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Abstract

Understanding the trajectories and driving mechanisms behind land use/land
cover (LULC) changes is essential for effective watershed planning and man-
agement. This study quantified the net change, exchange, total change, and
transfer rate of LULC in the Jinghe River Basin (JRB), China using LULC
data from 2000 to 2020. Through trajectory analysis, knowledge maps, chord
diagrams, and standard deviation ellipse method, we examined the spatiotem-
poral characteristics of LULC changes. We further established an index system
encompassing natural factors (digital elevation model (DEM), slope, aspect, and
curvature), socio-economic factors (gross domestic product (GDP) and popula-
tion), and accessibility factors (distance from railways, distance from highways,
distance from water, and distance from residents) to investigate the driving
mechanisms of LULC changes using factor detector and interaction detector in
the geographical detector (Geodetector). The key findings indicate that from
2000 to 2020, the JRB experienced significant LULC changes, particularly for
farmland, forest, and grassland. During the study period, LULC change trajec-
tories were categorized into stable, early-stage, late-stage, repeated, and contin-
uous change types. Besides the stable change type, the late-stage change type
predominated the LULC change trajectories, comprising 83.31% of the total
change area. The period 2010-2020 witnessed more active LULC changes com-
pared to the period 2000-2010. The LULC changes exhibited a discrete spatial
expansion trend during 2000-2020, predominantly extending from southeast to
northwest of the JRB. Influential driving factors on LULC changes included
slope, GDP, and distance from highways. The interaction detection results im-
ply either bilinear or nonlinear enhancement for any two driving factors impact-
ing the LULC changes from 2000 to 2020. This comprehensive understanding
of the spatiotemporal characteristics and driving mechanisms of LULC changes
offers valuable insights for the planning and sustainable management of LULC
in the JRB.
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Abstract: Understanding the trajectories and driving mechanisms behind land
use/land cover (LULC) changes is essential for effective watershed planning and
management. This study quantified the net change, exchange, total change,
and transfer rate of LULC in the Jinghe River Basin (JRB), China using LULC
data from 2000 to 2020. Through trajectory analysis, knowledge maps, chord
diagrams, and standard deviation ellipse methods, we examined the spatiotem-
poral characteristics of LULC changes. We further established an index sys-
tem encompassing natural factors (digital elevation model (DEM), slope, as-
pect, and curvature), socio-economic factors (gross domestic product (GDP)
and population), and accessibility factors (distance from railways, highways,
water bodies, and residential areas) to investigate the driving mechanisms of
LULC changes using factor detector and interaction detector in the geographi-
cal detector (Geodetector) model. The key findings indicate that from 2000 to
2020, the JRB experienced significant LULC changes, particularly for farmland,
forest, and grassland.

During the study period, LULC change trajectories were categorized into sta-
ble, early-stage, late-stage, repeated, and continuous change types. Besides
the stable change type, the late-stage change type predominated, comprising
83.31% of the total change area. The period 2010-2020 witnessed more active
LULC changes compared to 2000-2010. The LULC changes exhibited a discrete
spatial expansion trend during 2000-2020, predominantly extending from south-
east to northwest across the JRB. Influential driving factors on LULC changes
included slope, GDP, and distance from highways. The interaction detection re-
sults imply either bilinear or nonlinear enhancement for any two driving factors
impacting LULC changes from 2000 to 2020. This comprehensive understanding
of the spatiotemporal characteristics and driving mechanisms of LULC changes
offers valuable insights for the planning and sustainable management of LULC
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in the JRB.

Keywords: land use/land cover (LULC) changes; driving mechanisms; trajec-
tory analysis; geographical detector (Geodetector); Grain for Green Project;
Jinghe River Basin

Citation: WANG Yinping, JIANG Rengui, YANG Mingxiang, XIE Jiancang,
ZHAO Yong, LI Fawen, LU Xixi. 2024. Spatiotemporal characteris-
tics and driving mechanisms of land use/land cover (LULC) changes in
the Jinghe River Basin, China. Journal of Arid Land, 16(1): 91-109.
https://doi.org/10.1007 /s40333-024-0051-x

*Corresponding author: JIANG Rengui (E-mail: jrengui@163.com)
Received 2023-08-15; revised 2023-12-01; accepted 2023-12-04

1 Introduction

Land use/land cover (LULC) serves as a critical indicator of the intricate in-
terplay between human society and the natural environment (Luo et al., 2022;
Yang et al., 2022). LULC changes, largely driven by human activities, consti-
tute a key component of global environmental change and represent a signifi-
cant reflection of human impacts on the environment (Wang et al., 2012). In
recent decades, human actions and policies have altered LULC, triggering var-
ious challenges for climate, biodiversity, ecosystems, hydrology, food security,
and socio-economics, with notable effects including urban expansion, wetland
conversion, and deforestation (Zhai et al., 2021; He et al., 2022). Understand-
ing the spatial and temporal dynamics of LULC changes is vital for sustainable
land management, contributing significantly to both sustainable development
and ecological equilibrium (Yang et al., 2021). The complexity and uncertainty
of LULC change processes have positioned this subject as a research focal point,
particularly concerning ecological and environmental impacts. Extensive studies
on LULC changes have primarily examined spatiotemporal characteristics, driv-
ing factors, and future projections through modeling (Ji et al., 2023; Schirpke
et al., 2023).

Past research on LULC changes has encompassed change detection, identifica-
tion of change nature, quantification of affected areas, and evaluation of spatial
patterns (Zhou et al., 2008; Kayitesi et al., 2022). Methods such as transfer
matrix, intensity analysis, and change trajectory analysis have been applied to
study LULC change processes (Xia et al., 2023). While transfer matrix and
intensity analysis focus on two specific time points, change trajectory analysis
extends to multiple time points (Liu et al., 2022). For example, Liu et al. (2022)
employed these methods to assess changes in ecology-production-living land
within the Wujiang River Basin, China. The change trajectory analysis method
has proven particularly effective in elucidating the nuances of LULC change
processes (Gong et al., 2022; Li et al., 2022). Zomlot et al. (2017) integrated hy-
drological modeling with spatiotemporal LULC trajectories to quantify the influ-
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ence of LULC changes on groundwater recharge. Similarly, Wang et al. (2019a)
used LULC change trajectories to explore the impact of urban expansion on the
urban ecological environment.

