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Abstract: We coupled the global climate models (GCMs) from the sixth phase of the Coupled
Model Intercomparison Project (CMIP6) and Future Land Use Simulation model (FLUS) to evaluate
land use change in the Bailong River Basin (BRB) under three shared socioeconomic pathway and
representative concentration pathway scenarios (SSP1-2.6, SSP2-4.5, SSP5-8.5). Additionally, we
used calibrated soil and water assessment tools (SWATs) to evaluate the streamflow in the BRB from
2008 to 2100 under the combined influence of climate and land use changes. The results indicate that
(1) under the SSP126-EP scenario, forests have been well preserved, and there has been an increase
in the combined area of forests and water bodies. The SSP245-ND scenario has a similar reduction
pattern in agricultural land as SSP126-EP, with relatively good grassland preservation and a moderate
expansion rate in built-up land. In contrast, the SSP585-EG scenario features a rapid expansion of
built-up land, converting a significant amount of farmland and grassland into built-up land. (2) From
2021 to 2100, the annual average flow increases under all three scenarios, and the streamflow change
is most significant under SSP5-8.5. (3) Compared to the baseline period, the monthly runoff increases,
with the most significant increase occurring during the summer months (June to August). This study
offers a thorough assessment of potential future changes in streamflow. Its findings are expected to
be applied in the future to improve the management of water resources at a local level.
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1. Introduction

Climate change can significantly impact the components of societal services, such as
agriculture, water resources, and ecology [1]. The Intergovernmental Panel on Climate
Change reports that average global surface temperatures during the period 2001-2020 were
0.84-1.10 °C higher compared to pre-industrial levels (1850-1900). Since the 1950s, there
has been a notable rise in both the frequency and intensity of intense precipitation events
across the majority of land regions [2]. If CO;, and other greenhouse gas emissions are
not significantly reduced, warming in the 21st century is expected to exceed 1.5 °C and
2 °C [2]. With the further intensification of global warming, rising temperatures have led to
increased evapotranspiration and atmospheric water vapor content, altering precipitation
patterns and intensity. This exacerbates global hydrology [3-5] and significantly affects
streamflow [6,7]. In recent years, the impact of climate change on streamflow, particularly
the potential changes in streamflow under different future climate scenarios, has become
a focus of scholarly attention [8,9]. The Coupled Model Intercomparison Project Phase 6
(CMIP6) has introduced ScenarioMIP, a project based on shared socioeconomic pathways

Sustainability 2024, 16, 3901. https:/ /doi.org/10.3390/5u16103901

https:/ /www.mdpi.com/journal/sustainability


https://doi.org/10.3390/su16103901
https://doi.org/10.3390/su16103901
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://doi.org/10.3390/su16103901
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su16103901?type=check_update&version=2

Sustainability 2024, 16, 3901

20f19

(SSPs) and representative concentration pathways (RCPs) aimed at enhancing climate
modeling and forecasting [10]. ScenarioMIP offers valuable data for addressing water
resource concerns. Incorporating these forecasted scenarios into hydrological models
can improve our comprehension of how climate change and societal factors impact the
hydrological system’s physical processes [11]. Evaluating how climate change affects the
hydrological system is essential for developing adaptive approaches in water resource
management, mitigating debris flow risks, and ensuring ecological preservation [12,13].
This evaluation usually entails acquiring projected climate variables, like precipitation
and temperature, from climate models, and incorporating them into hydrological models
to simulate forthcoming hydrological processes. Shiferaw et al. [14] applied downscaled
outputs from CMIP5 climate models to fuel the soil and water assessment Tool (SWAT),
predicting streamflow in Ethiopia’s northern Ilala watershed for different periods in the
21st century. The findings indicated that under RCP4.5, streamflow rose by 1.74% to 0.74%
compared to the baseline period of 1980-2009, while under RCP8.5, it increased by 0.76%
to 0.36%.

In addition to climatic factors, changes in basin streamflow are influenced by anthro-
pogenic factors [15]. Streamflow in a basin is influenced by anthropogenic factors, with
land use and land cover (LUCC) representing the most direct factor [16]. This change
significantly impacts hydrological processes in the basin, including surface evaporation,
surface vegetation interception, and soil hydrological conditions, thus affecting the basin’s
water balance [17]. Relevant studies have indicated that neglecting LUCC increases the
uncertainty in streamflow predictions [18-20]. Consequently, the impact of LUCC cannot
be overlooked in basin streamflow prediction studies. Nonetheless, present research still
has limitations when forecasting basin streamflow under the joint impact of climate change
and LUCC.

