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Abstract: Henan section of the Yellow River Basin lies in transition zone 
between warm-temperate and northern subtropical zones. Its vegetation 
communities exhibit significant spatial and temporal heterogeneity under 
combined influence of climate change and land-use transformation. This study 
used MaxEnt species distribution model and community land model (CLM) 
ecosystem process model to analyse temporal and spatial evolution laws and 
driving mechanisms of vegetation community diversity in Henan section. The 
results showed that the vegetation coverage (mean NDVI) showed an overall 
upward trend, however, the spatial differentiation was clear. Human activity 
intensity index was significantly negatively correlated with vegetation 
diversity. Climatic factors have the strongest influence on the variation of 
vegetation patterns. Furthermore, vegetation diversity was more strongly 
affected by autumn temperature fluctuations. By this study, nonlinear effects of 
multiscale environmental factors on vegetation communities are revealed, 
providing a quantitative basis for ecological protection and restoration in the 
Yellow River Basin. 

Keywords: Henan section of the Yellow River Basin; vegetation community 
diversity; remote sensing monitoring; ecological models; spatiotemporal 
pattern. 
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1 Introduction 

As an important ecological transition zone in China, the Henan section of the Yellow 
River Basin bears unique physical and geographical features and complex man-land 
relationships (Bai et al., 2024; Chai et al., 2024). This area lies at the junction of the 
warm-temperate and northern subtropical zones. The landform types cover mountains, 
hills, plains, and other forms. The monsoon system and topography affect the climatic 
conditions, forming an ecological interface with distinct gradients. Against the backdrop 
of intensified climate change and the ongoing intensification of human activities, the 
composition, structure, and spatial distribution patterns of vegetation communities are 
undergoing unprecedented dynamic evolution (Bhatt and Maclean, 2023). This evolution 
relates to the maintenance of the service functions of regional ecosystems. It profoundly 
impacts key ecological processes such as soil and water conservation and carbon sink 
regulation (Fernandez-Guisuraga et al., 2023). Traditional ground survey methods are 
limited by spatial and temporal resolution, workforce, and material resources, and it is 
difficult to capture the continuous change characteristics of large-scale vegetation 
communities fully. However, combining the remote sensing technology’s multi-source 
data acquisition ability and ecological models’ spatial simulation advantages provides a 
new technical path for analysing vegetation diversity’s spatial and temporal heterogeneity 
(Wilkho et al., 2025; Zavari et al., 2022). 

Currently, research on vegetation dynamics in the Yellow River Basin mostly focuses 
on describing community characteristics at a single time point or on the isolated analysis 
of specific driving factors, lacking a systematic examination of the coupling effects of 
multiple factors across long time series. Especially in the Henan section, where human 
activities are intensive, the urbanisation process and the transformation of agricultural 
production mode have significantly changed the surface cover structure. The fluctuation 
of the river hydrological situation and the regulation of water conservancy projects are 
intertwined, forming a complex ecological stress network (Chen et al., 2023b). These 
factors continuously affect the succession direction of vegetation communities by 
changing soil moisture conditions, light resources, and interspecific competition  
(van Deventer et al., 2022). However, there are still cognitive gaps in existing studies on 
the mechanisms underlying responses to multi-scale environmental factors and vegetation 
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dynamics, especially regarding how interactions between geomorphic units and climatic 
elements shape the spatial patterns of vegetation, and a complete explanatory framework 
has not yet been established. 

The development of remote sensing technology offers opportunities to overcome the 
time and spatial limitations of traditional research methods (Zhang et al., 2023; Wang  
et al., 2025). Multi-spectral and hyperspectral sensors can capture vegetation’s 
physiological and biochemical characteristics; radar data can penetrate clouds to obtain 
three-dimensional surface structure information; and the UAV platform can achieve 
centimetre-level accuracy in local ecological process observation. The deep coupling of 
these multi-source remote sensing data with ecological models makes it possible to 
reconstruct the spatiotemporal dynamics of vegetation communities at the landscape scale 
(Chen et al., 2023a). By integrating the light energy utilisation efficiency model and the 
species distribution model, a nonlinear response relationship between environmental 
gradients and biodiversity can be constructed, and the contributions of different niche 
factors to the formation of vegetation patterns can be revealed (Chen et al., 2024). This 
technology integration can improve the efficiency of large-scale ecological monitoring 
and help identify the driving thresholds of key ecological processes, providing a scientific 
basis for formulating regional ecological restoration strategies. 

At the practical level, the Henan section is the core implementation area of the 
ecological protection and high-quality development strategy of the Yellow River Basin, 
and the stability of its vegetation community is directly related to the ecological security 
pattern of the entire basin. At present, evaluating the implementation effects of ecological 
construction projects urgently requires more detailed spatiotemporal dynamic data, 
especially after projects such as returning farmland to forests and wetland restoration. 
Quantifying the synergistic effect of artificial intervention and natural restoration requires 
establishing a scientific evaluation index system. Parameters such as vegetation coverage 
and leaf area index obtained by remote sensing inversion, combined with potential 
natural vegetation distribution simulated by the ecological model, can effectively identify 
the disturbance intensity of human activities on vegetation succession trajectories and 
provide decision support for optimising the ecological compensation mechanism  
(Chi et al., 2022). This multi-technology integration analysis paradigm has important 
practical significance for balancing regional economic development and ecological 
protection. 

This study focuses on the Henan section of the Yellow River Basin, a typical 
ecologically fragile area. The collaborative modeling method of integrated species 
distribution model (MaxEnt) and land surface process model (CLM) is used as the core to 
systematically reveal the spatiotemporal evolution pattern of vegetation community 
diversity and its environmental driving mechanism. The study constructs a coupled 
analysis framework of multi-source remote sensing data and dual models to analyse the 
key controlling factors of vegetation pattern formation at different spatiotemporal scales, 
and clarify the composite impact path of climate change and human activities on 
ecological processes. In terms of research methods, it emphasises the results 
complementarity and cross validation between models, breaks through the limitations of 
single model in mechanism interpretation or prediction ability, and aims to explore the 
method innovation and efficiency improvement of multi model integration in regional 
ecological research. The research results are expected to provide a more reliable 
theoretical basis for the adaptive management of the ecosystem in the Yellow River 
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Basin, and provide a new technological path for vegetation dynamic monitoring and 
simulation in similar geographical units. 

