
Proceedings of International Conference on Civil Engineering Research & Innovations, 12 - 14 December 2025      

Rajshahi University of Engineering & Technology, Rajshahi, Bangladesh 

2102 
 

Paper ID: 1044 

Optimization of Kolmogorov Arnold and LSTM Networks with Big-Bang Big-Crunch 

Algorithm and Advanced Preprocessing Techniques for Improving Flood Level Prediction 
 

 

A. Tasnim1, M.J.P. Ratul2, M.F.A. Raad3, N.K. Talukder4, S.W. Adila5, P. S. Sarker6, U. Akter7 
 

1Department of Civil Engineering, KUET, Bangladesh (anikatasnim813@gmail.com) 
2Department of Civil Engineering, KUET, Bangladesh (jobayerparvezratul@gmail.com) 

3Department of Civil Engineering, KUET, Bangladesh (farhanateefraad.709@gmail.com) 
4Department of Civil Engineering, KUET, Bangladesh (nashid.kamal.civil@gmail.com) 

5Department of Civil Engineering, KUET, Bangladesh (wasifaadila@gmail.com) 
6Department of Civil Engineering, CUET, Bangladesh (pssarker161@gmail.com) 
7Department of Civil Engineering, KUET, Bangladesh (usmi.ce.kuet@gmail.com) 

 

Abstract 

For efficient water resource management and the creation of flood hazard mitigation plans, accurate water level 

(WL) forecasting in coastal rivers is essential. A significant lack of in-situ datasets for WLs in several rivers is 

present in Bangladesh. Consequently, there is a substantial study gap concerning the forecasting of WLs in 

Bangladesh's coastal rivers. In the current study, we have optimized Kolmogorov Arnold Network (KAN) and 

Long Short-Term Memory Networks (LSTM) with Big-Bang Big-Crunch Optimization (BB-BC) and Empirical 

Mode Decomposition (EMD) in order to enhance the predictive accuracy levels of WL. Among the developed 

models, the EMD-BB-BC-LSTM model has outperformed all models with RMSE = 0.032, MAE = 0.024, and 

 = 0.992 at the testing stage. The outcomes of the current study can help water specialists in enhanced WL 

prediction with limited historic data. 
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1 Introduction 

Bangladesh, a low-lying deltaic country in South Asia, is exposed to climatic hazards due to its geographic 

location, & its climate has been evolving, altering, and becoming more unpredictable. It is the sixth-most 

vulnerable country to cyclones, droughts, and floods (Rahaman et al., 2019). Bangladesh frequently experiences 

a variety of climatic hazards, including floods, salinity intrusion, coastal erosion, droughts, thunderstorms, 

cyclones, etc. (Afjal et al., 2011). Floods are the most damaging natural calamities, wreaking havoc on crops, 

human lives, and socioeconomic structure (Mosavi et al., 2018). The rise in sea level over years will submerge a 

vast portion of the country's land area. As a result, food security, health issues, and climate-induced maritime 

migration of the coastal inhabitants will be in danger, & agricultural productivity, biodiversity, and livelihood 

options may decrease (Minar et al., 2013). Predicting WLs accurately is crucial for managing freshwater 

resources and preventing flooding (Zakaria et al., 2023). The hydraulic properties of aquifers, altitude of water 

table, short-term variations in groundwater recharge, effects of climatic variability, changes in direction of 

groundwater flow, interaction between ground & surface water, etc. can all be determined using WL data (Wee 

et al., 2021). Since machine learning (ML) moves from a knowledge-driven method to a data-driven strategy for 

learning vast amounts of data & drawing conclusions from the results (Mosavi et al., 2018), these have been 

heavily used in this topic. As research has advanced, flood prediction has increasingly relied on deep learning 

hybrid models. The LSTM-KANs model with the Big-Bang Big-Crunch algorithm, which combines Long Short-

Term Memory Networks (LSTM) and Kolmogorov-Arnold Networks (KANs), is a unique flood-level prediction 

model proposed in this paper. This research will use the Kolmogorov-Arnold Network (KANs), a revolutionary 

deep learning architecture that excels at capturing intricate non-linear correlations, and to record long-term 

dependence, a type of temporal recurrent neural network (RNN) with long-term memory capacity called the 

