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Abstract: Accurate runoff simulation and prediction are crucial for water resources manage-
ment, especially under the impact of climate change. In this study, a multi-physics ensemble
Bayesian model averaging (MPE-BMA) model is developed to improve runoff prediction
accuracy by integrating a soil and water assessment tool (SWAT), hydrologiska byréns
vattenbalansavdelning (HBV) model, and Bayesian model averaging (BMA) into a general
framework. The MPE-BMA model integrates the strengths of the SWAT and HBV models.
This approach enhances the robustness of simulation outputs and reduces uncertainties
from single-model methods. MPE-BMA is subsequently employed to simulate and predict
runoff for the upper reaches of Xiangxi River Basin (XXRB) in China, where four general
circulation models (GCMs) and three shared socioeconomic pathways (SSP126, SSP245,
and SSP585) are considered. Multiple statistical metrics (R%, NSE, and RMSE) prove that
the MPE-BMA model outperforms the single models of SWAT and HBV. Results reveal
that higher-emission scenarios generally lead to significant decreases in runoff, particularly
by the 2080s. Specifically, under SSP585, runoff is projected to decrease by approximately
4.61-12.68% by the 2040s and 5.96-11.28% by the 2080s compared to the historical period.
From the perspective of monthly and seasonal runoff changes, the peak runoff is projected
to shift from June to May by the 2080s. Additionally, under SSP585, spring and summer
runoffs tend to significantly increase, while winter runoff decreases sharply, leading to
wetter summers and drier winters. These findings underscore the importance of enhancing
water use efficiency, upgrading hydropower stations, and implementing watershed man-
agement practices to ensure sustainable water resources management in the XXRB amidst
climate change.

Keywords: Bayesian model averaging; climate change; HBV; runoff prediction; SWAT;
water resources management

1. Introduction

Accurate and reliable runoff prediction is crucial for making informed strategies
regarding water resources management and disaster risk reduction [1-3]. The failure to
predict runoff accurately has led to devastating consequences, as seen in several real-world
events. For example, between 17 and 23 July 2021, Zhengzhou City in Henan Province was
struck by devastating floods caused by unprecedented rainfall, which led to severe damage
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to both life and property. The State Council’s disaster response team reported that nearly
14.8 million people were affected across 150 counties and that the direct economic damage
was estimated at CNY 120.06 billion [4]. In 2024, Europe experienced its most widespread
flooding since 2013, with approximately 30% of the river network affected. These floods
resulted in at least 335 deaths, impacted over 410,000 people, and caused economic losses
exceeding EUR 18 billion. [5].

Climate change alters precipitation and evapotranspiration, affecting the distribution
of water resources over time and space [6-8]. The Intergovernmental Panel on Climate
Change’s Sixth Assessment Report (IPCC AR6) has indicated that the global surface temper-
ature from 2011 to 2020 has been 1.1 °C higher than that from 1850 to 1900 [9]. Furthermore,
the global climate is undergoing warming, and trends and uncertainties are intensify-
ing [10,11]. This will undoubtedly increase the complexity of runoff variation, thereby
exacerbating the urgency of water security issues as well as jeopardizing agricultural safety
and ecological well-being [12-14]. Consequently, it is imperative to pursue research into
the precise prediction of runoff in the context of global climate change.

Several global and regional studies have shown significant changes in runoff patterns.
These changes include alterations in the timing, intensity, and magnitude of river discharge,
driven by shifts in precipitation, temperature, and evapotranspiration. For example, Bai
and Zhao analyzed runoff changes in China and the impacts of climate change and land
use changes on runoff fluctuations, indicating that, from 1961 to 2018, the annual runoff
in China showed a significant increasing trend (p < 0.05), with a rate of change of 0.4 mm
per year. The study found that climate change contributed 54% to the observed changes
in runoff [15]. Gray et al. conducted grid-based runoff and urban runoff predictions,
suggesting that future hydrological climate conditions would be largely determined by the
climate scenarios in key runoff-producing regions, such as Southeast Asia, the Amazon
Basin, and mountainous areas outside of the United States [16]. Song et al. argued that
changes in climate factors, particularly precipitation and potential evapotranspiration, were
the primary drivers of hydrological changes in China. They found that climate change has
resulted in a reduction in runoff by 7.6 mm per year [17]. Wu et al. found that since the
1990s, surface runoff in Central Asia has been decreasing, with 44.6% of the region’s decline
primarily driven by reduced snowmelt and 33.2% driven by decreased precipitation [18].

Hydrological models are regarded as crucial tools for runoff prediction, which are
broadly categorized into data-driven models (DDMs) and physically based models (PBMs).
DDMs have been frequently employed in runoff prediction, including artificial neural
networks (ANNSs), support vector machines (SVMs), and other machine learning and deep
learning models [19-22]. DDMs boast advantages in their extensive applicability, robust
adaptability, and flexible deployment because there is no requirement for modeling de-
tailed physical processes within the watershed [23,24]. However, DDMs are constrained
by limited generalizability, a high reliance on data quality, poor interpretability, and sus-
ceptibility to overfitting. While these models may offer accurate predictions under specific
conditions, they may exhibit instability when faced with unknown scenarios [25-27]. In
comparison, PBMs based on fluid mechanics and hydrology demonstrate strong gener-
alizability. They facilitate predictive scenarios for future hydrological trends due to their
reliability in generating precise physical equations under appropriate parameterization and
data input conditions. Numerous PBMs grounded in different assumptions and parame-
terizations have been utilized for runoff prediction, such as SWAT, HEC-HMS, VIC, HBV,
and MIKE-SHE [28-31]. Among these PBMs, SWAT and HBV are recognized as the two
most prevalent models, lauded for their availability and capability to simulate hydrological
processes rapidly and accurately [32-34].
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In fact, different hydrological models exhibit diverse parameters and physical mech-
anisms. Each model emphasizes specific aspects in the interpretation and generalization
of hydrological processes, thus producing varied outputs from the same inputs. It is
challenging for a single model to adequately represent watershed hydrological processes.
Fortunately, several studies have devised a range of techniques to ensemble the simulation
results of different models to enhance prediction accuracy, such as a simple average ensem-
ble (SAE), a weighted average ensemble (WAE), gene expression programming (GEP), a
neural network ensemble (NNE), and Bayesian theory techniques. For example, Huang
et al. employed an SAE in HBV and SWAT hydrological models to predict runoff in the
upper reaches of the Yangtze River, suggesting that the integration of HBV and SWAT
can reduce uncertainty in future projections [35]. Esmaeili-Gisavandani et al. coupled
SWAT, HBYV, and three other hydrological models using GEP to simulate the flow of the
Hablehroud River in north-central Iran [36]. The results showed that the GEP-based hybrid
model significantly improved the performance of the individual models. Gelete et al. inte-
grated SWAT, HBV, and the Hydrologic Engineering Center-Hydrologic Modeling System
(HEC-HMS) using the NNE technique. The results indicated that in the validation phase,
the NNE technique improved the performance of SWAT, HBV, and HEC-HMS by 12.14%,
22.7%, and 26.8%, respectively [37]. Li et al. employed Bayesian theory to integrate infor-
mation from four global climate models (GCMs) under four SSP-RCP climate scenarios,
indicating that multi-model integration significantly enhanced data accuracy and reduced
the impact of uncertainty on climate change prediction [38]. Zhou et al. combined long
short-term memory networks, Bayesian theory, and transfer learning techniques to predict
the maximum water depth and flood time series using different meteorological inputs [39].
The integrated model reduced the average relative error from 9.5% to 0.76%, significantly
enhancing model compatibility and generalization. In general, ensembled techniques have
demonstrated strong prediction and simulation performance, with the application of Bayes’
theorem growing rapidly.