This study proposes the following core scientific hypothesis: Under the joint drive of 
climate change and high-intensity human activities, the spatiotemporal differentiation of 
vegetation diversity in the study area from 2000 to 2022 is mainly regulated by the 
interaction between terrain gradient and land use intensity. Specifically, due to superior 
natural conditions and weaker human interference, the vegetation restoration rate and 
species richness in the western mountainous areas will be significantly higher than those 
in the eastern plains dominated by cultivated land expansion and urban construction. In 
addition, the ecological engineering implementation area may lead to a decrease in 
understory community diversity due to the singularity of tree species while improving 
vegetation coverage. This study will quantitatively validate this hypothesis by coupling 
the MaxEnt species distribution model with the community land model (CLM) ecosystem 
process model, and combining multi-source remote sensing and ground observation data. 

2 Theoretical basis for studying spatiotemporal patterns of vegetation 
community diversity 

2.1 Theory of multi-scale heterogeneity of ecosystems 

Spatial heterogeneity refers to the uneven distribution of ecosystems on small and 
medium scales, which is essential for biodiversity and ecological function maintenance 
(Dai et al., 2022; Duan et al., 2022). Figure 1 shows the spatial heterogeneity architecture 
of the ecosystem. It is divided into habitat heterogeneity and population heterogeneity. 
Habitat heterogeneity involves the spatial distribution of different habitats, and 
population heterogeneity focuses on the distribution of individuals of the same species in 
different locations. 

Figure 1 Spatial heterogeneity architecture of ecosystem (see online version for colours) 
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Spatial heterogeneity is influenced by both natural and anthropogenic factors, including 
topography, soil, climate, land use, urban expansion and agricultural activities (Han et al., 
2024). It has a significant impact on ecosystem functions, improves species diversity, 
affects material cycles and energy flows, and enhances the ecosystem’s ability to resist 
disturbances. In ecosystem management, maintaining and promoting spatial 
heterogeneity is the key strategy, involving the protection of critical habitats, restoration 
of damaged ecosystems, and rational land use to maintain biodiversity and ecosystem 
health (Hou et al., 2024; Muentes et al., 2024). 

Spatial heterogeneity of ecosystems is commonly studied using remote sensing 
techniques, GIS, and ground surveys to understand their distribution, causes, and 
ecological impacts (Sharma, 2022). Spatial heterogeneity is crucial to ecosystem diversity 
and function, and therefore, its recognition and conservation are central to ecosystem 
management. 

The human activity intensity index selects four core indicators: land use intensity 
(construction land and cultivated land expansion), traffic interference (weighted road 
density), population pressure (population density), and nighttime light intensity. All data 
are standardised to a spatial resolution of 1km and weighted using a combination of 
subjective and objective weighting methods. The entropy weight method (objective) is 
combined with the Analytic Hierarchy Process to determine the weight ratios of 
construction land density (0.28), cultivated land expansion intensity (0.22), road density 
(0.20), population density (0.18), and nighttime light intensity (0.12). 

2.2 Synergistic mechanism of remote sensing and ecological model coupling 

The imaging principle of remote sensing images is complex, and it is affected by 
differences in satellite platforms, sensors, and changes in time series data acquisition. 
This results in significant differences in spatial, spectral, and temporal dimensions (Tang 
et al., 2022). 

Used Landsat and MODIS multi-source remote sensing data to construct a data fusion 
framework with complementary spatiotemporal resolution. The specific selection 
principle is as follows: Landsat data provides high-resolution surface coverage details for 
finely characterising the spatial heterogeneity of vegetation communities; MODIS data, 
with its high temporal resolution advantage, effectively captures vegetation phenological 
dynamics and seasonal changes. In terms of data fusion processing, the Spatiotemporal 
Adaptive Fusion Algorithm (STARFM) is used to fuse the high temporal frequency 
information of MODIS with the high spatial details of Landsat, generating a spatially and 
temporally continuous high-resolution NDVI sequence (30 metre resolution). This not 
only overcomes the limitations of a single data source in terms of spatiotemporal 
resolution, but also ensures the consistency of long-term series data. Meanwhile, through 
strict atmospheric correction, geometric registration, and radiometric calibration 
preprocessing, the comparability of multi-source data in the same coordinate system and 
radiometric reference is ensured, providing reliable input parameters for subsequent 
ecological model simulations. 

In the MaxEnt model, a vegetation distribution dataset was constructed based on field 
surveys and literature data. Multiple environmental variables such as terrain, climate, 
soil, and human activities were combined, and the model was trained through feature 
combination optimisation, regularisation coefficient tuning (0.5–4.0), and 10 fold cross 
validation. Performance was evaluated using indicators such as AUC and TSS, and all 
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parameters and random seeds were fixed and recorded. The CLM model is initialised 
based on regional meteorological forcing data, vegetation parameters and soil attributes 
retrieved from remote sensing. By calibrating vegetation physiological parameters and 
soil carbon cycling parameters in stages, the simulated leaf area index, total primary 
productivity are matched with remote sensing products and ground observations, and the 
GLUE method is used for parameter optimisation. 

The spatial resolution of remote sensing images is one of the key characteristics, 
which determines the sensor’s ability to distinguish adjacent objects. The spatial 
resolution reflects the size of the area over which the pixels cover the ground (Wang  
et al., 2023; Zhu et al., 2024). High resolution means that the image is more finely 
detailed, helping to accurately depict ground features such as buildings, farmland, and the 
ocean. In addition, high-resolution remote sensing images also provide richer information 
for urban planning, agricultural monitoring and marine environment observation. 

