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Abstract: Climate change is a major driver of vegetation activity, and thus their complex 
processes become a frontier and difficulty in global change research. To understand this re-
lationship between climate change and vegetation activity, the spatial distribution and dy-
namic characteristics of the response of NDVI to climate change were investigated by the 
geographically weighted regression (GWR) model during 1982 to 2013 in China. This model 
was run based on the combined datasets of satellite vegetation index (NDVI) and climate 
observation (temperature and moisture) from meteorological stations nationwide. The results 
showed that the spatial non-stationary relationship between NDVI and surface temperature 
has appeared in China: the significant negative temperature-vegetation relationship was lo-
cated in Northeast, Northwest and Southeast China, while the positive correlation was more 
concentrated from southwest to northeast. By comparing the normalized regression coeffi-
cients from GWR model for different climate factors, it presented the regions with moisture 
dominants for NDVI were in North China and the Tibetan Plateau, and the areas of tempera-
ture dominants were distributed in East, Central and Southwest China, where the annual 
mean maximum temperature accounted for the largest areas. In addition, regression coeffi-
cients from GWR model between NDVI dynamics and climate variability indicated that the 
higher warming rate could result in the weakened vegetation activity through some mecha-
nisms such as enhanced drought, while the moisture variability could mediate the hydro-
thermal conditions for the variation of vegetation activity. When the increasing rate of photo-
synthesis exceeded that of respiration, the positive correlation between vegetation dynamics 
and climate variability was reflected. However, the continuous and dynamic process of 
vegetation activity response to climate change will be determined by spatially heterogeneous 
conditions in climate change and vegetation cover. Furthermore, the dynamic description of 
climate-induced vegetation activity from its rise to decline in different regions is expected to 
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provide a scientific basis for initiating ecosystem-based adaptation strategies in response to 
global climate change. 

Keywords: NDVI; climate change; spatial heterogeneity; GWR; China 

1  Introduction 
Vegetation is a sensitive indicator for global environmental change and plays an important 
role in the energy transfer between land and atmosphere and in the maintenance and optimi-
zation of ecosystem services (Wang et al., 2012; Fu et al., 2017). The normalized difference 
vegetation index (NDVI) is an important indicator for large-scale vegetation coverage and 
productivity. The magnitude of the NDVI indicates the intensity of vegetation activity (Fang 
et al., 2010; Gao et al., 2017), and this intensity further reflects the structure and functional 
features of the ecosystem. The NDVI is widely used in the research fields of geography, 
ecology, and global change (Fang et al., 2004; Andrew et al., 2017). As an external envi-
ronmental factor necessary for vegetation growth and development, climate factors (e.g., 
temperature and moisture) play an important role in the changes of vegetation activity (Zhao 
and Running, 2010; Jiang et al., 2017). Changes in climate conditions may also have adverse 
effects on vegetation activity while promoting vegetation growth and physiological and 
biochemical effects on vegetation (Ding et al., 2013). Therefore, revealing the spatial non-
stationary relationship and the response pattern between vegetation activity and climate 
change can provide a theoretical basis for coping with climate change and improving eco-
system adaptability and has become an important part of current global change research 
(Levine, 2015). 

On global and regional scales, the relationship between climate change and vegetation ac-
tivity has received extensive attention (Krishnaswamy et al., 2014; Zhou et al., 2015). On 
global scales, the potential net primary productivity (NPP) increased by 13% under the in-
fluence of climate change in the last century (Del Grosso et al., 2008). On regional scales, 
the response process of vegetation activity depends on the spatial heterogeneity of climate 
conditions and background environment (Zeppel et al., 2014; Seddon et al., 2016). For ex-
ample, the NPP in arid areas increases under the influence of concentrated precipitation 
(Baez et al., 2013), while the NPP in humid and semi-humid areas is inhibited under condi-
tions of increased precipitation (Du et al., 2011; Hoover et al., 2014). In most of the cold 
and wet northern regions, maximum temperature is positively correlated with the NDVI, 
while it shows negative relationship in temperate arid regions. The NDVI has a more com-
plex response to minimum temperature (Peng et al., 2013). In addition, the selection of time 
scales in studies on the response of vegetation to climate change is equally important. An 
increase in temperature in winter and spring promotes photosynthesis and prolongs the 
growth period of vegetation, which is conducive to vegetation growth and nutrient accumu-
lation. However, an increase in temperature in autumn has a negative effect on the NDVI 
(Piao et al., 2014). Therefore, the superimposed effects of climate on multi-scaled vegetation 
activity lead to uncertainty and complexity of the climate-vegetation relationship. 

