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A B S T R A C T 

Machine learning modeling require for a large amount of training data. Where more training data example results 

more robust models, but it is not training data can be available in suitable quantity. Also, in some situations, the 

quality of data that have rich information is leak. So to deal with these problem, augmentation is one of important 

and common solutions. Augmentation is a method for creating new artificial examples from the available data 

examples and added to data set. According to its importance, different methods have been proposed to perform 

augmentation. There methods vary according to the data types. Time series is one of data types that require more 

for augmentation because this type of data is not available in the suitable quantity or quality. Different time series 

data augmentation methods have been suggested, from traditional methods that use statistics tool, until the 

methods based deep learning. This paper would be present a review of these methods.   

 

MSC.. 
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1. Introduction  

Data augmentation is an augmentation procedure that seeks to create novel artificial information based on the 
existing information so as to enhance the performance of a machine learning model by augmenting the size of the 
information or diversifying its patterns. 

Augmentation  has become an essential technique in machine learning, particularly in states where the availability 
of high-quality data is limited. In many real-world applications, collecting large-scale and well-balanced datasets is 
challenging due to factors such as cost, privacy constraints, or the rarity of certain events. As a result, models trained 
on insufficient data often suffer from overfitting and poor generalization when applied to unseen samples. In the 
majority of cases, augmentation is applied to expand the size of the samples utilized in training, i.e., the size of the 
dataset grows after the augmentation process, which aids the models to observe more examples and prevent the 
overfitting issue, which appears due to the insufficiency of samples [1], [2]. Nonetheless, this is not the only aim of 
the goal, because many of the modern approaches target augmentation by increasing the diversity of temporal 
patterns, by adding variation in the form, frequency spectrum, or the order of events, thus providing the model with 
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a greater generalization capacity [3], [4]. It is important to note that data augmentation is not only concerned with 

increasing the number of training samples, but also with enhancing the diversity of temporal patterns [4] .Traditional 

techniques such as jittering and scaling mainly apply simple transformations, which may enlarge the dataset but often fail 

to capture the complex dynamics of time series data [3].To overcome these limitations, more advanced technique developed 

deep learning approaches, particularly Generative Adversarial Networks (GANs), which are capable of learning data 

distributions and generating more realistic and diverse samples [5]. Conditional variants further improve this process by 

guiding generation using additional information such as class labels [6].However, the quality of generated data remains a 

critical challenge. In this context, clustering techniques provide an effective solution by grouping similar patterns and 

enabling the selection of more representative and consistent samples [7]. This allows augmentation to be applied within 

more homogeneous subsets of the data, improving both the diversity and reliability of the generated samples. In addition, 

transformation-based methods that preserve temporal structure while introducing controlled variations further support this 

objective [8]. Overall, combining augmentation with clustering leads to better data quality and improved generalization, as 

it balances diversity with structural consistency in time series data [9]. 

In general, the benefits of augmentation can be summarized in three main areas: Increasing data size and improving training 

stability[10].Expanding the time mode space and enhancing the generalizability of models [11].Improving model 

performance and accuracy, especially in cases of scarce or unbalanced data[12]. 

The processing time series data and augmentation methods in the literature of research are categorized into three broad 

groups. The first one is the traditional methods that are based on the straightforward signal manipulations, i.e. cropping, 

rearranging, or noise addition. These are simple techniques which can be implemented and used without any learning 

models and which usually do not ruin the exact temporal structure of the series. The second type is comprised of the 

Machine Learning techniques which are based on models that can analyze a temporal pattern using algorithms like SVM 

or random forests. They have the advantage of augmented data but are restricted in the situation of the complex distribution 

changes. The third category is Deep Learning techniques, which are based on more sophisticated models, including 

generative networks and spectral transformation-based techniques, to create new more diverse and realistic data. Of these 

contemporary approaches, the STAug approach has been regarded as one of the most salient deep learning based 

approaches, where both time and frequency augmentation are used to preserve time coherence and enhance diversity[13]. 

The approach is based on the analysis of the series with the help of Empirical Mode Decomposition in order to create sub-

components that are recombinable with random weights, and the linear mixing of the series is performed to obtain new data 

. The approach has demonstrated the capability of enhancing the performance of prediction models through the development 

of more varied samples without compromising the dynamics of the original signal as indicated in one study[14]. 