The spectral range of a sensor determines its ability to capture electromagnetic waves, 
including visible light, infrared light, and ultraviolet light, among others (Qin et al. 2023; 
Shi et al. 2023). This range is essential for remote sensing images to distinguish feature 
categories like vegetation and soil types. Remote sensing images with wide spectral range 
have irreplaceable value in agriculture, environmental protection and geological 
exploration. 

The revisiting period is the shortest interval between two consecutive detections of 
the same place by sensors, reflecting the acquisition and update speed of remote sensing 
information. A shorter revisit cycle means more frequent monitoring of specific areas, 
crucial to tracking dynamic changes such as seasonal disasters, urban traffic flows, etc. 
To construct the reduced-resolution dataset and reference image, we need to follow the 
Wald protocol and follow the following steps: First, the original PAN and MS images are 
processed with a low-pass filter to adapt them to the satellite sensor MTF. Then, the 
filtered image is spatially degraded, and the degradation coefficient is based on the 
resolution ratio of the PAN and MS images. Finally, the degraded PAN and MS images 
form a reduced-resolution dataset, and the unprocessed MS images serve as reference 
images. 

The criteria for reference quality assessment usually include spatial correlation 
coefficient (SCC), spectral angle mapping (SAM), relative global error (ERGAS), 
structural similarity measure (SSIM), and universal image quality indicator (UIQI), 
among others (Zhao et al., 2022; Ci et al., 2024). These indicators are defined and 
calculated as follows: 

The SCC evaluates the spatial detail preservation of the fused images, and the 
calculation is divided into two steps (Cui et al., 2024). First, a high-pass filter extracts the 
high-frequency information of the fused image and the reference image. A commonly 
used one is a Laplace mask, and its expression is shown in equation (1). 

1 1 1

1 8 1

1 1 1

Lap

− − − 
 
 
 = − −
 
 
 − − − 

 (1) 
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Here Lap refers to the Laplacian operator. According to formula (2), calculate the  
high-frequency information correlation coefficient SCC of the two smoothed images: 

( , ) fr

f r

σ
SCC F R

σ σ
=  (2) 

F and R represent the fused image and the reference image, respectively, σf and σr are 
their standard deviations, and σfr is the covariance between them. The SCC value range is 
–1 to 1. The larger the SCC value, the stronger the spatial information correlation 
between the fused image and the reference image, and the better the spatial quality. The 
SAM indicator evaluates the spectral distortion of the fused image versus the reference 
image (Feng et al., 2023a). SAM regards each spectral band as a coordinate axis, converts 
pixels into spectral vectors, and calculates the angle between the two vectors to determine 
the degree of spectral distortion. The calculation formula is shown in equation (3): 

( ) {i} {i}
{i} {i}

{i} {i}

,
, arccos

F R
SAM F R

F R
 

=   ⋅ 
 (3) 

In a multispectral image, the spectral vector of pixel point n is expressed as  
F/R {n} = {F/R1, {n},..., F/Rk, {n}}, where F is the fused image, R is the reference image, and 
K is the number of bands. The vector inner product is represented by <·,·> and the L2 
norm is represented by ||·||. The SAM value is the calculated average of all pixels, and the 
ideal value is 0. The ERGAS metric evaluates the overall distortion degree of the fused 
image from the reference image, based on RMSE, with an ideal value of 0 indicating a 
perfect match. The calculation method is shown in the following equations (4) to (5): 

( )
( )

2N
i i

i1

,1( , ) 100
i

RMSE F RhERGAS F R
l N μ R=

 
=   

 
  (4) 

( )2
i i

1

1( , )
N

i

RMSE F R F R
N =

= −  (5) 

F and R represent the fused image and the reference image, respectively, h and l represent 
the initial spatial resolution of the PAN image and the MS image, i is the band index, N is 
the total number of bands, and μ is the pixel average. The SSIM index evaluates the 
structural similarity between the fused image and the reference image, and its calculation 
formula (6) is as follows: 

( )( )
( )( )

1 2

2 2 2 2
1 2

2 c 2 c
( , )

c c
f r fr

f r f r

μ μ σ
SSIM F R

μ μ σ σ

+ +
=

+ + + +
 (6) 

F and R represent the fused image and the reference image, respectively, μf and μr are 
their mean values, and c₁ and c₂ are constant terms. σf and σr are the standard deviations 
and σfr is the covariance. SSIM values close to 1 indicate high structural similarity. The 
UIQI indicator, the Q index, evaluates the similarity of structural information between the 
fused image and the reference image in terms of correlation, brightness, and contrast 
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(Feng and Qu 2023). The value range is –1 to 1. The larger the value, the higher the 
similarity. See equation (7) for the calculation method. 

( )( )2 2 2 2

4
Q( , ) fr f r

f r f r

σ μ μ
F R

σ σ μ μ
=

+ +
 (7) 

F and R represent the fused image and the reference image, respectively, μf and μr are 
their mean values, σf and σr are their standard deviations, and σfr is their covariance. In 
remote sensing image fusion, the Q index can be expanded to the Q₄ index of four 
channels, and each pixel I{i} is constructed as a quadruple. The calculation method is 
shown in formula (8). 

{i} {i},1 {i},2 {i},3 {i},4I I I I γI= + + +α β  (8) 

Equation (9) calculates the Q4 index of the 4-channel fused image and the reference 
image by using the preset channel weight coefficients α, β and γ. 

( )4 {i} {i},Q Q F R=  (9) 

In this study, the multi-channel quality assessment index Q₂n index was developed to 
evaluate remote sensing image fusion tasks with more than four channels. In the study, 
the evaluation indexes are selected according to the characteristics of the data set, and 
UIQI identification is uniformly used. The reduced resolution data set and image are 
constructed by Wald protocol with reference to the evaluation index, and the fused image 
is evaluated. However, these rely on the evaluation index and scale invariance 
assumption of Wald protocol, assuming that the fusion model performs consistently on 
different resolution datasets. 

