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Abstract: Time series data, with its sequential dependencies presents a unique challenge for traditional machine learning
methods such as Random Forest (RF), Support Vector Machines (SVM), and Decision Trees (DT), which often struggle to
capture temporal patterns effectively. In contrast, Temporal Convolutional Networks (TCNs) have proven to be highly accurate
in addressing these challenges. This study focuses on forecasting the Remaining Useful Life (RUL) of batteries, a critical task
for applications such as electric vehicles, renewable energy, and battery management. The dataset used in this study is a battery
RUL dataset retrieved from an open-source platform Kaggle, which consists of more than 15,000 rows of time series data. The
study introduces a hybrid model that integrates TCN with Artificial Fish Swarm Algorithm (AFSA), a bio-inspired
optimization technique designed to fine-tune TCN parameters. The results show that AFSA-TCN achieves outstanding
performance with an R-squared (R?) score of 0.9992, Mean Absolute Error (MAE) of 4.8200, Root Mean Squared Error
(RMSE) of 9.0840 and Mean Absolute Percentage Error (MAPE) of 5.48%. Further comparisons with other AFSA-based
hybrid models, including AFSA-SVM, AFSA-Gated Recurrent Unit (GRU), and AFSA-Artificial Neural Network (ANN),
reveal that AFSA-TCN offers superior prediction accuracy, efficient tuning, and adaptability to the battery RUL dataset. The
results highlight the robustness and effectiveness of the AFSA-TCN hybrid model in addressing complex challenges in time
series forecasting and optimization, particularly for RUL estimation.

Keywords: Artificial fish swarm algorithm; Optimization; Remaining useful life; Temporal convolutional network; Time
series.

1. INTRODUCTION

The transition towards clean mobility solutions is a critical key in addressing global challenges related to climate change and
sustainable development. Transportation that relies on fossil fuels has contributed significantly to the formation of smog, a
harmful chemical pollutant in the atmosphere [1]. The negative effects of fossil fuels, which are non-renewable energy sources,
are increasing, prompting greater focus on developing transportation systems that minimize environmental impact while
enhancing efficiency and accessibility. The implementation of regulations and incentives to encourage citizens to adopt cleaner
transportation options has begun to prompt governments around the world to move toward smart cities [2]. Clean mobility
encompasses various technologies, including electric vehicles (EVs), renewable energy, and other innovations that promote
the use of clean energy. A study in India highlights that transitioning to EVs can significantly reduce emissions, particularly
when these vehicles are powered by sustainable energy sources [3]. An economic opportunity has emerged with innovations
in battery technology and charging infrastructure to make EVs more accessible and affordable. According to a report by the
International Energy Agency (IEA) in 2024, EV sales have surpassed 14 million units, with 70% accounted for by battery EVs
in the 2023 stock [4]. This rise indicates that EV sales surged by 14% globally, highlighting the increasing adoption of eco-
friendly transport alternatives and contributing to key global sustainability targets, including the UN’s Sustainable
Development Goals (SDGs). Nowadays, the demand for EV batteries has grown exponentially and is expected to increase by
17-fold by 2030 [5]. Additionally, the connection between clean energy and EV batteries is essential for realizing the potential
of sustainable transportation.

In the context of EVs and other battery-powered vehicles or transportation, battery RUL is the most crucial metric for
estimating the duration or number of cycles a battery can perform effectively before any replacement is required. Effectively
understanding and predicting the RUL of a battery are vital for maximizing the performance, reliability, and cost-effectiveness
of EVs. This understanding allows for proactive maintenance and better resource management to improve vehicle lifespan and
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enhance the impact of advertising on consumer satisfaction toward EVs [6]. There are several factors affecting battery RUL,
such as usage patterns like frequent deep discharge [7], temperature [8], and more. Recent studies show that higher
temperatures affect battery cells, and a greater depth of discharge leads to greater degradation of battery cells [9]. Monitoring
parameters like charge level, heating, voltage, and health enables users to prevent unexpected breakdowns, improve safety,
and optimize energy consumption which indirectly ensures better battery performance and longevity.

As people increasingly rely on battery-powered systems, the importance of accurate battery RUL prediction has become
a rapidly evolving field with various implications. There are a few challenges in battery RUL prediction, such as real-time
adaptation, where the developed model must adapt to drastically changing conditions and real-time usage patterns. Obtaining
high-quality data across various operating conditions can also be challenging when developing a suitable predictive model.
Time series plays an important role in predicting battery RUL, as it changes over the battery’s operational life, and industries
have started to adopt smarter energy management systems. It has been proven over the past decade that time series analysis is
a powerful tool that revolutionizes decision-making processes in various sectors [10].

Several methodologies are employed to estimate and predict RUL, each with unique advantages and limitations. Empirical
models use historical data, and statistical techniques are simple to implement, offering predictive insight with less complexity
but may not capture the complex interactions affecting the battery and may lack the robustness of models [11][12]. Physics-
based models simulate the physical and chemical processes that occur within the battery. These provide detailed insight but
require significant computational resources and detailed knowledge of battery chemistry. Data-driven models have gained
popularity since machine learning is able to analyze large datasets to identify patterns and predict RUL, while offering accurate
predictions that can adapt to new data. However, they require substantial data for the training process. Combining elements of
empirical, physics-based, and data-driven methods forms hybrid models, which aim to capitalize on the strengths of each
method to provide a balanced solution for RUL prediction by providing both accuracy and adaptability.