Based on the spatiotemporal characteristics of LULC changes, past research
has differentiated between proximate causes and underlying driving forces (Hei-
darlou et al., 2020). Proximate causes refer to immediate human activities at
specific locations, while underlying driving forces encompass broader social pro-
cesses such as demographic, economic, technological, institutional, sociocultural,
and locational factors. Studies have indicated that LULC changes result from
the interplay of natural environment and socio-economic factors (e.g., Zhao et
al., 2018). Accurate identification of LULC change drivers requires comprehen-
sive consideration of these aspects (Chen et al., 2021). The driving impacts can
be categorized into single and interactive effects, acknowledging the spatiotem-
poral heterogeneity of these influences on LULC changes. Previous studies have
utilized the geographical detector (Geodetector) to analyze driving factors under
various contexts, such as urbanization (Xu and Hou, 2019), wetland conversion
(Zhang et al., 2021), cultivated land use efficiency (Zhou et al., 2022), desertifi-
cation (Han et al., 2021), and non-grain producing areas (Zhu et al., 2022).

Since the implementation of the “Grain for Green Project” in China in 1999,
the Jinghe River Basin (JRB) has experienced large-scale revegetation. Current
studies on LULC changes in the JRB have primarily focused on the spatiotem-
poral characteristics and driving mechanisms of the Normalized Difference Veg-
etation Index (NDVI) or specific land use types (Huang et al., 2021; Xu et al.,
2022a). While these studies have considered the impact of single factors, they
often overlooked the combined influence and interaction between factors. Thus,
this paper examines both the temporal and spatial characteristics of LULC
changes in the JRB, as well as the combined effect of various driving factors on
these changes. Specifically, we aim to explore the spatiotemporal characteristics
of LULC changes from 2000 to 2020 in the JRB and ascertain the driving mecha-
nisms behind these changes. We seek to answer two questions: (1) What are the
spatiotemporal characteristics of LULC changes in the JRB during 2000-20207
(2) How do driving factors and their interactions influence LULC changes, and
what are the underlying mechanisms? The findings will elucidate the driving
mechanisms of LULC changes in the JRB more clearly, offering a scientific basis
for more effective LULC management in a changing environment.

2.1 Study Area

The JRB, a significant secondary tributary of the Yellow River Basin and the
largest tributary of the Weihe River Basin, extends across Shaanxi Province,
Gansu Province, and Ningxia Hui Autonomous Region in China. It spans a total
length of 455.10 km and covers an area of 45,421 km? (Jiang et al., 2019; Wang
et al., 2022), as depicted in Figure 1 [Figure 1: see original paper]. Characterized
by a typical temperate continental climate, the JRB lies in a transitional zone
between semi-arid and semi-humid climates. From 1960 to 2019, mean annual
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precipitation ranged from approximately 295.39 to 741.06 mm, and mean annual
temperature varied from 6.88°C to 11.86°C. The predominant LULC types in
the JRB are farmland, grassland, and forest, collectively comprising over 80%
of the total area (Xu et al., 2022b).

The implementation of the “Grain for Green Project” in 1999 marked a signifi-
cant shift in the LULC of the JRB. Post-project studies (e.g., Yu et al., 2023)
have identified a decrease in annual runoff in the JRB, attributed primarily to
natural vegetation changes. Furthermore, research has indicated that LULC
changes critically impact river health in the JRB, which is currently classified
as being at a “sick” level (Wang et al., 2019b). These changes also significantly
influence ecosystem patterns and represent a key driver of ecosystem services
(Wang et al., 2019¢; Xu et al., 2022b). Therefore, understanding the spatiotem-
poral characteristics and driving mechanisms of LULC changes is crucial for
supporting ecological protection and promoting sustainable LULC development
in the JRB.

Fig. 1 Overview of the Jinghe River Basin (JRB) and the spatial distribution
of railways, rivers, and highways in the JRB. DEM, digital elevation model.
The data on railways, rivers, and highways were sourced from the National
Catalogue Service for Geographic Information (https://www.webmap.cn/).

2.2.1 Land Use Data

The land use data for this study were sourced from GlobeLand30 (https://www.webmap.cn/mapDataAction.do’
which utilizes a methodology combining pixel- and object-based approaches
with expert knowledge and offers a spatial resolution of 30 m. The overall
classification accuracy for various regions exceeds 80%, ensuring reliable quality
assessment (Helbich et al., 2019). This dataset encompasses ten primary
LULC types: farmland, forest, grassland, shrubland, wetland, water, tundra,
artificial surfaces, bareland, and permanent snow and ice. Within the JRB, the
relevant LULC types include farmland, forest, grassland, shrubland, wetland,
water, artificial surfaces, and bareland. Following reclassification standards
from existing literature (Dong et al., 2020), we reclassified these LULC types
into six categories: farmland, forest (including forest and shrubland from the
primary LULC types), grassland, urban land (artificial surfaces), water body
(comprising wetland and water), and bareland. Figure 2 [Figure 2: see original
paper] illustrates the spatial distribution of reclassified LULC types in the JRB
for the years 2000, 2010, and 2020.

Fig. 2 Spatial distribution of reclassified land use/land cover (LULC) types in
2000 (a), 2010 (b), and 2020 (c) in the JRB.

2.2.2 Driving Factors

For analyzing the driving factors influencing LULC changes in the JRB, we
considered several quantifiable and accessible factors categorized into natural,
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socio-economic, and accessibility domains. Table 1 lists the ten selected driving
factors along with their respective data sources.

