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  1 

Assessing the relative role of climate and human activities on 1 

vegetation cover changes in the Up-Down stream of Danjiangkou, 2 

China 3 

Abstract：Danjiangkou Reservoir is water source of Middle Route Project of the South-to-4 

North Water Diversion (SNWD) Project, research on the dynamic changes in vegetation 5 

cover and its influencing factors is of great significance for understanding the ecological 6 

environment of the water diversion area and formulating protection measures. In this study, 7 

The normalized difference vegetation index (NDVI) was used to analyze the dynamic 8 

changes and influencing factors of vegetation in the upstream and downstream of 9 

Danjiangkou Dam from 1982 to 2018. The results show that the NDVI shows an upward 10 

trend of 0.017 year-1 (P < 0.05), and the significantly increased area is located near the valley 11 

upstream of the dam, while the significantly decreased area is mainly distributed in the basin 12 

downstream of the dam and around the central city. The comprehensive contributions of 13 

climate and human activity factors to NDVI changes were 92.03% and 7.97%, 14 

respectively.The human activities in the upstream of the dam are mainly reflected in the 15 

ecological measures such as returning farmland to forest; the human activities at the 16 

downstream of the dam are mainly reflected in urban expansion, occupation of cultivated land 17 

and forest land by construction land. 18 

Keywords: Remote sensing monitoring; NDVI; Climate change; Urban expansion; Returning 19 

farmland to forest 20 

 21 
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Introduction 22 

As climate change and human activities continue to intensify, the global natural 23 

ecosystem has been seriously threatened1. Vegetation constitutes a major part of 24 

terrestrial ecosystems2 and plays a key role in the flow of matter and energy among 25 

the pedosphere, hydrosphere and atmosphere3-4. Monitoring and attribution analysis 26 

of vegetation changes is of vital importance to global climate change and the creation 27 

of environmental policies5-8. 28 

Due to large interannual variability, spatial patterns of vegetation change trends 29 

and their drivers may vary substantially in different areas when different study 30 

periods are selected. Therefore, monitoring and analysis of large-scale and long-term 31 

vegetation changes has become an important part of global change research9. The 32 

rapid development of remote sensing technology has provided effective ways to study 33 

vegetation cover changes at large scales and a variety of remote sensing data sources 34 

to monitor vegetation cover change10. NDVI11 has a linear or near-linear relationship 35 

with green leaf density, photosynthetically active radiation, vegetation productivity 36 

and cumulative biomass, which is recognized as an effective index to reflect the 37 

vegetation coverage and growth status on a large scale12-14. With increasing concern 38 

over global climate change, there is much interest in the relationship between 39 

terrestrial ecosystems and global climate change15-16. According to previous studies, 40 

precipitation and temperature are considered to be key climatic factors affecting plant 41 

growth and development, and they are both significant in impacting vegetation 42 

variation with high spatial and temporal heterogeneity17-18. With the increasing 43 
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interference of human activities on nature, many studies have gradually concluded 44 

that human-induced activities are the important factors affecting the ecological 45 

environmen (Flood susceptibility19, Desertification20, Lake inundation area21). The 46 

impact of human activities on changes in vegetation coverage has two sides. The 47 

development of urbanization has caused a large amount of farmland and forestland to 48 

be occupied by construction land, which has significantly reduced the coverage of 49 

vegetation22-23. The implementation of vegetation construction projects such as 50 

returning farmland to forest and grass is conducive to the increase of vegetation 51 

coverage24-25, studies have shown that the nonclimatic factors that have the greatest 52 

impact on vegetation in China are various forestry projects aimed at improving 53 

vegetation coverage26. Land use can reflect the extent of human activities on the 54 

surface of land to a certain degree, many scholars study human activities by land use 55 

change19, 27. To deeply understand the drivers of vegetation change, it is urgent to 56 

identify, separate and evaluate the relative role of climate change and human activities 57 

in vegetation cover change. In recent years, many methods have been used to 58 

quantitatively separate the relative role of climate change and human activities, such 59 

as the Principal Component Analysis method28, Residual Trends method29-30, 60 

Regression model method31. Comparatively, the Residual Trends method are based on 61 

the long time series of land surface vegetation information, having the advantages of 62 

separating and quantifying the relative role of climate change and human activities 63 

and being suitable for different spatial and temporal scales. In addition, the Residual 64 

Trends method is a helpful tool that can effectively identify human-induced 65 
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degradation, combined with the theoretical trend of NDVI to evaluate the relative 66 

roles of climate change and human activities32-33. 67 

The Danjiangkou Reservoir is the source of water for the strategic Middle Route 68 

Project of the South-North Water Transfer Project. The South-North Water Transfer 69 

Project is a major interbasin water transfer project in China34; the construction was 70 

started in 2003, and the first phase was finished in 2013. The water transfer project 71 

will greatly reduce the amount of water resources available downstream of the dam 72 

and will affect the ecological environment of the upper and lower reaches of the 73 

Hanjiang River basin where the dam is located35. To ensure the water quality and 74 

quantity of the core water source area and the water safety of the South-to-North 75 

