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Abstract

The Turpan-Hami (Tuha) Basin of China, a critical region on the Silk Road
Economic Belt and a major national energy base, occupies a significant posi-
tion in energy security and in the major industrial clusters in Xinjiang Uygur
Autonomous Region, China. Understanding spatial and temporal evolution of
human activities in this area is essential for harmonizing ecological protection
with energy development, safeguarding the ecological security of the Silk Road
Economic Belt, and promoting the sustainable development of the area. How-
ever, despite rapid socioeconomic advances, the trajectories of human activity
intensity and the principal driving mechanisms over the past three decades re-
main inadequately understood. To address these gaps, this study constructed
a land use dataset for the Tuha Basin from 1990 to 2020, utilizing Google
Earth Engine (GEE) and random forest classification algorithm. We assessed
the intensity of human activities and their spatial autocorrelation patterns and
further identified key drivers influencing spatial and temporal variations using
the Geodetector model. Our findings indicated that the intensity of human
activities in the Tuha Basin has exhibited a “first decline and then recovery”
trend over the past 30 a, accompanied by significant spatial clustering. In recent
years, the aggregation of hot spots has diminished, while clustering of cold spots
has intensified, suggesting a dispersion of human activity centers. Nevertheless,
urban areas in the Hami and Turpan cities, along with their surrounding areas,
continued to serve as core areas of human activities. Topographic features (slope
gradient and aspect) and their interactions with economic variables emerged as
dominant determinants shaping the spatial patterns and temporal dynamics of
human activity intensity. This result provides critical insights into fostering
sustainable regional development and ecological conservation in the Tuha Basin
and offers valuable methodological and empirical references for studies on land
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use dynamics and human activity intensity in similar arid areas.
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Abstract

The Turpan-Hami (Tuha) Basin of China, a critical region on the Silk Road
Economic Belt and a major national energy base, occupies a significant posi-
tion in energy security and in the major industrial clusters in Xinjiang Uygur
Autonomous Region, China. Understanding the spatial and temporal evolution
of human activities in this area is essential for harmonizing ecological protec-
tion with energy development, safeguarding the ecological security of the Silk
Road Economic Belt, and promoting sustainable development. However, de-
spite rapid socioeconomic advances, the trajectories of human activity intensity
and the principal driving mechanisms over the past three decades remain inad-
equately understood. To address these gaps, this study constructed a land use
dataset for the Tuha Basin from 1990 to 2020, utilizing Google Earth Engine
(GEE) and a random forest classification algorithm. We assessed the intensity
of human activities and their spatial autocorrelation patterns and further iden-
tified key drivers influencing spatial and temporal variations using the Geode-
tector model. Our findings indicated that the intensity of human activities in
the Tuha Basin has exhibited a “first decline and then recovery” trend over the
past 30 years, accompanied by significant spatial clustering. In recent years, the
aggregation of hot spots has diminished, while clustering of cold spots has inten-
sified, suggesting a dispersion of human activity centers. Nevertheless, urban
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areas in the Hami and Turpan cities, along with their surrounding areas, con-
tinued to serve as core areas of human activities. Topographic features (slope
gradient and aspect) and their interactions with economic variables emerged
as dominant determinants shaping the spatial patterns and temporal dynamics
of human activity intensity. This result provides critical insights into fostering
sustainable regional development and ecological conservation in the Tuha Basin
and offers valuable methodological and empirical references for studies on land
use dynamics and human activity intensity in similar arid areas.
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1 Introduction

The intensity of human activities refers to the degree of disturbance and impact
exerted on ecosystems at a given spatial scale [?]. It reflects the extent of hu-
man influence and transformation of the natural environment across different
spatial and temporal scales, encompassing a wide range of activities such as
urbanization, agricultural reclamation, and industrialization. In the context of
globalization and accelerated urbanization, the demand for natural resources has
intensified, leading to significant changes in land use and ecological environment.
These changes have triggered a series of ecological and environmental problems,
including land degradation [?], species extinction, and climate change [?]. Quan-
titative evaluation of human activity intensity is crucial for better understanding
and predicting the impacts of human activities on regional ecosystems, which
provides a scientific basis for ecological protection, rational resource allocation,
and promotion of sustainable development.

The intensity of human activities is a critical indicator of the impact of socio-
economic activities on natural ecosystems. Methods for measuring this intensity
are generally divided into two main categories: multi-factors integrated evalua-
tion methods and land use type evaluation methods. Among the multi-factors
integrated evaluation methods, the human footprint index method is widely used
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[?, 7, 7, ?]. This method integrates a variety of variables, such as population
density, nighttime lighting, and human-made surfaces [?, ?, ?], and combines
expert scoring method, entropy method, and other methods to determine the
indicator weights [?], ultimately generating a weighted sum to assess human
activity intensity. Although this method offers strong spatial directionality, it
involves a certain degree of subjectivity in indicator selection and weight assign-
ment, which may introduce bias into the results. In contrast, the land use type
evaluation method assesses human activities based on changes in land use types
and reflects the degree of human influence on surface ecology through the extent
of utilization across different land categories. This approach has clear physical
significance and strong spatial and temporal comparability, and yields highly
accurate measurement results [?, 7, ?]. In recent years, domestic research has
further refined this method by integrating high-precision remote sensing data
and detailed land classification standards, thereby constructing comprehensive
evaluation systems suited to areas lacking statistical data and significantly im-
proving the method” s applicability and universality [?].