Figure 2 Integrated workflow of remote sensing and ecological model coupling framework  
(see online version for colours) 
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The workflow in Figure 2 reflects the closed-loop research paradigm of ‘data model 
validation’. Multi source remote sensing data provides a large-scale, long-term 
observation basis, ecological models reveal the mechanism of pattern formation, and 
ground validation data ensures the reliability of results. The entire framework is 
applicable to vegetation ecological research in mesoscale heterogeneous regions such as 
the Henan section of the Yellow River Basin, and can provide methodological support for 
regional ecological restoration assessment. 

3 Construction of spatiotemporal vegetation model in Henan section of 
Yellow River Basin 

3.1 Model integration framework for multi-source data coupling 

Geodetector is a statistical model used to study the difference in spatial distribution. It 
can quantitatively identify the influence of a single factor, the interaction strength of two 
factors and the risk areas. This method does not rely on linear assumptions, can 
accurately explain the interaction between factors, and effectively analyses the 
relationship between vegetation and driving factors (Feng et al., 2023b). Figure 3 shows 
the model integration framework of multi-source data fusion. The geographic detector 
can be used to quantitatively analyse the spatial distribution characteristics and driving 
factors of vegetation NDVI change in the Yellow River region, including four main parts: 
differentiation and factor detection, interaction detection, risk area detection and 
ecological detection. 

Figure 3 Model integration framework for multi-source data coupling (see online version  
for colours) 
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Detection difference and factor analysis aims to study the difference in spatial 
distribution of dependent variable Y and the influence of its driving factors. The formulas 
for calculating the value of factor explanatory power q are (10) to (11). 



   

 

   

   
 

   

   

 

   

   10 Y. Pei et al.    
 

    
 
 

   

   
 

   

   

 

   

       
 

2

1
21 1

L

h
h hN σ

SSWq
SSTNσ

== − = −


 (10) 

2 2

1

L

h h
h

SSW N σ SST Nσ
=

= =  (11) 

In the formula, q represents the ability of independent variable X to explain the spatial 
difference of dependent variable Y. The detector divides the study area into h = 1 to L 
sub-regions, that is, classifies or segments. Nh and N are the total number of units for a 
specific layer h and the whole region, and σ2h and σ2 are the variance of layer h from the 
value of the dependent variable Y for the whole region. SSW and SST represent the sum 
of sub-region variance and the total variance of the whole region, respectively. 

Probing interactions aims to identify the interactions between drivers and evaluate 
their impact on the ability to explain differences in the spatial distribution of dependent 
variables. By calculating the explanatory power of individual factors and their 
interactions, these values are compared to determine the interactions between factors. 
Probing risk areas aims to assess whether the drivers differ significantly in attribute mean 
values within sub-areas to look for places with high vegetation cover. The test was 
performed using the t-statistic as shown in equation (12). 

( ) ( )
1 2

1 2
1
2

1 2

1 2

h h

h h
y y

h h

h h

Y Y
t

Var Y Var Y
n n

= =

= =
−

= =

= =

−
=
 

+ 
 

 (12) 

In the formula, hY  represents the mean value of attributes in sub-region h, such as NDVI 
or vegetation coverage, nh is the number of samples in sub-region h, and Var represents 
the variance. The statistic t approximately follows the Student’s t distribution, and its 
degrees of freedom are calculated according to equation (13). 

( ) ( )

( ) ( )

1 2

1 2
2 2

1 2

1 1 2 2

1 1
1 1

h h

h h

h h

h h h h

Var Y Var Y
n n

df
Var Y Var Y

n n n n

= =

= =

= =

= = = =

+
=

   
+   − −   

 (13) 

Assuming zero 1 2.h hY Y= ==  If it is rejected at the confidence level α, it means that the 
attribute mean values of the two sub-regions are significantly different. Ecological 
detection evaluates whether the effects of the two driving factors X₁ and X₂ on the 
dependent variable Y are significantly different. For example, it determines the difference 
in the effects of X₁ and X₂ on the spatial distribution of vegetation coverage, and uses 
statistics to evaluate the significance of the difference. See formulas (14) to (15) for 
details. 

( )
( )

1 2 2

2 1 1

1

1
X X X

X X X

N N SSW
F

N N SSW

−
=

−
 (14) 
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1 2

1 2

2 2

1 1

L L

X h h X h h
h h

SSW N σ SSW N σ
= =

= =   (15) 

In the formula, NX1 and NX2 represent the number of samples of factors X₁ and X₂, SSWX1 
and SSWX2 are the sum of internal variances after stratification of factors X₁ and X₂, and 
L₁ and L₂ represent the number of stratification of factors X₁ and X₂. 

3.2 Spatio-temporal simulation of vegetation community diversity 

The spatiotemporal simulation of vegetation community diversity depends on the deep 
coupling of multi-source data fusion and ecological model, and its core lies in 
constructing a computational framework that can reflect the dynamic relationship 
between environmental gradient and biological response. Taking the Henan section of the 
Yellow River Basin as the object, this study integrated the vegetation functional 
parameters (such as NDVI, leaf area index) retrieved by remote sensing and the species 
distribution data from the ground survey and established a spatially explicit vegetation 
dynamic simulation system through the collaboration of MaxEnt species distribution 
model and CLM ecosystem process model. The input layer of the model covers multi-
dimensional variables such as climatic elements (temperature, precipitation), topographic 
attributes (elevation, slope, aspect), soil physical and chemical properties (organic matter 
content, texture type) and human activity intensity (land use type, night lighting index). 
With the help of spatial interpolation and scale conversion technology, the data with 
different resolutions are unified into 1 km × 1 km grid cells to ensure the spatial 
comparability of environmental driving factors. 

