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Abstract
High false alarm rates (FARs) in snowmelt flood forecasting persist, largely due
to an insufficient understanding of the coupled effects of multi-source hydro-
meteorological drivers and their inherent time lags. This study addressed this
gap by developing a hybrid snowmelt-flood forecasting framework that com-
bined multiple linear regression (MLR) and back propagation neural network
(BPNN) models, with a simulated annealing (SA) algorithm employed to opti-
mize the ensemble weighting. The developed hybrid model that incorporated
daily hydro-meteorological inputs and temporal factor was validated using data
from 1978 to 2011 for the Hutubi River Basin, an arid inland basin on the north-
ern slope of the Tianshan Mountains, China. The findings demonstrated that
the hybrid model achieved a specificity of 0.8549, significantly outperforming
standalone MLR (0.6024) and BPNN (0.6436) models. Correspondingly, the
FAR was reduced to 0.1451, which was substantially lower than that of MLR
(0.3976) and BPNN (0.3564). Upon integrating temporal factor, the FAR was
further reduced to 0.0959, markedly enhancing overall predictive robustness.
Collectively, this study offers a robust methodological framework for optimiz-
ing snowmelt flood forecasting by effectively integrating multi-source data and
temporal dependencies.
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from 1978 to 2011 for the Hutubi River Basin, an arid inland basin on the north-
ern slope of the Tianshan Mountains, China. The findings demonstrated that
the hybrid model achieved a specificity of 0.8549, significantly outperforming
standalone MLR (0.6024) and BPNN (0.6436) models. Correspondingly, the
FAR was reduced to 0.1451, which was substantially lower than that of MLR
(0.3976) and BPNN (0.3564). Upon integrating temporal factor, the FAR was
further reduced to 0.0959, markedly enhancing overall predictive robustness.
Collectively, this study offers a robust methodological framework for optimiz-
ing snowmelt flood forecasting by effectively integrating multi-source data and
temporal dependencies.
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1 Introduction
Snowmelt floods pose a significant global risk, causing an estimated 7.30 × 1011

USD in economic losses between 1900 and 2020 (Cui et al., 2022). Developing ef-
fective forecasting models is therefore critical for mitigating these socio-economic
impacts. The mechanisms driving snowmelt floods are complex, involving in-
teractions between meteorology, topography, soil, and vegetation (Stein et al.,
2021). Temperature, precipitation, and snowpack depth are the most sensitive
and direct drivers (Bean and Watts, 2024), while in small basins, terrain and soil
characteristics amplify the flood response (Fileni et al., 2025). Consequently,
reliable early-warning models for snowmelt
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floods must be tailored to the specific hydrological conditions of each basin.
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Snowmelt-induced and rainfall-induced runoff processes exhibit distinct hydro-
logical signatures in their generation mechanisms, response times, and seasonal
timing. Snowmelt is controlled primarily by rising temperatures and solar radia-
tion, which convert snowpack into liquid water discharged into the drainage net-
work over a concentrated period, typically in spring or early summer. Rainfall-
induced runoff, in contrast, originates from direct liquid precipitation, initiating
a more immediate surface response. The two phenomena differ fundamentally
in water source, formation mechanism, and temporal scale (Latif et al., 2020).
When rainfall occurs on existing snowpack, a Rain-on-Snow (RoS) event can
form. Under these scenarios, rainfall supplements streamflow and accelerates
snowmelt by enhancing heat input and energy exchange within the snowpack,
triggering larger and faster flood peaks (Hotovy et al., 2025).

The Hutubi River Basin, the focus of this study, is located in a typical arid
region on the northern slope of the Tianshan Mountains, China. Its streamflow
is primarily driven by mountain snowmelt, with liquid precipitation contributing
minimally to the annual water balance. The flood regime is dominated by
spring snowmelt events, which are characterized by concentrated runoff, steeply
rising flood peaks, and high frequency due to large snow reserves, rapid spring
temperature increases, and significant topographic relief. In certain years, the
superposition of early spring rainfall on snowmelt amplifies flood risks (Zhao
et al., 2020). Systematic research in such a basin is scientifically important
for understanding flood formation mechanisms and enhancing regional flood
management capabilities.

Snowmelt flood forecasting frameworks are generally categorized into process-
based hydrological models and data-driven machine learning approaches, most
of which have been validated in medium- to large-scale basins (Agnihotri and
Coulibaly, 2020; Venegas-Cordero et al., 2023). Widely used hydrological ap-
proaches include the Variable Infiltration Capacity (VIC-CAS), Soil and Water
Assessment Tool (SWAT), and Nedbør-Afledt Modstand (NAM) models (Xie et
al., 2007; Teshome et al., 2020; Koltsida et al., 2023). The VIC-CAS model, a
large-scale distributed framework employing Soil-Vegetation-Atmosphere Trans-
fer Schemes (SVATS), is extensively applied in western China’s cryosphere (Ding
and Zhang, 2018). The SWAT model integrates land use, soil type, and mete-
orological data to improve hydrological cycle simulations and forecast accuracy
(Janjić and Tadić, 2023). The NAM model further refines this by using instan-
taneous unit hydrograph theory to simulate rainfall-runoff processes with high
precision (Tran Tuan, 2024).

Alongside process-based models, machine learning technologies have substan-
tially advanced predictive capabilities for snowmelt runoff and flood events
(Atashi et al., 2023a; Mirboluki et al., 2024). Approaches including Long Short-
Term Memory (LSTM) networks, Support Vector Regression (SVR), Random
Forest (RF), and eXtreme Gradient Boosting (XGBoost) have gained promi-
nence for their capacity to map complex nonlinearities and temporal dependen-
cies in snow-dominated systems (Adamowski and Prasher, 2012; Kratzert et al.,
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2018). LSTM-based models are particularly effective for modeling snowmelt
dynamics, as they can explicitly represent the temporal memory and lag re-
sponses between temperature, snow accumulation, and runoff. For instance,
Yu et al. (2023) demonstrated that integrating snowmelt temporal information
into LSTM frameworks improved flood estimation, specifically by correcting
peak discharge underestimation. Concurrently, tree-based ensemble methods
like RF and XGBoost have proven highly applicable, offering robustness to mul-
ticollinearity and adept handling of complex variable interactions. Studies by
Aryal et al. (2025) and Santos et al. (2025) confirmed their competitive accu-
racy, even with limited hydro-meteorological data in alpine arid regions. More
recently, hybrid frameworks incorporating temporal awareness have gained at-
tention. Duan et al. (2024) achieved substantial improvements in daily-scale
predictions by integrating explicit temporal modules into deep learning architec-
tures. Building on this, Thapa et al. (2024) found that Temporal Convolutional
Network (TCN) models can more effectively capture seasonal variations and
abrupt snowmelt events, outperforming traditional machine learning methods.
These studies indicated that ML models with explicit temporal components
represent a promising

direction for enhancing snowmelt flood prediction.