Water Transfer Project, many ecological protection policies have been implemented 76 

upstream of the dam in recent years, while large and medium-sized cities are 77 

distributed downstream of the dam, with rapid economic development. There are 78 

great differences between the upstream and downstream dam areas in terms of social 79 

and economic development and policy systems. The study of vegetation change and 80 

its influencing factors upstream and downstream of dams is of great significance for 81 

understanding the ecological environment and formulating protection measures in 82 

water diversion areas. At present, some scholars have studied the vegetation cover 83 

changes upstream and downstream of the Danjiangkou Dam36-38.  84 

Despite their outstanding scientific value, long-term analysis is lacking due to 85 

the influence of the spatial-temporal resolution of remote sensing data. Additionally, 86 

there are few quantitative analysis studies on the impact of human activities on 87 
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vegetation changes, especially the comparative analysis of upstream and downstream 88 

areas. Therefore, the purpose of this paper is to evaluate the long-term (1982—2018) 89 

vegetation dynamic changes in the upper and lower reaches of the Danjiangkou Dam 90 

and the impact of climate and human activities on them. The specific objectives of 91 

this study are as follows: (1) construction of a long-term series high-resolution NDVI 92 

dataset; (2) quantitative analysis of the impact of climate and human activities on 93 

regional vegetation changes; and (3) comparative analysis of upstream and 94 

downstream human activities. 95 

Data and Methodology 96 

Study area 97 

 The Han River, where the Danjiangkou Dam (32°36′–33°48′N; 110°59′–111°49′E) is 98 

located, is the largest tributary of the Yangtze River (Fig. 1). The Han River flows 99 

through the provinces of Shaanxi, Henan and Hubei, with a total length of 1,532 km 100 

and a drainage area of approximately 150,700 square kilometers. The Danjiangkou 101 

Dam is the dividing point between the upper and lower reaches of the Hanjiang River 102 

Basin. Above the dam is the upstream region, and below the dam is the downstream 103 

region. The Hanjiang River Basin belongs to the East Asian subtropical monsoon 104 

climate zone. The four seasons are distinct, the climate is mild and humid, and water 105 

is abundant. The annual average temperature is 16°C, and the annual average 106 

precipitation is 900.4 mm. The elevations of the upper and lower reaches of the basin 107 

are quite different, with a maximum of nearly 3000 m and a minimum of 10 m. 108 
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Except for the relatively high and undulating areas in the western and northern 109 

margins of the basin, the surface undulations are relatively low, and the ground is 110 

relatively flat. 111 

 112 

Figure. 1 Location of the Danjiangkou Dam (The map was created using ESRI 113 

ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-desktop). 114 

Data 115 

NDVI data  116 

The Moderate Resolution Imaging Spectroradiometer (MODIS) NDVI and Global 117 

Inventory Modelling and Mapping Studies (GIMMS) NDVI datasets are all from the 118 

National Aeronautics and Space Administration (NASA) 119 

(https://ladsweb.modaps.eosdis.nasa.gov/). We selected MOD13Q1 from MODIS-120 

Terra, which includes NDVI data from 2000 to the present with a temporal resolution 121 
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of 16 days and a spatial resolution of  250 m x 250 m39. 122 

MODIS is only available from 2000, so the data cannot support long-term 123 

vegetation cover change research. Considering that the data were incomplete in 2000, 124 

we selected data from 2001-2018 for research. 125 

The GIMMS data from the Advanced Very High Resolution Radiometer 126 

(AVHRR) sensor. AVHRR provides remote sensing data from July 1981 to present40. 127 

The GIMMS NDVI data set is also the longest, most complete and most widely used 128 

AVHRR time series data set at present41. The GIMMS NDVI data set is derived from 129 

the latest global vegetation index change data released by NASA in November 2003. 130 

The data set includes the global vegetation index change from 1981 to 2006. Its 131 

temporal resolution is 15 days, and its spatial resolution is 8 km x 8 km. Since the 132 

data were incomplete in 1981, we selected data from 1982 to 2006 for research. 133 

The MODIS NDVI and GIMMS NDVI data are combined into monthly NDVI 134 

data by using the maximum value composite (MVC) method, and the monthly NDVI 135 

data are synthesized into annual average NDVI data by using the MVC method. The 136 

MVC method chooses the maximum data of each pixel at multiple times to represent 137 

the current NDVI value42. 138 

Other data  139 

The meteorological data are based on site data pertaining to the monthly mean 140 

temperature and monthly precipitation provided by the China Meteorological Data 141 

Service Center (CMDC). The CMDC is a governmental and unified shared service 142 

platform of the China Meteorological Administration, and its meteorological data 143 
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resources are open to domestic and global users. There are 21 meteorological stations 144 

upstream and downstream of the Danjiangkou Dam (Fig. 1). The monthly average 145 

temperature and precipitation data of the meteorological stations from 1982 to 2018 146 

are obtained in this study. Considering the longitude, latitude and elevation of the 147 

meteorological stations, the spatial distribution data of the average temperature and 148 

precipitation are obtained by ordinary kriging interpolation, and the spatial resolution 149 

of the grid after interpolation is 1 km. The monthly temperature data after 150 

interpolation are averaged to obtain the annual average temperature, and the monthly 151 

precipitation data after interpolation are summed to obtain the annual precipitation. 152 

The land use data are derived from the China National Earth System Science 153 

Data-Sharing Platform (www.geodata.cn). With the support of the China Science and 154 