An innumerable dataset, like time series data, is suitable and fit to apply machine learning as a prediction model [13]. The
performance of machine learning improves on a specific task over time by learning from data fed, which enables the algorithms
to recognize and learn from patterns within that data [14]. However, there are a few traditional machine learning techniques
like Random Forestt (RF), Support Vector Machine (SVM), and Decision Tree (DT) that are not suitable for handling
sequential dependencies, such as time series data. Hence, TCN was introduced [15], which can handle sequential data like time
series. Integrating robust machine learning models like TCN with optimization techniques further enhances their ability to
handle complex datasets, including time series data. This synergy ensures not only improved prediction accuracy but also
efficient parameter tuning for better performance.

This combination of machine learning and optimization forms a powerful framework for addressing the limitations of
traditional approaches, enabling models like TCN to not only process sequential data effectively but also achieve optimal
performance through precise parameter tuning. Optimization is a key component for modern problem solving, which is widely
used to find the best solutions to challenges by maximizing or minimizing goals while meeting certain requirements. As
technology advances, optimization plays an important role in machine learning, supply chain, and financial planning.
Optimization also involves forecasting which helps to search for the best parameters of machine learning models to achieve
accurate prediction. In this study, optimization is used to enhance the model’s ability to set the best parameters for machine
learning techniques.

A significant limitation in existing studies is the lack of an integrated framework that effectively combines temporal
feature extraction with adaptive hyperparameter optimization. Models such as Long Short-Term Memory (LSTM), Recurrent
Neural Network (RNN), and TCN heavily rely on well-tuned hyperparameters that are manually tuned, which are
computationally expensive and challenging to find the optimal parameter combination. Although models like TCN are
potentially able to capture long-term dependencies through dilated convolution, they still depend on fixed architecture choices
which can lead to underfitting or overfitting without adaptive tuning. Predicting RUL is crucial for applications like EVs,
renewable energy storage, and battery management systems. The aim of this study is to deliver a precise and efficient prediction
of battery RUL when using a hybrid model that combines the strength of Artificial Fish Swarm Algorithm (AFSA) to optimize
the parameters of TCN [16]. The AFSA, inspired by the foraging behavior of fish, is a bio-inspired optimization algorithm
known for its strong global search capability, adaptability, and efficiency in handling complex optimization problems. By
integrating optimization techniques, the hybrid model can improve performance, solution quality, and adaptability to various
datasets.

The key contributions of this study are the development of a hybrid time series prediction model that combines the
strengths of AFSA and TCN in predicting battery RUL. The proposed framework introduces several enhancements to
predictive modeling. The key contribution of this paper is as follows:

i.  The integration of AFSA provides an automated mechanism to explore and fine-tune the parameters of TCN that
enable more robust and efficient model performance with lower computational cost. This creates a novel hybrid
architecture for time series prediction.

ii. AFSA-TCN operates as fully integrated, adaptive system where AFSA throughout the training, it continuously
refines the TCN architecture in response to real-time performance feedback. This dynamic adjustment initiates a
unified self-adaptive training process.

iii. The hybrid AFSA-TCN approach enhances the detection of both short-term and long-term trends, resulting in lower
error rates and higher reliability in critical applications like battery RUL prediction.

Compared to existing work, the application of TCN offers powerful architecture for sequence modeling and time series
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prediction, unlike classical models such as RF, SVM, and DT that require handcrafted features and struggle to capture long-
range temporal dependencies. Furthermore, integrating an external algorithm like AFSA provides a more adaptive and globally
optimized solution rather than using built-in optimizers like Adam and Stochastic Gradient Descent (SGD). These traditional
optimizers often get trapped in local minima and are sensitive to parameter settings which AFSA offers potentially better
generalization to fine-tune parameters of machine learning. Additionally, this study compares the hybrid model with other
machine learning methods to evaluate and identify the most effective approach for predicting battery RUL.

The remainder of this paper is organized as follows. Section 2 reviews the related work and provides the theoretical
background. Section 3 describes the details of the proposed hybrid model, the AFSA-TCN algorithm and datasets used in this
study. Section 4 presents the results, comparing the AFSA-TCN with other methods and discussing its effectiveness, accuracy,
and performance in predicting battery RUL. Conclusions are presented in Section 5.

2. RELATED WORK

2.1 Related Work

Time series forecasting has been a fundamental research area due to its wide-ranging applications, including financial
prediction [17], weather forecasting [ 18], energy demand estimation, and industrial process monitoring. Over the years, various
methodologies have been developed, evolving from traditional statistical models to advanced deep learning techniques. The
early methods in time series prediction mostly relied on statistical models such as in the study in [19] using Autoregressive
Integrated Moving Average (ARIMA) to predict next-day electricity prices, the Exponential Smoothing (ETS) experiment in
[20] to forecast mixed-frequency multivariate time series, and the study in [21] performing Seasonal Decomposition of Time
Series (STL) using Loess of the cells’ proportion for flood detection. These models, which presume a linear relationship are
practical for stationary and moderately complex datasets. ARIMA models are widely used in financial prediction because their
stable assumptions allow them to successfully capture trends and cyclic behavior. However, these models generally struggle
with nonlinear or high-dimensional time series data [22][23]. This limitation in the traditional statistical models for time series
analysis has driven the exploration of machine learning and deep learning models.

