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Dynamic Changes in Vegetation and Driving Mechanisms at
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Abstract Based on multi-source time-series data from 2017 to 2024, this study comprehensively employed Theil-Sen trend analysis, Mann-Kendall test,
random forest regression model, and spatial and temporal lag correlation analysis to systematically investigate the variation characteristics of NDVI and
their associated mechanisms with land use changes and groundwater depth in the study area. The results indicate that vegetation activity showed overall
significant improvement during the study period, with 60.93% of the area exhibiting significant greening trends and only 6.55% showing degradation.
The trajectory characteristics of land use changes could explain approximately 79.64% of the variation in NDVI trends, but their driving effects demon-
strated significant spatial heterogeneity, with core driving zones accounting for 79.22% of the area. Groundwater depth showed an overall weak negative
correlation with NDVI (r= -0.046 4), but exhibited significant lag effects, and the correlation coefficient increased to —0.176 3 when there was a lag
of 3 months. The study concludes that regional vegetation changes were primarily driven by land use activities, while the influences of groundwater showed
spatial and temporal lag characteristics. Ecological restoration policies should integrate land use optimization with water resource management, and fully

consider the spatial heterogeneity and temporal lag effects of driving mechanisms.
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The Kubuqi Desert is the seventh largest desert in China' |
with an area of approximately 18 600 km*. The desert vegetation
ecosystem is more sensitive to environmental changem , SO Tevea-
ling the dynamic evolution patterns of vegetation coverage and
driving mechanisms is of great significance for understanding the
impact of climate change and human activities on the ecosystem,
as well as improving the management of vegetation resources and

B4 Due to strong applicability and ease of ac-

desert governance
quisition, normalized difference vegetation index (NDVI)"' has
become one of the commonly used indicators for characterizing
vegetation changes at home and abroad, and is currently the core
preferred indicator for analyzing the vegetation coverage, growth
dynamics, and long-term trends of deserts ®~*'.

In the dynamic monitoring of desert vegetation coverage,
slope trend analysis is the core method for quantifying long-term
change patterns. Current mainstream methods include linear re-

d""?) | Sen slope method, and

gression'g] , moving average metho
the accompanying Mann-Kendall (MK) test method ™"/, In the
analysis of the dynamic trend of desert vegetation coverage, the
linear regression method has obvious limitations due to its reliance
on normal distribution and weak ability to handle outliers, while
the moving average method has distinct limitations because of its
inability to quantify the slope and high subjective interference.

The combination of Sen slope and MK test has become the pre-
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ferred method in this field due to its adaptability to non-normal da-
ta, robustness in handling outliers, adaptability to long-time se-
ries, and the integration of " quantification + testing" . It has been
extensively documented that the results are significantly more con-
sistent with the actual ecological processes than those obtained
through other methods. Land use type is an important factor affect-
ing the vegetation changes in the Kubugi Desert, but a single linear
method is unable to capture the nonlinear relationship between land
use trajectory and NDVI'®'. To further explore the correlation be-
tween land use change trajectory and NDVI trend, multiple analysis
methods , including linear regression, single decision tree, and random
forest, were compared. Finally, the random forest model was chosen,
and the deep-level correlation between land use changes and NDVI
trends were explored based on its ability to depict complex nonlinear
relationships and the advantages of ensemble learning.

Groundwater, as an important component of terrestrial eco-
systems, plays a crucial role in maintaining ecosystems in arid re-
gions. Zhang Xiaoyu et al. '’ studied the relationship between the
characteristics of plant communities in the ecosystem and the eco-
logical threshold of groundwater depth, and concluded that an ap-
propriate groundwater depth can promote the growth and develop-
ment of plant communities in arid regions. Zhang Jingyum] ex-
plored the temporal and spatial variability of groundwater level and
vegetation index (NDVI) in the Hebei Plain, and found that
groundwater depth was significantly negatively correlated with
NDVI. The core objective of this study is to use the Pearson corre-
lation coefficient method"™®’ to measure the linear correlation be-

tween NDVI and groundwater depth, and systematically analyze
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the quantitative relationship between vegetation growth status (re-
presented by NDVI) and groundwater supply ( represented by
depth) and its temporal-spatial patterns. Precisely matching the
ecological correlation characteristics of " NDVI-groundwater
depth" (linear in the appropriate range, and non-linear in the
threshold range) not only addresses the limitations of a single co-
efficient but also distinguishes the type of correlation through the
"significance" of the two coefficients.