Technology Support Program and important direction from the knowledge innovation 155 

project of the Chinese Academy of Sciences, this data set is generated by manual 156 

visual interpretation with Landsat TM/ETM remote sensing images as the main data 157 

source. Land use types include six first-class types of cultivated land, forests, 158 

grassland, water, construction land and unutilized land, and 25 second-class types, 159 

with a resolution of 1 km. Due to the lack of data from 1982, we selected 1980 as the 160 

starting year to analyze the changes in land use types upstream and downstream of the 161 

dam from 1980 to 2018. 162 

Methodology 163 

EOT model  164 

van den Dool et al.43 proposed a new algorithm based on the empirical orthogonal 165 

http://www.geodata.cn/
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function(EOF) algorithm for calculating empirical orthogonal functions from a given 166 

spatiotemporal data set. This method is based on multivariate linear regression to 167 

obtain an orthogonal solution in one direction (space or time) to emphasize its 168 

similarity with EOF, named the empirical orthogonal teleconnections(EOT) 169 

algorithm. The mathematical principle of the EOT algorithm is as follows: Suppose 170 

we have a discrete space-time (s, t) dataset T(s, t), 1≤ t ≤ nt, 1 ≤ s ≤ ns, where T 171 

denotes the variable (such as height, pressure, streamfunction, etc.). EOT is a stepwise 172 

linear regression, where the predictands are T(s, t), and the predictors are T(s, t). One 173 

can search all s for that point in space (sb; abase point) that explains most of the 174 

variance at all other points (including itself) combined. What is explained by T(sb, t) 175 

is removed from T(s, t) by standard regression, and one can then search the reduced 176 

data for the next most important (in terms of variance explaining) point in space, and 177 

so on. Through this process, one eventually obtains： 178 

）（）（）（ sets,tT mm 
  

                                                            
 (1) 179 

where αm (t) is a time series, em(s) is a spatial pattern, m = 1..., ns. 180 

Based on the theoretical background of EOT, Appelhans et al.44-45 have 181 

implemented the EOT algorithm efficiently in the open source software package 182 

remote for R, which expands the application scope of the EOT algorithm. The open 183 

source package of the EOT algorithm is available from the R Comprehensive Archive 184 

Network (http://CRAN.R-project.org/package=remote.) 185 

We select GIMMS NDVI and MODIS NDVI overlapping period data (2001-186 

2006) to construct the EOT model. The NDVI data from 2001 to 2004 are used for 187 

http://cran.r-project.org/package=remote.
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model training, and the data from 2005 to 2006 are used for verification. Using the 188 

EOT algorithm, we reconstructed the GIMMS NDVI data with a resolution of 8 km 189 

from 1982 to 2006 to the EOT NDVI dataset with a resolution of 1 km and resampled 190 

the 2007-2018 250 m resolution MODIS NDVI dataset to a 1 km resolution. The 191 

NDVI dataset with a resolution of 1 km from 1982 to 2018 was finally obtained. 192 

Trend analysis  193 

In this study, based on the linear regression method, the temporal fluctuations in the 194 

temperature, precipitation and annual average NDVI are analyzed. The linear 195 

regression relationship between year (i) and NDVI (Xi) is established by using the 196 

ordinary least squares (OLS) slope in space, and the spatial variation in the annual 197 

average NDVI is analyzed. The slope of the OLS curve is as follows: 198 
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                                                          (2) 199 

where the regression coefficient θslop represents the trend of variable Xi, i 200 

represents the year, Xi represents the NDVI value in corresponding year i, and n is the 201 

research period. θslop > 0 indicates an increasing trend of the NDVI, and θslop < 0 202 

indicates a decreasing trend of the NDVI. The F test was used to test the significance 203 

of the NDVI change. 204 

Correlation analysis  205 

Partial correlation analysis is used to measure the degree of linear correlation between 206 

two variables among multiple variables under the condition of controlling the 207 

influences of the other variables, which can effectively eliminate the influences of the 208 
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other variables, and the method is more reliable when determining the intrinsic linear 209 

relationship between two variables. Therefore, we conduct partial correlation analysis 210 

to calculate the relationship between the two variables. The partial correlation 211 

equation is as follows: 212 

）—（）—（
，

2
bc

2
ac

bcacab
cab

r1r1

rr-r
r




                                                                 (3) 213 

where a is NDVI, b is precipitation, c is temperature, rab, c denotes the partial 214 

correlation coefficient between variables a and b when c is the control variable, rab, rac 215 

and rbc denote the correlation coefficients between variables a and b, a and c, and b 216 

and c, respectively, and the range of ra,b, c values is -1 to 1. When rab, c < 0, variables a 217 

and b have a negative correlation, and when rab, c > 0, variables a and b exhibit a 218 

positive correlation. A t-significance test was used to evaluate the correlation results. 219 

The equation of the significance test was as follows: 220 

               
c,ab

2

c,ab

r-1

2-k-nr
t                                                                   (4) 221 

In the equation above, t is the test statistic, n is the number of samples, and K is 222 

the number of control variables (1 here). 223 

Residual Trends method  224 

Residuals are the differences between actual observed values and the predicted 225 

(regression) values46. We used residual analysis to quantify the impact of human 226 

effects on vegetation growth, i.e., by establishing the regression model between NDVI 227 

and natural factors, the prediction value of NDVI can be obtained based on the 228 

existing natural factor data, and then it can be subtracted from the remote sensing 229 
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observation of NDVI to determine the annual residual value of NDVI, which can 230 

reflect the impact of human activities on vegetation growth. 231 

In this study, we predict the impact of human activities by establishing 232 

regression relationships among precipitation, temperature and NDVI. The expression 233 

of residual analysis is as follows: 234 

   prereal - NDVINDVI
                                                  (5) 235 

                     
  TPNDVIpre                                               (6) 236 

where α and β are regression coefficients of the NDVI for precipitation and air 237 

temperature; λ is the regression constant term; P and T represent precipitation and 238 

temperature, respectively; NDVIreal is the true NDVI value; NDVIpre is the 239 

predicted NDVI value; ε>0 indicates that human activities have a positive impact; ε < 240 