Machine learning models were introduced to handle the non-linear and multidimensional time series since they are
equipped with advancements in computational capabilities. Common techniques include Support Vector Regression (SVR)
[24], RF [25], and Gradient Boosting Machines (GBM). These models use feature engineering to detect temporal connections
indirectly such as in a study [26] that implements three machine learning models which are Logistic Regression (LR), RF, and
XGBoost to predict the fire risk. In another study conducted in [27], LSTM, Gated Recurrent Unit (GRU), and RNN were
adopted to forecast wind power based on time series data. Previously, in the health sector, a study in [28] achieved high
accuracy in heart disease prediction using the RF technique and excellent accuracy when implementing a simple supervised
machine learning algorithm. This demonstrated that traditional machine learning was effective in time series analysis through
feature engineering and supervised learning. However, recent advancements in machine learning have introduced specialized
architectures such as TCN which are designed for sequential data processing like time series.

An effective architecture has emerged for sequential data processing and time series prediction where TCN was
introduced, which became an alternative to Recurrent Neural Networks (RNNs) and their variants like LSTM. TCN was
broadly applied in time series forecasting and anomaly detection. Recently, a study in [29] showed an accurate prediction when
adopting TCN techniques for human drowsiness detection based on ECG analysis compared to a drowsiness detection
approach using Convolutional Neural Network (CNN) and LSTM. Similarly, the TCN algorithm gave an encouraging result
in agriculture, which is rice crop yield prediction with limited running time, as studied in [30], compared to machine learning
and deep learning models, showing TCN can outperform them. While TCN and other machine learning techniques like SVM
and LSTM have revolutionized pattern recognition and prediction tasks across various domains, their practical implementation
is often constrained by the complexity of model configuration. This includes the need for meticulous hyperparameter tuning
which is an important phase in determining model performance and a computationally demanding process.

The effectiveness of machine learning techniques like TCN, SVM, and LSTM depends heavily on the process of
hyperparameters optimization which is often complex and time-consuming [30][31]. Their architecture requires careful human
oversight in setting up crucial parameters that can significantly impact their learning capability and performance. For example,
TCN involves unique architecture features that extend beyond basic parameter adjustment, such as the use of dilated
convolutions, causal padding, and residual connections which require careful design and configuration [32]. On the other
hand, SVM requires setting parameters like the kernel type and margin to help map data into higher dimensions where patterns
become easier to separate [33]. Traditionally, the parameters were adjusted through trial and error, which takes computing
time and power. These challenges necessitate the use of optimization techniques that are able to automate the parameter tuning
and maximize model performance.

Optimization was initially developed to solve problems in fields like economics, engineering, and operations research,
where the importance of finding an efficient solution to complex problems is well recognized. In the context of machine
learning, optimization focuses on adjusting model parameters to minimize errors and improve predictive accuracy since model
performance depends on these parameters. There are a few techniques in optimization, such as Gradient Descent (GD)
introduced by the study in [34], with its variants like Stochastic Gradient Descent (SGD) and Mini-Batch Gradient Descent.
The inspiration from natural processes like Genetic Algorithms [35], Particle Swarm Optimization (PSO) [36], Ant Colony
Optimization [37], and Differential Evolution (DE) [38] has been used in machine learning as evolutionary algorithms that
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simulate processes like evolution or swarm behavior to explore the solution space. As a result, various optimization algorithms
have been proposed to support machine learning models in achieving better performance through efficient parameter tuning
which has led to the development of hybrid model approaches that apply optimization techniques tailored for machine learning
tasks.

Recently, many studies have explored a hybrid approach that combines optimization strategies with machine learning. For
instance, a study conducted in 2023 [39] showed that the accuracy of SVM gradually increases when combining an optimizer
using PSO and a modified PSO algorithm. Another hybrid model, PSO-SVM, was also studied in [39] to predict the RUL of
aircraft engines. Meanwhile, a study conducted in [40] demonstrated a few optimization techniques with Extreme Learning
Machine (ELM) to predict goat milk purity. The study compares the optimization used, which are Genetic Algorithm (GA),
PSO, AFSA, and Improved Artificial Fish Swarm Algorithm (IAFSA), showing that the hybrid models AFSA-ELM and
IAFSA-ELM achieved the best results. These two optimizations present a quick and accurate way to identify the optimal
combination for the ELM parameters. The effectiveness of using AFSA as an optimization algorithm in the hybrid model is
also presented in [41], [42], and [43].

In this study, a hybrid model combining optimization and machine learning approaches was used for predicting time series
data, which is the battery RUL dataset. The optimization method used in this study is AFSA, which focuses on adjusting model
parameters to minimize errors and improve predictive accuracy. The forecasting model highlighted in this study is TCN due
to its ability to forecast time series data compared to traditional recurrent models like LSTM and GRU. Other benchmarking
machine learning techniques also combined with AFSA were conducted to compare with TCN. Hence, the AFSA-TCN model
was developed to predict a time series dataset which is the battery RUL.

2.2 Temporal Convolutional Network

As a significant advancement in sequence modeling, the TCN was introduced by a researcher [16] and later refined [32], which
was originally built on principles from CNNs to handle sequential data. TCN can provide an effective alternative to RNNs and
their variants. In RNNs, they process sequences step-by-step and rely on retaining information from previous steps which is
prone to losing information over long sequences.

