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Abstract

Accurate streamflow forecasting is vital for sustainable water resource management but remains
challenging due to pronounced spatiotemporal variability. This study evaluates two process-based
models, SWAT (comprehensive) and GWLF (parsimonious)—and a data-driven Random Forest (RF)
model for monthly streamflow simulation in two contrasting Chinese basins: the humid southern
basin (SSB) and the semi-arid northern basin (SRB). Using four statistical metrics (NSE, R?, MAE,
RMSE), we assess model accuracy, robustness in capturing extremes, and sensitivity to hydrological
characteristics and data availability. Results reveal consistently superior performance in the SSB
across all models, with SWAT demonstrating the highest overall accuracy —especially for peak
flows—due to its physically based structure. GWLF provides acceptable simulations with minimal
data requirements, offering a practical alternative in data-limited regions like the SRB. RF performs
well in the SSB under zero-lag conditions but requires hydrologically informed lag structures in the
SRB. However, it consistently underestimates high flows due to its lack of physical constraints. The
findings underscore that model selection must therefore be guided not only by predictive
performance, but by the underlying hydrological context, data availability, and the need for physical
realism in decision-making.

Keywords: streamflow simulation; hydrological modeling; model comparison; hydroclimatic
variability

1. Introduction

Accurate streamflow forecasting is vital for effective water allocation, planning, and
management [1,2]. However, streamflow exhibits high spatiotemporal variability due to uneven
water distribution and the combined effects of precipitation, evapotranspiration, landscape
characteristics, topography, climate change, and human activities [3-6]. This complexity introduces
significant uncertainty in hydrological simulations across regions. Consequently, selecting modeling
tools that align with local hydrological characteristics is critical to accurately represent streamflow
dynamics [7-10].

Process-based hydrological models have long been used to simulate watershed-scale streamflow
by explicitly representing key hydrological processes [11-13]. These models vary widely in structural
complexity and data requirements. For instance, the Soil and Water Assessment Tool (SWAT) is
among the most widely applied models in water resources management, demonstrating robust
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performance across diverse physical and climatic conditions [14,15]. However, its complex structure
and extensive data demands often hinder its application in data-limited regions [16]. In contrast, the
Generalized Watershed Loading Function (GWLF) model offers a more parsimonious alternative,
requiring fewer inputs and offering greater operational flexibility [17,18], making it suitable for areas
with constrained data availability [19,20]. Thus, the choice between these models involves a trade-off
between process representation and practical feasibility.

In recent years, machine learning (ML) approaches have gained prominence in hydrology,
driven by advances in big data and computational power [21-23]. Unlike process-based models, ML
methods do not explicitly encode physical relationships; instead, they rely on mathematical functions
to map inputs to outputs, thereby identifying complex, nonlinear patterns in data [24]. Models such
as Random Forest (RF), Support Vector Machine (SVM), and Artificial Neural Networks (ANN) have
been widely applied across hydrological tasks [23,25]. Among these, RF excels at handling high-
dimensional datasets and automatically selecting relevant features, making it particularly effective
for streamflow forecasting [26]. Nevertheless, ML models are frequently regarded as “black boxes”
owing to poor interpretability, and their performance is strongly influenced by the underlying data
and feature selection, warranting further evaluation of their applicability in regions with high data
heterogeneity.

As the world’s largest developing country, China faces significant challenges related to water
pollution and severe spatial imbalance in water resources—northern regions account for only 19% of
the nation’s total water endowment despite hosting a large share of its population and economic
activity [27,28]. Accurate hydrological prediction is therefore critical for understanding pollution
dynamics and enabling equitable water allocation. While both process-based and ML models have
achieved satisfactory performance in Chinese watersheds, few studies have systematically compared
their applicability across regions with stark hydrological contrasts —particularly between water-rich
southern and water-scarce northern basins.

This study selects two representative watersheds in northern and southern China to evaluate
the performance of two process-based models of differing complexity —SWAT and GWLF—and a
machine learning model (RF model) in monthly streamflow simulation. Model performance is
assessed using four statistical metrics. The primary objective is to compare the applicability of these
approaches across contrasting hydroclimatic regions. Specifically, the study includes: (1) calibration
of SWAT and GWLF for streamflow simulation; (2) training of the RF model; (3) streamflow
prediction using the calibrated/trained models; and (4) comparative analysis of model performance
and regional suitability.