In terms of land use prediction, much of the related research assumes that future
LUCC will continue past developmental trends. Land use simulation serves as a crucial
element in land use/land cover (LULC) investigations, allowing for simulations to occur
over a brief period by leveraging current land classification data [21]. Cellular automata
(CA) have been extensively employed as a geographical model to simulate and analyze the
spatiotemporal variations in LULC influenced by different factors and driving forces [22,23].
While most research on CA modeling has focused on improving technical methods and
model accuracy, there is a lack of understanding of the fundamental concepts of the model
and research on the causes of LULC changes [24]. The FLUS model is developed based
on the CA model [25]. The model integrates the foundational aspects of CA models while
leveraging machine learning techniques to grasp intricate connections between land use
transformations and their influential factors. This integration enhances the precision of land
use simulations [26]. Most existing streamflow prediction studies typically use historical
land use data. However, we projected future LUCC using the FLUS model, integrating it
with more dependable CMIP6 global climate model (GCM) data to forecast streamflow
variations in the 21st century within the BRB.

The BRB is a high-risk region prone to debris flows, with the regular incidence of
such events presenting a significant hazard to the lives and possessions of the local popula-
tion [27]. Surface hydrological processes play a crucial role in forming debris streamflows,
with surface streamflows being particularly prominent. When the material carried by sur-
face streamflow reaches a certain level, a highly hazardous debris streamflow is formed [28].
Accurately predicting future variations in streamflow is crucial for effective disaster pre-
vention related to debris flows and for ensuring sustainable socioeconomic development in
the area. Our research objective is (1) to build a SWAT model suitable for the BRB and (2) to
simulate LUCC in the BRB from 2040 to 2100 using the FLUS model under three scenarios
(SSP1-2.6, SSP2-4.5, SSP5-8.5). (3) Based on the constructed SWAT model and using reliable
GCM s results and simulated LUCC scenarios to simulate streamflow in the BRB in the
21st century, we aim to comprehensively reveal potential changes in future streamflow in
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the BRB and provide references concerning the management and preservation of water
resources in watershed environments.

2. Materials and Methods
2.1. Study Area

The BRB, situated in the southern Gansu Province, serves as a key right bank tributary
of the Jialing River positioned around 32°36'-34°24’ N and 103°00'-105°30" E and covering
a total area of 17,756 km? (Figure 1). Originating at the junction of Luqu County in
the Gannan Tibetan Autonomous Prefecture, Gansu Province, and Ruoergai County in
Sichuan Province near Langmusi, it flows from northwest to southeast across Diebu County,
Tanchang County, Zhouqu County, Wudu District, and Wen County before merging with
the Jialing River in Sichuan Province. The research area is a typical arid and hot river valley
region, featuring an annual mean temperature spanning from —3.86 °C to 15.72 °C and
an annual average precipitation of 500-900 mm. During the months of June to September,
80% of the total annual precipitation occurs, with frequent heavy rain in the summer [29].
Climatic conditions cause streamflow in this basin to exhibit significant spatiotemporal
differences, making it highly prone to debris flows. Streamflow variations within the
research area are extremely important for ensuring the normal operation of local ecological
security and socioeconomic systems.
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Figure 1. Location map of the BRB.

2.2. Data Source and Pre-Processing

The land use data was collected from the natural resource bureaus of five counties in
the BRB for the second (2010) and third (2020) national land use surveys. The soil database
is sourced from the National Cryosphere Desert Data Center (NCDC) and consists of two
parts: a spatial database and an attribute database. The spatial database delineates the
spatial arrangement of diverse soil types, whereas the attribute database encapsulates the
physical and chemical characteristics of each soil type, encompassing factors like depth,
texture, and predominant elemental composition. Daily meteorological data, comprising
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measurements like precipitation, maximum and minimum temperatures, solar radiation,
relative humidity, and wind speed, is sourced from the meteorological station records
maintained by the National Meteorological Center. The hydrological data consisted of
real measurements collected from hydrological stations located along the Bailong River,
including daily streamflow monitoring data from two hydrological stations in Wudu
District and Bikou Town from 2005 to 2020. These data were utilized for the calibration and
validation of parameters in the SWAT model (Table 1).

Table 1. Locations of hydrological stations.