In this paper, the long-term change trends of NDVI in the
northern edge area of the Kubuqi Desert were studied, and the
temporal and spatial change patterns of the correlation between
changes in land use types and NDVI were analyzed. At the same
time, by comparing the measured data of water level with changes
in NDVI in a short period (13 months) , the lag effect in time and
space was discussed, and their correlation was discussed. This
study aims to provide a scientific basis for the restoration of ecosys-

tems and water resource management in arid and semi-arid regions.

1 Materials and methods
1.1 General situation of the study area  The study area
(40°36'4" —40°43'44" N, 107°3024" - 107°43'19" E) is located
in the northwest of Hangjin Banner, Ordos City, Inner Mongolia
Autonomous Region (Fig. 1), and is adjacent to the irrigation are-
a on the south bank of the Yellow River in Hangjin County. The
shortest straight-line distance from the Yellow River is 3.3 km. It
is 18. 15 km long from east to west and 14.20 km wide from north
to south, with a total area of 90. 95 km’.

mid-temperate continental climate, with little rainfall, intense

The study area has a

evaporation and abundant sunlight. Due to differences in land-
form, climate, vegetation, and water conditions, the types of soil
in Hengjin County show distinct regional differentiation patterns:
saline-alkali soil, sandy soil, and grassland soil are distributed
successively from north to south; from east to west, there are
loamy calcareous soil, brown calcareous soil, gray desert soil, and
brown desert soil. The Kubuqi Desert is dominated by sandy soil ,
which is loose in structure, poorly differentiated, and poor in nu-
trients, making it unsuitable for farming. The soil in the study ar-
ea is mainly loam, of which silty sandy loam and sandy loam are
widely distributed. The main vegetation is reeds, creeping grass,
Artemisia desertorum Spreng. , and so forth.

1.2 Sources of data The data of NDVI, land use, eic. were
sourced from the platform Google Earth Engine (GEE). The data
of groundwater depth were the actual measurement data from the
HOBO self-measuring water level gauge, and it was automatically
recorded every 3 h. To ensure the application of the three sets of
data in Python, bilinear interpolation smoothing processing was
carried out on the data of NDVI and groundwater depth by using
resampling technology, so as to ensure the consistency of the data.
The spatial distribution of groundwater depth, annual average
NDVI, and the mean NDVI of the designated month in the study
area in 2022 is shown in Fig.2 and Fig.3. The data of NDVI are
divided into two parts; the monthly data between 2017 and 2024

(for analyzing the changing trends), and the monthly data from
July 2021 to July 2022 (for studying the short-term relationship
with groundwater depth). As shown in the spatial distribution of
the annual average NDVI from 2017 to 2024 and the monthly aver-
age NDVT from July 2021 to July 2022 in the study area (Fig.3),
NDVI was below 0.4 in most areas, and the minimum was —-0.3,
while it was relatively low in the east and north. From Fig. 2, it
can be seen that groundwater depth was generally between 1 and 3
m, and there was no significant variation between seasons. There
were some overall obvious rises and drops in the seasons. Fig. 4
shows that land use types changed significantly between 2017 and
2022, and large areas of bare soil was transformed into water body
and bushes.

1.3 Research methods

1.3.1 NDVI. NDVI can reflect the growth status of vegetation
on the underlying surface. It can be calculated by using the reflec-
tivity in the near-infrared band and the red light band of Landsat
images, and its range is NDVI e[ - 1.0, 1.0]. The formula is

as follows:
NDVI =pMR ~Prep (1)
P T Prep
NDVI; = Max (NDVIU.) (2)

Formula (1) was first proposed and systematically elaborated
by Rouse et al. "’ in their research on the Landsat satellite (then
known as ERTS). Formula (2), the maximum value compositing
(MVC), was proposed by Holben™ .
high-quality synthetic image that is least affected by clouds and the

It is used to generate a

atmosphere from multiple NDVI images over a period of time
(such as one month).
1.3.2 Analysis system of NDVI trends.