0 indicates that human activities have a negative impact; and ε = 0 indicates that 241 

human activities have a slight impact. The specific steps are as follows: 242 

(1)  Use the least squares method to calculate slopes α and β. 243 

(2) Calculate regression constant λ using the multiyear average NDVI, 244 

precipitation, and temperature. 245 

(3) Based on the existing precipitation and temperature data, α and β are 246 

substituted in the linear regression model to predict the vegetation coverage. 247 

(4) Subtract the predicted NDVI value from the remote sensing image NDVI 248 

value to obtain the residual NDVI value. 249 

Through residual analysis, the comprehensive contributions of natural factors 250 

and human activities to the NDVI can be further distinguished. The overall 251 
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contribution of human activities to the NDVI is: 252 

                    
%100real  NDVICH                                 (7) 253 

The overall contribution of natural factors to the NDVI is: 254 

                               CHCN 1                                         (8) 255 

Results 256 

Long-term NDVI data  257 

Based on MODIS NDVI observed monthly data and predicted 1 km resolution EOT 258 

NDVI monthly data (2005-2006), we calculated the error coefficient (ME = 0.029; 259 

MAE = 0.045; RMSE = 0.057; R2=0.904). In summary, the error between the NDVI 260 

predicted by the EOT model and the observed value of remote sensing data is 261 

relatively small, and the high R2 value (Fig. 2) verifies the good agreement between 262 

the predicted GIMMS NDVI and MODIS NDVI and supports EOT algorithm 263 

application in spatial resampling. 264 

 265 

Figure 2 Verification of EOT NDVI and MODIS NDVI from 2005 to 2006 266 
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Spatial and temporal variations in the NDVI  267 

Figure 3 shows the interannual change in the area-averaged NDVI for the period of 268 

1982–2018. The area-averaged NDVI significantly increased at a rate of 0.017 year-1 269 

(p < 0.05, Fig. 3). The area-averaged NDVI minimum value appeared in 2000, and the 270 

maximum value appeared in 2015. The trend of the area-averaged NDVI change 271 

fluctuated greatly before 2001, and the area-averaged NDVI change trend fluctuated 272 

slightly after 2001. 273 

 274 

Figure. 3 Annual average NDVI trends from 1982 to 2018 275 

On the pixel scale, NDVI change trend patterns from 1982 to 2018 were spatially 276 

heterogeneous, but the main NDVI change trend was an increase (Fig. 4). A total of 277 

75.88% of the pixels showed an increasing trend (68.54% significantly with p < 0.05), 278 

mainly located around the river upstream of the dam; 24.12% of the pixels showed a 279 

decreasing trend (25.42% significantly with p < 0.05), mainly located in the basin 280 

downstream of the dam and around the central city. 281 

Upstream of the dam, 89.93% of the pixels showed an increasing trend (75.94% 282 
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significantly with p < 0.05), mainly located around the river; 10.07% of the pixels 283 

showed a decreasing trend (7.79% significantly with p < 0.05), mainly located around 284 

the central city. Downstream of the dam, 54.52% of the pixels showed an increasing 285 

trend (50.06% significantly with p < 0.05), mainly distributed in the periphery of the 286 

basin; 45.48% of the pixels showed a decreasing trend (31.44% significantly with p < 287 

0.05), mainly located in Nanyang basin and around the central city. 288 

In summary, the change in NDVI upstream of the dam is mainly reflected in a 289 

significant increasing trend, and the change in NDVI downstream of the dam is 290 

mainly reflected in a significant decreasing trend. 291 

 292 

Figure. 4 NDVI change trend and significance test results from 1982 to 2018 (The 293 

map was created using ESRI ArcGIS 10.3, 294 

http://www.esri.com/sofware/arcgis/arcgis-for-desktop). 295 

Correlation between precipitation, temperature and NDVI  296 

Fig. 5 shows that the annual average temperature increased at a rate of 0.37 °C year-1 297 
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from 1982 to 2018, the highest annual average temperature appeared in 2013, at a 298 

value of 15.19 °C, and the lowest temperature was observed in 1984, at a value of 299 

13.14 °C. The annual precipitation increased at a rate of 12.098 mm year-1 from 1982 300 

to 2018, the highest annual precipitation occurred in 1983, at a value of 1229.43 mm, 301 

and the lowest value appeared in 1997, at a value of 618.88 mm. 302 

The annual precipitation and annual mean temperature values were spatially 303 

heterogeneous (Fig. 6). The annual average temperature decreases gradually from 304 

south to north, the highest annual average temperature is located in the southeast, and 305 

the lowest is located in the west and north. The annual precipitation also shows a 306 

decreasing trend from south to north, the highest annual precipitation is located in the 307 

southeast and the southwest, and the lowest is located in the northern. 308 

 309 

Figure. 5 Trends in the annual average temperature and precipitation from 1982 to 310 

2018 311 
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 312 

Figure. 6 a) Spatial distribution of the average temperature from 1982 to 2018; b) 313 