At present, studies on the spatial nonstationary relationship and the response pattern of 
vegetation activity to climate change mainly focus on trend analysis and process identifica-
tion. However, the spatio-temporal variability of climate factors and vegetation activity on 
macroscale using spatial statistical analysis methods should still be promoted to reveal the 
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dominant regional climate factors and the dynamic response mechanism of vegetation activ-
ity (Reyer et al., 2013; Wu et al., 2015; Han et al., 2016). To this end, we applied the geo-
graphically weighted regression (GWR) method in this study for the spatial nonstationary 
relationship between the NDVI and different climate factors and the variability of these fac-
tors in China in the past 30 years (1982–2013). Our aim was to identify the controlling ef-
fects of climate factors on vegetation activity and to analyze the spatial pattern of dynamic 
response of vegetation activity to climate change to deepen and expand the research field of 
vegetation-climate relationships. 

2  Data and methods 

2.1  Climate indicators 

The climate indicators selected in this study included temperature indicators (average tem-
perature, maximum temperature, and minimum temperature) and moisture indicators (pre-
cipitation and relative humidity). The climate data were the monthly surface climate datasets 
provided by the China Meteorological Science Data Service Sharing Network. After ex-
cluding the sites with missing data, 652 meteorological stations nationwide were selected 
with a time span of 1982–2013. The monthly temperature and relative humidity data were 
averaged. The annual mean maximum and minimum temperatures were the annually aver-
aged monthly highest and lowest temperatures, which represented the temperature condi-
tions during the daytime and nighttime, respectively. Precipitation data were summed to ob-
tain the annual climatological data. The climatological station data were then interpolated 
into 50-km gridded data using Auspline software for the following analysis. Finally, the me-
teorological stations that were not used in the interpolation were selected with a random 
time period, whose climatological data were compared with the data in the corresponding 
interpolation grids. The results show that the correlation coefficient between the interpolated 
and measured temperature indicator data was larger than 0.99 and the correlation coeffi-
cients between the interpolated and measured precipitation and relative humidity reached 
0.92 and 0.86, respectively, indicating good interpolation accuracy that generally met the 
requirements of this study. Additionally, a spatial resolution of 50 km was chosen in this 
study for two reasons. First, this resolution ensured that the research data could pass the col-
linearity test in the spatial analysis. Second, a 50-km resolution was consistent and compa-
rable with that in existing studies (especially for the gridded precipitation dataset) (Zhao et 
al., 2014). 

2.2  Normalized Difference Vegetation Index (NDVI) 

NDVI data are commonly used to characterize vegetation activity such as vegetation growth, 
coverage, and dynamic changes (Wright et al., 2012). In this study, the Global Inventory 
Monitoring and Modeling Studies (GIMMS) NDVI dataset from 1982 to 2013 was selected 
as an indicator for vegetation activity. The GIMMS NDVI dataset was provided by the U.S. 
National Aeronautics and Space Administration (NASA) with a spatial resolution of 8 km 
and a temporal resolution of 15 days. It is characterized by its high accuracy and long time 
series and widely used in studies of vegetation change on global and regional scales (Mao et 
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al., 2012; Kong et al., 2017). The monthly NDVI values were obtained by using the maxi-
mum value composite (MVC) method. The annual mean NDVI was used to reflect the evo-
lution characteristics of vegetation coverage driven by climate change, and the spatial rela-
tionships between the annual mean NDVI and climate change were further analyzed (Piao et 
al., 2014; Duo et al., 2016). To make the spatial resolution of NDVI consistent with that of 
the climate indicators, the NDVI data were resampled using ArcGIS 10.3 to convert it with 
8-km spatial resolution to 50-km grid data. 