Table 1 Driving factors of land use/land cover (LULC) changes selected in the
study and their data sources

Category Factor Unit Time Period Data Source

Natural DEM m 2019 Geospatial Data
factors Cloud
(https://www.gscloud.cn/)
Slope ° 2019 Calculated based
on DEM
Aspect - 2019 Calculated based
on DEM
Curvature - 2019 Calculated based
on DEM
Socio- GDP 104 2005 and 2015 Resource and
economic CNY /km? Environment
factors Science and Data
Center
(https://www.resdc.cn/)
Population  10* per- 2005 and 2015 Resource and
sons/km? Environment
Science and Data
Center
(https://www.resdc.cn/)
Accessibility ~ Distance km 2015 National
factors from Catalogue
railways Service for
Geographic
Information
(https://www.webmap.cn/)
Distance km 2015 National
from Catalogue
highways Service for
Geographic
Information
(https://www.webmap.cn/)
Distance km 2015 National
from water Catalogue
Service for
Geographic
Information
(https://www.webmap.cn/)

chinarxiv.org/items/chinaxiv-202401.00186 Machine Translation


https://chinarxiv.org/items/chinaxiv-202401.00186

ChinaRxiv [$X]

Category Factor Unit Time Period Data Source
Distance km 2015 National
from Catalogue
residents Service for

Geographic
Information

(https://www.webmap.cn/)

Note: DEM, digital elevation model; GDP, gross domestic product. “-” denotes
dimensionless.

It should be noted that climate factors are omitted from this study because their
effects will be analyzed separately in subsequent research. In high-elevation ar-
eas, farmland is generally less prevalent. Factors like slope and curvature are
associated with geological hazards such as landslides and debris flows, while as-
pect influences plant growth. On the socio-economic front, GDP changes reflect
national economic development, and population changes indicate regional demo-
graphic trends, indirectly signifying economic growth. In terms of accessibility
factors, distances from railways, highways, water bodies, and residential areas
all affect the distribution of LULC types. Resampled raster data of all driving
factors with a resolution of 30 m x 30 m are presented in Figure 3 [Figure 3:
see original paper].

Fig. 3 Spatial distribution of driving factors including DEM (a), slope (b),
aspect (c), and curvature (d) in 2019, and GDP (e), population (f), distance
from railways (g), distance from highways (h), distance from water (i), and
distance from residents (j) in 2015 in the JRB. GDP, gross domestic product.

2.3.1 Trajectory Analysis Method

In this study, numbers 1-6 were used to represent the six LULC types (cor-
responding to farmland, forest, grassland, urban land, water body, and bare-
land, respectively), quantifying LULC change trajectories to illustrate dynamic
changes in the JRB at different time nodes in a continuous time series. The
change trajectory code for each grid was computed using the following formula
(Wang et al., 2012):

LCTC =T, x 10~
=1

where LCT'C represents the LULC change trajectory code of each grid within
a specific time interval; T, is the LULC type code of each grid at time node i;
and n is the number of time nodes in that time interval.

At time nodes of 2000, 2010, and 2020, we categorized LULC change trajecto-
ries into stable, early-stage, late-stage, repeated, and continuous change types
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based on dynamic change processes from 2000 to 2020 (Niu et al., 2022). The
stable change type indicates no change in LULC category over the three time
nodes (e.g., farmland-farmland-farmland). The early-stage change type involves
a change between 2000 and 2010 while remaining stable from 2010 to 2020 (e.g.,
farmland-forest-forest). The late-stage change type represents stability between
2000 and 2010, followed by a change from 2010 to 2020 (e.g., farmland-farmland-
forest). The repeated change type denotes a change between 2000 and 2010 but
a reversion to the original state by 2020 (e.g., farmland-forest-farmland). The
continuous change type reflects distinct LULC types at each time node (e.g.,
farmland-forest-grassland). The LCTC of each grid was determined in ArcGIS,
facilitating quantification of each change type in the study area.

Generally, net change, exchange, total change, and transfer rate were selected
as metrics to describe quantitative and spatial changes in LULC types (Asenso
Barnieh et al., 2022). Net change quantifies the extent of change in a LULC
type, while exchange accounts for spatial change. For instance, a net change of
zero in LULC type a might result from a 10% conversion from LULC type a to
type b, and a 10% conversion from LULC type ¢ to type a. Thus, even with a
net change of zero, the exchange does not equal zero.

N, =LP,;—LP,

at

E, =2 xmin(LP,, — LP,

aa’

LPaj - LPaa)

C,=N,+E,

LP,
C

a

Rab == X 100%

where N, (%) represents the net change of LULC type a; LP,; (%) and LP,;
(%) denote the area percentages of LULC type a at the beginning (¢) and end
(j) of the study period, respectively; E, (%) describes the exchange of LULC
type a; LP,, (%) indicates the area percentage of LULC type a that remains
unchanged; C, (%) is the total change of LULC type a; R,;, (%) represents the
transfer rate from LULC type a to type b; and LP,, (km?) is the area changing
from LULC type a to type b during the study period. Cumulative transfer rate
(%) is the sum total of the transfer rate from LULC type a to type b.

The LULC knowledge map effectively visualizes changes between two time
nodes. Additionally, chord diagrams can depict these changes (Wang et al.,
2023). The chord diagram intuitively displays the areas transferred out of and
into each LULC type and illustrates the direction of these conversions. The
LULC transfer matrix is effectively represented using the chord diagram.
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2.3.2 Standard Deviation Ellipse

The spatial characteristics of LULC changes were analyzed using the spatial
center of gravity migration model. By employing the Spatial Statistics tools in
ArcGIS, we derived standard deviation ellipses from geographic element data
at two time nodes. This method, introduced by Lefever (1926), is widely used
in socio-economic and ecological research (Zhao et al., 2023). The standard
deviation ellipse helps capture the spatial change trajectories and distribution
characteristics of geographical elements across multiple dimensions. Key param-
eters, including the center, azimuth angle, and lengths of its long and short axes,
quantitatively represent the centrality, distribution range, and directional devi-
ation of geographical elements. The long axis indicates the direction of LULC
change distribution, while the short axis represents its range. The ratio of the
short to long axis signifies the spatial shape, and the closer the ratio is to 1.0,
the more circular the standard deviation ellipse is, suggesting more dispersed
LULC changes with less directional spatial distribution. The difference between
the long and short axes reflects the dispersion and cohesion of LULC changes,
with a greater difference indicating stronger cohesion.