Bayesian model averaging (BMA), developed based on Bayesian theory, is a highly
representative method for ensemble prediction. BMA achieves a weighted average of multi-
ple models, with weights estimated based on the posterior model probability. BMA assigns
weights based on model performance. This reduces the risks of single-model reliance and
improves prediction reliability. Recently, BMA has gained substantial popularity across
various scientific disciplines. Moknatian et al. introduced BMA to integrate the simula-
tion results of the SWAT-Hillslope model (SWAT-HS) calibrated with different objective
functions, showing that the prediction intervals of multi-objective functions encompassed
94-97% of the observed values, significantly surpassing the performance of single-objective
functions [40]. Wei et al. employed BMA to integrate comprehensive precipitation data
from four datasets; the results demonstrated a 14% improvement in the accuracy of the
integrated dataset compared to the individual datasets [41]. Zhou et al. utilized the time-
varying BMA (TV-BMA) method to combine the results of three machine learning models
for predicting urban floods and warnings. The results demonstrated that the predictive
accuracy of the TV-BMA model was 11.4-50.4% higher than that of individual models [42].
Li et al. applied BMA to integrate the forecasting results of LSTM, GRU, and TCN in
Panyang Lake. This approach resulted in a 21% improvement in the Nash—Sutcliffe effi-
ciency (NSE) compared to individual models [43]. Generally, BMA is an ideal choice for
ensemble prediction in multiple physical hydrological models as it can reduce uncertainty
and provide more comprehensive information for decision-making.

Therefore, this study aims to develop a multi-physics ensemble Bayesian model
averaging (MPE-BMA) model for runoff simulation and prediction by integrating SWAT,
HBYV, and BMA into a general framework. The developed MPE-BMA model has merit
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in leveraging the strengths of both SWAT and HBV to aggregate the simulation outputs,
thereby enhancing prediction accuracy by offsetting the simulation errors of individual
models. Then, MPE-BMA will be applied to the upper reaches of the Xiangxi River Basin
(XXRB) in China to verify its practicality. The results are expected to improve the simulation
and prediction accuracy of runoff in the XXRB, which will provide more effective support
for future water resources management.

2. Material and Methods
2.1. Study Area

The upper reach of the Xiangxi River Basin (XXRB) is located in western Hubei
Province, China (110°47'-111°13" E, 30°96'-31°59’ N). Covering a catchment area of
3099 km? (Figure 1), the basin is characterized by high and sub-high mountains. The
dominant land use type is forest, which covers 87.36% of the watershed. The region ex-
periences a tropical semi-humid climate, with mild temperatures and abundant rainfall
throughout the year, although the temperature can exceed 30 °C in summer. The aver-
age annual temperature is approximately 17.1 °C, and precipitation ranges from 900 to
1200 mm annually, decreasing from northwest to southeast. The rainy season spans from
June to September, with heavy rainfall often causing rapid changes in river levels. The
flood season starts in April and lasts until October, followed by a dry season. From 1991 to
2008, the historical runoff showed a slight declining trend. Given the critical role that runoff
plays in water resources management, agriculture, and disaster risk reduction, studying
the hydrological processes in the XXRB is essential for developing strategies to address
future water-related challenges.
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Figure 1. Study area with hydrological and meteorological stations.

2.2. MPE-BMA Framework

Figure 2 presents the framework of the MPE-BMA model, consisting of four main
steps: (i) data collection and preprocessing, (ii) development of the MPE-BMA model,
(iii) projections of future temperature and precipitation using the statistical downscaling
model (SDSM), and (iv) prediction of future runoff using the MPE-BMA model. The
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SWAT and HBV models simulate hydrological processes based on specified input data,
each emphasizing different aspects of the hydrological cycle. To enhance the accuracy of
runoff simulation, the outputs from both models are ensembled using the Bayesian model
averaging (BMA) method. The MPE-BMA model does not merge the physical mechanisms
of the SWAT and HBV models, but instead combines the simulation outputs of the two
independent hydrological models through the Bayesian model averaging (BMA) method.
The SWAT and HBV models simulate runoff processes separately based on their respective
physical structures, preserving the integrity of their individual hydrological processes. The
BMA method statistically synthesizes the outputs by assigning different weights to each
model’s predictions according to their predictive performance and associated uncertainties.
Future runoff is then predicted using the MPE-BMA model, with SDSM providing higher-
resolution projections of climate variables, including temperature and precipitation.