While data limitation and parameter applicability are universal challenges, these
issues are often amplified in small watersheds (Blöschl and Sivapalan, 1995).
The intricate topography and rapid hydrological responses of small basins make
models highly sensitive to observational data density and parameter calibration.
These factors significantly constrain the predictive performance of both hydro-
logical and machine learning models at this scale (Argentin et al., 2025). Ex-
ploratory studies in small watersheds have been conducted. Lane et al. (2019)
benchmarked lumped hydrological models across over 1000 small catchments
in the UK, establishing regression-based methods, particularly multiple linear
regression (MLR), as standard benchmarks for performance assessment under
uncertainty (Lane et al., 2019; Yeganeh et al., 2024). Wang et al. (2017) in-
tegrated a backpropagation neural network (BPNN) with the semi-distributed
Xin’anjiang model to improve flood forecasting in small watersheds, achiev-
ing higher accuracy for real-time peak flow and runoff prediction. Overall, a
single model may perform well under specific conditions, but its accuracy and
false alarm rate (FAR) remain limited in complex hydro-meteorological scenar-
ios. Hybrid models that integrate multiple methods are therefore considered a
promising approach to improve overall prediction performance. Therefore, this
study sought to enhance snowmelt flood prediction in a small watershed by
weighing and combining different models.

As a representative snowmelt flood-prone region in Northwest China, the Hutubi
River Basin presents complex flood generation mechanisms driven by temper-
ature, precipitation, and snowmelt, which have long posed severe challenges
to regional flood control. The sudden onset and difficult prediction of spring
snowmelt floods, in particular, negatively impact local socio-economic develop-

chinarxiv.org/items/chinaxiv-202608.00023 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00023


ment and public safety. Existing machine learning models often underperform
in these environments because the stochastic and nonlinear dynamics inherent
in snowmelt-induced hydrology remain inadequately represented (Jiang et al.,
2022). This study took the Hutubi River Basin as a representative testbed to
develop a hybrid snowmelt-flood forecasting framework, integrating MLR and
BPNN models via a simulated annealing (SA) algorithm. This research not only
addresses a critical need for localized flood mitigation but also provides a repli-
cable framework for snowmelt-induced runoff prediction in other data-scarce
mountainous regions.

2 Materials
2.1 Study area

The Hutubi River Basin constitutes a pivotal hydrological system on the north-
ern slope of the Tianshan Mountains, China. The basin spans from 86°05′E to
86°40′E longitude and 43°07′N to 43°45′N latitude, covering an area of approx-
imately 10,255 km2 (Fig. 1). Substantial high-elevation winter snowpack, cou-
pled with rapid vernal thermal escalation, generates voluminous snowmelt over
abbreviated temporal windows. Steep upstream topography facilitates rapid
runoff concentration, whereas the gently sloping plains of the middle and lower
reaches possess limited channel conveyance capacity. This spatial heterogene-
ity in terrain and hydrology renders the basin highly susceptible to snowmelt-
induced flooding during the spring warming period.

2.2 Data sources

The meteorological data (daily precipitation (mm) and daily average tempera-
ture (°C)) for this study were sourced from the Changji Meteorological Bureau.
This source was selected due to its geographical proximity and shared climatic
conditions with the Hutubi River Basin, as both are situated on the middle
northern slope of the Tianshan Mountains and influenced by similar atmospheric
circulation patterns. Hydrological data (daily streamflow (m3/s) and daily snow
depth (cm)) were obtained from the Shimen Hydrological Station on the Hutubi
River. The resulting datasets span the period 1978–2011 and comprise four key
variables: daily streamflow, daily precipitation, average temperature difference
(°C), and snow depth change (cm). Here, average temperature difference repre-
sents the change in average temperature between consecutive days, while snow
depth change quantifies the day-to-day difference in snow depth.

Fig. 1 Overview of the Hutubi River Basin based on the elevation data and
distribution of its drainage network

During 1978–2011, 31 severe flood events, totaling 122 flood days, were recorded
in the Hutubi River Basin (Editorial Board of China Meteorological Disaster
Series, 2006). Of these, 22 events (47 flood days) were classified as snowmelt-
induced floods, while the remaining 9 events (75 flood days) were attributed to
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Overview of the Hutubi River Basin based on elevation data and distribution
of its drainage network. The map marks the Shimen Hydrological Station,

drainage network, and elevation range from 1274 to 5253 m.

Figure 1: Overview of the Hutubi River Basin based on elevation data and
distribution of its drainage network. The map marks the Shimen Hydrological
Station, drainage network, and elevation range from 1274 to 5253 m.

rainfall. Snowmelt-induced floods occurred predominantly in April, correspond-
ing with the seasonal snowpack ablation period confirmed by observed snow
depth data. In contrast, rainfall-induced floods occurred primarily in July and
August (Fig. 2). This historical record underscores the necessity of developing
snowmelt-induced flood models specifically adapted to the hydrological regime
of the Hutubi River Basin.

Time series plots of the primary hydro-meteorological elements from 1978 to
2011 illustrated their respective data ranges and interannual fluctuations (Fig.
3). Table 1 presents descriptive statistics (maximum, minimum, median, mean,
and standard deviation) that summarize the dynamic characteristics of these
hydro-meteorological elements.

3 Methods
3.1 Analytical framework

The overall workflow of this study was as follows: feature selection, feature
preprocessing, hybrid model development, and model comparison and improve-
ment. The feature selection stage involved the acquisition of raw data—daily
streamflow, daily precipitation, average temperature difference, and snow depth
change. For feature preprocessing, all raw inputs were standardized to eliminate
dimensional disparities. Two- and three-dimensional distribution analyses were
performed to visualize the relationships between these hydro-meteorological vari-
ables. For hybrid model development, we employed an SA algorithm in a weight-
optimization framework to fuse the predictive outputs of MLR and BPNN mod-
els. For model comparison and improvement, we evaluated the effectiveness of
the model through two comparative experiments: a comparison of model con-
fusion matrices, and an assessment of model performance with and without the
inclusion of a temporal factor.

Fig. 2 Monthly distribution and cumulative characteristics of snowmelt-
induced and rainfall-induced floods. (a), monthly distribution of flood events;
(b), monthly variation of flood days; (c), cumulative distribution of flood days.

3.2 Feature normalization and scaling
Prior to model development, we normalized all four hydro-meteorological vari-
ables using methods tailored to their specific distributional characteristics.
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Fig. 2. Monthly distribution and cumulative characteristics of
snowmelt-induced and rainfall-induced floods. (a), monthly distribution of

flood events; (b), monthly variation of flood days; (c), cumulative distribution
of flood days.

Figure 2: Fig. 2. Monthly distribution and cumulative characteristics of
snowmelt-induced and rainfall-induced floods. (a), monthly distribution of flood
events; (b), monthly variation of flood days; (c), cumulative distribution of flood
days.

