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Abstract: Understanding the land use/cover change (LUCC) in watersheds is essential for sustainable
development. The CA-Markov model has been proven to be an effective method for land use
modeling because of its simplicity and potential for evolution. However, it is difficult to apply this
method to meet the requirement of land use planning and management since it fails to consider the
driving forces of LUCC. To evaluate the factors that influence LUCC comprehensively, we developed
and implemented a machine learning-based CA-Markov model to understand the dynamics of LUCC
in a coastal watershed in Southeast China, the Minjiang River Watershed (MRW). The proposed
method performed well for each land use category, with average AUC values of 0.999 and 0.916 for
the training and testing periods, respectively, for suitable images. The overall accuracy for LUCC was
0.971. The urbanization process in the MRW was speeding up recently. Urban area increased by 2.22%
of the total area during 2015-2020, and most of that was from conversion of woodland and agricultural
land. Additionally, the proposed method provided a much deeper understating of the forces driving
the LUCC on a regional scale. Population and gross domestic product (GDP) were the major factors
influencing the distribution of urbanized land in the MRW. In contrast, woodland distribution was
highly related to topographic factors in the MRW. Scenario analysis was also employed to identify
patterns of LUCC under different scenarios. The results showed that the process of urbanization may
become more complex with increasing population and GDP and that land use evolution may be more
sustainable with scientific spatial plans which consider facilities for people and ecological protection.
The proposed method quantifies the LUCC in changing environmental settings and can serve as a
helpful tool for sustainable watershed management.

Keywords: land use/cover change; remote sensing; GIS; CA-Markov; random forest; Minjiang
River Watershed

1. Introduction

Land use/cover change (LUCC), as the most direct indicator depicting the effects of
human activities on the natural ecosystem, plays a significant role in global change [1,2].
As a complex system constructed by the interaction between natural processes and hu-
man activities, regional LUCC is influenced by social, political, and natural factors [3-5].
Therefore, assessing and quantifying LUCC patterns is critical for developing regional
environmental management and enhancing understanding of the interactions between
ecosystems and human activities [6-8].

LUCC Modeling has recently attracted considerable interest because LUCC is a com-
plex issue involving physical, environmental, and socio-economic factors [9,10]. Models are
one of the most effective tools for understanding the dynamics of LUCC and providing sci-
entific references for rational decision-making [11-13]. Therefore, several models have been
developed to simulate LUCC patterns. These include the cellular automata Markov chain
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(CA-Markov) [14], multi-agent models [2], and the logistic regression method [15]. These
models have been widely applied to understand land use evolution and play a significant
role in spatial planning [9,12]. However, it is still difficult to meet the requirements of land
use planning and management with these models because the models lack consideration of
the impacts of socio-economic and natural factors [10]. Coupled models were developed
recently to comprehend the LUCC on a regional or global scale [10,16].

Coupled with other modeling techniques, the CA-Markov model has greater advan-
tages for simulating changes in complex land use systems through improved accuracy and
effective simulation [5,13,17]. Typically, researchers have attempted to assign a suitability
score for each factor affecting land use based on experience, a literature review, or the
fuzzy-logic method and then quantify the impacts of factors on land use by converting orig-
inal values to a unified scale, namely, the degree of suitability. After scoring the suitability
of each factor, transition rules can be constructed and applied to land use modeling [13].
Fuzzy-logic-based methods, such as logistic regression, have been widely used to build
suitability data for land use modeling [13,16,18]. For example, to evaluate urban growth
in mountainous cities of Oman, the analytic hierarchy process method was integrated
with the CA-Markov model and suggested that urban expansion was initially associated
with increased immigration to the urban centers [19]. Additionally, to understand the
driving forces of land use, the CA-Markov was integrated with logistic regression models
to simulate the law of land use evolution scientifically and suggested that natural and
human factors have a major impact on LUCC whereas proximity factors have a relatively
small impact [17]. Thus, the CA-Markov model is more scientific and practical than other
models [12,20].

Several studies have proven that the uncertainties of the CA-Markov model can
be mitigated by considering the driving factors using hybrid methods and assigning
suitability scores [9,21]. However, a common problem with the existing methods is that the
assigned scores may not reflect land use changes in specific regions [13,22]. For example,
fuzzy logic-based methods may produce overfitted models because their rules are based
on heuristics, although they can model uncertainty in real world data with continuous
boundaries [22,23]. Moreover, these traditional methods may not work well when modeling
complex nonlinear relationships between potential driving factors and land use, and the
effects of heterogeneity may be discarded or not fully captured, especially for the process
of urban development [10,20,24]. Some traditional methods have the limitation of being
black-box models, and the statistical significance of the drivers for LUCC is obscured,
which may not be conducive to watershed management [10,22]. Thus, it is necessary to
minimize these weaknesses when developing a model for land use management [2,10].