Station East Longitude North Latitude Year
Wudu 104°55' 33°23' 2005-2020
Bikou 105°15 32°45' 2005-2020

The CMIP6 model emphasizes the driving role of different socioeconomic develop-
ment patterns in climate change through coupled SSPs and RCPs (SSP-RCPs) [30]. We used
the following three typical SSP-RCP scenarios to consider a wider range of possibilities for
future development. SSP1-2.6 (a combination of SSP1 and RCP2.6) represents a sustainable
and green development pathway, emphasizing sustainable socioeconomic growth, low
greenhouse gas emissions, and a focus on more inclusive development. SSP2-4.5 (a combi-
nation of SSP2 and RCP4.5) represents a middle-of-the-road pathway, reflecting a world
that follows an intermediate socioeconomic and technological development path with mod-
erate greenhouse gas emissions. SSP5-8.5 (a combination of SSP5 and RCP8.5) epitomizes
a high-end forcing pathway marked by resource-intensive development, material-intensive
consumption practices, and elevated reliance on fossil fuels, leading to increased green-
house gas emissions [31].

Given that enhanced resolution facilitates improved capture of climate diversity in the
intricate topography of the BRB, we opted for ten GCMs from various nations featuring
relatively high spatial resolutions (Table A1) [32]. We downloaded GCM data for precipi-
tation, downward surface shortwave radiation, surface air temperature (tas), maximum
surface air temperature, minimum surface air temperature, surface relative humidity, and
surface wind speed from the Lawrence Livermore National Laboratory website for the
period 2000-2100 within the study area. We also validated the model data accuracy using
meteorological station measurements from 2000 to 2020.

This study graphically represents monthly precipitation and minimum and maximum
temperatures for the historical period (2000-2020) using Taylor diagrams (Figures 2 and 3)
for ten models. The BCC-CSM2-MR simulation demonstrated a substantial correlation
coefficient of 0.8 when compared to the observed data, showcasing a high level of reli-
ability within the BRB. Therefore, this study selected the BCC-CSM2-MR model, which
demonstrates a relatively good simulation performance within the study area for future [33]
projects and was developed by the National Climate Center of the China Meteorological Ad-
ministration. It is a multi-layer coupled global climate—carbon cycle model with advantages
in simulating China’s regional climate [34]. The four future periods chosen are 2021-2040,
2041-2060, 2061-2080, and 2081-2100, and the baseline period selected was 2008-2020.

The 1 km x 1 km population and Gross Domestic Product (GDP) spatial grid data were
sourced from the Resource and Environmental Science Data Centre of the Chinese Academy
of Sciences. Concurrently, the population and economic gridded datasets corresponding to
the SSPs were retrieved from the Science Data Bank at https://www.scidb.cn/en/detail?
dataSetld=73c1ddbd79e54638bd0ca2a6bd48e3ff&dataSetType=organization (accessed on
1 April 2024).
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Figure 2. Taylor plot between GCMs and observed precipitation.
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Figure 3. Taylor plot between maximum and minimum temperatures for GCMs and observa-
tional data.

2.3. FLUS Model

The FLUS model was utilized for simulating LUCC within the BRB. Initially, we
classified land use into 13 distinct classes based on basin-specific land use types. Sixteen
spatial driving factors were then chosen to train the Artificial Neural Network (ANN)
model (Table 2). These 13 land use categories are aligned with 13 output layers. The
model underwent training on these driving factors and existing land use data to generate a
probability distribution map. Subsequently, leveraging the adaptive inertia competition
module within the FLUS model, starting from the land use configuration in 2010, we
projected and analyzed land use transformations up to 2020. To validate these projections,
we compared and assessed the simulated outcomes against the actual land use data for
2020 using the Kappa statistic.

Py —Pc

o (M)

Kappa =
where Py, P., and Pj, denote the proportion of correct simulations, the correct proportion
of the model under random conditions, and the proportion of correct simulations under
ideal classification conditions. The verification outcomes indicated an overall accuracy
and Kappa coefficient of 84.25% and 88.81%, respectively. These results validate that the
simulation accuracy aligns with expectations, indicating that the model adequately captures
LUCC patterns in the BRB. Consequently, the simulation outcomes are deemed reliable and
suitable for predicting land use scenarios for 2040, 2060, 2080, and 2100 [35,36].