Spatial and temporal variation of human activity intensity is jointly influenced
by a variety of natural and anthropogenic factors, characterized by multi-
dimensional and multi-scale mechanisms. Population growth and distribution
are primary drivers that directly influence the intensity of human activities.
In densely populated areas, the growing demand for resources, accelerated
infrastructure development, and diversified lifestyles collectively drive higher
activity intensities. For instance, a significant and positive correlation between
population density and human activity intensity is observed along the eastern
coast of China [?]. Furthermore, the level of economic development is a key
factor shaping the intensity of human activities. Industrialization and urban-
ization processes have accelerated natural resource exploitation. For example,
urbanization and transportation conditions have a significantly positive impact
on the intensity of human activities on the Qinghai-Xizang Plateau, China [?].
Natural environmental conditions also play a critical role. Topography, for
instance, restricts land availability and thus influences development intensity.
The relatively flat southeastern Loess Plateau has become a high-intensity
human activity area, whereas the hilly northwestern areas experience lower
activity intensity due to topographical constraints [?]. In arid areas, water
resource distribution is the dominant factor, which is directly regulated by
oasis water management, the expansion of farmland, and the contraction of
watersheds in arid oasis ecosystems [?]. Overall, demographic, economic, and
environmental factors interactively shape the spatial and temporal distribution
of human activity intensity. Therefore, a comprehensive understanding of these
interactions is essential when examining the driving mechanisms behind human
activity intensity.

In arid areas of China, the intensity of human activities and land use changes
show significant geographic variability [?, ?]. Different arid areas exhibit differ-
ent evolutionary trajectories of land use structure and human activity intensity
due to differences in water resource conditions, topography, and policy orienta-
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tion. For example, the peripheral area of the Tarim Basin is dominated by oasis
agricultural expansion, with a significant increase in cropland and built-up land,
while the central desert area has less change and a lower overall intensity of hu-
man activities [?, ?]; and the proportion of its industrial land use due to salt lake
resource development and energy extraction is rising in the Qaidam Basin [?, ?].
In contrast, human activity characteristics of the Tuha Basin, which is a key
node of the Silk Road Economic Belt and an important bridge between Central
and East Asia, are more complex [?, ?]. This basin has multiple geographic units
such as agricultural and pastoral intertwined areas, resource extraction areas,
and oasis economic areas. The basin is renowned for its abundant production of
grapes and cantaloupes, forming one of three major special forest and fruit belts
in Xinjiang Uygur Autonomous Region, China [?]. At the same time, the basin
is rich in oil and gas resources and possesses coal reserves exceeding one trillion
tons, making it a vital energy base for China [?, ?]. Since the mid-20th century,
frequent and intensified human activities have significantly altered the spatial
structure of human habitation areas within the basin. However, research on
the spatial and temporal evolution of human activity intensity and its driving
mechanisms in this basin remains limited. In particular, it is crucial to address
the scientific question of how to accurately quantify the spatial and temporal
variations in human activity intensity in the Tuha Basin and identify the domi-
nant driving factors, in order to achieve a harmonious balance between regional
economic development and ecological conservation. Answering this question is
essential for formulating effective ecological protection strategies, optimizing re-
source management practices, and promoting sustainable regional development.

Therefore, this study focused on the Tuha Basin, constructing a land use classi-
fication dataset based on field-collected sample points and Landsat imagery. By
calculating human activity intensity indices at multiple spatial scales, the study
analyzed the evolution of spatial and temporal patterns and investigated the
underlying driving mechanisms. The findings aim to provide critical references
for regional ecological protection, resource management, and policy formula-
tion, ultimately supporting the coordinated development of economic growth
and ecological sustainability in the Tuha Basin.

2.1 Study Area

The Tuha Basin, also referred to as the Turpan-Hami Basin, is located in eastern
Xinjiang Uygur Autonomous Region, China (40°49 -45°03 N, 87°44 -96°25 E;
Fig. 1 [FIGURE:1]). The basin stretches approximately 660 km from east
to west and spans 60-100 km from north to south, covering a total area of
about 53.50$x107{3}$ km?. The basin is characterized by low elevation and
gentle terrain. The basin exhibits a typical continental arid climate, marked
by extremely high temperatures in summer, severe cold in winter, and scarce
annual precipitation.
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2.2 Dataset

The data used in this study comprised five categories: satellite images, field
sample points, elevation, climatic data, and socio-economic data (Table 1 ).

2.2.1 Satellite Images

Given the satellite operation periods and the spectral bands of different Landsat
sensors, we obtained satellite images from the publicly accessible Google Earth
Engine (GEE) data in 2020, Landsat 8 Operational Land Imager (OLI) sensor
in 2015, and Landsat 5 Thematic Mapper (TM) sensor in 1990, 1995, 2000,
2005, and 2010. Since vegetation varies across seasons, we selected remote
sensing images from May to September in each year to ensure classification
accuracy. These images were cloud-free and underwent atmospheric correction.
To represent the data for each year, we computed the average of images collected
from May to September.

2.2.2 Sample Point Data

The sample point data consisted of field-collected and visually interpreted sam-
ple points. Two field surveys were conducted in the Tuha Basin: one from 1-
5 May 2023, and the other from 20 June-10 July 2023. These surveys aimed
to investigate land use types based on the region’ s ecosystem, human activity
intensity, and road accessibility. To ensure the representativeness of samples,
we conducted two field surveys along all the main roads in the Tuha Basin and
selected the sample points randomly and evenly. During the surveys, typical
land use types were photographed at both the hinterland and cross-sections.
For each land use type, points were recorded at 30 km intervals, resulting in a
total of 234 sample points. To supplement the limited number of field-collected
sample points, we interpreted an additional 247 sample points visually using
Google Earth imagery.

