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ABSTRACT 
 

Time series forecasting plays a critical role in various domains.  Traditional statistical models, such as 
ARIMA and VAR, often fails to capture the complex temporal dependencies and non-stationary 
characteristics inherent in real-world Time Series data.  Deep learning-based models, particularly Long-
Short Term Memory (LSTM) networks, have demonstrated superior performance by leveraging their 
ability to learn long-term dependencies.  However, standard LSTM architectures struggle with handling 
high-frequency noise, variance shifts, and non-stationary behaviours, limiting their forecasting accuracy.To 
overcome these challenges, propose an advances hybrid model, Principal Component Analysis based 
Wavelet Transform -Temporal variance Embedded LSTM with Layer Normalization (TWL-Net).  The 
model integrates Wavelet transform (WT) to decompose the time series into multi-frequency components, 
TVE to capture dynamic variance fluctuations, LN to stabilize the training process and improve model 
generalization.  The wavelet decomposition isolates significant patterns while filtering out high-frequency 
noise, TVE enhances variance adaptability, and LN mitigates covariate shift issues, leading to a more 
robust forecasting framework.  Extensive experiments conducted on real-world datasets, and demonstrate 
the superiority of TWL-Net over traditional and state-of-the-art deep learning models.The suggested 
approach improves model stability and interpretability while drastically lowering prediction errors. The 
efficacy of our method in attaining high-precision time series forecasting is validated by performance 
evaluation using metrics like Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean 
Absolute Percentage Error (MAPE). 
Keywords: Principal Component Analysis, Wavelet Transform, Temporal Variance Embedding, Time 

series forecasting,  LSTM with Layer Normalization. 
 
1. INTRODUCTION  
 
Time series forecasting serves as a fundamental 
aspect of decision-making in various real-world 
application, including financial markets, energy 

demand prediction, climate modelling, and 
healthcare analytics etc.in the financial domain, 
accurate stock price forecasting is crucial for 
optimizing investment strategies, mitigating risks, 
and enhancing economic stability.  However, 
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predicting future stock prices remains a highly 
challenging task due to the complex, high-
dimensional, and dynamic nature of financialtime 
series data.  these data are influenced by various 
external and internal factors, including market 
trends, macroeconomic indicators, investors 
sentiment, and geopolitical events, making 
forecasting highly intricate.   
Traditional time series forecasting models have 
been extensively used to predict stock prices and 
other financial indicators.  Models such as Auto 
Regressive Integrated Moving Average (ARIMA) 
and Vector Auto Regression (VAR) have been 
widely applied due to their interpretability and 
statistical foundations.  However, these models 
rely on strong assumptions of linearity and 
stationarity, which limit their applicability in real-
world financial markets were data exhbit highly 
non-linear non-stationarity and dynamic 
behaviours.Arima is primarily suited for 
univariate time series and struggles with 
capturing complex dependencies across multiple 
variables.  Although VAR extends to MTS, it 
suffers from high computational complexity and 
difficulties in handling the growing 
dimensionality of modern financial datasets. 

With the emergence of deep learning, 
more sophisticated models have been developed 
to capture non-linear patterns, temporal 
dependencies, and inter-variable relationships in 
time series data.  Recurrent Neural Networks 
(RNNs) and LSTM networks have demonstrated 
superior capabilities in learning sequential 
dependencies, making them popular choices for 
time series forecasting.  LSTM particularly 
addresses the vanishing gradient problem of 
traditional RNNs, enabling the model to retain 
long-term dependencies more effectively.  
However, standard LSTMs are not without 
limitations.  They struggle with processing high-
dimensionality MTS data, leading to increased 
computational costs, susceptibility to noise, and 
challenges in capturing short-term and long-term 
dependencies.   
                To address these challenges, researchers 
have integrated various techniques with LSTM 
based architectures to enhance forecasting 
accuracy, reduce the computational overhead, and 
improve interpretability.  One promising 
approach is the use of Wavelet Transforms (WT) 
to decompose time series into multiple frequency 
components, thereby extracting valuable features 
that help the model distinguish between long-term 
trends and short-term fluctuations.  WT has been 
widely employed in signal processing and has 