The nonlinear response of vegetation functional traits and environmental factors is 
emphatically solved in model parameterisation. The importance of variables was ranked 
by random forest algorithm, and the dominant factors affecting the spatial differentiation 
of vegetation diversity were screened out. For example, the annual average temperature, 
precipitation seasonal index and soil available water content were identified as the key 
control variables of the climate-soil dimension. At the same time, the topographic 
humidity index (TWI) and the gradient of human disturbance intensity were introduced to 
quantify the effect of landforms on water redistribution and the superposition effect of 
human activities on habitat fragmentation. In order to describe the succession process of 
vegetation community, the model uses a dynamic vegetation module to simulate the 
competitive relationship between dominant species and associated species and combines 
the time series data of vegetation coverage obtained by remote sensing to calibrate the 
species niche width and environmental adaptation threshold, thus enhancing the model’s 
ability to explain the dynamic changes of community composition. 

The expression of spatial heterogeneity is a technical difficulty in simulation 
realisation. A stratified random sampling strategy was used to divide ecological units 
according to landform types (mountains, hills, plains) and land use intensity (high, 
medium, and low), and sub-models were trained to capture vegetation response 
mechanisms under different habitat conditions. Aiming at the unique riparian ecological 
interface of the Henan section of the Yellow River Basin, a buffer-specific parameter set 
was constructed, and the soil water stress function was modified by the hydrological 
connectivity index to improve the simulation accuracy of the dynamics of the ecotone 
between wetland vegetation and xerophytic communities by the model. The model deals 
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with the asynchronous interference between climate change and human activities through 
the time-step adaptive adjustment mechanism and embeds the interannual climate 
fluctuation and month-to-month land use change data into the simulation cycle to realise 
the time-varying coupling of vegetation dynamics and driving factors. 

By identifying typical drought years during the research period and comparing the 
differences in vegetation community diversity indices between drought years and normal 
years, it was found that drought events led to a significant decrease in NDVI, an average 
decrease of 15% -30% in community alpha diversity, and more sensitive responses in the 
herbaceous and shrub layers; At the same time, Mann Kendall trend test and sliding t-test 
were used to analyse the abrupt changes in diversity before and after extreme climate 
events. The results showed that drought years often become turning points in diversity 
patterns, and some regions show irreversible degradation trends. In addition, by 
constructing a multiple regression model to quantify the response relationship between 
drought intensity (such as SPI index) and diversity indicators, it was found that when SPI 
≤ -1.5, the decline in diversity increased exponentially, indicating that vegetation in the 
Henan section of the Yellow River Basin has a significant threshold response mechanism 
to extreme drought. 

Although the MaxEnt model can effectively simulate species distribution, its results 
are highly sensitive to sampling bias in species distribution points, and the actual 
vegetation conditions in some remote areas or areas with high human activity may not be 
fully captured. In terms of variable selection, although multidimensional environmental 
factors are integrated, the lack of key driving factors such as soil microbial characteristics 
and historical disturbances may still lead to incomplete explanations of the recovery 
mechanism. In addition, there are limitations to the spatiotemporal transferability of 
models, especially when using models constructed based on the current time period for 
dynamic recovery process deduction or future climate scenario prediction, extra caution 
is required. These limitations mean that the explanation for the differences in restoration 
between western mountainous areas and eastern plains is more presented as a 
probabilistic framework based on existing data and assumptions, rather than deterministic 
conclusions. 

By comparing the implementation differences between ecological restoration projects 
in the mountainous areas of western Henan and the plains of eastern Henan, this study 
delves into the core mechanisms underlying the spatial heterogeneity of vegetation 
recovery effects: In the western mountains, where natural recovery predominates, the 
restoration process and outcomes are profoundly constrained by topographical conditions. 
For instance, steep slopes exhibit slower recovery rates due to poor soil water and 
nutrient conditions. Despite higher levels of human intervention in the eastern plains, 
extremely high land use intensity and habitat fragmentation create a weak foundation for 
ecological recovery, posing greater challenges to stability. Furthermore, the water-heat 
climate gradient traversing the study area further regulates the recovery potential and 
succession direction of vegetation communities across different regions, collectively 
shaping the spatiotemporal pattern of vegetation diversity in the Henan section of the 
Yellow River basin characterised by “stability in the west and difficulty in the east”. 

3.3 Construction of evaluation matrix method 

The standard selection is based on the integrity of the ecosystem, and six key indicators 
have been selected from three core dimensions: biodiversity, ecosystem function, and 
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landscape pattern, aiming to comprehensively reflect the composition, function, and 
spatial configuration characteristics of vegetation communities. 

In terms of indicator processing, the range method was used to normalise each 
indicator and convert them uniformly to the 0–1 interval, in order to eliminate the 
differences in dimensionality and numerical range of the original data. Among them, 
indicators that contribute positively to ecological restoration, such as species richness, are 
positively normalised, while indicators that indicate negatively to restoration are 
negatively normalised. Subsequently, based on the weights determined by the Analytic 
Hierarchy Process (AHP), spatial weighted overlay analysis was performed to generate a 
comprehensive evaluation map in the GIS platform, which intuitively revealed the spatial 
differentiation pattern of vegetation restoration status. 

Regarding the applicability conditions of the evaluation matrix, this method is 
particularly suitable for mesoscale regional evaluation, requiring input data to have 
spatial continuity or reliable spatial interpolation. The premise of its analysis is that there 
is no severe non-stationary interference during the evaluation period, to ensure that the 
results reflect a long-term recovery trend rather than short-term fluctuations. When 
comparing the western mountainous areas with the eastern plains, attention should be 
paid to the universality of the indicator system for different geomorphic units and 
ecological processes; If there is a significant difference in the dominant mechanisms 
between the two places, zoning modelling or adjusting weights can be used to improve 
the ecological rationality of the evaluation. 