Fig. 3. Temporal variations in daily streamflow (a), precipitation (b), average
temperature (c), and snow depth (d) in the Hutubi River Basin from 1978 to

2011

Figure 3: Fig. 3. Temporal variations in daily streamflow (a), precipitation (b),
average temperature (c), and snow depth (d) in the Hutubi River Basin from
1978 to 2011

Daily streamflow data were transformed using the Box–Cox method to mitigate
the positive skewness caused by extreme flood values. The transformation is
defined as:

𝑖(𝜆)
1 =

⎧{
⎨{⎩

𝑖(𝜆)
1 − 1

𝜆 if 𝜆 ≠ 0
ln (𝑖(𝜆)

1 ) if 𝜆 = 0
, (1)

where 𝑖(𝜆)
1 indicates the normalized daily streamflow; and 𝜆 is a transforma-

tion parameter optimized via maximum likelihood estimation to drive the post-
transformation skewness toward

Fig. 3 Temporal variations in daily streamflow (a), precipitation (b), average
temperature (c), and snow depth (d) in the Hutubi River Basin from 1978 to
2011

Table 1 Statistical characteristics of daily hydro-meteorological elements during
1978–2011

Element Maximum Minimum Median Mean Standard deviation
Streamflow (m3/s) 259.000 0.530 5.550 15.252 19.533
Precipitation (mm) 57.200 0.000 9.604 1.218 3.526
Average temperature (°C) 31.700 −27.900 7.700 6.232 12.177
Snow depth (cm) 45.665 0.000 0.679 4.581 8.024

zero. All input values of daily streamflow were required to be strictly positive.
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Daily precipitation was normalized using min–max scaling, which projects the
daily precipitation values onto the interval [0, 1]. The transformation is given
by:

𝑖∗
2 = 𝑖2

max(𝑖2) , (2)

where 𝑖∗
2 denotes the normalized daily precipitation; and max(𝑖2) is the historical

maximum daily precipitation (mm). Days without precipitation were assigned
a value of zero.

For the average temperature difference, we applied a symmetric min–max scal-
ing to preserve sign information, ensuring a symmetric range of [−1, 1]. The
normalization formula is:

𝑖∗
3 = 2 ( 𝑖3 − min(𝑖3)

max(𝑖3) − min(𝑖3)) − 1, (3)

where 𝑖∗
3 denotes the normalized average temperature difference; max(𝑖3) indi-

cates the maximum absolute average temperature difference (°C); and min(𝑖3)
adopts the negative of the maximum absolute temperature difference (°C).

The snow depth change was normalized using a non-negative min-max scaling,
formulated as:

𝑖∗
4 = 𝑖4

max(𝑖4) , (4)

where 𝑖∗
4 denotes the normalized snow depth change; max(𝑖4) represents the

historical maximum snow depth change.

3.3 Snowmelt flood forecasting and warning models
3.3.1 Assessment of predictive variables

This study conducted a Grey Relational Analysis (GRA) to validate the selection
of the four hydro-meteorological variables. The GRA analysis quantified the
degree of association between each variable and the binary flood-occurrence
sequence, providing a quantitative basis for their inclusion as predictors.

The analysis began by defining a reference sequence 𝑃𝑚, where a snowmelt flood
occurrence was coded as 1 and a non-occurrence as 0. The absolute deviation
Δ𝑚𝑛 between each variable series 𝑥′

𝑚𝑛 and this reference sequence was then
computed:

Δ𝑚𝑛 = |𝑥′
𝑚𝑛 − 𝑃𝑚| , (5)
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where 𝑚 denotes the number of observations (time series points); and 𝑛 denotes
the index of the hydro-meteorological variable.

Subsequently, the grey relational coefficients 𝜉𝑚𝑛 between each hydro-
meteorological variable and the snowmelt-flood occurrence probability were
computed as:

𝜉𝑚𝑛 = min𝑚 ×min𝑛 ×Δ𝑚𝑛 + 𝜌 × max𝑚 ×max𝑛 ×Δ𝑚𝑛
Δ𝑚𝑛 + 𝜌 × max𝑚 ×max𝑛 ×Δ𝑚𝑛

, (6)

where min𝑚 and min𝑛 indicate the global minimum of the absolute deviation
Δ𝑚𝑛 across all time points 𝑚 and all hydro-meteorological variables 𝑛, respec-
tively, representing the minimum found within the entire matrix of deviations;
max𝑚 and max𝑛 indicate the global maximum of the absolute deviation Δ𝑚𝑛
across all time points 𝑚 and all hydro-meteorological variables 𝑛, respectively,
representing the maximum found within the entire matrix of deviations; and 𝜌
is the distinguishing coefficient, conventionally set to 0.5.

3.3.2 MLR model

This study developed a MLR model to establish the relationship between the
four selected hydro-meteorological variables and the probability of snowmelt
flood occurrence. Prior to model fitting, we assessed multicollinearity among
the independent variables using the Variance Inflation Factor (VIF). A VIF
value exceeding 10 is indicative of severe multicollinearity, which can lead to
significant and non-negligible errors (O’brien, 2007). The VIF is calculated as:

VIF𝐾 = 1
1 − 𝑅2

1−3/𝐾
, (7)

where 𝐾 indicates the 𝐾th independent variable; and 𝑅2
1−3/𝐾 is the coefficient

of determination obtained by regressing the 𝐾th independent variable against
the remaining three.

With the probability of snowmelt flood occurrence (𝑃𝑓) as the dependent vari-
able and the four hydro-meteorological variables (𝑖1–𝑖4) as independent variables,
the MLR model is specified as:

𝑃𝑓 = 𝛽0 + 𝛽1𝑖1 + 𝛽2𝑖2 + 𝛽3𝑖3 + 𝛽4𝑖4 + 𝜇, (8)

where 𝛽0 is the intercept term; 𝛽1–𝛽4 are the regression coefficients; and 𝜇
denotes the stochastic error term. The coefficients were estimated using the
Ordinary Least Squares (OLS) method, which minimizes the sum of squared
differences between observed and predicted values.
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3.3.3 BPNN model

The BPNN, a foundational machine learning model capable of capturing com-
plex nonlinear relationships, was employed for flood prediction (Zhou et al.,
2023). The BPNN’s multilayer architecture enables the abstraction and inte-
gration of input features, allowing it to effectively model the complex mecha-
nisms of snowmelt flood processes. Accordingly, a BPNN-based snowmelt flood
prediction model was constructed for the Hutubi River, with its architecture
depicted in Figure 4.

Fig. 4 Architecture of the backpropagation neural network (BPNN)-based
snowmelt flood forecasting model. 𝑖1–𝑖4 indicate the input features (indicating
normalized daily streamflow, daily precipitation, average temperature difference,
and snow depth change, respectively); ℎ𝑖1–ℎ𝑖4 indicate the hidden layer features;
ℎ′

𝑖1–ℎ′
𝑖4 indicate the cross-feature coupled hidden features; 𝛼1–𝛼4 indicate the

temporally extracted features; ℎfusion indicates the fused feature vector; ReLU,
Rectified Linear Unit; tanh, hyperbolic tangent; 𝑃𝑓 , predicted probability of
snowmelt flood occurrence.

