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Abstract

Artificial intelligence (Al)-based algorithms, on the other hand, are growing in popularity and efficiency as
methods of measuring streamflow. There has been a lot of progress in this field abroad, but there isn't much use
of Al models to study streamflow in Bangladesh. The conventional machine learning (ML) and deep learning
(DL) models often result in lower predictive accuracies and higher error rates due to manual tuning. In order to
address this limitation, the current study developed two innovative hybrid models, namely hybrid EMD-ANN
model. This approach aims to improve the predictive accuracy levels of the baseline Artificial Neural Network
(ANN) in the context of streamflow prediction at Bahadurabad Transit station of Brahmaputra-Jamuna river
system, operated by Bangladesh Water Development Board (BWDB). Five statistical metrics, i.e., Normalized
Root Mean Squared Error (NRMSE), Pearson coefficient (r), Kling-Gupta Efficiency (KGE), Nash-Sutcliffe
Efficiency (NSE), and Mean Absolute Error (MAE) were determined at both training and testing stages. Among
the developed models, the hybrid model has outperformed all other models (NRMSE= 0.0643, r= 0.9263, KGE=
0.9212, and MAE= 3764.49, NSE= 0.8514) at the testing stage.
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1 Introduction

In recent years, with the rising development of Artificial Intelligence (Al) technology, its important branch
Machine Learning (ML) has been significantly used in various fields, such as minerals industry, aerospace
industry, and water resource management. ML models specially, Artificial Neural Networks (ANN), Support
Vector Machines (SVM), Random Forests (RF), and lately, Long Short-Term Memory (LSTM) networks, have
been effectively established a wide array of domains, including climate modeling, financial forecasting, and
hydrology. These models are very good at finding complex relationships among various inputs, managing noisy
datasets, and complying with the hidden dynamics of chronological sequence. However, the effectiveness of ML
often depends mostly on the quality of input features and raw environmental temporal series, distinguished by
nonlinearity, non-stationarity, and multi-scale fluctuations, may hamper their ability to generalize perfectly.

To address this, the concept of empirical mode decomposition (EMD) proposed by Huang et al. (1998) is a non-
stationary time series analysis technique. EMD is based on the theory of local scale separation and does not need
predetermined basis functions, which is totally different from almost all the other decomposition techniques
(Meng et al.,2019). Thus, EMD is a fully data driven method which can decompose a signal in to a set of
Intrinsic Mode Functions (IMFs), each presenting periodical modes of different frequencies embedded in the
original signal. Isolate patterns are reinforced by this decomposition at multiple temporal scale, thereby
simplifying the learning process for ML algorithms. Therefore, EMD is ideally suitable for analyzing nonlinear
and non-stationary data (Huang et al.,2014). However, EMD has a boundary effect, and Huang et al. (1998)
proposed a solution by adding artificial time series to extend the raw time series (called characteristic waves) at
both boundaries for eliminating boundary effect. Such hybrid EMD-ML frameworks have shown better result in
different time series prediction problems (Huang et al., 2014).

Precise streamflow prediction is a crucial part of water resource management, flood forecasting, ecosystem
conservation and hydropower generation. Typically, numerical models with a physical basis are utilized to
predict streamflow (Meng et al., 2019). Streamflow is influenced by a large number of factors, such as
precipitation, temperature, climatic conditions and so on, and is characterized by nonlinear, non-stationary, and
uncertain conditions, especially in extreme climates (Meng et al., 2019). Previous studies have suggested that
accurate prediction of streamflow using a machine learning paradigm is possible and has been well recognized,
and robust models have been proposed worldwide making the prediction of streamflow an evolving research area
(lkram et al., 2022). A complete forecasting approach was proposed by Saraiva et al. for multistep ahead
forecasting of daily streamflow at the Sobradinho reservoir, Brazil. The proposed approach combines
simultaneously machine learning models, e.g., SVR and MLPNN, the preprocessing signal decomposition,
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discrete wavelet transforms (DWT), and the bootstrap resampling method (BR), showing Haigh forecasting
accuracy with Pearson correlation values (R) nearly equal to 0.999 (lkram et al., 2022). However, the current
question is whether the degree of improvement in prediction accuracy using EMD to eliminate noise, varies in
relation to different streamflow series (Meng et al., 2019).