1.3.2.1 Time series decomposition

STL ( seasonal-trend de-
composition using LOESS). STL, a robust time series decomposi-
tion method , was fully proposed and described by Cleveland™". Tt
is insensitive to outliers, and can flexibly handle nonlinear trends
and changing seasonal cycles, so it is highly suitable for analyzing
time series of NDVI. In this paper, the data of NDVI from 2017 to
2023 were decomposed into three components: trend component
(long-term change pattern) , seasonal component ( periodic fluctu-
ations) , residual component ( random fluctuations). The period
was also fixed (12 months), that is, the data were the monthly
data in 12 months per year. The formula of STL is as follows:

Y, =T +S, +R, (3)

In the formula, Y, is the observation value of NDVI at time #;
T, is trend component; S, is seasonal component; R, is residual
component.
1.3.2.2 Trend estimation

Theil-Sen slope estimation. Veg-

etation changes are typically slow processes. Theil-Sen slope esti-

1[13]

mation was proposed by Thei and extended and refined by

Sen!®’

. In the detection of remote sensing change, the traditional
ordinary least squares ( OLS) fits the trend by minimizing the
squared error, which is susceptible to the influence of extreme val-

ues. Theil-Sen, by calculating the median slope of all time point
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pairs (n(n—1)/2 combinations), can more stably capture weak B >0 indicates that there is an increase in NDVI, suggesting
but persistent long-term trends, avoiding the interference of short- a significant improvement in vegetation. Conversely, 8 <0 means
term climate events. NDVI decreases, which indicates environmental degradation and
B =me dian( Y~V i) i< (4) might signify desertification.
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Fig.1 Location and elevation map of the experimental area
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Fig.3 Annual average NDVI (a) and the mean NDVI of the designated month (b) in 2022
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Fig.4 Maps of land use in 2017 (a) and 2022 (b)

Mann-Kendall test. Mann-

Kendall test, a non-parametric trend testing method, was devel-

1.3.2.3 Trend significance test

oped by Mann'®! and Kendall. In research on ecological remote
sensing, the combination of Theil-Sen slope estimation and Mann-
Kendall significance test has become a standard paradigm for ana-
lyzing long-term trends of vegetation dynamics, often referred to as
the "Sen + MK" method, and is widely applied in studies on veg-
etation change at regional and even global scales. MK solution:
distinguishing trends through statistical tests (p value). Signifi-
cant trend (p <0.05) : vegetation continues to deteriorate/recov-
er; non-significant change: short-term fluctuations (no need for
intervention ) .

Test statistic (S) can be calculated as follows

S=3 X sen (5,-7) (5)
1 z>0

sgn (z) :{0 z=0 (6)
-1 2<0

S >0 indicates an upward trend, while S <0 means a down-
ward trend.
The significance of change trends can be determined based on

Z and p values, and Z can be calculated as follows:

S-1

V' Var (S)
Z=:0 S$=0 (7)
S+1

v Var (S)

[Z] >1.96—p <0.05 means a significant trend, and 121 >
2.58—p <0.01 stands for an extremely significant trend.
1.3.3 Analysis of the correlation between NDVI and land use.
Machine learning and spatial analysis were combined to explore
the mechanism of the relationship between the trajectory of land
use changes and the trend of NDVI. The core framework is as fol-
lows: based on the research paradigm of " feature extraction —
model construction — validation and interpretation" , a predictive
model between land use changes and the trend of NDVI was estab-
lished by quantify the characteristics of land use changes, and the
intrinsic correlation was revealed through statistical verification
and spatial analysis. The prediction model for the trend of NDVI is
the one applied in section 3.2.
1.3.3.1 Extraction of trajectory features of land use changes.
Pixel-level time series features (such as change frequency, ini-
tial/terminal land use type, stability, eic. ) was extracted, and

entropy was used to measure the complexity of a change. Stability



Ping MIAO et al. Dynamic Changes in Vegetation and Driving Mechanisms at the Northern Edge of the Kubuqi Desert 5

indicator was used to quantify the frequency of the change, and
then trajectory ID encoding was conducted to extract change fea-
tures from the time series.

The number of changes C can be calculated as follows:

C="SI(LU,#LU,.,) (8)

In the formula, 7 ( - ) is the indicator function; LU, repre-
sents the land use type in the i" year; n is the total number of
years.

The formula of stability S is as follows

max(N,)
S§=—t— (9)
n
In the formula, N, is the frequency of type k.
Change entropy H is as follows;

8
H= - Xplog (p,) (10)
In the formula, p, represents the probability of type k. The
entropy was used to measure the complexity of a change. The
higher the entropy is, the more irregular the change is.
The frequency of changes is as follows;

C

n-1

F= (11)

F represents the intensity of changes within a unit of time.
1.3.3.2 Modeling and prediction. In this paper, in order to
construct a correlation model between land use changes and NDVI
trends and quantify the explanatory power of the former for the lat-
ter, the machine learning method random forest (RF) regression
was selected. Random forest is a classic ensemble learning algo-
rithm proposed by Breiman". RF was used to establish the map-
ping relationship between the trajectory characteristics of land use

[25

changes and NDVI trends, and Rodriguez-Galiano ™’ had already
demonstrated the effectiveness of RF in the classification of remote
sensing land cover.