2.Method and Material  

2.1.Time Series Data 
Time series data can be described as an observation or a collection of observations or values that are measured in time 

series, where every new item is related to or directly or indirectly affected by the previous item[15]. This information is not 

just defined by the value, but also by the time-varying pattern by which the signal varies, e.g. long-term patterns, seasonality, 

variations, and short- or long-term cycles. Time series data have a wide variety of applications, such as industrial systems, 

consumption prediction, sensor systems, medical care, and financial markets [5], [16], [17].  

 

 

 
 

Figure (1) :Time Series Data. 
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The above figure is an illustration of time series data in which the points that are recorded indicate variations in temperature 

across consecutive times in the day. The chart shows that the values fluctuate at one point to the next, and this fact shows 

that time series are dynamic because one value is dependent on the temporal context. Such data is normally utilized to 

estimate trends, identify abnormal changes or understand thermal behavior during a given time. Other studies have 

highlighted the complex time nature of such data, which implies that time series involve both long and short term trends, 

seasonality and dynamic changes that are complex, and must be taken into consideration when developing models 

[14].Many studies have also indicated that such data has characteristics of both time and frequency and their analysis is 

associated with the existence of trends, seasonality and complex dynamic changes that should be taken into consideration 

when developing models [14]. Time series studies have also demonstrated that time series capture the full structure of the 

system, and must be modeled in a way that comprehends the correlations of the signal and its constituents[12], [18]. 

2.2.Augmentation  

Data augmentation is considered one of the most effective techniques for improving the quality and quantity of training 

data, especially in scenarios where data are limited or imbalanced. The main idea is to generate new samples from existing 

data while preserving their essential characteristics, which helps improve model robustness and reduce overfitting[13]. In 

time series applications, augmentation techniques aim to introduce controlled variations into the data without destroying 

the temporal structure. Traditional approaches apply simple transformations such as adding noise, scaling, time warping, 

or rearranging segments of the signal. These methods increase data diversity and allow models to learn more flexible 

representations of temporal patterns [10]. More advanced approaches rely on deep generative models, such as Generative 

Adversarial Networks (GANs) and diffusion-based models, to generate synthetic time series data that closely resemble real 

observations. These models are capable of learning complex data distributions and producing realistic variations while 

maintaining statistical properties of the original data [18]. Furthermore, augmentation can also be used to address class 

imbalance by generating additional samples for minority classes. This helps models better distinguish between different 

patterns and improves classification performance. Several studies have reported that the use of augmentation can lead to 

performance improvements ranging from 10% to 30%, depending on the dataset and application [19] In addition, 

augmentation enhances the ability of models to handle noise and dynamic changes in real-world environments. By exposing 

models to more diverse states during training, it becomes possible to build systems that are more robust and adaptable to 

variations in time series data [20].  

 2.3. Time Series Data Augmentation  

Time series data augmentation has become a key component in many applications such as forecasting, classification, and 

anomaly detection. The main objective of these techniques is to generate new samples that follow the same distribution as 

the original data while preserving their temporal characteristics[21]. Previous studies have shown that augmentation plays 

an important role in reducing overfitting and improving model generalization, particularly in applications that require high 

precision, such as medical diagnosis and industrial monitoring systems. For example, simple augmentation methods such 

as cutout, mixup, and window warping have been shown to improve the performance of deep learning models by up to 1%–

45% on datasets from the UEA archive [22]. , survey studies have highlighted that both traditional techniques (e.g., 

cropping, stretching, and noise injection) and modern approaches (e.g., GANs and VAEs) are widely used to address data 

imbalance and enhance the detection of rare patterns in time series data [23]. These techniques contribute to building more 

stable and reliable models by providing diverse training samples. Moreover, augmentation can improve the representation 

of data in feature space. Visualization methods such as t-SNE and UMAP have shown that augmented data can lead to 

clearer separation between clusters, which helps improve classification performance and interpretability of the learned 

representations[23]. 

3.Literature Review 

According to the methods that are used with the augmentation, the works in this field have three trends; statistical methods 

that are traditional and oldest one, machine learning methods, and the newest methods that are related with deep learning.  

3.1.Traditional and Statistical Methods 
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Traditional data augmentation methods for time series rely on direct manipulation of the original signal without the need 

for complex learning models. These approaches are widely used due to their simplicity and low computational cost, making 

them suitable for scenarios with limited resources. 