This study proposes an efficient machine learning framework that incorporates Empirical Mode Decomposition
(EMD) with ML models to improve the accuracy and robustness of streamflow prediction. The primary objective
of this study was: 1. To develop and evaluate two innovative hybrid models, specifically the hybrid EMD-ANN
model, for improved streamflow forecasting. 2. To assess model performance using five statistical metrics. 3. To
demonstrate the superiority of the hybrid EMD-ANN model over conventional ANN in terms of accuracy and
efficiency during both training and testing phases.

2 Methodology

2.1 Study Area and Data

The research examines the Old Brahmaputra River, a significant distributary within the Brahmaputra River
system located in north-central Bangladesh, traversing the agriculturally vital Jamalpur District. The river
originates near Bahadurabad and merges with the Meghna River. It plays a crucial role in supporting local
economies through irrigation, fisheries, and transportation; however, it is highly susceptible to seasonal flooding.
The hydrology of this region is affected by monsoon rainfall, upstream discharge, and tidal influences from the
Bay of Bengal, resulting in complex, nonlinear fluctuations in water levels that pose challenges to conventional
forecasting techniques. The study area is located in the low-lying, deltaic Old Brahmaputra Basin (Figure 1),
utilizing data from the Islampur hydraulic station (25.13028° N, 89.73464° E), which is managed by the
Bangladesh Water Development Board (BWDB). The location of the station is essential, as the seasonal
variations of the river impact floodplain agriculture and the resilience of the community. The basin features a
gently sloping terrain, with elevations varying from 6 to 99.3189 m above mean sea level (MSL). This
topography promotes rapid dispersion of floodwaters; however, it also leads to extended periods of waterlogging,
which can threaten crops and infrastructure (Alam et al. 2021). Furthermore, land use and land cover (LULC)
patterns indicate that encroachment on natural floodplains increases flood severity.

89°30'0"E 90°0'0"E 90°30'0"E
(b) Study Area ) (a) Bangladesh
4 4
£ | . °
= \ o
3 7 N
] - 9
z z
o s °
o- Bahadurabad_Transit =
8 : 4 ]
z z
o y 4 °
o1 b4 Fo
] ]
z A z
§ . Legends ~§
B @ Hydrologic Station 8
DEM of Jamalpur !
g Value 4 z
S —- High : 99.3189 s LS
< <
Gg B Low:86 a °§
v i i
89°30'0"E 90°0'0"E 90°30'0"E

Figure 1. The Study Area Map
A long-term streamflow data (1976-2022) was obtained from BWDB, which involved several extreme events
(Figure 2).
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Figure 2. Trend in Streamflow Data from 1976 to 2022

2.2 Artificial Neural Network (ANN)

An artificial neural network (ANN) is a computational model that draws inspiration from biological neural
systems. The system employs computing units known as artificial neurons, organized in a layered network, to
delineate intricate relationships between specified input and target data. Each neuron in the network is
interconnected with the neurons of the adjacent layer. ANN possesses the capability to process co-evolutionary
relations by bypassing the intermediate physical processes. Artificial Neural Networks (ANN) consist of three
primary components: the input layer, the hidden layer, and the output layer (Rezvi et al., 2025). The input layer
and output layer contain a matching quantity of elements. In a basic neural network configuration, which
includes a single layer of hidden neurons, the normalized input features from the input layer are subjected to
multiplication with weights (w). The weighted sum of the inputs is subsequently combined with the bias (b) to
create a linear function. Weight and bias are standard, stochastic parameters that range from -1 to 1, representing
excitatory and inhibitory signals, respectively.