2. Materials and Methods
2.1. Study Area

This study was conducted in two contrasting watersheds: the Shahe River Basin (SRB) in
northern China and the Shuai Shui Basin (SSB) in southern China. Although the two basins have
similar elevation ranges and drainage areas, they exhibit a significant difference in water resources
(Figure 1a). The SRB is located in the upstream area of the Yuqiao Reservoir in Tianjin (117°30"-
118°0'E, 40°0'—42°20'N) and constitutes a key part of the Yuqgiao Reservoir watershed, with a total
drainage area of 905.2 km? Land use is dominated by forest land (44.06%) and agricultural land
(37.78%). The basin’s topography is higher in the northeast and lower in the southwest, with a
maximum elevation of 1100 m (Figure 1b,c). The long-term average annual precipitation and
temperature are 650.7 mm and 12.9 °C, respectively, with rainfall concentrated during the summer
months (July—September), marking a distinct wet season[17].

In contrast, the SSB is situated in southern Anhui Province (117°30'-118°10'E, 29°30'-29°50'N)
and forms an important part of the upstream watershed of Qiandao Lake, covering a drainage area
of 880.4 km? Land use is overwhelmingly dominated by forest land (90.4%), with only a small
proportion of agricultural land (6.7%). The basin is characterized by mountainous and hilly terrain,
with elevations ranging from 140 to 1614 m (Figure 1d,e). The long-term average annual precipitation
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is approximately 1700 mm, and the mean annual temperature is 15.6 °C. Precipitation is unevenly
distributed throughout the year, with the majority occurring during spring and summer[29].

o High: 1614

20°300°N

B Low: 140

"
117°45'0°E 118°00°E

Figure 1. (a) Location of SRB and SSB in China; (b) digital elevation model and subbasin, and (c) land use of SRB;
(d) digital elevation model and subbasin, and (e) land use of SSB. The abbreviations for land use types adhere to
those specified in the SWAT model documentation.

2.2. Data Source

Both SRB and SSB are equipped with a meteorological station and a hydrological station, as well
as several rainfall stations (Figure 1b,d). The meteorological station data (including precipitation,
maximum and minimum temperatures, average temperatures, relative humidity, wind speed and
solar radiation) were obtained from the National Weather Science Data Center (http://data.cma.cn/).
The rainfall stations data (including precipitation) and streamflow data from hydrological station
were obtained from local hydrological bureau. The monthly Evapotranspiration data were available
from Institute of Tibetan Plateau Research, Chinese Academy of Sciences, and all these data were
used to construct hydrological model (including SWAT and GWLF model) and RF model. In
addition, spatial data including digital elevation model (DEM), land use, soils are also required in the
hydrological model. The DEM is derived from the Geospatial Data Cloud (https://www.gscloud.cn/)
with a resolution of 30x30 m, and the land use and soil is derived from the Resource and
Environmental Science and Data Center (https://www.resdc.cn/), with a scale of 1:1000000.

Table 1. Types, source, resolution and description of the model datasets.

Resolut

Data Type Data source
yp ion

Description

Precipitation,
Temperatures,
Meteorological National Weather Science Data Center daily Relative
data (http://data.cma.cn/) humidity, Wind
speed, Solar
radiation
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Rainfall station

data Local hydrological bureau daily Precipitation

L Institute of Tibetan Plateau Research, Chinese .
Evapotranspirati . monthl  Evapotranspirat
Academy of Sciences

on data (http://data.tpdc.ac.cn/zh-hans/) y on
H logical

yd(l;(;t(;glca Local hydrological bureau daily Streamflow

DEM Geospatial Data Cloud 30m Digital elevation
(https://www.gscloud.cn/) model
Land use Resource and Environmental Science and Data  1:10000 Land use tvpe
Center (https://www.resdc.cn/) 00 yp
Soil Resource and Environmental Science and Data  1:10000 Soil t
© Center (https://www.resdc.cn/) 00 ontype

2.3. Model Description
2.3.1. SWAT Model Description

The SWAT model is a process-based, semi-distributed hydrological model developed by the
USDA Agricultural Research Center, characterized by robust physical mechanisms. This model
divides the watershed into Hydrological Response Units (HRUs) based on land use types, soil types,
and slopes within the study area. It conducts water quantity and quality simulations based on the
hydrological response units and their water balances. The SWAT model employs the curve number
method for runoff calculation and utilizes the Muskingum method for channel routing.
Independently, SWAT calculates water yield for each Hydrological Response Unit (HRU) and then
consolidates these values at the sub-basin level. Since its development, the SWAT model has been
widely applied in streamflow and water quality simulations, making it one of the most extensively
used hydrological models [30,31].