2.2.3 Elevation Data

The elevation data in 2015, provided by the European Space Agency, has a
resolution of 30.00 m. Slope and aspect, which are essential factors in analysis
of the changes in human activity intensity, were calculated from the elevation
data.

2.2.4 Climate Data

The climate data included monthly temperature and precipitation, provided by

the National Earth System Science Data Center (http://www.geodata.cn/oldindex.html)
at a resolution of 1000.00 m. We calculated multi-year averages for the years

1990, 1995, 2000, 2005, 2010, 2015, and 2020.
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2.2.5 Socio-economic Data

The socio-economic data included gross domestic product (GDP), total agri-
cultural output, and population for each county. GDP and agricultural out-
put data were obtained from the Xinjiang Statistical Yearbook, while popula-
tion was sourced from the Resource and Environmental Science Data Platform
(https://www.resdc.cn/Default.aspx), with a spatial resolution of 1000.00 m.
Data for all three indicators were compiled for the years 1990, 1995, 2000, 2005,
2010, 2015, and 2020.

2.3 Methods

This study focused on the following aspects: the construction and accuracy
verification of a land use dataset based on random forest, the calculation of
human activity intensity, the analysis of spatial pattern, and the investigation
of driving mechanisms behind the evolution of spatial and temporal patterns
of human activity intensity. The research framework is illustrated in Figure 2
[FIGURE:2].

2.3.1 Land Use Classification

Forest land, water body, desert, urban land, farmland, and bare land in the
Tuha Basin were classified [?]. The following five feature variables were selected
to enhance the classification accuracy and robustness of land cover: Normalized
Difference Vegetation Index (NDVI), New Water Index (NWT), Enhanced Water
Index (EWTI) [?], Normalized Difference Bare Land and Built-up Index (NDBBI)
[?], and Normalized Difference Impervious Surface Index (NDISI).

A random forest model was employed to construct the land use dataset for
the Tuha Basin. To address the limited number of sample points for land use
types, we conducted supplementary sampling through visual interpretation of
high-resolution Google Earth images (0.27 m spatial resolution). About 476
sample points were used for supervised classification, with 128 in forest land,
56 in urban land, 187 in desert, 20 in water body, 51 in farmland, and 34 in
bare land (Fig. 1). Of these sample points, 70.00% were used for training and
30.00% for accuracy assessment.

To ensure the accuracy and reliability of the classification results, we used the
confusion matrix assessment method [?, ?] and Kappa coefficient (K). We also
compared the land-use dataset with the China Land Cover Dataset (CLCD)
and the GLC__{FCS30D} dataset (the first global fine land cover dynamic prod-
uct at a 30.00-m resolution). The CLCD, based on Landsat imagery on GEE,
provides annual data at a 30.00-m resolution from 1985 to 2022 [?], while
the GLC_{FCS30D} dataset, utilizing continuous change detection technol-
ogy, spans from 1985 to 2022 and includes 35 land-cover categories [?]. To
ensure the comparability of the datasets, we utilized the vector boundaries of
the Tuha Basin and clipped and reclassified the original CLCD dataset and
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GLC_{FCS30D} dataset to standardize the classification system (Fig. S1; Ta-
bles S1 and S2).

2.3.2 Calculation of Human Activity Intensity

Human activity intensity of land surface (HAILS) is a comprehensive indicator
that characterizes the extent of human impact and influence on the land surface
[?], and is calculated using the following formulas:

HAILS = SC% x 100%

SCLE =) “(SL; x CI,)

=1

where SCLE is the equivalent area of urban land (km?); S is the area of all
land use types (km?); n is the number of land use/land cover types in the
basin; SL is the area of the ith land use/land cover type (km?); and CI is the
equivalent conversion coefficient of urban land for the ith land use/land cover
type. The urban land equivalent conversion coefficient of land use types in this
study adopted the factor system proposed by Xu et al. (2016). This system
is based on the systematic judgment of human intervention characteristics of
land use/cover types, combined with the expert scoring method and field sur-
vey verification, reflecting specific intervention intensity of different land types
in “use-transformation-development.” In this study, original coefficient values
of desert (0.00), bare land (0.00), water body (0.60), urban land (1.00), and
farmland (0.20) were used, and the average of different forest land coefficients
in the literature was taken as the forest land coefficient (0.11) [?].

2.3.3 Spatial Autocorrelation

Moran’ s I index is a statistic used to measure spatial autocorrelation, reflecting
the presence or absence of structured correlation in the spatial distribution of
a variable [?, ?]. Its purpose is to assess the degree of spatial similarity, i.e.,
whether data values in a spatial area exhibit similar (or dissimilar) character-
istics to values in its neighboring areas. In this study, the Moran’ s I index
was used to reflect the degree of similarity in the intensity of human activities
in spatial neighborhoods or spatial proximity, which was calculated using the
following formula:

I:gzigﬁﬂ%@—a@—a

w SN (2 — 2)?

where z and z are the intensity of human activities in areas i and j, respectively
(%); w is the degree of influence between spatial units i and j; and Z is the
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mean value of the intensity of human activities in the whole Tuha Basin (%).
The range of Moran’ s I index is between -1.00 and 1.00. Moran’ s I > 0.00
indicates positive spatial correlation, and the larger the value, the more obvious
the spatial correlation; Moran’ s I < 0.00 indicates negative spatial correlation,
and the smaller the value, the larger the spatial difference; and Moran’s I = 0.00
indicates spatial stochasticity. The significance of Moran’ s I was assessed using
the standardized Z score, which indicates whether the clustering or dispersion
could be the result of random chance or is statistically significant.