Step1: Data collection and preprocessing

DEM, LUCC and Soil data Observed runoff Observed meteorology Future CMIP6 data (2025-2100)

(Xingshan hydrological station) (Xingshan meteorological station) GCM model
? SN

| TG

ACCESS-CM2 ACCESS-ESM1-5

Earth3-Veg-LR FGOALS-g3

= »UU“ ALJ M@A&JMLLL_ SSP scenarios
- T SSP126, SSP245, SSP585
Step3: Projections of future temperature and

Step2: Development of the multi-physics model ensemble by Bayesian Model Averaging (MPE-BMA) precipitation by the SDSM model

SWAT T HBV T o sbsm T
. Model P—
Evaporation: performance Response function : Model selection and establishment:
AR, ~G)+y—° e,) luation: b d-S()
. , ) evaluation PO=E0+OMD+— Y =B+ B X, BN, 4+ fX, e
A+ ) P . »
2 S0 -oxe-P) i ()= 0(ty) """ Y=Y 0 K (X, X)be
Water balance: Ll iy repas rpd| I " o :
) \;Z(O UY\‘Z(I Py i Soil moisture routine : Model evaluation:
SW,=SW,+3°(P,-0,~E,-W,-0,) dh r _ _ 12
i3 <, o2 Q=K-4-— 3 0, -0y, - P
River fl - NSE =1-£L — R | ——
Ivertiowrate: Zuz oy Routing routine : | > (0,-0)* Z (P, - P)*
Q:LA.RM:.SM Parameter O=k-P" $-0) .
- b_ By =0,
n update . e=Kk-p PBIAS =100x
©,
77777777777777777777777777777 ERIA - ——————————————— - ———————— = 2
Bayes’ theorem: Model weights: Final runoff: } Weather generator:
|
P(J»):iP(HJIK)P( M, ‘7\»’) ol= i‘_a‘ *(C, 7,,)1';,:2,,;”(; Ry = ReP(f|D)+...+ R +P(f|D) i Monte carlo simulation
= = = |

Step 4: Prediction of future runoff by the developed MPE-BMA model

ACCESS-GO2 ACCESS-ESM1-S FGOALS-g3

TPV Iy

Figure 2. Framework of the MPE-BMA model.

2.2.1. SWAT Model and Input Data

SWAT, a widely utilized process-driven distributed hydrological model, is selected
for its excellent performance in simulating soil infiltration and analyzing geographical
topography [44]. The SWAT model can divide the watershed into a series of sub-basins and
decompose complex ecological and hydrological processes into manageable units through
the integration of sub-models for different scales of simulation and analysis [45]. The water
balance equation in SWAT is essential for understanding the distribution and movement of
water within a watershed. It considers various hydrological components to simulate the
comprehensive water cycle. The water balance equation in SWAT is given by:

t
Swt:SWO+Z(Pd_Qs_Eu—WS_Qg) (1)
i=1
where SW; represents the final soil moisture content; ¢ is the calculation duration; SWy
denotes the initial soil moisture content; P; indicates the daily rainfall; Qs, E;, and Qg
denote the daily surface runoff, evapotranspiration, and subsurface runoff, respectively;
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and W; represents the daily lateral infiltration and leakage in the soil profile. Qs can be
calculated using the Manning equation [46]:

0, = % . A . RV667 . 05 2
where 1 stands for the channel roughness coefficient, which signifies the resistance of water
flow within the channel; A denotes the sub-watershed area; R represents rainfall, typically
expressed in terms of ¢ units; and S refers to the slope.

The SWAT model requires several key inputs, including the digital elevation model
(DEM), land use, soil type, meteorological data, and runoff data. Table 1 provides detailed
data sources and preprocessing steps. The spatial data consistencies of the DEM, land
use, and soil data are ensured by utilizing GIS tools. The flow network is generated using
flow direction and flow accumulation calculations, and rivers are extracted based on a
predefined flow accumulation threshold to determine the outlet points of the watershed.
Sub-basin subdivision is automatically completed based on the river network and control
points, with the option to manually adjust the control points to meet research needs. This
study divided the entire watershed into 29 sub-watersheds and generated the boundary
layer for each. Further HRU subdivision is performed within sub-basins based on factors
such as land use, soil type, and slope, further subdividing the hydrological response units.

Table 1. Data sources and corresponding processing.

Data

Data Sources Processing

2000 China land use remote sensing ~ Natural Resources Research—CAS

Institute of Geographic Sciences and

monitoring data (LUCC) (http:/ /www.resdc.cn accessed on Reclassify
19 October 2020)
Geographical Spatial Data Cloud
30 m x 30 m resolution DEM (digital Website—CAS Hvdrolosical model analvsis
elevation map) data (http:/ /www.gscloud.cn accessed on y & y
20 October 2020)
Harmonized World Soil Database
1:1,000,000 spatial soil data (https:/ /www.fao.org accessed on Hydrological model analysis
23 October 2020)

Daily meteorological data

(1991-2008)
Daily runoff data
(1993-2008)

Xingshan Meteorological Station -

Xingshan Hydrological Station -

Note: CAS represents the Chinese Academy of Sciences; “-* means that no processing is required.

After preparing the input data, the SWAT model is calibrated and validated using
the SWAT-CUP tool, an automated parameter estimation tool that facilitates calibration
and sensitivity analysis. Initially, sixteen parameters are selected for analysis. Following
sensitivity analysis using Sequential Uncertainty Fitting Version 2 (SUFI-2), ten parameters
are identified as relatively sensitive for subsequent research, thus enhancing the model’s
calibration efficiency. Table 2 lists the descriptions, initial ranges, and optimal ranges of
the parameters. Optimized parameters are estimated based on daily runoff data from
the Xingshan hydrological station. Model calibration is conducted using 10 years of data
from 1993 to 2002, while model validation employs 6 years of data from 2003 to 2008.
Additionally, a 2-year warm-up period from 1991 to 1992 is utilized for model initialization
to ensure that the model reaches a stable state before calibration. The model is calibrated
using data from 1993 to 2002 by adjusting parameters to fit the observed runoff. Validation
is performed using independent data from 2003 to 2008 to assess model performance.
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Table 2. Parameters and optimal values of the SWAT model for the XXRB.
Parameters Description Range Optimal Value
CN2 SCS runoff curve number [—0.08, 0.17] 0.16
ALPHA_BF Baseflow alpha factor (day) [—0.02, 0.66] 0.08
REVAPMN Threshpld depjh of VV:lteI' in the shallow [172.93, 519.57] 178.99
aquifer for “revap” to occur (mm)
GW_REVAP Groundwater “revap” coefficient [0.162, 0.26] 0.23
GWQMN Thresholc} depth of water in the shallow [0.02,0.12] 0.08
aquifer required for return flow to occur (mm)
SOL_BD Moist bulk density [1.31,1.72] 1.39
CH K2 Effective hydraulic condgct1v1ty in main [32.09, 289.58] 7557
channel alluvium
CH_N2 Manning’s “n” value for the main channel [0.05, 0.18] 0.13
GW_DELAY Groundwater delay (days) [90.27,90.37] 90.33
EPCO Plant uptake compensation factor [0.41, 0.51] 0.43
CANMX Maximum canopy storage (mm) [2,76] 6
SOL_AWC Available water capacity of the soil layer (%) [0.19,0.71] 0.27
TIMP Snow pack temperature lag factor [0.67,0.77] 0.73
OV_N Manning’s “n” value for overland flow [—0.28, —0.27] —-0.27
SLSUBBSN Average slope length (m) [5, 79] 13
HRU_SLP Average slope steepness [0.64, 0.65] 0.65
SFTMP Snowfall temperature [0.19, 0.20] 0.19
SURLAG Surface runoff lag time [0.07, 0.09] 0.08
ESCO Soil evaporation compensation factor [0.15, 0.75] 0.54