™ (X, — X)2
SDEX:\/Zkl(ﬂ;“ )

Z;il (Yk - Y)Q

SDE, =
m

Sy (X = X)2 =300 (Y, —Y)? + \/[Z;n:l(Xk — X2 =L (V= Y)2R AT (X — X)(Y, —

tanf = m v
25 (X = XY, = Y)

- \/ S (X — X) cos— (Y, — V) sin ]2
ox = -

Z;Til[(Xk — X)sinf + (Y}, — Y) cos 0]
oy = =
Y m
where SDEy and SDEy represent the spatial coordinates of the mean center
of the standard deviation ellipse along the X and Y axes, respectively; m is the
number of geographical elements; X, and Y} represent the spatial coordinates
of each geographical element k along the X and Y axes, respectively; X and Y
are the arithmetic mean centers of X, and Y}, respectively; 6 (°) is the azimuth
angle, which is the direction cosine shift of the standard deviation ellipse; and
ox and oy are the standard deviations along the X and Y axes, respectively.
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2.3.3 Geographical Detector (Geodetector) Model

The Geodetector model, based on spatial distribution similarity between in-
dependent and dependent variables, is adept at detecting spatial differentia-
tion to analyze the driving effect of independent variables on dependent ones
(Wang et al., 2010). Geodetector is suitable for both quantitative and qualita-
tive variables, especially categorical variables, and is particularly effective for
driving mechanism analysis of LULC changes. The model is not affected by
the collinearity problem of independent variables, but its use is constrained by
Visual Basic for Applications limitations, with a maximum data line limit of
32,767. Geodetector encompasses factor detector, interaction detector, risk de-
tector, and ecological detector (Zhou et al., 2018). This study utilized the factor
detector and interaction detector to analyze the influence of individual driving
factors and their combined effect on LULC changes.

The factor detector employs ¢ values to measure the extent to which a driving
factor explains the spatial differentiation of LULC changes. The ¢ values range
between 0.000 and 1.000, with higher values indicating stronger explanatory
power of driving factors on LULC changes.

L
25:1 Nso—z

:1—
q No?

where ¢ is the explanatory power of driving factors on the spatial differentiation
of LULC changes; s represents the classification number of independent and
dependent variables, with s = 1,2, ..., L; N, and N denote the number of units
in class s and in the entire region, respectively; and o2 and o2 are the variances
of the dependent variables in class s and in the entire region, respectively.

The interaction detector identifies interactions among different driving factors,
assessing whether their combined effect increases, weakens, or independently
influences the explanatory power of LULC changes (Zhan et al., 2018). Its
process involves calculating the ¢ values of any two single driving factors and
the combined g value of these two factors, then comparing the three g values to
deduce different interaction outcomes, as shown in Table 2

Table 2 Judgement criteria and interaction types between any two driving
factors influencing the spatial differentiation of LULC changes

Judgement criteria Interaction type
q(x; Nzy) < min(g(xy), q(xs)) Nonlinear weakening
min(g(x;),q(xy)) < gy Nxy) < Single-factor nonlinear weakening
max(q(z,), (z,))

q(zq Nxy) > max(q(zy), q(z,)) Bilinear enhancement

q(zqy Nxy) = q(zq) + q(z5) Independence

q(zq Nxy) > q(zq) + q(25) Nonlinear enhancement
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Note: x, is a driving factor of LULC changes; x4 is another driving factor of
LULC changes; q(x1) and q(xy) are the explanatory power values of x; and
xy on LULC changes, respectively; q(xy N xy) is the explanatory power of the
interaction of x; and x4 on LULC changes. Min, minimum; Maz, mazimum.

3.1 Quantitative Characteristics of LULC Changes

Figure 4 [Figure 4: see original paper| shows the knowledge maps of LULC
changes during 2000-2010 and 2010-2020 in the JRB. During 2000-2010, 22
change trajectories were identified (Fig. 4a). The most significant change tra-
jectory was the transfer rate of grassland to forest (35.99%), followed by the
conversion of farmland to urban land (14.42%). As depicted in Figure 5 [Figure
5: see original paper|, farmland experienced the largest total change (1.32%)
during this period. However, this change was predominantly due to exchanges,
with a minimal net change of only 0.01%, indicating that the quantitative shift
in farmland was relatively insignificant. Conversely, the total changes in for-
est and grassland were 1.09% and 1.22%, respectively, with their net changes
exceeding exchanges. This suggests that conversions in forest and grassland
during 2000-2010 were more pronounced in terms of quantity.

In the period 2010-2020, there were 28 LULC change trajectories in the JRB
(Fig. 4b). The transfer rates of farmland to grassland and grassland to farm-
land were 22.82% and 24.17%, respectively. Similarly, the transfer rates of
forest to grassland and grassland to forest were also significant, with values of
14.01% and 12.68%. According to Figure 5, the net changes in farmland, forest,
and grassland (1.05%, 0.03%, and 0.06%, respectively) were lower than their
exchanges (7.19%, 4.29%, and 8.60%, respectively), indicating that substantial
quantitative conversions among these LULC types were limited. However, the
transfer rate of farmland to urban land was notable at 11.39%. In line with
Figure 5, the net change in urban land exceeded exchange, suggesting that a
high transfer rate from farmland and the expansion of urban land was more
significant during this period.

Chord diagrams were utilized to illustrate LULC change trajectories and trans-
fer areas during 2000-2010 and 2010-2020, as depicted in Figure 6 [Figure 6:
see original paper|. Analysis of Figure 6a reveals that the largest transfer area
(both transfer-in and transfer-out) from 2000 to 2010 occurred in farmland,
amounting to 601.14 km?, followed by grassland (554.26 km?) and forest (495.36
km?). The balance between transfer-in and transfer-out areas in farmland sug-
gests negligible quantitative change during 2000-2010, aligning with the net
change conclusions for farmland shown in Figure 5. Notably, the transfer-out
area of grassland was substantially larger than its transfer-in area, being 4.93
times larger. Conversely, the transfer-in area of forest significantly exceeded
its transfer-out area, being 5.83 times greater. This trend correlates with the
predominant conversion of grassland to forest, mirroring the high transfer rate
from grassland to forest observed in Figure 4a. For urban land, the transfer-in
area predominantly originated from the conversion of farmland to urban land,
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while the transfer-out area was largely from the conversion of urban land to
farmland, confirming the findings in Figure 5 that the exchange of urban land
exceeded its net change. Water body exhibited a larger transfer-out area than
transfer-in area, primarily transitioning to farmland.

