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Abstract Accurate river water-level (WL) forecasting is essential for flood preparedness and early-warning decision-
making. However, WL fluctuations are highly nonlinear and time-dependent, making accurate prediction challenging
when using conventional time-series approaches. This study aims to improve short-term water-level forecasting in the
Selangor River basin using an Intelligent Committee Machine Learning (ICML) framework that integrates Radial Basis
Function Support Vector Machine Regression (RBF-SVR) and Nonlinear Autoregressive Exogenous (NARX) models. The
performance of the proposed framework was evaluated by comparing the individual NARX and RBF models with two
ensemble approaches: simple averaging (ENS-AVG) and genetic algorithm-based weighted averaging (ENS-GA). Forecasts
were generated at 3-, 6-, and 12-hour lead times using rainfall measurements and historical water-level observations as
input variables. Model performance was assessed on the training and testing datasets using standard statistical criteria:
root mean square error (RMSE), mean absolute error (MAE), and the coefficient of determination R2. The results showed
that forecasting accuracy declined as the lead time increased, which depicts the greater uncertainty associated with longer-
horizon hydrological prediction. Using the training dataset, ENS-GA achieved the best overall performance across the three
lead times, which indicates the effectiveness of GA-based weight optimisation. Using the testing dataset, however, NARX
consistently outperformed the other models, producing the lowest RMSE and MAE and the highest R2 values at the 3-,
6-, and 12-hour horizons. At the 6-hour testing horizon, NARX achieved an RMSE of 0.26922, MAE of 0.16238, and R2

of 0.88934. Although the ensemble architectures demonstrated superior precision to the baseline RBF-SVM model, they
failed to outperform the individual NARX model in generalisation capability. Hence, the study emphasises that temporal
NARX modelling provides highly reliable short- and medium-term WL forecasts, which reinforces its usefulness for flood
forecasting in the study area.
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1. Introduction

Floods are common and destructive phenomena in many regions of the world and remain a major global challenge,
causing significant destruction, income losses, and population displacement. During the period 2000–2018, the
world experienced a total flood-inundation area of approximately 2.23 million km2, affecting about 290 million
people [1]. Intense precipitation in upstream watersheds can cause rapid and substantial rises in river water levels,
increasing the risk of severe flooding in downstream catchments [2]. Therefore, accurate monitoring of river water

∗Correspondence to: Mohsen Ayyash. School of Mathematical Sciences, Universiti Sains Malaysia, 11800 Penang, Malaysia. Email:
[mhayyash@usm.my; ayash.mohsen@gmail.com]

ISSN 2310-5070 (online) ISSN 2311-004X (print)
Copyright © 2026 International Academic Press



S. H. M. ABDUALKARIM ET AL. 1683

level (WL) and flow rate is essential for effective flood forecasting. Reliable WL and discharge information can
strengthen early-warning systems and support timely structural and non-structural mitigation measures to reduce
risks to human life and property [3].

Recent years have shown increasing interest in the use of modern technologies, including satellite imagery
and hydrological models, to improve flood forecasting accuracy. At the same time, climate change and more
unstable weather patterns have increased the demand for reliable forecasting systems that can support timely flood
preparedness and response [4]. Machine learning (ML) has also contributed substantially to improving short- and
long-term forecasting performance, with recent developments emphasising hybrid models, data decomposition
techniques, ensemble learning, and optimised neural-network architectures [5].

