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Abstract 

Several studies have demonstrated global climate change, which has happened worldwide; it significantly 

impacts terrestrial ecosystems. Studying vegetation phenology can provide insight into the impact of climate 

changes on ecosystems. Alashan Plateau Semi-Desert is located between the Tibetan Plateau and the Gobi 

Desert and has an arid continental climate. This area consists of highlands, and the sensitivity of natural 

vegetation to temperature and climate change is very high. This study aims to identify climate trends in forest 

cover indices using weather (meteorological) data from 1982 to 2019 across the Alashan Plateau Semi-Desert. 

Based on this, 13 variables that affect climate change were selected, and the possible effect of climate factors 

on vegetation indices was predicted using MATLAB. The results showed that over the past 38 years, three 

forest cover indices, LAI, FAPAR, and NDVI, decreased by about 6-10, 6-7, and 19-20 percent 

correspondingly, and it can be assumed that this decline is due to climate change. In general, it can be said that 

climate changeshave adverse effects in hot and dry regions and highlands. With the current climate change 

trends, such as increasing temperature and decreasing rainfall, reducing the dynamics of vegetation indices in 

these areas can be seen dramatically. 
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1 Introduction 

Currently, vegetation change measures regional or global environmental conditions (Deng et al., 2019). Due to 

climate change and the increased frequency and intensity of extreme events, terrestrial ecosystems have been 

adversely affected, desertification and land degradation have been accelerated in many regions, and food 
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security has been negatively affected as a result (Fahadet al., 2021; Huang et al., 2020). Increasing atmospheric 

CO2 levels, land cover changes, and climatic changes affect vegetation differently, so the impact of climate 

changes on vegetation has gathered increasing attention in recent years (Kong et al., 2018; Fahad et al., 2021b, 

2021a, 2021d). It has been shown that changes in plant phenology are related to climate change. Therefore a 

change in plant phenology can be regarded as a sign that the climate is changing and that species have adapted 

to the new environment (Parmesan et al., 2003; Visser et al., 2005; Zhou et al., 2022). Therefore, 

understanding how plant phenology shifts in response to changes in climate can assist us in understanding the 

dynamics of vegetation during future climate change (Tao et al., 2017). 

Phenology derived from time series of remote sensing indices has proven to be a reliable method for 

estimating the large-scale growth stage of vegetation (Frankenberg et al., 2018; Piao et al., 2019). Piao et al. 

(2020) examined recent advances in plant phenology and their interaction with climate change. Recent 

research has demonstrated that the rapid expansion of ground-based and remote sensing-based phenology data 

acquisition has led to significant advancements in plant phenology research. According to many global studies, 

the use of normalized difference vegetation index (NDVI), leaf area index (LAI), and the fraction of absorbed 

photosynthetically active radiation (FAPAR) has been proposed to evaluate the consistency between 

vegetation and terrestrial essential climate variables retrieved from Earth observation on a global scale. NDVI 

index is used to assess the ecological impact of global warming, ecological change, agricultural status, land 

change, and desertification. In addition to estimating vegetation in forests and non-forests, NDVI is widely 

used in analyzing how climate change is affecting forest and non-forest vegetation productivity (Ols et al., 

2019; Chu et al., 2019; Zhao et al., 2020; Li et al., 2021; Zhe et al., 2021; Jiang et al., 2021; Liu et al., 2021b; 

Liu et al., 2021c). LAI, defined as half of the leaf surface area in a canopy in a given area and used to describe 

canopy structure, is a measure of photosynthetic activity in vegetation and plant health (Baret et al., 1989). 

LAI is a crucial variable regulating the biosphere and climate interaction. It regulates the surface energy 

balance of the surface, the hydrological cycle, the carbon budget, and the boundary layer meteorology. LAI is 

used to demonstrate terrestrial ecosystems' complex and dynamic processes and to analyze responses to 

environmental conditions. LAI also makes it possible to predict the terrestrial carbon flux and its effect on 

atmospheric CO2 concentration. An accurate representation of seasonal LAI in models is essential to simulate 

terrestrial ecosystem dynamics and their interactions with the environment in climatic simulations (Jeong et al., 

2020; Piao et al., 2020). The remote sensing-based LAI products were also used to estimate land surface 

phenology (Verger et al., 2016; Song et al., 2020). Using satellite-derived LAI products, Verger et al. (2016) 

found that LAI is more suitable than NDVI or EVI for estimating land surface phenology in dense vegetation 

areas. FAPAR represents the fraction of active photosynthetic radiation absorbed by green/living elements that 

determine the photosynthetic status of vegetation and is used to monitor vegetation status and ecosystem 

productivity and to simulate a wide range of responses. Ecological studies are applied to climate change and 

atmospheric chemical composition, including changes in the distribution of plant communities (Chen et al., 

2019). 