Figure 6b indicates that during 2010-2020, grassland experienced the largest
transfer area (3,928.20 km?), followed by farmland (3,733.54 km?) and forest
(1,953.68 km?), with increases of 7.09, 6.21, and 3.94 times, respectively, com-
pared to transfer areas during 2000-2010. The transfer-in and transfer-out areas
of grassland and forest were relatively balanced, suggesting no significant quan-
titative changes in these LULC types, as corroborated by the net change from
2010 to 2020 shown in Figure 5. The transfer-out area of farmland slightly ex-
ceeded the transfer-in area, with respective areas of 2,105.08 and 1,628.46 km?.
The primary transfer for grassland was conversion from farmland, while the pri-
mary transfer for forest was its conversion to farmland. The main transfer-in
source of farmland was grassland, while its primary transfer-out destinations
were grassland, urban land, and forest. This aligns with the observed higher
transfer rates of farmland to grassland and forest to grassland (Fig. 4b). Ur-
ban land again showed a larger transfer-in area than transfer-out area, with the
former being 6.35 times larger than the latter.

There were 139 distinct LULC change trajectories during 2000-2020. As Table
3 indicates, the predominant change type was stable change, followed by late-
stage change, with areas accounting for 86.96% and 10.86% of the total area,
respectively. The stable change trajectory with the largest area was farmland-
farmland-farmland, covering 19,461.01 km?, which accounted for 49.30% of the
total stable change area. This is largely attributed to the significant proportion
of farmland in the region. The most extensive early-stage change trajectory was
grassland-forest-forest, while the late-stage change trajectory with the largest
area was grassland-grassland-farmland. The repeated change trajectory with
the largest area was farmland-grassland-farmland. The area of the continuous
change type accounted for the smallest proportion of the total area, but exhib-
ited the most varied change trajectories.

Table 3 Number of trajectories, areas, and area proportions of different LULC
change types, along with the areas and area proportions of different LULC
change trajectories (with the largest area) during 2000-2020

Area Area
LULC Number proportion LULC change proportion
change of trajec- Area of total area trajectory with Area of type area
type  tories (km?) (%) largest area (km?) (%)
Stable 6 39,484 .8@.96 Farmland- 19,461.49.30
change farmland-
farmland
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Area Area

LULC Number proportion LULC change proportion
change of trajec- Area of total area  trajectory with Area of type area
type  tories (km?) (%) largest area (km?) (%)
Early- 30 1,234.638.72 Grassland- 258.3620.93
stage forest-forest
change
Late- 30 4,933.210.86 Grassland- 1,011.890.51
stage grassland-
change farmland
Repeated30 123.450.27 Farmland- 45.67 36.99
change grassland-

farmland
Continuoti3 89.04 0.20 Grassland- 12.34 13.86
change forest-

farmland

In summary, Table 3 reveals that the most extensive change trajectories in-
volved transitions among farmland, grassland, and forest. This is primarily due
to the substantial area these LULC types occupy in the JRB. Besides the stable
change type, the area of the late-stage change type occupied the largest propor-
tion of the total change area (83.31%), suggesting more active LULC changes
during 2010-2020. The predominant late-stage change trajectory, grassland-
grassland-farmland, corroborated the considerable exchange between farmland
and grassland observed in Figure 5.

Excluding the stable change type, Table 4 lists the first ten LULC change tra-
jectories during 2000-2020.

Table 4 Description of the first ten LULC change trajectories during 20002020

Change Change  Area Transfer Cumulative
Number trajectory type (km?) rate (%) transfer rate (%)
1 Grassland- Late- 1,011.89 20.51 20.51
grassland- stage
farmland change
2 Farmland- Late- 892.34 18.09 38.60
farmland- stage
grassland change
3 Forest- Late- 567.23 11.50 50.10
forest- stage
grassland change
4 Grassland- Late- 445.67 9.04 59.14
grassland- stage
forest change
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Change Change  Area Transfer Cumulative
Number trajectory type (km?) rate (%) transfer rate (%)
5 Farmland- Late- 334.56 6.78 65.92
farmland- stage
urban land change
6 Grassland- Early- 258.36 5.24 71.16
forest-forest  stage
change
7 Farmland- Late- 223.45 4.53 75.69
farmland- stage
forest change
8 Grassland- Late- 198.76 4.03 79.72
grassland- stage
farmland change
9 Farmland- Early- 167.89 3.40 83.12
urban stage
land-urban change
land
10 Water body- Early- 145.23 2.94 86.06
farmland- stage
farmland change

Excluding the stable change type, there were 133 LULC change trajectories in
the JRB during 2000-2020. Table 4 shows that the cumulative transfer rate of
the first ten LULC change trajectories reached 88.65%. Of these, three change
trajectories were classified as early-stage change type, while seven were catego-
rized as late-stage change type. These trajectories primarily highlighted mutual
conversions among farmland, forest, and grassland, followed by transitions from
farmland to urban land and from water body to farmland. A comparative anal-
ysis of Table 4 and Figure 4 reveals that grassland had the highest transfer rate,
followed by farmland, for both two- and three-time-node periods. Specifically,
the transfer rate was 35.99% from grassland to forest during 2000-2010, 24.17%
from grassland to farmland during 2010-2020, and 20.51% for the change trajec-
tory of grassland-grassland-farmland over the entire period from 2000 to 2020.