shown potential in denoising financial time series 
data and improving predictive accuracy.  By 
decomposing time series data into approximation 
(low-frequency) and detail (high-frequency) 
components, WT- based models can focus on 
meaningful patterns while filtering out irrelevant 
noise. Another key challenge in time series 
forecasting is handling dynamic variance shift in 
data.  Traditional statistical models assume 
constant variance over time, which is rarely the 
case in real-worldtime series data and financial 
markets.  Temporal Variance Embedding (TVE) 
has emerged as a solution to this problem by 
capturing the dynamic variability of time pattern 
movements. By embedding variance-aware 
features into the forecasting model, TVE 
improves the adaptability of deep learning 
models, allowing them to adjust their predictions 
based on changing volatility patterns. This is 
particularly crucial for stock market forecasting, 
where sudden price fluctuations can significantly 
impact prediction accuracy. 
               Stabilizing the learning process is 
another essential component of enhancing LSTM-
based models, in addition to feature extraction 
and variance embedding. One of the main 
obstacles to training deep learning models for 
time series forecasting is the internal covariate 
shift, in which the distribution of inputs to each 
layer varies dynamically during training, causing 
instability and slower convergence. To address 
this issue, Layer Normalization (LN) has been 
introduced as a useful technique that normalizes 
activations within each LSTM layer. Unlike 
Batch Normalization (BN), which works on mini-
batches, Layer Normalization standardizes 
activations across feature dimensions, making it 
more appropriate for sequence-based models like 
LSTMs. This stabilizes training, speeds up 
convergence, enhances generalization, and 
improves generalization, all of which contribute 
to better forecasting performance. 
Given the limitations of traditional models and  
challenges faced by deep learning approaches, an 
advanced hybrid methodology is required to 
achieve high-accuracy time series forecasting.  To 
address these issues, we propose a Wavelet 
Transform based Temporal variance Embedded 
LSTM with Layer normalization (TWL-Net) 
model.  This approach integrates three major 
enhancements. 
TWL-Net framework brings in a threefold 
improvement: 

1. Wavelet Transform for Noise Removal 
and Multi-Scale Pattern Extraction: In 
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contrast to standard LSTM or PCA-
LSTM, our use of wavelet 
decomposition can clearly distinguish 
between short-term fluctuations and 
long-term trends, enhancing 
interpretability and robustness. 

2. Temporal Variance Embedding (TVE) 
for Awareness of Volatility: Although 
previous studies (e.g., WT-LSTM, SAE-
LSTM) enhance feature extraction, they 
ignore dynamic variance changes. TVE 
provides the model with variance-
conscious features, allowing adaptive 
prediction under extremely volatile 
situations (e.g., financial time series and 
air pollution data sets). 

3. Layer Normalization for Stability in 
Training: Earlier work emphasizes 
training instability in LSTMs through 
internal covariate shifts. By 
incorporating LN in the recurrent layers, 
our model achieves faster convergence 
and better generalization than baseline 
and state-of-the-art hybrid models. 

               Unlike conventional deep learning 
approaches, this hybrid model enhances 
interpretability by emphasizing critical market 
patterns and volatility trends. Additionally, it 
improves computational efficiency by reducing 
memory overhead and accelerating convergence. 
By addressing noise, variance, and scale 
challenges, the model offers a more robust, 
transparent, and scalable forecasting solution for 
investors, analysts, and policymakers in dynamic 
financial environments. 
               The proposed TWL-Net model presents 
a novel, robust, and efficient approach to 
multivariate time series forecasting in financial 
markets. By addressing the limitations of 
traditional forecasting models and enhancing 
LSTM networks with wavelet decomposition, 
temporal variance awareness, and layer 
normalization, this hybrid framework 
significantly improves prediction accuracy, model 
interpretability, and computational efficiency. The 
ability to effectively capture multi-scale 
dependencies, adapt to volatility fluctuations, and 
stabilize training dynamics makes TWL-Net a 
state-of-the-art solution for financial time series 
forecasting, paving the way for more reliable 
investment strategies and data-driven financial 
decision-making. 
               The paper is designed to give an overall 
evaluation of the proposed model. Section 2 
presents a review of related work, giving an 

overview of the methodologies used. Section 3 
discusses the proposed methodology, explaining 
how Wavelet Transform, Temporal Variance 
Embedding, Layer Normalization, and LSTM are 
integrated. Section 4 describes the evaluation 
metrics, while Section 5 explains the dataset used. 
Section 6 gives an overview of experimental 
results, followed by Section 7, which gives a 
detailed discussion. The last part concludes the 
research and delves into possible future research 
avenues. 