3.4 Experiment and results analysis 

Table 1 shows that the results obtained by the CA-Markov and MCE-CA-Markov 
methods in the 2030 NDVI grade forecast are very close. The predicted values of  
low-grade areas are the same, and there is no difference in proportion. The difference 
between the predicted values of the middle and low-grade areas is only 0.2 km2, and the 
difference in proportion is very small. The difference in the predicted area value of the 
medium-grade area is 2.7 km2, accounting for 0.01%. The difference in predicted area 
values of middle and high-grade areas is 0.2 km2, and the difference in proportion is also 
0.01%. 
Table 1 Comparison of predicted values of NDVI grades 

NDVI Grade 

CA-Markov model 
prediction  MCE-CA-Markov model 

prediction Proportion 
difference (%) 

Area (km2) Proportion 
(%)  Area (km2) Proportion 

(%) 
Low grade 3.6 0.0  3.6 0.0 0.00 
Low-medium grade 217.5 0.6  217.7 0.6 0.00 
Medium grade 1056.9 2.7  1059.7 2.7 0.01 
Medium-high grade 14,386.6 36.5  14,386.4 36.5 0.00 
Higher grade 24,490.3 62.2  24,487.7 62.2 0.01 

Using the raster calculator of ArcGIS, spatiotemporal changes in ecosystem services from 
1990 to 2020 were assessed. As shown in Figure 4, a high value indicates a strong 
function, and vice versa. The water conservation capacity weakened in the north and 
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increased in the south, and the maximum value decreased by 67%. Soil conservation 
capacity generally improved, with a maximum decrease of 96.1% in the north and south. 

Figure 4 Interannual variation of ecosystem services (see online version for colours) 
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Figure 5 Changes in synergistic trade-offs of ecosystem services (see online version for colours) 
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Bivariate autocorrelation analysis was used to explore the spatial trade-off and synergistic 
relationship of ecosystem services around the Yellow River at three scales of 10 km2,  
150 km2 and 900 km2, and their spatial and temporal distribution patterns were revealed. 
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Results Figure 5 shows that the spatial trade-offs and synergy effects of ecosystem 
services are unevenly distributed at the three scales. 

Figure 6 Synergistic and trade-off area proportion distribution at different scales (see online 
version for colours) 
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Figure 7 Coefficient of variation of hyperspectral reflectance with different spatial resolutions 
(see online version for colours) 

X Coordinate

Y 
Co

or
di

na
te

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

X Coordinate

Y 
Co

or
di

na
te

20
19
18
17
16
15
14
13
12
11
10
9
8
7
6
5
4
3
2
1

20
19
18
17
16
15
14
13
12
11
10
9
8
7
6
5
4
3
2
1

RD
RS

WT RD
RS

WT

 

 

As shown in Figure 6, OM identified seven ecosystem service clusters on three scales and 
demonstrated their transitions in the Yellow River Rim region. From 1990 to 2000, the 
area of B1, B4 and B6 expanded, while the area of B2, B3, B5 and B7 decreased, 
especially the change from B2 to B1, B4 and B6 was significant. From 2000 to 2010, B1, 
B2, B3 and B6 continued to expand, B4, B5 and B7 shrank, and B4 changed significantly 
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to B1 and B2. From 2010 to 2020, B1, B3, B5 and B7 increased, while B2, B4 and B6 
decreased. B2 changed significantly to multiple clusters, while B3 and B7 did not change. 

Figure 7 shows that the average reflectivity variation coefficient of the UAV 
hyperspectrum decreases as the resolution increases from 0.1 meters to 1 meter and also 
shows a weakening trend as the resolution increases from 5 meters to 20 meters. This is 
consistent with multispectral data variation, with spectral coefficients of variation higher 
at 5 m resolution than at 1 m resolution. The coefficient of variation of hyperspectral 
reflectance of different grassland types at different resolutions and bands is significantly 
different. 

Looking at the data in Table 2, the medium-high and high vegetation coverage areas 
accounted for 13.52% and 61.09% respectively. The spatial distribution showed that the 
annual maximum FVC mean was high peripherally and low in the centre. 
Table 2 Statistics of FVC area of different grades 

FVC rating Area (km2) Specific gravity (%) 
Low 2,519.76 12.51 
Medium low 1,115.50 5.54 
medium 1,583.34 7.85 
Medium high 2,779.57 13.79 
High 12,556.56 62.31 

Figure 8 Annual changes of vegetation coverage of different grades (see online version  
for colours) 
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The distribution of vegetation coverage levels in different years was analysed (see  
Figure 8), and the results showed that the area proportion of low to medium-high FVC 
areas fluctuated and increased. In contrast, the opposite was true in high FVC areas. From 
2000 to 2015, the proportion of high FVC areas exceeded 55% and dropped to less than 
50% in 2020; The area ratio of medium and high FVC areas is maintained at 5%–9%; 
The proportion of medium and low FVC areas was the highest in 2020 and the lowest in 
2000, with a change of no more than 3%; The area proportion of low FVC areas 
fluctuates between 13% and 18%, with the lowest in 2015 and the highest in 2020. 

Table 3 shows that the distribution proportion of vegetation phenology at different 
heights in mountainous areas is different. The results showed that the proportion of 
cultivated land decreased with the increase of height, and the proportion of forest 
increased. The proportion of grassland and shrubs increased first and then decreased, and 
the proportion of grassland was the highest in the middle altitude zone. 
Table 3 Proportion of vegetation types of vegetation phenology at different elevations 

Altitude zoning Altitude 
range (m) 

Proportion of 
cultivated land (%) 

Forest 
share (%) 

Shrubs 
(%) 

Proportion of 
grassland (%) 

Low altitude ≤500 83.6 18.2 0.0 0.2 
Medium and low 
altitude 

500–1,000 34.2 58.8 0.1 9.0 

Middle altitude 1,000–1,500 9.8 65.6 0.1 26.5 
Medium and high 
altitude 

1,500–2,000 0.9 92.7 0.0 8.4 

High altitude >2,000 0.0 98.7 0.0 3.3 

As shown in Figure 9, the growth cycle of farmland fluctuates greatly, and the overall 
growth cycle is slightly extended, increasing by 0.5 days every decade. The longest cycle 
was 185 days in 2004 and 2008; It was the shortest in 2010, with 166 days. The average 
period is 177 days, with 10 out of 20 years exceeding the average and 2 years being equal 
to the average. 