2.2.2. HBV Model and Input Data

HBYV is a process-driven, semi-distributed conceptual and daily time-step hydrological
model. The simplicity of its structure and relatively low input data requirements allow
the HBV model to excel in small watersheds and real-time forecasting [47,48]. It provides
timely runoff estimates through its rapid response to precipitation events, which is crucial
for streamflow forecasting and water resources management. The fundamental principle
of the HBV model is rooted in water balance, which is described as [48]:

Q=) (B—E—5,;—S)+U 3)
i=1

where Q represents the total runoff, n denotes the time-step number for precipitation, which
includes both rainfall and snowfall components, E; represents evaporation, S;; and Sy;
denote the water volumes in the runoff storage reservoirs, and U signifies the baseflow.

The construction and parameter tuning of the HBV model are performed using the
HBV-light software version 4.0.24 (https:/ /www.geo.uzh.ch/en.html, accessed on 14 May
2025). The input of the HBV model includes daily precipitation, temperature, and evap-
otranspiration, which are from the Xingshan meteorological station. According to the
requirements of the HBV model, the XRBB is divided into five elevation zones and three
vegetation zones based on land use and DEM data. For parameter tuning, the Monte Carlo
method is employed to generate a set of parameter values within the specified range. After
50,000 iterations, the optimal set of model parameters under given conditions is determined.
The frequency distribution plot of Reff values is shown in Figure S1, which is included in
the Supplementary Materials. The descriptions, initial ranges, and optimal ranges of the
selected parameters are presented in Table 3. The calibration and validation periods for
HBV are consistent with those set for the SWAT model.
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Table 3. Sensitive parameters and optimal values of the HBV model for the XXRB.
Parameters Description Range Optimal Value
TT Threshold temperature [0, 50] 13.01
CFMAX Degree—At factor (mm/ At) [0, 50] 24.55
SP Seasonal variability in degree—Af factor [0, 1] 0.29
SECF Snowfall correction factor [0, 50] 15.11
CFR Refreezing coefficient [0, 50] 39.21
FC Maximum soil moisture storage (mm) [100, 300] 215.28
LP Soil moisture value above which AET reaches PET [0, 1] 0.43
BETA Parameter that determmes.the relative contribution [0, 5] 0.61
to runoff from rain or snowmelt
UZL Threshold parameter (mm) [0, 100] 27.02
KO Storage (or recession) coefficient [0, 0.8] 0.19
MAXBAS Length of triangular weighting function [1,50] 1.28

2.2.3. BMA

BMA combines the predictions of multiple models into a comprehensive forecast using
a weighted averaging method in Bayesian inference. The prediction results of each model
are weighted according to its posterior probability, which reflects the model’s reliability
given the current observed data. Through this weighting, BMA can balance the strengths
and weaknesses of different models, reducing the bias or errors that a single model might
introduce. BMA reduces bias and variance, enhancing the robustness of the model and
providing more stable and accurate predictions. This approach helps mitigate the risk of
overfitting and improves predictive performance [49]. In detail, the relationship between
posterior (prediction) probability distribution functions (PDFs) and prior (ensemble) PDFs
can be defined by Bayes’ theorem, which is given as follows [50]:

P(y|D) = Zpk Yylfk, D) - P(fi|D) (4)

where P(fx|D) denotes the correct posterior probability of model f; given the observed
data, reflecting the fit between model f; and the observed data. In BMA, the weights are
crucial because they reflect the plausibility of each model given the observed data. The
posterior mean and variance of the BMA prediction can be expressed as [51]:

E(y|D) = Z E[P(ylfx,D)]- P(fx|D) = Zwkfk (5)

Var(y|D) = Z wr(fr — szfz + Z wio} (6)

where o7 is the variance associated with model prediction f; with respect to the observed
data. The final BMA prediction for a new output is:

Rpma = Ry - P(fg|D) +...+ Ry - P(fk|D) @)

In the equation, R, represents the simulation result of the n-th model. When the total of
posterior probabilities equals 1, they can be considered as the weight of each model. In the
BMA framework, we used different likelihood functions and compared their performance.
By comparing the AIC and BIC values of the models, we ultimately decided to use the
Pearson type III distribution. The AIC and BIC values of the specific likelihood functions
are shown in Table S1. Then, the weights of the SWAT and HBV models were determined



Sustainability 2025, 17, 4714

9 of 22

based on their posterior probabilities, which are calculated using their fit to the observed
runoff data. The model with a higher posterior probability, indicating better performance
in reproducing the observed data, is assigned a greater weight in the final BMA prediction.
The weights of the SWAT and HBV models are finally determined using Matlab, and are
0.613 and 0.387, respectively.

2.2.4. SDSM and Future Meteorological Data

To bridge the gap between GCM outputs and the localized information needed for
runoff prediction, downscaling is an essential process in climate modeling [52]. SDSM is
widely used for enhancing the accuracy of climate data due to its moderate data require-
ments, flexibility, ease of integration with GCMSs, and high performance [53]. The selected
GCMs are listed in Table 4. In this study, the sixth version of SDSM 4.2.9 is used to down-
scale the CMIP6 data to generate high-resolution climate data for the XXRB from 2025 to
2100, including the maximum temperature, minimum temperature, and daily precipitation.
The detailed procedure is as follows:

Table 4. The selected global climate models (GCMs) of CMIP6.