In this study, hotspot analysis was used to reveal the degree of spatial agglom-
eration or sparseness of the population and to identify densely or sparsely pop-
ulated areas [?]. This analysis was carried out with the help of the Getis-Ord
Gi* module under the geographic information system (GIS) software, and the
calculation formula is as follows:

N = N
. ijl Wi ;L 5 *ijzl Wi
GY =
K2
N, N
g \/ N w2, w2

N-1

where w is the spatial weight between feature i and j; x is the attribute value
for feature j; X is the mean of the variable; and S is the standard deviation of
the observation of variable.

2.3.4 Geodetector

The Geodetector was employed to quantify the degree of influence of various
factors on the temporal pattern of anthropogenic intensity [?]. Human activ-
ity intensity was considered the dependent variable. The independent variables
included precipitation, temperature, elevation, slope, slope direction, popula-
tion, GDP, and agricultural output. In this study, factor detection was used to
analyze the individual influences on the temporal pattern of human activity in-
tensity, while interaction detection was applied to examine the combined effects
of pairs of factors.

Factor detection calculates the degree of influence of different factors on land
use change in the Tuha Basin. The g-value is used to represent the magnitude
of this influence, where the range of q is between 0.00 and 1.00. A g-value closer
to 1.00 indicates a stronger influence of the factor on land use change. The
calculation formula is as follows:

T Nuoh | SSW
No? N SST

q=1

where h is the stratum index used to identify different categories or partitions
(h =1, 2,3, -, L); L is the stratification of land use degree or each influencing
factor; N and N are the number of units in stratum h and the whole area,
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respectively; o 2 and o? are the variance of land use degree in stratum h and
the whole area, respectively; SSW is the sum of variance of each category; and
SST is the variance of the whole area.

Interaction detection, by identifying the interaction between two driving fac-
tors, i.e., X; and X,, can evaluate whether the two factors together strengthen
or weaken the effect of a single factor, or whether these driving factors can
play a role in independently influencing land-use change [?], and the types of
interactions are shown in Table 2 .

3.1 Accuracy of Land Use Classification

The land use classification of the Tuha Basin, based on the random forest al-
gorithm, is effective. The average overall accuracy was 0.82, with all values
exceeding 0.73. Notably, the overall accuracy reached 0.92 in 2020 (Table 3 ).
The average K value for the classification was 0.75, with all values above 0.64,
and the K value in 2020 was 0.89. The ranges of 0.60 < K < 0.80 and 0.80 <
K < 1.00 indicated substantial agreement and near perfect agreement, respec-
tively. The results showed good consistency between the classified images and
the reference images of the sample points. Therefore, the random forest model
had a high degree of accuracy in identifying the type of land uses.

3.2 Land Use Dynamics

From 1990 to 2020, the dominant land use type in the Tuha Basin was desert,
which showed an increasing trend, whereas the proportions of other land use
types, such as forest land, water body, and farmland, declined. The largest
proportion (larger than 87.00%) of land use of the Tuha Basin was desert with
an area of 335,290.42 km? in 1990, and increased to 350,859.67 km? (91.42%) in
2020 (Table 4 ). In contrast, the smallest proportion (less than 1.00%) of land
use is the water body, peaking at 0.76% in 2000. The proportion of forest land
was 1.74% in 1990, but decreased steadily, reaching its lowest value (0.79%) in
2015. However, it slightly recovered to 1.20% in 2020. Urban land fluctuated
slightly, typically ranging between 2.00% and 3.00%, with a slight decrease from
3.29% in 1990 to 3.24% in 2020. Farmland reached its highest proportion in 1995
(4.58%), but gradually declined to 2.34% in 2020. The proportion of bare land
fluctuated, from 4.12% in 1990 to 2.43% in 1995, and then slightly increased to
1.55% in 2020.

Over the past 30 years, the Tuha Basin presented frequent land-use conversion,
with a general trend toward land desertification. Notably, a significant pro-
portion of farmland was transferred out in 1995 (Fig. 3 [FIGURE:3]). From
1990 to 2020, the largest area of conversion was desert, totaling 27,533.48 km?,
of which approximately 42.00% (11,650.20 km?) was converted from bare land.
Urban land, as well as water body, also increased by 9,341.04 and 1,737.81 km?,
respectively. These changes reflect the impacts of rapid urbanization and cli-
mate change on land use in the basin. The largest area transferred out was
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bare land, reaching 14,370.83 km?, likely due to factors such as soil erosion and
urbanization (Table 5 ).

