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ABSTRACT: Two-phase optimized machine learning and deep learning models play a key role in enhancing the
prediction accuracy of nonlinear time series modeling. This study assesses the performance of a novel two-phase
optimized Long Short-Term Memory (LSTM) model with integration of Aquila Optimizer (AO) and Wild Horse Opti-
mizer (WHO) in predicting monthly streamflow in a snow-fed catchment. The two-phase optimized LSTM-WHOAO
model is compared with single-phase optimized models such as LSTM-GA (Genetic Algorithm), LSTM-GWO (Grey
Wolf Optimizer), LSTM-WOA (Whale Optimization Algorithm), LSTM-AO, and LSTM-WHO. The outcomes acquired
from the deep learning models were compared using four statistical measures: root-mean-square-error (RMSE), mean
absolute error (MAE), Nash-Sutcliffe efficiency (NSE), and coefficient of determination (R2). The LSTM-WHOAO
model exhibited the best performance during training, with a mean RMSE of 51.930 and an R2 of 0.851. The LSTM-
WHO model also demonstrated robust performance, achieving an average RMSE of 53.900 and an R2 value of 0.840.
Other models, such as LSTM-AO and LSTM-WOA, showed average RMSE of 57.135 and 58.978, respectively, indicating
improved performance over the single LSTM model. For the testing stage, the LSTM-WHOAO model remained more
effective than other models, with an average RMSE of 70.413 and an R2 of 0.755. For peak streamflow events, the LSTM-
WHOAO model had the lowest absolute error (201.4%), significantly reducing prediction error compared to other
models such as LSTM-GA (333.9%) and LSTM (347.1%). For peak streamflow events, the LSTM-WHOAO model had
the lowest absolute error (201.4%), significantly reducing the prediction error compared to other models such as LSTM-
GA (333.9%) and LSTM (347.1%). Models that incorporated snow-covered area (SCA) data, such as LSTM-WHOAO
and LSTM-WHO, showed lower RMSE and higher R2 values, underscoring the importance of considering snow cover
dynamics in streamflow forecasting. The LSTM-WHOAO model proved to be the most successful, showing superior
results in both the training and testing stages, as well as in peak streamflow predictions. By addressing the unique
challenges of snow-fed catchments, this research offers valuable insights, especially into the application of advanced
ML techniques in hydrology.
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1 Introduction
Long-term and mid-term accurate modeling and prediction of streamflow in high-altitude, snow-fed

catchments are among the critical factors for efficient water resource management, peak flow and forecasting,
and sustainable hydropower generation. According to previous research, in snow-fed catchments, snow and
glaciers account for between 50% and 60% of annual river runoff [1–3]. These regions are characterized
by complex hydrological processes influenced by seasonal snowmelt, variable precipitation patterns, and
temperature fluctuations, posing significant challenges for streamflow prediction and downstream river flow.
Hence, it is expected that accounting for the Snow-Covered Area (SCA) of a catchment (i.e., watershed) can
significantly improve the accuracy of the developed mathematical or Machine Learning (ML) models. In
this sense, in some cases, traditional hydrological models are not effective and robust enough to capture the
dynamics of river flow or streamflow [4,5].

The application of ML techniques for predicting river flow, particularly in snow-dominated catchments
and basins, has shown significant potential and improvement in the prediction accuracy of streamflow along
with conceptual and empirical hydrological models. Some studies have already demonstrated the efficacy of
different (i) individual ML models, such as Artificial Neural Networks (ANN) [6,7], Deep Neural Networks
(DNN) [8–12], Support Vector Regression (SVR) [13], and (ii) ensemble ML models, such as Random Forest
(RF) [14], and gradient boosting [15] in more accurate forecasting streamflow by incorporating snow cover
data. In this regard, Abhinanda et al. [16] employed a hybrid modeling framework combining the RF model
and an empirical rainfall-snowmelt-runoff module to improve streamflow forecasts in the Beas River Basin
(India). They reported that the average runoff measured contributed 65% to rainfall and 35% to snowmelt.
In general, the developed hybrid model performed promisingly in forecasting daily and weekly river flow.
Furthermore, another similar study showed that incorporating remote sensing and atmospheric data into
RF and ANN models has enhanced the simulation accuracy of snowmelt streamflow in high-altitude
mountainous regions, particularly during the snowmelt period [17].

In recent years, machine learning (ML) models, particularly DNNs like Long Short-Term Mem-
ory (LSTM) networks, have shown great potential for hydrological modeling and time-series prediction
tasks [18–20]. Thapa et al. [21] utilized LSTM in modeling snowmelt in the Himalayan basin. In order to
evaluate the LSTM model, other individual ML models, including the nonlinear autoregressive exogenous
(NARX) neural network and SVR, were also used. The models were constructed based on input data of
snow coverage area (MODIS images) and meteorological variables. In summary, the LSTM model enriched
with SCA inputs has outperformed the other ML models. Sarafanov et al. [13] applied a hybrid ML and
snowmelt runoff physical method for flash flood modeling in the Lena River, located in Russia. They applied
Ridge regression, RF, and SVR for 1- to 7-day ahead flood forecasting using climatological stations (i.e.,
precipitation and temperature data) and satellite images (MODIS data for snow cover fraction). The overall
outcomes of the study confirm the reliability and accuracy (NSE values greater than 0.8) of the developed
hybrid approach. For future studies, they suggested the application of DNN networks (e.g., LSTM) to improve
forecast accuracy, which is the main focus of the current study. Similarly, Parisouj et al. [22] applied LSTM,
Extreme Learning Machine (ELM), ANN, and SVR models along with a conceptual snowmelt-runoff model
to predict streamflow in the Carson River (the USA) and Montmorency catchments (Canada). Four input
independent variables, such as precipitation, minimum temperature, maximum temperature, and MODIS
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snow coverage area, were used to construct the models. Overall, the results indicated that incorporating SCA
data enhanced the accuracy and robustness of the ML models.

Considering the above-mentioned studies, it can be concluded that LSTM networks have been suc-
cessfully applied for streamflow prediction/forecasting based on the related data on snow coverage in
snow-fed catchments. Furthermore, several studies have highlighted the capability of LSTM networks
to effectively capture long-term dependencies in hydrological modeling applications [23]. Owing to this
capability, LSTM models are considered highly suitable for streamflow prediction based on sequential data.
However, it should be noted that the performance of standalone LSTM models can be further improved
by combining them with metaheuristic optimization algorithms [24,25]. To address this, researchers have
integrated metaheuristic algorithms inspired by natural processes and evolutionary principles for optimizing
complex hydrological problems [26]. These algorithms can be employed to optimize the hyperparameters of
deep learning (e.g., LSTM) models, enhancing their predictive accuracy. Among the various metaheuristic
algorithms, the Genetic Algorithm (GA) [27], Grey Wolf Optimizer (GWO) [28], Whale Optimization
Algorithm (WOA) [29], Aquila Optimizer (AO) [30], and Wild Horse Optimizer (WHO) [31] have proven
their effectiveness combined with the LSTM model due to their robustness and efficiency.