Various climatic factors influence the Vegetation phenology, growth, development, distribution, decline, 

and seasonal vegetation changes, such as temperature, precipitation, insolation, humidity, etc. Furthermore, the 

climate is defined as a seasonal period of solar radiation, temperature, and precipitation that primarily 

determines terrestrial vegetation types, including broadleaved forests, grasslands, and biogeochemical 

properties of the earth's surface (such as CO2 flux and carbon storage in biomass and soil) (Tao et al., 2017; 

Cleland et al., 2007). 

Several studies have examined the effects of changes in climatic variables such as air temperature and 

precipitation on vegetation indicators (Gao et al., 2022; Shang et al., 2022; Sun et al., 2021; Gao et al., 2021). 
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Climate factors such as temperature and precipitation regulate vegetation growth (Wang et al., 2016; Braswell 

et al., 1997; Guo et al., 2021). By calibrating and computing time series from satellite-derived NDVI during 

1982-2012, In the Northern Hemisphere, the spatial variability and temporal trends of vegetation phenology 

were surveyed by Wang et al. (2016). Furthermore, the authors examined the response of vegetation in 

different ecological zones to climate change.Based on their findings, it was concluded that temperature plays a 

crucial role in determining vegetation phenology, and the response of vegetation phenology to temperature 

varied across different eco-zones. Climate change will affect vegetation growth periods and the composition 

and morphology of vegetation itself (Liu et al., 2015; Sun et al., 2015; Deng et al., 2017; De et al., 2015). It 

has been reported that the driving factors of climate on vegetation have gradually shifted to precipitation and 

temperature (Sun et al., 2021; Gao et al., 2022). Thus, precipitation and temperature, the two most direct and 

significant climate factors, are chosen for studies of vegetation change in response to climate change (Gao et 

al., 2021). Shang et al. (2022) found that precipitation and temperature were the most important factors 

affecting NDVI changes in northwest China. 

The relationship between vegetation phenology, vegetation growth, development of their types and 

distribution, and even anomalies and destruction by climate drivers is crucial in global change research. It 

indicates dynamic feedback of terrestrial ecosystems to climate changes. Therefore, monitoring the 

above-complicated process is very important for future climate change. Recently, the standard method of 

collecting plant phenology has been based on field techniques (such as cluster sampling) to observe individual 

organisms regularly and record changes that occur visually, such as budburst, flowering, foliation, or 

defoliation. However, remote sensing technologies have recently assisted us in predicting climate change 

trends over space and time. 

Alashan Plateau semi-desert includes low mountains and deserts, except for the southwest of the Gobi 

desert. This area benefits from the rainfall of the Tibetan Plateau, but it is only enough to water the vegetation 

of arid and semi-arid areas. According to the KöppenBWk index, this region is considered one of the cold and 

dry regions. It has the characteristics of dry lands, i.e., low rainfall, high evaporation, and transpiration, and 

temperature fluctuations during the day and night. Annual rainfall in the Alashan region is lower than 150 mm. 

Therefore, the wildlife of this region and the plant community are compatible with the conditions of this 

ecosystem and have many strategies for their development, formation, and survival. Due to the fragility of this 

ecosystem and the particular importance of this region for North China and the Mongolian plateau, and as far it 

allows us to study tracking climate-vegetation interaction and phenological changes and their drivers across 

ecoregions in the Alashan Plateau semi-desert over the past 38 years by coding on existing platforms and 

extraction and calculation of remotely sensed datasets. We predict the possible impact of climate factors on 

vegetation indexes using MATLAB. 

 

2 Material and Methods 

2.1 Study area 

The Alashan Plateau semi-desert ecoregion is located on the southwestern margin of the Gobi Desert, where a 

short period of summer precipitation is sufficient to support a sparse plant community. The terrain in the area 

consists of basins and ranges with altitudes ranging from 1000 to 2500 m (3300 to 8200 feet).The region is 

straddled by the China-Mongolian border, with the Tibetan Plateau to the south and the more arid regions of 

the Gobi to the north and east. A desert basin and low mountains encompass the ecoregion, bordered on the 

west by the Lop Desert, on the south by the Tibetan Plateau and the Qilian Mountains, and on the north and 

southeast by the Gobi extension of the Altai Mountains. Despite being in the rain shadow of the Tibetan 

Plateau, parts of the Gobi desert still receive sufficient precipitation to sustain semi-arid desert plant 

79



Computational Ecology and Software, 2024, 14(2): 77-101 

 

 
IAEES                                                                                      www.iaees.org    

communities (Fig. 1). There is a cool arid climate in this ecoregion (KöppenBWk). In this climate, 

precipitation is typically below the potential evapotranspiration rate in arid climates. Several months average 

below 0°C (32°F). Annual precipitation on the Alashan Plateau is under 150 mm (6 in/year). 

