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ABSTRACT 

This study presents a flood-oriented rainfall forecasting framework that integrates Bidirectional Long 

Short-Term Memory (BiLSTM) with Grey Wolf Optimizer (GWO) and Shapley Additive Explanations 

(SHAP)-based interpretability. The proposed approach addresses two key limitations in existing Deep 

Learning (DL) rainfall models: suboptimal hyperparameter selection and limited model transparency. 

GWO is employed to optimize network hyperparameters in a stability-aware manner, enhancing 

convergence behavior and reducing generalization variance. To mitigate the black-box nature of recurrent 

networks, SHAP analysis is incorporated to quantify feature contributions and ensure physically consistent 

interpretation of rainfall drivers. Experimental results demonstrate that the optimized GWO–BiLSTM 

model achieves superior predictive accuracy (R² = 0.912) compared to Gated Recurrent Unit (GRU) and 

non-optimized BiLSTM baselines. In addition to improved regression performance, the model exhibits 

enhanced sensitivity to extreme rainfall events, reflected by higher recall and lower false negative rates, 

which are essential for flood early-warning applications. Comparative analysis with recent international 

studies indicates that the proposed framework uniquely combines metaheuristic optimization, extreme-

event evaluation, statistical validation, and explainable modeling within a unified engineering architecture. 

The results confirm that integrating optimization robustness and interpretable DL significantly 

strengthens the operational reliability of rainfall prediction systems for hydrological risk mitigation. 

Keywords-rainfall prediction; flood forecasting; Bidirectional Long Short-Term Memory (BiLSTM); Grey 

Wolf Optimizer (GWO); extreme event detection 

I. INTRODUCTION  

Flood disasters remain one of the most destructive natural 
hazards worldwide, particularly in tropical and monsoon 
regions where high-intensity short-duration rainfall frequently 
triggers flash floods and severe hydrological disruptions. 

According to recent hydrological assessments, the increasing 
variability of precipitation patterns due to climate change has 
intensified the frequency and magnitude of extreme rainfall 
events, significantly increasing flood risk exposure [1, 2]. 
Accurate rainfall forecasting therefore plays a crucial role in 
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flood early-warning systems, disaster risk reduction, and 
infrastructure resilience planning. 

Conventional hydrological and Numerical Weather 
Prediction (NWP) models rely heavily on physical 
parameterization and complex differential equations to simulate 
rainfall–runoff processes. Although physically interpretable, 
these approaches often require extensive calibration, high 
computational cost, and large-scale meteorological inputs, 
limiting their adaptability in data-scarce or real-time 
operational environments [3]. Furthermore, physically based 
models may struggle to capture nonlinear temporal 
dependencies during extreme rainfall events. 

In recent years, Machine Learning (ML) and Deep Learning 
(DL) techniques have emerged as powerful alternatives for 
hydrological time-series forecasting. Systematic reviews 
confirm that deep neural architectures significantly outperform 
traditional statistical and conceptual models in rainfall and 
flood prediction tasks [2, 4, 5]. Among these architectures, 
Recurrent Neural Networks (RNNs), particularly Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU), 
demonstrate superior capability in modeling long-term 
temporal dependencies inherent in hydrometeorological data 
[6-10]. 

Recent advancements in artificial intelligence have 
significantly transformed rainfall forecasting research, 
particularly through DL architectures capable of modeling 
nonlinear temporal dependencies in hydrometeorological data 
[6, 11]. Among these, LSTM networks have been widely 
adopted due to their ability to capture long-term sequential 
patterns and mitigate vanishing gradient issues [12-16]. These 
models have demonstrated superior performance over 
conventional statistical and conceptual hydrological approaches 
[17-19]. 

In addition to LSTM, GRU networks have emerged as 
computationally efficient alternatives, offering reduced 
parameter complexity while maintaining competitive predictive 
performance. Comparative analyses suggest that the relative 
effectiveness of LSTM and GRU architectures is often dataset-
dependent, highlighting the importance of architecture 
benchmarking in practical forecasting systems [7, 20]. 