2.3  Trend analysis 

In this study, an ordinary least squares (OLS) method based on grid size was used to analyze 
the climate and vegetation trend on interannual time scales. This was achieved using the 
raster calculator of ArcGIS 10.3. The calculation equation for trend analysis is: 
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where slope is the slope of the linear regression, indicating the changing trend and rate of the 

studied objects; n represents the total number of the studied years, and it is 32 in this study; 
and Yi is the value of climate or vegetation indicators in the ith year.  

2.4  Geographically Weighted Regression (GWR) 

The GWR model is a simple but practical regional spatial analysis method proposed by 
Brunsdon et al. (1996) and is useful for revealing internal spatial relationship in the studied 
area. The GWR model is an extension of general linear regression methods (e.g., OLS). Pa-
rameters of this method are functions of spatial position and evaluate the relationship be-
tween independent and dependent variables on spatial scales. The model can be expressed 
as:  
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where yi, xik, and εi represent the dependent variable, independent variable, and random error, 
respectively, at a spatial point i; (μi, vi) is the spatial position of point i; k is the number of 
independent variables; βk is the regression coefficient at point i; and β0 is the intercept. In 
this study, the annual mean NDVI and its variability were used as dependent variables and 
climate indicators and their variability were used as independent variables to analyze the 
effects of climate indicators on the spatial heterogeneity of the NDVI. The definition of the 
GWR model enables this method to greatly focus on the range of regions dominated by a 
certain type of vegetation; therefore, the annual mean NDVI can characterize the status of 
vegetation coverage. It should be noted that the spatial resolution of the GWR model was 
chosen as 50 km due to the large range of the studied area, which avoided data redundancy 
of the input variables and thus eliminated multicollinearity of the model. 

The GWR model adopts the locally weighted least squares method. The weights are func-
tions of spatial distance from the evaluated point to all the other observation points, and they 
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attenuate with distance. The parameter equation is: 
 1( , ) ( ( , ) ) ( , )T T

i i i i i iX W X X W Y          (3) 
where β(μi, vi) is the unbiased estimate of the regression coefficient; W(μi, vi) is the weight-
ing matrix; and X and Y are matrices of independent and dependent variables, respectively. 

The GWR method generally uses a Gaussian model as a weighting function, where 
bandwidth is a function describing weighting values and distances. The weighting function 
is expressed as: 
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where ωij is the weight of point j at observation point i; dij represents the Euclidean distance 
from point i to j; and b is the bandwidth. If the distance between the observation points dij is 
larger than b, ωij equals 0; if dij equals 0, ωij equals 1. A Gaussian model was used to deter-
mine the optimal bandwidth as per the Akaike information criterion (AIC). As an index for 
assessing the complexity and accuracy of the model, the simulation effect is better for lower 
values of AIC. In general, when the difference between the AIC values of two models is lar-
ger than 3, the bandwidth b of the model with the smaller AIC value is the optimal band-
width (Brown et al., 2012). 

3  Results and analysis 

3.1  Nonstationarity verification 

The premise of the application of the GWR method is that there is a spatial difference be-
tween the geospatially associated independent and dependent variables. That is, the regres-
sion coefficient varies with the spatial position of the independent variables (Zhang et al., 
2017). To verify whether the relationships between NDVI and climate change were spatially 
stationary, spatial autocorrelation analysis was performed on the regression parameters of 
the mean value and variability (Table 1). The results show that the autocorrelation coeffi-
cients of the regression parameters of the GWR model used in this study were all greater 
than 0, indicating that the selected parameters have positive spatial autocorrelation, these 
regression parameters were spatially nonstationary. The Z values were all greater than 2.58, 
suggesting that the autocorrelation was statistically significant at the significance level of 
0.01. Therefore, the GWR method can comprehensively reflect the quantitative effects of 
various climate factors on the NDVI and its variability in different geographical locations. 
 
Table 1  Moran’s I and Z scores of regression coefficients for each factor in GWR model 

Regression coefficients Average temperature
Maximum 

temperature
Minimum  

temperature Precipitation Relative humidity 

Mean 0.75 0.75 0.74 0.76 0.76 
Moran’s I 

Variability 0.68 0.73 0.70 0.70 0.63 

Mean 41.58 42.03 41.22 42.07 41.99 
Z 

Variability 34.18 39.72 36.64 37.28 30.54 
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3.2  Spatial nonstationary relationship between NDVI and temperature indicators 

The spatial pattern of annual mean NDVI in China from 1982 to 2013 is shown in Figure 1a. 
It can be seen that the annual mean NDVI showed a decreasing trend from the southeast to 
the northwest during 1982 to 2013. From the GWR results of the NDVI and temperature 
indicators, it can be seen that the NDVI was spatially negatively correlated with temperature 
in Northeast, Northwest, and Southeast China (Figures 1b, 1c and 1d), indicating that the 
spatial distribution of vegetation activity was inhibited as temperature increased in these 
regions. 
 