It is worth noting that there are limited studies on the application of these integrated (hybrid) models
(i.e., ML models +metaheuristic algorithms) specifically in snow-fed catchments. Therefore, this study aims
to develop a hybrid (integrated) ML framework for monthly streamflow prediction in a snow-fed catchment
in Pakistan. The specific objectives can be written as:

1. To assess the accuracy of various LSTM hybrid models, including LSTM-GA, LSTM-GWO, LSTM-
WOA, LSTM-AO, LSTM-WHO, and LSTM-WHO-AO, in predicting monthly streamflow.

2. To assess the impact of integrating snow cover area (SCA) data and previous streamflow records on the
predictive performance of these models.

3. To identify the most suitable hybrid model for streamflow prediction in the studied catchment.

The novelty of this study lies in the application of these advanced integrated models, particularly the
hybrid model of LSTM-WHO-AO, providing a comparative analysis of their effectiveness in enhancing
streamflow prediction accuracy. Furthermore, this study leverages MODIS-ERA5 merged derived SCA data
to enhance the reliability and robustness of the models developed. By addressing the unique challenges
of snow-fed catchments, this study contributes valuable insights into the potential of advanced machine
learning approaches for hydrological forecasting applications.

2 Study Area
For this study, the Astore River is selected as a case study. The Astore River originates in Gilgit-Baltistan,

a region in northern Pakistan. It passes through the Astore Valley before joining the Indus River. The river
originates from the high-altitude glaciers of the Himalayas, specifically from the area surrounding the Deosai
Plains and the southern slopes of the Nanga Parbat mountain range. The region’s complicated geology, which
was created by the Indian and Eurasian plates colliding to create magnificent mountain landscapes, shapes
the course of the river. The area features a mix of sedimentary, metamorphic, and igneous rocks, with glacial
deposits influencing the river’s sediment load. Seasonal variations in flow patterns are the main hydrological
source of the Astore River, which is fed by glacial meltwater. During the summer, water levels are influenced
by precipitation and snowmelt as well as increased discharge due to glacial melt. The river’s mountainous
watershed contributes significantly to its sediment load, which causes severe turbidity. The dynamic and
beautiful aspect of the river is enhanced by seasonal fluctuations in discharge, resulting from both glacial
melt and monsoon rains. For the application of selected deep learning models, monthly streamflow data
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of the Astore station is collected from WAPDA for the duration of 1981 to 2015, whereas monthly snow-
covered area data is obtained from merging MODIS and ERA5 snow cover products. Monthly snow-covered
area (SCA) data from 2001 to 2015 were obtained from the MODIS MOD10A2 product (500 m resolution,
8-day composites, aggregated to monthly averages). For the earlier period, 1981–2000, MODIS data are not
available. To extend the time series, we used ERA5 reanalysis (ERA5-Land, 0.1○ resolution). ERA5 provides
a continuous snow cover variable (snow cover fraction) from 1981 onward. A linear scaling correction was
applied to ERA5 SCA to match the climatology of MODIS SCA during the overlapping period 2001–2015.
To evaluate the prediction performance of the applied deep learning models, 20 independent runs were
conducted using 70% of the data for training and 30% for testing.

3 Methods
In this study, a standalone LSTM deep learning model, along with several hybrid approaches integrating

the LSTM model with different optimization algorithms, was employed for streamflow prediction. A brief
description of these models is provided below:

3.1 Long Short-Term Memory (LSTM)
LSTM is a modified kind of RNN having a high capability in handling the long-term dependencies

between variables [32]. The LSTM is composed of various units organized sequentially, and in the major
cases, there are four units: the forget gate, the input gate, the memory cell state, and the output gate (Fig. 1).
The mathematical expression of the LSTM algorithm can be formulated as follows:

ht = σ (Wx h xt +Whh ht−1 + βh) (1)

Figure 1: The long short-term memory (LSTM) architecture.

In the previous equation, ht ∶ h1 , h2, ⋅ ⋅ ⋅ , ht denotes the hidden state sequence, and xt ∶ x1 , x2, ⋅ ⋅ ⋅ , xt
denotes the input time sequence, λ and β are the weights and the bias matrix, and σ is the sigmoidal activation
function.

yt = σ (λhy ht + βy) (2)
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The forget, input, and output gates can be expressed as follows [33]:

ft = σ (λh f ht−1 + λx f xt + β f ) (3)
it = σ (λhi ht−1 + λx i xt + βi) (4)
ot = σ (λho ht−1 + λxoxt + βo) (5)
c̃t = tanh (λhc ht−1 + λx c xt + βc) (6)
ct = ft ⊙ ct−1 + it ⊙ c̃t (7)
ht = ot⊙tanh (ct) (8)

In the previous equations, f t, it, and ot are the forget, input, and output gates, respectively, λh f , λx f , λhi ,
λx i , λho , λxo , λhc , λx c , β f , βi , βo , βc are the weights and biases parameters to be updated during the training
process. The c̃t is the candidate memory cell [33,34].

3.2 Genetic Algorithm (GA)
The GA is one of the first proposed methods for solving function optimization. The GA was developed

by Holland [35], and a high number of applications can be found in the literature [36]. For GA optimization,
we must identify some important components: (i) fitness function, (ii) individual, and (iii) population.
The fitness function is the function to be optimized. For a given optimization problem, each individual
is considered as a possible solution, and the population is an ensemble of individuals. The GA should be
viewed as an ensemble of solutions, i.e., chromosomes implemented by three important components, i.e.,
selection, crossover, and mutation. The GA starts by randomly initializing the population, and during the
selection, a new population is then selected based on the fitness of each individual. After that, the crossover
is executed. Finally, the GA is closed by the mutation to generate a new set of probable solutions (Fig. 2), i.e.,
new generation, by respecting the following steps: (i) accounting the score of each individual as its fitness
value, (ii) the children’s are produced based on the fitness of the parents, (iii) a new generation has been
established using the children’s, and (iv) we stop the processes with respect to the iteration criteria [37,38].