Recently, machine learning methods have attracted the attention of geospatial science
researchers and have been applied to analyses of remote sensing data [10,17,24]. As a
subfield of artificial intelligence, machine learning can overcome the limitations of previous
methods and achieve superior or at least equivalent accuracy outcomes [24,25]. Several
studies have used machine-learning models to understand land use change in cities or
metropolitan regions. For example, by coupling a machine learning method, the evolution
of urban space in Shanghai from 2015 to 2030 was simulated under different scenarios and
showed that urban development will be more sustainable under the constraints of ecological
and cultivated protection [10]. Similarly, the land use/cove in Attica was analyzed based
on a machine learning modeling approach and suggested that the high economic growth
in Greece may increase built-up area surfaces in this region, accompanied by reductions
in natural areas and croplands [26]. However, most related studies have focused on the
evolution of urbanization, and these methods have rarely been introduced to evaluate
multiple land use types at global or regional scales. The random forest (RF) algorithm,
one of the most important machine learning methods, can function as a “white box”
method because of its better interpretability for analyzing the contributions of spatial
variables [17,26].
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Land use modeling has been developed as an important tool for analyzing LUCC
dynamics for policy and strategy development, particularly in rapid developing coun-
tries [9,10], and RF has proven to be a suitable machine learning algorithm with good
interpretability and moderate time complexity [10]. However, few studies have combined
machine learning models with the CA-Markov model, and limited regional scale research
has been conducted in China. To close these knowledge gaps, the major aim of this study
was to integrate the CA-Markov model with the RF algorithm to understand the dynamics
in LUCC under specific scenarios. To identify the impacts of multiple variables on land use
evaluation at the regional scale, we applied this coupled model to the largest watershed in
Southeast China, namely, the Minjiang River Watershed (MRW), which is under increasing
pressure from continuous population growth, rapid socio-economic development, and
limited natural resources. The objectives of this study were to (1) quantify the land use
change in Southeast China, (2) analyze the evolution of land use under different scenarios,
and (3) understand the role of strategic spatial planning in regional land use change and
provide in-depth implications for sustainable watershed management.

2. Material and Methods
2.1. Study Area

With an area of 60,992 km?, the MRW (25°23/-28°19’ N, 116°23'-119°43’ E) is the
largest watershed in Southeast China. Located in the subtropical zone, the MRW has
a mean annual temperature and precipitation of 18 °C and 1617 mm, respectively, and
approximately 70% of the precipitation occurs between April and September [27,28]. Based
on official population records, the populations in 2010, 2015, and 2020 were 10.75, 11.02,
and 11.72 million, respectively. More than 60% of the population lives in urban areas
(Figure S1). The gross domestic product (GDP) increased by approximately 200% in the
past 10 years, from 417 billion CNY (2010) to 1292 billion CNY (2020) (Figure S1). By 2021,
more than 1900 km of high-speed railway and 6000 km of highways had been built in
Fujian Province, and 60% of this is within the MRW. Additional highways and high-speed
railways are planned to be constructed by 2030, which may change the land use patterns in
the MRW (Figure 1).

2.2. Data Sources

Following the completion of the first high-speed line in 2009, anthropogenic activities
in the MRW increased significantly from 2010. Thus, Landsat images of the MRW were
obtained from the USGS Earth Explorer (https://earthexplorer.usgs.gov/, accessed on
17 January 2022 for the years 2010, 2015, and 2020. After examining the available images, we
realized that the uncertainties caused by clouds were more significant than those induced by
inconsistent dates. Therefore, different dates were used to obtain complete and cloud-free
coverage of the study area (Table 1). The unsupervised classification of the Landsat images
was performed using the Iterative Self Organizing Data Analysis Technique Algorithm
(ISODATA) integrated with post-classification enhancement [29,30]. This method has been
proven effective for understanding LUCC [30,31]. Ancillary data, including high-resolution
images from Google Earth, GIS data, and information collected during field trips, were
employed as reference data for the classification and accuracy assessment. We classified the
land use/cover into seven categories, namely, woodland, grassland, agriculture, orchard,
urban, barren, and water (Table 2). The results of the accuracy assessment are shown in
Tables S1 and S2, and the overall accuracies of the classification for the years 2010, 2015,
and 2020 were 0.805 £ 0.024, 0.863 £ 0.021, and 0.864 = 0.021, respectively.
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Figure 1. Study area.
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Table 1. Details of the satellite images.