Figure 9 Change trend chart of growth period length (see online version for colours) 
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By constructing a vegetation diversity index system, the dynamic evolution of vegetation 
community structure in the Henan section of the Yellow River Basin from 2000 to 2022 
was systematically analysed. Overall, the vegetation coverage (NDVI mean) in the study 
area showed a significant upward trend, with an average annual growth rate of 0.012  
(p < 0.01). However, vegetation diversity indicators exhibit more complex temporal 
variations (Table 4). The species richness increased rapidly in the early stages of 
ecological engineering implementation (2000–2010), with a cumulative increase of over 
28%, but the growth rate slowed down in the later stages; The Shannon diversity index 
and Pielou evenness index have shown a slow downward trend since 2010, reflecting a 
possible simplification trend in community structure as coverage increases. These 
temporal changes are closely related to the evolution of climate fluctuations, ecological 
engineering stages, and human disturbance intensity. Especially after 2010, the 
dominance of trees in artificial afforestation areas increased, resulting in a decrease in 
understory species richness and community uniformity, highlighting the asynchronous 
growth of quantity and quality improvement in vegetation restoration. Time series 
analysis further reveals that autumn temperature fluctuations have a strong explanatory 
power for the annual variation of diversity indicators (R2 = 0.58), while NDVI is mainly 
controlled by spring precipitation, indicating significant seasonal differences and lag 
effects in the impact of climate driving factors on different vegetation attributes. 

This study reconstructs long-term NDVI time series based on multi-source remote 
sensing data to analyse vegetation dynamics. Differences in spectral characteristics and 
spatiotemporal resolution among sensors may induce systematic biases in NDVI values, 
particularly pronounced in vegetation transition zones. Errors from preprocessing steps 
such as atmospheric correction and cloud masking are more likely to accumulate in the 
climatically dynamic Henan region, thereby interfering with the accurate identification of 
trend signals and the assessment of ecological engineering effectiveness. Therefore, when 
conducting attribution analyses of vegetation restoration differences between western 
mountainous areas and eastern plains, it is essential to fully account for this data 
uncertainty. Considering the phenological dynamics of vegetation in the study area, the 
temporal stability of vegetation growth processes can also provide supplementary 
reference for data interpretation. 
Table 4 Ecological indicator change data 

Year Average 
NDVI 

Species 
richness 

index 

Shannon 
diversity 

index 

Pielou 
evenness 

index 
Main driving factor (notes) 

2000 0.42 12.30 2.15 0.78 Initial stage of grain for 
green project 

2005 0.48 14.50 2.34 0.81 Effective period of 
ecological engineering 

2010 0.52 15.80 2.41 0.79 Impact of precipitation 
fluctuations 

2015 0.55 16.20 2.38 0.76 Emergence of monoculture 
plantations 

2020 0.58 16.50 2.35 0.75 Climate warming and 
drying trend 

2022 0.59 16.70 2.33 0.74 Slowing recovery rate 
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From 2002 to 2021, the daily change of growth termination was more stable than that of 
growth start (see Figure 10), with a coefficient of variation ranging from 0% to 20.48%. 
The coefficient of variation of 45.72% pixels is less than 1%, and the distribution is 
concentrated, indicating that the fluctuation of growth termination day is stable. Pixel 
points with coefficient of variation of 1% to 2% and 2% to 3% accounted for 32.39% and 
10.41%, respectively, and were widely distributed from upstream to downstream. 

Figure 10 Spatial distribution of spatial coefficient of variation on the beginning day of growth 
period (see online version for colours) 
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4 Discussion 

This study utilised soil salinisation remote sensing inversion products, historical 
distribution maps of saline-alkali land, groundwater monitoring data, as well as vector 
data of mining boundaries and activity intensities as auxiliary data sources to verify the 
spatial and temporal distribution patterns of vegetation community diversity affected by 
soil salinisation and mining activities in the Yellow River section of Henan Province. 

Using NDVI annual growth rate below 0.005 as the criterion for vegetation 
degradation or growth stagnation, and landscape disturbance intensity index above 0.7 as 
the indicator of severe habitat degradation caused by human activities. These two 
threshold settings are based on regional specific ecology, combined with the arid  
semi-arid climate background, main vegetation growth rhythms, and historical long-term 
observation data in the Yellow River Basin, to ensure their representativeness of local 
ecological processes; The second is to obtain statistical support for sensitivity analysis, 
and by adjusting the threshold, verify that the model under this setting responds 
significantly and stably to key interference factors such as soil salinisation and mining, 
and can effectively separate signals of sustained degradation caused by human activities. 

The Shannon index of the natural restoration area (shrub and herbaceous community) 
is 2.85 ± 0.23, and the Pielou index is 0.78 ± 0.05, showing a significant positive 
correlation between the two (r = 0.67, p<0.01), indicating a synergistic increase in species 
diversity and evenness during the natural restoration process, and the community 
structure tends to stabilise. The Shannon index of the artificial forest area is 1.92 ± 0.31, 
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and the Pielou index is 0.62 ± 0.08. The correlation between the two is weak (r = 0.28,  
p > 0.05), and the evenness is significantly lower than that of the natural restoration area 
(p < 0.01), reflecting the obvious dominance of dominant species and uneven distribution 
of species in the artificial forest community. By constructing a two-dimensional 
discriminant space of diversity uniformity, natural restoration sample points are mainly 
clustered in the high diversity high uniformity quadrant (accounting for 72.3% of the 
sample size), while artificial forest sample points are dispersed in the low uniformity 
region (68.5% of low uniformity samples). There is a significant separation in the 
distribution of the two in the discriminant space (MANOVA test, p<0.001). This 
differential pattern further validates the ecological effects of different restoration 
approaches in ecological engineering: natural restoration is more conducive to forming 
structurally stable and evenly distributed communities, while artificial forest construction 
can rapidly increase vegetation coverage, but may lead to a single community structure. 
This analysis provides a more refined discrimination basis for the evaluation of 
ecological engineering effects from the perspective of community structure and function, 
and strengthens the comparability of ecological effects of different restoration models. 