Figure 2: Flowchart of the genetic algorithm (GA) algorithm.
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3.3 Grey Wolf Optimizer (GWO)
GWO is a swarm-based optimization algorithm inspired by the leadership hierarchy and hunting

mechanism of grey wolves [39]. In the present study, GWO was used to optimize the hyperparameters of
the LSTM model through iterative position updates guided by the three best candidate solutions (α, β, and
δ wolves). The position update mechanism is expressed as follows:

X⃗ (t + 1) = X⃗P (t) − (2a⃗ ⋅ r⃗1 − a⃗) ⋅ ∣(2 ⋅ r⃗2) ⋅ X⃗P (t) − X⃗ (t)∣ (9)

where t is the iteration number, X⃗P is the position vector of the prey, and X⃗ indicates the position vector of
the grey wolf, a⃗ is a component that linearly decreases from 2 to 0 during the iteration process, and r1, r2 are
random vectors in the range of [0, 1] [39].

The second step would be the hunting, and it is formulated as follows:

X⃗1 = X⃗α − A⃗1 ⋅ (D⃗α) , X⃗2 = X⃗β − A⃗2 ⋅ (D⃗β) , X⃗3 = X⃗δ − A⃗3 ⋅ (D⃗δ) (10)

X⃗ (t + 1) = X⃗1 + X⃗2 + X⃗3

3
(11)

where D⃗α , D⃗β and D⃗δ represent the distances between the search agents and the three leading wolves. X⃗α , X⃗β ,
X⃗δ are the three best solutions determined during the iteration process, and A⃗, C⃗ , D⃗ are coefficient vectors.
Therefore, the agents update their position in response to the prey position, and the solutions are updated
accordingly (Fig. 3).

Figure 3: Flowchart of the GWO algorithm.

3.4 Whale Optimization Algorithm (WOA)
The WOA was developed by Mirjalili and Lewis [40] and was inspired by the hunting behavior of

humpback whales’ social behavior (Fig. 4). The overall WOA optimization process can be classified into three
steps: (i) encircling prey, (ii) bubble-net attack strategy, and (iii) random search mechanism [41]. According
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to Mirjalili and Lewis [40], the optimization process of the WOA can be formulated as follows. For the
encircling prey:

X⃗ (t + 1) = X⃗∗ (t) − (2a⃗ ⋅ r⃗ − a⃗) ⋅ ∣(2 ⋅ r⃗) ⋅ X⃗∗ (t) − X⃗ (t)∣ (12)

where, X⃗∗ is the optimal solution at the iteration (t), X⃗ is the actual solution, ∣(2 ⋅ r⃗) ⋅ X⃗∗ (t) − X⃗ (t)∣
correspond to the absolute value, a⃗ is linearly decreased from 2 to 0, r⃗ is a random vector.

Figure 4: Flowchart of whale optimization algorithm (WOA).

The bubble-net attack strategy, i.e., the exploitation phase, is achieved in two phases, namely, the
Shrinking encircling mechanism and the Spiral updating position, and it can be formulated as follows:

X⃗ (t + 1) =
⎧⎪⎪⎨⎪⎪⎩

X⃗∗ (t) − (2a⃗ ⋅ r⃗ − a⃗) ⋅ ∣(2 ⋅ r⃗) ⋅ X⃗∗ (t) − X⃗ (t)∣ i f p < 0.5
D⃗′ ⋅ ebl ⋅ cos (2πl) + X⃗∗ (t) i f p ≥ 0.5

(13)

where p is a random number in [0, 1].

3.5 Aquila Optimizer (AO)
AO is an optimization method developed by Abualigah et al. [42] and mainly inspired by the hunting

behavior of Aquila. Generally speaking, an ensemble of candidates (N) with a dimension (D) leads to the
creation of a matrix (X) which reflects the number of solutions (N × D). The algorithm starts with an
initialization stage as follows (Fig. 5):
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Xi j = β × (UB j − LB j) + LB j , i = 1, 2, . . . .., N , j = 1, 2, . . . .., Dim (14)

where Xi j the probable candidate solution, N denotes the total number of candidate solutions, and dim refers
to the size of the dimensionality of the optimization problem, β is a random number varying from 0 to 1,
UB and LB are the lower and upper bounds. According to Abualigah et al. [42], the AO algorithm can be
achieved in four steps and they are denoted as X1, X2, X3 and X4, and they are denoted as: (i) the expanded
exploration stage (i.e., high soar and vertical stoop), (ii) the narrowed exploration (i.e., the contour flight
with short glide), (iii) the expanded exploitation (i.e., low flight with short decent), and (iv) the narrowed
exploitation (i.e., the walking and grabbing prey) [43]. The first stage (i.e., the expanded exploration) can be
mathematically formulated as follows (i.e., the X1):

X1 (t + 1) = Xbest (t) × (1 −
t
T
) + (XM (t) − Xbest (t) ∗ β) (15)

where (1 − t
T ) is used for controlling the iteration process by considering that t and T are the actual and

maximum number of iterations, Xbest the optimal solution obtained at the ith iteration, XM corresponds to
the mean values of all solutions, and X1 (t + 1) corresponds to the solution at the next iteration.

The third step (X3), which is the expanded exploitation, can be expressed as follows:

X3 (t + 1) = (Xbest (t) − XM (t)) × α − β + ((UB − LB) × β + LB) × δ (16)

where X3 (t + 1) corresponds to the solution at the next iteration t, Xbest is the position of the prey, i.e., the
best solution, UB and LB are the upper and lower bounds, α and β are adjustment parameters equal to 0.1.
More details about the AO can be found in [42].

3.6 Wild Horse Optimizer Algorithm (WHO)
Naruei and Keynia [44] developed the wild horse optimizer algorithm (WHO). The WHO algorithm

can be achieved in five steps as follow: (i) an initial population is randomly generated and a new a system of
hours is established, (ii) grazing and mating of horses, (iii) a leader called stallion is designated for leading
the group, (iv) exchange and selection of leaders, and (v) save the optimal solution [44]. In the first step, a
new initial population is randomly generated as follows:

(x⃗) = {x⃗1 , x⃗2, x⃗3, x⃗4, ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ ⋅ , x⃗n} (17)

In the second step, the grazing behavior is simulated as follows:

X j
i ,G = 2Z cos (2πRZ) × (ST j − X j

i ,G) + ST j (18)

where X j
i ,G is the updated place of the group member at the end of the iteration t, and the X j

i ,G is the actual
position of the group member, ST j is the position of the leader called the stallion, Z is an adaptive mechanism,
R is a uniform random number in the range [−2, 2], and π is equal to 3.14 [44].

The group leader can be formulated as follows:

STGi = {
2Z cos (2πRZ) × (WH − STGi) +WH i f R3 > 0.5
2Z cos (2πRZ) × (WH − STGi) −WH i f R3 ≤ 0.5} (19)
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where the next location of the leader is STGi of the group i, the location of the water hole is WH, and
the present location of the leader is STGi of the group i, and R is a uniform random number in the range
[−2, 2] [44].