Annaki et al.  (2024) [8], evaluated several traditional augmentation techniques on Human Activity Recognition datasets, 

including jittering, scaling, interpolation, smoothing, and time warping. The results showed that simple methods such as 

jittering and scaling achieved strong performance, reaching accuracy levels above 98% in some cases. However, more 

complex transformations inspired by image augmentation negatively affected performance, as they disrupted the temporal 

structure of the data 

Oh et al. (2020) [13] proposed a time-series augmentation approach, in which interpolation is used to preserve the direction 

and trend of a series with low complexity, by creating virtual observation points with a higher density using the Cubic 

Spline function, and taking regular samples to create new synthetic series, to minimize the distortion of temporal structures 

in comparison to slicing or reordering. It was assessed on 85 datasets of the UCR archive with ResNet and augmentation 

in the training data. The findings indicated an increase in performance of 54 datasets, no effect on 9 datasets and adverse 

effect on 22 datasets with an average of 81.7 percent to 83.5 percent and a positive level of statistical significance 

(P=0.0008). Limitations were a reliance on performance on the interpolation function and density factor R choice, and 

possible performance deterioration when the characteristics were not changed based on the type of series. 

3.2.Machine learning methods (hybrid / probabilistic) 

Zhang et al. (2023) [14], proposed STAug, a method based on decomposing the time series into trend, seasonality, and 

noise components. Controlled transformations are applied to each component before recombining them into new sequences. 

The results showed that this structured approach improves model accuracy and robustness compared to simple 

transformations. However, the method is limited to data with clear seasonal patterns. The authors applied STAug to a 

variety of time series classification/forecasting data and showed that this structural augmentation is superior to simple 

random transformations, and the accuracy of the models is significantly enhanced, and their sensitivity to noise is mitigated. 

It is restricted to series which are representable by clear seasonality and trend and which may not be efficient when there 

are chaotic patterns in the data or rare events. 

 

Akyash et al. (2021) [24], proposed a process of augmentation which is named DTW-Merge, where two sequences of a single 

type are aligned with the help of Dynamic Time Warping and consequently, the respective parts are merged into a new 

sequence that will have the general characteristics of the shape of a specific type and will not lose the time order. It was 

applied to augment UCR data like BeetleFly, and ResNet was trained on the original and augmented data. It was found that 

DTW-Merge was able to outperform a large variety of classical transformations (jittering, scaling, time warping, permutation, 

SPAWNER, WDBA, etc.) with an average accuracy of 83.07% and a positive t-test value indicating a statistically significant 

improvement. The principal shortcomings of the work are that the procedure is based on complete DTW alignment, which is 

computationally more expensive, and the merging is linear and does not consider multivariate relationships of a complex 

nature. 

Ismail-Fawaz et al. (2023) [25] , proposed a clustering-based augmentation approach using Dynamic Time Warping 

Barycenter Averaging (DBA) and its variants such as SoftDBA and ShapeDBA. In this method, K-means clustering is first 

applied to group similar time series, and then cluster centroids are generated using DBA techniques to represent the patterns 

of each group. The method improves classification and clustering performance by enhancing cluster representation. 

However, it assumes that samples within each cluster share similar shapes, which limits its performance when dealing with 

highly variable or high-dimensional multivariate time series. 

Zhang et al. (2024) [26], presented M-SMOTE as an improved version of SMOTE designed to better handle time series 

characteristics. In this approach, minority samples are divided into safe, borderline, and noisy regions before generating 

synthetic data, allowing the model to focus on more reliable samples. The method uses enhanced similarity measures that 

consider temporal behavior rather than relying only on Euclidean distance. Experimental results showed noticeable 

improvements in classification accuracy and stability when compared to standard SMOTE. However, the method increases 

computational complexity and requires careful parameter tuning to achieve optimal performance. 
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Triggiano and Romito (2024) [27], Proposed a time series classification model that uses Gaussian process expansions and 

the expected signature as an extraction mechanism .During the first step, the K time series that are statistically consistent 

with the original time series are obtained by sampling a multivariate distribution using a fully supervised Gaussian Process 

model (with mean and covariance learned within the network). These samples would be subsequently added to the original 

signal in a long and better information bearing series. The signature and the expected signature of these series are then 

computed in the second stage and fed into a simple classifier with fixed dimensional representation. Experiments on both 

synthetic and real data demonstrated that this random Gaussian Process-based augmentation can produce superior signature 

model performance over not using augmentation, and nearly matches the performance of such strong models as 1NN-DTW 

and Hive-Cote 2. Conversely, the model is statistically stable upon the generation of multiple series K, thus taking longer 

to train, and the results are sensitive to the selection of normalization parameters during the computation of expected 

signature. 

