
Introduction

Fine particles are the most important atmospheric 
pollutants in China. Fine particles are responsible for 
both District-City and multi-level complex pollution, 

and their sources and causes are very complex [1]. 
Increased PM2.5 concentrations result in decreased 
atmospheric visibility and also endanger human health 
[2-4]. Studies show that cities with health and economic 
losses caused by PM2.5 are mainly distributed in the 
Beijing-Tianjin-Hebei region, northern and eastern 
regions of China and about 3 million people worldwide 
die each year from long-term exposure to outdoor air 
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Abstract

The impact of PM2.5 pollution on the ecological environment and human health and safety has 
attracted worldwide attention. Previous analyses of large-scale PM2.5 spatiotemporal distribution 
have mainly been based on satellite observations. Due to the limitations of inversion methods, the 
real temporal and spatial variation of PM2.5 concentrations cannot be obtained from satellite data. 
Using PM2.5 data from 2014 to 2017 inversed from the daily PM2.5 data in Shandong Province and 
employing time series, spatial autocorrelation, and geographical detector methods, the temporal and 
spatial evolution of PM2.5 concentrations in Shandong Province and their driving factors are revealed. 
The results show that the annual variation trend in the PM2.5 concentration in Shandong Province is 
downward, with an average annual concentration of 57.6 μg/m3, while the monthly and winter months 
show significant high-level u-type changes, with small changes in spring and summer, and the number 
of days for air compliance in 2017 was 294 . Linyi and Dezhou have the largest annual decline in air 
quality, while coastal cities have a small decline in air quality. From 2014 to 2017, PM2.5 of Shandong 
Province showed obvious spatial agglomeration and disparity patterns. The correlation between PM2.5 
and other elements differs significantly by month, and soot emission has the most significant effect 
on PM2.5 concentration. Geographic detection analysis indicates that the main driving factors for the 
change in PM2.5 concentration in Shandong Province are crop broadcast area and soot emissions.

   
Keywords:	 PM2.5, spatiotemporal distribution, spatial autocorrelation, geographic detector, driving 
factors

*e-mail:  503293764@qq.com

DOI: 10.15244/pjoes/120522 ONLINE PUBLICATION DATE: 2020-07-17  



Yu M., et al.464

pollution [5]. In 2017, 15000 deaths in China due to 
short-term PM2.5 pollution, a value far exceeding the 
health standards of the World Health Organization 
(WHO). Long-term exposure to PM2.5 will cause acute, 
chronic bronchitis and asthma health problems, severe 
cases can also cause death from various causes such as 
cardiovascular, respiratory system, lung cancer and the 
like [6-8].

There are many researches on the causes and 
driving forces of PM2.5, including indoor and 
outdoor, burning wood in traditional wood stoves 
and fireplaces is a common heating method in rural 
inland areas of China and Mediterranean countries 
in severe cold, and residential biomass burning is the 
most threatening human life in indoor environments 
[9-11]. In addition, other pollutants in the outdoor 
atmosphere, topographical conditions, socioeconomic 
factors and various meteorological factors affect 
PM2.5 concentration, resulting in significant spatial 
and temporal variability and spatial spillover [12-14], 
Meteorological factors include temperature, humidity, 
precipitation, wind speed, and horizontal visibility [15]. 
Terrain factors include topographic fluctuations, slopes, 
and aspects, and many scholars have conducted the 
correlation analysis between PM2.5 and other pollutants 
such as PM10, SO2, O3, NO, CO, etc [16,17]. Economic 
factors include urban population density, urban 
greening rate, building area ratio, motor vehicle exhaust 
emissions, straw burning, coal burning, land use types, 
steel manufacturing [18]. Zhou et al. (2017) used 
geographic detectors to analyze the socio-economic 
factors that drive the temporal and spatial changes of 
PM2.5, they found that population density, industrial 
soot and straw burning were the main factors for the 
spatial change of PM2.5 concentration in China [19].