By using the ensemble learning method based on multiple de-
cision trees, multiple trees were constructed through Bootstrap
sampling, and the final prediction was the average of the results of
each tree, thereby reducing the risk of overfitting.

y is the prediction value of NDVI trend slope ¥ is as follows
PN
Y= (0 (12)

In the formula, M represents the number of decision trees;
f..(x) is the prediction value of the mth tree.
1.3.3.3 Evaluation of model performance. To systematically
evaluate the prediction performance and stability of the model and
ensure the reliability of the results, performance indicators, cross-
validation and residual analysis were adopted respectively.
1.3.3.3.1

clude three indicators used to quantify the prediction accuracy of

Performance indicators. Performance indicators in-

the model, namely mean squared error ( MSE ), root mean
squared error (RMSE) , and coefficient of determination (R).

Their formulas are as follows:

1 =z A 2
MSE:?;}(%_%‘)H (13)

RMSE = /MSE (14)
R2=1_Z(yi_yl) (15)

Xy, - y) ’
In the formulas, y represents the mean of observation values,

with a range of [0, 1]. The closer it is to 1, the better the fit.
1.3.3.3.2 Cross-validation. K-fold cross-validation is a stand-
ard procedure for evaluating the generalization performance and

stability of a model. It was developed and popularized by Stone

and Geisser'””’

, and has now become the gold standard for training
and validating machine learning models.

Principle: By splitting the training set and test set multiple
times, the stability of the model is evaluated. In the code, 10-fold
cross-validation (KFold) is used:

1 10
CV score = EA; Score (k) (16)

In the formula, score (k) means the performance indicator
for the k" fold, such as R* or RMSE.
1.3.3.3.3 Residual analysis. Based on prediction residual (ac-
tual value-prediction value) , the deviation and error of the model
can be evaluated. Absolute residual r; and relative residual rr; can
be calculated as follows

ro=ly =5l (17)
rr.zlyi_yil (]8)

! Ly, |

1.3.3.4 Spatial statistical analysis and verification. Residual
spatial distribution was used to identify strongly correlated areas,
and OPTICS clustering was used to recognize different change pat-
terns. Spatial autocorrelation analysis (using spatial coordinates as
features) was conducted, and the contribution of each feature to
the prediction results was finally quantified by using SHAP values.
Here, SHAP ( Shapley Additive Explanations), a method based
on game theory, is used to explain the output of any machine

2] and can

learning model. It was proposed by Lundberg et al.
consistently and fairly distribute the contribution of each feature to
a single prediction result. In the study, SHAP values can be used

to clearly reveal which land use change feature, such as "

change
frequency" and "stability" , has the greatest impact on the trends

of NDVI, significantly enhancing the interpretability of the model.
K
argmin% 3 x| (19)

C, represents the k" cluster; g, is the center of the cluster ,
and k =5.

reach-dist (p, o) =max(core-dist (o), d(p, o) (20)

In the formula, core-dist (o) represents the core distance,
and d(p, o) is the distance between two points.

SHAP values were analyzed as follows ;

o= 3, SHCHSISLI=DY 50 1)) s )
(21)

In the formula, ¢, is the SHAP value of feature i; F repre-

sents the entire set of features. Positive values indicate that the

feature contributes to an increase in the prediction value, while

negative values means the opposite conclusion.
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1.4 Analysis of the correlation between groundwater depth
and NDVI  All data were unified to the WGS84 coordinate sys-
tem (EPSG: 4326), and the vector boundary of the study area
was used for clipping. To deeply study the correlation between
groundwater depth and NDVI, the distribution map of groundwater
depth in 13 months was constructed based on the measured data
from July 2021 to July 2022, and the map of groundwater depth
was aligned with the distribution map of NDVI over the 13
months. To eliminate the influence of units, the NDVI data have
been converted to the standard range of -1 to 1. Finally, 749
valid sampling points were systematically generated within the
study area, and a total of 9 737 pairs of valid data of NDVI and
groundwater depth were obtained for analysis.