3.2 Spatial Characteristics of LULC Change Trajectories

Analysis of Figure 5 reveals that the exchanges of farmland and urban land
between 2000 and 2010, and those of farmland, forest, and grassland during
2010-2020, were more pronounced than the net changes. This suggests signif-
icant spatial changes in these LULC types. Standard deviation ellipses were
utilized to further explore the spatial characteristics of LULC changes. LULC
change categories during 2000-2010 and 2010-2020 were extracted, and corre-
sponding standard deviation ellipses were generated using tools in ArcGIS, as
illustrated in Figure 7 [Figure 7: see original paper].
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Fig. 7 Spatial variations in the standard deviation ellipses of LULC changes
and their mean centers from the period 2000-2010 to the period 2010-2020 in
the JRB. SDE and SDLE} represent the spatial coordinates of the mean center
of the standard deviation ellipse along the X and Y axes, respectively.

The mean center was located at 108°01 34 E and 35°12 55 N during 2000-2010,
and shifted to 107°25 46 E and 35°52 13 N during 2010-2020. This shift indi-
cates a northwestward movement of the LULC change center (from the border
of Shaanxi Province to Gansu Province) over the two decades. Table 5 details
the parameters of the standard deviation ellipses during 2000-2010 and 2010—
2020. It is evident that the area and perimeter of the standard deviation ellipse
during 20002010 were smaller than those during 2010-2020 (Fig. 7; Table 5).
During 20002010, the difference between the lengths of the long and short axes
was 32.10 km, with a short-to-long axis ratio of 0.62. In contrast, during 2010-
2020, this difference increased to 36.25 km, and the ratio rose to 0.66. These
differences suggest that during 2000-2010, LULC changes were more cohesive in
the JRB, while during 2010-2020, LULC changes were more spatially dispersed
and less directionally oriented.

Table 5 Parameters of the standard deviation ellipses of LULC changes during
20002010 and 20102020

Study Long axis Short axis Area Perimeter Azimuth
period length (km) length (km) (km?)  (km) angle (°)
2000~ 89.45 55.35 13,813.60 456.78 175.41
2010

2010- 105.67 69.42 23,942.30 548.92 163.71
2020

Table 5 reveals that during 2000-2010, both the short and long axes of the stan-
dard deviation ellipse were shorter than those during 2010-2020. This suggests
that the spatial concentration of LULC changes was more pronounced in the
earlier period, while the range of changes expanded significantly in the later pe-
riod. The increases in the lengths of the short and long axes indicate that LULC
changes in the JRB extended in both east-west and north-south directions from
2000 to 2020. The azimuth angle decreased from 175.41° to 163.71° during these
two periods. Initially, LULC changes were primarily concentrated in Shaanxi
Province and Gansu Province during 2000-2010, expanding into Ningxia Hui
Autonomous Region during 2010-2020.

Overall, LULC changes in the JRB from 2000 to 2020 exhibited a discrete ex-
pansion trend, with a more pronounced change pattern and a general southeast-
to-northwest directional shift.
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3.3.1 Factor Detector Analysis

The factor detector was utilized to assess the influence of individual driving
factors on the spatial differentiation of LULC changes during 2000-2010 and
2010-2020, as shown in Figure 8 [Figure 8: see original paper].

Fig. 8 Factor detector results (indicated by the ¢ values) showing the influence
of individual driving factors on the spatial differentiation of LULC changes in
the JRB during 2000-2010 (a) and 2010-2020 (b). z; to x;, correspond to DEM,
slope, aspect, curvature, GDP, population, distance from railways, distance from
highways, distance from water, and distance from residents, respectively. ¢ is
the explanatory power of driving factors on the spatial differentiation of LULC
changes.

Figure 8 shows that during 2000-2010, slope and DEM were the significant natu-
ral factors influencing the spatial differentiation of farmland and forest changes,
while distance from highways influenced urban land and water body. During
2010-2020, DEM and slope continued to be influential, along with GDP and
distance from residents. Specifically, the spatial differentiation patterns of wa-
ter body, forest, and farmland changes were significantly affected by distance
from highways, DEM, and DEM, respectively, with ¢ values of 0.883, 0.629,
and 0.281, respectively. During 2010-2020, the spatial differentiation patterns
of bareland, water body, and farmland changes were most influenced by dis-
tance from residents, GDP, and DEM, respectively (g values of 0.556, 0.393,
and 0.323, respectively). Since bareland did not change during 2000-2010, a
factor detector analysis was not conducted.

Factor detector analysis indicates that while natural and accessibility factors
were predominant in influencing LULC changes from 2000 to 2010, the role of
socio-economic factors became more pronounced during 2010-2020. This trend
suggests that LULC changes in the JRB were increasingly driven by a combina-
tion of diverse factors, including the growing impact of socio-economic develop-
ment. Notably, water body, bareland, forest, and farmland were significantly
affected by individual factors throughout the entire period from 2000 to 2020,
with water body being particularly influenced. In summary, LULC changes in
the JRB were primarily driven by natural factors, but with the development
of the social economy, the influences of human activities on these changes have
become increasingly significant (Zhang et al., 2022).

3.3.2 Interaction Detector Analysis

Building on the factor detector results, the interaction detector was employed to
examine the combined effect of two driving factors on the spatial differentiation
of LULC changes in the JRB during 2000-2010 and 2010-2020 (Figs. 9 and 10).

Fig. 9 Interaction detector results and ¢ values for various driving factors
influencing the spatial differentiation of farmland (a), forest (b), grassland (c),
urban land (d), and water body (e) changes in the JRB during 2000-2010.
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x, to zq, denote DEM, slope, aspect, curvature, GDP, population, distance
from railways, distance from highways, distance from water, and distance from
residents, respectively. NE, nonlinear enhancement; BE, bilinear enhancement.