Alashan Plateau plant communities employ a variety of strategies to survive and form. Areas of sand 

characterize this ecoregion, and bare rock, low-lying areas dominated by salt-tolerant plants (halophytes) and 

plants adapted to low precipitation levels (xerophytes). The presence of shrubs such as 

Haloxylonammodendron and Reaumuriasoongorica, which are semi-perennials, contributes to the stability of 

the soil and attracts other plant species. There are semi-desert communities of artemisia, Zygophyllum, and 

calligonummongolicum in areas with more moisture. A small area of grassland is supported by runoff from the 

Qilian Mountains, and a river forest of desert poplar (Populuseuphratica) and Tamarix species is supported by 

the Yellow River, which runs along the eastern edge of the area. Table 1 shows the area and its percentage. 

 

 

Table 1 Area and percentage of Alashan area of China. 

Object ID 
Ecoregion 

(Eco-name) 
Biome Protected area Area_km2 Percent_Area

1 
Alashan Plateau 

semi-desert 

Deserts & Xeric 

Shrublands 

Nature Could Reach Half 

Protected 
457798.5484 4.889396004 

 

 
Fig. 1 Alashan Plateau semi-desert across the china ecoregions. 
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2.2 Datasets 

Table 2 provides a summary of the data sources used for this study. Since the NDVI data from GIMMS cover 

a long period and wide coverage, they have proven useful in studying regional and global vegetation change 

(Zhu et al., 2020). This study used the advanced high-resolution radiometer (NOAA-AVHRR) series of data 

collected from the National Oceanic and atmospheric administration to produce the GIMMS NDVI data set. 

This data set was collected from 1980 to 2013 using the Google Earth engine due to its high volume of data, 

and other data were gathered from NOAA and NASA disks for long-term data (Shen et al., 2021). Also, 

NOAA AVHRR LAI products were used because LAI has a better and more accurate simulation of vegetation 

density. This dataset contains gridded Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) and 

daily Leaf Area Index (LAI) derived from the NOAA Climate Data Record (CDR) of Advanced Very 

High-Resolution Radiometer (AVHRR) Surface Reflectance. Data was collected by eight NOAA 

polar-orbiting satellites from 1981 to 2019: NOAA-7, -9, -11, -14, -16, -17, -18, and -19. It is projected on a 

global grid of 0.05 degrees × 0.05 degrees. The NASA Goddard Space Flight Center (GSFC) and the 

University of Maryland (UMD) produced this dataset as part of the Land Surface CDR project (Wang et al., 

2021). The data related to the climate factor were extracted from TRMM data/precipitation/3 hour and monthly 

or from the Parsiann ccs precipitation website or GLDAF climate data.  

 

 

Table 2 Major data sources. 

Satellite / 

Model 
Product Name Data Name Unit 

Spatial 

Resolution

Temporal 

Resolution 
Time Extent Coverage

NOAA 

(AVHRR) 
Climate Data Record (CDR) 

NDVI 

nan 5 km Monthly 24/6/1981 GlobalLAI 

FAPAR 

ERA5 ECMWF atmospheric reanalysis 

Air Temperature k 

25 km Monthly 1/1/1979 GlobalTotal Precipitation m 

Surface Pressure pa 

FLDAS FEWS NET 

Soil Moisture m3 m-3

10 km Monthly 1/1/1982 Global

Downward longwave radiation flux w m-2 

Soil Heat Flux w m-2 

Sensible heat net flux w m-2 

Latent Heat Flux w m-2 

Snow Depth m 

Snow cover fraction nan 

Snowfall Rate kg m-2 s-1

Snow Water Equivalent kg m-2

TERRA 

Climate 
University of IDAHO 

Wind Speed m/s 
4 km Monthly 1/1/1958 Global

Palmer Drought Index nan 
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Data were collected By the Google Earth Engine platform from 1982 to 2019. GEE is a cloud computing 

platform that combines time series archives of earth observation data, tools, and algorithms. The list of the 

applieddata is as follows: 