Year 2010 Year 2015 Year 2020
Acquisition Data Path/Row Satellite Acquisition Data Path/Row Satellite Acquisition Data Path/Row Satellite
Senor Senor Senor
31 October 2010 119/41 Landsat 5-TM 27 September 2015 119/41 Landsat 8-OLI 10 October 2020 119/41 Landsat 8-OLI
31 October 2010 119/42 Landsat 5-TM 27 September 2015 119/42 Landsat 8-OLI 17 April 2020 119/42 Landsat 8-OLI
9 December 2010 120/41 Landsat 5-TM 26 February 2015 120/41 Landsat 8-OLI 20 February 2020 120/41 Landsat 8-OLI
9 December 2010 120/42 Landsat 5-TM 13 May 2015 120/42 Landsat 8-OLI 20 February 2020 120/42 Landsat 8-OLI
14 January 2010 121/41 Landsat 5-TM 11 October 2015 121/41 Landsat 8-OLI 15 April 2020 121/41 Landsat 8-OLI
14 January 2010 121/42 Landsat 5-TM 13 February 2015 121/42 Landsat 8-OLI 15 April 2020 121/42 Landsat 8-OLI

Note: TM: Thematic Mapper; OLIL: Operational Land Imager.

Table 2. Classifications of land use/cover in the MRW.

Category Description

Woodland  Any significant clustering of dense vegetation, typically with a closed or dense canopy.
Grassland Open areas covered in homogenous grasses with little other vegetation.
Land used for cultivation, including newly cultivated land, fallow land, swidden
land, and rotation plough land.
Areas for planting perennial woody plants and perennial herbs that are used for
collecting fruit, leaves, or rhizomes.

Urban Human-made structures, roads, railways, large homogenous impervious surfaces.
Areas with little vegetation, including exposed rock or soil, desert and sand dunes,
dry salt flats/pans, and mines.

Water Areas where water is predominant throughout the year.

Agriculture

Orchard

Barren

Based on previous studies, the spatial driving factors influencing land use and cover
employed in this study are listed in Table 3. The topographical data, including eleva-
tion, slope, and aspect, were estimated using the 30 m SRTM Digital Elevation Database
produced by the National Aeronautics and Space Administration of the USA (NASA,
https://www.nasa.gov/, accessed on 17 January 2022).The vector and Point-of-Interest
(PQI) data in the MRW, including highway, high-speed rail, city centers, and education fa-
cilities, were collected from the OpenStreetMap (OSM, https://www.openstreetmap.org/,
accessed on 17 January 2022). VIIRS Night-time Light (VNL) data, produced by the Earth
Observation Group, Payne Institute for Public Policy, Colorado School of Mines [32,33],
were used to identify the socioeconomic development in the MRW (Figure S2). Population
data were obtained based on the population density of China provided by WorldPop and
the Center for International Earth Science Information Network (2018) [34].

Table 3. Driving factors for land use/cover change modeling.

Category Driving Factor Year
Elevation
Topographic variable Slope
Aspect
Distance to highway 2015, 2020
Distance to high-speed rail 2015, 2020
Distance to city center (i.e., cities and counties) 2020

Proximity variable Distance to education facilities (i.e., kindergartens,

schools, colleges and universities)
Distance to entertainment facilities (e.g., public garden)

Socioeconomic Population density 2015, 2020
variable VIIRS nighttime lights 2015, 2020

2.3. The RF-CA-Markov Model

LUCC models are commonly established based on the relationship between historical
land use and the related driving factors [2,11,35]. In this study, we proposed a method to
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Database of
driving factors

simulate land use with RF, CA, and Markov chain (Figure 2). The machine learning based
CA-Markov model simulates LUCC based on the probability of occurrence, neighborhood
influence, and transition probability. The relationships between the driving factors and each
land use type were identified using the RF method, and the cells that may be transferred
to other types of land use were depicted by transition suitability images estimated by the
RF models. The probability of occurrence of each land-use category was identified using a
Markov model based on historical land-use images. The spatial process of the LUCC was
estimated using the CA model.
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Figure 2. Flowchart of the coupled models.