2.3.2. GWLF Model Description

The GWLF model, developed by Cornell University and Pennsylvania State University, is a
combined distributed/lumped parameter, continuous watershed model [32]. Over the past decades,
the GWLF model has been secondarily developed in different platforms. Here, we use the modified
GWLF model (ReNuMa model) for streamflow simulation. The model is not spatially conceptualized
and each area is considered uniformly in terms of soil and cover [19]. Soil moisture contains
unsaturated zone, shallow saturated zone and deep saturated zone parameters. The model using a
daily time step and the curve number method to simulate daily hydrologic water balance [33,34].
Compared with the SWAT model, this model has more moderate data requirements and a more
flexible mode of operation, and has been widely used around the world.

2.3.3. RF Model Description

RF model is an integrated learning model, which is a classifier method combining bagging
integrated learning theory with random subspaces, and has been widely used to deal with
classification and regression issues [7,35]. The RF model mainly consists of two parts: the training
sample subset and the subclassification model, each tree of the RF model is drawn from a random
subset of the original sample set. Based on the extracted M sets of training samples, M sub-prediction
models can be constructed, and based on each sub-prediction model, a corresponding forecast result
can be obtained (Figure 2). The final forecast value is determined by voting (for categorical variables)
or averaging (for continuous numerical variables) among the M sub-prediction models. Streamflow
simulation mainly involves the application of RF model in regression.
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Figure 2. Schematic diagram of random forest regression model.

2.4. Model Settings and Evaluating
2.4.1. SWAT Model

By setting the stream definition thresholds in the SWAT model, the SSB and SRB were divided
into 15 and 19 sub-basins respectively, with 89 and 116 HURs (Figure 1). The Penman—-Monteith
equation and the SCS curve number method was applied in the model to calculate potential
evapotranspiration and rainfall-runoff. The SWAT-CUP with SUFI-2 algorithm was adopted to
calibrate the hydrological parameters in the SWAT model and fifteen parameters were selected for
five hundred simulations iteration for twice. The periods 2007-2013 and 2001-2007 were assigned for
calibration in SSB and SRB, both with a one-year for warming-up, and 2014-2016 and 2008-2010 were
used for validate for streamflow, respectively. The chosen parameters were calibrated using monthly
time steps, and the accuracy of the streamflow simulation results is judged by the Nash-efficiency
coefficient (NSE) and R? value.

2.4.2. GWLF Model

Streamflow simulation in the GWLF model typically requires meteorological data (including
watershed-averaged precipitation and temperature), observed streamflow records, and spatially
distributed land use information. In this study, the Thiessen polygon method in ArcGIS was used to
compute the basin-wide average precipitation and temperature from multiple rainfall and
meteorological stations. The modified GWLF model, known as the ReNuMa model, was applied, and
its built-in calibration function was used to calibrate streamflow. The model uses a programming
solver method to keep the simulated values as close as possible to the predicted values. As well, the
time settings for the warm-up, calibration and validation periods in the SSB and SRB are consistent
with in the SWAT model, and the reliable of the model is based on the values of NSE and R2.
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2.4.3. RF Model

The RF model was performed using the “RandomForest” package in R, six variables were
selected as independent variable inputs to the model, including precipitation (P), evapotranspiration
(ET), average temperatures (AT), relative humidity (RH), wind speed (WS) and solar radiation (SR)
and all these variables are processed into the form of a monthly scale. Considering the rainfall’s lag
has a significant influence on the prediction of streamflow, the cross-correlation analysis was used to
determine the number of lag days of rainfall. Here, several scenarios were constructed and tested in
order to estimate monthly streamflow (Table 2). The scenarios consider the effect of different rainfall’s
lag days on streamflow simulation, with 1st, 2nd and 3rd day’s lagged rainfall along with the
streamflow.