LSTM network (Zhao & Marsani, 2025) is utilized. Unlike conventional machine learning methods, KAN 

models' polynomial approximation capabilities enable them to accurately depict high-dimensional data & 

intricate spatial relationships (Ji et al., 2024). The use of machine learning algorithms for WL forecasting is still 

in its infancy compared to more conventional methods. Contrarily, there are still a lot of unanswered questions & 

difficulties with both the models' application and conclusion-interpreting process (Sannasi Chakravarthy et al., 

2022). How might the input combinations be identified to increase the model's reliability? How can we divide up 

the existing datasets to represent the dynamics of WLs under the effect of extreme events and climate change? 

Which is the more dependable model? Even though KANs are good at capturing nonlinear relationships, their 

use in hydrological prediction is still rather limited at the moment, particularly when it comes to flood prediction 

in complex climates (Zhao & Marsani, 2025). Additionally, pertinent research and experiments are still in their 

early stages, which leaves a significant research gap for future studies (Ayus et al., 2023). 
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This study shows the combined application of KAN and LSTM along with BB-BC and EMD to increase 

accuracy and validity of WL prediction in the coastal region of Bangladesh, where in-situ WL data is less 

available. It aims to ensure better flood forecasting to develop resource management and to minimize risks 

during unanticipated crises. 

 

2 Methodology 

2.1 Study Area and Data 

The study was carried out in Khulna, Bangladesh, near the Pasur River in the Mongla Port Municipality region of 

the Mongla Upazila, which is roughly 131 kilometers north of the Bay of Bengal and 55 kilometers south of 

Khulna City. The Passur, which is situated between 89°30′ E and 21°45′ N, is the largest river in the Sundarbans 

(Mangrove Forest) area. The WL data of the Rupsha-Passur River for 01 July 2019 to 31 December 2024 of the 

Mongla tidal gauge station was collected from the Bangladesh Water Development Board (BWDB). As Mongla 

is the second largest seaport of Bangladesh, it is highly vulnerable to flooding, tidal surges, cyclones, etc., and it 

possesses great economic importance, which is why it has been selected as a study area. 

 
Fig. 1: Location of (a) Bangladesh; (b) Study Area with BWDB Station 

 

2.2 Kolmogorov Arnold Network (KAN) 

KAN represents a novel neural network architecture that fundamentally diverges from traditional Multi-Layer 

Perceptrons (MLPs) by replacing fixed activation functions at nodes with learnable activation functions on 

edges, parametrized as spline functions (Liu et al., 2024). Based on the Kolmogorov-Arnold representation 

theorem, KAN employs univariate spline functions as trainable parameters on each edge connection, where 

nodes perform simple summation operations rather than nonlinear transformations (Poluektov & Polar, 2025). 
This is expressed in the following equation: 

                                                                                                   (1)                                 

The theorem states that any n-dimensional continuous multivariate function   can be exactly 

represented as a finite sum of univariate outer functions  composed with sums of univariate inner functions  

. This architectural paradigm enables superior interpretability and parameter efficiency compared to 

conventional neural networks, with demonstrated effectiveness in achieving comparable accuracy using 

significantly fewer parameters while maintaining enhanced transparency through visualizable learned functions. 

2.3 Long Short-Term Memory Networks (LSTM) 

LSTM is a special type of neural network that can overcome the limitations of standard RNNs (Ratul et al., 

2025). It has memory cells and gating mechanisms - input gate, forget gate and output gate for continuous flow 

of information. It works like a smart memory system and can decide what information to store, what to forget, 

and what to use. The decisions are made via sigmoid activation function, and each gate performs a mathematical 

operation using the current input (Xt) and previous hidden state (ht-1) (Ratul & Akter, 2025). 