 

o NDVI/NOAA daily - 1982 to 2019 - 5 km spatial resolution - Global scale 

o NDVI/NOAA Twice a month - 1982 to 2019 - 5 km spatial resolution - Global scale 

o LAI & FAPAR/NOAA daily - 1982 to 2019 - 5 km spatial resolution - Global scale 

o EVI/NOAA - 2000 to 2020 - Global scale and also below datasets; 

o Surface Pressure 

o Palmer Drought Index 

o Snow Water Equivalent 

o Soil Moisture 

o Downward Shortwave Radiation 

o Wind Speed 

o Downward Longwave Radiation 

o Net Longwave Radiation Flux 

o Soil Heat Flux 

o Sensible Heat Flux 

o Latent Heat Flux 

o Snowfall Rate 

o Snow Water Equivalent 

o Net Shortwave Radiation Flux 

 

The image collections were cross-tabulated with the ecoregions with a mean filter reducer. Each 

observation was aggregated for each ecoregion for the average NDVI, rainfall, temperature, and other values. 

2.3 Technical route 

A flowchart depicting the methods used to determine the phenological feedback from NDVI, LAI, and FAPAR 

time series concerning climate factors is shown in Fig. 2. Time series of NDVI, LAI, and FAPAR were 

calculated monthly from 1982 to 2019, first for the ecoregions of China and then for the semi-desert ecoregion 

of Alashan. Temperature time series and precipitation changes for about forty years have been obtained. We 

were making a model for soil moisture, soil temperature, drought, wind speed, light, heat, snow depth, 

topography, and other factors related to plant phenology (growth and development). Climate change is causing 

these changes. Visual patterns also were calculated to understand the changes by QGIS further. Also, our 

dependent variables in this research were plant indices NDVI, FAPAR, and LAI, which were influenced by 

our independent variables, i.e., climatic and environmental factors. The relationship between dependent and 

independent variables was calculated using Excel and artificial intelligence techniques in the MATLAB 

platform. Furthermore, our predictions came true that climatic and environmental drivers influence vegetation 

dynamics, and in fragile environments, this effect is doubled. 
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Fig. 2 Main flowchart of procedures. 

 

 

3 Result and discussion 

3.1 Change in the percentage decrease in LAI, FAPAR, and NDVI from 1982 to 2019 

For 38 years, from 1982 to 2019, three forest cover indices, LAI, FAPAR, and NDVI, were measured 

sequentially, as well as weather data of 13 characteristics. Three forest cover indices are positively correlated: 

coefficients were 0.75 between LAI and FAPAR, 0.51 between NDVI and FAPAR, and 0.16 between LAI and 

NDVI.  

Our study aims to identify climate trends in forest cover indices using weather (meteorological) data. We 

produced the study of the obtained experimental data according to a two-stage procedure used earlier in 

analyzing the distribution of larch NPP in Northern Eurasia. 

 

Stage 1. In the first stage, we attempted to trace the LAI, FAPAR, and NDVI concerning the main external 

weather characteristics measured every month for 38 years, which are as the following: 

 

T – air temperature, 

P - total precipitation,  

SP - surface pressure, 

SHF - soil heat flux, 

SH - sensible heat flux, 

LH - latent heat flux, 

SM - soil moisture content, 
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DLR - downward longwave radiation, 

DSR - downward shortwave radiation, 

SW - snow water equivalent, 

SD - snow depth, 

PD - Palmer drought index, 

WS - the wind speed. 

 

We analyzed the multiple linear relationships of each forest cover index with the entire set of weather 

characteristics correlated with each other. The total set of weather-independent variables explained the 

variability of LAI, FAPAR, and NDVI by 75, 47, and 22 %, respectively. It turned out that of all the 

independent variables in the three equations, the most significant was the soil heat flux (SHF). In the equations 

for LAI, FAPAR, and NDVI, the Student's criterion for the independent variable SHF was equal to 4.5, 2.9, and 

6.1, respectively. Most of the other weather variables in the multiple regression equations were not statistically 

significant at the probability level of 0.95. The dependencies LAI, FAPAR, and NDVI on SHF are calculated as 

follows: 

 

LAI = 0.1268+0.0042 SHF; adj R2 = 0.633; SE = 0.03                  (1) 

FAPAR = 0.0914+0.00081 SHF; adj R2 = 0.469; SE = 0.008             (2) 

NDVI = 0.0786+0.00015 SHF; adj R2 = 0.06; SE = 0.01                 (3) 

 

When the NDVI index was approximated using the full set of independent variables, the student's criterion 

was the highest for the variable SHF (6.1>1.96). Most of the other variables were statistically unreliable at the 

probability level of 0.95. However, when the index was approximated using this single reliable independent 

variable, the coefficient of determination dropped sharply from 0.22 to 0.03. However, the independent 

variable SHF is statistically significant at the probability level of 0.999 (t = 4.1>2.0). 