Furthermore, the Python tool and the Pearson correlation co-
efficient method was used to measure the linear correlation degree
(positive correlation/negative correlation and intensity ) between
NDVI and groundwater depth. The Spearman’s rank correlation
coefficient was used as a comparison for quantifying the correlation
degree. The formula of Pearson correlation coefficient is as

follows :

3 (=0 (3 -7)

=J2< 020

x and y represent the means of x and y, respectively; the nu-

(22)

merator is the covariance of x and y (measuring the degree of co-
variance ) ; the denominator is the product of the standard devia-
tions of the two (standardization process, making the range of r
[ -1, 1]). For each pixel in the image sequence, r value was
calculated separately, resulting in a correlation coefficient graph,
where the size and sign of r are displayed pixel by pixel. r>0 in-
dicates a positive correlation (as the independent variable increa-
ses, the pixel value also increases) ; r <0 means a negative corre-
lation (as the independent variable increases, the pixel value de-
creases ) , reflecting the direction and strength of the correlation
between NDVI and groundwater depth in different areas.
Spearman’s rank correlation coefficient means that the values
of two variables separately are ranked, and then the Pearson corre-
lation coefficient between the grades is calculated.
63 d
n(n’ -1)

Coefficient p measures the strength of a monotonic relation-

p=1- (23)

ship (not necessarily linearity). It is more robust than the Pearson
coefficient, and is not sensitive to outliers.

Lagged correlation; NDVI (vegetation growth) is affected by
groundwater depth, but the vegetation’s response to groundwater is
not immediate ; after the groundwater changes, it takes some time
for the vegetation to adjust its growth state (such as root water ab-
sorption and changes in photosynthesis ). The analysis of lagged

correlation aims to quantify this response time.

2 Results and analysis
2.1 Changing trends of NDVI

Based on the time series data

of NDVI in the study area from 2017 to 2024, the changing trends
of NDVI were analyzed. Overall, the NDVI in the study area
showed a moderate growth trend (Fig.5). The average of annual
NDVI change slope ( Theil-Sen estimation) was 0.006, indicating
that vegetation coverage showed an overall improvement trend in

the study period.

0. 035
0. 019

-0. 012

Trend

I Decrease

T |Not significant
I Increase

P value
1.0

0.5
0

Fig.5 Spatial distribution of NDVI slope, trend classification, and
P value

The growth trend within the study area was universal, with a
median slope of 0. 003, indicating that annual average growth of

NDVI was not less than 0.003 in over 50% of the pixels, reflec-
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ting the widespread universality of the growth trend in the study ar-
ea. From the perspective of significant trends, there was a signifi-
cant upward trend (p <0.05) in 60.93% of the pixels, which
was the dominant change in the study area, indicating that vegeta-
tion was improved in most areas. From Fig. 5, it can be clearly
observed that there was spatial heterogeneity in the change ampli-
tude. The standard deviation of slope was 0.010, and the range of
variation was large (from —0.052 to 0.089) , revealing that there
were significant spatial differences in the changes of NDVI in the
study area. The exireme improvement areas (slope >0.05) may
be areas where vegetation restoration projects in recent years have
achieved remarkable results, such as the construction and imple-
mentation of the floodwater diversion project. The extreme degra-
dation areas (slope < —0.03) may be affected by human activities
(such as excessive development) or natural factors ( such as
drought). As shown in Fig. 6, the proportion of pixels with a sig-
nificant downward trend was low, only 6. 55% , indicating that
degradation regions were concentrated and had a limited range.
There was no significant trend in another 32. 51% of the pixels,
and they corresponded to regions with relatively stable ecosystems
or those that have received less disturbance. In the study area,
67.56% of the pixels showed a statistically significant trend (up-
ward + downward trend) , belonging to a medium reliability level.
It indicates that the overall trend had a clear signal, and driving
factors should be used for analysis. Among them, the average
slope rate of the areas with a significant change was up to 0.009,
higher than the overall average, showing that the vegetation growth
in the significantly improved areas was stronger, and the ecological
effect was more prominent.

2.2 Correlation between NDVI and land use

highly dynamic changes in environmental characteristics of the

Based on the

Kubuqi Desert, strict data quality control standards were adopted,
and only pixels with reliable land cover classification for eight con-
secutive years (accounting for 35.10% of the study area) were re-
tained. This screening criterion ensures that the trajectory analysis
was based on reliable and consistent data of land use, avoiding the
interference of the movement of sand dunes, mixed pixels, and
classification uncertainties on the results.