In this study, three prominent SSP-RCP scenarios from CMIP6 were chosen and
integrated with potential future development models to create the following scenarios:

1.  SSP1-2.6 and the Ecological Protection Scenario (SSP126-EP): Emphasizing ecolog-
ical preservation, this scenario prioritizes social and economic progress guided by
ecological protection, achieving sustainable green development.
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2. SSP2-4.5 and the Natural Development Scenario (SSP245-ND): This scenario is rooted
in the existing trajectory of land use development evolution without significant
alterations.

3. SSP5-8.5 and the Economic Growth Scenario (SSP585-EG): Focused on economic
advancement, this scenario is centered on maximizing economic growth, heavily
relying on extensive fossil fuel utilization and economic enhancement [37].

To investigate LUCC under diverse SSP-RCP scenarios, four primary driving factors
were selected—GDP, population, temperature, and precipitation. These factors are antici-
pated to undergo substantial changes in future scenarios, exerting significant influences on
LUCC [38].

Table 2. Drivers of LUCC.

Category Data Type Original Resolution Source
Population 1km http://www.resdc.cn (accessed on 1 April 2024)
GDP 1km http:/ /www.resdc.cn (accessed on 1 April 2024)
Proximity to
Socioeconomic Settlements
factors Proximity to railways
Proximity to highways Shpfile http://www.ngcc.cn/ngec/ (accessed on 1 April 2024)
Proximity to primary roads
Proximity to secondary roads
Proximity to tertiary roads
Precipitation 1km http://www.resdc.cn (accessed on 1 April 2024)
Temperature 1km http:/ /www.resdc.cn (accessed on 1 April 2024)
Elevation 30 m http:/ /www.giscloud.cn/ (accessed on 1 April 2024)
Environmental Slope 30m http://www.giscloud.cn/ (accessed on 1 April 2024)
elements Primary rivers and water bodies Shpfile http:/ /www.ngcc.cn/ngec/ (accessed on 1 April 2024)
Soil type 1km http://www.ncdc.ac.cn (accessed on 1 April 2024)
Soil content 1 km https://www.fao.org/home/en/ (accessed on 1 April 2024)
Soil organic matter 1km https:/ /www.fao.org/home/en/ (accessed on 1 April 2024)

2.4. SWAT Model

The SWAT, originating in the United States, stands as one of the initial semi-distributed
watershed hydrological models and is designed to evaluate the evolving effects of water-
shed management strategies on water, sediment, and nutrients [39]. Given its unrestricted
accessibility, the SWAT has found extensive utilization across global watershed manage-
ment contexts encompassing diverse physical attributes [40,41]. We used ArcSWAT2012 to
establish a surface water hydrological model of the BRB. We input meteorological data and
the location data for weather stations within and near the BRB. Moreover, within the SWAT
model, soil information, vegetation data, and a weather generator were incorporated to
replicate streamflow dynamics in the BRB from 2005 to 2100.

The SWAT-CUP automatic calibration tool optimized the model using streamflow
observations from hydrological stations. In our evaluation of the model, we utilized the
coefficient of determination (R?) and the Nash-Sutcliffe efficiency (NSE). In the SWAT
calibration and validation outcomes, a model simulation was considered effective when the
NSE exceeded 0.50 and R? surpassed 0.50, indicating a satisfactory model performance [42].

[T (Qo, iQ0) (Qun, i — Q)

R? = — - 2)
i (Q, i — Qo) L (Qu, i — Qn)*
—~ 2
NSE = 1— E](Q"—_(Em)’z 3)

where Q, ; is the ith observation value; Q, is the average observation value; Qy, ; is the ith
simulated value; and Qy, is the average simulated value.
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3. Results
3.1. Lucc Prediction Based on SSP-RCP Scenarios

The spatial distribution maps illustrating land use forecasts (Figures 4—6) reveal
that forested regions, predominantly comprising forested land, constitute the majority
(66.63-76.88%) and are predominantly situated in the western and southern sectors of the
research area. The most extensive coverage is observed in Diebu County. Grasslands come
next (comprising 8.18-11.54%) and are mainly located on the slopes of the valley. Farmland
and built-up land are concentrated in flat regions along the Bailong River and its tributaries.
Wudu District has the largest area of built-up land, and Tanchang County has the most
extensive area of farmland.
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Figure 4. Spatial distribution of land use in the BRB under the SSP126-EP scenario during 2040-2100.
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Figure 6. Spatial distribution of land use in the BRB under the SSP585-EG scenario during 2040-2100.