2.3 Empirical Mode Decomposition (EMD)

The EMD technique is an intuitive, self-adaptive & straightforward approach to data analysis used to improve
prediction ability and convert nonlinear, nonstationary time series into stationary ones, where the original signals
are used to derive basis functions (Prasad et al. 2020). Signals with trends and complex components can be
handled using EMD since it breaks them down into Intrinsic Mode Functions (IMFs) and a residual trend
component (Jamei et al. 2022).

EMD can decompose x(t) as follows under these circumstances: where hi(t) specifies m IMFs with r(t) as a
residual value in a series (Eqgn. 1).

x)= Y. hi(t) + r(® (1)

2.4 Model Evaluation

The predictive performance of the models was evaluated using three statistical metrics: Normalized Root Mean
Squared Error (NRMSE), Mean Absolute Error (MAE), Coefficient of correlation (r), Kling-Gupta Efficiency
(KGE), and Nash-Sutcliffe Efficiency (NSE) computed via the Pandas library. MAE and NRMSE quantify
prediction errors; lower values indicate better accuracy (Ratul et al., 2025; Mollick et al., 2025). KGE, r, and
NSE measure explained variance (0 to 1) for hydrological and ML models. These metrics were widely utilized in
previous studies (Ratul & Akter, 2025; Ratul et al., 2025; Solano & Affonso, 2023).

3 Results & Discussion

The evaluation of the Artificial Neural Network (ANN) and the combination of Empirical Mode Decomposition
with ANN (EMD-ANN) models for streamflow prediction was conducted using a detailed set of performance
metrics. These metrics included Kling-Gupta Efficiency (KGE), Normalized Root Mean Squared Error
(NRMSE), Mean Absolute Error (MAE), Pearson correlation coefficient (r), and Nash-Sutcliffe Efficiency
(NSE). The results for training and testing phases are presented in Table 01. The analysis was performed for both
the training and testing phases, offering insights into the effectiveness of integrating intrinsic mode functions
(IMFs) and residual components obtained from Empirical Mode Decomposition (EMD) with traditional lag
features.
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Table 01: Statistical Metrics of the Developed Models
Model Training Phase Improvement (%)
Name
KGE NRMSE MAE r NSE | KGE NRMSE MAE r NSE
ANN 0.925 0.050 2375.863 0.947 0.897 | - - - - -
EMD-

ANN 0.982 0.024 1425654 0988 0975 | 6.233  -51.220 -39.994 4.295 8.778

Testing Phase

ANN 0.791 0.108 5472988 0.794 0.580 | - - - - -

im)' 0021 0064 3764488 0926 0851 | 16452 -40511 -31.217 16.716 46.770

In the training phase, the ANN model recorded a KGE of 0.925, an NRMSE of 0.050, an MAE of 2375.863, a
correlation coefficient of 0.947, and an NSE of 0.897. The values presented demonstrate a robust predictive
capability along with acceptable error margins, which are characteristic of models that utilize lag features
exclusively for training. The EMD-ANN hybrid model demonstrated a notable enhancement in performance
metrics, achieving a KGE of 0.982, NRMSE of 0.024, MAE of 1425.654, r of 0.988, and NSE of 0.975. The
enhancement is highlighted by the improvement percentages, with KGE showing an increase of 6.23%, while
NRMSE and MAE exhibit decreases of approximately 51.22% and 39.99% respectively. Additionally,
correlation and NSE metrics demonstrate improvements of 4.30% and 8.78%. The observed enhancements
indicate that the process of decomposing the input streamflow data into intrinsic mode functions (IMFs) and
residuals prior to model training enabled the artificial neural network (ANN) to more effectively identify
concealed temporal patterns and non-stationary features of the streamflow time series, leading to an improved fit
during the training phase.