Although classical linear time-series techniques have achieved good forecasting performance in previous studies
[6, 7, 8, 9], their effectiveness may be limited when flood processes involve nonlinear responses, rapid temporal
changes, and complex hydrological interactions. Modern statistics and machine learning have introduced a wide
range of nonlinear predictive approaches, including artificial neural networks (ANNs), deep learning, decision
trees (DTs), random forests (RFs), and support vector machines (SVMs), which enable researchers to analyse
large and complex datasets and extract meaningful predictive patterns [10]. Across various countries, including
Cameroon, Bangladesh, Southeast Europe, Malaysia, Japan, and Colombia, ANN-based models have demonstrated
promising performance in flood forecasting applications [11, 12, 13, 14, 15, 16]. Convolutional neural networks
(CNNs) have also been employed for rapid urban flood prediction by integrating rainstorm–inundation databases
with conventional modelling frameworks [17]. Similarly, a hybrid model combining AdaBoostRegressor with
Lion Swarm Optimisation was proposed to improve forecasting accuracy [18]. Frisk and Johansson compared the
forecasting performance of the Stormwater Management Model (SWMM), a hydrodynamic model, with machine-
learning approaches based on the NARX framework [19]. Kurt examined the meteorological drivers of water-
level variations in the Great Lakes basin using Multiple Linear Regression (MLR), Nonlinear Autoregressive with
Exogenous inputs (NARX), Facebook Prophet (FB-Prophet), and Long Short-Term Memory (LSTM) networks
[20]. Duangkhwan et al. [21] applied Gated Recurrent Units (GRUs), LSTM models, and CNNs, reporting that
GRUs outperformed LSTM models in their forecasting setting. Jiken et al. [22] investigated the use of sediment
grain size as an indicator for assessing flood-related damage. Therefore, artificial intelligence-based models have
demonstrated superior capabilities for simulating complex physical flood processes [23], while ANNs continue
to offer substantial potential for environmental modelling, hydrology, and weather prediction [24]. Ahmad et al.
[25] compared RF, DT, and Feed Forward Neural Network (FFNN) models with the NAM rainfall–runoff model
for the Vesubie River in France and found that FFNN was comparatively less efficient. CNNs have also estimated
historical flood depth and duration from RF records and showed value for flood-impact modelling [26].

Nonlinear Autoregressive with Exogenous Inputs (NARX) neural networks are effective for modelling complex
nonlinear time-series relationships and generating accurate short-term flood forecasts by incorporating historical
observations and exogenous inputs [27, 28]. Renteria Mena et al. [16] proposed a multivariate NARX model that
outperformed a simplified ARX model for water-level prediction in the Atrato River, Colombia [16]. They also
compared linear and nonlinear ARX/NARX models with LSTM models for water-level forecasting at stations along
the Atrato River. Similarly, Ruslan et al. [28] indicated that NARX provided superior flood-water-level predictions
compared with the Extended Kalman Filter (EKF), while Zehra [29] showed that NARX outperformed Support
Vector Machine (SVM)-based flood-estimation methods. Faruq et al. [3] further indicated that the Nonlinear
Autoregressive Neural Network with Exogenous Inputs (NARXNN) produced lower forecasting errors than Radial
Basis Function (RBF) models for 12-hour-ahead predictions. In addition to NARX, RBF models are effective
for handling nonlinear and dynamic systems, offering a relatively simple structure for approximating continuous
functions in real-time forecasting applications [30]. For example, a study conducted by Moradian et al. [31]
proposed a two-step hydrodynamic–machine learning framework for flood modelling in a coastal–fluvial regime,
comparing SVR, SVM, RBF, LR, GPR, DT, and ANN models at the pixel level, and found that the RBF model
achieved the best performance for rainfall–runoff modelling in the Cork City, Ireland. Another study conducted
by Tiwari et al. [32] showed that the wavelet-enhanced WMTM5NN model improved hydrological forecasting
accuracy, achieving R2 values close to 0.97 and outperforming conventional RBFNN and MTM5NN models.
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Although NARX and RBF models have demonstrated strong individual forecasting performance in hydrological
and flood-related applications, their optimal integration for ensemble-based flood-water-level prediction remains
underexplored. Previous studies have proposed Intelligent Committee Machine Learning Flood Forecasting
(ICML-FF) models that combine methods such as RBF, ANFIS, SVM, and LSTM using averaging, K-NN,
and genetic algorithm (GA)-based strategies, with applications to the Kelantan River in Malaysia [2, 3]. The
literature suggests that individual models, such as ANFIS and RBF, can achieve strong forecasting performance in
specific applications; however, ensemble-based committee models often provide greater robustness by combining
the strengths of multiple learners. Earlier comparative studies involving NARX and RBF mainly focused on
the performance of the individual models and did not develop an optimised ensemble framework that explicitly
integrates both approaches. In addition, existing ensemble studies have commonly combined ANFIS, SVM, LSTM,
and RBF models but have rarely incorporated NARX, despite its established ability to capture nonlinear temporal
dependencies in hydrological time series data. This highlights a clear methodological gap in the development of a
GA-optimized NARX-RBF ensemble model for short-term flood water-level forecasting.