Previous studies have shown that RF is a powerful machine learning classifier for land
use studies because of its non-parametric nature, high classification accuracy, ability to
determine variable importance, and capability to avoid over-fitting [10,36,37]. In this study,
we used this algorithm to determine transformation rules, which determine the probability
of one category of land-use cell being converted into another based on a set of driving
factors. To establish a database of factors, we collected spatial driving data, including
topographic variables, proximity variables, and socioeconomic variables, and resampled
these images to a resolution similar to that of the land-use database.

The coupled CA with Markov model can be used to simulate land-use dynamics. The
CA model can describe changes in spatial positions, whereas temporal changes in land use
are simulated using the Markov transformation matrix. The CA model is characterized
by discreteness in space and the state of land use and can be used to analyze spatial
distribution and neighborhood interactions [13,17]. CA models are discrete mathematical
systems that intrinsically consist of five elements: a uniform regular lattice, a cell, a cell
state, cell neighbors, and transition rules [38]. The overall complex, self-organizing system
has been described using a CA model based on individual cell behaviors and interactions
between neighboring cells [11]. Land-use changes were simulated under the assumption
that areas have a higher tendency to transfer to a typical land use when the same type of
land use is nearby [12]. The CA model has been applied widely to assess urbanized land
use, such as sprawl [10,12]. The model is expressed as follows [39,40]:

st = f(st;, 0

i,j7 "%,

V) )
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where t and t + 1 are the beginning and end of the simulation; S! j and Sﬁl are the state

of the cell in row i and column jatt; t — 1 Qf is the state of neighbors of the cell in
row i and column j at #; V is the set of suitability factors; and f is the transition law.
In previous studies [41,42], a standard contiguity filter of 5 x 5 pixels was used as the
neighborhood definition, which meant that each cellular center was surrounded by a matrix
space composed of 5 x 5 cells.

The Markov model is a stochastic model that simulates LUCC on a temporal scale
to describe how likely one state is to change to another state. Based on the formation
of a Markov random process for prediction and optimal control theory, the possibility
of one state transferring to another state is described by probability matrix [40]. In the
land use analysis, the transition objective was produced by the Markov analysis with the
historical land use images [12]. The LUCC was simulated using the following equation
with a Markov model [40,43]:

S(t+1) :Pi]'XS(t) (2)

where S(¢) and S(t + 1) are the system status at time t and ¢ + 1, respectively, and Pi]- is the
transition probability matrix in a state, which is calculated as follows [40].

Py Pp - Py

Pyy Py --- P

Pp=| 2 2
3)

P Pz -+ Pun

<0§Pﬁ<1 and YN, Pj=1,(i,j=1,2,...,n))

In addition, to improve the performance of the proposed RF-CA-Markov model, we
estimated the performance of the models twice during the method development (Figure 2).
The accuracy of the simulated transition probability was checked for the RF model, and the
performance of the simulated LUCC was checked for the RE-CA-Markov model.

2.4. Accuracy Assessment of Land Use/Cover Change

To evaluate the performance of the model, the simulated transition suitability images
were validated using the receiver operating characteristic (ROC) curves. The area under
ROC curve (AUC) was calculated to evaluate model performance [44]. An AUC value
of 1 represents perfect model performance, and a value of 0.5 presents agreement due to
random chance. Additionally, the overall accuracy, user’s accuracy, producer’s accuracy,
and figure of merit (FOM) were employed to evaluate the performance of the simulated
land use maps, which were calculated based on the confusion matrix (Table 4).

H+CR
Overall accuracy = HiM j—_FA TCR 4)
Producer’s accuracy (sensitivity) = H 5)
Y YT HAM
User's accuracy (precision) = H (6)
H+FA
H
FOM = —— 7
H+ M+ FA @
Table 4. Variables for the confusion matrix.
Observed (Yes) Observed (No)
Simulated (Yes) Hits (H) False Alarms (FA)

Simulated (No) Misses (M) Correct Rejections (CR)
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In the equations above, H, M, FA, and CR are the number of hits, misses, false alarms,
and correct rejections in the confusion matrix, respectively.