The architecture of TCN is derived from the standard convolutional network principles: causal convolutions and dilated
convolutions. Causal convolutions are incorporated in TCN to ensure that the network can only utilize information from present
and past inputs, preserving the causal structure of time-dependent data and preventing data leakage from the future. Dilated
convolutions, where gaps between kernel elements effectively expand their receptive field exponentially with depth without
increasing the number of layers. This architecture allows TCN to adequately capture long-term dependencies within fewer
layers.

The structure of TCN consists of several components which are causal convolutions and dilated convolutions that work
together, allowing TCN to handle sequential data efficiently. Figure 1 illustrates the TCN architecture built for time-series
forecasting which consists of an encoder-decoder. In the encoder process, input sequences are analyzed using layered
convolutional layers with increasing dilation factors, allowing the network to efficiently capture temporal dependencies across
various time scales. In the model, dilated convolutions allow the receptive field to grow exponentially while maintaining
computational efficiency. The last encoder output, h;, represents a condensed summary of the sequence until time ¢. The
decoder employs this to generate predictions for future time steps. The algorithm incorporates ResNet to refine h, and a dense
layer to convert it into expected outputs, including the next step value (V;,,) and an optional multi-step forecast (J;.,q).

The TCN structure ensures causality, with prediction at any time step depending only on current and historical data. This
model successfully simulates long-term dependencies in time-series data using dilated convolutions, residual connections, and
parallel processing. These architectural features make TCN particularly suitable for applications such as forecasting RUL,
State of Change (SOC), and State of Health (SOH).

Encoder dense
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Output
Dilation=4

Decoder
— ecoder
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Figure 1. TCN structure diagram [16].
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Figure 2. AFSA structure diagram [44].

2.3 Artificial Fish Swarm Algorithm

The AFSA is a population-based optimization algorithm that was inspired by swarming, clustering, and foraging behaviors
that fish naturally exhibit. The objective of the algorithm is to identify an optimal solution by simulating natural interactions,
and each fish in the search space represents a possible solution. Three primary behaviors, namely prey, swarming, and
following, were incorporated into the algorithm. In prey behavior, fish move randomly within their visual range toward areas
with higher food concentration, which correlates to better fitness values in the objective function. Fish that engage in swarming
behavior use the collective intelligence of the swarm to move toward the center of the group if the average fitness of the group
is better than their current position. Meanwhile, fish can efficiently take advantage of potential solutions in following behavior
by allowing fish to approach a neighbor with the highest fitness within their visual range. Fish move randomly to keep the
search space diverse if there is no better option. These behaviors are controlled by parameters such as visual range, step size,
and crowding factors to balance exploration and exploitation [45].

The AFSA refers to the candidate solution as an Artificial Fish (AF). The structure of AF and its surroundings is illustrated
as shown in Figure 2. Each AF denoted by X = (xq, x,, ..., X4), exists in a d-dimensional continuous space. The Step (s)
parameter limits the maximum Euclidean distance an AF can travel within a single iteration. Meanwhile, the Visual (v)
parameter determines the maximum vision range (Euclidean distance). A position inside this range is referred to as ¥,,. In
addition, X, ;, where i as a neighbor of the n-th AF within the range of view of the i-th AF, means that the Euclidean distance
between them is less than v. Each AF searches within hypersphere centered at its position, with a radius equal to v. AF move
one step toward it when they identify a better position that has a better fitness value within the hypersphere.

The AFSA algorithm begins by randomly initializing the population of n Artificial Fish within the search space. These
AFs explore their environment using three primary behaviors which are preying, swarming, and following. The bulletin board
is used by the algorithm to store the best solution discovered so far. The AF with the highest fitness value is compared to the
recorded best solution when the iteration reaches the end. The bulletin board is updated accordingly when the new position
outperforms the current best fitness. The iteration continues until the predefined termination condition is satisfied.

3. METHODOLOGY

This study aims to highlight the ability of integrating AFSA with TCN. The AFSA algorithm is selected for the main
optimization due to its advantages in handling complex problems, making it highly effective in hybrid model approaches [44].
The key strength of AFSA is its fast convergence which enables it to find an optimal solution quickly. Additionally, AFSA is
insensitive to initial parameter settings, as it does not require precise tuning to achieve the best performance and it has strong
error tolerance to escape local optima and find a better solution [46]. Recent studies have shown that AFSA-based optimization
combining self-organizing neural networks has delivered superior accuracy in cloud resource management compared to an
approach using the PSO algorithm [47]. AFSA is also widely used for feature selection and parameter tuning which presents
superior performance [48][49]. Hence, this study experiments on AFSA-TCN as a compelling choice over other AFSA-based
hybrid models for time-series applications and machine learning integration.

3.1 Data Collection

The dataset used in this study was the battery RUL dataset, which captures the performance and degradation characteristics of
the battery over its charge and discharge cycles to predict the RUL. Table 1 shows the sample of the battery RUL dataset
retrieved from the Kaggle website [50]. This dataset consists of Cycle Index, Discharge Time (s), Decrement 3.6-3.4 V (s),
Maximum Voltage Discharge (V), Minimum Voltage Charge (V), Time at 4.15 V (s), Time Constant Current (s), Charging
Time (s) and Remaining Useful Life (RUL). The Cycle Index represents the specific cycle operation, with each row detailing
data for one cycle. The Discharge Time (s) estimate the duration of the battery sustaining a discharge, which decreases with
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aging and indicates capacity loss. The Decrement 3.6-3.4 V reflects the time for the voltage to drop between 3.6-3.4 V,
highlighting the rate of degradation as the battery ages. Meanwhile, the Maximum Voltage Discharge and Minimum Voltage
Charge indicate the maximum voltage during discharge and minimum voltage during charging. Both will degrade due to
internal resistance and chemical wear. The time at 4.15 V is the duration of the battery maintains a voltage of 4.15 V during
charging, while Time Constant Current captures the constant current phase’s duration, both of which shift as the battery
deteriorates. The Charging Time represents the estimated time required to recharge. It will constantly increase as the battery
ages and becomes less efficient. Lastly, RUL quantifies the predicted remaining cycle before it reaches the end of life. This
dataset is important for training and testing a hybrid model for this study which is AFSA combined with TCN. The AFSA
optimization will be used to optimize the parameters used in TCN to predict the RUL value.