The BPNN model constructed for this study comprised an input layer, three
functional hidden layers, and an output layer. The input layer consisted of four
nodes corresponding to daily streamflow, daily precipitation, average temper-
ature difference, and snow depth change. Input data were standardized, and
missing values were imputed using the median. The hidden layers included a
feature-channel processing layer, a cross-feature coupling layer, and a temporal-
feature extraction layer, all of which used the Rectified Linear Unit (ReLU) ac-
tivation function to model nonlinear relationships and time-series features. The
output layer predicted the flood probability, which was then classified against a
predefined threshold. The model was trained using the Adam optimizer with a
learning rate of 0.001 for a maximum of 1000 epochs. Overfitting was mitigated
through Xavier weight initialization, early stopping (triggered if validation loss
failed to improve for 50 consecutive epochs), and feature standardization.

To ensure both predictive accuracy and physical consistency, a composite loss
function 𝐿 was designed:

𝐿 = 1
𝑁

𝑁
∑
𝑙=1

𝑤𝑙(𝑖1,𝑙 − ̂𝑖1,𝑙)2 + 𝛼‖Θ‖2
2 + 𝛽 ∥ 𝜕 ̂𝑖1

𝜕𝑃𝑟𝑒 − 𝜑∥
2

2
, (9)

where 𝑁 is the number of training days; 𝑤𝑙 is the weight for the daily obser-
vation of the 𝑙th training day; 𝑖1,𝑙 and ̂𝑖1,𝑙 are the observed and predicted daily
streamflow (m3/s) of the 𝑙th training day, respectively; 𝛼 is the L2 regularization
coefficient for model parameter Θ; 𝛽 is the penalty multiplier for the physical
constraint term; ̂𝑖1 is the predicted daily streamflow (m3/s); 𝑃𝑟𝑒 is the daily
precipitation (mm); and 𝜑 is the predefined response threshold (m3/(s・mm)).
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3.3.4 Hybrid model fusion via SA optimization

To integrate the complementary strengths of the MLR model (𝑓1) and BPNN
model (𝑓2), we implemented the SA algorithm to optimize their fusion weighting
coefficients.

First, we initialized the temperature 𝑇0. Next, we randomly generated initial
weights 𝑤1 and 𝑤2 (𝑤1 +𝑤2 = 1). The fused probability (𝑃weighting) was defined
as:

𝑃weighting = 𝑤1𝑓1 + 𝑤2𝑓2
𝑤1 + 𝑤2

. (10)

We applied a classification threshold of 0.1, and probabilities exceeding this value
were categorized as flood events. The initial accuracy 𝐻0 was evaluated against
historical observations (2009–2011). During the optimization phase, weights (𝑤′

1
and 𝑤′

2) were iteratively adjusted to generate new predictions, the new fused
probability (𝑃 ′

weighting) was defined as:

𝑃 ′
weighting = 𝑤′

1𝑓1 + 𝑤′
2𝑓2

𝑤′
1 + 𝑤′

2
. (11)

Then, we defined the model accuracy under the new fused probability 𝑃 ′
weighting

as 𝐻′
0. The difference between 𝐻′

0 and 𝐻0 was calculated as Δ𝑓 , and the
acceptance probability 𝑃𝑎 (which is the probability of accepting a candidate
state in simulated annealing) was defined as:

𝑃𝑎 =
⎧{
⎨{⎩

1 if Δ𝑓 > 0
exp(−Δ𝑓

𝑇 ) if Δ𝑓 < 0, (12)

where 𝑇 is the temperature corresponding to the new weight combination.

After that, we iteratively reduced the temperature via a cooling schedule, with
each new temperature corresponding to a new set of weights. The updated
temperature satisfies:

𝑇𝑗+1 = 𝑐𝑇𝑗, (13)

where 𝑇𝑗+1 and 𝑇𝑗 are the temperature values at the (𝑗+1)th iteration and the 𝑗th

iteration, respectively; and 𝑐 is the cooling coefficient. To enhance the precision
of the SA search, this study set 𝑐 to 0.96, thereby increasing the number of
simulation iterations and facilitating a gradual convergence toward the optimal
solution.
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Finally, we set the termination temperature 𝑒 = 10−30. The iteration termi-
nated when 𝑇 < 𝑒, at which point the optimal weight combination and the
corresponding maximum model accuracy were outputted.

3.3.5 Integration of temporal factor

To enhance the predictive accuracy of the SA-based fusion model, we incor-
porated the temporal factor to characterize the dynamics of snowmelt-induced
floods. Such features are critical for capturing the onset, peak, and duration
of melt-driven runoff events. Previous research has demonstrated that includ-
ing temporal patterns can significantly improve hydrological model performance
(Atashi et al., 2023b). For instance, Yan et al. (2023) highlighted that snowmelt
timing is a key determinant in flood estimation for snow-dominated basins
and that conventional rainfall-based timing models can substantially underesti-
mate flood events. Their proposed method, which combined snowmelt timing,
markedly improved estimation accuracy. Similarly, Duan et al. (2024) inte-
grated a time module into a deep learning framework, which effectively boosted
the forecast accuracy of daily-scale snow water equivalent. Furthermore, Thapa
et al. (2020) confirmed that time-aware architectures like Temporal Convolu-
tional Networks (TCNs) could effectively model snowmelt-runoff processes and
outperformed conventional models.

Building upon these findings and to account for both regular cycles and irregular
disturbances, the temporal index (𝑡) was decomposed into a seasonal component
(𝑡𝑠) and an episodic component (𝑡𝑒). Following Yan et al. (2023), a sine function
was employed to capture the periodic changes throughout the year, enabling the
model to represent the regular seasonality of snowmelt. For a given day of the
year 𝑑 and a period 𝑇𝑝 (365 d), 𝑡𝑠 can be calculated as:

𝑡𝑠 = sin(2𝜋𝑑
𝑇𝑝

) . (14)

Inspired by the time-module integration of Duan et al. (2024), we used an
exponential decay function to quantify the impact of abrupt snowmelt events.
It was defined as the cumulative exponentially-decayed count of consecutive
days where temperature differences exceeded a predefined threshold:

𝑡𝑒 =
𝑜

∑
𝑘=1

𝑒−𝜆𝑘, (15)

where 𝑜 is the total number of consecutive days where temperature differences
exceeded a predefined threshold; 𝑘 is the time step index representing the se-
quential day; and 𝜆 denotes the decay coefficient.

To integrate these dynamics into the SA fusion model, the two components were
linearly combined and normalized to account for both seasonal patterns and lag
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characteristics:

𝑡 = 𝑎𝑡𝑠 + (1 − 𝑎)𝑡𝑒 = 𝑎 sin(2𝜋𝑑
𝑇𝑝

) + (1 − 𝑎)
𝑜

∑
𝑘=1

𝑒−𝜆𝑘, (16)

where 𝑎 is the weighting coefficient (0 < 𝑎 < 1). Consequently, the augmented
input vector incorporating the temporal factor was defined as:

I′ = [𝑖1, 𝑖2, 𝑖3, 𝑖4, 𝑡]. (17)

This integrated temporal representation enriched the input space, allowing the
model to capture complex hydrological responses.