Resolution . .
Model Country (Longitude x Latitude) Time Periods
ACCESS-CM2 Australian 1.875° x 1.25° 2025-2100
ACCESS-ESM1-5 Australian 1.875° x 1.25° 2025-2100
EC-Earth3-Veg-LR European Union 1.60° x 3.20° 2025-2100
FGOALS-g3 China 2.00° x 2.25° 2025-2100
(i) The stepwise multiple linear regression (SMLR) method is used to select the optimal
independent variables from 26 atmospheric NCEP forecast variables, ultimately identifying
four variables. Then, the statistical relationships between observed meteorological data at
local stations and selected NCEP variables are investigated within the basin.
(ii) The calibration period for the SDSM model is from 1993 to 2002, and the validation
period is from 2003 to 2008. The model’s accuracy is evaluated using the coefficient of
determination (R?).
(iii) Future climate data from GCMs are then input into the established SDSM to
generate future climate data.
2.2.5. Model Performance Evaluation
The performances of SWAT, HBV, SDSM, and MPE-BMA are typically assessed based
on the comparison of observed and simulated runoffs. In this study, the statistical metrics
of R?, NSE, and RMSE are employed to quantify the model’s performance [54,55]. The
detailed information is shown in Table 5.
Table 5. Model performance evaluation indicators.
Indicator Description Formula Range Ideal Value
2
Coefficient of n — =
2
R determination R — Py (Gi=0)(Pi—P) [0,1] Closeto 1
¢ - (0-0)"\[ % (P—P)
i=1 i=1
Nash-Sutcliffe ¥ (0i—P)? B
NSE efficiency NSE—1_ & [-1,1] Close to 1
¥ (0,-0)’
i=1
RMSE Root mean square error ,” (Pi—0;)* [0, +00] Close to 0
RMSE =\/&& — —

n

Note: P; represents simulated values; O; represents observed values; and i denotes the total number of time steps.
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3. Results and Discussion
3.1. Hydrological Model Performance Evaluation

Figure 3 presents the comparison of runoff simulation performance among the SWAT,
HBYV, and MPE-BMA models. In the calibration period, the HBV model achieves an R2 of
0.74, an NSE of 0.72, and an RMSE of 14.71 m3/s. The SWAT model slightly outperforms
HBV with an R2 of 0.77, an NSE of 0.74, and an RMSE of 14.24 m3/s. However, the MPE-
BMA model demonstrates superior performance with an R2 of 0.81, an NSE of 0.79, and a
significantly lower RMSE of 11.94 m3/s. During the validation period, the HBV model’s
performance metrics are an R2 of 0.71, an NSE of 0.71, and an RMSE of 16.24 m3/s. The
SWAT model again shows slightly better performance with an R2 of 0.73, an NSE of 0.72,
and an RMSE of 13.71 m3/s. The MPE-BMA model continues to outperform both individual
models with an R2 of 0.78, an NSE of 0.76, and an RMSE of 12.13 m3/s. To demonstrate
the performance of the MPE-BMA model, we compared the results from previous studies
that applied SWAT, HBV, and other hydrological models to runoff prediction within the
Xiangxi River Basin (XXRB). Liu et al. examined the impact of different land use data
on runoff outputs from the SWAT model in the XXRB, reporting optimal R?* and NSE
values of 0.77 and 0.65, respectively, during the validation period [56]. Similarly, Wang
et al. explored the baseline method for runoff forecasting using the SWAT model in
the XXRB, achieving optimal R? and NSE values of 0.73 and 0.72, respectively, during
the validation period [57]. These results indicate that, during both the calibration and
validation periods, the MPE-BMA model provided higher accuracy in runoff simulation
compared to previously reported studies. As a result, the MPE-BMA model demonstrates
superior performance and is considered more suitable for future runoff predictions, offering
enhanced reliability and accuracy.

700 ;
Calibration R%:0.74 : R 071 Validation
600 — Observe :
. Observed HBV NSE: 0.72 NSE: 0.71
= —Simulated RMSE: 14.71 H RMSE: 16.24

:_E, 400
“g 300
&2 200
100
0 LA IR, i
1993 1995 1997 1999 2001 2003 2005 2007 2009
700 ‘
600 1 R20.77 ; R%:0.73
500 4 SWAT NSE: 0.74 NSE: 0.72

RMSE: 14.24 ‘ RMSE: 13.71

MPE-BMA  NSE:0.79 | NSE: 0.76
RMSE: 11.94 RMSE: 12.13

Figure 3. Daily simulated and observed runoffs during the calibration and validation periods.

3.2. Future Climate Change Scenarios Using SDSM Downscaling Simulations

The performance of SDSM is evaluated using R? for daily precipitation, maximum
temperature (Tmax), and minimum temperature (Ti,in). During the validation period
(2005-2008), the R? for precipitation is 0.53. In contrast, the R? values for Tmax and Tin
are 0.91 and 0.93, respectively. The results highlight the SDSM’s strong capability in
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generating high-resolution Tmax and Tpin. Although the simulation of precipitation is more
challenging due to its complex and stochastic nature, SDSM still demonstrates a reasonable
ability to simulate precipitation in the XXRB [58,59]. Figures 52-54 show the projections
of Tmax, Tmin, and precipitation from 2025 to 2100 using SDSM for four GCMs and three
SSP scenarios. The results indicate significant variability in the projections of Tmax, Tmin,
and precipitation. To reflect the changes of Trmax, Tmin, and precipitation compared to
the reference period of 1991-2008, the projection time is divided into two timeframes for
the 2040s (2025-2059) and the 2080s (2060-2100). The changes in the climate projections
with respect to the reference period are illustrated in Figure 4. The changes in Tmax and
Tmin exhibit a clear upward trend across all GCMs and SSPs, with more pronounced
increases under SSP585. Precipitation changes are more variable, showing both increases
and decreases depending on the GCMs and SSPs.
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Figure 4. Changes of (a) Tmax, (b) Trin, and (c) precipitation relative to the reference period

(1991-2008) under different climate scenarios.