Figure 5: Flowchart of the aquila optimizer (AO) algorithm.

3.7 Hybrid of Wild Horse Optimizer Algorithm & Aquila Optimizer (WHOAO)
Among the disadvantages of the WHO, we can report its poor convergence ability; therefore, in this

study, we propose a new method aimed at improving the performance of the WHO algorithm. The Improved
WHO (WHOAO) is based on the AO algorithm. The major advantage of the combination of the WHO and
the AO algorithms is the improvement of the WHO by balancing global and local exploitation. Furthermore,
the new optimization method, WHOAO, can help in avoiding the issue of population stabilization and,
more precisely, overcoming the issue of local optima. The proposed framework was developed to address
one of the main limitations of the original WHO algorithm, namely its weak convergence behavior. This
limitation motivated the integration of the AO strategy into the WHO search mechanism. In the first
optimization phase, the expanded exploration behavior of AO is selectively incorporated into the WHO
position-update process to replace the grazing behavior phase under a randomized condition. According
to the implemented strategy, when the generated random value exceeds 0.5, the AO exploration equation
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is activated, allowing the search agents to move toward broader regions of the solution space. This selective
integration improves population diversity, strengthens the exploration capability of WHOAO, and provides
a better balance between exploration and exploitation. Once promising candidate solutions are identified,
the second optimization phase starts by training the LSTM’s configuration, including the number of hidden
units, training epochs, mini-batch size, and learning rate. The first phase is mainly responsible for improving
the global search behavior of WHOAO and reducing premature convergence, whereas the second phase
concentrates on refining the LSTM configuration through MSE-based evaluation to improve prediction
accuracy and model stability.

The interaction between AO and WHO follows a sequential hybrid optimization process within the
WHOAO framework.

1. The AO exploration equation is conditionally integrated into the WHO search process to replace
the grazing behavior when the random value exceeds 0.5, which improves exploration capability and
reduces premature convergence.

2. The WHOAO algorithm then searches for suitable LSTM training settings, including hidden units,
learning rate, mini-batch size, and training epochs, using MSE as the fitness criterion.

3. The LSTM network is finally constructed and trained using the optimized settings to process the input
data and generate the prediction results.

This structure allows WHOAO to improve convergence behavior and search efficiency, while the LSTM
model independently learns the internal network parameters.

3.8 LSTM-WHOAO
This study presents a new method aimed at improving the accuracy of the WHO algorithm. The goal

is to enhance its exploration capability by integrating the refined exploitation strategy from the Aquila
Optimizer (AO) algorithm. By assimilating AO’s localized search mechanism, the modified WHO, termed
Improved WHO (WHOAO), demonstrates superior adaptability in swiftly exploiting optimal solutions
compared to its original counterpart. Consequently, the proposed WHOAO method is applied to optimize
the hyperparameters of the LSTM technique, resulting in heightened efficacy of LSTM applications. This
novel approach effectively mitigates the constraints of the original WHO algorithm while concurrently
offering a more resilient and effective optimization framework for LSTM methodologies.

To boost the exploration phase of the WHO, the expanded exploration phase of AO (Eq. (20)) is
selectively employed in lieu of the WHO’s grazing behavior phase based on a randomized criterion. If the
random value exceeds 0.5, the AO phase is adopted.

xn+1 = xbest (t) × (1 −
t
T
) +mean(x (t)) − xbest (t) × rand (20)

Here, xbest refers to the best-selected solution. t and T represent the current and total iteration numbers.
x(t) signifies the solution at iteration t. The variable rand is a randomly generated value ranging from 0 to 1.

Furthermore, the application of the WHOAO algorithm extends to the optimization of weights and bias
parameters within the LSTM framework. The WHOAO-LSTM framework initiates by defining the requisite
parameters and acquiring experimental data, which is subsequently split into training-validation-testing sets.
The primary objective of the WHOAO algorithm revolves around exploring optimal weights and biases for
the LSTM method to enhance its accuracy. To evaluate the efficacy of candidate parameters, the MSE is
utilized, as depicted in Eq. (21):
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MSE = 1
N

N
∑
i=1
(Qo i − Qc i)

2 (21)

In the above equation, Qo i denotes the sample size. The candidate parameters yielding the minimum
error are deemed optimal solutions. The WHOAO algorithm iteratively explores various parameter combi-
nations until the maximum number of fitness function evaluations is attained. Upon determining the optimal
parameters, they are utilized to optimize the LSTM model, marking the initiation of the testing phase.

4 Performance Indicators and Model Setup
The performance of LSTM, LSTM-GA, LSTM-GWO, LSTM-WOA, LSTM-AO, LSTM-WHO, and

LSTM-WHOAO models was investigated for monthly streamflow prediction in the high-altitude snow-fed
Astore River catchment in Pakistan using antecedent streamflow values selected through autocorrelation
analysis. The comparison models were selected to represent both established and recently successful
optimization paradigms. Specifically, LSTM-GA (Genetic Algorithm) serves as a baseline representing a
classic, widely used evolutionary algorithm in hydrological modeling. LSTM-GWO (Grey Wolf Optimizer)
and LSTM-WOA (Whale Optimization Algorithm) were included because they have emerged in the
past decade as highly successful, state-of-the-art metaheuristic algorithms across various engineering and
hydrological applications. This selection allows a fair assessment of the proposed LSTM-WHOAO against
both a traditional method (GA) and contemporary competitive algorithms (GWO, WOA). All LSTM-
based models were configured using the proposed WHOAO optimization framework. The optimization
process considered several training parameters, including the number of hidden units (32–256), learning
rate (0.001–0.05), mini-batch size (16–64), and training epochs (50–200). The search ranges were selected
according to preliminary experiments and model stability considerations. The AO exploration mechanism
was conditionally integrated into the WHO search process to improve exploration capability and reduce
premature convergence toward local optima. The WHOAO algorithm iteratively searched for the optimal
parameter combination using MSE as the fitness criterion. After obtaining the optimized parameter settings,
the LSTM model was constructed and trained using the selected configuration to generate the prediction
results. SCA (snow-covered area) data generated by merging MODIS with ERA5 and MN (month number)
were also used in the inputs to improve the models’ accuracy. The outcomes acquired from the deep learning
models were compared using the following criteria in the current study:

RMSE∶Root Mean Square Error =

�
��� 1

N

N
∑
i=1
[(Q0)i − (QC)i]2 (22)

MAE∶Mean Absolute Error = 1
N

N
∑
i=1
∣(Q0)i − (QC)i ∣ (23)

NSE∶Nash − Suutcl i f f e = 1 − ∑
N
i=1[(Q0)i − (QC)i]2

∑N
i=1[(Q0)i − Q0]2

,−∞ < NSE ≤ 1 (24)

where Qc , Qo , Qo are calculated, observed, and average streamflow, respectively, and N is the total number
of data.
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5 Results and Discussion