Researches on air pollution are more developed in 
North America, Europe and other developed regions, 
which mainly focusing on health benefits, affecting 
heterogeneity, spatio-temporal variability, and economic 
growth [20-22]. With the acceleration of urbanization 
and rapid industrialization in China, more scholars 
pay attention to the sources and characteristics of air 
pollutants in China. Some scholars use time series, 
multiple regression models, and geographic weighted 
models to study the distribution of PM2.5 over time 
[23-25]. For example, Fu et al. (2016) estimated the 
concentrations of PM2.5 and PM10 in Xinjiang using 
least squares and geographic weighted regression 
models, the geographic weighted regression model has 
a good fit and small error as a result, which can clearly 
reflect the spatial distribution of the concentration 
[26]. Han et al. (2019), Wang et al. (2015) and Guo et 
al. (2009) have also analyzed the distribution of PM2.5 
in space using spatial autocorrelation and interpolation 
analysis and remote sensing inversion [27-29]. Zhang et 
al. (2016), Jin et al. (2013) and Jiang et al. (2017) have 
used the correlation analysis method, gray correlation 
method, spatial lag model, spatial error model, and 
spatial Dubin model to analyze the main influencing 

factors of PM2.5 [30-32]. These studies above analyzed 
the temporal and spatial distribution and driving forces 
of PM2.5 in different aspects with vary methods, which 
have a great significance to guide the specific protective 
measures required for air pollution.

Currently, there are three ways to obtain the 
PM2.5 concentration, namely, real-time monitoring 
point data spatial interpolation, remote sensing image 
inversion of atmospheric aerosol thickness (AOD) and 
the establishment of a weighted regression model [33]. 
It is difficult to use satellite inversion telemetry AOD 
to characterize the spatial pollution pattern of PM2.5 
to reveal the variation pattern of a certain region on 
different time scales [34, 35]. Therefore, studying spatial 
and temporal heterogeneity in Shandong Province 
using near-surface observation data will provide more 
scientific and accurate results. In 2017, the Ministry 
of Environmental Protection of China announced 
the air quality status of China's key regions and  
74 cities in 2014 based on the comprehensive ranking 
of PM2.5, PM10, NO2, CO, O3 and other pollutants 
[36]. Among them, Jinan City in Shandong ranks 
among the top ten cities with poor air quality. The air 
quality in Shandong Province is becoming increasingly 
severe, but there are rarely researches in Shandong 
Province, we use the observation data of monitoring 
stations to study the source analysis, the genetic 
mechanism, spatial characteristics and driving factors 
of PM2.5 in Shandong Province from 2014 to 2017. 
The time series analysis method is used to analyze 
the seasonal, monthly and autocorrelation of PM2.5 
concentration in Shandong Province, and the temporal 
variation of PM2.5 concentrations in Shandong 
Province is discussed. In addition to spatial statistical 
analysis (global Moran's I and Anselin local Moran's I) 
methods, the spatial distribution and spatial evolution 
characteristics of PM2.5 concentration values in 
Shandong Province from 2015 to 2017 are studied by 
means of spatial interpolation. To solve the problem 
of driving factors, we adopt a novel method called a 
geographic detector. Geographical detectors have shown 
state-of-the-art performance in the field of air pollution, 
These detectors can detect not only the impact of each 
factor on PM2.5 but also the interaction between two 
factors.This study can help understand the scale of 
pollution and make decision support for improving air 
quality in Shandong Province.

 Materials and Methods

Research Area

Shandong, referred to as “Lu”, is a provincial 
administrative region located on the eastern coast of 
China between 34°22.9′-38°24.01′ north latitude and 
114°47.5′-122°42.3′ east longitude. It borders Hebei, 
Henan, Anhui and Jiangsu provinces with a total area of 
157100 square kilometers. (Fig. 1).
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Materials 

Three types of research data are used. (1) The daily 
monitoring values of atmospheric pollutants in 17 cities 
in Shandong Province from 2014 to 2017 are obtained 
from the China Air Quality Online Monitoring 
Platform (https://www.aqistudy.cn/historydata/). (2) 
Based on the basic geographic data, the regional 
vector boundaries of Shandong Province are extracted 
from the administrative boundaries of provinces and 
municipalities. (3) Social and economic data are derived 
from the Shandong Statistical Yearbook from the 
corresponding years (2014-2017).