In terms of Tax, the increase is significant under SSP585 in both the 2040s and 2080s,
with the most pronounced changes occurring in the 2080s, where projected changes exceed
8.13 °C for some GCMs. Specifically, the EC-Earth3-Veg-LR model exhibits the highest
increase in Tmax under SSP585, with changes of 3.12 °C in the 2040s and 6.81 °C in the
2080s, while the ACCESS-ESM1-5 model shows more moderate increases of 2.48-5.51 °C
across all SSPs during both periods. Ty, follows a similar trend, with substantial increases
under SSP585 and moderate increases under SSP126 and SSP245 in both the 2040s and
2080s. The ACCESS-CM2 model demonstrates the highest increases in Ty, particularly
under SSP585, with changes of 6.81 °C in the 2040s and 3.12 °C in the 2080s. The daily
precipitation projections show a wide range of changes across both time periods. In
the 2040s, some GCMs project increases of up to 86.87%, while others project decreases,
reflecting the complexity and uncertainty of precipitation patterns. The ACCESS-ESM1-5
model exhibits a significant increase in precipitation under SSP585, with changes of 44.11%,
whereas the ACCESS-CM2 model shows notable decreases under SSP126, with changes of
—32.59%. In the 2080s, the variability in precipitation projections persists, with some GCMs
projecting increases of up to 103.37% and others projecting decreases of similar magnitudes.
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ACCESS-CM2

Runoff (m'/s)

SSP126

The ACCESS-ESM1-5 model exhibits the most significant increase in precipitation under
SSP585, with changes of 49.29%, while the FGOALS-g3 model shows notable decreases
in precipitation under SSP126, with changes of —36.28%. Overall, Tmax and T, show a
continuous upward trend, with the increase becoming more pronounced under stronger
emission scenarios. Precipitation is projected to decrease in the 2040s, but this reduction
is expected to be mitigated by the 2080s. These projected changes in Tmax, Tmin, and
precipitation are critical for predicting future runoff patterns and will significantly impact
runoff dynamics.

3.3. Runoff Responses to Future Climate Change

Future runoff in the XRBB is predicted by the MPE-BMA model. Figure 5 shows the
predicted runoff from 2025 to 2100 for four GCMs and three SSPs during the 2040s and
2080s. The runoff trends are analyzed using the Sen slope and the Mann-Kendall (M-K)
trend test, which are presented in Table 6. The Sen slope quantifies the trend magnitude,
while the M—K value indicates the statistical significance of the trend [60,61]. A positive
Sen slope indicates increasing runoff trends, while a negative slope indicates decreasing
trends. Z-values categorize the trend significance, with higher absolute values reflecting
stronger significance.
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Figure 5. Predicted runoff under different climate scenarios.

In Table 6, the results indicate that higher-emission scenarios generally lead to highly
significant decreases in runoff, which is particularly evident in the 2080s. For example,
in the 2080s, ACCESS-CM2 shows a highly significant decrease in runoff under SSP585,
with a Sen slope of —0.46 m3/s and a Z-value of 10.75. For the same period, SSP245 shows
a decrease, with a Sen slope of —0.36 m3/s and a Z-value of 11.46. Conversely, lower-
emission scenarios exhibit mixed trends. For ACCESS-ESM1-5 under SSP126, there is a
highly significant increase in runoff in the 2040s and 2080s, with Sen slopes of 0.28 m®/s
and 0.35 m>/s and Z-values of 7.33 and 7.41, respectively. In comparison, FGOALS-g3
shows a highly significant decrease in the 2040s, with a Sen slope of —0.92 m3/s and a
Z-value of 10.05, but a highly significant increase in the 2080s, with a Sen slope of 0.50 m3/s
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and a Z-value of 5.97. Generally, climate change has potentially adverse impacts on future
runoff. The results highlight significant variability across GCMs and timeframes, showing
the complexity of runoff prediction under climate change. The most significant decrease
in runoff is observed for ACCESS-CM2 under SSP585 in the 2080s with a Sen slope of
—0.46 m3/s and a Z-value of 10.75. On the other hand, the most significant increase in
runoff is seen for FGOALS-g3 under SSP126 in the 2080s, with a Sen slope of 0.50 m3/s and
a Z-value of 5.79. These findings highlight the critical need for adaptive water resource
management strategies tailored to specific temporal and climate contexts.

Table 6. Results of the Sen slope and the M—K trend test for predicted runoff.

Period GCM Climate Scenarios Sen Slope (m3/s) Z-Value Trend Features
SSP126 0.48 1.68 Slightly significant increase
ACCESS-CM?2 SSP245 —0.34 10.38 Highly significant decrease
SSP585 —0.34 3.61 Highly significant decrease
SSP126 0.28 7.33 Highly significant increase
ACCESS-ESM1-5 SSP245 —0.26 3.62 Highly significant decrease
SSP585 -0.25 1.23 Non-significant decrease
2040 SSP126 0.33 0.13 Non-significant increase
EC-Earth3-Veg-LR SSP245 0.28 1.56 Non-significant increase
SSP585 —-0.33 6.26 Highly significant decrease
SSP126 —0.43 6.62 Highly significant decrease
FGOALS-g3 S5pP245 —0.29 10.05 Highly significant decrease
SSP585 —0.28 6.26 Highly significant decrease
SSP126 —0.61 1.15 Non-significant decrease
ACCESS-CM?2 SSP245 —0.36 11.46 Highly significant decrease
SSP585 —0.46 10.75 Highly significant decrease
SSP126 0.35 741 Highly significant increase
ACCESS-ESM1-5 SSP245 0.36 2.18 Significant increase
SSP585 —0.39 13.69 Highly significant decrease
2080 SSP126 0.40 227 Significant increase
EC-Earth3-Veg-LR SSP245 —0.37 2.02 Significant decrease
SSP585 —0.45 13.66 Highly significant decrease
SSP126 0.50 5.97 Highly significant increase
FGOALS-g3 55P245 0.31 1.45 Non-significant increase
SSP585 —0.33 7.36 Highly significant decrease