Spatial distribution of the precipitation from 1982 to 2018 (The map was created 314 

using ESRI ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-desktop). 315 

The correlation of annual NDVI, annual climate data and monthly NDVI and 316 

monthly climate data were analyzed. The results show that the annual NDVI has no 317 

significant positive correlation with annual temperature and precipitation, and the 318 

correlation coefficients are 0.125 and 0.320, respectively. There was a significant 319 

positive correlation between monthly NDVI and monthly average temperature, with a 320 

correlation coefficient of 0.708 (P < 0.05). There was no significant negative 321 

correlation between monthly NDVI and monthly average precipitation, with a 322 

correlation coefficient of 0.199. Overall, the influence of temperature on NDVI is 323 

greater than that of precipitation. 324 

Based on the pixel scale, partial correlation coefficients of monthly average 325 

temperature, monthly precipitation and monthly average NDVI were calculated and 326 

tested for significance (Fig. 7). The results show that 95.78% of the pixel temperature 327 

has a positive correlation with NDVI (81.90% significantly with p < 0.05), and 4.22% 328 

of the pixel temperature has a negative correlation with NDVI. On the spatial 329 

distribution, except in the South and East, the temperature in other regions showed a 330 
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significant positive correlation with NDVI. A total of 27.28% of the pixel 331 

precipitation has a positive correlation with NDVI (28.94% significantly with p < 332 

0.05), and 72.72% of the pixel temperature has a negative correlation with NDVI 333 

(71.06% significantly with p < 0.05). On the spatial distribution, precipitation and 334 

NDVI are negatively correlated with the Hanzhong Basin and the north and positively 335 

correlated with parts of the southeast. 336 

 337 

Figure 7 a) Spatial distribution and significance test of the partial correlation 338 

coefficient between temperature and NDVI; b) spatial distribution and significance 339 

test of the partial correlation coefficient between precipitation and NDVI (The map 340 

was created using ESRI ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-341 

desktop). 342 

Residual analysis and land use change  343 

Based on regression analysis of NDVI and precipitation and temperature, the 344 

residuals of the NDVI are calculated on the pixel scale (Fig. 8). Positive values 345 

indicate that other factors have a positive effect on regional NDVI changes, while 346 

negative values indicate an adverse effect. The results show that the area of the 347 

positive value of the residual value is greater than the area of the negative value. In 348 

terms of spatial distribution, positive values are mainly distributed upstream of the 349 
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dam. Negative values are mainly distributed downstream of the dam, concentrated 350 

around the Jianghan Plain, Nanyang Basin, and central cities. 351 

 352 

Figure. 8 Spatial distribution of the residual mean from 1982 to 2018 (The map was 353 

created using ESRI ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-354 

desktop). 355 

Fig. 9 shows the spatial distribution of the comprehensive contribution of residual 356 

and climatic factors to NDVI changes. The results show that the comprehensive 357 

contributions of climate and human activity factors to NDVI changes were 92.03% 358 

and 7.97%, respectively, the comprehensive contribution of climate factors to NDVI 359 

changes is much greater than the residual contribution, which is the dominant factor 360 

in NDVI changes. However, the comprehensive contributions of the two factors 361 

exhibit notable spatial heterogeneity. The comprehensive contribution of residuals is 362 

higher only on both sides of the river upstream of the dam and around the central city 363 

downstream of the dam and lower in other areas. In regions with high residual 364 

comprehensive contribution, the influence of climate factors is small, and other 365 
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regions are much higher than the comprehensive contribution of human activity 366 

factors. 367 

 368 

Figure. 9 a) Spatial distribution of the average comprehensive contribution of residual 369 

from 1982 to 2018; b) Spatial distribution of the average comprehensive contribution 370 

of climate factors from 1982 to 2018. (The map was created using ESRI ArcGIS 10.3, 371 

http://www.esri.com/sofware/arcgis/arcgis-for-desktop). 372 

The least squares method was used to fit the spatial variation in the 373 

comprehensive contributions of residual and climate factors from 1982 to 2018 (Fig. 374 

10). The results showed that the change rate of the comprehensive contribution of 375 

residuals was 0.124 year-1, the change rate of the comprehensive contribution of 376 

natural factors was -0.183 year-1, and the contribution rate of residuals showed an 377 

upward trend, while the natural factors showed a downward trend. Spatially, in areas 378 

with high residual contributions on both sides of the river upstream of the dam and 379 

around the central city downstream of the dam, the comprehensive contribution of 380 

residuals showed a significant upward trend, while the comprehensive contribution of 381 

natural factors showed a significant downward trend. In other areas, the 382 

comprehensive contribution of residuals also shows an increasing trend, but the 383 
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degree of change is smaller. 384 

 385 

Figure. 10 a) Spatial variation trend of the comprehensive contribution degree of 386 

residual from 1982 to 2018; b) Spatial variation trend of the comprehensive 387 

contribution degree of climate factors from 1982 to 2018 (The map was created using 388 

ESRI ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-desktop). 389 

Table 1 Land use change transfer matrix of the Hanjiang River basin in 1980—2018 390 

(km2) 391 

 Land use type 

2018 

Cultivated 

land 
Grassland Forests Water 

Construction 

land 

Unutilized 

land 
Sum 

1980 

Cultivated land 36043 6485 6768 2143 3870 33 55342 

Grassland 6499 46947 6227 395 313 6 60387 

Forests 6579 6560 16423 134 155 5 29856 

Water 927 224 93 1810 159 6 3219 

Construction land 2453 79 61 103 911 0 3607 

Unutilized land 54 9 4 102 7 29 205 

Sum 52555 60304 29576 4687 5415 79 152616 

 392 

Table 1 shows the land use change from 1980 to 2018. The results show that 393 

the overall land use change over 39 years is as follows: cultivated land, grassland, and 394 

forests decreased, while water, cultivated land, and unutilized land increased. The 395 

http://www.esri.com/sofware/arcgis/arcgis-for-desktop).
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cultivated land, grassland and forests decreased by 2787 km2, 280 km2 and 83 km2, 396 

respectively, while water, cultivated land and unutilized land increased by 1468 km2, 397 