After adjusting the combination of parameters such as the number of trees, maximum 
number of features, and maximum depth, the ranking of the core driving factors remains 
stable. The importance ranking of climate factors (annual average temperature, 
precipitation) remains unchanged in 95% of parameter combinations (ranking fluctuation 
≤ 1), with a coefficient of variation of 0.08-0.12. The ranking of terrain and soil factors is 
stable (fluctuation ≤ 2) in 85% of parameter combinations, with a coefficient of variation 
of 0.15-0.20. The stability of the ranking of human activity factors is relatively low 
(fluctuation ≤ 2 in 75% of combinations), with a coefficient of variation of 0.22–0.28. 
The Kendall consistency coefficient is 0.89 (p<0.001), and the confidence interval widths 
for importance scores under Bootstrap resampling are all less than 0.05. The results 
indicate that the random forest model has high consistency in ranking the importance of 
driving factors under different parameter settings, supporting its reliability in this study. 

5 Conclusions 

By integrating multi-source remote sensing data and ecological models, this study 
systematically revealed the temporal and spatial evolution characteristics and driving 
mechanisms of vegetation community diversity in the Henan section of the Yellow River 
Basin from 2000 to 2022. 

1 The vegetation coverage (NDVI) extracted based on Landsat and MODIS time series 
data shows that the average NDVI in the study area shows a significant upward trend 
as a whole (average annual growth rate 0.012, p < 0.01). However, the spatial 
heterogeneity is prominent: the growth rate of NDVI in mountainous areas such as 
Funiu Mountain and Xionger Mountain in the west is 0.018/year, while that in the 
eastern Yellow Pan Plain is only 0.008/year, indicating that the dual effects of 
topography and human activities have a profound impact on the vegetation 
restoration rate. Through the coupling simulation of the MaxEnt model and CLM 
model, it is found that the contribution rate of climate factors (annual average 
temperature and precipitation) to the explanation of vegetation spatial pattern is 
48.3%. In comparison, the combined contribution of topographic undulation and soil 
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organic matter content is 31.7%, highlighting the basic role of physical geography 
elements in vegetation differentiation. Due to cultivated land expansion and 
urbanisation encroachment in the 5-kilometre buffer zone along the Yellow River, 
the natural vegetation area decreased by 23.6% compared with 2000. The human 
activity intensity index and vegetation diversity index (Shannon index) showed a 
significant negative correlation (R2 = 0.67), revealing the persistent stress of  
high-intensity development on riparian ecological corridors. 

2 There is a significant spatial differentiation in the vegetation restoration effect in the 
ecological engineering implementation area. By returning farmland to forests, the 
richness of shrub and herbaceous communities in the loess hilly area of western 
Henan has increased by 14.2%; However, in the artificial forest planting area, due to 
the increase in tree dominance, the number of understory species decreased by 8.5%, 
reflecting that single vegetation reconstruction may weaken community stability. 
Seasonal scale analysis further reveals that NDVI has the highest sensitivity to spring 
precipitation changes (regression coefficient β = 0.76), but there is a fluctuation of ± 
0.12 in this coefficient between different climate years, indicating that seasonal water 
and heat allocation will affect sensitivity intensity; Vegetation diversity is more 
sensitive to temperature fluctuations in autumn (β = 0.63), and its uncertainty mainly 
comes from the influence of interannual temperature fluctuations and extreme 
climate events. This result highlights the significant phenological differences in the 
driving force of climate change on vegetation dynamics, and the seasonal sensitivity 
is modulated by both climate fluctuations and human intervention. 

3 Through the quantitative decoupling of multi-factor contribution by random forest 
algorithm, it is found that the direct impact of human disturbance on community 
succession accounts for 20.5%, among which soil salinisation caused by cultivated 
land irrigation increases the proportion of salt-tolerant plants in the Yellow River 
beach area by 19.3%, while the vegetation fragmentation index (PD) within 10 
kilometres around the mining area increases by 37.6%, which confirms the 
differentiated shaping mechanism of different human activity types on vegetation 
patterns. 

4 The global Moran’s I analysis (Moran’s I of NDVI sequences from 2000 to 2022 
ranged from 0.32 to 0.48, p < 0.01) indicates a significant spatial positive correlation 
in vegetation coverage. 

Further analysis of Getis-Ord Gi* hotspots identified the western mountainous region as a 
consistently high-value hotspot area (Z > 2.58, p < 0.01), while the eastern plain and the 
urban belt along the Yellow River were identified as low value cold spots (Z < –1.96,  
p < 0.05). This spatial differentiation pattern is consistent with the terrain gradient and 
human activity intensity distribution. The spatial statistical results not only verify the 
non-randomness of vegetation patterns, but also provide a quantitative basis for 
explaining that the NDVI growth rate in the western region (0.018/year) is significantly 
higher than that in the eastern region (0.008/year), indicating that ecological restoration 
hotspots and human disturbance cold spots jointly drive the differential evolution of 
vegetation. 

This study achieved a collaborative analysis of multi-scale environmental factors and 
vegetation dynamics in the Henan section of the Yellow River Basin by constructing a 
technical framework of “remote sensing inversion model simulation driven analysis”. 
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The results showed that vegetation restoration was both effective and challenging. In 
response to the high natural recovery potential (NDVI annual growth rate of 0.018) in 
western mountainous areas, protection and natural restoration should be the main focus, 
and the connectivity protection of ecological hotspots such as Funiu Mountain and 
Xiong’er Mountain should be strengthened. Mineral development and slope cultivation 
should be restricted to promote positive succession of forest communities; For the eastern 
plain, especially the yellow buffer zone and surrounding urban areas with NDVI annual 
growth rates below 0.005, ecological reconstruction led by human intervention should be 
implemented, and a composite vegetation corridor should be constructed along the 
riverbank. Ecological control red lines should be strictly delineated in areas with human 
activity intensity above 0.7, and targeted restoration of salt and drought tolerant local 
vegetation should be carried out. The evaluation matrix of “natural restoration potential 
artificial intervention priority” proposed in the study can provide spatially clear decision 
support for ecological management of watershed zoning and classification. 
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