Our goal is to identify the most significant independent variable associated with LAI, FAPAR, and NDVI, 

calculate corresponding equations, and track how these relationships change with calendar years in the range 

from 1982 to 2019. 

Therefore, we introduce the factor of calendar years encoded by the block of dummy into equations (1)-(3) 

variables (De Jong et al., 2011):  

 

LAI, FAPAR and NDVI = a+b SHF +j ΣXi            (4) 

 

where ΣXi = cX1+dX2+eX3+…..nX37. The calendar years 1982, 1983, 1984, … 2019 are coded by dummy 

variables as X0, X1, X2, X3+…..X37. After calculating equation (4), we prepare the matrixes of initial data to 

identify the dynamics of LAI, FAPAR, and NDVI dependence on SHF from 1982 to 2019 (Table 3). 

 

Stage 2. As we move from 1982 to 2019, the ratio of the consecutive intercept of dummy variables of equation 

(4) to the intercept of the initial equation calculated for the initial year 1982 decreases monotonically. The 

description of the mentioned dependence represents the second stage of the two-stage procedure of our 

analysis. We described the percentage decrease in the value of the intercept of equation (4) from 1982 to 2019, 

shown in the following table:  
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LAI = 3.3890 -0.2624 X; R2 = 0.274; SE = 4.45         (5) 

FAPAR = 0.7191-0.1750 X; R2 = 0.505; SE = 1.90      (6) 

NDVI = 4.9573-0.6479 X; R2 = 0.341; SE = 9.76        (7) 

 

For regression coefficients -0.2624, -0.1750, and -0.6479, the t-statistics are 3.8, 6.1, and 4.5, which exceeds 

the standard value of 1.96 at the probability level of 0.999. The geometric interpretation of equations (5)-(7) 

against the background of actual data is given in Fig. 3. 

According to Fig. 3, we can see that in the range of calendar years from 1982 to 2019, there is a 

monotonous decrease in the change in the percentage of LAI, FAPAR, and NDVI, provided that the level 

of SHF remains unchanged. It does not correlate with the mentioned temporal range and has a mean value of 

0.128.  

Thus, over the past 38 years, three forest cover indices, LAI, FAPAR, and NDVI, under conditions where 

the main external weather characteristics SHF remains unchanged, are decreased by about 6-10, 6-7, and 

19-20 % correspondingly. It can be assumed that this decline is due to climate change. 

3.2 Spatial and temporal patterns of changes in NDVI, LAI, and FAPAR 

The Alashan Plateau Semi-Desert is located between the Tibetan Plateau and the Gobi Desert, which has an 

arid continental climate, primarily highland areas, and vegetation susceptible to temperature changes and 

climate change (Gao et al., 2022; Li et al., 2021; Li et al., 2019). Climate change affects vegetation due to 

changes in temperature, rainfall, solar radiation, nutrient cycles, microbial activity, and physiological activity 

within plants. Rainfall changes may alter moisture regimes, salinity, acidity, soil erosion, and other chemical 

and physical factors. All these factors affect vegetation growth (Chen et al., 2017; Zhu et al., 2020; Wang et al., 

2021). The results of this study show that the vegetation of the Alashan Plateau Semi-Desert area has generally 

decreased from 1982 to 2019, except in parts of the northeast and small areas of the southern strip. According 

to the visual patterns related to Fig. 4, it can be said that there is a trend of increasing NDVI, LAI, and FAPAR 

values in the southern and northeastern parts of the Alashan region.In other places, such as the central, 

northern, and western parts of the Alashan region, we see a decrease in vegetation indicators, which shows 

these parts' fragility. There are two aspects to the process of vegetation activity reacting to climate change, 

which can explain the heterogeneity in the values of vegetation indices in some regions. The first characteristic 

is the nonlinearity of the effect of climate factors on vegetation.For example, warming the environment can 

increase vegetation activity before reaching the optimum temperature for photosynthesis. This trend has been 

observed in this study in the southern and northeastern regions of the Alashan Plateau (Fig. 5(a)). Air 

temperature gain) and in other studies in the Tibetan Plateau.Second, hydrological and thermal factors interact 

to determine vegetation activity. For example, increasing evapotranspiration may increase the propensity for 