Methods

Time Series Analysis Method

Autocorrelation analysis is a commonly used method 
of time series analysis [37]. The autocorrelation analysis 
method was used to analyze the daily average PM2.5 
concentration data continuously observed in Shandong 
Province from 2014 to 2017, to explore its change 
process and development scale, and to determine the 
monitoring period according to the time variation 
characteristics of the detected objects. This paper 
studies the annual and quarterly changes in PM2.5 in 
Shandong Province from 2014 to 2017. The formulas for 
calculating the sample autocorrelation function (ACF) 
of the time series are as follows:
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...where rk represents the time series autocorrelation 
coefficient, t represents the sequence, k represents the 
time lag, n represents the sample path length, xt 

represents the PM2.5 concentration on day t, and x  is 
the average of xt. The mean value of a variable is defined 
by (2):
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Formulas (1) and (2) can be used to calculate the 
self-correlation coefficient of the PM2.5 concentration 
in Shandong Province with time and to draw relevant 
conclusions from their ACF diagrams.

Spatial Autocorrelation Analysis

The global spatial autocorrelation of the PM2.5 
concentration was tested by the global Moran's I index. 
The value of global Moran's I index is between -1 and 
1: a value less than 0 indicates a negative correlation 
[38]. The smaller the value is, the stronger the spatial 

Fig. 1. The Location of the research area.
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dispersion of PM2.5; a value equal to 0 is irrelevant 
and indicates that the space is random; a value greater 
than 0 means positive correlation, and a larger value 
indicates that PM2.5 has a strong spatial agglomeration 
[39]. The calculation formula of the global Moran's I 
index (3) is as follows:  

                (3)

...where n is the sample size, that is, the number of 
spatial locations. xixj are observation values of spatial 
location (region) i and j, respectively, and Wij  indicates 
that the spatial relationship weight matrix is used to 
display the proximity relationship of spatial positions  
i and j. When i and j are adjacent positions (regions),  
Wij = 1; conversely, Wij = 0. The global Moran’s I has a 
value range of [-1, 1].
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In the formula, Z(I) can measure the salience level 
of the global Moran's I index, e(i) is the mathematical 
expectation, and var(i) is the variance [40].

The advantage of local spatial autocorrelation 
analysis is that the local spatial autocorrelation of each 
spatial location can be clearly obtained through the 
saliency map. For the i-th spatial element, the Moran's I 
index (5) formula is as follows:

        (5)

Z(I), which measures the significance level of the 
global Moran's I index, can also measure the local 
Moran's I index. In the case of P = 0.05, if Z(I)>1.96, 
the concentration of PM2.5 in this unit and its adjacent 
units is relatively high, and it is the "high-high" type, 
i.e., "hot spot" area; if Z(I)>1.96, the concentration of 
PM2.5 in this unit and its adjacent units is relatively 
low, and it is the "low-low" type, that is, a "cold spot"  
area; if Z(I)<-1.96, the high-PM2.5 concentration 
units are surrounded by the low-value units, and it 
is the “high-low” type; if Z(I)≤1.96, the low-PM2.5 
concentration units are surrounded by the high-value 
units, and it is a “low-high” type, where Z(I)>1.96 
indicates that there is a significant positive local spatial 
correlation and spatial aggregation; for Z(I)≤1.96, there 
is a significant negative local spatial correlation, and the 
space is discrete.

Geographic Detector

Geographic detectors can detect spatial heterogeneity 
by checking the consistency of the spatial distribution 
of two variables and ultimately detecting the possible 
causal relationship between the two variables [41]. A 
factor detector is used in this model to detect whether 
a geographical factor is the cause of the difference in 
PM2.5 spatial distribution. The specific method is to 
compare the total variance of PM2.5 indicators by 
different categories and then compare the total variance 
of indicators in the entire region. The model (6) is as 
follows:
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PD.H is the explanatory force of the PM2.5 driving 
factor; D is the driving factor of the PM2.5 average 
concentration change; n and σ2 are the total sample size 
and variance of the study area; n is the classification 
number of some driving factors; nDj is the sample 
number of D index in class I. The range of PD.H is [0,1]. 
The larger the value, the stronger the explanatory power 
of this factor for the change in PM2.5 concentration. 
A value of 0 indicates that the classification factor has 
nothing to do with the change in PM2.5 A value of 1 
indicates that the classification factor can fully explain 
the difference characteristics of PM2.5.