1808 km2 and 126 km2, respectively. Therefore, the land types with the largest change 398 

are cultivated land, water and construction land; the reduced cultivated land is mainly 399 

converted into water and construction land; the increased water is mainly converted 400 

from cultivated land and forests; and the increased construction land is mainly 401 

converted from cultivated land and forests. 402 

Fig. 11a shows the area of the increase in the six types of land use in 2018. It 403 

can be seen from the figure that the upstream area of the dam is mainly increased by 404 

cultivated land, forests and grassland, and the increased area is located in the west and 405 

north of the upstream area of the dam. The downstream area of the dam is mainly 406 

represented by the increase in water and construction land. The location of the 407 

increase in water is located in the south downstream of the dam, and the location of 408 

the increase in construction land is around the central city. 409 

Since the area changes of cultivated land, forestland and grassland are 410 

transformed from each other, we analyze their conversion in Fig. 11b. On both sides 411 

of the river upstream of the dam, mainly transformed from cultivated land to 412 

forestland and grassland; in the south and downstream of the dam, mainly 413 

transformed from forestland to cultivated land. 414 
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 415 

Figure. 11 a) Expanded area of different land use types from 1980 to 2018; b) 416 

Conversion of cultivated land, forests and grassland from 1980 to 2018 (The map was 417 

created using ESRI ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-418 

desktop). 419 

In summary, from 1980 to 2018, the changes in land use types are consistent 420 

with tresidual results. We believe that human activity factors account for a large 421 

proportion of residual values, and residual value is taken as a human activity factor to 422 

participate in the discussion. 423 

Analysis 424 

NDVI spatiotemporal change  425 

From 1982 to 2018, the NDVI values in the upper and lower reaches of the 426 

Danjiangkou Dam showed an overall upward trend, reflecting the improvement in 427 

regional vegetation. The Danjiangkou Reservoir is the core water source of the South-428 

to-North Water Transfer Project. With the development of the Middle Route of the 429 

South-to-North Water Transfer Project and popularization of the concept of 430 

ecological civilization, state and local governments realize that the ecological 431 

environment of the water source area determines the water quality and quantity of the 432 

water diversion project. These requirements will affect the success or failure of water 433 
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diversion projects and influence the reproductive health and life of the people in the 434 

water-receiving areas. Relevant departments have implemented a series of ecological 435 

measures, including natural forest protection projects, conversion of farmland to 436 

forestry projects, a number of water conservancy compensation projects47, and active 437 

promotion of the downstream cascade development and modernization pilot 438 

construction of the dam48. The implementation of these projects has promoted the 439 

increase in NDVI in the upstream and downstream vegetation of the dam to a certain 440 

extent. The natural forest protection project started in 1998, and the policy of 441 

returning farmland to forestry began in 1999. As the first pilot project, the 442 

implementation of ecological protection in Shaanxi Province in the upper reaches of 443 

the basin has gradually stabilized the regional vegetation area. This phenomenon may 444 

be the reason that the NDVI fluctuated greatly before 2001, and the trend of change 445 

was more stable after 2001. 446 

The average NDVI in the upstream region of the dam is higher than that in the 447 

downstream region, and the NDVI in the upstream region mainly increases 448 

significantly during the study period, while the NDVI in the downstream region is 449 

mainly degraded. The upstream region of the dam is located in Shanxi Province, and 450 

its vegetation cover is mainly forestland, while the downstream region hosts many 451 

central cities, so the vegetation cover in the upstream region is better than that in the 452 

downstream region. At the same time, the upstream region of the basin is the key area 453 

of ecological protection work, and the implementation of various ecological 454 

engineering works has improved the NDVI as a whole, while the downstream area is 455 
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dominated by cultivated land and cities. Economic development and urban expansion 456 

will affect regional vegetation growth. 457 

Analysis of the influencing factors  458 

Between 1982 and 2018, the precipitation showed a decreasing trend, while the 459 

temperature showed an increasing trend, indicating that the regional climate gradually 460 

became warmer and drier. There is a significant positive correlation between regional 461 

temperature and NDVI and a negative correlation between precipitation and NDVI. 462 

Therefore, the climate change trend is conducive to the growth of regional vegetation. 463 

The overall growth trend of vegetation in the study period is closely related to the 464 

climate change trend. 465 

The study area has a developed water system, rich water resources, relatively 466 

small dependence of vegetation on precipitation, and sufficient heat resources will 467 

promote the growth of vegetation; therefore, temperature has a greater effect on 468 

NDVI than precipitation. In the north upstream of the dam and Jianghan Plain 469 

downstream, precipitation and temperature have a significant correlation with NDVI. 470 

The northern part is located in a low-lying valley area, and near the Danjiangkou 471 

Reservoir, the water system is developed. Excessive precipitation will increase soil 472 

moisture, resulting in large surface latent heat evaporation, lowering the temperature 473 

and affecting the photosynthesis of plants, but sufficient heat resources will promote 474 

the growth of valley vegetation. The Jianghan Plain is a plain agricultural area, and 475 

sufficient water and heat resources will promote the growth of regional crops. In the 476 