Figure 6 illustrates the projected monthly runoff variations across different GCMs
and SSP scenarios for the 2040s and 2080s. Each GCM exhibits a clear seasonal runoff
pattern, with peak runoff typically occurring in the middle of the year (June-July) and
the lowest runoff at the beginning and end of the year (December-February). From the
perspective of runoff volume, peak runoff is projected to shift from June to May by the
2080s. This shift may be due to increased spring precipitation, which leads to earlier soil
saturation and runoff generation. Additionally, rising temperatures enhance evaporation
rates and accelerate the hydrological cycle, causing earlier peaks in runoff. Future runoff
changes show significant differences under various climate scenarios. As emission intensity
increases, peak runoff gradually rises, with the most pronounced change under the SSP585
scenario. In the 2040s, peak runoff in May under the SSP126, SSP245, and SSP585 scenarios
is approximately 1100 m3/s, 1150 m?/s, and 1250 m3/s, respectively. By the 2080s, the
peak runoff under SSP585 has increased to around 1300 m®/s, which is significantly higher
than in low-emission scenarios. This indicates that peak flows during the wet season are
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stronger under high-emission scenarios, intensifying extreme runoff events. During dry
seasons (January-February), runoff increases to varying degrees across scenarios, with the
most evident rise under SSP585. Under the SSP585 scenario, the runoffs during spring and
summer rise significantly, while the runoff during winter decreases more sharply, leading to
wetter summers and drier winters. This is because the SSP585 scenario is characterized by
more substantial increases in both temperature and precipitation. Increased precipitation
during high runoff months leads to higher runoff. However, higher temperatures increase
evaporation and transpiration rates, leading to reduced soil moisture and lower runoff
during low rainfall months, exacerbating dry conditions. In contrast, the SSP126 and SSP245
scenarios exhibit more moderate changes, resulting in less dramatic runoff variations. These
findings underscore the need for robust, adaptable water resource management strategies
to address the anticipated seasonal extremes and effectively manage the uncertainties in
future runoff patterns due to climate change. Additionally, establishing a robust monitoring
and early warning system for extreme weather events can help mitigate the impact of floods
and droughts, safeguarding both water resources and local communities.
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Figure 6. Comparison of the monthly distribution of runoff under different climate scenarios during
the 2040s and 2080s relative to the historical period (1993-2008).

Figure 7 presents the prediction results of annual runoff through violin and radar plots.
The violin plots on the left show the distribution of annual runoff across four GCMs. The
radar plots on the right provide a visual comparison of the percentage changes in annual
runoff relative to the historical period. The results reveal significant variations in predicted
annual runoff across different scenarios. Among these GCMs, ACCESS-ESM1-5 exhibits
the largest variability in runoff predictions, indicating a higher sensitivity to emission
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scenarios. Conversely, other GCMs show more consistent patterns, although the extent
of the reductions still varies. Comparing the SSPs, the high-emission scenario SSP585
consistently shows greater reductions in annual runoff. Specifically, under SSP585, runoff
is projected to decrease by approximately 4.61-12.68% by the 2040s and 5.96-11.28% by
the 2080s compared to the historical period. In contrast, the lower-emission scenarios
(SSP126 and SSP245) show smaller reductions. SSP126, for example, exhibits decreases
of 7.05-10.64% in the 2040s and 9.89-13.69% in the 2080s. The temporal analysis further
underscores the progressive nature of these changes. Runoff decreases progressively from
the historical period to the 2040s and further to the 2080s across all scenarios. This suggests
that the impacts of climate change on water resources will intensify over time.
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Figure 7. Annual runoff during the 2040s and 2080s under different climate scenarios and their
variation relative to the historical period (1993-2008).

Generally, these variations in annual runoff can be attributed to a complex interplay
between rising temperatures and changing precipitation patterns, as shown in Figure 4.
Higher temperatures can lead to increased evapotranspiration rates, reducing the amount
of water available as runoff. Projected changes in precipitation directly lead to uncertain-
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ties in runoff predictions. Increased precipitation could enhance runoff, while decreased
precipitation would reduce it. While the specific magnitude of runoff reductions differs
among the GCMs and SSPs, all GCMs consistently indicate that higher-emission scenarios
will lead to more substantial declines in water availability. Given the specific character-
istics of the XXRB and the continuously decreasing runoff, several practical suggestions
for sustainable water resources management are recommended. Enhancing water use
efficiency would reduce dependency on seasonal rainfall and address the high demand
for agricultural water, which can be achieved by introducing advanced irrigation tech-
niques such as drip irrigation and rainwater harvesting. To ensure the sustainability of
hydropower generation, existing small hydropower stations can be upgraded with more
efficient turbines and energy storage solutions to better manage fluctuations in water flow.
In addition, watershed management practices, including reforestation and afforestation
projects, can improve water retention and reduce soil erosion, thereby stabilizing runoff
patterns, especially considering the extensive forest cover in the region. These measures,
tailored to the unique conditions of the XXRB, can contribute significantly to sustainable
water resources management in the face of climate change.

4. Discussion
4.1. Model and Result

In this study, the MPE-BMA approach is developed for runoff prediction in the XXRB.
Compared to individual hydrological models, such as SWAT and HBV, the MPE-BMA
model significantly improves the accuracy of runoff predictions (as shown in Figure 3).
The main advantage of MPE-BMA is its use of weighted averaging to combine outputs
from different hydrological models. This approach helps overcome the limitations of
individual models and results in more robust predictions. To validate the effectiveness of
the MPE-BMA model in the XXRB, we compared its results with those of existing studies
that applied various hydrological models, including SWAT, semi-distributed land use-
based runoff processes (SLURP), the global hydrological model (GHM), catchment-scale
hydrological models (CHMs), and stepwise-clustered hydrological inference (SCHI) models.
Previous studies reported R? values between 0.65 and 0.76 and NSE values between 0.54
and 0.70 [62-66], respectively. In comparison, the MPE-BMA model achieved an R? of
0.81 and an NSE of 0.79, both of which are higher than the results from the referenced
models. This demonstrates that the MPE-BMA model can more effectively enhance runoff
prediction accuracy in the XXRB.

Our results further demonstrate the significant impact of climate change on runoff in
the XXRB, with a clear decreasing trend in runoff over the coming decades, particularly
under SSP585. For instance, projections for the 2040s suggest a reduction in runoff by
approximately 4.61% to 12.68%. This finding aligns with the general trend observed in
previous studies. However, the magnitude of the projected decrease varies across different
models. For example, Gelete et al. used the GHM and CHM models and estimated that
mean annual runoff relative to the baseline period (1961-1990) could potentially decrease
by up to 40% [67]. In contrast, Bieger et al. applied the SWAT model and found that
future runoff could decrease by approximately 10% [68]. These discrepancies highlight
uncertainties in climate modeling. They also show that runoff predictions are sensitive to
model structure, parameterization, and climate-forcing assumptions. Nevertheless, the
consistent downward trend in runoff across these studies supports the notion that climate
change is likely to exacerbate water scarcity in the XXRB. Furthermore, our study not only
corroborates the global trends in climate change impacts on hydrological systems but also
provides validation for the MPE-BMA model’s robustness in addressing these complex,
scenario-driven changes in hydrological behavior.



