11 0.3815 X7 0.2016 X2 0.1759 
G X5 0.5025 X8 0.4818 X10 0.4749 
H X11 0.2087 X5 0.1660 X6 0.1616 
I X4 0.4137 X11 0.2351 X8 0.2327 

 
urban AQI are the annual average temperature (0.3436), annual precipitation (0.2943), an-
nual average relative humidity (0.2168), industrial SO2 emission (0.1889), and industrial 
dust discharge (0.1599). For most regions, the P values for annual precipitation remained high, 
especially for the Yangtze River Delta region (D) and Southwest China (G) where the P 
values for annual precipitation were 0.6956 and 0.4749, respectively, which indicates that 
annual precipitation plays a key role in maintaining good air quality. 

(2) Disparate regions are characterized by different primary determinants (Tables 4 and 5). 
The dominant factors for the urban AQI in Northeast China (B) are the per capita GDP 
(0.5177), industrial SO2 emission (0.4813), and the ratio of urban built-up areas (0.3477). 
This reveals that industrial production and the economic development of Northeast China 
have a fundamental influence on its air quality. Meanwhile, the influences of precipitation 
(0.3289) and temperature (0.2479) are lower than those of industrial factors. 

The dominant factors in the Beijing-Tianjin-Hebei region (C) are the number of industrial 
enterprises (0.8172), annual average temperature (0.7128), per capita GDP (0.4911), and 
annual average population (0.4115). The number of industrial enterprises represents the ex-
tent of air pollution, and has a significant correlation with the AQI. Temperature influences 
air flow and diffusion, which have a significant impact on air quality. The GDP reflects the 
industrial development and urbanization of a region, and therefore has a certain relationship 
with air quality. Meanwhile, population is a key factor for the Beijing-Tianjin-Hebei region, 
as the cluster of population in this region is directly correlated with pollutant emissions from 
vehicles and households, etc. This result supports the hypothesis that population is a key 
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influencing factor on the air quality in densely populated areas, same as other researchers 
have argued that anthropogenic emissions impact the regional climate and air quality (Chen 
et al., 2017; Li et al., 2017).  

The dominating factors in the Yangtze River Delta region (D) are annual precipitation 
(0.6956), the number of industrial enterprises (0.5873), and industrial dust discharge 
(0.4776). Since the Yangtze River Delta is adjacent to the sea, precipitation has a substantial 
influence on the urban AQI. The frequent rainfall in the region significantly improves the 
urban air quality, and industrial production has a greater influence than other factors since it 
represents a direct source of air pollution. 

The foremost factors in the middle reaches of the Yangtze River (E) are annual precipita-
tion (0.1880), annual average wind speed (0.1782), and the ratio of urban built-up areas 
(0.1568). These factors reflect that precipitation plays an important role in improving the air 
quality, while wind speed affects the diffusion of air pollution. Compared with other regions, 
these three factors have a lower influence on air quality in this region. 

The principal factors for the southeastern coastal areas (F) are the annual average wind 
speed (0.3815), the industrial SO2 emissions (0.2016), the ratio of urban built-up areas 
(0.1759), and the annual average population (0.1440). The significance of wind speed factor 
demonstrates that coastal weather and the corresponding air circulation greatly affect air 
quality in southeastern China, the reason for which is that, under tropical and subtropical 
monsoon climates, easterly and southeasterly winds are prevalent during spring (March to 
May) and southwesterly winds are prevalent during midsummer (June to August). Since 
these winds blow clean air from the sea to the coast, it is helpful to improve the air quality 
(Sheng and Tang, 2016). Moreover, industrial pollution has a direct influence on air quality, 
while the flow of pollution is a significant factor as well. Finally, since many people are 
clustered in the southeastern coastal areas, especially in the Pearl River Delta, the size of the 
population also has a significant influence on the air quality within this region. 

The prevailing factors in Southwest China (G) are the green land area (0.5025), slope 
(0.4818), and annual precipitation (0.4749). This suggests that topography has a significant 
influence on the AQI in Southwest China, especially in the Sichuan Basin, since the slope 
has a notable influence on air diffusion and circulation. Moreover, the area of green land and 
forest coverage within an urban territory has a positive influence on the improvement of ur-
ban air quality. 

The dominating factors in Northwest China (H) are the annual average wind speed 
(0.2087), area of green land (0.1660), industrial dust discharge (0.1616), and the per capita 
GDP (0.1315). Compared with other regions, economic development and industrial produc-
tion tend to play a more important role in air quality in Northwest China. 

The dominant factors in the middle and lower reaches of the Yellow River (I) are the 
number of industrial enterprises (0.4137), annual average wind speed (0.2351), and slope 
(0.2327). Industrial emission is the key factor for this region, and it is thus necessary to im-
plement regional joint control to improve air quality. Wind speeds and slope also affect the 
air circulation in this region.  