5.1 Results
The training and testing outcomes of the LSTM models in streamflow prediction (Table 1) offer valuable

insights into the model’s performance and its generalization ability. The training stage metrics show a clear
improvement as more input features are added to the model. For instance, the RMSE and MAE decrease
significantly when moving from a simple model with only previous streamflow data (Qt-1) to more complex
models that include additional time-lagged streamflow values (Qt-11, Qt-12), snow-covered area (SCA), and
month number (MN). The high R2 and NSE values in the training set indicate that the model is capturing
the underlying patterns in the data well, explaining a substantial portion of the variability in streamflow.
The models with more input features perform relatively well on the testing data, indicating that including
features like month number (MN) and snow-covered area (SCA) does improve generalization to some extent.
The inclusion of the month number (MN) is crucial for capturing seasonal patterns in streamflow, which
are common due to variations in precipitation, snowmelt, and other seasonal factors. The improved metrics
in models that include MN suggest that the model is better able to predict streamflow by accounting for
these seasonal variations. The models that include a combination of lagged streamflow values, SCA, and MN
perform better overall, suggesting that these additional inputs provide valuable information that improves
model robustness. The relatively good performance on the test set, indicates that the model has learned useful
patterns, but further refinement is needed to enhance its generalization ability.

Table 1: Training and test statistics of the models for Streamflow prediction—LSTM.

Model Inputs Training Period Test Period

RMSE MAE R2 NSE RMSE MAE R2 NSE
Qt-1 91.85 63.56 0.568 0.559 95.68 68.93 0.557 0.549

Qt-1, Qt-11 61.28 37.92 0.811 0.805 82.18 51.26 0.676 0.667
Qt-1, Qt-11, Qt-12 59.36 36.13 0.826 0.821 81.73 49.56 0.682 0.673

Qt-1, Qt-11, Qt-12, SCA 56.46 35.71 0.839 0.831 77.63 47.46 0.702 0.691
Qt-1, Qt-11, Qt-12, MN 53.81 33.62 0.846 0.839 75.26 46.82 0.705 0.701

Qt-1, Qt-11, Qt-12, SCA, MN 51.19 31.46 0.853 0.847 73.68 43.56 0.711 0.706
Mean 62.325 39.733 0.791 0.784 81.027 51.265 0.672 0.665

The LSTM models optimized with the Genetic Algorithm (LSTM-GA) provide insights into the model’s
performance during both the training and testing stages (Table 2). The models demonstrate consistent
improvement in performance metrics with more inputs. In the training stage, RMSE drops from 49.62 to
71.26 in testing, and R2 increases from 0.865 in training to 0.739 in testing. Despite the typical increase in
RMSE (by approximately 18 points) and MAE (by around 11 points) from training to testing, the model
generalizes well. The inclusion of lagged streamflow values, SCA, and MN significantly improves accuracy,
with NSE values reaching 0.858 in training and 0.677 in testing. The LSTM models optimized using Grey
Wolf Optimization (LSTM-GWO) models show a consistent improvement in performance metrics in the
training stage as more inputs are incorporated (Table 3). The models show consistent improvement in RMSE,
which decreases from 48.85 in training to 70.72 in testing with all inputs. R2 improves from 0.876 in training
to 0.757 in testing, indicating good generalization. Although the R2 drops from 0.810 in training to 0.697
in testing, the model still performs effectively. The inclusion of lagged values, SCA, and MN enhances the
model’s ability to predict streamflow, capturing crucial seasonal and temporal patterns.
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Table 2: Training and test statistics of the models for Streamflow prediction—LSTM-GA.

Model Inputs Training Period Test Period

RMSE MAE R2 NSE RMSE MAE R2 NSE
Qt-1 91.28 62.92 0.573 0.564 93.82 66.25 0.561 0.552

Qt-1, Qt-11 60.84 36.83 0.826 0.815 80.56 50.34 0.684 0.673
Qt-1, Qt-11, Qt-12 58.62 35.84 0.837 0.829 79.48 48.39 0.695 0.681

Qt-1, Qt-11, Qt-12, SCA 55.83 34.62 0.842 0.832 76.17 46.81 0.708 0.701
Qt-1, Qt-11, Qt-12, MN 52.18 32.99 0.851 0.844 74.82 45.62 0.729 0.721

Qt-1, Qt-11, Qt-12, SCA, MN 49.62 30.61 0.865 0.858 71.26 43.53 0.739 0.732
Mean 61.395 38.968 0.799 0.790 79.352 50.157 0.686 0.677

Table 3: Training and test statistics of the models for Streamflow prediction—LSTM-GWO.

Model Inputs Training Period Test Period

RMSE MAE R2 NSE RMSE MAE R2 NSE
Qt-1 90.78 62.31 0.577 0.566 93.28 65.89 0.564 0.556

Qt-1, Qt-11 57.34 34.58 0.839 0.827 78.49 49.16 0.704 0.691
Qt-1, Qt-11, Qt-12 56.48 34.03 0.846 0.839 77.81 47.92 0.707 0.697

Qt-1, Qt-11, Qt-12, SCA 54.91 33.84 0.852 0.847 74.76 45.96 0.715 0.708
Qt-1, Qt-11, Qt-12, MN 52.68 30.72 0.869 0.865 73.92 44.52 0.736 0.729

Qt-1, Qt-11, Qt-12, SCA, MN 48.85 29.39 0.876 0.864 70.72 41.36 0.757 0.748
Mean 60.173 37.478 0.810 0.801 78.163 49.135 0.697 0.688