Results and Discussion

Time Variation of PM2.5 in Shandong Province

PM2.5 Yearly and Monthly Changes

According to the comprehensive time series 
analysis, the PM2.5 concentration of each city in 
Shandong Province shows a downward trend in four 
years as a whole (Fig. 2), and the PM2.5 in Shandong 
Province also shows a downward trend in 2014-2017. 
Among them, Linyi and Dezhou have the largest 
annual decline in the concentration, reaching an annual 
decline of 12-13 μ g/m3, while the eastern coastal 
cities have the lowest decline in the concentration. In 
2017, the number of days of PM2.5 moderate pollution 
and heavy pollution in 17 cities has greatly improved 
compared with that in 2015 (Fig. 3). The weather of 
Heze and Laiwu with more serious pollution reached 
more than half a month in December 2015 is moderate 
pollution and heavy pollution, and it dropped to less 
than 15 days in 2017. Yantai and Weihai are the cities 
with the best weather conditions. In 2017, In 2017, 
Qingdao and Rizhao were also in good condition, with 
moderate and severe pollution days less than 5 days. In 
2014-2017, the tendency of the monthly concentration 
of PM2.5 in Shandong Province showed a ‘U’-type 
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fluctuation (Fig. 4). The highest concentrations in 
2014 and 2015 amounted to 136 μ g/m3 and 137 μg/m3, 
respectively, which appeared in January and December, 
respectively. In August, PM2.5 had the lowest monthly 
average concentration, which was lower than the 
standard concentration limit of 75 μg/m3. The lowest 
concentration was 33 μg/m3 in August 2017, which was 
below the 35 μg/m3 standard line. The overall PM2.5 
concentration over the whole year showed a U-shaped 
trend, with low values in summer and autumn and high 
values in spring and winter. The foremost reason is that 
the amount of coal used for heating in winter increases, 
and the amount of particulate matter discharged into 
the atmosphere increases. In summer, the temperature is elevated and the precipitation is high, and the 

wind speed is enhanced to promote sedimentation of 
particulate matter.

Time Series Autocorrelation

The average daily PM2.5 concentration of 1461d in 
Shandong Province in 2014, 2015, 2016 and 2017 was 
analyzed by the MATLAB statistical toolbox to reveal 

Fig. 2. Distribution map of PM2.5 annual average concentration reduction in 17 cities and regions from 2014 to 2017.

Fig. 3. Days of moderate and severe pollution in 17 cities in 2015 
and 2017.

Fig. 4. Monthly PM2.5 concentration in 2014-2017.
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the time series characteristics of the four-year PM2.5 
concentration change in Shandong Province, and the 
main findings are as follows (such as Fig. 5): Looking 
up the critical value table of the correlation coefficient, 
at the significant level α = 0.001, the degree of freedom 
is 1000, the critical value of the correlation coefficient 
test is γ0.001 = 0.081, and the autocorrelation coefficient 
of order 1-20 is larger than the critical value. The 
results showed that the autocorrelation of the PM2.5 
concentration in Shandong Province is particularly 
strong with time. The farther the time is, the weaker the 
correlation is. The closer the time is, the stronger the 
correlation is. The time period of two days was the most 
relevant. The daily average PM2.5 concentration in 
Shandong Province is related to the concentration in the 
previous 1-20 days, and it has the strongest correlation 
with the first and second days.

Statistics of PM2.5 Exceeding the Standard

According to the annual average concentration 
limit of PM2.5 in China's "Environmental Air 
Quality Standards" (GB3095-2012) [42], the annual 
average concentration of PM2.5 can be divided into 6 
intervals: excellent (0-40 μg/m3), good (40-75 μg/m3), 
light (75-110 μg/m3), moderate (110-145 μg/m3), 
severe (145-180 μg/m3), and serious pollution 
(>180 μg/m3). Through an in-depth analysis of the 
proportion in each year of the study period, the 
daily average concentration of PM2.5 in 17 cities of 
Shandong Province was calculated, and the frequency 
of pollution levels in each city was obtained. The 
number of days with excellent air quality in Shandong 
Province has increased year by year, with an increase 
of up to 35% in 2017. The proportion of annual average 
PM2.5 concentrations higher than 180 µg/m3 (the 
serious pollution limit) continued to decline from 3.8% 
in 2014 to 1.4% in 2017. The results indicate that the 
number of low polluted areas with annual average 
PM2.5 concentrations less than 40 µg/m3 increased 
continuously, while the number of high polluted areas 

with an average annual concentration of PM2.5 higher 
than 110 µg/m3 increased. The number of days in which 
air quality reached the standard in the 17 cities rose 
between 2014 and 2017 from 210 days to 294 days. The 
air compliance rate is as high as 81% per day. Fig. 6 
shows that the Shandong Provincial Party Committee 
and the provincial government issued a comprehensive 
plan for solving key environmental protection issues in 
2017, which will greatly help improve the environmental 
quality of Shandong Province.