Thus, it is vital to address this gap for the Selangor River basin, where monsoon-driven floods and rising water
levels continue to threaten downstream communities, infrastructure, and flood management systems. Accurate
short-term water-level forecasting is therefore essential for strengthening early-warning capacity, supporting timely
decision-making, and reducing flood-related damage. Although optimisation algorithms have been applied to
enhance individual forecasting models, such as particle-filter-enhanced SVM [33], Grey Wolf Optimiser-based
ANFIS [34], Harris Hawks Optimisation-based ANFIS [35], and GA-based predictive models [36, 37, 38], few
studies have focused on optimising the weights of NARX–RBF ensemble forecasts for flood-prone Malaysian river
basins. Simple averaging treats all models as equally important, which may not represent their actual predictive
contributions. In contrast, GA-based weighted averaging allows model-specific weights to be assigned according
to forecasting performance, thereby improving the joint predictive capability of the ensemble [39]. Previous
studies have also shown that weighted voting and optimised weighting schemes can enhance ensemble accuracy
and stability compared with equal-weighting methods [40, 41, 42, 43]. Moreover, appropriate lag structures are
important in time-series forecasting because lagged variables help models capture temporal dependencies and
improve prediction accuracy in hydrological and other dynamic systems [42, 44].

This study aims to improve short-term river water-level forecasting for the Selangor River by integrating
Nonlinear Autoregressive with Exogenous Inputs (NARX) and Radial Basis Function Support Vector Machine
Regression (RBF-SVR) models within an Intelligent Committee Machine Learning framework. In particular, the
current study compares the forecasting performance of individual NARX and RBF-SVR models with two ensemble
strategies: simple averaging (ENS-AVG) and genetic algorithm-based weighted averaging (ENS-GA). Forecasts are
generated at 3-, 6-, and 12-hour lead times, and model accuracy is evaluated using root mean square error (RMSE),
mean absolute error (MAE), and the coefficient of determination (R2). By developing a GA-optimized NARX–RBF
ensemble model with data-driven lag inputs, this study addresses the lack of an optimised ensemble forecasting
framework for the Selangor River and contributes to more reliable short-term flood early-warning systems.

2. Data and Methodology

2.1. Data and study variables

The study focuses on the Selangor River in Malaysia, which originates near Kuala Kubu Bharu in the east and
flows westward before discharging into the Strait of Malacca at Kuala Selangor. The river is the most important to
the ecology and economy of the area, as it supplies all households, agriculture and industry, especially in the highly
populated areas of Selangor, with the required water. The river corridor also exhibits high biodiversity, with diverse
flora and fauna supporting activities such as agriculture and aquaculture. Additionally, the Selangor River is an
important component of local flood control, with adequate river flow management contributing to the minimisation
of flood risks during heavy rainfall and to the enhancement of drainage system performance [45]. Figure 1 shows
the location of the study area. ‘

Stat., Optim. Inf. Comput. Vol. 16, August 2026



S. H. M. ABDUALKARIM ET AL. 1685

Figure 1. Location of the study area

WL measurements were collected over a specified period. RF data were obtained from station LDG at Segi
Tinggi, Bahagian Mary, Selangor (station ID: 0210071RF), which recorded total rainfall in millimetres. Water-
level measurements were collected at Rantau Panjang, Selangor (station ID: 0210241WL), in metres. The data
covered the period from January 1, 2010, at 00:00 hours to December 31, 2023, at 23:00 hours, which forms a total
of 122,712 hours of continuous measurements. The lagged values of the WL were also incorporated into the model
to enhance its predictive accuracy. As illustrated in Table 1, the final input parameters comprise concurrent rainfall
and lagged water-level data, which represent key hydrological drivers associated with flood dynamics.

Table 1. Input variables

Outcome variable Predictor variables
Water level (WL) Rainfall (RF) WL-lag1 WL-lag2

Value at (t) Value at (t) Value at (t− 1) Value at (t− 2)
...

...
...

...
Value at (tn) Value at (tn) Value at (tn−1) Value at (tn−2)

2.2. Data Preprocessing

2.2.1. Data imputation and normalisation
To ensure a complete and continuous dataset, the initial phase of data preprocessing addressed missing values using
linear interpolation. Linear interpolation for estimating missing values can be formulated as shown in Equation (1):

y = y1 +
y2 − y1
x2 − x1

(x− x1) (1)
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where y is the estimated value at time step x, x1 and x2 denote the time steps of the nearest valid observations
immediately preceding and succeeding the missing observation, respectively, and y1 and y2 represent their
corresponding recorded values.
The study also normalises the data to the standard range of 0 to 1 to simplify model computation and improve
accuracy by mitigating the impact of outliers, minimising noise, and stabilising data variance [51]. The min–max
normalisation procedure used in this study is expressed as follows:

X ′ =
X −Xmin

Xmax −Xmin
(2)

where X is the original value, X ′ is the normalized value, Xmin is the minimum observed value of the variable,
and Xmax is the maximum observed value of the variable.