Under the SSP126-EP scenario, from 2040 to 2100, farmland is primarily converted to
forestland (11.1%), followed by built-up land and water bodies. Approximately 37.17%
of the unused land was converted into grassland and forestland. Specifically, 19.97% and
4.24% of grasslands were converted to forests and orchards, respectively. Furthermore,
14.67% of built-up land has been transformed into forestland. These changes increased in
forestland and water bodies, whereas built-up land, farmland, and unused land decreased
(Figure 7).

In the SSP245-ND scenario, in contrast to the SSP126-EP scenario, a substantial con-
version of forestland occurred, with 6713.2 km? being transformed into farmland and
44,983.89 km? into grassland. This transition resulted in a notable decrease in forest and
farmland areas, accompanied by an expansion in grassland and built-up areas, as depicted
in Figure 8.

In the context of the SSP585-EG scenario, distinct alterations in land types emerged
when compared to the SSP1-2.6 and SSP2-4.5 scenarios. Particularly noteworthy was the
notable increase in the conversion of farmland to built-up areas. From 2040 to 2100, a
significant shift was observed, with 1.96% of farmland being transformed into built-up
areas. However, 4.04%, 5.48%, and 6.56% of forestland, grassland, and orchard areas were
converted to farmland. Additionally, 6.0% of the grassland and 2.0% of the orchard areas
were converted into forestland. In summary, both forest and grassland areas decreased
overall, whereas built-up land and farmland areas increased (Figure 9).

The results of the above scenario simulation show that the range of LUCC will increase
between 2040 and 2100, promoting the conversion of grassland and farmland into forestland
and built-up land. The scale of mutual conversion of farmland, grassland, and forestland
has increased, mainly occurring around human settlements on both sides of the Bailong
River [43]. Research shows that under the SSP126-EP scenario, ecological projects such
as “natural forest protection” and “returning farmland to forest and grassland” promote
ecological protection in the Bailongjiang River Basin, which also leads to the conversion of
farmland into forestland and water bodies [44]. Under the SSP245-ND scenario, precipita-
tion and temperature are at moderate levels under suitable weather conditions, which also
provides the basis for the development of agriculture, resulting in an increase in farmland
and a large-scale reduction in forestland [26]. The SSP585-EG scenario represents a devel-
opment model with high fossil fuel consumption and rapid economic growth, resulting in
a significant increase in the size of built-up land. From 2021 to 2100, the total population of
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SSP585 is the lowest and shows a decreasing trend. However, this scenario has the highest
urbanization rate and the largest urban population. Compared with rural populations,
urban populations generally have higher food demands and consumption [45], resulting
in the greatest demand for farmland. In summary, economic, demographic, and climatic
factors are important influencing factors of future LUCC [46].
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Figure 7. Sangji map of land use area transfer under SSP1-2.6 scenarios from 2040 to 2100.
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Figure 8. Sangji map of land use area transfer under SSP2—4.5 scenarios from 2040 to 2100.
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Figure 9. Sangji map of land use area transfer under SSP5-8.5 scenarios from 2040 to 2100.

3.2. Historical Streamflow in the BRB

In our study of the BRB utilizing the SWAT model, we employed a warm-up period
spanning from 2005 to 2007, followed by a calibration phase from 2008 to 2009 and a
validation period from 2010 to 2011. The model calibration and validation were based
on runoff data sourced from two hydrological stations, specifically Wudu at sub-basin
24 and Bikou at sub-basin 41. To improve the accuracy of the model simulation, the model
parameters were first calibrated for the monthly flow (Figures Al and A2). After passing
the parameter calibration, the calibrated parameter range was re-entered into the model,
and the results obtained were calibrated for daily runoff.

During the period from 2008 to 2020, there was a distinct upward trend in streamflow,
indicating consistent growth. The streamflow exhibited an increasing trend with a growth
rate of 0.314 m3/s per year. From upstream to downstream, the streamflow gradually in-
creases, and the trend of streamflow change is consistent (Figure 10). The smallest streamflow
is observed at the Zhouqu station in the upper reaches (with a mean annual streamflow of
74.31 m3/s), but it shows the most significant increasing trend over time (with a growth rate
of 4.50 m?/s per year). The streamflow at the Wudu station ranks second, with an annual
average of 107.65 m3/s and an annual growth rate of 3.05 m?3 /s, which is lower than that of
the Zhouqu station. Conversely, the Bikou station downstream had the largest streamflow of
134.42 m3/s, yet it had the smallest annual growth rate of 2.58 m3/s (Figure A3).
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Figure 10. Annual streamflow in the BRB in 2020.
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3.3. Prediction of Streamflow in the BRB
3.3.1. Interannual Changes in Streamflow from 2040 to 2100