Evolution Characteristics of PM2.5 
Spatiotemporal Patterns in Shandong 

Province

Evolution Characteristics of Spatial-temporal 
Patterns

The global autocorrelation of PM2.5 concentrations 
in 17 counties and cities of Shandong Province was 
analyzed by using GeoDa software for 2015 and 
2017. As shown in Table 1, the global autocorrelation 
coefficient of Moran's I index was higher in 2017 than 

Fig. 6. Trend of PM2.5 concentration in Shandong between 2014 and 2017.

Table 1. Global spatial autocorrelation coefficient of PM2.5 
concentration in Shandong.

Date Moran’s I Z value P value

Winter of 2015 0.5318 3.4860 0.002

Spring of 2015 0.5032 3.3216 0.003

Summer of 2015 0.6453 3.9573 0.001

Autumn of 2015 0.65091 4.058 0.001

Winter of 2017 0.6006 3.9233 0.001

Spring of 2017 0.5582 3.6425 0.002

Summer of 2017 0.6988 4.4092 0.001

Autumn of 2017 0.5638 3.6671 0.004
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in 2015, except in autumn. The Z value of the overall 
autocorrelation coefficient in each period coincides 
with the Moran’s I index. During the study period, the 

global Moran’s I index is positive, the Z value is greater 
than 2.58, and the P value is less than 0.01. Thus, the 
global positive spatial autocorrelation of the PM2.5 

Fig. 7. Local spatial autocorrelation of PM2.5 in Shandong Province in 2015-2017.
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annual average concentration in Shandong Province 
is significant, and the spatial aggregating feature is 
obvious. A local autocorrelation analysis was conducted 
on the 2015-2017 average concentrations of 17 counties 
and cities in Shandong Province using GeoDa software. 
As shown in Fig. 7, aggregation was low-low in Yantai 
in all periods of time; low-low in Qingdao in the third 

quarter of each year, that is, autumn; high-high in 
Jinan; and always in the transition between low-high 
and high-high in Tai’an. The PM2.5 concentration in 
other counties and cities did not show meaningful local 
spatial autocorrelation. In 2017, no county or city with 
a "high-low" or "low-high" local spatial autocorrelation 
type was found, which indicated that the PM 2.5 

Fig. 8. The spatial distribution of PM2.5 concentrations in Shandong Province in 2015 and 2017.
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concentration in Shandong Province shows strong 
positive local spatial autocorrelation characteristics.

Spatial Distribution Patterns of PM2.5 
Concentration in Shandong Province

Interpolation is one of the main research contents of 
geostatistics. Cities are the agglomeration of economy, 
architecture, population and traffic, resulting in high 
PM2.5 concentrations in many developed urban areas. 
In this paper, the spatial interpolation method is used 
for real-time monitoring point data. However, most 
of the air quality monitoring stations are located in 
cities, with a small number in rural areas. Scholar 
Chen Di concluded that the change in PM2.5 at all 
monitoring stations in China has a global correlation 
through principal component analysis and further 
established that the PM2.5 at each monitoring station 
has a long-range correlation through the spatial distance 
correlation coefficient. It seems that the concentration 
of PM2.5 in each city is a random variable [43]. The 
actual concentration of PM2.5 is continuous and regular 
in space. The kriging interpolation method is based on 
the theory of variation function and structural analysis, 
and it is a method for unbiased optimal estimation of 
the value of regionalism variables in a limited area .

The ARCGIS10.2 software geostationary analysis 
toolbox was used for interpolation analysis. According 
to the principle of minimum error, verified and cross-
validated multiple experiments, ordinary kriging spatial 
interpolation analysis was carried out for the quarterly 
PM2.5 concentration in Shandong Province for 2015 
and 2017 with small errors and better results (Fig. 8).