2.2.2. Data partitioning
To measure the robustness and generalisability of the model, the dataset was divided into two segments: 80% for
training and 20% for testing. Regarding the 3-hour time period, the total dataset comprised 40,903 samples, of
which 32,722 were assigned to the training phase and 8,181 to the testing phase. For 6-hour forecasting periods,
the dataset comprised 20,452 samples, of which 16,362 were assigned to training and 4,090 to testing. Finally, for
the 12-hour time period, the total number of samples was 10,226, with 8,181 allocated to training and 2,045 to
testing.

2.3. Methodology

The forecasted water level, Mt+i, was modelled as a function of the current rainfall measurement, RFt, and the
two previous water level observations, WLt−1 and WLt−2. The forecasting structure is represented as follows:

Mt+i = f (RFt,WLt−1,WLt−2) , i ∈ {3, 6, 12} (3)

where t denotes the current time step, i represents the forecasting horizon, which was set to 3, 6, and 12 steps ahead,
WL refers to river water level measured in metres, and RF denotes rainfall measured in mm/h. The function f(·)
represents the intelligent forecasting model, which was estimated using either the RBF, NARX, or ICML algorithm.

2.3.1. Nonlinear Autoregressive Network with Exogenous Inputs
NARX is widely used in machine learning for modelling nonlinear dynamic systems. NARX models are discrete-
time nonlinear autoregressive models that incorporate both past values of the target variable and past values of
external input variables [47]. Its structure enables the network to capture temporal dependencies by incorporating
lagged outputs, lagged inputs, and exogenous predictors in the forecasting process [48]. The general mathematical
form of the NARX model is expressed as follows:

y(t) = f [y(t− 1), y(t− 2), . . . , y(t− ny), u(t− 1), u(t− 2), . . . , u(t− nu)] (4)

where y(t) is the output variable at time t, y(t− 1), y(t− 2), . . . , y(t− ny) are the lagged output values, and ny

is the maximum output delay. The terms u(t− 1), u(t− 2), . . . , u(t− nu) represent the lagged exogenous input
variables, where nu is the maximum input delay. In this study, the exogenous variables included hydrological
and meteorological predictors, mainly RF and WL measurements. The lagged output values represent the model
memory and allow the network to capture the temporal dependence in flood-level behaviour. The use of input and
output delays enables the model to account for time-lag effects and nonlinear relationships in the hydrological time
series.

A recurrent NARX neural network was employed in this study and implemented in a closed-loop mode to capture
temporal dependencies. The model was used for multi-step-ahead water-level forecasting at lead times of 3, 6, and
12 hours. The network architecture consisted of one hidden layer with five neurons, selected based on preliminary
trial-and-error experiments to balance model complexity and predictive performance. A sigmoid activation function
was used in the hidden layer, whereas a linear activation function was applied in the output layer, which is suitable
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for regression-based forecasting tasks. Grid search with cross-validation was used to tune hyperparameters and
confirmed that 5 hidden neurons provided an appropriate trade-off between forecasting accuracy and computational
efficiency [52].

2.3.2. Radial Basis Function Support Vector Regression
SVR is a kernel-based learning method designed to estimate nonlinear relationships between a set of input
predictors and a continuous response variable. In this study, SVR with an RBF (RBF-SVR) kernel was employed
to forecast river water level using rainfall and lagged water-level observations as predictors. The input vector was
defined as xt = (RFt,WLt−1,WLt−2), where RFt denotes rainfall at time t, and WLt−1 and WLt−2 denote the
first and second lagged water-level observations, respectively. The response variable was the forecasted water level
WLt+h, where h represents the forecasting horizon of 3, 6, or 12 hours.

The RBF kernel was selected because of its ability to capture nonlinear relationships by mapping the input
variables into a higher-dimensional feature space [53, 55]. The RBF kernel between two input vectors, xi and xj ,
is defined as

K(xi,xj) = exp

(
−∥xi − xj∥2

2σ2

)
, (5)

where ∥xi − xj∥2 is the squared Euclidean distance between the two input vectors and σ is the kernel-width
parameter that controls the smoothness of the fitted function.