3.3 Spatial and Temporal Variations in Human Activity
Intensity

Over the past 30 years, the equivalent area of urban land and the intensity of
human activities in the Tuha Basin have shown a downward trend followed by
an upward trend (Fig. 4a [FIGURE:4]). The urban land equivalent percentage
in 1990 was 3.29%, and reached the lowest point in 2000. After 2000, the urban
land equivalent percentage increased continuously, reaching 3.24% in 2020. The
human activity intensity in 1990 was 4.32%, and reached its lowest point in
2010 with a value of 2.87%. After 2010, the human activity intensity increased
rapidly, rising to 3.99% in 2020. However, from 1990 to 2020, the intensity of
human activities in the basin was always lower than the national average due to
the combined effects of the region’ s remote geographic location, arid climate,
and fragile ecological environment.

The intensity of human activities varied significantly between counties and dis-
tricts in the Tuha Basin (Fig. 4b [FIGURE:4]). In Turpan City, the index
for the three counties and districts (Shanshan County, Toksun County, and
Gaochang District) followed a pattern of first increasing, then decreasing, and
then increasing again, with 1995 and 2010 marking the transition points. In con-
trast, Yizhou District in Hami City showed a trend of first decreasing and then
increasing, with 2015 serving as the boundary. The trends in Barkol Kazak Au-
tonomous County and Yiwu County in Hami City were more complex. Among
these areas, Gaochang District in Turpan City had the highest human activity
intensity indices, all exceeding 4.98%. The index in this district was 5.99% in
1990, rose to 7.90% in 1995, dropped to 4.98% in 2010, and then rapidly in-
creased to 8.42% in 2020. On the other hand, Shanshan County in Turpan City
had the lowest human activity intensity indices, all below 2.63%. The index for
this county was 1.78% in 1990, increased to 1.82% in 1995, decreased to 1.01%
in 2010, and then rapidly increased to 2.63% in 2020.

To better understand the spatial differentiation of human activity intensity in
the Tuha Basin, we calculated and categorized the intensity levels at the town-
ship scale into five levels: relatively low, low, medium, relatively high, and high,
based on the grading criteria of 0.00%-5.00%, 5.00%-15.00%, 15.00%-30.00%,
30.00%-45.00%, and >45.00% (Fig. 5 [FIGURE:5]; Table S3). High-intensity
areas were mainly clustered in the core urban townships of Gaochang District
and Yizhou District. The number of zones with human activity intensity greater
than 45.00% decreased from 1990 to 2010, but average intensity increased. By
2020, the number of high-intensity zones had risen to 12, with the new zones
mainly composed of areas that had transitioned from medium to high intensity.
From 1990 to 2020, the number of township-level units with higher-intensity
zones increased, with the average intensity rising from 36.82% in 1990 to 38.13%
in 2020. These zones were initially concentrated in densely populated counties
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and municipalities (such as the southern edge of Barkol Kazak Autonomous
County, north-central part of Yizhou District, and south-central to northern
area of Gaochang District), but later expanded to include the northeastern cor-
ner of central Yizhou District and northwestern extremity of Shanshan County,
which were transformed from medium-intensity zones. Some of these areas were
also reclassified from high-intensity zones (e.g., north-central sector of Shanshan
County) or low-intensity zones (e.g., eastern extremity of central Yizhou Dis-
trict). Medium-intensity zones are mainly located around the urban areas of
Hami City and Turpan City, as well as the southern part of Barkol Kazak Au-
tonomous County. Relatively low and low-intensity zones accounted for about
50.00% of the Tuha Basin. The numbers of these zones decreased from 62 in
1990 to 50 in 2020.

3.4 Spatial Autocorrelation of Human Activity Intensity

The intensity of human activities in the Tuha Basin over the past 30 years has
been characterized by significant spatial clustering (Table S4). From 1990 to
2015, the Moran’ s I index ranged from 0.46 to 0.68, indicating that there was
no substantial change in the spatial aggregation of human activity intensity
during this period. However, in 2020, the Moran’ s I index rapidly increased to
0.91, reflecting a significant enhancement in the spatial aggregation of human
activity intensity. This abrupt increase suggests a structural transformation
in the spatial distribution of human activities, possibly driven by development
strategy and policy, and land use agglomeration in recent years. To further
examine these spatial differences, we identified the hot and cold spots of human
activity intensity and their changes from a spatial correlation perspective (Fig.
6 [FIGURE:6)).

Over the past 30 years, the overall pattern of hot and cold spots of human
activity intensity in the Tuha Basin has remained largely stable, though the
proportions of different zones have changed over time. The range of cold spots at
the 99.00% confidence level has disappeared and shifted to an intermediate state.
The range of cold spots at the 95.00% confidence level has remained largely
unchanged, while the range of cold spots at the 90.00% confidence level has
expanded. As a result, the area covered by cold spots gradually increased from
2.26% in 1990 to 7.90% in 2020. The range of hot spots at the 99.00% confidence
level fluctuated, decreasing from 1990 to 2000 and then increasing from 2000 to
2020. Hot spots at the 99.00% confidence level were primarily located in and
around the city centers of Turpan and Hami. The range of hot spots at the
95.00% confidence level increased, while the extent of hot spots at the 90.00%
confidence level decreased, with hot spots declining from 13.07% in 1990 to
9.24% in 2020. Overall, the aggregation effect of hot spots was weakening, while
the aggregation effect of cold spots was strengthening. However, the cold-spot
aggregation effect remained weaker than that of the hot spots, indicating that
the spatial pattern of human activity in the Tuha Basin was shifting. The center
of human activity has dispersed, with new areas gradually being incorporated
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into regional exploitation, though the existing core areas continue to dominate.