Compared to traditional methods, machine learning-based approaches provide more structured augmentation by 

considering similarity measures and clustering strategies. However, their performance is still limited when dealing with 

highly dynamic or high-dimensional time series data. 

3.3.Deep learning methods  

Hu et al. (2020) [28], proposed DATSING, a framework that integrates data augmentation with domain-adversarial 

learning. The approach generates augmented data across multiple domains and trains a model to learn domain-invariant 

representations using an adversarial discriminator. The method was evaluated on datasets from energy and transportation 

domains and showed improved generalization to unseen environments. However, it assumes the availability of domain 

labels and involves complex training procedures.  

Hellerman et al. (2022) [29], proposed a financial time series augmentation approach based on image representation using 

Extended Intertemporal Return Plot (XIRP). In this method, time series values are mapped into images, where the diagonal 

represents original values and off-diagonal elements represent temporal returns. A WGAN-GP model is then used to 

generate synthetic images, which are converted back into time series data. The method achieved approximately 7% 

reduction in RMSE in 79% of the M4 datasets. However, the transformation to image space may lead to loss of fine temporal 

details, and performance is sensitive to the mixing ratio and model configuration. 

Li et al. (2022–2023) [30], projected TTS-CGAN, a Conditional Generative Adversarial Network enhanced with 

Transformer architecture for generating future time series based on historical context. In this model, the generator produces 

synthetic sequences conditioned on past observations, while the discriminator distinguishes between real and generated 

samples using attention mechanisms to capture long-term temporal dependencies. The method was evaluated on industrial 

and IoT datasets, where it demonstrated improved predictive performance and enhanced anomaly detection capability 

compared to baseline models. The experimental results indicated that incorporating GAN-based augmentation can improve 

the quality of learned representations, although no fixed accuracy value was reported due to variation across datasets. 

However, the approach is sensitive to common GAN-related issues such as mode collapse and requires careful tuning of 

the loss function and training process to maintain generation stability and data quality. 

El-Laham et al. (2023) [31], proposed StyleTime, a style-based generative model inspired by StyleGAN, designed to 

separate temporal content from style attributes such as amplitude and frequency. This allows controlled generation of new 

time series by recombining styles in the latent space. Experiments on synthetic and financial datasets showed that StyleTime 

generates high-quality data and improves classification performance when used for augmentation. However, the model is 

complex, computationally expensive, and the interpretation of style components remains challenging in practical 

applications. 

Zhang et al. (2024) [32] , proposed a hybrid framework for time series generation that combines data preprocessing, metric 

learning, and a multi-level variational autoencoder (ML-VAE), along with the MSTL decomposition framework. The 

method extracts temporal patterns such as trend and seasonality by transforming them into difference matrices, which are 

then integrated into the VAE to generate new data that preserves the original temporal structure. The results showed that 

the generated samples closely resemble real data, particularly when visualized in a three-dimensional space, indicating 

strong preservation of structural properties. Ablation studies confirmed that each component contributes significantly to the 

overall performance, as removing either the preprocessing or ML-VAE module leads to noticeable degradation. The model 

also outperformed other augmentation approaches such as CR-VAE, TimeGAN, and C-RNN-GAN in terms of similarity 

and predictive performance. 
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Ren et al. (2024) [33], proposed the Diff-MTS model, which is based on diffusion processes for generating multivariate 

time series while preserving both temporal and inter-variable relationships. The model progressively adds noise to the data 

and learns the reverse denoising process to reconstruct realistic future sequences. The generated samples are used as 

probabilistic augmentations that provide distributions rather than point estimates. Experimental results on traffic and energy 

datasets showed that Diff-MTS achieves better performance in terms of MAE and MSE compared to traditional 

Transformer and RNN models. However, the method is computationally intensive due to the multiple diffusion steps and 

presents challenges in controlling the trade-off between diversity and accuracy of generated samples. 