Table 2. Independent and dependent variable in various scenarios of streamflow simulation.

Scenarios Independent variable Dependent variable
I Py, ET, AT, RH, WS, SR Qr
II Pu, ET, AT, RH, WS, SR Q:
I Pw2, ET, AT, RH, WS, SR Qr
v Pes, ET, AT, RH, WS, SR Q:

2.4.4. Performance Evaluation Indicators

Four statistical indicators were chosen to evaluate the fits of the models during the calibration
and the validator period, including the Coefficient of determination (R2), Nash-efficiency coefficient
(NSE), Mean absolute error (MAE) and Root Mean Square Error (RMSE).

The corresponding formulas are provided in Table 3, where O: denotes the observed streamflow
value, and Oavg represents the average observed value of the streamflow, P: indicates the predicted
value, and Pavg represents the average predicted value of the streamflow. The R? measures the linear
relationship between the simulated and observed data, and NSE is used to characterize the variance
between observed and simulated data, the closer R2 and NSE values are to 1, the better the model
performance is. In contrast, MAE and RMSE measure the average magnitude of prediction errors,
reflecting the overall deviation between predicted and observed values. Both metrics range from 0 to

oo,

Table 3. Model performance Statistical metrics.

Statistical metrics Formula Range

[i(o, ~0,,)(P —Pavg)}
RZ — = t=1

R? : [0,1]
(Ol - Oavg )ZZ(B - 1)avg )2
t= t=1
Y10 = P’
NSE NSE=1—-——t=L"t U —oo 1
?:1(0t - chg)2 [ ]
n
|0, — Pyl
MAE MAE = Z —_— [0, =]
t=1 n
1 n
RMSE RMSE = ZZ(Ot —py [0, o]
t=1
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3. Results and Discussion
3.1. SWAT and GWLF Calibration

Fifteen and four frequently used streamflow calibration parameters were selected for model
calibration in the SWAT and GWLF models, respectively. The parameter descriptions, default value
ranges and final calibration values are listed in Table 4.

The calibrated parameter values exhibit significant spatial variability across the mechanistic
models applied for streamflow simulation in the southern and northern basins of China. In the SWAT
model, the CN2 value of SSB was higher than that of SRB, indicating a greater potential for surface
runoff generation in the south. Conversely, the SRB exhibits a high SOL_AWC value of 0.88, reflecting
typical characteristics of watersheds in northern China, where arid conditions lead to a higher soil
available water capacity[36]. ALPHA_BF governs the rate at which groundwater contributes to
streamflow; a larger ALPHA_BF value indicates more stable baseflow. Since the SSB is located in a
humid southern region with consistently high rainfall and sustained high soil moisture, its
groundwater discharge is more stable compared to the drier northern SRB. LAT_TTIME and
SURLAG values reflect the retention effect of streamflow to some extent, with longer retention times
for SRB and shorter retention times for SSB[37].

In the GWLF model, the CN2 values and SOL_AWC for the SSB and SRB exhibit patterns
consistent with those observed in the SWAT model. These similarities are primarily attributed to
watershed-specific soil properties: the SSB is predominantly underlain by red soils, while the SRB is
dominated by brown soils. Compared to red soils, brown soils typically have lower permeability but
greater water-holding capacity[38]. The recession coefficient and seepage coefficient are the most
critical parameters governing groundwater processes[39]. The higher values of these parameters in
the SSB indicate more active and intense groundwater dynamics. Overall, the variability in model
parameters across catchments reflects fundamental differences in their underlying hydrological
processes.

Table 4. The SWAT and GWLF model parameters selection for calibration in SRB and SSB.