Sustainability 2025, 17, 4714

17 of 22

4.2. Uncertainties

The uncertainties associated with the structure of the SWAT and HBV models signif-
icantly impact the accuracy of runoff predictions in the XXRB. The SWAT model, based
on a physically based approach, simulates watershed hydrology using processes such
as infiltration, evapotranspiration, and surface runoff. This detailed representation of
land use, vegetation, and soil properties allows SWAT to capture a wide range of hydro-
logical processes. However, this complexity makes SWAT highly sensitive to input data
quality. Inaccuracies in land use and soil characteristics can cause significant errors in
runoff predictions. In contrast, the HBV model adopts a simpler, conceptual approach,
with lumped parameterization of hydrological processes. While it is less data-intensive
and requires fewer input parameters, the HBV model may oversimplify certain processes,
especially in regions with complex land—-surface interactions, leading to the potential under-
or over-estimation of runoff. To mitigate structural uncertainty, increasing the spatial
resolution of input data and incorporating finer-scale land use and soil data could reduce
the model’s dependence on simplified assumptions, improving the overall robustness of
predictions [69,70].

In addition to structural uncertainty, parameter calibration in both SWAT and HBV
models introduces significant uncertainty. In the SWAT model, ten key parameters, such
as the SCS curve number (CN2), baseflow alpha factor (ALPHA_BF), and evapotranspira-
tion threshold depth (REVAPMN)), are identified as highly sensitive to runoff predictions.
Despite the use of the SWAT-CUP tool and the Sequential Uncertainty Fitting Version 2
(SUFI-2) approach for calibration, the accuracy of parameter estimates remains variable
due to the spatial heterogeneity of the watershed and temporal variations in climate data.
Parameters such as CN2, which governs surface runoff, can change significantly with land
use, soil type, and precipitation patterns, leading to potential errors in runoff estimates.
Similarly, the HBV model was calibrated using the Monte Carlo method with 50,000 itera-
tions. Despite this, considerable uncertainty remains, especially for sensitive parameters
such as the snowmelt threshold temperature (TT) and maximum soil moisture storage (FC),
which vary with land cover and elevation [71]. To reduce parameter uncertainty, apply-
ing advanced optimization techniques, such as multi-objective optimization or machine
learning algorithms, can be considered to enhance the precision of parameter estimates.
These methods can help better capture the complex hydrological dynamics in regions with
heterogeneous data and improve the overall calibration of hydrological models [72,73].

The downscaling of climate model data using methods such as SDSM introduces
uncertainty, particularly in regions with significant spatial variability in precipitation and
temperature. While SDSM is effective, its ability to accurately reflect local precipitation
changes is limited due to the high spatiotemporal variability of precipitation, leading
to potential biases in runoff simulation. Additionally, uncertainties arise from the use
of different climate models (GCMs) and climate scenarios (e.g., SSP126, SSP245, and
SSP585), which result in varying predictions of future climate change and can consequently
affect runoff forecasts. To reduce these uncertainties, higher-resolution climate data or
comparing multiple GCMs should be utilized to minimize downscaling errors. Additionally,
expanding the range of climate scenarios, especially under extreme conditions, will provide
a more comprehensive assessment of the impacts of climate change on runoff.

The BMA method reduces model errors by averaging the outputs of multiple models,
but the weight estimation process introduces uncertainty, particularly when models are
highly correlated. BMA assumes that model errors are independent, but in cases such as
SWAT and HBYV, which share similar structural assumptions and outputs under similar
climate scenarios, model errors may be correlated, affecting the weight estimation. Addi-
tionally, BMA'’s weight calculation relies on model performance metrics (e.g., R> and NSE),
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which are influenced by input data quality and model assumptions. Several advanced tech-
niques, such as Copula-embedded BMA and segmented ensemble BMA, can be explored
to allow for more flexible weight estimation and improve model integration by capturing
complex non-linear relationships and model interdependencies [50].

5. Conclusions

In this study, a multi-physics ensemble Bayesian model averaging (MPE-BMA) model
is developed to reduce errors in runoff simulation and achieve more accurate runoff
predictions. In the MPE-BMA model, the physical hydrological models SWAT and HBV,
as well as BMA and the SDSM method, are integrated into a cohesive framework. The
MPE-BMA model harnesses the strengths of each individual method, thus addressing the
limitations of single-model approaches and achieving greater accuracy and reliability in
runoff predictions. MPE-BMA has been applied in the XXRB in China to predict long-term
runoff until 2100 under four GCMs and three SSPs.

The findings can be summarized as follows: (i) MPE-BMA demonstrates superior
runoff simulation accuracy, achieving an R? of 0.78, an NSE of 0.76, and an RMSE of
12.13 m3/s during validation, outperforming the SWAT and HBV models; (ii) Tmax and
Tmin in the XRBB indicate a continuous and pronounced increase under higher-emission
scenarios, with significant variability in precipitation patterns, showing both increases and
decreases depending on the GCMs and SSPs; (iii) runoff is projected to generally decrease,
with the most significant reductions occurring under SSP585, showing decreases of approx-
imately 4.61-12.68% by the 2040s and 5.96-11.28% by the 2080s compared to the historical
period; and (iv) peak runoff is projected to shift from June to May by the 2080s, with signif-
icant increases during spring and summer and sharp decreases in winter under SSP585,
highlighting the need for adaptable water resource management to address seasonal ex-
tremes and uncertainties. To mitigate decreasing runoff in the XXRB, it is recommended
to improve water use efficiency through advanced irrigation and rainwater harvesting,
upgrade hydropower stations, and implement watershed management practices such as
reforestation to stabilize runoff and ensure sustainable water resource management.

Generally, this study demonstrates the effectiveness of the integrated MPE-BMA
model for runoff prediction. Several extensions and improvements can be conducted in
future studies. For instance, the current study uses only the SWAT and HBV models,
which may limit the comprehensive understanding of hydrological processes. Introducing
additional hydrological or statistical models can capture a wider range of processes and
reduce uncertainties. In terms of model data expansion, re-analyses of meteorological
data can be introduced to provide a more comprehensive representation of climate change
across the entire basin. In addition, the quantification of uncertainty in the runoff prediction
process needs to be further strengthened.
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