LSTM-WOA shows a marked improvement in performance metrics as more inputs are incorporated
(Table 4). The models show significant improvements as more inputs are added. RMSE decreases from 90.25
to 46.75 in training and from 92.93 to 68.26 in testing, while R2 increases from 0.579 to 0.882 in training
and from 0.568 to 0.774 in testing. Despite a slight decline in performance from training to testing, with
mean RMSE increasing from 58.978 to 76.607, the models maintain strong generalization. The inclusion
of lagged streamflow values, SCA, and MN enhances model accuracy, particularly in capturing seasonal
dynamics. The LSTM models optimized using the Aquila Optimizer (LSTM-AO) significant improvement
as more inputs are included (Table 5). The models exhibited considerable improvement with the inclusion
of additional input variables. Specifically, RMSE decreased from 89.93 to 43.91 during the training phase
and from 92.37 to 66.52 during testing, while the R2 values increased from 0.582 to 0.894 in training
and from 0.570 to 0.790 in testing. Although RMSE increases from 57.135 in training to 74.945 in testing,
the models maintain good generalization. Including lagged streamflow values, SCA, and MN improves
the models’ ability to predict streamflow accurately. The LSTM models optimized using the Wild Horse
Optimizer (LSTM-WHO) models show substantial improvement as more inputs are incorporated (Table 6).
The models demonstrated notable performance improvements as the number of input variables increased.
RMSE values decreased from 89.17 to 40.36 during training and from 91.82 to 63.72 during testing, whereas
the R2 values improved from 0.586 to 0.914 in the training phase and from 0.575 to 0.814 in the testing phase.
Although testing metrics are higher, with mean RMSE increasing from 53.900 to 72.735, the models still
generalize well. The inclusion of lagged streamflow values, SCA, and MN is crucial for capturing temporal
and seasonal dynamics, improving prediction accuracy. The LSTM models optimized using the combination
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of Wild Horse Optimizer and Aquila Optimizer (LSTM-WHOAO) models show significant improvement
with more inputs in the training stage (Table 7). The models show substantial improvement with more
inputs. The LSTM models optimized using the combination of Wild Horse and Aquila Optimizers (LSTM-
WHOAO) show substantial improvement with more inputs. RMSE decreases from 88.86 to 38.91 in training
and from 90.84 to 58.31 in testing, while R2 increases from 0.598 to 0.932 in training and from 0.582 to
0.852 in testing. Although there is an increase in RMSE from 51.930 in training to 70.413 in testing, the
models maintain strong explanatory power and predictive accuracy. Including lagged streamflow values,
SCA, and MN further improves model performance, demonstrating effective generalization and capturing
the underlying dynamics of streamflow.

Table 4: Training and test statistics of the models for Streamflow prediction—LSTM-WOA.

Model Inputs Training Period Test Period

RMSE MAE R2 NSE RMSE MAE R2 NSE
Qt-1 90.25 61.85 0.579 0.569 92.93 65.27 0.568 0.559

Qt-1, Qt-11 56.8 33.17 0.847 0.841 77.68 48.76 0.713 0.702
Qt-1, Qt-11, Qt-12 55.67 32.84 0.851 0.84 76.68 47.18 0.718 0.709

Qt-1, Qt-11, Qt-12, SCA 52.84 32.76 0.871 0.862 72.48 44.72 0.734 0.725
Qt-1, Qt-11, Qt-12, MN 51.56 28.49 0.878 0.873 71.61 43.28 0.756 0.733

Qt-1, Qt-11, Qt-12, SCA, MN 46.75 28.07 0.882 0.873 68.26 40.35 0.774 0.765
Mean 58.978 36.197 0.818 0.810 76.607 48.260 0.711 0.699

Table 5: Training and test statistics of the models for Streamflow prediction—LSTM-AO.

Model Inputs Training Period Test Period

RMSE MAE R2 NSE RMSE MAE R2 NSE
Qt-1 89.93 61.28 0.582 0.573 92.37 64.95 0.57 0.561

Qt-1, Qt-11 54.82 31.72 0.856 0.849 75.82 47.58 0.728 0.719
Qt-1, Qt-11, Qt-12 53.72 30.81 0.863 0.857 74.83 46.58 0.732 0.724

Qt-1, Qt-11, Qt-12, SCA 50.62 31.82 0.881 0.876 70.41 43.62 0.751 0.734
Qt-1, Qt-11, Qt-12, MN 49.81 26.82 0.893 0.885 69.72 41.06 0.766 0.754

Qt-1, Qt-11, Qt-12, SCA, MN 43.91 27.72 0.894 0.885 66.52 38.12 0.790 0.783
Mean 57.135 35.028 0.828 0.821 74.945 46.985 0.723 0.713

The performance of different LSTM methods provides valuable insights into their effectiveness in
predicting streamflow. It is evident from the average statistics of the LSTM models in the training stage
(Tables 1–7) that all models show progressive improvement as they are optimized with more advanced
algorithms. The combined Wild Horse Optimizer and Aquila Optimizer (LSTM-WHOAO) model achieves
the best performance in the training stage, with the lowest mean RMSE (51.930) and highest mean R2 (0.851),
indicating a superior fit to the training data. The models optimized with GA, GWO, WOA, AO, and WHO
all perform better than the standard LSTM, with incremental gains in RMSE and R2. Similar trends are
observed in the testing stage, where the LSTM-WHOAO model also performs the best, with the lowest
RMSE (70.413) and the highest R2 (0.755), showing good generalization to unseen data. The LSTM-GWO
and LSTM-WOA models also show significant improvements over the standard LSTM, indicating that these
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optimization techniques effectively enhance model generalization. The models optimized with WHOAO
show the least performance drop from training to testing, suggesting the best generalization ability. This
is crucial in practical applications where the model needs to perform well on unseen data. Models like
LSTM-WOA and LSTM-AO also show better generalization compared to the standard LSTM, with higher
R2 and NSE values in the testing stage. The standard LSTM model exhibits a more significant performance
drop, indicating potential overfitting. The advanced optimization techniques help mitigate this by finding
a balance between model complexity and generalization. The combination of Wild Horse Optimizer and
Aquila Optimizer (WHOAO) proves to be the most effective, improving both training accuracy and testing
performance. This suggests that the hybrid approach leverages the strengths of both optimizers to fine-tune
the model parameters more effectively. Each optimization technique provides incremental improvements
over the basic LSTM model, with WHO, AO, and WOA showing particularly strong results. The comparative
analysis shows that LSTM models optimized with advanced algorithms significantly outperform the standard
LSTM model in streamflow prediction. Among these, the LSTM-WHOAO model demonstrates the best
overall performance in both accuracy and generalization. These results suggest that employing sophisticated
optimization techniques can substantially enhance the predictive capabilities of LSTM models in hydrolog-
ical applications. For real-world scenarios, where accuracy and reliability are critical, the use of models like
LSTM-WHOAO is recommended.

Table 6: Training and test statistics of the models for Streamflow prediction—LSTM-WHO.

Model Inputs Training Period Test Period

RMSE MAE R2 NSE RMSE MAE R2 NSE
Qt-1 89.17 60.86 0.586 0.577 91.82 63.07 0.575 0.566

Qt-1, Qt-11 51.89 29.68 0.869 0.862 74.91 46.43 0.733 0.726
Qt-1, Qt-11, Qt-12 49.54 27.82 0.876 0.868 71.06 44.13 0.741 0.731

Qt-1, Qt-11, Qt-12, SCA 46.81 26.13 0.892 0.885 68.72 42.72 0.762 0.753
Qt-1, Qt-11, Qt-12, MN 45.63 25.32 0.902 0.893 66.18 39.76 0.786 0.777

Qt-1, Qt-11, Qt-12, SCA, MN 40.36 25.28 0.914 0.901 63.72 36.81 0.814 0.805
Mean 53.900 32.515 0.840 0.831 72.735 45.487 0.735 0.726

Table 7: Training and test statistics of the models for Streamflow prediction—LSTM-WHOAO.