The SVR prediction function for a new input vector x is expressed as

ŷ(x) =
∑
i∈SV

(αi − α∗
i )K(xi,x) + b, (6)

where ŷ(x) is the predicted water level, SV denotes the set of support vectors, αi and α∗
i are the dual coefficients

estimated during model training, and b is the bias term.
The ϵ-SVR model was estimated by minimising the following objective function:

min
w,b,ξi,ξ∗i

1

2
∥w∥2 + C

n∑
i=1

(ξi + ξ∗i ), (7)

subject to

yi −
(
wTϕ(xi) + b

)
≤ ϵ+ ξi,(

wTϕ(xi) + b
)
− yi ≤ ϵ+ ξ∗i ,

ξi, ξ
∗
i ≥ 0,

(8)

where C is the regularisation parameter controlling the trade-off between model complexity and prediction error,
ϵ defines the width of the insensitive loss zone, and ξi and ξ∗i are slack variables that allow deviations beyond the
ϵ-tube.

In the empirical implementation, the RBF-SVR model was trained separately for the 3-, 6-, and 12-hour
forecasting horizons. The main hyperparameters, including the regularisation parameter C, the kernel-width
parameter σ, and the ϵ-insensitive loss parameter, were selected based on model-tuning procedures to improve
predictive accuracy and avoid overfitting. After training, the fitted SVR models were used to generate multi-step-
ahead forecasts of river water level [54, 55, 56].

2.3.3. Intelligent Committee Machine Learning
The Intelligent Committee Machine Learning (ICML) framework combines the strengths of the RBF-SVR and
NARX models to improve overall prediction accuracy. By integrating forecasts from both models, the ensemble
approach reduces model-specific errors and produces more robust, accurate water-level predictions. The proposed
combination of these models represents the main contribution of the present study. The proposed ICML framework
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was implemented in three stages. First, water-level forecasts were generated independently using the RBF-SVR
and NARX models. Second, the individual forecasts were combined using a simple averaging ensemble method.
This method calculates the arithmetic mean of the raw outputs of the two models, assuming that both models
contribute equally to the final prediction. It does not require transformation or weighting and therefore provides a
baseline ensemble forecast. Third, an optimised weighted averaging approach was applied. In this stage, the weights
assigned to the RBF-SVR and NARX forecasts were optimised using a Genetic Algorithm (GA) to determine
the optimal contribution of each model. The weighted averaging was applied directly to the raw forecast outputs
without additional transformation. The final ensemble forecast was generated for the 3-, 6-, and 12-hour forecasting
horizons.

Simple Averaging Ensemble The simple averaging ensemble (ENS-AVG) computes the ensemble prediction as
the arithmetic mean of the individual model outputs. In this study, the forecasts obtained from the RBF-SVR and
NARX models were combined as follows:

ŷensemble =
1

2
(ŷRBF + ŷNARX) (9)

where ŷensemble is the ensemble forecast, ŷRBF is the forecast produced by the RBF-SVR model, and ŷNARX is the
forecast produced by the NARX model. This approach is straightforward to implement and can be effective when
the errors of the individual models are weakly correlated. However, simple averaging assigns equal weight to all
models regardless of their predictive performance, which may reduce the overall accuracy of the ensemble [3]. To
overcome this limitation, the present study also employed a GA-based weighted averaging method.

Genetic-Algorithm Weighted Averaging The Genetic-Algorithm weighted averaging ensemble (ENS-GA)
assigns model-specific weights to the forecasts based on the predictive performance of each model. The weights
are optimised to minimise the overall prediction error [50]. In this study, the GA was used to determine the optimal
weights by simulating the natural process of evolution. The algorithm begins with an initial population, where each
individual represents a candidate set of weights for the base models. The fitness of each individual is then evaluated
using an objective function based on prediction error and model constraints. Individuals are ranked according to
their fitness, and new generations are produced through selection, crossover, and mutation. This process continues
until the stopping criterion is reached, after which the best set of weights is selected for ensemble prediction [36].

In the present implementation, the GA optimised the weights of the RBF-SVR and NARX forecasts by
minimising a composite error measure based on the Huber loss. The weights were encoded as real-valued
chromosomes, with each chromosome representing the weight assigned to a specific model. The GA was
configured with a population size of 50 and a maximum of 100 iterations, with the initial weight vectors generated
randomly within the interval [0, 1].