Miljkovic et al. (2024) [34], focused on augmenting rare medical Electrogastrogram (EGG) data using a GAN-based 

approach. The model employs 1D convolutional networks for both generator and discriminator and is trained on limited 

real samples to generate realistic synthetic signals. The augmented data significantly improved classification accuracy while 

preserving physiological characteristics of the signals. However, the limited size of the original dataset restricts the 

evaluation of generalization across diverse clinical conditions. 

Oba et al. (2022) [35], proposed a dynamic data augmentation model based on a gating network that automatically selects 

the most suitable augmentation technique for each sample. The model integrates multiple expert networks and applies a 

feature consistency loss to ensure stable representation learning. The results demonstrated improved classification accuracy 

compared to traditional and automated augmentation methods such as RandAugment. However, the model complexity 

increases significantly due to the combination of multiple augmentation strategies. 

Lee et al. (2023) [36]proposed the SeriesSleepNet model, which combines CNN and Bi-LSTM architectures for EEG-based 

sleep stage classification. The model incorporates a sliding window-based augmentation strategy to enhance temporal 

feature learning and address class imbalance. Experimental results showed accuracies of 0.87 and 0.84 on the Sleep-EDF 

and SHHS datasets, respectively. However, the model faces challenges in generalization across different devices and is 

sensitive to window configuration and loss weighting. 

Saget et al. (2025) [37], proposed a resampling-based augmentation method designed for time series contrastive learning, 

particularly for remote sensing applications. The approach generates augmented samples by first up sampling the original 

time series and then extracting two disjoint subsequences that preserve the overall temporal coverage before resampling 

them back to the original length. These augmented sequences are used as positive pairs within a contrastive learning 

framework to improve representation learning. The method was evaluated on several agricultural datasets using Sentinel-2 

imagery and demonstrated superior performance compared to traditional augmentation techniques such as jittering, 

resizing, and masking. The results showed that the proposed approach achieved state-of-the-art performance on the S2-

Agri100 dataset, reaching approximately 72% classification accuracy when combined with VICReg and around 69% using 

SimCLR. However, the method depends on the design of subsequence sampling and requires large amounts of unlabeled 

data for effective training. 

Overall, deep learning-based methods achieve the highest performance among augmentation techniques due to their ability 

to model complex temporal patterns. However, these methods often require high computational resources and careful tuning 

to ensure stable training. 

Limitation  Accuracy   Dataset Method Year Auther  Ref. 

Random methods lose 

temporal structure and 

may lead to decreased 

performance. 

The best results were 

achieved with jittering and 

scaling, reaching >98% 

accuracy in some tasks. 

HAR  Jittering, Scaling, 

Smoothing, Time 

Warping, CutMix, 

Mixup 

2024 Annaki et 

al. 

[8] 

Performance depends 

on the choice of 

interpolation 

parameters and may 

cause distortion if the 

values are not 

adjusted. 

Accuracy increased from 

81.7% to 83.5% and 

improved across 54 

datasets. 

85 

datasets – 

UCR 

 

Cubic interpolation 

of the curved line to 

increase smoothness 

2020 Oh. et al  [13] 
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Less effective with 

chaotic or irregularly 

patterned strings 

Achieves higher results 

than random 

transformations and a 

significant improvement 

in noise resistance 

Forecastin

g + 

Classificat

ion 

STAug – Breaking 

down the series 

(trend/seasonal/resi

dual) + editing it 

2023 Zhang et 

al. 

 

 

[14] 

Requires significant 

computational time 

due to DTW 

alignment 

 

Achieves an accuracy rate 

of 83.07%, surpassing 

traditional methods 

 

UCR 

Datasets 

 

DTW-Merge (String 

Merging via DTW 

Alignment) 

 

2021 Akyash 

et al. 

 

[24] 

Assumes strong 

morphological 

similarity within each 

cluster 

Improved representation 

of centers and increased 

accuracy in shape 

recognition 

 

Clustering 

+ 

Classificat

ion 

 

ShapeDBA / 

SoftDBA (Paris 

Center centered on 

DTW) 

 

2023 Ismail-

Fawaz et 

al. 

 

 

[25] 

Requires fine-tuning 

of parameters to 

ensure stability + 

computational cost  

 Improved performance 

compared to SMOTE 

Multiple 

time series 

datasets 

M-SMOTE 

(Modified SMOTE 

for time series) 

2024 Zhang et 

al. 