In our analysis, GCMs were employed to project future levels of various climatic
factors, comprising precipitation, temperature, solar radiation, wind speed, and relative hu-
midity (Figure A4), and were combined with the FLUS model to predict LUCC under differ-
ent SSP-RCP scenarios (Figures 4-6). Subsequently, we integrated these data with the SWAT
model to simulate future hydrological processes. Figure 11 shows the increasing trends in
streamflow under different scenarios from 2021 to 2100. Among these, the SSP5-8.5 scenario
exhibits the most significant streamflow increase trend (0.0436 m?/s/year), followed by
SSP2-4.5 (0.0195 m3 /s /year), SSP1-2.6 has the lowest increase trend (0.0177 m3/s/year).
Attribution analysis indicated that global climate models estimate a greater increase in
streamflow due to future precipitation, whereas the increase in evaporation is relatively
small. This suggests that evapotranspiration is less sensitive to radiation, water vapor
transport, and vegetation greening, leading to increased streamflow [11]. Compared to the
baseline period (2005-2020), the streamflow increased by 58.20-191.83% under the SSP1-
2.6 scenario, 46.48-195.63% under SSP2-4.5, and 50.96-203.39% under SSP5-8.5, indicating
that the streamflow change is most significant under SSP5-8.5. Forested areas in the BRB
account for over 70% of the total area, with high vegetation coverage and low levels of hu-
man development, resulting in a relatively moist natural environment. In a high-emission
scenario, rapid socioeconomic development and intensified urbanization could lead to
changes in future land use patterns and decreased vegetation coverage, gradually leading
to a drier basin [47].
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— SSP5-8.5
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R* = 0.0095
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S
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y = 0.0195x +31.402 R’ =0.0444

R’ =0.0087
20 T T T T T T T 1
2020 2030 2040 2050 2060 2070 2080 2090 2100

Years

Figure 11. Annual streamflow changes under various scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5) in
the BRB from 2021 to 2100.

3.3.2. Monthly Changes in Streamflow from 2040 to 2100

The trends in mean monthly runoff are largely consistent across all three scenarios,
with the highest streamflow occurring in July (57.68 m3/s, 55.68 m3/s, and 59.89 m3/s,
respectively), followed by August and June, while January and February exhibit the lowest
streamflow. The median change in streamflow for the winter months (January, February,
and December) was close to zero, suggesting that the predicted mean monthly runoff may
have remained at historical levels. However, the median change in streamflow is greater
than zero for the other months, with the most significant increases occurring during the
summer months (June, July, and August) (Figure 12).
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Figure 12. Boxplot of the mean monthly runoff and its variation under different scenarios from 2021
to 2100. The error bars represent 75% (upper limit) and 25% (lower limit) of streamflow variance.

In addition, we compared the differences between the predicted annual maximum
monthly runoff from 2021 to 2100 and the maximum monthly runoff during the baseline
period from 2008 to 2020. Figure 13 shows that the intra-annual differences in the max-
imum monthly runoff were significantly more pronounced than the differences in the
monthly average streamflow. There is a notable increase in the maximum monthly runoff
when compared to the baseline period, particularly evident from May to September. The
sensitivity of the maximum monthly runoff to climate change varied across the different
scenarios. Among the scenarios, SSP5-8.5 exhibits the greatest fluctuations in the maximum
monthly runoff within the year, followed by SSP2—4.5, while SSP1-2.6 shows the smallest
fluctuations. As per the future climate change projections within the SSP1-2.6 scenario, the
maximum monthly runoff occurred in August (73.20 m3/s), followed by July (72.61 m?/s);
under SSP2—4.5, the maximum is in July (95 m3/s), and under SSP5-8.5, the maximum
occurred in June (115 m3/s). Based on the median changes in the maximum monthly runoff,
the predicted variation in the maximum monthly runoff between 2021 and 2100 ranges
from 22.17% to 73.17%. The smallest change occurred in March under SSP4-2.5, whereas
the largest change occurred in August under SSP5-8.5.
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Figure 13. Box plots of maximum monthly runoff and its variations under different scenarios from
2021 to 2100. The error bars represent 75% (upper limit) and 25% (lower limit) of streamflow variance.