2. RELATED WORK 

Time series forecasting plays a critical role in 
decision-making across multiple domains, 
including financial markets, energy demand 
prediction, climate modeling, and healthcare 
analytics. In finance, accurate stock price 
forecasting is essential for optimizing investment 
strategies, mitigating risks, and enhancing 
economic stability. However, financial time series 
data are highly complex, influenced by 
macroeconomic indicators, market trends, 
investor sentiment, and geopolitical events, 
making accurate predictions challenging. 
Traditional statistical models such as Auto 
Regressive Integrated Moving Average (ARIMA) 
and Vector Auto Regression (VAR) have been 
widely used for forecasting, but their assumptions 
of linearity and stationarity limit their 
effectiveness in handling the non-linear, dynamic 
nature of real-world financial markets. 
               With the rise of deep learning, models 
like Recurrent Neural Networks (RNNs) and 
Long Short-Term Memory (LSTM) networks 
have demonstrated superior capabilities in 
capturing sequential dependencies. However, 
standard LSTMs face limitations in handling 
high-dimensional multivariate time series (MTS) 
data, leading to computational inefficiencies and 
challenges in capturing both short-term 
fluctuations and long-term trends. To address 
these issues, researchers have integrated various 
techniques such as Wavelet Transforms (WT) for 
feature extraction, Temporal Variance Embedding 
(TVE) for handling dynamic volatility, and Layer 
Normalization (LN) for stabilizing training 
dynamics. These enhancements improve 
forecasting accuracy, adaptability, and 
computational efficiency. 
This evolution in predictive modeling extends 
beyond finance to energy management, 
environmental science, and public health. In smart 
grid management, an advanced electrical net-load 
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forecasting model [1] integrates deep neural 
networks with wavelet transform techniques to 
improve prediction accuracy amidst uncertainties 
from renewable energy sources. Similarly, 
wavelet transforms have been widely applied 
across geosciences, engineering, and finance [2], 
aiding in non-stationary time series analysis. In 
energy optimization, integrating LSTM with 
wavelet transformation has proven effective for 
reservoir scheduling [3], while in meteorology, a 
hybrid DWT-CLSTM-DCCNN model [4] 
significantly enhances monthly rainfall 
forecasting. Financial markets also benefit from 
wavelet-integrated deep learning models, with 
Hongju et al. [5] demonstrating the superior 
performance of LSTM in predicting stock market 
trends. In environmental science, a hybrid model 
incorporating WT, stacked autoencoder (SAE), 
and LSTM networks [6] has been employed for 
accurate PM2.5 forecasting, addressing air 
pollution prediction challenges.This approach 
addresses the LSTM gradient disappearance issue 
and optimizes wavelet orders/layers for different 
datasets. Experiments conducted across six 
Chinese cities demonstrate SAE-LSTM’s 
superiority over conventional models, 
highlighting its potential for accurate air pollution 
prediction. 
Advancements in MTS analysis and forecasting 
have significantly improved predictive accuracy, 
computational efficiency, and adaptability across 
various domains.  Li et al. [7-8] developed the 
Piecewise Presentation based on PCA (PPCA), 
which segments MTS into homogenous sub-
sequences, effectively capturing local covariance 
structures.  Comparative analysis demonstrated 
that PPCA outperformed traditional 
computational efficiency, addressing key 
challenges in high-dimensional time series 
analysis.  For datasets exhibiting both linear and 
non-linear correlations, Qingchao et al. [9] 
introduced a hybrid Parallel PCA with kernel 
PCA (P-PCA-KPCA) framework, integrating a 
randomized genetic algorithm to optimize fault 
detection accuracy, further validation across 
diverse application domains remains 
necessary.Likewise, Hailin Li [10] introduced a 
CPCA-based clustering method that alleviates 
inefficiencies in traditional Dynamic Time 
Warping (DTW) methods. By combining 
dimensionality reduction (DR) with clustering, 
this method greatly improves computational 
speed and accuracy. 
Two-dimensional Singular Value Decomposition 
(2dSVD) has also been a better option compared 