3.4 Performance evaluation metrics

A rigorous evaluation protocol was established by partitioning the data into a
training set (1978–2008) and an independent validation set (2009–2011) to assess
out-of-sample performance. This study quantitatively evaluated the predictive
performance of the models using several standard classification metrics derived
from a confusion matrix. The four components of the matrix were: true positive
(TP), true negative (TN), false positive (FP), and false negative (FN). Here, TP
indicates the number of flood events correctly predicted as flood; TN indicates
the number of non-flood events correctly predicted as non-flood; FP indicates
the number of non-flood events incorrectly predicted as flood; and FN indi-
cates the number of flood events incorrectly predicted as non-flood. Based on
these components, we computed the following performance indicators: overall
accuracy (OA), specificity, FAR, and area under the Receiver Operating Char-
acteristic (ROC) curve (AUC). Here, OA refers to the overall correct prediction
rate (including non-flood days); specificity is the proportion of actual non-flood
days correctly identified; and FAR indicates the proportion of non-flood events
incorrectly predicted as floods. AUC provides a comprehensive measure of a
classifier’s ability to discriminate between flood and non-flood events based
on the ROC curve (Wilks, 2011). The ROC curve plots the true positive rate
(TPR) against the FAR across all possible classification thresholds. The relevant
formulas are as follows:

OA = TP + TN
TP + TN + FP + FN , (18)

Specificity = TN
TN + FP , (19)

FAR = FP
FP + TN , (20)
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TPR = TP
TP + FN . (21)

4 Results
4.1 Quantification of hydro-meteorological drivers and predictive con-
tributions

The MLR analysis served as the basis for a probabilistic forecasting model,
and the regression results clarified the relationships between different hydro-
meteorological drivers and flood occurrence probability within the arid context
of the Hutubi River Basin (Table 2). Daily streamflow (coefficient=0.147) and
daily precipitation (coefficient=0.089) both exhibited highly significant positive
effects, indicating that during the snowmelt season, direct precipitation and
antecedent runoff are decisive factors in flood formation. The snow depth change
also showed significant positive effect (coefficient=0.033), confirming that snow
ablation directly augments downstream streamflow and thereby increases flood
probability. In contrast, the average temperature difference yielded a negative
coefficient (−0.021) with marginal significance, suggesting a weaker influence.
This negative relationship may be attributable to the strong sunlight and large
diurnal temperature differences in arid regions; while daytime warming promotes
snowmelt, significant nocturnal cooling can inhibit the continuous release of
meltwater, thus moderating the overall flood risk. Collectively, these findings
align with the established hydro-meteorological characteristics of spring and
summer snowmelt floods in the basin.

The GRA results revealed varying degrees of association between the variables
and flood probability. All four variables exhibited high relational coefficients,
validating their strong association with the probability of snowmelt flood occur-
rence and confirming their utility as reliable predictors. Notably, the grey rela-
tional coefficients for snow depth change (0.955) and daily precipitation (0.947)
demonstrated the strongest correlations, identifying them as the most significant
drivers of flood formation. Daily streamflow also demonstrated a strong associ-
ation (0.902), underscoring the importance of streamflow recharge. In contrast,
the coefficient of average temperature difference was 0.837; although it showed
some correlation, the correlation was clearly lower than other indicators, sug-
gesting its relatively weak role in explaining the occurrence of snowmelt floods.
These results correspond to the low significance of the temperature difference
coefficient observed in the MLR analysis.

Table 2 Standardized coefficients of hydro-meteorological predictors

Predictor t-statistic Significance Coefficient
Daily streamflow 13.336 0.0001 0.147
Daily precipitation 8.124 0.0001 0.089
Average temperature difference −1.947 0.0520 −0.021
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Fig. 5

Figure 4: Fig. 5

Predictor t-statistic Significance Coefficient
Snow depth change 3.073 0.0020 0.033

4.2 Visualization of normalized hydro-meteorological variables

Figure 5 illustrates the distribution characteristics and pairwise correlations of
the four preprocessed hydro-meteorological variables. For instance, a strong neg-
ative correlation (with Spearman’s rank correlation coefficient (𝜌) of −0.77) was
evident between the average temperature difference and snow depth change (Fig.
5c2 and d4), indicating that greater temperature fluctuations accelerate snow
ablation. Conversely, daily streamflow exhibited a notable positive relationship
with the average temperature difference (𝜌=0.29; Fig. 5a2 and c4), reflecting
the thermal control on meltwater generation. These visualized relationships
provide a physically coherent basis for the subsequent regression analysis, con-
firming that these variables satisfy the distributional assumptions for statistical
modeling and possess distinct correlation structures.

Fig. 5 Distribution characteristics of normalized hydro-meteorological predic-
tors and pairwise interactive relationships of each predictor with other three
predictors. (a1–a4), 𝑖1; (b1–b4), 𝑖2; (c1–c4), 𝑖3; (d1–d4), 𝑖4. Histograms with
kernel density estimation (KDE) curves illustrate the data distribution of each
predictor. Scatter plots display the actual normalized observations between pre-
dictors, with red Locally Weighted Scatterplot Smoothing (LOWESS) curves
indicating the non-linear trend of these data points. 𝜌 indicates the Spearman’
s rank correlation coefficient, which quantifies the strength and direction of the
monotonic relationship between two predictors; values range from −1.00 to 1.00,
where a value closer to −1.00 or 1.00 indicates a stronger negative or positive
correlation, respectively.

4.3 Parameter optimization for the BPNN model
A composite-loss descent curve and a gradient-descent spiral were generated to
visualize the training process and parameter evolution of the BPNN (Fig. 6).
The loss value decreased rapidly during the initial training iterations (Fig. 6a),
indicating that the model efficiently learned the primary data features and sig-
nificantly reduced the prediction error. Subsequently, the loss curve flattened
and stabilized, signifying that the model had entered a convergence phase near
the optimal solution. This trajectory demonstrated the effectiveness of the train-
ing process and the robustness of the optimization strategy. Figure 6b depicts
the optimization trajectory within the parameter space. The parameter updates
consistently followed the negative gradient of the loss surface, confirming that
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Fig. 6

Figure 5: Fig. 6

the optimization process effectively converged by descending the loss function
to identify an optimal parameter configuration.

Fig. 6 Training performance and optimization trajectory. (a), loss function
decay curve demonstrating model convergence efficiency; (b), contour plot of
the parameter space optimization, showing the gradient descent path relative
to the loss intensity distribution. The blue curve traces the iterative updates
of the model parameters from their initial state, clearly showing the path to-
ward the optimal solution. The background contours represent the loss function
landscape for different parameter combinations.