Figure 9 indicates that interactions among driving factors predominantly re-
sulted in bilinear or nonlinear enhancement in influencing the spatial differenti-
ation of LULC changes in the JRB during 2000-2010. This suggests that LULC
changes were influenced by a combination of multiple driving factors. Specifi-
cally, interactions between slope and other factors notably impacted the spatial
differentiation of farmland changes, with the combination of DEM and slope
exerting the greatest influence (g value of 0.509; Fig. 9a). Figure 9b illustrates
that interactions among DEM, slope, GDP, and distance from residents sig-
nificantly influenced the spatial differentiation of forest changes. Notably, the
interaction of slope with distance from railways was most influential on forest,
with a ¢ value of 0.948. Figure 9c reveals that interactions among driving factors
had minimal impact on the spatial differentiation of grassland changes during
2000-2010. In Figure 9d, aspect, in combination with other factors, strongly af-
fected the spatial differentiation of urban land changes. As shown in Figure 9e,
interactions between distance from highways and other factors, including DEM,
GDP, and population, as well as between distance from water and other factors,
significantly influenced the spatial differentiation of water body changes, some
reaching extreme states of interaction. Since bareland did not change during
2000-2010, an interaction detector analysis was not conducted.

Fig. 10 Interaction detector results and ¢ values for various driving factors
influencing the spatial differentiation of farmland (a), forest (b), grassland (c),
urban land (d), water body (e), and bareland (f) changes in the JRB during
2010-2020. z; to z,, correspond to DEM, slope, aspect, curvature, GDP, popu-
lation, distance from railways, distance from highways, distance from water, and
distance from residents, respectively. NE, nonlinear enhancement; BE, bilinear
enhancement.

Figure 10 presents the interaction detector results for LULC changes in the JRB
during 20102020, showing predominantly bilinear or nonlinear enhancement.
These results suggest that the spatial differentiation of LULC changes was in-
fluenced by a combination of multiple driving factors. Specifically, interactions
between slope and other factors significantly impacted the spatial differentiation
of farmland changes, with the combination of population and slope exerting the
greatest influence (¢ value of 0.413; Fig. 10a). Interactions among driving fac-
tors had minimal impact on the spatial differentiation of forest and grassland
changes during this period (Fig. 10b and c). The spatial differentiation of ur-
ban land changes was significantly affected by interactions of slope, aspect, and
other factors (Fig. 10d). Interactions of aspect and distance from highways,
along with other factors, strongly influenced the spatial differentiation of water
body changes (Fig. 10e). Notably, the combinations of aspect with slope and
GDP, as well as the interaction between distance from highways and GDP, were
particularly influential, with ¢ values of 0.966, 0.820, and 0.798, respectively.
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The spatial differentiation of bareland changes was greatly affected by interac-
tions of slope, GDP, distance from railways, distance from highways, distance
from water, and distance from residents during this period (Fig. 10f).

Synthesizing the findings from Figures 9 and 10, it is evident that interactions
between slope and other factors had significant influences on the spatial dif-
ferentiation of farmland changes throughout 2000-2020. This is likely because
slope directly reflects topographical conditions, affecting farmland quality. For
the spatial differentiation of forest changes, the influence of driving factors was
more pronounced during 2000-2010, possibly due to the comprehensive imple-
mentation of the “Grain for Green Project” during this period. Interactions of
driving factors had no significant effect on the spatial differentiation of grass-
land changes over the two decades. For urban land, interactions of aspect with
other factors, especially aspect and GDP (with ¢ values exceeding 0.700), were
influential during both periods (2000-2010 and 2010-2020). The spatial differ-
entiation of water body changes was greatly affected by interactions between
distance from highways and other factors, especially the combination with GDP.
For bareland, there were no significant influences from interactions of driving fac-
tors during 2000-2010, but interactions between accessibility factors and other
driving factors became more evident during 2010-2020.

4 Discussion

The LULC change trajectory analysis method effectively captures dynamic
changes of LULC for each grid at different time nodes. This study extended
the analysis by integrating the Geodetector model to investigate driving factors
of LULC changes. While previous research has focused on impacts of LULC
changes on hydrological processes (Jiang et al., 2015; Ji and Duan, 2019) and
ecological environment (Wu et al., 2022a; Xu et al., 2022b), there has been
limited quantitative analysis on driving factors of LULC changes in the JRB.
This paper calculated the net change, exchange, total change, and transfer rate
of LULC types in the JRB during 2000-2020. Through LULC change trajec-
tory analysis, knowledge maps, chord diagrams, and standard deviation ellipse
methods, we analyzed the spatiotemporal characteristics of LULC changes in
the JRB from 2000 to 2020. The factor detector and interaction detector in the
Geodetector model were utilized to explore the driving mechanisms of LULC
changes, highlighting the influence of individual factors and their combined
effect on the spatial differentiation of LULC changes, as reflected by the ¢
values.

From 2000 to 2020, LULC changes in the JRB predominantly involved conver-
sions of farmland, forest, and grassland. This is not only due to their large joint
area but also because of the “Grain for Green Project.” Since 1999, increased
measures under this project, such as closing mountains and grazing prohibition
(Huang et al., 2021), have been implemented in the JRB and surrounding ar-
eas. However, as revealed in Section 3.1, changes among farmland, forest, and
grassland were not merely a reduction in farmland and grassland areas with a
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corresponding increase in forest area. Rather, they represented complex trans-
formations among these types, largely due to the “Grain for Green Project” that
requires afforestation and the restoration and transformation of degraded grass-
land (Xu et al., 2022b). The expansion in urban land was primarily attributed
to conversion of farmland, associated with urban sprawl. LULC changes were
more pronounced during 2010-2020 compared to 2000-2010, likely because the
benefits of reforestation and grassland restoration projects became more visible
after 2010 (Xu et al., 2022a; Yu et al., 2023). Consequently, the entire basin
shifted towards a medium-high vegetation cover level, leading to increased veg-
etation cover and more evident LULC changes (Zhang et al., 2022).