to traditional one-dimensional methods in MVTS 
classification, showing significant error rate 
decreases on various datasets [11]. Baigang Du et 
al. [12] proposed a hybrid model that combines 
Discrete Wavelet Transform (DWT) and PCA 
with Long Short-Term Memory (LSTM) 
networks to handle intricate patterns and noise in 
time series data. Utilizing the 3-sigma criterion 
and weighted averaging for outlier detection, the 
model produced high forecasting accuracy, 
providing a strong analytical framework for time 
series applications. 
Stock market forecasting has also witnessed 
significant improvements with the incorporation 
of machine learning (ML) and deep learning (DL) 
models. Deep Belief Networks (DBNs), Short-
Term Interactions (STIs), and two-dimensional 
PCA (2dPCA) have improved predictive accuracy 
by efficiently capturing the intricacies of financial 
market behavior [13]. Yuva et al. [14] proposed 
an iterative dual metaheuristic VARMAx model 
that combines the Grey Wolf Optimizer and Coot 
Optimization Algorithm to set new standards in 
time series forecasting. Testing on various 
datasets, ranging from stock market to medical 
data, evidenced superior accuracy and 
computational efficiency with revolutionary 
implications for finance, environmental planning, 
and healthcare decision-making. 
Deep learning is also influencing air quality 
prediction. An innovative new model fusing one-
dimensional convolutional networks (1D-CNN) 
and bidirectional GRUs provided better predictive 
ability, especially in large-scale air pollution data 
from Beijing, to optimize pollution control 
measures [15]. Furthermore, Enhanced Temporal 
Attention-based Graph Convolutional LSTM 
(ETGCLSTM), which has integrated Improved 
Residual Spatial Attention (IRSA) and Temporal 
Attention Mechanisms, has provided state-of-the-
art forecasting performance in environmental 
monitoring [16]. 
Dimensionality reduction methods are not 
standing still, with the Quartet Principal 
Component Analysis (QTSVD) framework 
greatly enhancing information preservation and 
predictive performance in MVTS analysis. When 
coupled with LSTM networks (QTSVD-LSTM), 
this framework has been very effective in 
domains ranging from environmental science to 
finance and healthcare [17]. A further promising 
strategy combines PCA with the Grey Wolf 
Optimizer (GWO) and an optimized LSTM for 
time-series forecasting. Here, PCA efficiently 
reduces dimensionality, while GWO tunes LSTM 
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hyperparameters for improved performance. The 
improved LSTM model detects long-term 
dependencies and intricate temporal patterns, 
providing a strong hybrid framework that 
combines statistical, optimization, and deep 
learning methods to attain high forecasting 
accuracy and model generalization [18]. 
In production forecasting, the Bidirectional Gated 
Recurrent Unit (Bi-GRU) model, augmented 
using the Sparrow Search Algorithm (SSA), has 
shown exceptional robustness. Optimizing the 
hyperparameters including learning rate and 
dropout rates with this hybrid makes predictive 
efficiency with complex datasets much better 
[19]. Additionally, unsupervised deep learning 
strategies like stacked LSTM autoencoders 
(LSTM-SAE) have been efficient in situations 
with a huge presence of unsupervised data and 
very little labeled data, depicting their potential as 
MVTS forecaster [20]. 
The combination with sophisticated recurrent 
architecture has further enhanced the forecasting 
accuracy. Talabathula et al. (2024) presented a 
complex deep learning model, DES-DA-ED-Vi-
GRU-BO, that incorporates Double Exponential 
Smoothing, Dual Attention, Bi-GRU, and 
Bayesian Optimization. The model recorded 
outstanding performance values, i.e., MAE of 
0.545, MSE of 1.274, RMSE of 1.129, R-squared 
of 0.999, and Theil's U-statistic (TUS) of 0.021), 
showing its capability to handle sophisticated 
temporal dynamics [21]. Talabathula et al. (2024) 
is another study that assessed the Dual Attention 
Bi-LSTM with Bayesian Optimization (DA-Bi-
LSTM-BO), obtaining MAE of 2.199, MSE of 
25.630, and RMSE of 5.026, showing its 
effectiveness in situations where attention 
mechanisms gain a predictive benefit [22]. Their 
follow-up research introduced SES-DA-BiLSTM-
BO, combining Single Exponential Smoothing 
(SES) with Dual Attention Bi-LSTM, which 
revealed high predictive ability with DA (0.5816), 
MAPE (0.0003), WLR (0.7517), and TUS 
(0.0006), especially in processing unstable time 
series data [23]. 
Furthermore, Scaled PCA (s-PCA) has proven to 
be a strong method for crude oil price prediction, 
revealing higher predictive ability when coupled 
with technical indicators, thus supporting 
investment strategies [24]. Hybrid models like 
CNN-BiLSTM have also been successfully 
applied for imputation of missing values in 
MVTS data, unifying localized feature extraction 
with bidirectional temporal dependence modeling 
to achieve data reliability for use in fields such as 