3.5 Drivers of Changes in Human Activity Intensity

The factor detection revealed that topographic and geomorphological elements
had the strongest explanatory power for the spatial pattern of human activity
intensity in the Tuha Basin, while climatic and socio-economic factors showed
relatively weaker explanatory power (Table 6 ). Among the topographic factors,
slope had the strongest influence, with a g-value of 0.48, indicating that slope
was the primary factor shaping human activity intensity in the basin. Areas
with steeper slopes were less conducive to human activities, while flatter areas
were more easily developed, leading to higher human activity intensity. Slope
orientation (aspect) also played a significant role, with a g-value of 0.38. This
result suggested that the orientation of slopes influenced human activities, as
certain orientations, such as southern-facing slopes, received more sunlight and
were more suitable for agricultural activities, which in turn led to higher human
activity intensity in those areas. Precipitation, with a g-value of 0.11, showed
weak explanatory power for human activity intensity. Although precipitation
is important for agriculture, the basin experiences low precipitation, and agri-
cultural activities primarily rely on irrigation. Finally, GDP had the weakest
explanatory power, with a g-value of 0.05. This result was likely due to the
economic structure and the type of human activities in the basin, which were
not strongly tied to GDP fluctuations.

Geodetector interaction factor analysis showed that the g-values for two-factor
interaction were higher than those for corresponding single-factor analysis, in-
dicating a synergistic enhancement effect. This result suggests that when two
or more factors act together, their combined impact on the spatial patterns of
human activity intensity is much greater than the sum of their individual effects
(Fig. 7

). Specifically, the interaction between slope and agricultural output had the
highest explanatory power (q = 0.71), which indicated that slope, as a topo-
graphic factor, directly influenced land use patterns and the accessibility of areas
for human activities, while agricultural output reflected the efficiency of agricul-
tural production. The synergy of these two factors significantly enhances the
spatial differentiation of human activity intensity in areas with specific slopes
and high agricultural productivity. Moreover, the interaction between slope ori-
entation and agricultural output also demonstrated strong explanatory power
(q = 0.66). Slope orientation influenced human activities by affecting natural
conditions such as sunlight, temperature, and precipitation, and its interaction
with agricultural output further revealed the differentiated impacts of agricul-
tural productivity on human activity intensity under varying slope conditions.

In summary, the spatial heterogeneity of human activity intensity in the Tuha
Basin was mainly driven by topographic factors such as slope, aspect, and agri-
cultural output, which had a significant enhancement effect under interaction
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(Fig. 7). However, it must be deeply recognized that the extremely dry cli-
mate background (manifested by precipitation and temperature factors with
low g-values) is the underlying decisive framework for shaping the basic spatial
pattern of human activities (oasis distribution) and ecosystem carrying capac-
ity in the basin. Its low single-factor explanatory power precisely highlights the
fundamental status of water resources as a rigid constraint, the high sensitivity
and vulnerability of ecosystems to climate change, and the long-term sustain-
ability challenges inherent in human regulation while overcoming short-term
constraints.

4.1 Land Use Validation

In this study, the reliability of the Tuha Basin land use dataset was assessed
by systematically comparing it with the CLCD and GLC_{FCS30D} datasets.
The dataset used in this study adopted a high spatial resolution of 30.00 m
and provides annual time-series data from 1990 to 2020, enabling it to capture
subtle land use changes in the basin. The classification process integrated field
sampling and visual interpretation sample points, enhancing the credibility of
the results [?]. The overall accuracy of this dataset was 0.82, slightly higher
than that of the CLCD (0.79) [?] and GLC_{FCS30D} (0.81) [?].

Although the three datasets differed in certain land cover conversion details,
such as inconsistencies in the conversion patterns of desert to urban, rural, or
agricultural land, the overall conversion trends were broadly consistent. All
datasets reflected a significant trend of desertification in the Tuha Basin (Table
7). This result not only demonstrated the reliability of the Tuha Basin dataset
in identifying major land use changes but also highlighted its effectiveness in
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capturing the intensity of human activities and ecological shifts in the basin. It
is important to note that CLCD and GLC_{FCS30D} represent national and
global scales, respectively, and their classification systems have some limitations
in terms of regional adaptability. In contrast, the Tuha Basin dataset is specif-
ically tailored to the basin, making it more relevant and effective in capturing
regional details and reflecting local trends.

4.2 Spatial and Temporal Variations in the Intensity of Hu-
man Activities

A larger proportion of farmland was transferred out in 1995, which was closely
related to the reform of the market economy in China, which accelerated in the
mid-1990s. The restructuring of state-owned enterprises and the development
of the coastal economy prompted rural labor to shift to non-agricultural indus-
tries. This transition led to reduced inputs for farmland management and the
abandonment of marginal lands.

The intensity of human activities in the Tuha Basin decreased between 1990
and 2000, likely due to socio-economic factors, including population outmigra-
tion during that period [?]. However, with the promotion of the Western De-
velopment Strategy, infrastructure expansion, and the development of energy
resources such as coal, oil, and gas [?], the intensity of human activities re-
bounded rapidly from 2010 to 2020. Despite this growth, the Tuha Basin’ s
human activity intensity remained lower than the national average due to its
remote location, arid climate, and fragile ecological environment, highlighting
the natural constraints on development in the basin [?, ?].