The concentration of PM2.5 in Shandong Province 
showed a spatial distribution trend of high in the 
west and low in the east. The concentration of PM2.5 
gradually increased from the coastal to inland areas, 
showing a stepped change. The most noticeable change 
was in the winter of 2015. Extra-high pollution areas 
with concentrations above 155 μg/m3 were concentrated 
in Liaocheng, Heze and Dezhou. At this time, the 
concentration of Weihai City in the eastern part of 

Shandong Province was less than 28 μg/m3, and the 
difference between the two concentrations was nearly 
fivefold. The concentration in Tai'an City was 90-
100 μg/m3, except in winter. In Tai'an City, most of 
the mountains have a blocking effect on the large 
amount of fine particles carried around the surrounding 
area, so the air quality is better. In terms of seasonal 
distribution, the PM2.5 concentration for each quarter 
in 2017 substantially improved and was higher than that 
in 2015, but the concentration in winter was greater 
than that in other seasons. The northwest wind prevails 
in Shandong Province in winter. In addition to its own 
emissions of fine particles, the upper wind in Beijing, 
Tianjin and Hebei also carries large amounts of fine 
particles. With blockage in the central mountainous 
areas of Shandong Province, the PM2.5 concentration 
in Shandong Province increased to a certain extent. 
The prevailing summer monsoon became the southeast 
monsoon, and the wind from the ocean diluted the 
pollutants discharged by Shandong Province itself. 
Winter coal consumption is among the reasons for the 
increase in PM2.5 concentration. People are becoming 
increasingly aware of the hazards of PM2.5; thus, 
coal consumption has been reduced to protect the 
environment, high pollution areas in Shandong Province 
have shown a rapid reduction in pollution, and the 
environmental quality has been effectively improved.

Analysis of Driving Factors of PM2.5 Pollution 
in Shandong Province

The accuracy of pollution source analysis determines 
the reliability of environmental impact prediction 
results and provides important measures for pollution 
prevention and control. The pollution sources of PM2.5 
in Shandong Province involve many complicated impact 
factors. This paper selects data from 17 cities in 2014, 
2015, 2016 and 2017 to explore the advantages of 
geographic detectors in detecting spatial differentiation 
characteristics and patterns and reveals the driving 
factors behind them. Eight indicators, namely, crop 
broadcast area (X1), physical geographical division 

Table 2. Geographical detection analysis of PM2.5.

Detection index 2014 2015 2016 2017

P Q P Q P Q P Q

Crop broadcast area (X1) 0.6357 0.1698 0.9526 0.2444 0.9693 0.1645 0.9193 0.1815 

Natural geographical division (X2) 0.5957 0.1468 0.6072 0.2916 0.7144 0.2528 0.5699 0.3418 

Built-up area proportion (X3) 0.3432 0.2720 0.3743 0.3750 0.9088 0.3044 0.6315 0.3689 

Urban greening rate (X4) 0.9983 0.0090 0.4483 0.3488 0.9860 0.1678 0.9931 0.1568 

Gas and petroleum gas supply (X5) 0.2219 0.3004 0.4466 0.3301 0.3007 0.4862 0.1536 0.6174 

Residential car ownership (X6) 0.4922 0.3052 0.0949 0.4485 0.1093 0.4358 0.1220 0.4275 

Smoke and dust emission (X7) 0.9552 0.0914 0.9184 0.2000 0.9949 0.0543 0.9415 0.0806 

Population density (X8) 0.6945 0.1812 0.6386 0.1497 0.5372 0.1980 0.5864 0.1705 
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(X2), built-up area proportion (X3), urban greening rate 
(X4), gas and petroleum gas supply (X5), residential 
car ownership (X6), smoke and dust emission (X7), and 
population density X8), were selected to calculate the 
contribution of PM2.5 in 17 cities of Shandong Province 
(Table 2).