Table 1. Sample of battery RUL dataset.

Cycle_Index | Discharge | Decrement Max. Min. Time at Time Charging | RUL
Time (s) 3.6-34V Voltage Voltage 415V Constant Time (s)
(s) Discharge, Charge, (s) Current (s)
M M
11 435251.5 263086.1 4.267 3.086 269.984 443700 443700 | 1102
12 3228.58 1135.349 3.689 3.485 5033.076 5969.89 5969.89 | 1101
13 6019.9 1058.28 4.045 3.475 5053.843 5980.77 5980.77 | 1100
14 6026.59 1049.488 4.047 3.477 5046.43 5966.82 5966.82 | 1099
15 6008.07 1065.372 4.045 3.48 5033.076 5954.47 5954.47 | 1098
16 423271.4 168773.3 4.27 3.108 219924 430028.8 430028.8 | 1097
17 2261.34 883.2 4.038 3.901 1949.664 2922.69 6070.11 | 1096
18 2259.46 883.199 4.042 3.373 5181.377 6161.38 931098 | 1095
19 2256.61 878.4 4.042 3.374 5181.375 6154.37 9296.64 | 1094
20 2252.83 873.601 4.043 3.374 5174.334 6147.33 9243.58 | 1093

3.2 Data Pre-processing

Before training and testing the AFSA-TCN model, the RUL datasets must undergo pre-processing to ensure optimal
performance during learning. In this study, the raw dataset is scaled by applying Min-Max normalization to transform the
numerical features into a consistent range of (0, 1). Normalization is important in predictive modelling to prevent any single
feature with a larger value from dominating the learning process, which leads the model to overemphasize its importance
regardless of their actual predictive power. Without normalization, the optimization process becomes inefficient and unstable,
resulting in longer training times. The Min-Max normalization formula is expressed in Equation (1):

X; — min(x)

Z; = 1

T max(x) — min(x)

where X;is the i-th original value in the dataset, min(x) is the minimum value of the feature in the dataset, and max(x) is the
maximum value of the feature in the dataset. The result, Z; is the normalized value of each feature that is scaled to fall within
the 0 to 1 range. The sample of normalized data from Table 1 is presented in Table 2.

Table 2. Min-max normalization of battery RUL dataset.

Cycle_Index | Discharge | Decrement | Max. Voltage | Min. Voltage | Time at Time Charging | RUL
Time (s) 3.6-3.4V | Discharge, (V) | Charge, (V) | 4.15V Constant | Time (s)
(%) (s) | Current (s)
0.0088 0.4542 0.8215 0.9273 0.0472 0.0016 0.5038 0.5038 |0.9726
0.0097 0.0034 0.4958 0.4894 0.3412 0.0210 0.0068 0.0068 |0.9718
0.0106 0.0063 0.4957 0.7591 0.3339 0.0211 0.0068 0.0068 |0.9709
0.0115 0.0063 0.4957 0.7606 0.3353 0.0210 0.0068 0.0068 |0.9700
0.0124 0.0063 0.4957 0.7591 0.3375 0.0210 0.0068 0.0068 |0.9691
0.0132 0.4417 0.7042 0.9295 0.0634 0.8973 0.4883 0.4883 |0.9682
0.0141 0.0024 0.4955 0.7538 0.6478 0.0084 0.0033 0.0069 |0.9673
0.0150 0.0023 0.4955 0.7568 0.2587 0.0216 0.0070 0.0106 | 0.9665
0.0159 0.0023 0.4955 0.7568 0.2594 0.0216 0.0070 0.0106 |0.9656
0.0168 0.0023 0.4955 0.7576 0.2594 0.0216 0.0070 0.0105 | 0.9647
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Figure 3. Flowchart of AFSA-TCN.

3.3 Training and testing

The battery RUL dataset shall be divided into a training and testing subset after the features and target are set to evaluate the
model’s generalization capability. A split ratio of 80% from the dataset used for training, where the model learns the underlying
pattern and relationship of the dataset, and 20% is used for testing purposes to assess the model’s performance. This division
helps the model learn from a substantial portion of the dataset while reserving a separate subset for unbiased performance
assessment.