Beyond RNNs, alternative DL approaches such as 
Temporal Convolutional Networks (TCN) and physics-guided 
neural networks have been introduced to enhance predictive 
stability and incorporate hydrological constraints [21-25]. 
While these methods improve generalization, most existing 
studies primarily focus on minimizing global error metrics such 
as Root Mean Square Error (RMSE) and Mean Absolute Error 
(MAE), without explicitly addressing performance under 
extreme rainfall conditions that are critical for flood risk 
mitigation [26-28]. 

To enhance model performance, metaheuristic optimization 
techniques such as Particle Swarm Optimization (PSO), 
Genetic Algorithms (GA), and Grey Wolf Optimizer (GWO) 
have been increasingly applied for hyperparameter tuning. 
Among these, GWO provides a balanced exploration–
exploitation mechanism with relatively low computational 
complexity [17, 18]. However, most optimization-based studies 

focus solely on improving average prediction accuracy, without 
incorporating flood-sensitive evaluation metrics such as 
extreme-event recall or false-negative reduction [29, 30]. 

Another important limitation in current research is the lack 
of interpretability. DL models are often criticized as black-box 
systems, limiting their applicability in operational disaster 
management [26, 31-34]. Explainable Artificial Intelligence 
(XAI) techniques, particularly Shapley Additive Explanations 
(SHAP), have shown potential in quantifying feature 
contributions and improving model transparency [35-37]. 
Nevertheless, explainability is typically treated as a post-hoc 
analysis rather than being integrated into the core modeling 
framework. 

Despite these advances, three major challenges remain. 

First, most DL rainfall forecasting studies primarily 
optimize error-based metrics such as RMSE and MAE without 
explicitly addressing performance under extreme rainfall 
conditions, which are critical for flood risk mitigation [3, 38]. 
Underestimation of peak rainfall events may lead to severe 
operational consequences in early-warning systems. 

Second, hyperparameter selection in deep neural networks 
is often performed manually or through grid/random search, 
which may not yield optimal model configurations. 
Metaheuristic optimization techniques such as PSO, GA, and 
GWO have been increasingly integrated into hydrological 
forecasting models to enhance parameter tuning efficiency [20, 
29, 39, 40]. 

Third, DL models are frequently criticized for lacking 
interpretability, limiting their adoption in operational disaster 
management. XAI techniques such as SHAP provide a unified 
framework to quantify feature contributions and improve 
transparency in prediction models [32, 41]. Such approaches 
have been used to identify dominant climatic drivers 
influencing model outputs [42, 43]. Interpretability is 
particularly important in flood risk applications, where 
decision-makers require reliable explanations to validate early-
warning triggers. 

Recent hybrid DL frameworks combining LSTM, GRU, 
and optimization algorithms demonstrate improved predictive 
stability and robustness for extreme hydrological conditions 
[44, 45]. However, limited research simultaneously integrates 
(i) metaheuristic-based adaptive optimization, (ii) comparative 
evaluation between BiLSTM and GRU architectures, (iii) 
flood-risk-oriented performance metrics, and (iv) SHAP-based 
interpretability analysis within a unified engineering 
framework. 

To address these research gaps, this study proposes a 
GWO-guided Bidirectional LSTM (GWO–BiLSTM) 
framework for flood-oriented rainfall forecasting in tropical 
regions. Unlike conventional accuracy-driven approaches, the 
proposed method emphasizes: 

1. Adaptive hyperparameter optimization using GWO to 
enhance prediction stability and minimize extreme 
rainfall underestimation. 
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2. Comparative architecture evaluation between BiLSTM 
and GRU to assess temporal learning efficiency. 

3. Flood-risk-sensitive metrics, including extreme rainfall 
recall and false-negative rate analysis. 

4. SHAP-based feature importance analysis to provide 
transparent interpretation of meteorological drivers 
influencing flood-trigger rainfall events. 