To study the association mechanism between land use chan-
ges and NDVI trends, the multi-dimensional characteristics of land
use change trajectories (such as the number of changes, stability,
entropy, eic. ) were extracted by loading the data of NDVI trends,
land use from 2017 to 2024, and boundary of the study area. The
random forest method model was used to analyze the explanatory
power of these trajectory characteristics for NDVI trends. Cluste-
ring and residual analysis methods were combined to identify
strongly correlated areas. Finally, spatial distribution maps, sta-
tistical results, and reports were generated to quantify the impact
of land use changes on NDVI trends and reveal their driving mech-
anisms. The distribution of strongly correlated areas is shown in
Fig.7.

Residual average was —0.023 432. Here, residual was the

difference between the actual value of NDVI trends and the
model’s prediction value. If the average was close to 0, the model
had no systematic bias (neither overestimating nor underestimating
NDVI trends overall ). Therefore, the difference between the actu-
al value of NDVI trends and the model’s prediction value met the
requirements, and the prediction direction was relatively reliable.
Among them, the proportion of relative residual < 5% was
6.71% . Relative residual (| residual | / actual value) reflects
the prediction accuracy. Relative residual <5% indicates an ex-
tremely small prediction error. Only 6.71% of the areas met this
level of precision, suggesting that the trajectory of land use chan-
ges in most areas had a weak " accurate explanation ability" for
NDVI trends. This might be due to the complex trajectory charac-
teristics (such as frequent changes) or the stronger interference of
NDVI by other factors.

The proportion of strongly correlated areas was 79.22%.
Strongly correlated areas refer to the areas where the trajectory of
land use changes was significantly associated with NDVI trends
(determined by the residual threshold). This proportion indicates
that in approximately 79.22% of the study areas, land use chan-
ges were the core factor driving NDVI trends. In the remaining ar-
eas, NDVI trends might be dominated by other factors (such as
precipitation, temperature changes, policy interventions, etc. ).

In Fig.7, SHAP value is the contribution degree of a feature
to the model output. Positive values indicate that the feature con-
tributed to the increase of prediction values ( making vegetation
greener and growing faster) , while negative values mean that the
feature contributed to the decrease of prediction values ( causing
vegetation degradation, and slower growth).

The number of changes: blue points (low values) represent
pixels where there was little or no change in land use type during
2017 — 2024. Red points (high values) stand for pixels where
land use type changed multiple times during this period.

Initial class and final class: blue points (low values) mean
land waters, trees, etc. Red points (high values) represent bare
ground or buildings. In the figure, it is obviously shown that high
values of bare soil are focused on the negative values of SHAP,
contributing to the impact of vegetation degradation.

Dominant class: if blue points (such as forests, and grass-
lands) are concentrated on the right side, NDVI showed a positive
growth trend in areas mainly covered by vegetation. If red points
(such as bare land, and buildings) are concentrated on the left
side, NDVI was negatively degraded in areas mainly covered by
non-vegetation.

Longitude, latitude, row index, and column index represent
the contribution of location to SHAPE, that is, various locations
bring different contributions. However, due to the small undulation
of the experimental area, the obtained results are generally poor,
and cannot reflect the significant differences in the degree of contri-
bution brought by different locations and different terrain conditions.

Entropy : blue points (low values) stand for a very pure land

type sequence, with high order ( almost always the same land
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type) ; red points (high values) represent a very chaotic land type
sequence , with high uncertainty ( mixed land types different in va-
rious years). The experimental area is located in the desert and its

edge where a large area of bare soil remains unchanged for a long

time, so blue points are concentrated on the left side, exerting the
influence contribution of negative values, which better demon-
strates the varying effects of transformation of entropy values in

different regions.
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Dominant duration is similar to stability. Blue points (low
values) mean that the duration of the dominant land type was very
short. Red points (high values) indicate that the duration of the
dominant land type was very long. The presented effect shows that
the duration of the dominant land type was short, but the change
was positive. Due to the restoration of ecological engineering in re-
cent years, the greening effect has been remarkable, but the
process is still just beginning.