 
 

Figure 1  Spatial pattern of NDVI (a) and spatial regression coefficients between NDVI and temperature (b: 
average; c: maximum; d: minimum) in GWR model from 1982 to 2013 

 
In the northeastern and northwestern regions, the three temperature indicators had nega-

tive effects on the NDVI. Spatially, the weakening of vegetation activity was due to the ac-
celerated evapotranspiration of soil moisture and enhanced droughts as the temperature in-
creased. In the southeastern region, especially in the Wushan-Xuefengshan Mountains and 
the Dongtinghu-Honghu Lake plain areas, the minimum temperature had the strongest nega-
tive effect on the NDVI (Figure 1d), indicating that vegetation activity was inhibited by the 
increase in nighttime temperature, which promoted respiration and accelerated the consump-
tion of organic matter. In addition, the NDVI and moisture indicators in China from 1982 to 
2013 were spatially positively correlated except for a few areas along the southeastern coast, 
indicating that changes in moisture factors such as precipitation and relative humidity gen-
erally played a positive role in vegetation activity. 
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3.3  Climate determinants for the spatial distribution of NDVI in different regions 

To avoid the dimensional influence and perform comparison between the temperature and 
moisture indicators, it was necessary to normalize the values of the NDVI and climate indi-
cators to a range between 0 and 1. Then, the normalized regression coefficient was calcu-
lated using the GWR method to obtain the response pattern of vegetation activity to different 
climate indicators. Finally, based on the changing trend of vegetation activity and climate 
indicators, the normalized coefficients of different factors were compared to determine the 
most influential climate indicators and identify the dominant climate factors for the spatial 
distribution of vegetation activity and their impact areas (Figure 2). 

Overall, the NDVI was more promi-
nently controlled by temperature in the 
North China Plain, the Middle-Lower 
Yangtze Plain, the Sichuan Basin, and the 
Yunnan-Guizhou Plateau (Figure 2). 
Among the temperature indicators, the 
maximum temperature had the largest 
impact area on the NDVI, accounting for 
24.81% of the total area of the country 
(Table 2). In most areas, the spatially 
gradual increase of temperature promoted 
the enhancement of vegetation activity. 
However, in the temperature-affected 
areas located in the northwestern and 
southwestern parts of China, the NDVI was negatively correlated with the annual mean 
temperature and maximum temperature (Figure 1b, c). Therefore, the weakening of vegeta-
tion activity in these areas was mainly driven by the increase of temperature. 
 
Table 2  The distribution proportion of affected regions of climatic factors in China 

 Average 
temperature

Maximum 
 temperature

Minimum  
temperature Precipitation Relative  

humidity Other factors 

Number of grids 187 743 131 1278 454 202 

Proportion (%) 6.24 24.81 4.37 42.67 15.16 6.74 

 
In the Northeast China Plain, Inner Mongolia Plateau, Lvliang Mountains, Tianshan 

Mountains, and Tibetan Plateau, the spatial characteristics of the NDVI were more strongly 
affected by moisture. Among the moisture indicators, precipitation had the largest distribu-
tion of impact areas on the NDVI, accounting for 42.67% of the total area of the country, 
while the distribution of the impact areas of relative humidity on the NDVI was scattered 
(Figure 2). Based on the changing trend of precipitation over the past 30 years (Figure 3b), it 
can be seen that precipitation in the northwestern part of the Northeast China Plain de-
creased. The spatially weakening of vegetation activity was driven by the moisture condi-
tions, while the increase in temperature accelerated evapotranspiration, leading to aridifica-
tion and further enhancing the inhibitory effect of hydrothermal conditions on vegetation 
activity. The upward trend of the NDVI was most substantial in the Lvliang Mountain area 

 
 

Figure 2  Affected regions of climatic factors to vegeta-
tion activity during 1982–2013 from GWR model 
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(Figure 3a), and precipitation also showed an upward trend. The abundant moisture and heat 
promoted the gradual enhancement of vegetation activity. 
 