By integrating optimization, comparative DL architectures, 
and explainability within a disaster-oriented evaluation 
framework, this study offers a practical and engineering-
applicable methodology to enhance rainfall forecasting 
reliability in flood early-warning systems. Unlike previous 
studies that focus solely on either optimization or DL, this 
work unifies four key components within a single framework: 
(i) adaptive metaheuristic optimization, (ii) comparative 
evaluation of model architectures, (iii) flood-risk-oriented 
performance metrics, and (iv) SHAP-based interpretability; to 
the best of our knowledge, no prior study has simultaneously 
addressed all these aspects within a single rainfall forecasting 
system. 

II. PROPOSED METHODOLOGY 

This study proposes a GWO–BiLSTM framework for 
flood-oriented rainfall forecasting. The proposed methodology 
integrates multivariate meteorological feature engineering, 
adaptive hyperparameter optimization, comparative 
architecture benchmarking (BiLSTM vs. GRU), and SHAP-
based interpretability within a unified disaster-sensitive 
evaluation framework. The overall system workflow is 
illustrated in Figure 1. 

 

 
Fig. 1.  Overall methodological workflow of the proposed GWO–BiLSTM 
framework, illustrating data preprocessing, feature engineering, model 
optimization, and flood-oriented evaluation stages. 

A. Problem Formulation 

Let a multivariate meteorological time series be defined as: 

�� = {���� , ��
� , �
, ��, ��, ��}�  (1) 

where: 

 ���� = minimum temperature 

 ��
� = maximum temperature 

 �
 = relative humidity 

 �� = wind speed 

 �� = solar radiation 

 �� = rainfall 

B. Feature Engineering for Flood Sensitivity 

To enhance flood-trigger detection capability, accumulated 
rainfall features are incorporated. 

Three-day cumulative rainfall is defined as: 

���(�) = ∑ ���������     (2) 

Five-day moving average is computed as: 

���(�) = �
� ∑ ���������    (3) 

The final input vector becomes: 

 � = [�� , ���(�), ���(�)]   (4) 

C. Bidirectional Long Short-Term Memory Architecture 

Unlike conventional LSTM, Bidirectional LSTM 
(BiLSTM) processes sequences in both forward and backward 
directions. 

For each time step, forward pass is given by: 

ℎ�$$$⃗ = &���( � , ℎ���)$$$$$$$$$$⃗     (5) 

Backward pass is given by: 

ℎ�$⃖$$ = &���( � , ℎ���)$⃖$$$$$$$$$    (6) 

The final hidden representation is defined as: 

ℎ�(� = [ℎ�$$$⃗ ;  ℎ�$⃖$$]    (7) 

The output rainfall prediction is expressed as: 

��+ �,� = �ℎ�(� + .    (8) 

where � and . are trainable parameters. 

D. Gated Recurrent Unit Benchmark Model 

To evaluate architectural robustness, GRU is used as the 
comparative baseline. 

��+ �,� = �/ℎ� + ./    (9) 

E. Grey Wolf Optimizer for Hyperparameter Tuning 

Each wolf represents a candidate hyperparameter vector: 

H = [ℎ�, ℎ�, … , ℎ�]    (10) 

The position update mechanism is defined as: 
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2 = |�. �5(�) − �(�)|    (11) 

� (� + 1) = �5(�) − �. 2   (12) 

where: 

� = 29. : − 9   

� = 2:  

The final position update is: 

�(� + 1) = ;<,;=,;>
�     (13) 

F. Stability-Aware Fitness Function 

The fitness function is defined as: 

?@�ABCC = ���D + E. F9:(&GCCH
I)  (14) 

G. Flood-Oriented Evaluation Metrics 

The following metrics are used to evaluate model 
performance: 

���D = J�
� ∑ K��� − ��+ �L�����   (15) 

��D = �
� ∑ M��� − ��+ �M����    (16) 

�BN9OOP��QP�P = RSTUVWTXT
RSTUVWTXT,YZTUVWTXT  (17) 

?[�P��QP�P = YZTUVWTXT
RSTUVWTXT,YZTUVWTXT  (18) 

H. SHAP-Based Feature Importance 

SHAP-based feature importance is computed as follows: 

\� = ∑ |]|!(|Y|�|]|��)!
|Y|! [_(� ∪ {@}) − _(�)]]⊆Y\{�}  (19) 

cdeG:�9ANB� = f(|\�|)    (20) 

III. EXPERIMENTAL SETUP 

A. Dataset Description 

The experimental evaluation was conducted using a 
multivariate daily meteorological dataset obtained from a 
publicly available dataset on Kaggle [46]. This dataset contains 
historical climate observations in Indonesia, including key 
meteorological variables such as temperature, rainfall, 
humidity, wind speed, and other atmospheric indicators. The 
data span multiple years (approximately 2010–2020), 
representing diverse climatic conditions across tropical regions.  