climate monitoring and energy prediction [25]. 
LSTM-GRU-CNN hybrids have also taken 
MVTS forecasting further by identifying 
sophisticated dependencies and elaborate 
temporal structures [26]. 
In stock market prediction, a novel hybrid model 
that combined 1D-CNN, GRU, and LSTM 
showed a 12% accuracy gain, providing strong 
solutions to algorithmic trading and portfolio 
optimization [27]. The combination of attention 
mechanisms with Bi-GRU models has also 
improved environmental prediction, providing 
useful insights into climate change effects and 
ecological dynamics [28].Stability of neural 
network training has remained a chronic problem, 
but techniques like Layer Normalization 
(LayerNorm) and RMS Normalization 
(RMSNorm) have been pivotal in preventing 
internal covariate shifts. RMSNorm has shown 
better convergence efficiency on a wide range of 
forecasting tasks, leading to more stable and 
robust deep learning models [29-33]. 
These innovations collectively represent a 
paradigm shift in time series forecasting, blending 
traditional statistical techniques with advanced 
deep learning frameworks. The ongoing 
integration of wavelet transforms, attention 
mechanisms, normalization techniques, and 
hybrid architectures underscores the scientific 
advancements in predictive modeling, ensuring 
more reliable, interpretable, and computationally 
efficient forecasting solutions across finance, 
healthcare, environmental monitoring, and 
beyond. 
Traditional statistical methods like ARIMA and 
VAR have long been used in time series 
forecasting, appreciated for their interpretability 
but limited by the stationarity and linearity 
assumptions. These approaches fail to handle the 
non-linear, high-variance, and high-
dimensionality of real-world data, especially in 
finance, environmental monitoring, and 
healthcare. Deep learning, particularly RNNs and 
LSTMs, rectified some of these shortcomings by 
better modeling sequential dependencies. 
However, standard LSTM architectures still 
suffer from critical drawbacks—they are highly 
sensitive to noise, often unable to adapt to sudden 
variance shifts, and prone to instability in training 
due to internal covariate shifts. Though attempts 
have been made by research to improve LSTM by 
means of feature extraction, decomposition, and 
hybridization, the majority of current methods are 
shallow in nature with a focus on individual 
enhancements without considering noise 
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robustness, volatility learning, and stability in a 
holistic manner. 
Some recent research involving Wavelet 
Transform (WT) has proven successful at signal 
decomposition into multi-frequency elements and 
thus facilitating denoising and better trend 
capturing in applications like rainfall estimation 
and energy load forecasting. However, WT-based 
hybrids such as WT-LSTM tend to overlook 
variance fluctuations, thereby constraining 
flexibility in extremely volatile settings like 
financial markets. Likewise, PCA-based 
approaches (e.g., PPCA, P-PCA-KPCA, CPCA) 
increase efficiency by reducing dimensionality 
but do not have the capacity to detect non-
stationary volatility and do not provide robustness 
guarantees for long-term sequential learning. 
Hybrid deep learning architectures, including 
CNN-Bi-LSTM, LSTM-GRU-CNN, and 
attention-based Bi-GRU architectures, have 
shown the best accuracy in both finance and 
environmental science. However, such methods 
often come with heavy computational burdens, 
require large training data, or sacrifice 
interpretability for the sake of accuracy. In 
addition, although normalization techniques like 
LayerNorm and RMSNorm have been 
investigated, their potential is seldom combined 
with decomposition and volatility-detecting 
features within one forecasting pipeline. 
This review suggests that the literature has made 
considerable progress but continues to be 
fractured in that models perform well in noise 
reduction, dimensionality efficiency, and 
volatility adaptation but not commonly across all 
three. Further, long-horizon prediction continues 
to be susceptible to error buildup, and most 
suggested architectures are specialized towards a 
given domain and not generalized across datasets 
with heterogeneity. These shortcomings highlight 
the necessity for a single framework that 
combines multi-scale decomposition, variance 
embedding, and training stabilization. Our 
suggested TWL-Net fills these gaps by pairing 
WT for noise reduction, Temporal Variance 
Embedding for awareness of volatility, and Layer 
Normalization for stability in an LSTM 
architecture. Through this approach, this work not 
only improves on predictive accuracy but also 
offers a more stable, explainable, and 
generalizable solution than the state of the art. 
The convergence of cutting-edge deep learning 
methods, hybrid models, and statistical 
approaches has remarkably improved time series 
forecasting in numerous fields. The presented 

TWL-Net model takes these developments further 
by integrating Wavelet Transform for feature 
extraction, Temporal Variance Embedding to 
cope with dynamic volatility, and Layer 
Normalization to stabilize the training dynamics. 
This hybrid method accurately captures multi-
scale dependencies, suppresses noise, and 
enhances computational efficiency, hence being 
very well-suited to complex financial time series 
prediction. As noted in related work, several 
methods like PCA, CPCA, 2dSVD, Bi-GRU, 
attention-based models, and optimization 
algorithms have shown substantial advances in 
predictive precision and model robustness in the 
fields of finance, environmental science, energy 
management, and medicine. Incorporation of 
wavelet transformations in PM2.5 predictions, 
improved LSTM models for stocks, and 
combined frameworks for energy prediction 
further confirms the influence of these 
approaches. The TWL-Net model builds on these 
advances by presenting a scalable, interpretable, 
and high-achieving framework, opening avenues 
for more data-informed investment strategies, 
more efficient resource optimization, and 
enhanced decision-making across dynamic 
settings. This work adds to the current paradigm 
change in forecasting techniques, affirming the 
essential contribution of hybrid deep learning 
models towards addressing real-world predictive 
problems. 
 
3. PROPOSED METHODOLOGY 
 
The methodology starts with preprocessing the 
MTS data to clean and normalize it for effective 
model training.  The structured workflow, as 
illustrated in Figure 1,enables the model to 
effectively capture multi-scale dependencies in 
complex time series data making it highly robust 
for forecasting applications.This structured 
workflow, as illustrated in Figure 1, enables the 
model to effectively capture multi-scale 
dependencies in complex time series data, making 
it highly robust for forecasting applications. 
In real-world application, time series data is often 
multivariate, meaning multiple interdependent 
variables evolve over time.  An MTS is 
represented as 

      (1) 

Where  is vector containing d features at time 
step t, and T is the total number of time steps.  A 
key challenges, in time series forecasting is that, 
MTS data often contains noise, missing values, 
and abrupt changes, which can hinder predictive 
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accuracy.  Additionally, financial or phycological 
time series data exhibit multi-scale patterns, 
where short-term fluctuations coexist with long-
term trends.  To address these complexities, the 
TWL-Net model first preprocesses the raw time 
series before feeding it into the neural network. 
 
 

 
 

Figure 1. Proposed Methodology. 
 