 
 
Figure 3  Spatial distribution of NDVI (a), precipitation (b) and relative humidity trends (c) from 1982 to 2013 
 

3.4  Response pattern of the NDVI variation to climate variability 

The GWR calculation results for climate and the NDVI variability showed that the areas 
where the NDVI variability and the variability of the three temperature indicators were spa-
tially negatively correlated were mainly distributed from the Songnen Plain to the southern 
part of Greater Khingan Mountains and in the eastern and southern coastal regions (Figure 
4). Except for parts of the eastern coastal regions, the NDVI increased slightly (Figure 3a), 
increases in the rate of temperature rise enhanced the slower rate of vegetation activity. 
However, most of these areas were not located in the impact areas of temperature indicators 
(Figure 2). Therefore, vegetation activity in these areas was affected by moisture or other 
factors to a greater extent than temperature. It can be seen that the increase in the rate of 
temperature rise in these areas accelerated the loss of soil moisture and water of vegetation 
itself, thus inhibiting regional vegetation activity. 

In the northern part of the Yunnan-Guizhou Plateau and the western part of the Mid-
dle-Lower Yangtze Plain, the NDVI generally showed an upward trend (Figure 3a). The 
NDVI variability was spatially positively correlated with the minimum temperature variabil-
ity, but negatively correlated with the average/maximum temperature variability (Figure 4). 
Therefore, the adverse effects of temperature variability on vegetation activity were mainly 
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Figure 4  Spatial regression coefficients between NDVI variability and temperature variability (a. average; b. 
maximum; c. minimum) from GWR model from 1982 to 2013 

 
caused by the maximum temperature variability. Spatially, the gradual increase of maximum 
temperature variability inhibited vegetation activity by enhancing respiration and reducing 
the photosynthesis of vegetation. All of the moisture indicators in the two regions showed 
decreasing trends (Figures 3b and 3c). The spatial relationships between the NDVI variabil-
ity and moisture variability in the two regions were different. In the Yunnan-Guizhou Pla-
teau, the variability of the NDVI and the variability of precipitation and humidity were 
mainly spatially negatively correlated, regions where moisture factors decreased rapidly 
were also regions where vegetation activity were enhanced rapidly. In the western part of the 
Middle-Lower Yangtze Plain, the NDVI variability was positively correlated with moisture 
variability, the increasing rate of vegetation activity decreased as the decreasing rate of 
moisture increased (Figure 5). 

In the northern Greater Khingan Mountains and Changbai Mountains in northeast China, 
the variations of the NDVI and moisture indicators showed downward trends (Figure 3). The 
NDVI variability was spatially positively correlated with the variability of maximum tem-
perature, but negatively correlated with the variability of average/minimum temperature 
(Figure 4). Therefore, the adverse effects of temperature variability on vegetation activity 
were mainly caused by the variability of minimum temperature. The increase in minimum 
temperature variability accelerated the consumption of biomass by increasing the assimila-
tion rate of vegetation during the nighttime and was the main driving factor for the weaken-
ing of vegetation activity. The NDVI variability and moisture variability were spatially posi- 
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Figure 5  Spatial regression coefficients between NDVI variability and moisture variability (a. precipitation; b. 
relative humidity) from GWR model from 1982 to 2013 
 
tively correlated (Figure 5), indicating that the weakening of vegetation activity in these ar-
eas was affected by a combined effect of temperature and moisture variability. Similarly, in 
the Loess Plateau, where the influence of minimum temperature variability was prominent, 
the NDVI and precipitation both showed upward trends (Figure 3a, b) and the NDVI vari-
ability and precipitation variability were also positively correlated (Figure 5a). Therefore, 
the enhancement of vegetation activity in this area was more substantially affected by pre-
cipitation variability, weakening the inhibitory effect of temperature variability on vegeta-
tion activity to some extent. This was also consistent with the results that indicated that this 
region was located in the impact areas of precipitation (Figure 2). 