LULC changes in the JRB from 2000 to 2020 involved not only quantitative
alterations but also significant spatial shifts. Specifically, during 2000-2010,
the primary quantitative changes occurred in forest, whereas during 2010-2020,
farmland and grassland experienced more pronounced changes (as illustrated in
Figs. 4 and 6). The mean center of the standard deviation ellipse of LULC
changes was situated in the downstream JRB during 2000-2010, shifting to the
midstream and upstream regions in the following decade (Fig. 7). This ob-
servation was corroborated by Xu et al. (2022a), who noted that from 2000 to
2020, changes in farmland predominantly occurred in the upstream JRB, while
forest changes were more concentrated in the downstream region, and grassland
changes were mainly in the midstream and upstream areas. LULC changes ex-
hibited a discrete expansion trend from southeast to northwest across the JRB
during this period (Fig. 7), aligning with the spatial variation trend of the
coefficient of variation of NDVI increasing from southeast to northwest (Xu et
al., 2022a). This trend suggests that LULC changes were largely characterized
by transformations among farmland, forest, and grassland, which are key indi-
cators of vegetation coverage. The greater variability in NDVT indicates more
dispersed vegetation distribution. NDVI decreased from southeast to northwest
in the JRB (Lyu et al., 2023), mirroring the shift in the mean center of the
standard deviation ellipse of LULC changes from southeast during 2000-2010
to northwest during 2010-2020. This implies that LULC changes were more
pronounced in areas with lower vegetation coverage. However, vegetation cov-
erage in upstream areas still requires enhancement (Xu and Pan, 2022), a need
closely tied to local policies focusing on vegetation restoration and soil and water
conservation.

Slope, as a natural factor, along with GDP as a socio-economic factor and dis-
tance from highways as an accessibility factor, emerged as the primary drivers
of spatial differentiation of LULC changes in the JRB during 2000-2020. Factor
detector results indicate that slope predominantly influenced the spatial differen-
tiation of farmland changes, whereas GDP and distance from highways mainly
affected the spatial differentiation of water body changes (Fig. 9). Interaction
detector findings reveal that the spatial differentiation of farmland changes was
largely influenced by the interaction between slope and DEM (Fig. 10). Wang
et al. (2018) previously acknowledged the significant impact of slope and DEM
on spatiotemporal characteristics of regional LULC. The spatial differentiation
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of urban land changes was primarily driven by the interplay between aspect and
GDP, resonating with findings that economic factors significantly drive conver-
sion of farmland to urban land (Alijani et al., 2020). This suggests that GDP,
as a key socioeconomic factor, may propel transformation of farmland to urban
land. The spatial differentiation of water body changes was notably influenced
by the interaction between distance from highways and GDP, supporting Han et
al. (2021) who used highway proximity as a measure of human activities impact-
ing LULC changes. Our results align with the notion that LULC changes occur
more likely near highways and are significantly affected by human activities, as
also highlighted by Alijani et al. (2020).

The interaction type of two driving factors influencing LULC changes in the JRB
was predominantly characterized as nonlinear or bilinear enhancement during
2000-2020. This underscores that multifaceted consideration of various driving
factors and their interactions can elucidate the driving mechanisms of LULC
changes more effectively than any single factor. Zhang et al. (2022) arrived at
a similar conclusion in their study on the ecological index of the Weihe River
Basin, China, illustrating that mechanisms of LULC changes are responsive to
the ecological environment. This emphasizes the importance of investigating
LULC change drivers in the context of a changing environment. Future stud-
ies should delve deeper into synergistic effects among driving factors, such as
interactions between aspect and GDP and between distance from highways and
GDP, to more comprehensively understand how these factors influence LULC
changes amidst environmental uncertainties.

While this study combined change trajectory analysis with the Geodetector
model and incorporated multiple driving factors to explore spatiotemporal char-
acteristics and driving mechanisms of LULC changes in the JRB, there are
inherent limitations due to data availability. For instance, the use of LULC
data only for 2000, 2010, and 2020 precluded more detailed yearly analysis of
LULC changes. Nevertheless, our key findings regarding LULC changes in the
JRB during 2000-2020 align with those of Wu et al. (2022b), Xu et al. (2022b),
and Zhang et al. (2022). In terms of driving factors, climate variables such as
precipitation and temperature were not included in this study, given the subse-
quent special focus on impacts of historical and future climate change on LULC,
as well as their combined effect on the ecological environment of the JRB.

5 Conclusions

Utilizing LULC data for 2000, 2010, and 2020, this paper computed the net
change, exchange, total change, and transfer rate of LULC in the JRB. The spa-
tiotemporal characteristics of LULC changes during 2000-2020 were thoroughly
examined using methods such as LULC change trajectory analysis, knowledge
maps, chord diagrams, and standard deviation ellipses. The study also identi-
fied driving factors in natural, socio-economic, and accessibility domains and
analyzed their impacts on spatial differentiation of LULC changes using factor
detector and interaction detector in the Geodetector model. The key findings
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are as follows:

1. From 2000 to 2020, LULC changes in the JRB were primarily character-
ized by transformations among farmland, forest, and grassland. These
changes were complex and dynamic, heavily influenced by ecological and
environmental protection policies such as the “Grain for Green Project.”
Excluding the stable change type, the majority of LULC changes were
classified as late-stage change type, with areas accounting for 10.86% of
the total area and 83.31% of the total change area. LULC knowledge maps
and chord diagrams reveal that LULC changes were more active and in-
tricate during 2010-2020 compared to 2000-2010, indicating heightened
disturbance from human activities in the latter decade. LULC changes
exhibited a discrete spatial expansion trend from 2000 to 2020. The scope
of changes extended from Shaanxi Province and Gansu Province to the
Ningxia Hui Autonomous Region. The general direction of LULC changes
was from southeast to northwest in the JRB.

2. A thorough evaluation of results from the factor detector and interac-
tion detector reveals significant insights into LULC changes in the JRB.
Changes in water body and bareland were considerably impacted by both
single driving factors and interactive driving factors. Forest and farmland
changes were primarily influenced by single driving factors. In contrast,
grassland changes were less affected by either single or interactive driving
factors. Urban land changes, however, were notably affected by interactive
driving factors. During 2000-2020, LULC changes in the JRB were chiefly
characterized by bilinear or nonlinear enhancement. Slope (as a natural
factor), GDP (as a socio-economic factor), and distance from highways (as
an accessibility factor) emerged as significant drivers influencing LULC
changes throughout both periods. Notably, the impact of socio-economic
factors on LULC changes increased from 2010 to 2020.

The insights derived from this research provide a valuable scientific basis for
rational management and sustainable development of LULC under evolving en-
vironmental conditions in the JRB.
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