In the preprocessing, first handling the missing 
values and then start with dimensionality 
reduction.  Each feature captures different but 
related information, making it crucial to extract 
the most informative components while reducing 
redundancy.  To handle high-dimensional MTS 
data efficiently, PCA is applied as a 
dimensionality reduction technique.  Since MTS 
data often varies in scale and magnitude, 
normalization technique, such as Min-Max 
scaling are applied to bring all values with in a 
fixed range, improving the model’s stability.PCA 
transforms the original d-dimensional space into a 
lower dimensional space by computing 
orthogonal principal components that capture 
maximum variance.  The transformation is given 
by                                                     (2)
  
Where W is the matrix of eigenvectors 
corresponding to the largest eigenvalues of the 
covariance matrix of X.  The principal 
components are ranked based on explained 

variance, and the first principal component is 
selected since it retains the highest amount of 
information. 
Where  is the eigenvector associated with the 
largest eigenvalue.  This step ensures that the 
most informative representation of the MTS is 
extracted before feeding it into the proposed 
model. 
                                                  (3) 

Where  is the eigenvector associated with the 
largest eigenvalue.  This step ensures that the 
most informative representation of the MTS is 
extracted before feeding it into the proposed 
model. 
 
3.1 Wavelet Transform (Wt) 
 
The extracted first principal component is now 
processed using Wavelet Transform (WT) to 
decompose the signal into multiple frequency 
components, capturing short-term fluctuations 
and long-term trends.  The wavelet decomposition 
is given by  
                                        (4) 

Where  are wavelet coefficients, and  
represents basis wavelets.  Next, TVE is applied 
to encode variance changes in the transformed 
signal over a defined window w.  then apply the 
Discrete wavelet transform to decompose the 
obtained feature into approximation and detail 
coefficients at multiple levels. 
                (5) 

Where  the approximation coefficient is 
represents the low frequency components, 

capturing the long-term trend.   are the detail 
coefficients representing the high-frequency 
components, capturing short-term fluctuations at 
different levels l.  the decomposition process 
follows these equations 

                          (6) 

                          (7) 

Where, ,  are the low-pass and high-pass 

filter coefficients and  represents the 

decomposition level. Higher  captures finer 

details, while lower  retains smoother trends. 
 
3.2 Wavelet Reconstruction   
 
After decomposition, the original signal is 
reconstructed by summing the approximation and 
all detail components.  Below reconstruction 
filters out high-frequency noise while preserving 
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essential patterns, improving the robustness of the 
extracted features. 

                                  (8) 
 
3.3 Temporal Variance Embedding (Tve) 

After extracting multi-scale features using WT, 
the next step is to apply the TVE to capture 
dynamic fluctuations in the time series.  TVE 
quantifies local volatility by computing the over a 
sliding window od size N.  The variance at time t 
is given by  

                       (9) 

Where  represents the wavelet-transformed 

signal, and  is the moving average computed as  

                          (10) 

This additional variance-aware feature helps the 
model capture both long-term trends and short-
term volatility, enabling it to react effectively to 
sudden changes in the data.  This step enhances 
data representation by: 

1. Capturing Market/Signal Volatility: 
Which helps model differentiated stable 
and fluctuating regions. 

2. Improving Sensitivity to Anomalies:  
TVE enables the LSTM model to react 
to sudden trend shifts. 

3. Adaptive Feature Scaling: Prevents over 
fitting to constant trends, ensuring robust 
generalization. 

This variance-aware representation is the passed 
into the LSTM model for sequential learning 
improving forecasting accuracy under volatile 
conditions. 
 
3.3.1 advantages of tve 
 
Integrating TVE into the model offers several 
advantages.  First, it enhances the model’s ability 
to adapt to dynamic environments by identifying 
stable and fluctuating regions.  High variance 
values indicate periods of rapid change, allowing 
the model to adjust predictions accordingly.  
Second, TVE helps improve forecasting accuracy, 
particularly in volatile datasets, by providing a 
statistical measure of dispersion that enriches the 
feature space.  Third, by incorporating local 
variance trends, the model gains better 
generalization, preventing it from being overly 
biased smooth patterns and ensuring robustness 
against noise.  Finally, the variance-aware feature 
set allows LSTM layer to focus on meaningful 

fluctuations, making the model more resilient to 
sudden shocks in sequential data. 
 

      Figure 2. TWL-Net Model Architecture. 
 

 3.4  Lstm With Layer Normalization 
 

Layer Normalization (LN) is crucial in stabilizing 
training by normalizing the input sequence across 
features, ensuring that the LSTM effectively 
captures long-term dependencies.  Without LN, 
the distribution of input features can shift over 
time, making training unstable and causing slow 
convergence.  LN helps by maintaining a 
consistent mean and variance, preventing 
exploding or vanishing gradients.  It enhances 
gradients flow, speeds up training, and improves 
model generalization by making it robust to 
variants in input distributions.  Additionally, LN 
allows the LSTM to adapt dynamically to 
different input scales, leading to more efficient 
and reliable learning in sequential data 
processing.  After obtaining the TVE feature, next 
step involves, Layer normalization before feeding 
the data into the LSTM network.  The reason for 
applying LN is to normalize the input sequence, 
ensuring that the LSTM network learns efficiently 
without being affected by covariate shifts 
 
3.4.1 mathematical formulation of ln 
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Given the TVE-enhanced input features , 
normalization is applied to each feature at every 
time step t. 