4. Discussion
4.1. Analysis of Changes in Streamflow

Numerous research studies have examined how climate change affects the flow of
rivers [48,49]. Numerous studies have extensively employed GCMs to predict and quantify
how climate change affects streamflow [50-52]. The results indicate that under different
RCPs, streamflow changes exhibit significant spatial variability. For instance, In a study by
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Shrestha et al. (2018) [53], it was observed that under the RCP8.5 and RCP4.5 scenarios, there
was a reduction in future streamflow by 19.5% and 24% in Thailand, respectively. However,
Wen et al. (2018) [54] reported that future scenarios under RCP2.6, RCP4.5, and RCP8.5
indicate that streamflow in southeastern China will rise due to increasing temperatures
and precipitation. According to our scenario analysis, most of the streamflow increase is
due to climate change, resulting in an increase of 0.557 m®/s, accounting for 90.075% of the
total change (Figure 14a). Therefore, change is the main factor contributing to increased
streamflow in the basin. Generally, increased precipitation leads to increased streamflow;
however, higher temperatures can reduce streamflow by increasing evaporation.

However, the complete examination of how LUCC influences streamflow remains
incomplete, with variations in this impact based on the specific watershed and scenario.
We analyze the impact of land use changes on runoff through scenario comparison. The
results indicate that the impact of land use on streamflow is less significant than climate
change, with streamflow changes ranging from —0.51 to 1.20 m3. Regions where LUCC
promoted an increase in streamflow accounted for 62.54% and are mainly located in the
mainstream of the Bailong River and the two banks of the Min River (Figure 14b). Human
activities densely populate these regions, and increased construction land leads to increased
streamflow. As urbanization accelerates, the built-up area has expanded significantly,
leading to an expansion of impervious surfaces and a sharp increase in both short- and
long-term streamflow [55-57]. The areas experiencing a decrease in streamflow are mainly
located between Zhouqu County and Wen County in the western part of the study area.
Since the 1990s, the BRB has implemented a series of large-scale afforestation and forest
conservation projects, such as the “natural forest conservation project” and the “returning
farmland to forest project” [58]. The significant increase in forest area has successfully
alleviated issues, such as soil erosion, dust storms, desertification, and debris flow disasters.
However, large-scale afforestation increases evaporation and reduces streamflow [59-61].
However, some studies have indicated that converting forests to farmland and grassland
may increase mean annual streamflow [62]. We simulated the scenarios (5SP126-EP) in
which the proportion of forestland was the highest and farmland and built-up land were
the smallest. In contrast, in the SSP585-EG scenario, forestland notably decreases, whereas
farmland and built-up land increase. From 2021 to 2100, the upward trend in streamflow
in the SSP5-8.5 scenario exceeded that of the SSP1-2.6 and SSP2—4.5 scenarios. Hence,
it is essential to assess the influence of climate change on hydrology and evaluate how
various LULC management policies impact streamflow in order to enhance water resource
management [63,64].

(2) (®)

34: N

Discharge (m?/s) 2 ?;’\1 7 Discharge (m?/s)
. -7.27 - -2.00 Pl (.51 --0.20
2,00 - 0.00 ik —0.20 - 0.00
z| 0.00 - 1.00 AR Py z| 0.00—0.04
8 1.00 - 2.00 gt ¢ o = 0.04-0.15
2.00 - 4.00 B 0.15-0.30
4,00 - 8.00 J Wgﬁ - 030 - 0.5
=300 11.62 el 055120 ;
0 20 40 80 km 0 20 40 80 km
S T Y R | I N N |

Figure 14. Spatial distribution of streamflow changes influenced by climate (a) and land use
changes (b).
4.2. Shortcomings and Prospects

(1) Future studies on climate change and its impacts inevitably involve uncertainty. Al-
though employing multiple GCMs can mitigate some of these uncertainties, there
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are still shortcomings. Subsequent research could select superior-performing climate
models to investigate future climate change and its impacts or attempt ensemble
modeling methods, such as multi-model median approaches, and ensemble meth-
ods based on the allocation of weights according to model performance, to reduce
prediction uncertainties further. Moreover, this study focused exclusively on three
SSP-RCP scenarios (SSP1-2.6, SSP2—4.5, SSP5-8.5) Subsequent research should con-
sider more climate projection scenarios to reduce the uncertainties associated with
climate scenarios.