(3) There are obvious differences among the 12 examined factors. The urbanization fac-
tors have a greater influence on air quality in metropolis areas, especially the factor X1 (an-
nual average population) whose P value is higher in the Beijing-Tianjin-Hebei and Yangtze 
River Delta regions. The factor X3 (per capita GDP) has greater influence in Northeast 
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China, the Beijing-Tianjin-Hebei and Yangtze River Delta regions. The factor X5 (green land 
area) exerts a more powerful influence in Southwest China, the Beijing-Tianjin-Hebei region 
as well as Northeast China. Meanwhile, the number of industrial enterprises (X4) has the 
greatest influence (0.8172) relative to other factors in the Beijing-Tianjin-Hebei region, by 
contrast with its weak influence on AQI in Northwest China (0.0447). Generally, the indus-
trial factors possess greater significance in regions which are characterized by a more de-
veloped industry, such as the Beijing-Tianjin-Hebei and Yangtze River Delta regions. Mete-
orological conditions influence nearly all of the regions, while the slope only matters in re-
gions with wide-range topographic variations. Annual precipitation and annual average rela-
tive humidity have more influence in the Yangtze River Delta region and South China, while 
the annual average wind speed matters more substantially in South China. The annual aver-
age temperature has the greatest influence on AQI in the Beijing-Tianjin-Hebei region 
(0.7128) compared with the other regions. 

5  Conclusions and implications 

5.1  Conclusions 

Based on a dataset spanning from 2014 to 2016, our study analysed the spatiotemporal pat-
terns of the urban AQI in China in terms of attainment rates, seasonal differentiation, and 
regional divisions. Furthermore, we focused on exploring the geographical determinants 
affecting AQI among different regions by combining the GIS spatial analysis and the Geo-
graphic Detector method. The following main conclusions can be drawn from the study: 

(1) The annual average value of the urban AQI in China decreased from 2014 to 2016, 
representing a desirable trend of air quality. However, the worst air quality days still ap-
peared during winter, while the air quality in summer was relatively good and stable. 

(2) The attainment rate of the urban AQI exhibits an apparently spatial stratified hetero-
geneity. The south-central region of North China and the western part of Xinjiang retained 
the worst air quality at the national scale. Cities with medium grade of air quality are mainly 
located in the middle and lower reaches of the Yangtze River, the middle reaches of the Yel-
low River, southern Inner Mongolia, and the northern part of Hebei, Jilin, and Liaoning 
provinces. Other regions demonstrated a good attainment rate of the average annual air 
quality.  

(3) The increase of Moran’s I Index of the urban AQI from 2014 to 2016 demonstrates a 
statistically significant increase of spatial clustering trend, which indicates that urban air 
quality exhibits an apparent agglomeration feature. Hot spots were reported in the Bei-
jing-Tianjin-Hebei region, the middle and lower reaches of the Yangtze River, and North 
China. Meanwhile, a major cold spot was clustered in Southern China. However, the coastal 
cities along the Yangtze River did not possess any significant autocorrelation. 

(4) Both at the national and regional scale, the tendency of air quality in each year is 
similar, i.e., good values in summer and relatively poor values in winter. Compared with the 
other regions, the Beijing-Tianjin-Hebei region and the middle and lower reaches of the 
Yellow River maintained higher AQI values over each of the three years. Meanwhile, the 
southeastern coastal areas retained a lower AQI for the three years, and the middle reaches 
of the Yangtze River exhibited the greatest differences between winter and summer. 
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(5) Disparate regions have different determinants for the urban AQI. Meteorological con-
ditions and industrial pollution exert obvious impacts on the urban AQI, but the influence of 
urbanization is limited from the national scale. Generally, industrial factors have greater in-
fluence in regions which possess higher levels of industrialization. Meteorological condi-
tions play an important role toward improving air quality, while the slope affects air diffu-
sion in regions with high topographic variations. 

5.2  Implications 

The findings in our paper have significant policy implications. Air quality management plan 
has been employed by Chinese government as the most important one of the series of poli-
cies in managing urban air quality. The successful implementation of air quality policies 
relies on multi-factors existing at different scales, e.g. national, municipal and local. Unde-
niably, topographical and meteorological variations in urban areas, which are generally be-
yond our control, may lead to complex spatiotemporal variation in pollutant concentration. 
Whereas given the same natural conditions, the human-dominated factors, such as industrial 
structure and urban form which exert significant impacts on urban air quality are within the 
control of human activities. Thus, optimizing industrialization and urbanization initiatives 
and strengthening their environmental implications should be the key points to improve ur-
ban air quality. Furthermore, the regional heterogeneity of urban air quality urges Chinese 
municipal governments strengthen regional cooperation and deepen bilateral collaboration in 
light of air regulation and pollution prevention. 

Due to data limitations, the long-term change of urban air quality has not been deeply 
discussed in this study. Meanwhile, the complexity of urban air quality and its interaction 
mechanism with influencing factors still remain to be studied in the future. We need to ac-
cumulate more data and to explore new avenues to research the spatiotemporal variations of 
urban air quality and its driving forces. 
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