The dataset was compiled from open data sources, 
including the Indonesian Agency for Meteorology, 
Climatology, and Geophysics (BMKG), ensuring reliability 
and consistency for scientific analysis. Prior to modeling, data 
preprocessing was performed to ensure quality and 
consistency. Missing values were handled using interpolation 
techniques, and all features were normalized using min–max 
scaling. Additionally, cumulative rainfall features were 
constructed to enhance flood-related sensitivity. 

B. Data Partitioning Strategy 

To preserve the temporal characteristics of the time-series 
data and avoid information leakage, chronological data splitting 

was applied instead of random partitioning. The dataset was 
divided into 70% training data, 15% validation data, and 15% 
testing data, maintaining strict temporal order. A sliding 
window mechanism was used to construct supervised learning 
sequences, where historical observations within a fixed-length 
window were utilized to predict next-day rainfall values. This 
strategy ensures realistic forecasting conditions that simulate 
operational flood monitoring systems. 

C. Model Training Configuration 

The proposed GWO–BiLSTM model was trained using the 
Adam optimization algorithm with early stopping to prevent 
overfitting. Hyperparameters including learning rate, number of 
hidden units, batch size, and dropout rate were optimized using 
the GWO within predefined search ranges. The GWO 
population size and maximum iteration number were selected 
to balance computational efficiency and convergence stability. 
For fair benchmarking, the GRU baseline model was trained 
under identical preprocessing conditions, data partitioning 
strategy, and stopping criteria. Baseline hyperparameters were 
tuned using grid search to ensure competitive performance 
comparison. 

D. Evaluation Protocol 

Model performance was evaluated on the unseen test set 
using both regression-based accuracy metrics and flood-
sensitive performance indicators. Standard regression metrics 
were computed to measure overall predictive accuracy, 
whereas additional analysis focused specifically on extreme 
rainfall events, given their direct relevance to flood risk 
assessment. Extreme-event prediction capability was evaluated 
separately to assess the robustness of each model under high-
impact hydrometeorological conditions. All evaluation 
procedures strictly followed the metric definitions provided in 
Section II. 

E. Statistical Significance Analysis 

To verify whether performance differences between models 
were statistically meaningful rather than caused by random 
variation, non-parametric statistical testing was conducted. The 
Wilcoxon signed-rank test was applied for pairwise comparison 
between the proposed GWO–BiLSTM model and the GRU 
baseline at a significance level of 0.05. When multiple 
comparative models were included, the Friedman test was 
employed to assess overall ranking differences across repeated 
experiments. This statistical validation strengthens the 
reliability of the experimental findings and ensures 
methodological rigor. 

F. Implementation Environment 

All experiments were implemented using Python with 
TensorFlow/Keras for DL modeling and Scikit-learn for 
evaluation and statistical analysis. The SHAP library was 
utilized for feature importance interpretation. Experiments 
were conducted in a GPU-enabled computational environment 
to accelerate training processes. To ensure reproducibility, a 
fixed random seed was applied across all experimental runs. 
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IV. RESULTS AND DISCUSSION 

The experimental evaluation demonstrates that the 
proposed GWO–BiLSTM framework consistently outperforms 
the GRU baseline and the non-optimized BiLSTM model in 
both overall regression accuracy and flood-sensitive 
performance metrics. The quantitative comparison is presented 
in Table I. 