 

[26] 

Requires a large 

number of generated 

samples (K), which 

increases training time 

Improved accuracy of 

signature models and 

closer performance to 

1NN-DTW 

 

Synthetic 

+ Real 

datasets 

 

Gaussian Process 

Expansion + 

Expected Signature 

 

2024 Triggian

o & 

Romito  

 

 

[27] 

Requires domain 

identity knowledge 

Improving generalization 

across new domains 

 

Energy + 

Transport 

 

DATSING 

(Augmentation + 

Domain Adversarial 

Learning) 

2020 Hu et al.  

 

 

[28] 

Potential loss of fine 

details in strings 

RMSE reduction by ~7% 

in 79% of data 

M4 

dataset 

XIRP + WGAN-GP 

(Image-style TS 

augmentation) 

2022 Hellerm

ann et al.  

 

 

[29] 

Mode collapse risk 

 

Improving the 

performance of traditional 

models and generating 

suitable data for anomaly 

detection 

Bio 

signals 

TTS-CGAN 

(Conditional GAN + 

Transformer) 

2022 Li et al. 

 

 

[30] 

High computational 

complexity 

Generating controlled data 

(style maps) 

 

Finance + 

Synthetic 

 

StyleTime 

(StyleGAN for TS) 

2022 El-

Laham 

et al.  

 

 

[31] 

Requires fine-tuning 

of parameters to 

ensure stability 

 

Highest similarity to real 

data and outperforms 

TimeGAN 

Power/En

ergy 

datasets 

 

ML-VAE + Metric 

Learning + MSTL 

(Hybrid DL) 

2024 Zhang et 

al. 

 

[32] 
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Large number of 

diffusion steps and 

high cost 

Improving MAE/MSE and 

achieving diversified 

future distributions 

Traffic, 

Energy 

Diff-MTS 

(Diffusion for 

Multivariate Time 

Series) 

2024 Ren et 

al. 

 

[33] 

Limited original data 

hinder generalization 

Significant improvement 

in the accuracy of 

classifying gastric 

disorders 

EGG 

signals 

Medical EGG-GAN 2024 Miljkovi

c et al.  

 

[34] 

Precise λ adjustment is 

required to prevent 

feature scattering 

Automatic selection of the 

best DA and improved 

accuracy compared to 

RandAug and α-Aug 

12 UCR 

datasets 

Dynamic DA with 

Gating Network 

2022 Oba et 

al.  

 

 

[35] 

Sensitivity to window 

size and difficulty 

generalizing across 

different devices. 

Achieved accuracy of 0.87 

and 0.84, surpassing 

traditional models. 

Sleep-

EDF, 

SHHS 

SeriesSleepNet 

(CNN + BiLSTM + 

sliding-window 

augmentation) 

 

2023 Lee, M. 
et al. 

 

[36] 

Depends on sampling 

+ need large amount of 

data 

72% (VICReg), 69% 

(SimCLR) 

Sentinel-2 

/ S2-

Agri100 

Resampling 

Augmentation 

2025 Saget et 
al. 

[37] 

 

It is important to note that many of these methods do not report a single fixed accuracy value, as their performance is 

typically evaluated across multiple datasets and under different experimental settings. For this reason, the reported results 

are often expressed in terms of overall improvement or comparative performance rather than a specific accuracy value. 

4. conclusion  

A wide range of time series data augmentation techniques has been explored, and each method shows certain strengths as 
well as inherent limitations. Traditional approaches are simple and efficient, but they often fail to capture complex temporal 
patterns. Machine learning-based methods provide more structured augmentation, yet they remain limited when dealing 
with highly dynamic data. In contrast, recent deep learning-based techniques have demonstrated superior performance, 
mainly due to their ability to model complex data distributions and generate more realistic synthetic samples. Despite these 
advantages, deep learning methods are not without challenges, particularly in terms of computational cost and training 
stability. Therefore, relying on a single approach may not always lead to optimal results. A more promising direction is to 
combine the strengths of different augmentation strategies. In particular, integrating traditional or structured methods with 
deep learning techniques can help improve both data quality and diversity. Such hybrid approaches offer a balanced 
solution, leading to more reliable performance and better generalization across different time series applications. 
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