2.4 Big Bang Big Crunch Algorithm (BB-BC) 

One of the swarm intelligence methods, the BB-BC algorithm, was developed in 2006 by Erol and Eksin to 

address numerical optimization problems involving continuous solution spaces (Erol & Eksin 2006). The Big 

Bang-Big Crunch (BB-BC) algorithm is a novel meta-heuristic population-based algorithm that is based on the 

Big Bang and Big Crunch theory, one of the hypotheses of the universe's evolution (Al-Marashdeh et al. 2018). 

The population of candidates created at random is evenly dispersed throughout the search space during the 

stochastic Big Bang phase. The center of mass, a convergence operator, is then used to concentrate these 

candidates to a single point during the Big Crunch phase. Each candidate's new position is computed using their 
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center of mass (Fu et al. 2024). Until convergence is reached, this process is repeated. The BB-BC method has 

proven to outperform the enhanced standard genetic algorithm problems on a number of benchmark tests. 

2.5 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. 

x(t)                                                                                                                                (2) 

 

2.5 Model Evaluation 

The predictive performance of the models was evaluated using three statistical metrics: Root Mean Squared 

Error (RMSE), Mean Absolute Error (MAE), and Coefficient of Determination (R²), computed via the Pandas 

library. MAE and RMSE quantify prediction errors; lower values indicate better accuracy. R² measures 

explained variance (0 to 1) for hydrological and ML models (Ratul et al., 2025; Mollick et al., 2025). 

3 Results and Discussion 

In this study, we examined six different models: KAN, LSTM, BB-BC-KAN, BB-BC-LSTM, EMD-BB-BC-

KAN, and EMD-BB-BC-LSTM, for predicting WL at the Mongla station of the Rupsha-Passur River system. As 

mentioned above, three statistical metrics, i.e., RMSE, MAE, and R², were calculated at both training and testing 

stages. The outcomes of the study are presented in Table 1. The scatterplots of the developed models are 

illustrated in Figure 2. Among the baseline models (KAN and LSTM), the KAN model was obtained with an 

accuracy rate (R²) greater by 2% and 1.46% at the training and testing stages, respectively, compared to the 

LSTM model. Particularly, at the testing stage, the RMSE and MAE for the KAN model were reduced by 5.73% 

and 1.23%, in comparison to the LSTM model. The KAN model demonstrated enhanced performance compared 

to LSTM, attributed to its advanced ability to capture intricate, nonlinear temporal dependencies through the 

incorporation of kernel-based attention mechanisms. This improvement in generalization and reduction in 

overfitting resulted in enhanced R², RMSE, and MAE metrics at both training and testing phases. In contrast to 

LSTM, KAN demonstrates superior capability in modeling fine-grained patterns within shifting WL data. 

Table 1: Outcomes of the Statistical Metrics 

Models 

Statistical Metrics 

Training Phase Testing Phase 

R² RMSE  MAE  R² RMSE MAE 

KAN 0.918 0.100 0.072 0.901 0.115 0.080 

LSTM 0.900 0.111 0.079 0.888 0.122 0.081 

BB-BC-KAN 0.986 0.041 0.030 0.985 0.044 0.030 

BB-BC-LSTM 0.986 0.040 0.029 0.985 0.043 0.030 

EMD-BB-BC-KAN 0.993 0.028 0.022 0.990 0.035 0.025 

EMD-BB-BC-LSTM 0.993 0.028 0.021 0.992 0.032 0.024 

The highly noisy WL dataset was smoothed with the BB-BC algorithm. Similar approaches were adopted by 

several researchers in recent years (Ratul et al. 2025; Ratul et al. 2025). In comparison to the above findings for 

the baseline models, the hybrid BB-BC-LSTM and BB-BC-KAN models were observed with similar efficiency 

metrics at both training and testing stages. However, the RMSE and MAE values for the BB-BC-LSTM model 

were found to be comparatively greater than those of the BB-BC-KAN model. The BB-BC-KAN model revealed 

superior performance compared to BB-BC-LSTM, caused by KAN's enhanced capability for nonlinear function 

approximation and its effectiveness in generalizing on smoothed WL data. BB-BC optimization successfully 

adjusted KAN’s simpler architecture, whereas LSTM’s intricate temporal dependencies proved to be less 

effective after smoothing, resulting in suboptimal convergence and elevated RMSE and MAE values throughout 

both training and testing phases. 
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Figure 2: Scatterplots for (a) KAN, (b) LSTM, (c) BB-BC-KAN, (d) BB-BC-LSTM, (e) EMD-BB-BC-

KAN, and (f) EMD-BB-BC-LSTM Models 

 

The novelty of this study can be attributed to the integration of EMD-based features with the pipelines of BB-

BC-smoothed models. We extracted 12 IMFs from the EMD-based decomposition and calculated the residual. 