TABLE I.  OVERALL PREDICTION PERFORMANCE ON 
TEST SET 

Model RMSE (mm) MAE (mm) R² 

GRU 18.42 13.76 0.871 

BiLSTM 17.95 13.21 0.884 
GWO–BiLSTM 

(proposed) 
15.63 11.48 0.912 

 
The proposed model achieved the lowest prediction errors 

and the highest coefficient of determination (R² = 0.912), 
reducing RMSE by approximately 15% compared to the GRU 
baseline. This confirms that GWO-based adaptive 
hyperparameter tuning enhances convergence quality and 
improves generalization capability. Since flood disasters are 
primarily associated with high-intensity rainfall events, 
additional evaluation was conducted focusing on extreme 
rainfall detection. The results are summarized in Table II. 

TABLE II.  EXTREME RAINFALL EVALUATION 

Model 
Extreme 

recall 
FNR 

Peak 

deviation 

GRU 0.74 0.26 0.21 

BiLSTM 0.78 0.22 0.18 
GWO–BiLSTM 

(Proposed) 
0.87 0.13 0.11 

 
The proposed framework significantly improves extreme 

rainfall recall and reduces the false negative rate. From an 
engineering disaster mitigation perspective, minimizing false 
negatives is critical because missed extreme rainfall events can 
lead to severe flood under-preparedness. 

The convergence behavior of the GWO is illustrated in 
Figure 2, which shows rapid fitness reduction during early 
iterations followed by stable convergence before reaching the 
maximum iteration threshold. The smooth convergence 
trajectory indicates an effective exploration–exploitation 
balance and reduced oscillatory behavior in validation loss. 

Residual robustness analysis further validates the predictive 
stability of the proposed model. The distribution of residual 
errors is shown in Figure 3, where the histogram demonstrates 
a near-symmetric pattern centered around zero. This indicates 
minimal systematic bias and stable generalization across 
rainfall magnitudes. 

To examine prediction consistency across rainfall 
intensities, the predicted-versus-actual relationship is presented 
in Figure 4. The strong alignment along the diagonal trend 
confirms accurate modeling across low, medium, and extreme 
rainfall regimes. Importantly, extreme observations do not 
exhibit dispersion away from the regression trend, indicating 
that the model remains stable during high-intensity events. 

 
Fig. 2.  Convergence curve of GWO. 

 
Fig. 3.  Residual error distribution of the proposed model. 

 
Fig. 4.  Predicted vs actual rainfall scatter plot. 
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Prediction uncertainty behavior is illustrated in Figure 5, 
which presents confidence bounds around the regression line. 
The relatively uniform interval width across rainfall 
magnitudes indicates controlled variance and the absence of 
uncertainty explosion in extreme rainfall conditions. 

 

 
Fig. 5.  Prediction confidence interval visualization. 

To enhance interpretability and operational transparency, 
SHAP-based feature importance analysis was conducted. The 
global feature ranking is presented in Figure 6, showing that 
three-day cumulative rainfall ( ��� ) is the most influential 
predictor, followed by relative humidity and previous-day 
rainfall. These findings are consistent with hydrological theory, 
where accumulated rainfall and atmospheric moisture 
significantly influence flood-triggering precipitation. 

 

 
Fig. 6.  SHAP-based global feature importance. 

The SHAP dependency patterns reveal nonlinear 
interactions between cumulative rainfall and humidity, 
confirming the physical plausibility of the learned model 
behavior. Unlike conventional black-box rainfall prediction 

models, the proposed framework provides interpretable insights 
aligned with atmospheric dynamics. 

To position the proposed approach within the broader 
literature, a comparative analysis with recent international 
rainfall prediction studies is presented in Tables III and IV. 

TABLE III.  PERFORMANCE COMPARISON WITH RECENT 
INTERNATIONAL STUDIES 

Study Model Dataset context RMSE MAE R² 

[47] LSTM Daily rainfall (Nepal) 2.51 1.79 0.81 

[47] GRU Daily rainfall (Nepal) 2.31 1.51 0.95 

[48] LSTM 
Daily rainfall 
(Indonesia) 

7.45 — 0.70 

[48] GRU 
Daily rainfall 
(Indonesia) 

9.33 — 0.54 

[49] CNN–LSTM Regional rainfall (Asia) — 4.82 0.88 

[50] 
Attention-

LSTM 
Monthly rainfall 

(China) 
— — 0.89 

[51] 
SVR 

(polynomial 
kernel) 