3.4 Hybrid Model - AFSA-TCN

Figure 3 shows the flowchart of the AFSA-TCN model. The flowchart starts with the battery RUL dataset being loaded and
read, which serves as the input data. This dataset contains important information about battery RUL, with a sample shown in
Table 1. Once the dataset is loaded, the data will undergo normalization using MinMaxScaler to ensure features are scaled
uniformly from 0 to 1. This step is important to eliminate bias and prevent any data from being dominated in the learning
process due to scale differences. After normalization, the features and target are defined, where the is target is RUL and the
rest are the features. Next, the dataset is split into training and testing sets, with 80% and 20%, respectively. The AFSA
structure is built, which performs the optimization process to search for the best hyperparameters. The AFSA operates by
initializing a population of artificial fish, each representing a candidate solution. The algorithm iteratively evaluates the fitness
of each solution, then updates the position of artificial fish based on their movement (prey, swarm, following) and produces
an optimal set of hyperparameter output. The output of AFSA, which is hyperparameters including filters, kernel size,
dilation rate, learning _rate, and batch size. After optimal parameters were determined, the TCN structure was built using
these parameters. Then, TCN is trained using the training dataset. The performance of the TCN model is evaluated using MAE
and R-Square (R?). The trained AFSA-TCN produces output, which is accuracy and errors in prediction. In this study, the R?
and MAE metric are used to evaluate and analyze the result in the last step. The effectiveness of the AFSA-TCN framework
for battery RUL prediction is compared with other machine learning algorithms. The process concludes with optimized
parameters and model performance which can be used for further analysis. This comprehensive approach ensures that the
model is well-tuned and capable of making accurate predictions, highlighting the effectiveness of the hybrid model AFSA and
TCN.

3.5 Implementation

The implementation of the hybrid model AFSA-TCN was developed in Python, focusing on predicting the battery RUL using
TCN after being optimized by AFSA. The related libraries for machine learning and deep learning tasks were imported. The
libraries used are TensorFlow and Keras for neural network implementation, scikit-learn for data preprocessing and evaluation
metrics, Pandas for handling the dataset, and lastly, Numpy for numerical operations. Firstly, after all libraries were imported,
the dataset which is the battery RUL was loaded and preprocessed using MinMaxScaler to scale all data in the range between
0 and 1, ensuring that the model can be analyzed efficiently during training.

Once the data was scaled, the features (X) and target (y) are separated. The features are reshaped into a 3-dimensional
format (samples, timesteps, features) to comply with the input format required by the TCN model. Next, the data was split into
training and testing sets with a ratio of 80:20, respectively. The TCN model is defined as the build tcn_model function using
the Sequential API from Keras. The model consists of a TCN layer as the primary component, which is configured with
hyperparameters such as the number of filters, kernel size, learning rate, and dilation rate. The TCN layer also uses causal
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convolutions as padding to preserve the order of the input data and dilated convolutions to expand the receptive field. In the
Dense layer that is also included in TCN, the model includes two Dense layers with 64 and 32 neurons. The final Dense layer,
which the third output the single prediction value. This model was then compiled using the Adam optimizer with custom
learning and MAE as the loss function.

Before training the TCN model with hyperparameters, the model employs AFSA techniques to search for the best
parameters. The AFSA class will iteratively evaluate the fitness of each fish using the objective function. Within this function,
a TCN model is built with the candidate hyperparameters, trained on the training dataset, and evaluated on the validation set
using MAE. The fish with the best performance is selected and the population is updated with their position based on random
movement within a defined search space. This process sets a maximum of 20 iterations until the best hyperparameters are
found. After finishing the AFSA iterations, the best hyperparameters were used to train the TCN model using the training data.
EarlyStopping is also used to monitor the validation loss and prevent overfitting by halting the process when the performance
is not improving. Lastly, the final trained model is evaluated using the test dataset to compute the test loss and test MAE. The
predictions are generated by the model, and the result is compared to the actual target values. The prediction was evaluated
using the R? score, MAE, RMSE, and MAPE which are calculated to measure the accuracy and errors.

3.6 Performance Evaluation Metric

Metrics like MAE, RMSE, and R? are widely used to evaluate the accuracy and quality of predictive models. In this study,
MAE, RMSE, and R? were used to evaluate the battery RUL prediction. All metrics serve different purposes and provide
valuable insights into the performance of a model.

3.6.1 Mean Absolute Error (MAE)

MAE measures the average magnitude of the absolute differences between the predicted values and the actual values. The
formula for MAE is shown in Equation (2):

n
1
MAE = = 1y - 9| @
i=1

where n is the number of observations, yirepresents the RUL actual value of the i-th observation, and i is the RUL predicted
value of the i-th observation.

3.6.2 Root Mean Squared Error (RMSE)

RMSE [51] is a performance metric that calculates the square root of the mean squared deviation between predicted and
observed values. Due to the b squaring of differences, RMSE penalizes larger errors than MAE which making it more
responsive to outliers. The formula for RMSE is shown in Equation (3):

n
1
RMSE = |2 (i = 92 3)
i=1

3.6.3 Mean Absolute Percentage Error (MAPE)

MAPE is a common and popular metric used to evaluate the accuracy of predictive models, especially in time series prediction.

MAPE calculates the average percentage error between the predicted RUL and the actual RUL value. The formula for MAPE

is expressed in Equation (4):

1 D
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3.6.4 R-squared (R°)

On the other hand, R? is known as the coefficient of determination, which quantifies the extent to which variance in the target
variable is predictable from the independent variables. The range is from 0 to 1, where a value closer to 1 indicates that the
model explains most of the variance in the data. The formula for R? as in Equation (5):

T — 9)°
RZ=1-=2"4b 72 5
iy — }_’i)z ©)

where y;is the mean of all actual value. The sum which known Y;(y; — 37i)2 is the numerator of Residual Sum of Squares
(RSS) and Y;(y; — yi)z is the denominator of Total Sum of Squares (TSS).
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Before evaluating the prediction models using MAE, RMSE, MAPE, and R? it is important to ensure the data is
denormalized to the original scale if normalization was applied during pre-processing. In this study, the dataset was normalized
using Min-Max normalization, which scales the data to a range 0 to 1, and it was transformed back to its original value to
ensure meaningful and comparable results.