(2) For the SWAT hydrological model employed in the streamflow prediction process,
uncertainty in the input data can lead to uncertainty in the model simulations. Future
research should thoroughly investigate the influence of data accuracy and resolution
differences on the simulation results. Bosshard et al. (2013) [65] quantitatively cal-
culated the contributions of GCMs, statistical methods, and hydrological models to
the uncertainty of short-term and long-term hydrological simulations in the Rhine
River Basin based on variance analysis methods. Jung et al. (2011) [66] considered
five factors, including GCM structure, future greenhouse gas emission scenarios,
LUCC scenarios, natural variability, and hydrological model parameters, to quantify
uncertain effects on urban flood changes. The results show that from 2040 to 2069,
climate change has a greater impact on basin floods than LUCC.

(3) During the streamflow prediction process, our focus was on examining the response of
streamflow in the BRB to the combined effects of climate change and LUCC, with a de-
liberate exclusion of human activities, like water resource development and utilization
from consideration. Indeed, real-world human activities, such as constructing reser-
voirs, implementing water intake projects, and modifying water usage patterns, have
the potential to modify the water cycle within the basin, consequently influencing the
generation and development of streamflow. Future research efforts should aim to en-
hance our comprehension of how climate change, LUCC, water resource management
strategies, and human interventions collectively influence streamflow dynamics.

5. Conclusions

We used the BCC-CSM2-MR model data suitable for the BRB combined with the
FLUS model and adopted three SSP-RCPs (SSP126-EP, SSP245-ND, SSP585-EG) to predict
the LUCC in the BRB from 2040 to 2100. Using the SWAT hydrological model, we fore-
casted alterations in streamflow within the BRB considering the joint impact of climate
change and LUCC. Our objective was to offer decision-making guidance for water resource
management and disaster mitigation in the region. The principal research findings are
outlined below.

(1) Between 2008 and 2020, streamflow within the BRB displayed a fluctuating upward
trajectory, primarily influenced by climate change and resulting in a noticeable increase
in streamflow. Compared to the impact of LUCC, the influence of climate change on
streamflow was more prominent (contribution rate ranging from 86.17% to 90.10%). (2) We
examined the context of different scenarios. In the SSP126-EP scenario, forestland preser-
vation was effective, leading to expansions in forested areas and water bodies. In the
SSP245-ND scenario, similar to SSP126-EP, a significant reduction in farmland with pre-
served grasslands and moderate built-up land expansion was found. In the SSP585-EG
scenario, notably, there was built-up land expansion, extensive farmland, and grassland
conversions to built-up land, which were especially concentrated along the Bailong River.
(3) Across all scenarios, streamflow demonstrates a rising trend from 2021 to 2100, with
SSP5-8.5 indicating the most substantial increase (0.195 m?/s/year). Summer streamflow
exhibits the highest values and the most pronounced rise, while maximum monthly runoff
variations surpass mean monthly runoff fluctuations significantly. (4) Future research
should apply more climate scenarios and fuse data to be more suitable for the BRB.
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Figure A1. Monthly measurement and verification results of SWAT models at Wudu and Bikou stations.
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Figure A2. Daily measurement and verification results of SWAT models at Wudu and Bikou stations.
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Figure A3. Interannual variation of streamflow in the BRB from 2008 to 2020.
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Figure A4. Climate data under different scenarios in the Bailong River Basin from 2020 to 2100.

Table A1. Basic information of 10 GCMs.

[CrossRef]

Number Model Name Country Institution Number of Grids
1 BCC-CSM2-MR China Beijing Climate Center 160 x 320
2 EC-Earth3-Veg Europe EC Earth consortium 256 x 512
3 GFDL-ESM4 USA Geophysical Fluid Dynamics 180 x 288

Laboratory
4 MRI-ESM2-0 Japan Meteorological Research Institute 160 x 320
5 MPLESM1-2HR  Germany Max-Planck-Institut fiir 192 x 384
Meteorologie
6 NORESM2-MM Europe NorESM Climate Modeling 192 x 288
Consortium
7 SAMO-UNICON Korea Seoul National University 192 x 288
. Russian Institute for Numerical
8 INM-CM4-8 Russia Mathematics Climate Model 120 > 180
9 CNRM-CM6-1 France Centre National dg Recherches 256 x 128
Meteorologiques
10 MIRCO6 Japan Japanese Research Community 128 x 256
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