4  Conclusions and discussion 
Studies on different regions of China have shown that the responses of vegetation activity to 
temperature become more pronounced as temperature increases (Piao et al., 2011; Urban, 
2015). Before the optimal temperature for photosynthesis is reached, the increase in tem-
perature promotes photosynthesis (Michaletz et al., 2014). When the optimal temperature is 
exceeded, the increase in temperature enhances the respiration of vegetation, accelerating 
the consumption of nutrients; however, it accelerates evapotranspiration, reducing the ac-
cumulation of organic matter (Brohan et al., 2006). Moreover, the impacts of maximum and 
minimum temperatures on vegetation activity have different forms. Changes in moisture can 
regulate vegetation activity to a certain extent, while increased moisture content may inhibit 
vegetation activity through increased cloud cover and relative humidity. Therefore, vegeta-
tion activity exhibit nonlinear processes and compound effects in response to climate change. 
It is necessary to detect the patterns of spatial distribution and temporal variation of vegeta-
tion activity from the perspective of comprehensive analysis with multiple factors. 

In this study, the spatial nonstationary relationships between vegetation activity and cli-
mate factors were simulated. The dominant climate factors and their mechanisms in different 
regions were identified based on the regression of the NDVI variation and the variability of 
hydrothermal indicators. Regions where moisture plays a dominant role in the NDVI are 
mainly concentrated in the northern part of China and the Tibetan Plateau. Vegetation 
growth in these areas is limited by moisture content. Increases in precipitation and humidity 
can promote the growth of vegetation, while increases in temperature may enhance water 
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evapotranspiration and intensify drought tendency (Feng et al., 2016). Regions where tem-
perature affects the NDVI are concentrated in East China, Central China, and Southwest of 
China. Soil moisture content in these areas is high and precipitation is abundant. Increases in 
temperature are conducive to the extension of the vegetation growth season and the accu-
mulation of organic matter, thus the relationship between vegetation activity and tempera-
ture is closer than that between vegetation activity and moisture (Fang et al., 2004). 

A regression analysis of climate variability is an effective complement to the response of 
vegetation activity to climate factors. A regression analysis reflects the dynamic process of 
vegetation response to climate change and can better explain the dynamic relationship be-
tween climatic factors and vegetation activity. A rise in the temperature increase rate has an 
inhibitory effect on the NDVI. The degree of impact of different temperature indicators is 
different and the regional difference is very substantial. The response pattern of vegetation 
activity to moisture change rate is unevenly distributed, which to some extent can balance 
the hydrothermal combination necessary for vegetation growth and play an important role in 
regulating vegetation activity. The intensity of vegetation activity depends on the response 
rate of photosynthetic and respiratory processes to climate factors (Wang et al., 2005). When 
the increase in the rate of photosynthesis exceeds that of respiration, a positive correlation of 
climate variability manifests. Therefore, the analysis of NDVI variation and climate vari-
ability can better reflect the relationship between vegetation activity variation and climate 
change, highlighting the impact of climate change on the mechanism of vegetation activity. 

However, the NDVI is affected by both climate and non-climate factors. In this study, 
only climate factors are considered in the analysis of the influencing factors of the NDVI 
spatial heterogeneity in different regions. In fact, many other environmental factors can also 
affect the spatial heterogeneity of vegetation activity, including topography and soil condi-
tions. For example, vegetation coverage in some areas is substantially positively correlated 
with elevation. Areas with vegetation degradation are mainly located at low altitudes and on 
low slopes (Li et al., 2014), while differences in soil physical and chemical properties can 
also affect the spatial heterogeneity of vegetation attributes and types (Wang et al., 2016). In 
addition, large-scale ecological engineering is also an important factor affecting the vegeta-
tion activity (Lü et al., 2015; Zhang et al., 2017). The GWR model used in this study is 
based on the spatial regression of local ranges. Human activity in the neighborhood have a 
certain degree of similarity. Therefore, this method can reveal the influence of climate fac-
tors on the spatial heterogeneity of NDVI. Furthermore, since it is difficult for the GWR 
method to completely avoid the impact of human activity on ecosystems, the spatial regres-
sion parameters of NDVI-climate factors obtained in this study can also indirectly reflect the 
degree of influence of human activity and its spatial differences. 
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