As shown in Fig. 8, the R* of the random forest model for the

trajectory characteristics of land use changes was 0.796 4. Here,
R’ (coefficient of determination) measures the extent to which the
model explains the changes in NDVI trends, with a range of 0 — 1.
The results indicate that the random forest model based on the traj-
ectory characteristics of land use changes can explain approximate-
ly 79. 64% of the variation in NDVI trends, which belongs to
moderate explanatory power. This implies that land use changes
were an important factor influencing NDVI trends. However, near-
ly half of the variation was dominated by other factors not included
in the model (such as climate, terrain, human activity intensity,
elc. ).
2.3 Analysis of the correlation between NDVI and groundw-
ater depth This study aims to explore the temporal and spatial
correlation and lag effect between vegetation activity (NDVI) and
groundwater depth in the Kubuqi Desert. All data were unified to
the WGS84 coordinate system ( EPSG: 4326), and the vector
boundaries of the study area were used for clipping. To eliminate
the influence of dimension, the data of NDVI were converted to
the standard range from —1 to 1. Finally, 749 valid sampling
points were systematically generated within the study area, and a
total of 9 737 pairs of valid data of NDVI and groundwater depth
were obtained for analysis. The distribution map and the time
trend charts over 13 months (Fig.9) show that they decreased in
winter and increased significantly in spring and summer. At the
same time, from the distribution of data points in Fig. 10 (NDVI
and groundwater depth), it can be known that the groundwater
depth ranged from 1.4 to 2 m, and NDVI was between 0 and 0.2
at most points in the experimental area.

Based on the data of groundwater depth and NDVI in 13
months, the Pearson correlation coefficient (Fig. 11) was calculat-
ed by using the Python method, namely —0.046 4 (p <0.000 1),
indicating that there was a very weak negative correlation between
NDVI and groundwater depth overall, and the correlation was
statistically significant. The Spearman correlation coefficient was
-0.1077 (p<0.0001), slightly higher than the Pearson
coefficient, suggesting that the monotonic trend between the varia-
bles was slightly more obvious, but it was still a weak negative
correlation.

The lag correlation between NDVI and groundwater depth was
also analyzed. If there was a lag of 1 month, the Pearson correla-
tion coefficient was —0.059 0 (p <0.000 1) ; if there was a lag
of 2 and 3 months, the Pearson correlation coefficient was

-0.1130 (p <0.000 1) and -0.176 3 (p <0.000 1), respectively.

3 Discussion and problems

The universality of vegetation improvement; The annual aver-
age slope of NDVI in the study area was 0. 006, and the median
was 0. 003. Moreover, the annual average growth of more than
50% of the pixels was no less than 0. 003, indicating that the im-
provement of vegetation coverage was widespread, and the ecologi-
cal condition generally improved from 2017 to 2024. In terms of
significant trends, there was a significant upward trend ( dominant
type) in 60.93% of the pixels, confirming the effectiveness of ec-
ological protection/repair measures; only 6. 55% of the pixels
showed a significant decrease, revealing that the areas with signifi-
cant degradation were concentrated in a limited range, and the
risk of ecological degradation was low. For the driving force of
spatial heterogeneity, extreme improvement areas ( slope >0.05)
might be related to vegetation restoration projects ( such as flood-
water diversion project ) ; extreme degradation areas ( slope <
—-0.03) might be affected by human activities ( excessive devel-
opment) or natural factors (drought) , and targeted intervention is
needed. There was a significant trend ( medium reliability ) in
67.56% of the pixels, and trend signals were clear, laying the
foundation for subsequent analysis of driving factors; the average
slope of the areas with significant changes (0. 009) was higher
than the overall, indicating that the ecological effect of significant-
ly improved areas was more prominent.

From the perspective of the entire study area, when groundw-
ater depth increased, there was a slight downward trend in NDVI,
but the correlation was relatively weak. Moreover, there was a
weak negative correlation between NDVI and groundwater depth in
the study area, indicating that the direct impact of groundwater
depth on vegetation growth (reflected by NDVI) was limited, and
it may be dominated by other factors (such as precipitation, soil
properties, etc. ). At the same time, the negative correlation
gradually strengthened with the extension of the lag time, and was
statistically significant. This shows that the change in groundwater
depth had a time lag effect on NDVI, and the impact was more ob-
vious after a delay of 3 months (that is, after changes in groundw-
ater depth, the response of NDVI was more significant 3 months
later). The negative correlation also strengthened with the lag
time (1 —3 months ), suggesting that the impact of changes in
groundwater depth on vegetation had a delay, which might be re-
lated to the cycle of vegetation growth (such as root response,
phenological period, etc. ).

In the analysis of the correlation between NDVI and groundw-
ater depth, 35.10% of reliable pixels were retained to effectively
avoid interference such as movement of sand dunes and classifica-
tion uncertainty in the desert environment, provide a high-quality
data foundation for the analysis of the relationship between land
use and NDVI, and ensure the reliability of the results.