Intensity analysis at the category level was employed to quantify the land use change of
each category. The change in intensity of each category was measured using the percentages
of Gain and Loss [45]. The intensity level for each category (i.e., dormant and active) was
estimated using the method proposed by Aldwaik and Pontius [46]. The component of
intensity was estimated using the percentages of Quantity, Exchange, and Shift for each
category in the study area [47]. Quantity is the quantitative difference between two time
points; Exchange is the location changes between two categories during the period; and
Shift is the location change between more than two categories [48,49].

2.5. Scenario Analysis

To understand the LUCC patterns under different strategies as well as the effects of
the socioeconomic development, we developed three scenarios to explore the dynamics
of land-use change in the MRW under different policies. Scenario I was set up under the
assumption that changes of land use will occur under the current environmental setting, and
all related factors are same as in the year 2020. Scenario Il was built with the assumption that
population and socioeconomic development will increase or improve based on expected
values. The Government of China has indicated that China’s total population will reach
1.45 billion, an increase of 2% compared to the population in 2020, and that GDP will grow
at a rate of 5% per year. Scenario III was built with the assumption that socioeconomic
factors will develop as expected and that traffic, education, and living facilities in the MRW
will be improved continually. More high-speed railways and highway will be constructed
according to the plans of the local government (Fujian Provincial Development and Reform
Commission, http:/ /fgw.fujian.gov.cn, accessed on 17 January 2022). The distances to
education and entertainment facilities will decrease by 20% compared to those of the year
2020, and human activities will be limited by the protection of some areas within the MRW.

3. Results
3.1. Patterns of Land Use Change

The land-use patterns over 10 years are presented in Figure 53, along with the losses
and gains of different land use categories during each time interval. The transitions of each
category of land use are listed in Table 5. Woodland accounted for more than 80% of the
area of the MRW at all time points. A net increase in urban area was observed during all
time intervals, and there were no losses in urban area for these two periods. Urban area
increased by 0.84% and 2.22% of the total area in 2010-2015 and 2015-2020, respectively. The
additional urban area mainly came from agricultural and woodland areas, and 0.65% and
1.92% of the total area were transferred from those to urban areas, respectively, accounting
for more than 75% of the net increased in urban area in these periods.

The intensities of loss and gain and the components of temporal differences between
the two periods were quantified (Figure 3). Based on the intensity analysis, the contribution
of each category to the overall change was identified. Grassland, agricultural land, orchards,
urban land, and barren land were always active during both periods.
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Table 5. Land use/cover change during the two periods (% of MRW).
Period Origin Category Woodland Grassland  Agriculture Orchard Urban Barren Water Sum Loss
Woodland 84.13 0.11 0.36 0.12 0.2 0.01 0.01 84.94 0.81
Grassland 2.51 1.59 0.02 0.06 0.1 0.01 0.03 432 2.73
Agriculture 0.02 0.01 3.18 0.1 0.45 3.76 0.58
Orchard 0.05 1.8 0.09 0.01 1.95 0.15
2010-2015 Urban 0 0 0 0 3.54 0 0 3.54 0
Barren 0.01 0.01 0.1 0.12 0.02
Water 0.01 1.36 1.37 0.01
Sum 86.66 1.72 3.63 2.08 4.38 0.13 1.4 100
Loss 2.53 0.13 0.45 0.28 0.84 0.03 0.04
Woodland 85.34 0.17 0.14 0.28 0.71 0.01 0.01 86.66 1.32
Grassland 0.15 1.28 0.09 0.13 0.06 0.01 1.72 0.44
Agriculture 0.02 0.07 2.16 0.15 1.21 0.02 3.63 1.47
Orchard 0.03 0.03 1.81 0.2 0.01 2.08 0.27
2015-2020 Urban 0 0 0 0 438 0 0 438 0
Barren 0.02 0.02 0.02 0.02 0.01 0.04 0.13 0.09
Water 0.03 0.01 0.11 0.03 1.22 14 0.18
Sum 85.56 1.58 2.44 2.5 6.6 0.05 1.27 100
Loss 0.22 0.3 0.28 0.7 2.22 0.01 0.05
Note: Blanks indicated less than 0.005% of the total MRW area.
Gain Loss I:’Quantityl:]Exchangel:lShift
Dormant Active
Woodland Woodland - Gain
Grassland Grassland Loss
w
; Agriculture Agriculture - Loss
(q\]
| Orchard Orchard - Gain
(—)
v Urban Urban | Gain
—
N Barren Barren 4 Gain
Water Water - Gain
0 l|0 2‘0 3‘0 4‘0 5‘0 6‘0 7‘0 0 1‘0 2‘0 3’0 4‘0 5’0 6‘ 0 7’0 8‘0 9‘0 1 l’]O
Dormant Active
Woodland Woodland - Loss
Grassland Grassland - Loss
—
& Agriculture Agriculture - Loss
—
(T] Orchard Orchard - Gain
u
y— Urban Urban - Gain
—
N Barren Barren - Loss
Water Water - Loss
0 1|0 zlo 3|0 4|0 5I0 6I0 7|0 0 IIO 2I0 3I0 4|0 5'0 6I0 7I0 8I0 9I0 1 II]O
Change intensity (%) Difference intensity (%)