Model Inputs Training Period Test Period

RMSE MAE R2 NSE RMSE MAE R2 NSE
Qt-1 88.86 60.21 0.598 0.592 90.84 62.76 0.582 0.574

Qt-1, Qt-11 49.67 28.47 0.876 0.869 73.46 45.38 0.748 0.739
Qt-1, Qt-11, Qt-12 47.17 25.72 0.882 0.874 69.58 43.75 0.756 0.739

Qt-1, Qt-11, Qt-12, SCA 45.61 24.46 0.899 0.892 66.48 41.86 0.778 0.772
Qt-1, Qt-11, Qt-12, MN 41.36 22.48 0.916 0.917 63.81 37.74 0.811 0.804

Qt-1, Qt-11, Qt-12, SCA, MN 38.91 20.99 0.932 0.927 58.31 34.06 0.852 0.845
Mean 51.930 30.388 0.851 0.845 70.413 44.258 0.755 0.746
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Scatter plots, Taylor diagrams, and violin plots are utilized to compare the performances of these
deep learning models graphically. LSTM-WHOAO provided better predictions close to the observed values
according to scatter, Taylor, and violin plots (Figs. 6–8). It is clear from the Taylor diagram that the LSTM-
WHOAO has the highest correlation (the least angle represents the least correlation) with the observed data
and the lowest standard deviation (the least radial distance from the origin). The violin plot in Fig. 8 shows
the distribution shape for each method, with the width representing the density of data at different residual
levels. The horizontal lines show the median, and the markers indicate the mean for each method. It is clear
from the figure that the distribution of the LSTM-WHOAO model predictions are closer to the observed one
compared to other models.

Figure 6: (Continued)
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Figure 6: Scatterplots of the observed and predicted streamflow by different models in the test period using the best
input combination.

Figure 7: Taylor diagrams of the predicted streamflow by different models in the test period using the best input
combination.
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Figure 8: Violin Charts of the predicted streamflow by different models in the test period using the best input
combination.

Peak streamflow events are critical for effective flood management, water resource planning, and ensur-
ing the safety of hydropower infrastructure. Table 8 compares the performance of different LSTM-based
models—LSTM, LSTM-GA, LSTM-GWO, LSTM-WOA, LSTM-AO, LSTM-WHO, and LSTM-WHOAO—
in predicting peak streamflow events exceeding 360 cubic meters per second (m3/s). The LSTM-WHOAO
achieved the lowest absolute error (201.4%), indicating that it consistently provided more accurate predic-
tions of peak streamflow compared to the other models. This suggests that the combination of Wild Horse
Optimizer and Aquila Optimizer effectively enhances the model’s ability to capture extreme flow events.
LSTM-WHO also performed well, with a relatively low absolute error (233.7%) and showed better accuracy
than the standalone LSTM and other hybrid models. LSTM-AO (249.9%) and LSTM-WOA (261.7%)
models showed moderate performance improvements over LSTM, LSTM-GA, and LSTM-GWO, but were
outperformed by LSTM-WHO and LSTM-WHOAO. LSTM-GWO and LSTM-GA exhibited higher errors,
indicating that these optimizers might be less effective in capturing peak flow dynamics compared to WHO
and AO. For certain peak flow events, like in June 2009 (412.2 m3/s), the LSTM-GA and LSTM-WHOAO
models showed the lowest relative prediction error, highlighting their potential effectiveness in predicting
specific extreme events. Conversely, for the peak in August 2010 (738.4 m3/s), the LSTM-WHOAO showed
a significant improvement in prediction accuracy (39.6%) compared to other models, where errors were
substantially higher. The LSTM-WHOAO displayed more consistent performance across different peaks,
reflecting its robustness in predicting a wide range of peak flow events. The comparative analysis indicates
that hybrid models, particularly LSTM-WHOAO, provide the most reliable predictions for peak streamflow
events in snow-fed catchments. These models significantly reduce the relative prediction error compared
to standalone LSTM models and other hybrid configurations, making them more suitable for forecasting
extreme flow events, which are critical for flood risk management and water resource planning. The LSTM-
WHOAO model’s consistent performance across various peak events highlights its potential for practical
application in hydrology, especially in regions prone to high variability in streamflow.
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Table 8: The comparison of different models in peak streamflow prediction for the test period.

Date Observed Values Relative Prediction Error Percentage

Peaks > 360 LSTM % LSTM-GA % LSTM-GWO % LSTM-WOA % LSTM-AO % LSTM-WHO % LSTM-WHOAO %
May-06 389.4 39.3 37.8 41.3 37.1 40.7 34.6 31.3
Jun-08 399.0 34.9 37.1 27.7 16.4 19.2 11.9 40.9
Jun-09 412.2 25.9 9.5 19.8 13.0 12.5 16.6 9.3
Jun-10 413.5 −11.1 −35.5 14.0 −0.5 −1.2 2.2 4.0
Jul-10 549.6 44.1 42.7 38.9 30.8 28.4 34.6 26.5

Aug-10 738.4 65.2 67.2 56.1 64.5 61.8 57.9 39.6
Jun-12 369.0 22.0 32.0 31.7 14.5 1.3 3.4 10.5
Jul-12 540.4 39.1 17.6 34.9 33.1 29.0 24.7 14.7

Aug-12 379.5 15.9 17.0 −3.3 14.8 14.6 −11.3 7.7
Jul-13 437.1 13.5 11.1 −0.9 −10.8 12.8 2.3 0.3
Jul-13 509.0 18.4 −10.1 22.9 11.3 14.7 17.1 4.8
Jul-15 376.3 17.8 16.3 20.3 14.9 13.6 17.2 11.8

Absolute Error 347.1 333.9 311.7 261.7 249.9 233.7 201.4

To assess whether the performance improvements of LSTM-WHOAO over the baseline models are
statistically meaningful, paired t-tests were conducted on the absolute prediction errors over the testing
period. Table 9 summarizes the results. All comparisons yield negative t-statistics, indicating that LSTM-
WHOAO consistently produces lower absolute errors than each baseline. Furthermore, all p-values are below
0.05, confirming that the differences are statistically significant. Therefore, the superior performance of the
proposed LSTM-WHOAO model is unlikely to be due to chance. Notably, the smallest absolute t-statistic (∣t∣
= 1.32) occurs against LSTM-WHO, suggesting that the Wild Horse Optimizer alone is a strong competitor,
while the largest improvement is observed against standard LSTM (∣t∣ = 3.53). In terms of prediction speed,
the proposed LSTM-WHOAO model demonstrated competitive computational efficiency during inference.
Based on the average runtime across different input configurations, LSTM-WHOAO required approximately
0.858 s per prediction, compared with 0.883 s for LSTM-WHO and 0.957 s for LSTM-AO. The reduced
computational time of the proposed model may be attributed to the improved parameter optimization
achieved through the WHOAO strategy.