Calibrated value

Model Parameter Description Default value range
SRB SSB
SWAT v__CN2.mgt SCS runoff curve number 35~98 46.47 80.06
v__ESCO.hru Soil evaporation compensation factor 0~1 0.62 091
v__SOL_AWC.sol Available water capacity of the soil layer 0~1 0.88 0.36
v__GW_REVAP.gw Groundwater “revap” coefficient 0.02~0.2 0.04 0.07

Threshold depth of water in the shallow
v_GWQMN.gw 0~5000 102.5 848.87
aquifer required for return flow to occur

Threshold depth of water in the shallow

v__REVAPMN.gw 0~500 210.48 3734
aquifer for “revap” to occur
v__ALPHA_BF.gw Baseflow alpha factor 0~1 0.59 0.88
v__SOL_K.sol Saturated hydraulic conductivity 0~2000 23.5 10
v__SFTMP.bsn Snowfall temperature -20~20 10.59 13.4
v__RCHRG_DP.gw Deep aquifer percolation fraction 0~1 0.47 0.23
v__LAT_TTIME.hru Lateral flow travel time 0~30 1.86 0.67
v__SOL_ALB.sol Moist soil albedo 0~0.25 0.18 0.11
v__SURLAG.bsn Surface runoff lag coefficient 0.05~24 14.87 5.27
v__SMTMP.bsn Snowmelt base temperature -20~20 7.03 4.28
v__SOL_BD.sol Moist bulk density 0.9~2.5 1.57 1.74
Varies Varies
GWLF CN2 SCS runoff curve number 0~100

(40-100) 2 (45-100) »

Recess coefficient Groundwater discharge coefficient 0.1 0.004 0.158
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Seepage coefficient Groundwater seepage constant 0 0.008 0.02
Unsat Avail Wat Available soil water capacity - 14.05 9.65

a varies with land use.

3.2. RF Training and Testing

In the RF model, input variables significantly influence forecasting outcomes. In this study, we
selected six readily available, continuous variables that are closely related to streamflow to construct
the RF model, and we considered different scenarios based on varying runoff retention periods (i.e.,
lag days). The dataset was split into training and testing subsets, with 75% allocated for training and
25% for testing. A larger training sample was used to ensure the model captures the majority of the
underlying data patterns and variability. Model performance was evaluated across all scenarios, with
the RF hyperparameters fixed at 200 trees and maximum depth allowed for tree expansion. Results
show that the RF model achieves low computational time across all scenarios, demonstrating its
efficiency for streamflow forecasting under different retention-day configurations.

3.3. Analysis and Comparison of the Model Performance in SRB and SSB

The model calibration and validation performance metrics in SRB and SSB are presented in Table
5.1t is evident that the values of the four statistical metrics differ slightly between the calibration and
validation periods in both watersheds. Overall, the models perform significantly better in the SSB
than in the SRB. In the SSB, all three models achieve R? and NSE values exceeding 0.85 during both
calibration and validation, along with low MAE and RMSE values, indicating reliable and accurate
monthly streamflow predictions.

Among the three models, SWAT demonstrates the best performance in the SSB, yielding the
highest R? and NSE values and the lowest MAE and RMSE across both calibration and validation
periods. For the RF model, Scenario I (i.e., zero lag or shortest retention period) yields the best
validation performance, suggesting that the rainfall-streamflow response in the SSB exhibits a weak
retention effect, with streamflow reacting rapidly to precipitation inputs.

Table 5. The performance metrics of various models and scenarios in SRB and SSB.

Watershed  Model Scenario Model performance metrics Calibration (Validation)

R? NSE MAE RMSE
87 . 1.02 1.
SWAT 0.8 0.86 0 35
(0.86) (0.60) (1.09) (1.29)
CWLE 0.83 0.82 1.07 1.53
(0.60) (0.58) (1.24) (1.58)
. 0.90 0.80 1.50 0.88
44 67 2. 1.
SRB (0.44) (0.67) (2.00) (1.53)
1 0.90 0.81 0.85 1.43
RE (0.44) (0.48) (1.55) (2.03)
- 0.89 0.79 0.94 1.59
(0.63) (0.66) (1.06) (1.36)
v 091 0.79 0.92 1.62
(0.53) (0.56) (1.31) (1.75)
97 97 4, 72
SWAT 0.9 0.9 08 5
(0.96) (0.96) (6.08) (9.05)
SSB CWLE 0.93 0.92 6.84 8.87
(0.96) (0.96) (7.40) (9.66)
RF I 0.96 0.94 5.21 8.58
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(0.91) (0.90) (7.82) (10.37)

I 0.96 0.96 4.67 8.26
(0.85) (0.89) (8.69) (12.68)

I 0.97 0.96 4.44 7.65
(0.89) (0.88) (8.71) (11.84)

v 0.97 0.96 4.52 7.59
(0.90) (0.89) (8.53) (11.33)

In contrast, model performance in the SRB shows greater variability. SWAT outperforms GWLF
consistently in both calibration and validation phases, while the RF model performs well during
training but only moderately during testing —reflecting the more complex, nonlinear rainfall-runoff
dynamics characteristic of semi-arid regions. For the RF model in the SRB, Scenario III (ie.,
incorporating a multi-day runoff lag) achieves the best predictive performance, which can be
attributed to the presence of a discernible time lag between rainfall and runoff response in the
watershed.