Figure 3. Intensity analysis of land use for the two periods.

3.2. Model Training and Validation

The RF models were trained with the data during 2010-2015 with AUC more than
0.950 and then tested with the observed data in 2015-2020. The RF models performed well
for each land use category with average AUC value of 0.916 for the testing period (Figure 4).
During the testing period, AUC values ranged from 0.844 for barren land to 0.981 for water
areas in the MRW. Overall, high model performance was identified when estimating the
transition suitability of woodland, agricultural areas, orchard, urban areas, and water areas,
whereas low accuracy was observed for grassland and barren land.
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Figure 4. Performance of RF model for land use in the MRW.

The contributions of each driving factor to the output of the RF models are shown in
Figure 5. The distributions of human-impacted land uses, such as urban and agricultural

land, may be highly controlled by local socioeconomic development, whereas the natural

land use in the MRW may be highly related to topographic variation. Population, VIIRS
nighttime lights, and slope were the most important factors influencing the distribution of
urban area. Population and slope were important factors influencing the distribution of
agricultural land. By contrast, natural land use may have been influenced by topographical
variables. The most important factor influencing the distribution of woodlands was slope,

while the most important factor influencing the distributions of water was elevation.

Barren

Orchard

Figure 5. Variable importance for determining land use change based on RF models. Note: EL,

SL, AS, MO, RA, CI, ED, EN, PO, and NL represent elevation, slope, aspect, distance to motorway,
distance to high-speed railway, distance to city center, distance to education facilities, distance to

entertainment facilities, population density, and VIIRS nighttime lights, respectively.
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The land use patterns of the MRW in 2020 were simulated based on the proposed
model (Figure S4). The simulated land use was highly consistent with the observed
land use. Although the accuracies of barren land (producer’s accuracy = 68.30%, user’s
accuracy = 61.70%, FOM = 0.60) and grassland (producer’s accuracy = 60.98%, user’s
accuracy = 84.59%, FOM = 0.64) were lower than those of other land-use categories, the
proposed model is suitable for predicting land-use change in the MRW. The overall accuracy

of the map was 0.971 (Table 6).

Table 6. Accuracy assessment for the proposed method (% of MRW).

Woodland Grassland  Agriculture = Orchard Urban Barren Water
Overall accuracy 98.59% 99.46% 98.73% 99.18% 98.53% 99.91% 99.78%
Producer’s accuracy 99.76% 60.98% 96.59% 75.60% 78.00% 68.30% 96.72%
User’s accuracy 98.63% 84.59% 66.74% 92.20% 99.89% 61.70% 87.32%
FOM 0.99 0.64 0.65 0.75 0.78 0.6 0.85
Overall accuracy of map 0.971
Kappa * 0.884
* Note: Kappa is a metric we do not encourage. We include it here to help the user better understand its misleading
properties and make comparisons with related studies. For a detailed discussion of its drawbacks, see Pontius
and Millones [50].
3.3. Land Use Change under Different Scenarios
Based on the conditions set under the three development scenarios, transition suit-
ability images were simulated using the RF models (Figures 6,55 and S6). In Scenario I,
the patterns of land use change were identified under the assumption that changes in land
use will develop under the environmental setting of 2020 (Figure 7). The results show that
there are no new barren areas and that approximately 81.8% of the barren land may be
transferred to other types of land use, including urbanized land, orchard, agricultural land,
and grassland. Urban area continues to increase during this process.
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Figure 7. Patterns of land use change under Scenario I.

The transformation patterns of land use were also evaluated under Scenario II, which
assumes that social and economic factors improve with increasing population and GDP
(Figure S7). The results indicate that barren land may be more frequent and that there
would be a gain of approximately 9.1% of new barren areas during this process. The
process of urbanization may be more complex under Scenario II, and it was found that
approximately 0.5% of urban areas may transfer to other types of land use.