Natural Factors Driving Temporal and Spatial 
Variations in PM2.5

The change in PM2.5 concentrations in Shandong 
Province determined by a geographic detector is closely 
related to regional natural factors.  The most significant 
factor impacting PM2.5 is the natural geographic 
region (X2). For the three years of 2014,2015, 2016 and 
2017, the detection and explanatory power P values 
of PM2.5 are 0.5957,0.60723, 0.71438 and 0.56993, 
respectively, which fully shows the pattern of regional 
differentiation. Hydrology and vegetation have an 
important effect on the formation mechanism of PM2.5. 
The spatial and temporal pattern identified two heavy 
PM2.5 pollution areas in Liaocheng and Dezhou, 
Shandong Province, and Tai'an is a light pollution area. 
Geographical location is an important factor affecting 
urban air quality. Shandong Province is dominated by 
the northwest monsoon in winter and is adjacent to the 
Beijing-Tianjin-Hebei region with high concentrations. 
The diffusion and transmission of particulate matter to 
the Liaocheng area is an important factor leading to the 
increased concentrations in Liaocheng [44]. The eastern 
and northern regions of Tai'an City are mountainous 
areas, which are significantly different from the 
surrounding cities, and the southeast and northwest 
winds prevail all year round. The favorable combination 
of geographical and meteorological conditions prevents 
the PM2.5 concentration from increasing. The 
particulate matter from the northwest can be easily 
diluted with time and decreased air pressure. Tai'an 
City has strong pollution control policies for industry, 
automobile exhaust and other aspects, which together 
form good urban air quality. Coastal areas are markedly 
affected by the ocean monsoon, rivers and water masses. 
The humid and windy climate and the concentration of 
diluted particulate matter are conducive to purifying 
the air. In winter, due to the regulation of sea-land 
circulation, rain and snow increases. Rain and snow 
can remove dust in the air and dissolve the absorbable 
exhaust gas. Therefore, coastal areas have good air 
quality and low PM2.5 concentrations.

Analysis of Socioeconomic Factors Driving 
Spatiotemporal Changes in PM2.5

Atmospheric pollution is not only deeply affected 
by human activities but also driven by dust generated 
by the urbanization process, exhaust emissions caused 
by the increase in automobiles, coal-fired heating, 
and straw burning caused by agricultural production 
in the process of urbanization [45, 46]. In addition to 

being strongly influenced by natural factors, 17 cities 
in Shandong Province are also affected by social and 
economic factors.

Driven by urbanization construction. The analysis 
of urban development and urban construction 
factors driving the change in PM2.5 concentration 
by geographic detectors shows that the detection P 
values of urban population density (X8) for PM2.5 in 
2014,2015, 2016 and 2017 are 0.6945 0.63863, 0.53718 
and 0.58640, respectively, showing the characteristics of 
"U"-type change. The detection P values of the urban 
greening rate (X4) were 0.44833, 0.98604 and 0.99307, 
respectively. The results showed that the contribution 
rate to the change in PM2.5 concentration gradually 
increased with increasing greening rate. The detection 
P values of the area ratio (X3) of the built-up area 
are 0.9983 0.37427, 0.90883 and 0.63154, respectively, 
showing the characteristics of inverted "U"-type change. 
Therefore, urban population density, urban greening 
rate and area ratio are key factors that affect changes in 
the PM2.5 concentration.

Driven by motor vehicle exhaust and smoke 
emission. The analysis of vehicle factors driving 
the change in PM2.5 concentration by geographic 
detectors shows that the detection P values of resident 
car ownership (X6) are 0.4922, 0.09490, 0.10925 
and 0.12198 in the four time sections of 2014, 2015, 
2016 and 2017, respectively. Car ownership had 
nonsignificant effects on the PM2.5 concentration in 
2015 and 2017, and smoke and dust emissions (X7) had 
the most significant influence on PM2.5. In 2014, 2015, 
2016 and 2017, the detection and explanatory power P  
values for PM2.5 were 0.9552, 0.91838, 0.99485 and 
0.94152, respectively, showing an inverted U-shaped 
distribution. Nevertheless, smoke emissions had a 
greater influence on PM2.5 concentration changes. 
Soot is a solid particulate matter emitted per coal-
fired and industrial production processes. The dust 
pollution intensity is high and widespread, and it is an 
important source of pollution for the increase in PM2.5 
concentration.

Driven by straw combustion. Geographic detector 
analysis showed that crop sowing areas indirectly 
represented straw burning. In the three time sections 
of 2014, 2015, 2016 and 2017, the detection P values of 
crop sowing areas (X1) for PM2.5 were 0.6357, 0.95257, 
0.96932, and 0.91932, respectively, showing an inverted 
"U" pattern. The maximum concentration of PM2.5 by 
straw burning reached 0.96932 in 2016 and then showed 
a downward trend. For this reason, the environmental 
protection department of Shandong Province takes 
straw burning as a key task in summer and autumn 
every year to improve the environment.