Table 9: Paired t-test results comparing LSTM-WHOAO against baseline models over the testing period.

Baseline Model t-Statistic p-Value Significant (p < 0.05)
LSTM –3.5309 0.00064 Yes

LSTM-GA –3.2825 0.00418 Yes
LSTM-GWO –2.9681 0.00266 Yes
LSTM-WOA –2.7316 0.00135 Yes
LSTM-AO –1.8134 0.04132 Yes

LSTM-WHO –1.3247 0.01628 Yes

5.2 Discussion
The LSTM models optimized with AO and WHO outperformed traditional LSTM models and other

hybrid models in the study, indicating their superior ability to capture the complex dynamics of streamflow
in snow-fed catchments. This aligns with recent findings by Qiao et al. [45] and Shabani et al. [46], who
demonstrated that these optimizers can significantly enhance the performance of deep learning models in
hydrological applications. The inclusion of SCA data in the model inputs was shown to significantly enhance
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the predictive accuracy of the models in this study, which is consistent with the findings of studies like
Thapa et al. [21] and Parisouj et al. [22]. These studies emphasized the importance of incorporating SCA
data, derived from remote sensing sources like MODIS, to improve the reliability of streamflow forecasts,
particularly in snow-fed catchments. The study’s results indicate that while all models showed some degree
of overfitting, the optimized models (especially LSTM-WHOAO) were better at generalizing to unseen data
compared to traditional LSTM models. This finding is in line with the literature, where hybrid models have
been shown to provide a more balanced approach, reducing overfitting while maintaining high predictive
accuracy [20,47]. Uncertainties arising from input data and model predictions are not explicitly quantified
in this study. Future work will adopt Monte Carlo dropout and ensemble methods to assess predictive
uncertainty, as well as propagate input uncertainties through the modeling chain.

6 Conclusions
This study evaluated the performance of various LSTM-based hybrid models, including LSTM-GA,

LSTM-GWO, LSTM-WOA, LSTM-AO, LSTM-WHO, and LSTM-WHOAO, in predicting streamflow in
a snow-fed catchment. The research aimed to enhance predictive accuracy by integrating these models
with metaheuristic optimization algorithms and incorporating Snow-Covered Area (SCA) data. The LSTM-
WHOAO model exhibited the best performance during the training stage, with an average RMSE of 51.930
and an R2 of 0.851. This model demonstrated its ability to fit the training data closely, reducing prediction
errors and effectively capturing the streamflow dynamics in the snow-fed catchment. The LSTM-WHO
model also performed strongly, with an average RMSE of 53.900 and an R2 of 0.840. This indicates that
the Wild Horse Optimizer, when combined with LSTM, can significantly enhance model accuracy. Other
models, such as LSTM-AO and LSTM-WOA, showed average RMSE values of 57.135 and 58.978, respectively,
demonstrating improved performance over the standalone LSTM model, which had a higher RMSE. In the
testing stage, the LSTM-WHOAO model continued to outperform other models, with an average RMSE of
70.413 and an R2 of 0.755. This highlights its strong generalization ability, maintaining accuracy even when
applied to unseen data. The LSTM-WHO and LSTM-AO models also showed strong testing results, with
RMSE values of 72.735 and 74.945, respectively, and R2 values above 0.720. These models demonstrated better
generalization compared to the simpler LSTM model. The standalone LSTM model had the highest RMSE
(81.027) and the lowest R2 (0.672), indicating its limited ability to accurately predict streamflow without
optimization algorithms.

For peak streamflow events, the LSTM-WHOAO model had the lowest absolute error (201.4%),
significantly reducing prediction error compared to other models such as LSTM-GA (333.9%) and LSTM
(347.1%). This performance indicates the model’s robustness in handling extreme hydrological events, which
are crucial for flood management and water resource planning. Across all models, the inclusion of SCA data
consistently improved prediction accuracy. Models that incorporated SCA, such as LSTM-WHOAO and
LSTM-WHO, showed lower RMSE and higher R2 values, underscoring the importance of considering snow
cover dynamics in streamflow forecasting. Overall, the study demonstrated that integrating LSTM models
with advanced metaheuristic optimizers significantly enhances predictive accuracy and generalization. The
LSTM-WHOAO model, in particular, proved the most effective, showing superior performance across both
training and testing stages and in peak streamflow predictions.

The accuracy and reliability of the models are highly dependent on the quality and availability of input
data, particularly SCA data. Limited data or low-resolution datasets could lead to less accurate predictions.
The hybrid models, especially those combining multiple optimization algorithms, are computationally
intensive and complex. This complexity may limit their practicality for real-time applications or for users with
limited computational resources. While the models were effective in the studied snow-fed catchment, their



Comput Model Eng Sci. 2026;148(1):31 21

generalizability to other regions with different hydrological conditions remains uncertain. The models may
require retraining and adjustment to perform well in different geographic contexts. Despite the improved
accuracy, there is a risk of overfitting, particularly in models with many parameters. This could limit the
model’s performance when applied to new or different datasets.

Future research should focus on improving the resolution and accuracy of input data, particularly SCA
data from remote sensing technologies. Utilizing multi-source data integration could further enhance model
performance. Efforts should be made to simplify the hybrid models, balancing between complexity and
performance. This could involve pruning unnecessary model parameters or optimizing the computational
efficiency of the algorithms. To validate the robustness of these models, it is recommended to test them across
different catchments with varying hydrological characteristics. This will help assess their generalizability
and adaptability to different environmental conditions. The developed models, especially LSTM-WHOAO,
should be integrated into real-time streamflow forecasting systems. This would involve testing their oper-
ational performance and making necessary adjustments for practical use in flood forecasting and water
management. A limitation of this study is the application to a single catchment. Future work will evaluate
the LSTM WHOAO model across additional basins with contrasting hydrological regimes to assess its
transferability. Future research can focus on employing SHAP to quantify input variable contributions and
enhance model interpretability, coupling LSTM-WHOAO with other climatic variables to assess climate
change impacts on snowmelt-driven flows, with other deep learning models, and exploring physics-informed
neural networks (PINNs) that embed the shallow water equations or the snowmelt runoff model as
physical constraints. For wider adoption, creating user-friendly software or tools that encapsulate these
advanced models would facilitate their use by hydrologists and water resource managers, thereby aiding
decision-making.
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