The spatial planning of related facilities may have influenced land-use patterns in the
MRW (Figure S8). Compared with the transformation pattern under Scenario II, barren land
may be less prominent under the assumption of this scenario. There was no newly gained
barren land under the assumptions of Scenario III. The intensity of agricultural activities
may be less pronounced in Scenario III. The gains of orchards and agricultural land under
Scenario III were 45.3% and 7.6%, respectively (Figure S8). In contrast, gains of approxi-
mately 46.2% and 9.3%, respectively, could be obtained under the assumption of Scenario
II. In addition, the process of urbanization may still be complex under this scenario.

4. Discussion
4.1. LUCC in the MRW

Chinese cities are undergoing rapid anthropogenic disturbance, and the LUCC in
China has recently drawn much attention [6,10]. The pattern of land use in the MRW
during 2010-2020 was analyzed in this study (Table 4, Figure 3). Land transformation
accelerated across the two time intervals, which is consistent with the accelerating economic
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development in Southeast China (Figure S1). This finding is consistent with those of
previous studies conducted in related area [6,31].

The change in grasslands was pronounced in the two time intervals and was most
prominent during 2015-2020. During this period, most of the newly gained grasslands
were converted from woodlands, agricultural lands, and barren lands (Table 2). On the one
hand, land-use policy may play an important role in the LUCC. For example, as reported
by a study in the Yanhe River Watershed in China, conversion from agricultural land
to grassland was observed after application of the Gain for Green Policy in China [51].
On the other hand, frequent mutual transformation of different land-use categories was
observed because of environmental conditions, economic development, and land resources
status [52]. For example, some forests may be replaced by shrubs, grassland, and barren
areas because of frequent disturbances, such as wildfires and deforestation [31,53]. This
result is similar to the trend observed in Asia, indicating that the most intensive transition
to grassland is from shrubs [48].

In this study, an efficient hybrid geospatial explicit approach was developed based on
an RF model combined with CA and Markov models to understand the patterns of land use
in a large watershed in Southeast China. Although the CA-Markov model has been widely
used in landscape and urban planning, development of suitability maps for this model has
not improved over the past few decades [13]. For example, Arsanjani et al. (2013) proposed
a hybrid CA-Markov model that coupled environmental and socioeconomic variables with
the logistic regression method and achieved outcomes with a match of 89% for simulated
land-use maps [12]. Compared with the conventional CA-Markov model, the revised
CA-Markov model with multiple spatial driving factors may improve the performance
of LUCC modeling. Rani et al. (2022) indicated that the model accuracy improved from
47.90% to 81.36% by complementing it with a multilayer perceptron method [21]. The RF
model has the advantage of exploring the relationships between land use and local factors,
particularly nonlinear relationships. The accuracy of the proposed method was relatively
high, and the method proved satisfactory for land-use modeling. The overall accuracy
of the simulated map was 0.971. Compared to those of other land- use categories, the
accuracies for grassland and barren land were relatively low (Figure 4). Uncertainty from
the input data, parameters, model structure, processes, and mathematical representation
may influence the performance of land use models [54-56]. Recently, Lu et al. (2020)
suggested that the percentage of land use may also affect the performance of the models [56].
This study confirmed that the total areas of barren land and grassland in the MRW were
less than those of other categories of land use, and data for training and testing RF models
may be insufficient.

4.2. Driving Factors for Land Use Change

The evolution of land use is affected by regional environmental settings, socioeconomic
development, and related policies [12,18]. The LUCC is controlled by the interactions
between human activities and the natural environment [35,57]. The driving factor of LUCC
may play different roles in simulating LUCC at different scales. Consider recent studies in
China as an example. When research attempts to predict LUCC on a national scale, spatial
climate variability is considered as a factor that alters natural landscape dynamics [57,58].
In contrast, for regional land use modeling, anthropogenic factors, such as traffic conditions,
socioeconomic development, and policies, may make a more significant contribution to the
local LUCC [12,35]. Land use models are valuable tools for understanding land use changes
and identifying the potential outcomes of policies or strategies [21,35]. The importance
of the driving factors influencing land use change was identified using the RF models
(Figure 5). This result indicated that socioeconomic factors may significantly affect the
urban sprawl. Population density and VIIRS nighttime lights were the major factors that
influence the distribution of urbanized land in the MRW (Figure 5). These results are
consistent with the findings of previous studies [10,18,30]. Topography is one of the most
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important factors influencing human-induced land use. In this study, we found that slope
highly influences the distributions of urbanized land and agricultural land in the MRW.