4.4 Optimization of ensemble weights for hybrid models
The SA algorithm was employed to determine the optimal weight distribution
between the MLR and BPNN models. The resulting optimal weights for the
MLR and BPNN components were 0.466 and 0.534, respectively. The marginally
higher weight assigned to the BPNN model suggested that nonlinear dynamics
predominantly govern snowmelt floods in the basin. However, the comparable
magnitude of the weights confirmed that a hybrid framework integrating both
linear and nonlinear components is essential to fully characterize the system’s
hydrological complexity.

The determination of the optimal weight for the MLR (0.466) was based on
the microscopic convergence mechanism of the SA algorithm and the actual
curvature of the objective function landscape, and was validated through the
joint extremum of all performance indicators. As shown in both global and
localized views (Fig. 7), the objective function and Root Mean Square Error
(RMSE) exhibited a global minimum precisely at the optimal weight (0.466).
Meanwhile, for the indicator requiring maximization, the global peak and local
apex of Nash-Sutcliffe Efficiency (NSE) also exactly lied at this point. Critically,
the SA iteration trajectory (Fig. 7d1 and d2) demonstrated that after extensive,
high-precision perturbation searches, the algorithm consistently converged on
0.466 as the optimal value. This process effectively distinguished the true global
optimum from adjacent suboptimal points (e.g., 0.467), confirming 0.466 as a
stable and computationally accurate solution.

4.5 Comparative analysis of the hybrid model and individ-
ual sub-models
The forecasting framework and its two constituent sub-models were quantita-
tively evaluated using overall accuracy, specificity, and FAR (Table 3). The
hybrid model demonstrated substantially higher accuracy and a lower FAR
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Confusion matrices for MLR, BPNN, and hybrid models for snowmelt flood
classification during 2009–2011.

Figure 6: Confusion matrices for MLR, BPNN, and hybrid models for snowmelt
flood classification during 2009–2011.

than individual sub-model. Notably, its FAR was 25.25% lower than that of
the MLR model and 21.13% lower than that of the BPNN model. The two
sub-models exhibited comparable performance, with a modest 4.12% difference
in both specificity and FAR.

To further visualize these performance differences, we generated the confusion
matrices for all three models for the validation period (Fig. 8). The hybrid
model demonstrated the highest proficiency in positive sample identification. It
achieved a TP count of 56 d, representing

Fig. 7 Optimization landscape and convergence analysis of the optimal weight
for the multiple linear regression (MLR) model. (a1–d1), global distribution
of the objective function landscape, RMSE, NSE, and trajectory optimization;
(a2–d2), localized zoom-in views with fitted trend lines. Objective function
landscape indicates the multi-objective cost function evaluated for model con-
vergence (minimization objective); RMSE is the Root Mean Square Error, quan-
tifying the deviation between observations and simulations (minimization ob-
jective); NSE is the Nash-Sutcliffe Efficiency, denoting hydrological predictive
performance (maximization objective, optimal at 1.0); trajectory optimization
denotes the iterative search path of model weights during optimization. The
red star denotes the global optimum at the optimal weight of 0.466, consistently
identified by all performance metrics. The red solid line denotes the polynomial
regression trend-fit, representing the stochastic iteration trajectory. The large
value of proximity to the global optimum indicates higher convergence density.

Table 3 Comparative performance evaluation of the predictive model and its
sub-models

Model Overall accuracy Specificity FAR
MLR 0.6260 0.6024 0.3976
BPNN 0.6671 0.6436 0.3564
Hybrid model 0.8658 0.8549 0.1451

Note: MLR, multiple linear regression; BPNN, backpropagation neural network;
hybrid model, the integrated forecasting framework optimized via the SA algo-
rithm.

Fig. 8 Confusion matrices of MLR, BPNN, and hybrid models for snowmelt
flood classification during 2009–2011. TP, true positive; FP, false positive; FN,
false negative; TN, true negative.

chinarxiv.org/items/chinaxiv-202608.00023 Machine Translation

https://chinarxiv.org/items/chinaxiv-202608.00023


100.00% of total flood events, with zero FN, indicating that no flood events were
missed. Regarding negative sample identification, the hybrid model yielded a
TN count of 576 d, accounting for 85.50% of non-flood days, while maintaining
FP counts of 98 d, a substantial improvement over the sub-models. Conversely,
the MLR and BPNN models showed lower sensitivity in positive sample identi-
fication, with TP values of 51 d (91.07% of total flood events) and 53 d (94.64%
of total flood events), and FN of 5 and 3 d, respectively. Furthermore, both sub-
models generated significantly higher false alarms, with FP counts of 268 and
240 d, respectively, thereby compromising the reliability of non-flood predictions.
These results suggested that model fusion can effectively synchronize complete
flood detection with a marked reduction in false alarms. In the Hutubi River
Basin, characterized by infrequent but prolonged snowmelt floods, the hybrid
model could provide a more robust predictive tool for disaster mitigation. This
analysis quantified the performance gains and established a scientific foundation
for optimizing operational flood early-warning systems.

We further generated ROC curves to assess performance on unseen data inde-
pendent of a specific threshold. Using the 1978–2008 training set and the 2009–
2011 test set, ROC curves and their corresponding AUC values were calculated
for the MLR, BPNN, and hybrid models (Fig. 9). The AUC values clearly es-
tablished a performance hierarchy: hybrid model>BPNN model>MLR model.

4.6 Performance enhancement from temporal factor
Figures 10 and 11 provide a comparative visualization of the predictive accu-
racy of hybrid models (without and with temporal factor) for identical flood
events. Furthermore, a probability threshold of 0.1 was selected to account for
the low frequency of flood occurrences and to optimize model sensitivity, thereby
improving the diagnostic utility of the visualizations. The comparative analy-
sis revealed two primary improvements: (1) the integration of temporal factor
substantially reduced the model’s FAR from 0.1451 to 0.0959; and (2) this re-
duction in FAR corresponded to a significant increase in specificity, from 0.8549
to 0.9041. These results suggested that the model with temporal factor can
more effectively capture the temporal dependencies inherent in the hydrological
data, leading to enhanced overall predictive capability.

4.7 Sensitivity analysis and algorithmic robustness
4.7.1 Sensitivity analysis of hydro-meteorological variables

We further conducted a systematic sensitivity analysis to quantify the relative
importance of the four key input variables (Fig. 12). The analysis involved
systematically removing single variables or combinations of variables and cal-
culating the resulting change in the hybrid model’s predictive performance,
thereby assessing both individual contributions and synergistic effects.

Fig. 9 Comparative analysis of area under the Receiver Operating Characteris-
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ROC curve comparing MLR (AUC=0.79), BPNN (AUC=0.83), and hybrid
model with temporal factor (AUC=0.92); axes: FAR and TPR.

Figure 7: ROC curve comparing MLR (AUC=0.79), BPNN (AUC=0.83), and
hybrid model with temporal factor (AUC=0.92); axes: FAR and TPR.