The GA monitored the best fitness value across generations. If no improvement in the best fitness value was
observed over 50 consecutive generations, the algorithm was assumed to have converged and was stopped early.
The objective function was designed to identify the optimal weight vector W = (w1, w2) that minimises the total
Huber loss across the validation dataset, as follows:

min
W

J(W) =

N∑
i=1

Lδ (yi − ŷi(W)) (10)

where yi is the observed value at time step i, and ŷi(W) is the weighted ensemble forecast, defined as

ŷi(W) = w1ŷRBF,i + w2ŷNARX,i. (11)

The Huber loss function Lδ(r) is defined as

Lδ(r) =

{
1
2r

2, if |r| ≤ δ,

δ
(
|r| − 1

2δ
)
, if |r| > δ,

(12)
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Figure 2. Flowchart of the proposed genetic algorithm

where r = yi − ŷi(W) is the residual, and δ is the threshold parameter. In this study, δ = 1 was used.
Finally, the optimised ensemble forecast was obtained by combining the base model predictions using the optimal

weights:

ŷ∗ensemble = w1ŷRBF + w2ŷNARX, (13)

subject to the following constraints:

w1, w2 ∈ [0, 1], w1 + w2 = 1. (14)

Figure 2 illustrates the proposed GA framework. Candidate weight vectors are first initialised within the interval
[0, 1], followed by iterative fitness evaluation, selection, crossover, and mutation until the stopping criterion is met
and the optimal weight vector is identified.

2.3.4. Performance Evaluation Metrics
The forecasting performance of the proposed models was evaluated using three commonly used regression accuracy
metrics: root mean square error (RMSE), mean absolute error (MAE), and the coefficient of determination (R2)
[57, 58, 59]. RMSE quantifies the overall size of forecasting errors while assigning greater influence to larger
deviations, whereas MAE expresses the mean absolute difference between observed and predicted values in the
original measurement scale. The R2 statistic evaluates the proportion of variation in the observed values explained
by the model. Lower values of RMSE and MAE, together with higher values of R2, indicate better forecasting
performance. The evaluation metrics are defined as follows:

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)
2 (15)

MAE =
1

n

n∑
i=1

|yi − ŷi| (16)

R2 = 1−
∑n

i=1 (yi − ŷi)
2∑n

i=1 (yi − ȳ)
2 (17)

where n is the number of observations, yi is the observed value, ŷi is the predicted value, and ȳ is the mean of the
observed values. Figure 3 illustrates the overall methodological framework.
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Figure 3. Flowchart of the methodology

3. Results and Discussions

3.1. Descriptive statistics

Table 2 shows the descriptive statistics of the WL and RF variables across the three different sampling periods. The
descriptive statistics show that WL remained relatively stable, with mean values ranging from 4.9803 to 4.9817
m and coefficients of variation (CV) close to 0.155. In contrast, RF exhibited substantially greater variability,
as indicated by high CVs ranging from 8.1721 to 13.5556. RF was also highly right-skewed and leptokurtic,
particularly at the 12-hour interval, indicating an intermittent pattern dominated by many zero or low-rainfall
observations and a limited number of extreme rainfall events.

3.2. Training and Testing Performance of the Forecasting Models

Table 3 displays the predictive performance of the RBF-NN, NARX-NN, ENS-AVG, and ENS-GA models across
3-, 6-, and 12-hour forecasting horizons during both the training and testing phases. During training, all four models
demonstrated high predictive accuracy at the 3-hour horizon, with RMSE values ranging from 0.08969 to 0.09142
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Table 2. Descriptive statistics of water level and rainfall across different sampling intervals

Sampling interval Variable Mean Median SD Minimum Maximum Skewness Kurtosis CV
3 hours Water level (m) 4.9807 4.76 0.7743 2.78 9.57 1.2464 4.5313 0.1554

Rainfall (mm/h) 0.2722 0.00 2.2246 0.00 156.00 20.3124 794.1443 8.1721
6 hours Water level (m) 4.9803 4.76 0.7741 2.78 9.55 1.2469 4.5321 0.1554

Rainfall (mm/h) 0.2749 0.00 2.3660 0.00 156.00 24.1155 1086.175 8.6040
12 hours Water level (m) 4.9817 4.77 0.7728 2.78 9.52 1.2298 4.4980 0.1551

Rainfall (mm/h) 0.1446 0.00 1.9602 0.00 156.00 54.4227 4000.494 13.5556

and R2 values exceeding 0.985. The ENS-GA model consistently achieved the best training performance across
all forecasting horizons, producing the lowest RMSE values of 0.08969, 0.21304 and 0.34942 for the 3-, 6-and
12-hour horizons, respectively and the highest R2 values. Nevertheless, the performance differences among the
models were relatively small during training, particularly at the shortest forecasting horizon. This indicates that all
models successfully captured the underlying patterns within the training data.