Nanyang Basin, the impact of precipitation and temperature on NDVI is not 477 
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significant. The land use in this area is mainly cultivated land, the economic 478 

development is good, and it is greatly affected by human factors. Vegetation changes 479 

are not fully synchronized with climate changes. Except for the Nanyang Basin, the 480 

temperature has no significant effect on vegetation in high-altitude areas. At higher 481 

altitudes, water and heat resources are distributed less, and vegetation growth is less 482 

dependent on climatic factors. 483 

In the analysis of residual values, human activities in the upper reaches of the 484 

river basin have a positive impact on NDVI, while human activities in the lower basin 485 

have a negative impact. Combined with land use changes, upstream of the dam, the 486 

changes in land use types are mainly the conversion of cultivated land to forestland 487 

land and grassland. These changes are affected by the implementation of water and 488 

soil conservation projects and the implementation of returning farmland to forest. 489 

Relevant research shows that49, as of 2009, the afforestation of returned farmland has 490 

been completed 21. 88×104 hm2, the implementation of these policies has promoted 491 

vegetation growth upstream of the dam50. The main change downstream of the dam is 492 

the conversion of cultivated land to construction land, forestland to cultivated land. 493 

The main change downstream of the dam is the conversion of cultivated land to 494 

construction land, forestland to cultivated land. The downstream of the dam belongs 495 

to Hubei Province and is located in the Wuhan economic circle. It has rapid economic 496 

development, high intensity, high population density, urban expansion, shrinking river 497 

channels, serious soil erosion, and a significant downward trend in vegetation 498 

coverage. At the same time, the unreasonable use of land by humans in the plain basin 499 
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area has exacerbated soil erosion, resulting in bare surface and worsening vegetation 500 

coverage. Therefore, the downstream human activities are mainly represented by the 501 

expansion of downstream cities, the phenomenon of construction land occupying 502 

cultivated land and forestland, and unreasonable agricultural cultivation. 503 

In summary, climatic factors are the main factors affecting the vegetation 504 

changes in the upper and lower reaches of the Danjiangkou Dam, but human activities 505 

have gradually become an important factor affecting regional vegetation changes, and 506 

the degree of influence has gradually increased. 507 

Discussion 508 

Climate change is a long-term process, and the length of meteorological and 509 

hydrological data used for analysis to a large extent determines the trend results. At 510 

the same time, the length of time series is also an important issue to analyze the 511 

impact of human activities51, urban development, land use change, and the benefit of 512 

ecological protection measures are all long-term processes, and it is difficult to 513 

capture the changes in short-term monitoring52. In this study, we used the EOT 514 

algorithm to build long-sequence 1 km resolution NDVI data based on GIMMS 515 

NDVI and MODIS NDVI. Since the resolution of GIMMS NDVI is 8 km and the 516 

resolution of MODIS NDVI is 250 m, there may be a problem of mixed pixels when 517 

fitting the EOT algorithm, which may have a certain impact on the results. However, 518 

the land use types upstream of the dam are mainly forestland and grassland and are 519 

continuously distributed; the downstream of the dam is mainly cultivated land and 520 

construction land, with a relatively concentrated distribution, and the mixed pixels 521 
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have relatively little influence on the prediction of the EOT algorithm. Based on the 522 

calculated error coefficients, the prediction performance of the EOT algorithm is 523 

good. 524 

By analyzing the NDVI time series, we conclude that the vegetation restoration 525 

effect in the study area from 1982 to 2018 is better, which is closely related to climate 526 

change, especially temperature. Climate warming not only extends the vegetation 527 

growth cycle but also accelerates the decomposition of soil organic matter and the 528 

release of nutrients, which is beneficial to the accelerated growth of vegetation53. This 529 

result is consistent with the research results of Liu54 and Li55 in this region. In this 530 

study, human activities such as returning farmland to forest upstream of the dam are 531 

important factors affecting vegetation restoration. This result has been verified by 532 

some scholars' sub studies. Jin et al.56 found that human activities such as returning 533 

farmland to forest have a great impact on vegetation restoration in Shaanxi Province, 534 

and their contribution rates to vegetation increase are more than 65%. Zhang et al.57 535 

found that human activities affect vegetation changes by changing land use types and 536 

have a positive impact on vegetation upstream of the dam. Piao et al.58 considered that 537 

greening engineering plays an important role in vegetation restoration. At the same 538 

time, human activities will also have a negative impact on vegetation growth, which is 539 

mainly manifested in the encroachment of farmland and forests by urban development 540 

downstream of the dam. This is consistent with the results of Zhang et al.57 The 541 

research by Jin et al.59 also showed that the negative impact of human activities on 542 

vegetation changes is more pronounced in metropolitan agglomeration areas. 543 
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Compared with other scholars' research on the Danjiangkou Dam, this manuscript 544 

constructed a long-time high spatial resolution NDVI data set, quantitatively analyzed 545 

the relative contributions of climate and human activities to vegetation changes, and 546 

based on the types of land use, the expression of human activities in the upstream and 547 

downstream of the dam is discussed, which provides a theoretical basis for the 548 

formulation of regional ecological protection measures. However, some deficiencies 549 

remained in this study. For example, the term “human activity” in this study only 550 

considered the change of land use type, whereas the total content of human activity is 551 

very rich (e.g., vegetation construction, agricultural technology progress and urban 552 

expansion). On the other hand, when the residual method is used to separate the 553 

influence of human activities on NDVI changes, it only establishes the multiple 554 

regression equation between climatic factors and NDVI and only considers the 555 

influence of natural factors such as topography, which may have some impact on the 556 

results. In future research, we will consider a variety of factors, build an evaluation 557 

system of human activities, and conduct an in-depth analysis of the impact of human 558 

activities on regional vegetation. 559 

Conclusion 560 

Based on GIMMS NDVI and MODIS NDVI data sets, the EOT algorithm is used to 561 

construct 1 km resolution NDVI data sets from 1982 to 2018. Based on the 562 

temperature and precipitation data, the driving factors of NDVI change upstream and 563 

downstream of the Danjiangkou dam and their corresponding contributions are 564 

analyzed using change trend analysis and residual analysis methods. The main 565 
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conclusions are as follows: 566 