Spatially, the distribution of human activity intensity in the Tuha Basin is
closely tied to the topography and natural resource conditions [?]. High-
intensity zones were primarily concentrated in the core areas of Yizhou and
Gaochang districts, which featured flat terrain and abundant soil and water
resources. This result underscored the influence of topography and water
resources on population concentration [?, ?]. Medium-intensity zones (15.00%-
30.00%) surrounded urban areas, reflecting the “gradient effect” of urban
expansion [?]. Low-intensity zones mostly occurred in ecologically fragile,
high-elevation, or desert areas, further emphasizing the role of the natural
geographic environment in shaping human activities [?].

Notably, the sharp rise in Moran’ s I index to 0.91 in 2020 reflected a turning
point in the spatial dynamics of human activities in the Tuha Basin. This abrupt
increase may be attributed to several converging factors. First, the sustained
implementation of the Western Development Strategy and the Belt and Road
Initiative has intensified infrastructure investment and promoted spatially con-
centrated development, especially in transport corridors and energy bases [?, ?].
Second, rural land consolidation and urban-rural integration policies have en-
hanced land use efficiency and driven the formation of contiguous high-intensity
zones [?]. Third, ecological migration projects have relocated populations away
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from ecologically fragile zones to urban peripheries or core towns, contribut-
ing to spatial polarization in human activity distribution [?]. Together, these
development-oriented, ecological, and demographic transitions have accelerated
the spatial clustering of human activity intensity in the basin in 2020, consistent
with broader patterns of regional agglomeration in western China.

Over the past 30 years, the Moran’ s I index of human activity intensity in
the Tuha Basin has significantly increased, indicating a growing spatial aggre-
gation of human activities. This trend is closely linked to the acceleration
of regional economic development, urbanization, and infrastructure construc-
tion. Economic growth and urbanization have gradually concentrated popula-
tions and economic activities in key centers, enhancing spatial agglomeration [?].
Meanwhile, improved infrastructure has strengthened the connections between
core and peripheral areas, further facilitating the spatial clustering of human
activities [?].

In addition, the Tuha Basin, as an important energy base in China, has seen a
significant increase in the development of its coal, oil, and natural gas resources
in the last two decades, which has greatly contributed to the construction of
regional infrastructures and the movement of population [?]. However, energy
development activities are usually concentrated in desert or Gobi areas with
fragile ecological environments [?], which are highly susceptible to irreversible
perturbations of local fragile ecosystems. The increased spatial aggregation of
human activity intensity also implies that the impacts of energy development
on local ecosystems are intensifying. Therefore, the identification of spatial
and temporal evolution of human activity intensity and its driving mechanisms
in this study can help to clarify the key coordination zones between energy
development and ecological protection, and thus provide a scientific basis and
spatial reference for energy bases to achieve a balance between development and
protection.

4.3 Factors Influencing Changes in the Intensity of Human
Activities

Topographic factors, especially slope, aspect, and elevation, play a dominant role
in shaping the distribution of human activity intensity in the Tuha Basin. Slope
directly limits the scope and extent of developmental activities and indirectly
influences the spatial pattern of human activities by affecting land use efficiency
and accessibility [?]. Slope orientation also significantly impacts human activ-
ities, with southern slopes being more suitable for agricultural production due
to their abundant sunlight [?], thus attracting more human activities. These to-
pographic factors not only highlight the constraints and guidance of the natural
environment on human activities but also reflect the process of mutual adapta-
tion and optimization between human activities and the natural environment.

Although temperature and precipitation influence agricultural production and
living conditions in the Tuha Basin, their direct explanatory power for the in-
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tensity of human activities is relatively weak. However, climatic factors still
play an important role in land use and development, especially in the context
of sustainable development [?, ?]. The Tuha Basin experiences an extremely
arid climate, with an average annual precipitation of less than 20 mm and an
annual evaporation rate of up to 3300 mm, an average annual temperature of
9.8°C, and extreme high temperatures reaching 48.0°C [?]. These harsh climatic
conditions pose significant challenges to agricultural production and water re-
source utilization but also create a unique advantage in terms of light and heat
resources. Additionally, climatic factors indirectly influence human activity
patterns through the spatial distribution of water resources. For example, the
basin depends on meltwater from the Tianshan Mountains. Although the oasis
area comprises less than 3.00% of the total area, it hosts more than 80.00% of
the population, creating a fragile ecological balance of “extreme drought-oasis
dependence” [?].

Areas with higher agricultural output are generally associated with higher hu-
man activity intensity. According to the National Economic and Social De-
velopment Statistics Bulletin for Gaochang District in 2020, the gross value
of agriculture, forestry, animal husbandry, and fishery in 2020 amounted to
4.04$x107{9}$ CNY, a 4.40% increase from the previous year, while the inten-
sity of human activities in 2020 was 8.42%, showing a 19.30% increase from the
previous year. The booming agricultural development not only promotes the
formation of related processing and logistics industries but also strengthens the
industrial agglomeration effect. In the Tuha Basin, although the impact of pop-
ulation density on human activity intensity is limited, the impact still remains
non-negligible. High population densities generally promote regional economic
and social development; however, in areas with relatively low population densi-
ties, the direct effect of population on human activity intensity is less significant
7).