drought. This trend was observed in most areas of the Alashan Plateau. However, this may decrease with 

increasing rainfall. In this study, increased vegetation activity in the southern regions of the Alashan Plateau is 

observed with increasing temperature and rainfall (Lotsch et al., 2005). Guo et al. (2021) reported different 

patterns of vegetation change in Inner Mongolia in their study on vegetation dynamics. Forests and desert 

meadows had partially improved vegetation, but conventional grasslands in the central part of the country had 

partially degraded. This result is consistent with that of this study, which shows that vegetation has increased 

in some areas of the northeast and in a small amount of the southern strip, and in other areas, it has decreased 

significantly. 
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Table 3 Preparation of a matrix of initial data to identify the dynamics of LAI, FAPAR, and NDVI dependence on SHF for the 
period from 1982 to 2019. 

Calendar 
year 

The number 
of the 

calendar 
year (X) 

Independent 
variable 

LAI FAPAR NDVI 

The regression 
coefficient 

Y * 
The regression 

coefficient 
Y * 

The regression 
coefficient 

Y * 

1982 0 Intercept 0.13032 0 0.09419 0 0.08559 0 

- - SHF 0.00413 - 0.00081 - 0.00009 - 

1983 1 X1 0.00474 3.63 -0.00034 -0.36 -0.00371 -4.34 

1984 2 X2 0.00416 3.19 0.00067 0.71 -0.00073 -0.86 

1985 3 X3 -0.00005 -0.04 -0.00068 -0.72 -0.00149 -1.74 

1986 4 X4 0.00011 0.08 -0.00183 -1.95 -0.00396 -4.63 

1987 5 X5 0.00462 3.55 -0.00096 -1.02 -0.00332 -3.88 

1988 6 X6 -0.00048 -0.37 -0.00258 -2.74 -0.01205 -14.07

1989 7 X7 0.00168 1.29 0.00081 0.86 -0.01924 -22.48

1990 8 X8 -0.00363 -2.78 -0.00245 -2.60 -0.00136 -1.59 

1991 9 X9 -0.00126 -0.96 -0.00029 -0.31 -0.00145 -1.69 

1992 10 X10 0.00046 0.35 -0.00129 -1.37 -0.00573 -6.69 

1993 11 X11 0.00225 1.73 -0.00031 -0.33 -0.00522 -6.10 

1994 12 X12 0.00299 2.30 -0.00014 -0.14 0.01325 15.49

1995 13 X13 -0.00028 -0.22 -0.00102 -1.08 0.00789 9.22 

1996 14 X14 0.00067 0.51 -0.00124 -1.31 0.00620 7.24 

1997 15 X15 0.00543 4.17 0.00034 0.36 0.01331 15.55

1998 16 X16 0.00257 1.97 0.00058 0.62 0.00791 9.24 

1999 17 X17 0.00960 7.36 0.00249 2.65 0.00865 10.10

2000 18 X18 0.00456 3.50 -0.00026 -0.27 0.00645 7.54 

2001 19 X19 -0.00160 -1.22 -0.00198 -2.10 0.00048 0.57 

2002 20 X20 0.00119 0.92 -0.00235 -2.50 -0.00150 -1.75 

2003 21 X21 -0.00140 -1.08 -0.00262 -2.78 -0.01085 -12.67

2004 22 X22 -0.00178 -1.36 -0.00325 -3.45 -0.00846 -9.89 

2005 23 X23 -0.00206 -1.58 -0.00307 -3.26 -0.00971 -11.35

2006 24 X24 -0.00529 -4.06 -0.00742 -7.88 -0.01638 -19.14

2007 25 X25 -0.00343 -2.63 -0.00241 -2.56 -0.00136 -1.59 

2008 26 X26 -0.01341 -10.29 -0.00654 -6.94 -0.01136 -13.27

2009 27 X27 -0.00716 -5.49 -0.00489 -5.19 -0.01179 -13.78

2010 28 X28 -0.00550 -4.22 -0.00719 -7.63 -0.02347 -27.42

2011 29 X29 -0.01777 -13.63 -0.00563 -5.97 -0.01654 -19.33

2012 30 X30 -0.01450 -11.13 -0.00461 -4.89 -0.01535 -17.94

2013 31 X31 -0.00663 -5.09 -0.00529 -5.62 -0.01332 -15.56

2014 32 X32 -0.00765 -5.87 -0.00649 -6.89 -0.01745 -20.39

2015 33 X33 -0.01168 -8.96 -0.00650 -6.90 -0.01992 -23.27

2016 34 X34 -0.00333 -2.55 -0.00502 -5.33 -0.01931 -22.56

2017 35 X35 0.00098 0.75 -0.00346 -3.67 -0.01771 -20.69

2018 36 X36 0.00243 1.86 -0.00508 -5.39 -0.01864 -21.78

2019 37 X37 -0.00857 -6.58 -0.00271 -2.88 -0.02247 -26.25

* Y is the ratio of the consecutive intercept of dummy variables of equations (4) to the intercept of the initial equation calculated 
for the original year 1982, %. 
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Fig. 3 Declining indices of LAI, FAPAR, and NDVI (in %%) over 38 years (X is the ordinal number of the calendar year from 
1982 to 2019). 
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Fig. 4 The visual patterns of the three plant indices (NDVI: a, LAI: b, FAPAR: c ). 
 

 
 
3.3 The effects of climatic variables in NDVI, LAI, and FAPAR 