The results from the testing phase indicate a consistent trend of superiority for the EMD-ANN model. The
performance of the conventional ANN model decreased during testing, resulting in a KGE of 0.791, NRMSE of
0.108, MAE of 5472.988, r of 0.794, and NSE of 0.580. The EMD-ANN model demonstrated superior accuracy,
achieving a KGE of 0.921, NRMSE of 0.064, MAE of 3764.488, r of 0.926, and NSE of 0.851. The
improvement percentages were significant: KGE increased by 16.45%, while NRMSE and MAE decreased by
40.51% and 31.22%, respectively. Additionally, correlation and NSE saw increases of 16.72% and 46.77%,
respectively. The generalization capability demonstrates the effectiveness of EMD preprocessing in enhancing
model resilience to unseen data. This improvement may result from isolating the fundamental physical processes
that govern streamflow dynamics while minimizing noise and redundancy in the input features. The scatterplots
for both models at the testing phase are presented in Figure 3.

160000 - 120000
(a) ANN @ (b) EMD-ANN
— 3]
L E ®
™ 120000 - E o
E £ 80000 ®
0 2
s S .
T 80000 - = hd
3 o
o Z 40000
Z 40000 - =
z [
< 2
i
U‘ = 0 T

o 40000 80000 120000 160000 80000 120000
Observed Streamflow (m3/s) Observed Streamflow (m3/s)

Figure 3. Scatterplots Showing the Actual and Predicted Streamflow Values for (a) ANN, and (b) EMD-
ANN Model at the Testing Stage

The significant decrease in NRMSE and MAE observed in both phases indicates that the EMD-ANN model
enhances the average predictive accuracy while also substantially reducing both absolute and relative errors.
Error reductions are essential in hydrological forecasting, as precise streamflow predictions have a direct impact
on water resource management, flood forecasting, and ecological preservation. Additionally, the improved
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correlation coefficients and NSE values demonstrate a stronger alignment between observed and predicted
streamflow values, validating the statistical and practical importance of the EMD decomposition as a data-driven
enhancement method. The time series plot for ANN and EMD-ANN models at the testing stages are illustrated in

Figure 4.
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Figure 4. Time Series Plots for (a) ANN, and (b) EMD-ANN Models at the Testing Stage

The results indicate a clear advantage in integrating EMD with ANN for streamflow prediction compared to
utilizing ANN with lag features alone. The EMD-ANN model effectively captures both linear and nonlinear
components inherent in hydrological data by decomposing the original streamflow signal into multiple intrinsic
modes and residual components. This facilitates enhanced learning and increased model stability, particularly in
diverse hydrological conditions. Future work may involve the extension of this hybrid framework through the
integration of additional advanced decomposition methods or machine learning architectures, aimed at further
improving predictive performance and operational applicability.

4 Conclusion

The comparative analysis of the conventional Artificial Neural Network (ANN) and the Empirical Mode
Decomposition-enhanced ANN (EMD-ANN) models for streamflow prediction indicates a clear superiority of
the hybrid approach. The EMD-ANN model decomposes the original streamflow signal into intrinsic mode
functions and residual components, thereby effectively capturing complex temporal and nonlinear patterns that
the standard ANN, which relies solely on lag features, does not fully exploit. Significant improvements in
performance metrics are evidenced by higher Kling-Gupta Efficiency (KGE), correlation coefficient, and Nash-
Sutcliffe Efficiency (NSE), as well as notably reduced Normalized Root Mean Squared Error (NRMSE) and
Mean Absolute Error (MAE) in both training and testing phases. During testing, the EMD-ANN demonstrates
enhanced generalization capability, highlighting its robustness and practical applicability for real-world
hydrological forecasting. The observed improvements indicate that EMD preprocessing enhances feature
extraction while simultaneously minimizing noise and redundancy, thereby contributing to more accurate and
reliable streamflow predictions. The EMD-ANN hybrid approach signifies a notable advancement due to the
essential role of accurate streamflow forecasts in optimizing water resource management and mitigating flood
risks. Future research may expand upon this framework by investigating alternative decomposition methods or
incorporating more sophisticated neural network architectures to enhance predictive accuracy and operational
resilience in various hydrological contexts.
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