In terms of model explanatory power, the R* value of the ran-
dom forest model was 0.796 4 (moderate explanatory power) , in-
dicating that land use changes were an important factor affecting

NDVI trends. However, 20% of the variation came from factors



Ping MIAO et al. Dynamic Changes in Vegetation and Driving Mechanisms at the Northern Edge of the Kubuqi Desert 11

not included in the model (such as climate and terrain) , sugges-
ting that subsequent studies should combine multiple factors to
deepen the research on the driving mechanism. The average resid-
ual was close to 0, proving that the model had no systematic bias,
and the prediction direction was reliable. However, the relative
residual of only 6.71% of the regions was less than 5% , indica-
ting that the " precise explanatory power" of land use trajectories
for NDVI trends was weak in most areas. This may be due to the
complexity of the trajectories (such as frequent changes) or the
stronger interference of NDVI by other factors. Therefore, feature
selection optimization or variable supplementation is required.

The proportion of highly correlated areas was 79.22% , indi-
cating that NDVI changes in most areas were mainly driven by
land use changes, confirming the core role of land use regulation
(such as ecological engineering) in the improvement of desert
vegetation. The remaining non-highly correlated areas suggest that
attention should be paid to the impact of other factors such as pre-
cipitation and policies on vegetation. According to the practical
guidance of SHAP features, the negative contributions ( bare land,
buildings) and positive contributions ( forests, grasslands) of the
initial/final class, and dominant class clarified the rule that " veg-
etation-type class promoted NDVI growth" , providing a direct ba-
sis for optimizing land types (such as reducing bare land and in-
creasing vegetation coverage) in desert ecological restoration. The
contribution of location factors was not significant, indicating that
the influence of uniformity of the terrain on vegetation changes in
the study area can be temporarily not given priority consideration.

Although this paper has conducted a comprehensive and de-
tailed study, it still has the following issues.

(1) Based on the time series data of NDVI in the study area
from 2017 to 2024, the change trends of NDVI were analyzed.
However, the R* value of the XGBoost model for the trajectory
characteristics of land use changes was 0.510 7, but nearly half of
the variation was still dominated by other factors not included in
the model (such as climate, terrain, human activity intensity,
etc. ). Due to the lack of data from nearby meteorological stations,
it is impossible to comprehensively consider the influence of fac-
tors such as temperature and precipitation.

(2) The data of land use only contained the annual average
data, and lacks more detailed monthly data of vegetation coverage
and precise positioning of land use types, so there is still room for
improvement in calculating the changes of land use transfer and
establishing the model between land use transfer and NDVI
changes.

(3) The limitation of the distance between the individual
points of groundwater depth in the experimental area leads to a
certain error in the map of groundwater depth simulated by the
technology. This may greatly affect the accuracy of correlation cal-
culation. Therefore, more densely distributed groundwater depth
points and more data of water quality at groundwater points will be
beneficial for better analyzing the hydrological change process in

the complex area.

(4) TInitially, an attempt was made to generate a continuous
correlation distribution surface using spatial interpolation methods
(such as Kriging). However, the Pearson correlation coefficient,
as a statistical quantity, may not possess strict geostatistical char-
acteristics (such as intrinsic stationarity) in space, and direct in-
terpolation might lead to misleading smoothing effects. Therefore,
for the sake of rigor, this study mainly conducted spatial pattern
analysis based on the calculation results of discrete sampling
points, and revealed the spatial heterogeneity of the relationship
between NDVI and groundwater depth by analyzing its statistical
distribution characteristics and the temporal comparison of typical

areas.

4 Conclusions

(1) During the research period, vegetation activity was im-
proved significantly on the whole. 60.93% of the areas exhibited
a significant greening trend, while there was vegetation degrada-
tion in only 6.55% of the areas.

(2) The trajectory characteristics of land use changes could
explain approximately 51. 07% of the variation in NDVI trends.
However, its driving effect had significant spatial heterogeneity,
and the area of the core driving zone accounted for 17.95% .

(3) The R’ value of the random forest model for the trajecto-
ry characteristics of land use changes was 0.796 4, that is, it can
explain approximately 79. 64% of the variation in NDVI trends,
belonging to moderate explanatory power. It reveals that land use
changes were an important factor affecting NDVI trends, but about
20% of the variation was dominated by other factors not included
in the model. The strongly correlated areas accounted for 79.22%.

(4) Groundwater depth was weakly negatively correlated with
NDVT as a whole (r= -0.046 4) , but there was a significant lag
effect. When there was a lag of 3 months, the correlation coeffi-

cient increased to —0.176 3.
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