Climate variability and climate change significantly impact plant phenology, an essential bioindicator of 

climate change (Shen et al., 2015; Li et al., 2016; Ramos et al., 2017; Zhu et al., 2017; Prăvălie et al., 2018). 

Over the last few decades, the global climate has undergone several unprecedented changes, and global 

warming has proven to be indisputable (Kong et al. 2020).Phenology is also affected by other environmental 

factors, such as photoperiod, precipitation, atmospheric CO2, and nitrogen concentrations (Jeonj et al., 2011; 

Peñuelas et al., 2004; Linderholm et al., 2006; Nord et al., 2009; Xie et al., 2015). Consequently, in recent 

years, increasing attention has been paid to the effects of global climate change on vegetation growth (De Jong 

et al., 2011; Kong et al., 2018, 2020; Guo et al., 2021). 

The study of the 38-year trend of changes in climate parameters in the Alashan Plateau semi-desert region 

shows that general warming with an overall increase in evapotranspiration with a relative decrease in rainfall 

and an increase in drought in most areas of the Alashan Plateau semi-desert has happened. As regards these 

parameters are generally recognized as key climatic stimuli for vegetation change, and also that their dynamics 

represent significant changes in climatic conditions over decades, the decrease in vegetation indices of NDVI, 

LAI, and FAPAR in the Alashan Plateau Semi-Desert area can be attributed to factors influencing climate 

change. 

Vegetation growth is influenced by precipitation and temperature (Braswell et al., 1997; Guo et al., 2021). 

Climate change will affect vegetation growth periods, composition, and morphology (Sun et al., 2015; Deng et 

al., 2017). It has been reported that the driving factors of climate on vegetation have gradually shifted to 

precipitation and temperature (Sun et al., 2021; Gao et al., 2022). Moreover, precipitation and temperature are 

usually selected as significant factors for studying the impact of climate factors on vegetation change (Gao et 

 
c. LAI 
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al., 2021). A study by Shang et al. (2022) showed that The NDVI changes in northwest China were primarily 

influenced by precipitation and temperature. In northwest China, Wang et al. (2021) found that precipitation 

had a much more significant effect on vegetation growth in arid areas than on grassland. The results of 

temperature changes during this research show that the air temperature has increased throughout the Alashan 

region, and this increase has occurred significantly in the southern regions (Fig. 5a). The results of previous 

studies have shown that rising temperatures have reduced vegetation indices in some areas, such as western 

and northern China. This decrease can be due to the decrease in the growing season due to rising temperatures, 

especially in arid and semi-arid regions in northern China, the decrease in rainfall, and the existence of the 

Tibetan Plateau, which is fragile due to high ecosystems and vegetation growth in this area is severely affected 

by water and air, was explained. Numerous studies have attributed the decline in NDVI since the 1990s or 

early 2000s, especially in arid and semi-arid regions of northern China, to drought stresses enhanced by 

warmer weather and less rainfall (Lotsch et al., 2005; Xiong et al., 2019; Sun et al., 2021). Also, based on the 

average precipitation map (Fig. 5b) in the Alashan region, it can be seen that the amount of precipitation is 

significantly more in the southern regions than in other places. The amount of precipitation has decreased over 

the past 40 years in the south-central, northeastern, and northwestern regions (Fig. 5b). Therefore, it can be 

said that a general trend of warming and drying has occurred in the Alashan region, with an increase in the 

average temperature and a decrease in precipitation. 