Figures 3 and 4 present the monthly streamflow simulations for the SRB and SSB, respectively,
using the SWAT, the GWLF, and the RF model under their optimal scenarios. Both process-based
models and the data-driven RF model effectively capture the temporal dynamics of streamflow,
demonstrating their general applicability. However, visual inspection of hydrographs and scatter
plots reveals markedly better agreement between observed and simulated streamflow in the SSB than
in the SRB. This discrepancy is consistent with the climatic contrasts between the two basins: monthly
precipitation ranges from 0-500 mm in the SRB versus 0-1000 mm in the SSB, while corresponding
streamflow ranges from 0-30 m?/s to 0-250 m?/s, respectively. These differences underscore the strong
influence of regional climate on model performance.

Furthermore, in the SRB, observed monthly streamflow hydrographs do not align closely with
precipitation timing in the SWAT and GWLF simulations, whereas in the SSB, a tighter
correspondence is evident. This observation aligns with model parameterization results, indicating a
more pronounced rainfall-runoff retention effect in the semi-arid northern watershed. The disparity
arises from fundamental differences in runoff generation mechanisms: the SRB, situated in an arid to
semi-arid climate zone, experiences predominantly short-duration, high-intensity storms that
generate infiltration-excess runoff [40]. In contrast, the SSB, located in a humid to semi-humid region
with more sustained rainfall, is dominated by saturation-excess runoff [41]. This hydroclimatic
contrast is also reflected in the optimal configurations of the RF model: Scenario I, which assumes
minimal lag between rainfall and runoff, performs best in the SSB, while Scenario III, incorporating
a multi-day lag, yields superior results in the SRB—highlighting the differing temporal dynamics of
the rainfall-runoff response in the two basins.

Additionally, the process-based models (SWAT and GWLF) demonstrate a greater capacity to
capture peak flow events, whereas the RF model exhibits markedly reduced accuracy under high-
flow extremes (Figure 3 and 4) —a pattern consistent with findings from other studies on data-driven
hydrological modeling[42]. This discrepancy arises because SWAT and GWLF are grounded in
explicit physical equations that represent key hydrological processes such as overland flow,
interflow, and baseflow, enabling them to physically extrapolate beyond observed conditions and
respond plausibly to extreme rainfall events. In contrast, the RF model is a data-driven, black-box
approach that effectively learns nonlinear input-output relationships, including those between
precipitation, temperature, and streamflow, but is fundamentally constrained by the scope and
representativeness of its training data. When extreme high-flow events are scarce or absent in the
training set, RF lacks a physical mechanism to generalize to unprecedented conditions, often resulting
in systematic underestimation of peak flows[42]. Such underestimation is further exacerbated by the
inherent rarity of extreme events in historical records, which leads to insufficient sampling of high-
intensity rainfall scenarios[43]. Consequently, when input variables such as rainfall intensity fall
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outside the range of observed training data, data-driven models tend to produce smoothed or
averaged responses, further compromising their ability to capture the true magnitude of peak flows.
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3.4. Model Insights and Implications for Future Water Management

Driven by the combined effects of climate change and intensifying anthropogenic activities,
natural runoff processes have become highly nonlinear and increasingly complex, posing significant
challenges for traditional hydrological models to fully capture their dynamics [44-48]. Machine
learning methods offer a promising new pathway for hydrological forecasting. However, their
performance is critically dependent on the scientific selection of input variables and the rational
optimization of model architecture—precise feature engineering and structural design are essential
prerequisites for achieving reliable predictions[43].