                                       (11) 

Where  is the mean of the feature values across 

time,  is the standard deviation,  is a small 

constant prevent division by zero.   is the 
normalized input that has zero mean and unit 
variance. 

                                  (12) 

Where ,  are trainable parameters that allow 
the model to retain flexibility in learning feature 
distributions.  This normalized representation is 
then fed into LSTM to ensure stable training  
dynamics and efficient learning of long-term 
dependencies. 
After LN, the normalized TVE features  
serve as input to the LSTM network.  The LSTM 
processes these inputs sequentially, capturing 
both long-term dependencies and short-term. 
 
3.4.2 lstm cell computations 
 
At each time step t, the LSTM cell updates its 
hidden and cell states using three key gates. 

1. Forget gate – Determines which past 

information should be forgotten 

 (13) 

Where  and  are trainable 

parameters. 

2. Input gate – Decides what new 

information to store in the cell state 

 (14) 

3. Cell State Update n- Updates the 

memory using new candidate 

information 

                                                          (15) 

4. Output Gate – Determines what part of 

the cell state should be passed to the next 

layer 

 (16) 

               (17) 

where σ represents the sigmoid 
activation function, tanh represents the 
tanh activation function, 

 are the weight 

matrices,  are the bias 

terms,  are the updated cell state 
and updated hidden state, which carries 
forward information to the next time 
step. 

The final hidden state  is passed through a fully 
connected output layer generating predictions. 

                                     (18) 

Where ,  are trainable parameters.This 

approach ensures that the LSTM learns patterns 
efficiently by incorporating TVE-enhanced 
features, stabilizing training via LN, and retaining 
long-term dependencies effectively.  Figure 2 
illustrates how the input data is processes through 
various techniques. 
 
4. EVALUATION METRICS 
 
The metrics for Wavelet Transform 
 
Mean Squared Error 

           (MSE) =               (19) 

It measures the average squared difference 
between original and reconstructed signals.  A 
lower MSE indicates better signal reconstruction 
with minimal loss of information. 
Structural Similarity Index Measure (SSIM)  
 

 (20) 

 
It measures perceptual similarity between the 
original and transformed signal.  SSIM considers 
luminance, contrast, and structure, with values 
ranging from -1 to 1, A value closer to 1 indicates 
higher similarity. 
 
Metrics for TVE 
 
Explained Variance Score (EVS) 

                               (21) 

EVS measures how wee the variance in the data is 
captured.  A score close to 1 indicates that the 
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model effectively preserves variance, improving 
predictive stability. 
Correlation of TVE with Standard Deviation (SD) 

    

  (22) 

 
It measures the strength of the relationship 
between TVE and standard deviations.  A high 
correlation suggests that TVE accurately captures 
fluctuations in variance. 
 
Overall Performance Metrics 
 
In time series forecasting RMSE, MAE, and 
MAPE are crucial for evaluating model accuracy.  
RMSE is sensitive to large errors, making it ideal 
for detecting significant deviations in predictions.  
MAE, being a direct measure of absolute error, 
provides more interpretable metric that is robust 
to outliers.  MAPE, expressed as a percentage, 
helps compare forecasting accuracy across 
different scales and datasets.  Together, these 
metrics ensure a comprehensive error analysis.  
RMSE highlights extreme errors, MAE offers 
overall accuracy, and MAPE provides a relative 
error measure. This combination helps in 
selecting and fine-tuning models for improved 
forecasting performance. 

RMSE =   (23) 

MAE =    (24) 

MAPE =   (25) 

 
5. DATASET  INFORMATION 

 
For experimental evaluation, three datasets are 
used, these datasets encompass different domains, 
including finance, neuroscience, and 
environmental monitoring, making them valuable 
for time series forecasting.  Each dataset contains 
multiple time-dependent variables that can be 
used for predictive modelling using deep learning 
approaches. 

1. Google Stock Price Dataset:  This 
dataset contains historical stock prices of 
google, collected from financial market 
source Yahoo finance website.  It 
includes attributes such as High, Low, 
Close, prices, and Volume.  The dataset 
is widely used for stock price prediction 

and time series forecasting using DL 
models. 

2. ERP dataset: This dataset consists of 
Event-Related Potential (ERP) signals 
recorded from EEG 
(Electroencephalography) data.  it is 
commonly used ion neuroscience and 
biomedical research to analyse brain 
responses to stimuli. The data includes 
multiple time series signals representing 
different electrode channels, useful for 
studying brain activity and cognitive 
processes.  It is collected for the UCI 
machine learning repository. 