Monthly rainfall 
(Krueng Pase 

Watershed, 1992–2020) 
57.71 – 0.25 

[52] 
ML-based 
regression 

Environmental time-
series 

68.42 51.33 0.61 

[53] 
ANN / DL 

model 
Hydrological dataset 42.85 30.27 0.74 

Proposed 
GWO–

BiLSTM 
Flood-oriented rainfall 

dataset 
15.63 11.48 0.912 

TABLE IV.  QUANTITATIVE COMPARISON WITH RECENT 
INTERNATIONAL STUDIES 

Study Model Optimization 
Extreme event 

evaluation 

[47] LSTM Grid search No 

[47] GRU Grid search No 

[48] LSTM Manual tuning No 

[48] GRU Manual tuning No 

[49] RNN variants Random search Partial 

[50] 
SSA–LSTM 

hybrid 
Bayesian 

optimization 
No 

[51] 
SVR (polynomial 

kernel) 
Grid search No 

[52] 
ML-based 
regression 

Conventional 
tuning 

No 

[53] ANN / DL model Manual tuning No 

Proposed GWO–BiLSTM GWO 
Yes (recall, FNR, 
peak deviation) 

 
While performance metrics vary depending on dataset 

characteristics and geographic context, most prior studies 
emphasize global regression accuracy without explicitly 
evaluating extreme rainfall recall, false negative rates, 
convergence stability, or statistical significance. Moreover, 
interpretability analysis remains underexplored in DL-based 
rainfall forecasting research. 

The proposed framework differentiates itself by integrating 
metaheuristic optimization, flood-sensitive evaluation metrics, 
statistical validation, convergence analysis, and SHAP-based 
interpretability within a unified engineering system. These 
combined contributions enhance not only predictive accuracy 
but also reliability and operational transparency for flood early-
warning deployment in tropical regions. 
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V. CONCLUSION 

This study proposed a flood-oriented rainfall forecasting 
framework integrating Bidirectional Long Short-Term Memory 
(BiLSTM) with Grey Wolf Optimizer (GWO) for adaptive 
hyperparameter tuning and Shapley Additive Explanations 
(SHAP)-based interpretability. The primary objective was to 
improve predictive accuracy and enhance sensitivity to extreme 
rainfall events, which are critical for flood early-warning 
systems in tropical regions.  

Experimental results demonstrate that the proposed GWO–
BiLSTM model significantly outperforms baseline models, 
achieving an R² of 0.912 and reducing Root Mean Square Error 
(RMSE) by approximately 15% compared to the Gated 
Recurrent Unit (GRU) model. More importantly, the model 
shows substantial improvement in extreme rainfall detection, 
with recall increasing to 0.87 and the false negative rate 
reduced to 0.13. These improvements are particularly important 
in flood risk mitigation, where missed extreme events can lead 
to severe consequences.  

From a methodological perspective, the integration of 
metaheuristic optimization enhances model stability and 
convergence behavior, whereas the incorporation of flood-
sensitive evaluation metrics provides a more realistic 
assessment of model performance under high-impact 
conditions. Furthermore, SHAP-based analysis offers 
interpretable insights into the contribution of meteorological 
variables, confirming that cumulative rainfall and atmospheric 
humidity are dominant drivers of flood-triggering precipitation.  

Despite these promising results, several limitations should 
be acknowledged. The study relies on a single dataset and does 
not explicitly consider spatial variability across multiple 
meteorological stations. Additionally, real-time deployment 
aspects and computational efficiency in operational 
environments were not fully explored.  

Future research will focus on extending the proposed 
framework to multi-station and spatial-temporal modeling 
using advanced architectures such as graph neural networks 
and attention-based models. Furthermore, integration with real-
time data streams and early-warning systems will be 
investigated to enhance practical applicability in disaster risk 
management.  

Overall, the proposed framework provides a robust, 
interpretable, and disaster-oriented rainfall prediction approach, 
contributing toward more reliable flood forecasting systems in 
tropical climate environments. 
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