According to the Palmer Drought Index gain (Fig. 5l), the Palmer Index's value has increased in the 

northern regions, especially in the northeast and northwest. As observed, the amount of rainfall in these areas 

has decreased significantly. Furthermore, the decrease in Palmer index in the mentioned areas and, 

consequently, the increase in drying trend can be explained, and it can be stated that humidity conditions were 

the primary controlling factor affecting the growth of vegetation in the area, which is consistent with their 

findings (Li et al., 2019). According to previous studies, the highest prevalence of drought is found in the 

eastern half of Inner Mongolia, the western part of the northwest, the northeast half of China, and small parts 

of the northeast. 

Human activities have a significant impact on vegetation changes in addition to climate change (Chen et al., 

2019; Shi et al., 2021). As we know, grassland is a kind of widespread vegetation that occupies the Alashan 

Plateau Semi-Desert area. In this region, in addition to climatic effects such as reduced rainfall, increased 

drought, and increased temperature, the human population and the number of livestock, which are the primary 

forms of human activity in this region, accelerate the destruction of pastures and grasslands. Also, agricultural 

production, overgrazing of livestock, increase in population, rapidly developing economy, and urbanization 

have occurred continuously in the past decades (Chen et al., 2017). All these factors in reducing Vegetation 

indices play a role. Therefore, it can be said that while climate change in this region is severe and the process 

of warming and drying is significantly intensified, human factors also effectively reduce the development of 

vegetation dynamics. Other environmental and climatic visual patterns can also be understood for the studied 

time series (Fig. 5). 

Human activities have a significant impact on vegetation changes in addition to climate change (Chen et al., 

2019; Shi et al., 2021). As we know, grassland is a kind of widespread vegetation that occupies the Alashan 

Plateau Semi-Desert area. In this region, in addition to climatic effects such as reduced rainfall, increased 

drought, and increased temperature, the human population and the number of livestock, which are the primary 

forms of human activity in this region, accelerate the destruction of pastures and grasslands. Also, agricultural 

production, overgrazing of livestock, increase in population, rapidly developing economy, and urbanization 

have occurred continuously in the past decades (Chen et al., 2017). All these factors in reducing Vegetation 

indices play a role. Therefore, it can be said that while climate change in this region is severe and the process 

of warming and drying is significantly intensified, human factors also effectively reduce the development of 
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vegetation dynamics. Other environmental and climatic visual patterns can also be understood for the studied 

time series (Fig. 5). 
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Fig. 5 Patterns of the climate and environment drivers such as Air Temperature (a), Total Precipitation (b), Surface Pressure (c), 
Soil Heat Flux (d), Sensible Heat Flux (e), Latent Heat Flux (f), Soil Moisture (g), Downward Longwave Radiation (h), 
Downward Shortwave Radiation (i), Snow Water Equivalent (j), Snow Depth (k), The Palmer Drought Severity Index (l), Wind 
Speed (m) in the Alashan Plateau semi-desert. 
 
 

4 Conclusions 

In this study, we examined the response of vegetation indicators to climate parameters affecting climate 

change in the Alashan Plateau semi-desert from 1982 to 2019. The results effectively showed the effects of 

climate change on vegetation dynamics. Overall, we found that the current trend of changes in the parameters 

affecting climate change, such as rising temperatures, transpiration-evaporation, soil temperature, solar 

radiation, and reduction in rain and snow in the Alashan Plateau Semi-Desert, reduces vegetation indicators. In 

other words, the phenomenon of browning due to climate change occurs, and three forest cover indices, LAI, 

FAPAR, and NDVI, decreased by about 6-10, 6-7, and 19-20 % correspondingly. In general, it can be said that 

climate change in hot and dry regions and highlands such asAlashan Plateau Semi-Desert has adverse effects. 

With the current climate change trends, such as increasing temperature and decreasing rainfall, reducing the 

dynamics of vegetation indices in these areas can be seen dramatically. In addition to climatic factors, the 

impact of human activities on the process of vegetation change can also be mentioned because humans can 

increase the harmful effects of climate change by destroying forests, pastures, and green spaces and increasing 

urban development. These changes can have many consequences, including soil erosion, biodiversity loss, 

flood intensification, and global warming. 

On the other hand, increasing afforestation, conservation of natural resources, land use management, and 

implementation of projects such as carbon zero and the Kyoto Protocol can help in stabilizing the climate and 

(m) 
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reducing severe weather events and positive results from climate stabilization such as reducing the global 

temperature, reduce drought, reduce flood risk, etc. Therefore, it can be said that to protect the environment 

better and reduce the severe effects of climate change, we must pay more attention to climate change on 

vegetation in the context of global warming. As well as reducing the negative effects of climate change by 

taking preventive actions such as land use management, afforestation, and vegetation conservation. 
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