3.7 Benchmarking Techniques

There are a few benchmarking machine learning techniques to compare with AFSA-TCN, which include SVM, GRU, and
ANN. The SVM is a supervised machine learning algorithm that is mostly used to perform classification and regression
problems. The core of SVM is to find the ideal hyperplane that best separates data points from distinct classes in a high-
dimensional environment. In classification problems, this hyperplane serves as the decision border between classes, where it
maximizes the nearest data points called support vectors. In non-linear data, SVM uses kernel functions to transform non-
linear data into a higher-dimensional space that allows for linear separation. SVM is robust to overfitting, particularly in high-
dimensional datasets, but it may require careful tuning of parameters like kernel type, regularization term, and kernel-specific
parameters. In time series prediction, SVM is mostly used as a regression model to predict the future value of time series within
a specified margin of error while minimizing the deviation for data points outside this margin.

The GRU is a type of RNN architecture. It was designed to address the limitations of standard RNNs, which are the
difficulty in learning long-term dependencies in sequential data. GRU is also designed to handle problems like the vanishing
gradient during backpropagation, like LSTMs. In contrast, GRU is considered simpler in design and computationally more
efficient than LSTM. This is achieved by using two key gates, the update gate, and the reset gate, which are necessary
components of the system. The update gate decides how much past information to carry forward to the current state and the
reset gate decides how much of the previous state to forget. This capability makes GRU effective in modeling temporal
relationships, seasonality, and trends in time series data by learning from historical data.

The ANN is inspired by the structure and functioning of the human brain, which in computational ANN algorithms
consists of interconnected layers of neurons that process and transmit information. In an ANN layer, it typically includes an
input layer that receives data, one or more hidden layers where the computation happens, and the final output layer that
produces the predictions. Each connection between neurons has an associated weight that is adjusted during training to
minimize the error between predicted and actual output. The training process involves forward propagation and
backpropagation, where the input is passed through the network and errors are propagated backward to update the weights.
ANN requires a large amount of data and computational resources, but it is highly versatile and can approximate complex
functions. ANN can be effective for time series tasks or when combined with other techniques like feature engineering and
data normalization to avoid overfitting during training.

4. RESULT AND DISCUSSIONS

This section presents the performance evaluation of the proposed hybrid AFSA-TCN model for RUL estimation, alongside a
comparison with alternative models: AFSA-SVM, AFSA-GRU, and AFSA-ANN. Table 3 outlines the AFSA parameter
settings, including population size.

Table 3. AFSA hyperparameter settings.

Hyperparameter Description Value/Option
population size, n Number of artificial fish in the swarm represents a candidate solution in 10
problem space.
Dimension of the The number of variables or dimensions of optimization problem. 5
problem, dim
Maximum iteration The maximum number of iterations the algorithm runs before termination 20
Visual Distance, visual | The maximum distance within which a fish can perceive other fish or food. 0.2
(Local search radius)
Step size, step The maximum distance a fish can move in one step. 0.01
Crowd Factor The maximum acceptable density of fish in a given area. Prevent 1
overcrowding and balance the exploration and exploitation.
Table 4. Performance of hybrid model using AFSA.
Mean Absolute Mean Absolute Root Mean
Model Error (MAE) R-square (R?) Percentage Error (MAPE) Squared Error
(RMSE)
AFSA-SVM 10.1242 0.9988 7.96 11.3705
AFSA-GRU 10.8389 0.9973 13.60 16.7051
AFSA-ANN 5.0720 0.9954 5.44 21.8022
AFSA-TCN 4.8200 0.9992 5.48 9.0840
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The integration of AFSA to optimize the parameters of the four models further enhances their performance, as shown in
Table 4, highlighting the effectiveness of the hybrid machine learning model with optimization techniques. The AFSA-SVM
shows a good fit to the data by achieving a high R? score of 0.9988. However, its MAE (10.1242) and MAPE (7.96%) were
relatively high, and the RMSE (11.3705) was moderate. The AFSA-SVM model is a non-temporal model that lacks an intrinsic
mechanism to model time dependencies, which explains its limitation in handling the sequential nature of battery RUL data.
Despite optimization using AFSA, the SVM model appears better suited for datasets with less temporal complexity.

Next, the AFSA-GRU model which uses gated recurrent units to capture temporal sequences, achieved an R? of 0.9973,
indicating a strong alignment with the actual RUL values. However, AFSA-GRU recorded the highest errors with an MAE of
10.8389, RMSE of 16.7051, and MAPE of 13.60%. These values suggest that while GRU captures the general RUL trends, it
suffers from inconsistencies in precise prediction due to the GRU’s sequential processing nature, which may not match the
parallel and hierarchical structure compared to convolutional models

The AFSA-ANN presents mixed results with its R? score of 0.9954, the lowest among the four models. Despite that, it
performed competitively in error values, especially achieving the lowest MAPE of 5.44%, which was closely followed by
TCN. This suggests that AFSA-ANN provides a consistent prediction of RUL. The RMSE for this model was the highest with
21.8022, indicating a higher susceptibility to large prediction errors, which is possibly due to overfitting or a lack of temporal
context.