In this context, a comparative assessment of process-based models (SWAT and GWLF) and data-
driven approaches (RF model) across northern and southern Chinese watersheds yields critical
insights for future water resource management. Process-based models consistently outperformed the
RF model in simulating peak flow events under extreme hydrological conditions, particularly in
southern basins where intensified rainfall extremes linked to climate change are more prevalent. This
advantage stems from their mechanistic representation of key hydrological processes—including
overland flow, interflow, and baseflow —which enables physically plausible extrapolation beyond
the range of observed data[49].

In contrast, the RF model systematically underestimated peak flows in both regions, especially
when confronted with non-stationary conditions arising from rapid urbanization, reservoir
regulation, and groundwater depletion in the north, or unprecedented rainfall intensities in the
south—scenarios that are typically underrepresented or absent in historical training datasets[42].
While the RF model demonstrated reasonable accuracy for moderate flows in data-rich and relatively
stable environments, its predictive reliability deteriorated sharply under anthropogenic non-
stationarity and climate regime shifts, underscoring its inherent vulnerability to extrapolation
beyond the limits of training data.

These findings affirm that process-based models remain indispensable for long-term planning
under evolving climate and land-use scenarios, particularly in regions characterized by complex
human-water interactions. Meanwhile, data-driven approaches can become robust tools only when
augmented with explicit physical constraints or integrated into hybrid modeling frameworks[50].

From a management perspective, these results suggest that water resource strategies must be
regionally differentiated[51]. In northern watersheds, where human interventions dominate
hydrological trends, SWAT and GWLF should be prioritized to evaluate the long-term impacts of
policies such as groundwater recharge programs, irrigation efficiency upgrades, and reservoir
operation rules. In southern watersheds, where flood risk is escalating due to climate-driven extreme
rainfall, process-based models are essential for designing resilient infrastructure, updating flood
hazard maps, and informing early warning systems under future climate scenarios. The RF model,
despite its limitations in extreme event prediction, holds value in operational settings for short-term
flow forecasting and real-time monitoring, particularly when calibrated with high-frequency
observational data and constrained by physical bounds—for example, the maximum possible runoff
under given antecedent conditions[52].

We therefore advocate for an integrated modeling strategy: deploying process-based models as
the backbone for scenario analysis and policy evaluation, while integrating machine learning for
adaptive, data-driven refinement of forecasts and residual error correction[53]. This hybrid paradigm
not only enhances predictive accuracy but also ensures scientific credibility, enabling water managers
to make informed, resilient, and adaptive decisions in an era of accelerating environmental
uncertainty.

5. Conclusions

This study systematically evaluates the regional applicability of two process-based models
(SWAT and GWLF) and a data-driven machine learning model (RF) for monthly streamflow
simulation across two hydroclimatically contrasting basins in China: the humid southern basin(SSB)
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and the semi-arid northern basin(SRB). The results indicate that all models perform markedly better
in the SSB, achieving high Nash-Sutcliffe efficiency (NSE) and coefficient of determination (R?) values
(>0.85), along with low mean absolute error (MAE) and root mean square error (RMSE). SWAT yields
the highest overall accuracy in both basins, particularly in simulating peak flows, which can be
attributed to its comprehensive physics-based representation of hydrological processes. GWLF,
despite its lower complexity and reduced input requirements, produces reasonably accurate
simulations, making it particularly useful in data-limited contexts such as the SRB, though it exhibits
limitations in capturing extreme flow events. RF performs well in the SSB under zero-lag conditions,
reflecting a rapid rainfall-runoff response, but necessitates the incorporation of multi-day lags in the
SRB to account for delayed infiltration-excess runoff. However, RF consistently underestimates high-
flow events, especially in the SRB, owing to its reliance on training data and absence of embedded
physical mechanisms. The pronounced performance disparity between the two basins underscores
the critical influence of regional hydrological characteristics—such as precipitation regimes, soil
properties, and dominant runoff generation mechanisms (saturation-excess versus infiltration-
excess)—on model suitability. We conclude that SWAT is the more reliable choice for physically
consistent, extreme-event forecasting in heterogeneous environments; GWLF provides a practical,
low-data-footprint alternative for regional-scale applications; and RF serves as an efficient, high-
accuracy tool in data-rich, climatically stable basins—provided lag structures are hydrologically
justified. Model selection must therefore be guided not only by predictive performance, but by the
underlying hydrological context, data availability, and the need for physical realism in decision-
making.
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