(1) From 1982 to 2018, the overall NDVI of the Danjiangkou water source area 567 

showed a significant increasing trend, with a change trend of 0.017 year -1 (P < 0.05), 568 

but showed obvious spatial heterogeneity. The significant increase area is located near 569 

the valley upstream of the dam, while the significantly decreased area is mainly 570 

distributed in the basin downstream of the dam and around the central city. 571 

(2) The influence of temperature on NDVI is greater than that of precipitation, which 572 

is the main climatic factor affecting NDVI change. The influence of temperature and 573 

precipitation on NDVI shows obvious spatial heterogeneity. In the upstream valley 574 

area and downstream farming area, the correlation among NDVI, precipitation and 575 

temperature is significant; in the basin area with higher terrain in the upstream and 576 

downstream, the correlation among NDVI, precipitation and temperature is not 577 

significant. 578 

(3) Human activities have a positive impact on the NDVI in the study area, but the 579 

human activities upstream and downstream of the dam are different in performance 580 

and have different effects on the NDVI. Human activities have a positive impact on 581 

the NDVI upstream of the dam, which is mainly reflected in ecological measures such 582 

as returning farmland to forests. It has a negative impact on the NDVI downstream of 583 

the dam, which is mainly reflected in urban expansion and the occupation of 584 

cultivated land and forestland by construction land. 585 

(4) The climate factor is the leading factor in the change in NDVI. The 586 

comprehensive contribution of climate and human activities to the change in NDVI 587 
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has great spatial heterogeneity. The comprehensive contribution of human activities 588 

around the upper river valleys and the lower central cities is greater. The 589 

comprehensive contribution of climate in other regions is much higher than that of 590 

human activities. The comprehensive contribution of human activities has shown an 591 

increasing trend in recent years and has become an important factor affecting NDVI. 592 
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Figures

Figure 1

Location of the Danjiangkou Dam (The map was created using ESRI ArcGIS 10.3,
http://www.esri.com/sofware/arcgis/arcgis-for-desktop). Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 2

Veri�cation of EOT NDVI and MODIS NDVI from 2005 to 2006

Figure 3

Annual average NDVI trends from 1982 to 2018



Figure 4

NDVI change trend and signi�cance test results from 1982 to 2018 (The map was created using ESRI
ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-desktop). Note: The designations employed
and the presentation of the material on this map do not imply the expression of any opinion whatsoever
on the part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 5

Trends in the annual average temperature and precipitation from 1982 to 2018

Figure 6

a) Spatial distribution of the average temperature from 1982 to 2018; b) Spatial distribution of the
precipitation from 1982 to 2018 (The map was created using ESRI ArcGIS 10.3,
http://www.esri.com/sofware/arcgis/arcgis-for-desktop). Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 7

a) Spatial distribution and signi�cance test of the partial correlation coe�cient between temperature and
NDVI; b) spatial distribution and signi�cance test of the partial correlation coe�cient between
precipitation and NDVI (The map was created using ESRI ArcGIS 10.3,
http://www.esri.com/sofware/arcgis/arcgis-for-desktop). Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.



Figure 8

Spatial distribution of the residual mean from 1982 to 2018 (The map was created using ESRI ArcGIS
10.3, http://www.esri.com/sofware/arcgis/arcgis-for-desktop). Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.

Figure 9

a) Spatial distribution of the average comprehensive contribution of residual from 1982 to 2018; b)
Spatial distribution of the average comprehensive contribution of climate factors from 1982 to 2018.
(The map was created using ESRI ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-desktop).
Note: The designations employed and the presentation of the material on this map do not imply the
expression of any opinion whatsoever on the part of Research Square concerning the legal status of any
country, territory, city or area or of its authorities, or concerning the delimitation of its frontiers or
boundaries. This map has been provided by the authors.

Figure 10



a) Spatial variation trend of the comprehensive contribution degree of residual from 1982 to 2018; b)
Spatial variation trend of the comprehensive contribution degree of climate factors from 1982 to 2018
(The map was created using ESRI ArcGIS 10.3, http://www.esri.com/sofware/arcgis/arcgis-for-desktop).
Note: The designations employed and the presentation of the material on this map do not imply the
expression of any opinion whatsoever on the part of Research Square concerning the legal status of any
country, territory, city or area or of its authorities, or concerning the delimitation of its frontiers or
boundaries. This map has been provided by the authors.

Figure 11

a) Expanded area of different land use types from 1980 to 2018; b) Conversion of cultivated land, forests
and grassland from 1980 to 2018 (The map was created using ESRI ArcGIS 10.3,
http://www.esri.com/sofware/arcgis/arcgis-for-desktop). Note: The designations employed and the
presentation of the material on this map do not imply the expression of any opinion whatsoever on the
part of Research Square concerning the legal status of any country, territory, city or area or of its
authorities, or concerning the delimitation of its frontiers or boundaries. This map has been provided by
the authors.