The results of the interaction detector indicate significant synergistic effects
among driving factors, with all interaction g-values exceeding those of the corre-
sponding single-factor detectors, reflecting the widespread presence of nonlinear
enhancement mechanisms. Among them, the interaction between slope and agri-
cultural output exhibited the highest explanatory power (q = 0.71), suggesting
that the combination of natural and economic factors significantly amplifies the
influence on human activity intensity within specific spatial units. This enhance-
ment can be attributed to the fact that slope constrains the spatial boundary of
arable land development, while agricultural output reflects the efficiency of hu-
man utilization of limited natural resources. The interaction between these two
factors not only determines the location of high-potential agricultural zones but
also shapes the spatial distribution pattern of human activity intensity. Simi-
larly, the interaction between aspect and agricultural output (q = 0.66) reveals
the spatial adaptability of agricultural production under varying topographic
light and heat conditions. For instance, sun-facing slopes benefit from better
solar radiation and thermal conditions, which can increase yield per unit area
and enhance the attractiveness for human activities. This coupling effect be-
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tween topography and economic factors reflects a complex feedback mechanism
between natural resource conditions and human activities, where both sides
mutually influence and constrain each other [?]. Moreover, although climate
factors alone show relatively low explanatory power for human activity inten-
sity, their interactions with topographic or economic factors often significantly
enhance explanatory capacity. This result suggests that in extremely arid en-
vironments, human interventions, such as agricultural irrigation systems and
land development policies, can partially compensate for climatic disadvantages,
enabling the climatic constraints to be partially “overcome” in the context of
factor interactions [?].

In summary, the intensity of human activities in the Tuha Basin results from the
combined effects of several factors, including topography, climate, economy, and
policy. The interaction among these factors provides much greater explanatory
power for human activity intensity than any single factor alone, reflecting the
complex relationship between human activities and the natural environment.
Therefore, when making decisions about land use and development, it is essential
to consider these factors in an integrated manner to achieve a harmonious and
sustainable balance between human activities and the natural environment.

5 Conclusions

This study systematically revealed the spatial and temporal evolution of hu-
man activity intensity in the Tuha Basin over the past 30 years, which was
characterized by a “decline followed by recovery” trend. The interaction be-
tween topographic factors (slope and slope direction) and economic activities
was quantitatively identified as the dominant force driving the spatial pattern of
human activity intensity (q = 0.71), which profoundly revealed the complex cou-
pling mechanism of human-topography relationships in arid areas. Meanwhile, a
high-precision and long time series (from 1990 to 2020) land use dataset was con-
structed, which provides a solid data foundation and methodological support for
related research in arid areas. Based on the above findings, the following three
recommendations are put forward: Firstly, optimizing the spatial development
pattern, taking into account the coupling effect of topography and economic ac-
tivities in the process of land use and energy development, prioritizing the inten-
sive development of areas with gentle slopes and good light and heat conditions,
and limiting the disturbing development of areas with high slopes and ecolog-
ical fragility are necessary. Secondly, strengthening the ecology-development
synergy under the “dual-carbon” goal is essential to promoting the ecologi-
cal monitoring and low-carbon transformation of high-intensity human activity
zones and energy development zones. Thirdly, the rigid constraints on water
resources should be emphasized, the agricultural structure should be optimized,
and water-saving technologies should be promoted, so as to ensure the stability
and sustainable development of the oasis ecosystem.
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Fig. S1 Land use types of CLCD (a) and GLC-FCS30D (b) in 2020. CLCD,
China Land Cover Dataset. GLC_{FCS30D} is the first global fine land cover
dynamic product at a 30.00-m resolution.

Table S1 China Land Cover Dataset (CLCD) reclassification rules

CLCD_ {class} Reclassification

CLCD_ {class}

Reclassification

Cropland Farmland Shrubland Forest land
Grassland Forest land Water body Water body
Sonw/Ice Water body Barren land Desert
Impervious Urban land Wetland Water body

Table S2 GLC-FCS30D reclassification rules

GLC- GLC-

FCS30_ {class} Reclassification FCS30_ {class} Reclassification

Rainfed cropland Farmland Herbaceous Forest land

cover

Tree or shrub Farmland Irrigated Farmland

cover (Orchard) cropland

Open evergreen Forest land Lichens and Forest land

broadleaved mosses

forest

Sparse Forest land Impervious Urban land

vegetation surfaces

(fc$ 15.00 15.00 15.00 40.00 40.00 $40.00%)

Open mixed leaf  Forest land Bare area Desert

forest

(broadleaved and

needle-leaved)

Closed mixed Forest land Consolidated Desert

leaf forest bare areas

(broadleaved and

needle-leaved)

Shrubland Forest land Unconsolidated Desert

bare areas

Evergreen Forest land Water body Water body

shrubland

Deciduous Forest land Permanent ice Water body

shrubland and snow

Note: GLC_{FCS30D} is the first global fine land cover dynamic product at a
30.00-m resolution; fc is the percentage of canopy cover.
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Table S3 Human activity intensity classification in the Turpan-Hami (Tuha)

Basin from 1990 to 2020

Intensity Range

Level (%) 1990 1995 2000 2005 2010 2015 2020

Relatively 0.00- - - - - - - -

low 5.00

Low 5.00- - - - - - - -
15.00

Moderate 15.00- - - - - - - -
30.00

Relatively 30.00- - - - - - - -

high 45.00

High >45.00 - - - - - - -

Table S4 Spatial autocorrelation of human activity intensity in the Tuha Basin

Index 1990

1995

2005 2010 2015 2020

Moran’ s1 -
7, score -
P value -

Figures

Source: ChinaXiv —Machine translation. Verify with original.
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Figure 2: Figure 16
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Figure 3: Figure 25
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Figure 4: Figure 33
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