In contrast, the AFSA-TCN shows superior overall performance with an R? score of 0.9992, which closely follows the
actual RUL distribution, reflecting high predictive performance. This model also achieved the lowest error values with MAE
of 4.8200, RMSE of 9.0840, and MAPE of 5.48% which indicate that AFSA-TCN offers a strong model fit and excels in
minimizing both average and extreme prediction errors.

The graph shown in Figure 4 depicts the training and validation performance of the AFSA-GRU model. In the loss graph,
the training and validation loss decrease significantly during the initial epochs and stabilize later which the model effectively
learns from the data and shows good generalization. While in the MAE graph, both training and validation MAE decrease
rapidly and remain low and stable, confirming the GRU’s ability to perform consistently on both training and unseen data.
Figure 5 illustrates the training and validation performance of the AFSA-ANN model. The loss graph steadily declines in
training and validation losses, which gradually stabilize over time, showing the model generalized well and does not suffer
from overfitting, while the MAE graph shows the lines are almost identical after early epochs, which suggests high consistency
and reliable learning.

The graph in Figure 6 highlights the performance of the AFSA-TCN model, which outperforms the other models in
training efficiency and generalization without overfitting. The training loss decreases sharply and stabilizes quickly while the
validation loss closely follows the training loss, showing minimal signs of overfitting and good generalization. In the MAE
graph, both training and validation MAE show a consistent downward trend, with the gap being small, confirming the model
maintains high accuracy on unseen data. In comparison, the AFSA-TCN model shows the best performance with minimal
overfitting and low loss and MAE values. These results suggest the AFSA-TCN model is well-optimized, accurate, and reliable
for battery RUL prediction.
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Figure 4. AFSA-GRU training and validation for loss and MAE.
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Figure 5. AFSA-ANN training and validation for loss and MAE.
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Figure 6. AFSA-TCN training and validation for loss and MAE.
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Figure 7. AFSA-SVM comparison of actual and prediction.  Figure 8. AFSA-GRU comparison of actual and prediction.

Figures 7, 8, 9 and 10 illustrate the comparison of actual values with predicted value in all models. The actual values are
presented by the blue dots and predicted values in red. In AFSA-SVM, the close alignment between the actual and predicted
values demonstrates that the model can replicate the observed data patterns, where predictions might slightly differ from actual
values. In AFSA-GRU, the model shows strong alignment between actual and predicted values with minimal noticeable
deviations, which indicates the model performs well in capturing the underlying trends of data and making accurate predictions.
The prediction in AFSA-ANN demonstrates better performance, although it might struggle in capturing patterns that lead to
less precise prediction compared to AFSA-GRU. Finally, the AFSA-TCN model shows the consistent overlap of actual and
predicted values. This demonstrates that the AFSA-TCN hybrid model is the most accurate in predicting values compared to
other models, which shows that the model has a strong ability to capture both short-term and long-term dependencies within
the data.
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Figure 9. AFSA-ANN comparison of actual and prediction. Figure 10. AFSA-TCN comparison of actual and
prediction.

AFSA-TCN presents an outstanding performance in prediction since TCN is a specialized architecture for handling
temporal data, where it uses dilated causal convolution that enables the model to have a large receptive field while maintaining
temporal causality and to learn the temporal patterns over long sequences more efficiently. When applying the battery RUL
dataset, the TCN model identifies the subtle signs of degradation throughout the long charge-discharge cycle. Its strength in
modelling long-term dependencies makes it highly effective for RUL prediction, where the early detection of capacity loss and
aging behavior is crucial.

5. CONCLUSIONS

The result of this study demonstrates that the AFSA-TCN model successfully outperforms other models, proving it to be the
most effective approach for time-series prediction using battery RUL datasets. The AFSA-TCN model demonstrates its
robustness and precision in handling the temporal and sequential nature of the dataset. The consistent performance in
evaluation metrics proves the ability to accurately model complex relationships and trends over time. As the primary focus of
this study, the AFSA-TCN achieves the aim of this study by proving its effectiveness as a reliable and accurate predictive tool,
surpassing others. This achievement highlights the strength of integrating the AFSA optimization algorithm with TCN
techniques for temporal data modelling and positions the AFSA-TCN as a promising solution for predictive tasks.

Despite the strong performance achieved by the AFSA-TCN model, its effectiveness is only validated on the battery RUL
dataset, which may limit its generalizability. Therefore, the generalizability of AFSA-TCN to other time-series datasets
remains uncertain without empirical validation across diverse domains and conditions. Furthermore, the current
implementation of AFSA-TCN relies on a predefined set of hyperparameters and does not include sensitivity analysis
conducted. For example, AFSA hyperparameters like population size or step factor can directly impact the efficiency and
effectiveness of the optimization process. This may limit the model’s ability to reach its full predictive potential across different
datasets.

In future work, the application of the AFSA-TCN model can be extended to other domains involving complex time-series
datasets, such as healthcare, financial forecasting, and industrial monitoring. This would help to assess the model’s adaptability
and robustness in diverse environments. In addition, further studies could also explore integrating an alternative hybrid
metaheuristic algorithm for optimizing additional hyperparameters to enhance its predictive capabilities. Exploring the
integration of attention mechanisms or interpretable layers may also help in making the model more transparent and
explainable.
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