When the prediction horizon was expanded from 3 to 12 hours, forecasting accuracy declined across all
architectures. This decay pattern aligns perfectly with recent empirical studies in hydrological time-series
modelling (2023–2025), which demonstrate that expanding the forecast lead time exponentially accentuates error
propagation due to cumulative lag uncertainties in rainfall-runoff mechanisms [60, 61].

The examination of the testing dataset revealed more pronounced discrepancies in generalisation capacity,
highlighting the structural advantages of certain architectures. The NARX-NN model achieved the strongest
generalisation capability across all forecasting horizons. At the 3-hour horizon, it produced the lowest RMSE
of 0.12542, the lowest MAE of 0.06441, and the highest R2 of 0.97598. The outperformance is sustained at the 6-
and 12-hour horizons, with the NARX-NN maintaining robust R2 values of 0.88934 and 0.76462, respectively.

The findings of the current study are in line with recent literature that reported recurrent architectures outperform
static feedforward networks over medium-term horizons [62, 63]. The explicit benefit of the NARX-NN lies
in its internal memory feedback loops. Recent benchmarks by Liu et al. [62] confirm that while static models
evaluate data as isolated snapshots, recurrent feedback configurations effectively internalise the dynamic catchment
response time and physical inertia of river basins, making them much more resilient to extended lead times.

Conversely, while the static RBF-NN model proved highly competent using the training dataset, its testing
performance deteriorated drastically over extended lead times, with its R2 dropping sharply from 0.85921 at 3
hours to 0.55424 at the 12-hour horizon. The substantial drop in performance indicates a classic susceptibility
to overfitting and an inability to adapt to unseen hydrological variability. It reflects a limitation of static neural
networks in handling non-linear time-series extrapolation, a limitation widely critiqued in recent literature,
which highlights that architectures lacking temporal data-routing mechanisms inherently fail when extreme flow
variations occur downstream [64]. Nonetheless, the ENS-GA framework failed to outperform the standalone
NARX-NN model in the testing dataset. It can be explained by a critical constraint identified in recent ensemble
learning literature (2024–2026) [65, 66]. The generalisation limits of a weighted ensemble are fundamentally
constrained by the performance floor of its weakest base learner. Because the RBF-NN suffered severe performance
degradation during testing, it acted as a ”predictive drag” on the ensemble. Even though the GA-driven weighting
mechanism successfully minimised the impact of the weaker model by shifting numerical focus onto the dominant
predictor during training, the structural superiority of the independent, temporally informed NARX-NN remained
unmatched when confronting entirely unseen testing data [65, 66]. Recent literature and our empirical results
confirm that selecting a fundamentally robust, recurrent network topology remains the most critical factor for
reliable, operational flood-warning frameworks [63, 66].

Thus, the results demonstrate the expected decline in forecasting accuracy as the prediction horizon increases,
reflecting the greater uncertainty associated with longer-lead hydrological forecasting. Although ENS-GA achieved
the best performance during training, NARX-NN delivered the most reliable test performance and therefore
demonstrated the strongest generalisation ability. The findings support the use of temporally informed neural
network models for water-level forecasting and confirm that ensemble methods can enhance robustness by
integrating complementary predictive models [57, 55].
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Table 3. Training and testing performance of the forecasting models

Algorithm T ahead hour Training Testing
RMSE MAE R2 RMSE MAE R2

RBF-SVR 3 0.09142 0.05657 0.98567 0.30365 0.18729 0.85921
6 0.21559 0.12685 0.92027 0.39906 0.26516 0.75687
12 0.35500 0.22032 0.78303 0.53906 0.36560 0.55424

NARX-NN 3 0.09031 0.05158 0.98602 0.12542 0.06441 0.97598
6 0.21548 0.13451 0.92035 0.26922 0.16238 0.88934
12 0.35171 0.23459 0.78703 0.39171 0.26557 0.76462