Time-series comparison between predicted flood probability without temporal
factor and observed flood events in the Hutubi River Basin during 2009–2011;

probability threshold is 0.1.

Figure 8: Time-series comparison between predicted flood probability without
temporal factor and observed flood events in the Hutubi River Basin during
2009–2011; probability threshold is 0.1.

tic (ROC) curve (AUC) values among MLR, BPNN, and hybrid models. TPR,
true positive rate.

Fig. 10 Comparison between predicted flood probability (without temporal
factor) and observed flood events in the Hutubi River Basin during 2009–2011.
A red marker positioned above the probability threshold line signifies a successful
prediction (a true positive), whereas a marker below it indicates a missed event
(a false negative).

Fig. 11 Comparison between predicted daily flood probability (with temporal
factor) and observed flood events in the Hutubi River Basin (2009–2011). A
red marker positioned above the probability threshold line signifies a successful
prediction (a true positive), whereas a marker below it indicates a missed event
(a false negative).

Fig. 12 Sensitivity analysis of hydro-meteorological variables in the hybrid
model by removing single variables or combinations of variables.

The sensitivity analysis results indicated that daily streamflow was the most
critical variable. Removing daily streamflow alone caused the AUC to decrease
by 0.0986, while removing it in combination with snow depth change resulted in
the largest performance degradation (decrease in AUC (ΔAUC) of 0.2590). This
confirmed that daily streamflow was the dominant variable for flood prediction
in this framework. Furthermore, significant synergistic effects were observed;
removing combinations such as {daily streamflow, average temperature differ-

Time-series comparison between predicted daily flood probability with
temporal factor and observed flood events in the Hutubi River Basin during

2009–2011; probability threshold is 0.1.

Figure 9: Time-series comparison between predicted daily flood probability with
temporal factor and observed flood events in the Hutubi River Basin during
2009–2011; probability threshold is 0.1.
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Fig. 12. Sensitivity analysis of hydro-meteorological variables in the hybrid
model by removing single variables or combinations of variables.

Figure 10: Fig. 12. Sensitivity analysis of hydro-meteorological variables in the
hybrid model by removing single variables or combinations of variables.

ence, and snow depth change} or {daily streamflow, daily precipitation, and
snow depth change} also led to substantial performance drops (with ΔAUC
of 0.2328 and 0.2249, respectively). In contrast, removing daily precipitation,
average temperature difference, or snow depth change individually had a rela-
tively minor impact. Interestingly, some combinations lacking daily streamflow
yielded slightly negative ΔAUC values, suggesting that while these variables con-
tribute little on their own, they can enhance model robustness when combined
with the primary variable.

4.7.2 Parameter sensitivity and optimization of the SA algorithm To
systematically evaluate the stability and convergence of the SA algorithm, we
analyzed its performance across a range of hyperparameter settings. A two-
dimensional parameter space was defined by the initial temperature and cooling
coefficient. The analysis generated a three-dimensional response surface illus-
trating the effect of these hyperparameters on the model’s classification accuracy
(Fig. 13). Specifically, the initial temperature varied from 50 to 200 in incre-
ments of 25, while the cooling coefficient was tested at 10 equally spaced points
between 0.90 and 0.99. To mitigate the effects of stochasticity, the algorithm
was executed five times for each hyperparameter combination, and the mean
accuracy was recorded. The response surface displayed a smooth and continu-
ous trend, indicating that the SA algorithm exhibits considerable robustness to
hyperparameter variations for this application. The mean accuracy approached
a local optimum as the initial temperature approached 150 and the cooling
coefficient approached 0.96. This finding suggested that a moderate initial tem-
perature combined with a gradual cooling strategy can optimize both search
efficiency and final convergence. Consequently, this optimal

parameter set was adopted for all subsequent SA applications in this study.

Heatmaps (Fig. 14) provide further insight into the relationship between the
hyperparameters and model performance. The higher mean accuracy was con-
centrated around the initial temperature of 150 and the cooling coefficient of
0.96 (Fig. 14a). The standard deviation of accuracy was represented by a red
color gradient, where lighter shades indicate lower variance and higher model
stability (Fig. 14b). The selected hyperparameter combination resided in a
region of both high accuracy and high stability, demonstrating that the model
is efficient and produces reliable, consistent results.

Fig. 13 Mean accuracy response surface under varying simulated annealing
(SA) hyperparameters
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(a) Mean accuracy

Cooling coefficient 50 75 100 125 150 175 200
0.99 0.9740 0.9740 0.9740 0.9740 0.9740 0.9740 0.9740
0.98 0.9723 0.9723 0.9723 0.9723 0.9723 0.9723 0.9723
0.97 0.9713 0.9713 0.9713 0.9713 0.9713 0.9714 0.9714
0.96 0.9711 0.9710 0.9710 0.9711 0.9711 0.9711 0.9711
0.95 0.9707 0.9707 0.9707 0.9707 0.9707 0.9707 0.9707
0.94 0.9705 0.9705 0.9705 0.9705 0.9706 0.9706 0.9705
0.93 0.9704 0.9704 0.9704 0.9705 0.9705 0.9705 0.9704
0.92 0.9702 0.9701 0.9702 0.9702 0.9701 0.9701 0.9701
0.91 0.9702 0.9701 0.9701 0.9701 0.9701 0.9701 0.9701
0.90 0.9701 0.9701 0.9701 0.9701 0.9701 0.9701 0.9701

(b) Stability

Cooling coefficient 50 75 100 125 150 175 200
0.99 2.87 2.87 2.87 2.87 2.87 2.87 2.87
0.98 26.70 26.70 26.70 26.70 26.70 26.70 26.70
0.97 35.12 34.98 34.82 34.80 34.71 34.58 34.98
0.96 35.39 34.82 35.12 35.32 35.28 35.35 35.34
0.95 38.24 38.63 38.42 38.31 38.51 38.23 38.23
0.94 38.64 38.91 38.77 38.74 38.72 38.55 38.21
0.93 39.65 39.77 39.65 39.84 39.67 39.88 40.14
0.92 40.77 40.76 40.68 40.95 40.78 40.98 40.65
0.91 40.67 41.06 40.83 41.17 41.13 41.04 40.89
0.90 41.23 40.96 41.13 40.74 41.57 40.72 40.35

Fig. 14 Sensitivity analysis of SA algorithm hyperparameters. (a), mean
accuracy; (b), stability (indicated by the standard deviation of accuracy).

4.8 Comparative analysis of hybrid and baseline models
To evaluate the performance of the proposed hybrid model, we conducted a com-
prehensive comparative analysis among established baseline models (including
classic regression methods (MLR, BPNN, RF, and XGBoost) and a sequence
model (LSTM)) and a series of hybrid configurations optimized via SA algo-
rithm to explore the efficacy of different model fusion strategies. Performance
was quantified using RMSE and the coefficient of determination (𝑅2). The
proposed hybrid model (SA–BPNN–MLR) achieved the highest performance,
recording the lowest RMSE and the highest 𝑅2 among all tested models (Fig.
15). It significantly outperformed the baseline models and other hybrid models,
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Fig. 15

Figure 11: Fig. 15

Fig. 16

Figure 12: Fig. 16

indicating that the SA-optimized fusion of BPNN and MLR models is a highly
effective approach for predicting snowmelt floods in this basin.