Driven by winter heating. In northern Shandong 
Province, winter heating is likewise a factor affecting 
the PM2.5 concentration. Geographic detector analysis 
of heating area factors driving the change in the PM2.5 
concentration shows that the detection P values of the 
heating area were 0.2219, 0.44661, 0.30070 and 0.15362 
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in four time sections of 2014, 2015, 2016 and 2017, 
respectively, showing a gradual decrease. Similarly, 
winter heating had a relatively small influence. In 
northern China, coal burning for heating in winter and 
pollutant particle discharge into the atmosphere are 
responsible for the increased concentration in winter.

Discussion

The temporal and spatial variation of the PM2.5 
concentration in the atmosphere provides a basis for 
predicting and controlling air pollution in Shandong 
Province. In terms of collected data, the daily 
monitoring values of air pollutants are crucial because 
they are more scientific and accurate.

Geographic detectors show remarkable effectiveness 
for detecting the driving forces of PM2.5 among natural 
and socio-economic factors. In addition to climate, 
wind speed, topography and other natural reasons, 
soil dust, motor vehicle exhaust, coal combustion, 
industrial emissions and so on are important influences. 
Among these, human factors such as straw burning are 
important driving factors. Geographic detectors are 
mainly used to analyze the driving forces of various 
phenomena and the interactions of various factors.

Finally, we focus on the analysis of PM2.5 
concentration changes and influences in Shandong 
Province from 2014 to 2017. All of the discussions of 
time, space and driving forces are based on these data.
Wang Zhenbo and other scholars ranked cities only for 
PM2.5 concentration and concluded that the 10 cities 
with the highest PM2.5 average value were Xingtai, 
Baoding, Shijiazhuang, Handan, Hengshui, Dezhou, 
Heze, Tangshan, Liaocheng and Langfang [47]. Among 
these cities, three are located in Shandong Province: 
Dezhou, Heze and Liaocheng. Therefore, it is urgent 
to improve the air quality in Shandong Province. To 
fundamentally solve the problem of PM2.5 pollution, we 
must formulate relevant policies, industrial structures 
and energy structures from PM2.5 pollution sources, 
including promoting supply-side reform, reducing 
overcapacity, improving supply quality and efficiency, 
and focusing on intelligent, green and service-oriented 
development of the manufacturing industry to improve 
energy efficiency. We will vigorously develop clean 
new energy sources, reduce the proportion of overall 
coal in energy consumption, increase the control of 
existing pollution industries, and encourage enterprises 
to incorporate new technologies.

Conclusions

From 2014 to 2017, the annual concentration of 
PM2.5 in Shandong Province showed a significant and 
sustained downward trend. The average concentration 
in Shandong Province dropped from 80.9 μg/m3 in 2014 
to 57.6 μg/m3 in 2017. The concentration of PM2.5 in 

Shandong Province has a significant "U"-type monthly 
change pattern. From 2014 to 2017, the number of 
air quality standard days in 17 cities increased from 
210 days to 294 days. Ultimately, the air standard 
rate reached 81%. The number of orthodox days was  
the highest in summer, followed by spring, and the 
lowest number was in winter. The autocorrelation 
coefficient of the PM2.5 concentration time series is 
high, and the first-order autocorrelation coefficient is as 
high as 0.75.

PM2.5 in Shandong Province follows an obvious 
spatial agglomeration law, with a trend of high values 
in the west and low values in the east in the spatial 
distribution in 2015 and 2017. The concentration of 
PM2.5 gradually increased from coastal to inland 
areas, showing a stepped change. high-polluted areas 
in Shandong Province showed a tendency of rapid 
reduction, and the global autocorrelation was extremely 
significant. There was the spatial concentration of 
PM2.5 in Shandong Province in 2015 and 2017, and 
Yantai City had a low-low concentration in all time 
periods. In autumn, Qingdao increased; Jinan and 
Dezhou had a high-high agglomeration; Tai'an was 
always between low-high agglomeration and high-high 
agglomeration; and the local spatial autocorrelation 
of PM2.5 concentration in other urban areas was not 
significant.

Analysis of the driving factors shows that both 
natural factors and social factors have an impact on 
the evolution of the spatial characteristics of PM2.5 
pollution, among which smoke and dust emissions and 
straw burning have the most significant driving effect 
on PM2.5. The main driving factors for the change in 
PM2.5 concentration in Shandong Province are physical 
geographical division, proportion of built-up area, urban 
greening rate, heating area and population density.
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