ENS-AVG 3 0.08977 0.05307 0.98618 0.18431 0.11813 0.94812
6 0.21363 0.12895 0.92171 0.30417 0.20246 0.85875
12 0.35069 0.22498 0.78827 0.43412 0.30003 0.71089

ENS-GA 3 0.08969 0.05221 0.98621 0.13367 0.07386 0.97271
6 0.21304 0.13211 0.92215 0.27746 0.18402 0.88246
12 0.34942 0.22989 0.78980 0.39819 0.27679 0.75677

3.3. Comparison of Observed and Predicted Water Levels Across Lead Times

Figure 4 presents the comparison between the observed training water-level series and the fitted values generated
by the NARX, RBF-SVR, ENS-AVG, and ENS-GA models at three forecasting horizons: 3 hours (A), 6 hours (B),
and 12 hours (C). The subplots show that the model outputs closely follow the temporal fluctuations in the training
data, particularly at shorter forecasting horizons. The dense variations in the series reflect the dynamic and highly
variable behaviour of water levels over time. As the forecasting horizon increases, greater divergence between
observed and predicted values becomes apparent, indicating increasing difficulty in longer-lead forecasting.
Overall, the figure provides visual evidence that the models learned the main water-level patterns during training
before being evaluated on the test dataset.

Figure 5 compares the observed and predicted water levels for the 3-, 6-, and 12-hour forecasting horizons. Panels
A, B, and C show the test results for the 3-, 6-, and 12-hour-ahead forecasts, respectively. The observed water-level
series is represented by the test data, while the predicted values are generated by the NARX, RBF-SVR, ENS-AVG,
and ENS-GA models. Overall, the predicted series closely follows the observed water-level pattern, particularly
at the 3-hour forecasting horizon. However, the deviation between observed and predicted values becomes more
noticeable as the forecasting horizon increases, especially for the 12-hour-ahead forecast. This indicates that longer
lead-time prediction is more challenging due to increasing uncertainty in the hydrological process. The plots also
show that the models generally capture the main fluctuations and peak patterns in water level, which is important
for practical flood forecasting applications.

4. Conclusion

This study evaluated the performance of individual and ensemble machine-learning models for forecasting river
water levels at 3-, 6-, and 12-hour lead times using rainfall and antecedent water-level data as input variables. The
findings confirmed the expected inverse relationship between forecast lead time and model accuracy, with predictive
performance decreasing at longer horizons due to the increasing uncertainty and variability of catchment dynamics.

In the training dataset, the ENS-GA model outperformed other models across all horizons, recording the lowest
RMSE values and the highest R2 values, which indicates that the GA was effective in optimising the ensemble
weighting structure during model training. However, the testing results showed that the standalone NARX-NN
model achieved the strongest generalisation performance across all lead times. By producing the lowest RMSE
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Figure 4. Comparison of observed training data and model-fitted values across the 3-, 6-, and 12-hour forecasting periods

and MAE values, together with the highest R2 values at the 3-, 6-, and 12-hour horizons, the NARX-NN model
demonstrated a superior ability to capture the temporal dependencies between RF, previous WL, and future river-
level fluctuations.

The forecasted water-level series closely matched the observed patterns, with the strongest agreement observed at
the 3-hour forecasting horizon. As the lead time increased to 6 and 12 hours, the discrepancy between observed and
predicted values became more apparent, consistent with the decline in predictive accuracy shown by the evaluation
metrics. Among the evaluated models, NARX-NN demonstrated the most stable agreement with the observed data,
whereas the ensemble approaches, ENS-AVG and ENS-GA, outperformed the individual RBF-SVR model.

To conclude, the findings highlight the effectiveness of temporally informed neural-network models, particularly
NARX-NN, for short- to medium-term river water-level forecasting. Although the proposed ENS-GA framework
improved ensemble performance compared with simple averaging and the standalone RBF-SVR model, it did not
surpass the generalisation performance of the NARX-NN model on the test data. Therefore, within the scope of
this study, NARX-NN can be considered the most reliable model for operational flood forecasting. Future research
should consider incorporating additional hydrometeorological predictors, validating the models across different
river basins, and exploring advanced hybrid or deep-learning architectures to improve forecasting stability at longer
lead times.
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Figure 5. Comparison of observed testing data and model-fitted values across the 3-, 6-, and 12-hour forecasting periods
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