Fig. 15 Predictive performance comparison of various models during the period
2009–2011. (a), coefficient of determination (𝑅2); (b), RMSE. XGBoost, eX-
treme Gradient Boosting; RF, Random Forest; LSTM, Long Short-Term Mem-
ory.

4.9 Quantitative strategy for balancing warning reliability
and timeliness
This study analyzed the trade-off between the FAR, the warning probability
threshold, and the resulting warning lead time to inform the optimization of
flood warning systems (Fig. 16). The results indicated that as the threshold
was lowered from 0.1 to 0.02, the FAR increased from 0.0959 to 0.3227, while
the warning lead time extended from 1 to 10 d. This analysis demonstrated that
by selecting an appropriate threshold, an effective warning lead time of 3–7d can
be achieved while maintaining a low FAR ((�)0.1400). These findings provide
quantitative evidence for decision-makers to balance warning effectiveness with
the costs of false alarms.

For the Hutubi River Basin, optimizing the FAR and early warning threshold
can therefore yield significant economic and risk management benefits. Striking
a strategic balance between these factors can reduce the economic impact of false
alarms while minimizing the risk of missed flood events. This helps improve the
resilience of flood defense systems, enhance regional economic stability, and
strengthen overall flood protection strategies.

Fig. 16 Relationships between the FAR, warning probability threshold, and
warning lead time. The blue solid line maps the decreasing predefined warning
probability thresholds against the corresponding increase in FAR. Concurrently,
the red dashed line correlates the warning lead time with the FAR. The optimal
intersection where forecast accuracy and adequate preparation time are balanced
can be identified by superimposing these two distinct operational parameter
curves onto a single continuous FAR scale.
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5 Discussion
A key contribution of this study is the development of a hybrid model that in-
tegrates MLR and a BPNN to predict snowmelt floods. In contrast to studies
that rely on singular linear or nonlinear models (Jhong et al., 2018; Mosavi
et al., 2018; Davenport et al., 2020; Nearing et al., 2021; Islam et al., 2022;
Samantaray et al., 2023; Yan et al., 2023; Luppichini et al., 2024; Nearing et al.,
2024; Brooks et al., 2025), this approach can leverage the respective strengths
of both methodologies. MLR provides a stable, interpretable framework for cap-
turing linear trends among hydro-meteorological variables, whereas the BPNN
excels at modeling the complex, nonlinear dynamics inherent in snowmelt-runoff
processes. This synthesis enhances predictive accuracy and promotes model ro-
bustness, which is particularly valuable in data-scarce small basins. Future work
could extend this framework by incorporating additional machine learning algo-
rithms, such as XGBoost or RF, to further refine predictive performance and
generalization capabilities.

This study also advanced conventional modeling by explicitly incorporating the
temporal factor, which are decomposed into seasonal and event-driven compo-
nents. This dual representation enables the model to capture both the regular
periodicity of snowmelt cycles and the abrupt hydrological responses to sud-
den temperature shifts. Consequently, the model’s accuracy and stability were
significantly improved relative to baseline models that depend solely on instan-
taneous hydro-meteorological inputs. This addressed a noted limitation in prior
research where linear models inadequately capture temporal dynamics (Daven-
port et al., 2020; Brooks et al., 2025) and where standard machine learning
models face generalization challenges in small basins (Mosavi et al., 2018; Yan
et al., 2023). This approach therefore could not only improve forecast accuracy
but also enhance model interpretability.

The application of the SA algorithm for model fusion represents a key innova-
tion. Most of the current model fusion frameworks rely on empirical or equal-
weighting schemes, which can be subjective and sub-optimal (Tencate et al.,
2016). In this study, the SA algorithm performed a systematic, global search to
identify the optimal weights for the MLR and BPNN outputs. This data-driven
process removed operator bias and enhanced scientific rigor. The resulting op-
timal weights—0.466 for MLR and 0.534 for BPNN—quantitatively affirmed the
balanced and complementary contributions of both the linear and nonlinear
model components.

While the proposed SA–BPNN–MLR hybrid model demonstrated strong predic-
tive performance on historical data, its operational feasibility for real-time flood
warnings warrants careful consideration. First, data availability presents a prac-
tical challenge. The model was trained on a continuous 1978–2011 dataset, but
acquiring uninterrupted, real-time streams of daily streamflow, precipitation,
average temperature, and snow depth presents challenges in the Hutubi River
Basin due to reporting lags or sparse monitoring networks (Kuhaneswaran et al.,
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2025). Second, the model has distinct computational demands. The SA–BPNN
component is computationally intensive during the training phase, although pre-
diction inference is rapid. In contrast, the MLR component is lightweight and
suitable for rapid execution (Kumar et al., 2025; McEachran et al., 2025). To
facilitate near-real-time deployment, strategies such as periodic parameter up-
dates or incremental learning could be implemented. Finally, system latency—
encompassing data acquisition, model computation, and warning dissemination
—remains a critical bottleneck. The operational viability of the model will ulti-
mately depend on balancing these constraints with local data infrastructure and
computational resources. Exploring model compression or high-performance
computing solutions will be essential for enhancing its practical value.

Future research should prioritize validating the model’s generalizability across
other small watersheds with diverse climatic and hydrological regimes. Fur-
thermore, integrating real-time data streams alongside more advanced machine
learning architectures could substantially enhance the model’s predictive skill
and responsiveness. These findings yield broader implications for flood risk man-
agement, demonstrating that the synergistic fusion of complementary models
and the inclusion of temporal dynamics are effective strategies for improving
the reliability and accuracy of hydrological predictions.

6 Conclusions
This study developed a snowmelt flood prediction model for the Hutubi River
Basin utilizing hydrological data from the Shimen Hydrological Station and me-
teorological observations from Changji Meteorological Bureau. An integrated
forecasting framework was constructed by coupling MLR and BPNN models,
with ensemble weights optimized via the SA algorithm. The analysis revealed
that while both constituent sub-models exhibited robust predictive capabilities,
the integrated hybrid model demonstrated superior sensitivity in flood detec-
tion. These findings confirmed that ensemble-based architectures substantially
outperform traditional individual models when applied to complex hydrological
conditions. By synergizing the complementary strengths of multiple algorithms
and incorporating explicit temporal features, the proposed model could not only
improve predictive accuracy but also effectively mitigate the high FAR typically
associated with individual models. Consequently, this research provides a criti-
cal theoretical foundation and technical framework for developing high-precision
early warning systems in future work. The integration of temporal dynamics
and SA-optimized model fusion could significantly enhance snowmelt flood fore-
casting, offering a robust and scalable modeling framework for small watersheds
characterized by distinct seasonal and event-driven hydrological dynamics.
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