Topographic factors such as elevation and slope gradient can reflect land productiv-
ity [59]. Areas with steep slopes may be more difficult to develop and use, and lower
economic benefits may be achieved on these lands, which have a lower probability of
change. Thus, natural or semi-natural land uses were likely to exist in these areas [12,18,59].
For example, Lei et al. (2019) indicated that the probabilities of fallow, forest, or or-
chard/garden increase by 35.7%, 34.7%, and 50.3%, respectively, with a 1 degree increase in
slope in a rural lowland catchment in Germany [18]. Viana et al. (2021) also proposed that
slope can be used as an explanatory factor for agricultural land use, and different threshold
values were found in the Beja district in southern Portugal [24]. In contrast, urbanized
land use is usually observed in areas with flat terrain [10]. Price et al. (2015) indicated that
flat areas are likely to be subject to strong urbanization pressures as well as agricultural
abandonment [58]. In this study, we also found that the distribution of woodlands was
highly related to slope in the MRW. The dynamics of urbanized land use and agricultural
land use may be modified by difference of slope in the MRW.

4.3. Effects of Spatial Planning on the Dynamics of Land Use Change

This study simulated land use patterns under different scenarios (Figures 7,57 and S8). Over-
all, urbanized land was still dynamic in these scenarios, and most of the newly urbanized
areas were transformed from the agricultural land and woodland. Similar studies in the
former socialist countries in Europe such as Slovakia and Romania have also found that
agricultural land may be replaced by urbanized land to meet the market demands under
changing policies [60]. With increasing demands of the market, the process of urbanization
becomes more complex, and some urbanized land may even be lost. More woodland was
transferred to urbanized land under Scenarios II and III (Figures S7 and S8). As a result of
the rapid economic development and high population in highly urbanized areas, urbanized
land may increase in these areas for urban sprawl, while urbanized land may diminish
in rural areas because of decreasing population. Similar results have been observed in
related studies conducted in China. For example, Zhou et al. [10] found that the urban land
area in Chongming District, a rural area of Shanghai, experienced negative growth during
2015-2020 while the urban area of Shanghai increased continuously.

Spatial regional planning plays an important role in land-use development [10]. By
comparing the scenarios of rapid economic development and high population (i.e., Scenar-
ios II and III), we found that regional planning may reduce the effect of land degradation
during urbanization. Although more urbanized land may have been gained under these
scenarios, higher land abandonment was observed under Scenario II (Figures S7 and S8).
Because of the unconstrained development and limited facilities to meet the demands
of people, the land use change patterns were more intense under Scenario II, and more
orchards, agricultural land, and barren land were gained than under Scenario IIL. On one
hand, as a result of the limited facilities, demands in urbanized areas may increase; thus,
agriculture and orchard land may increase nearby. On the other hand, with unconstrained
development in this area, more areas may be developed without limitations; thus, more
land may be abandoned, and more barren land may be gained.

5. Conclusions

We developed a machine learning-based CA-Markov method to understand the LUCC
in the MRW under different scenarios. Using land-use maps (2010, 2015, and 2020) and
spatial driving factors (i.e., topographic, proximity, and socioeconomic variables), suitable
images for each category of land use were re-constructed using the RF method. When
combined with these images, the proposed CA-Markov method exhibited acceptable
performance, and overall accuracy for LUCC was 0.971. Lower accuracies were observed
in the grassland and barren land simulations. Analysis of the LUCC during 2010-2020
revealed that transformation has been accelerating in recent decades, which is consistent
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with accelerating socioeconomic development in the MRW. Urban area increased by 0.84%,
and 2.22% of the total area in 2010-2015 and 2015-2020, respectively, accounting for more
than 75% of the net increase in urban area in these periods. Using the RF model, the most
important driving factor for land use change was identified. The distribution of urbanized
land use in the MRW was highly related to spatial variation in population, VIIRS nighttime
lights, and slope. In contrast, the distribution of natural land use was more sensitive to
spatial variations of topographic factors. Additionally, this study analyzed the possible
LUCC patterns under different land use policies, which indicated that spatial planning
may play a non-negligible role in land use evolution. This study provides an in-depth
understanding of the LUCC patterns under various strategies.
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