After that, along with the lagged features, the IMFs and residual from EMD were incorporated to better interpret 

the highly noisy WL dataset in the Mongla station. Both the EMD-enhanced models were observed with superior 

performance metrics in comparison to the baseline and BB-BC-enhanced models. Although the metrics of the 

EMD-BB-BC-KAN and EMD-BB-BC-LSTM models exhibited little difference at the training stage, the greatest 

accuracy and lowest error percentages were found for the EMD-BB-BC-LSTM model at the testing stage. The 

enhanced testing performance of the EMD-BB-BC-LSTM model can be credited to the LSTM's capacity to 

better capture temporal dependencies when it is paired with decomposed signal components (IMFs) and residuals 

derived from EMD. The EMD process effectively separates intrinsic oscillatory modes, thereby reducing noise 

and enhancing the clarity of the signal. The integration of BB-BC optimization allows LSTM to accurately 

model sequential dynamics. In contrast, KAN functions as a static approximator and does not possess the 

recurrent structure required to effectively utilize time-dependent EMD-enhanced features. The time series plots 

for the models are presented in Figure 3. When it comes to simulating intricate hydrodynamic processes, the 

suggested hybrid frameworks show significant advantages over traditional techniques like Support Vector 

Regression (SVR), Random Forest (RF), and ordinary Artificial Neural Networks (ANN). Efficient segmentation 

of nonstationary WL signals is made possible by the inclusion of EMD, and model stability and convergence are 

improved by the BB-BC optimizer through improved weight allocation and parameter modification. 

Furthermore, better nonlinear depictions of features and temporal dependency modeling are made possible with 

the addition of KAN and LSTM architectures, resulting in far improved accuracy in prediction and generalization 

capacity than conventional models. 
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Figure 3: Time Series Plots Showing Actual and Predicted WL (m MSL) for (a) KAN, (b) LSTM, (c) BB-

BC-KAN, (d) BB-BC-LSTM, (e) EMD-BB-BC-KAN, and (f) EMD-BB-BC-LSTM Models 

 

 

4 Conclusion 

This research conducted a systematic evaluation of six models—KAN, LSTM, BB-BC-KAN, BB-BC-LSTM, 

EMD-BB-BC-KAN, and EMD-BB-BC-LSTM—focused on WL prediction at Mongla station. The findings 

illustrate a progressive improvement in predictive accuracy achieved through hybridization and feature 

engineering techniques. The baseline KAN demonstrated superior performance compared to LSTM, attributed to 

its enhanced capabilities in nonlinear function approximation and the implementation of kernel-based attention 

mechanisms, which are more effective in capturing intricate temporal patterns. The implementation of the BB-

BC algorithm for data smoothing resulted in significant enhancements in model convergence and a reduction in 

errors. The BB-BC-KAN variant demonstrated superior performance compared to BB-BC-LSTM, attributed to 

its simpler architecture that facilitates optimization more effectively. The incorporation of EMD-based intrinsic 

mode functions and residuals enhanced model performance by efficiently decomposing noisy signals and 

improving feature representation. The EMD-BB-BC-LSTM model demonstrated superior accuracy during the 

testing phase by utilizing the recurrent structure of LSTM to capitalize on temporal dependencies present in 

EMD-enhanced data, along with BB-BC optimization for effective parameter tuning. The results highlight the 

effectiveness of integrating signal decomposition, smoothing techniques, and advanced deep learning methods to 

achieve precise WL forecasting in environments characterized by noise and limited data availability. 
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