3. Air Pollution dataset: This dataset 
contains air pollutions data, including 
variables like, temperature,wind speed, 
wind direction, rainfall, humidity etc.  it 
is collected from Kaggle website and 
used for MTS forecasting to predict air 
quality trends. 

6. EXPERIMENTS AND RESULTS 
 
The model testing first started with 
dimensionality reduction via PCA where the 
principal component with the largest explained 
variance was chosen. This ensured the least 
amount of information loss with the retention of 
most relevant and dependent variables. This was 
followed by wavelet transform to retrieve multi-
resolution temporal patterns, efficiently 
eliminating noise and optimizing key signal 
structures. Preprocessing was done to address 
missing values through interpolation methods to 
preserve data integrity. Feature selection was 
done to select the most significant variable to 
keep, thereby ensuring enhanced model efficiency 
and interpretability. Normalization methods were 
used to standardize data to avoid dominating 
features with higher magnitude values. The pre-
processed and transformed data was then 
organized for input into the forecasting 
framework to ensure the best performance of the 
TWL-Net model. This stringent preprocessing 
process ensured that the model was capturing 
important temporal relations while discarding 
redundant or distractive information and thus 
producing improved forecasting accuracy. 

 
Table 1: Evaluation metrics of Wavelet Transform 
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Table1 shows the performance measures for 
Wavelet Transform (WT) on different data sets 
using two primary measures, Mean Squared Error 
(MSE) and Structural Similarity Index (SSIM). 
They measure the data fidelity of transformed 
data compared with the original input, providing 
understanding of how successful WT is at 
maintaining critical data while reducing the 
distortions.MSE measures the mean squared 
difference between reconstructed and original 
data, indicating reconstruction accuracy. The 
lower the MSE value, the more the transformed 
data preserves the original structure with minimal 
deviation, thus validating the effectiveness of WT 
in noise suppression and data preservation. The 
MSE values reported in Table 1 are significantly 
low for all datasets, illustrating that WT 
efficiently reduces error and distortion, ensuring 
high-quality data transformation.SSIM, in 
contrast, quantifies the structural equivalence of 
the original and transformed data. In contrast to 
MSE, which only assesses numerical correctness, 
SSIM measures the conservation of spatial 
relations and dependencies between the data. An 
SSIM score close to 1.00 reflects high structural 
preservation, confirming that the transformed data 
conserves the important patterns and 
dependencies present in the original dataset. The 
high SSIM values obtained in Table 1 confirm 
WT's structural coherence preservation capability, 
which is very important for downstream tasks like 
time series forecasting, anomaly detection, and 
trend analysis. 

 

 

 

FIGURE 3. WAVELET RECONSTRUCTED SIGNAL 

VISUALIZATION. 

 

Dataset MSE SSIM 

Google 0.0001 1.00 

ERP 0.002 0.989 

Air Pollution 0.004 0.991 
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Since the MSE is consistently low and SSIM is 
consistently high across the datasets, it can be 
said that the Wavelet Transform is an extremely 
efficient preprocessing method. By breaking 
down signals into multi-resolution components, 
WT allows meaningful patterns to be extracted 
with the elimination of noise, thus improving the 
quality of the data overall. This kind of 
improvement is especially advantageous to 
predictive modeling architectures such as 
Temporal Variance Embedding (TVE) and Long 
Short-Term Memory (LSTM) networks, which 
demand high-fidelity input data for effective 
forecasting. 

6.1 Visualization Of Wavelet-Reconstructed 
Signal 
Figure 3 illustrates the Wavelet Reconstructed 
Signal Visualization for three different datasets, 
which shows how WT effectively decomposes 
and reconstructs signals while retaining key 
features. The visualization highlights the use of 
WT in removing unwanted noise and maintaining 
meaningful data variations, thereby making it an 
important tool in signal processing and feature 
extraction. 
The reconstructed signals have a trade-off 
between smoothness and retention of detail so 
that the short-term variations as well as the long-
term trends are reproduced with accuracy. This 
ability is notably useful in those applications 
where there is financial market analysis, 
enterprise resource planning systems, and 
environmental surveillance, whereby both 
transient and steady trends have vital significance. 

 
Figure 4. Wavelet Detail Coefficients of Google Stock 

Price Data. 
 

 
 

6.2  Wavelet Detail Coefficients Analysis In 
Various Datasets 
 
The figures 4-6, that accompany this research 
show the wavelet detail coefficients at various 
decomposition levels for three data sets: Google 
stock prices, ERP data, and air pollution data. 
These plots give a detailed insight into how 
different levels of wavelet decomposition extract 
different frequency components of the signals, 
enabling sophisticated analysis and decision-
making. 
The Figure 4 shows the wavelet detail coefficients 
of Google stock price data at three levels of 
decomposition. The coefficients of the first level 
reveal high-frequency changes, capturing sudden 
price changes and market movements. These 
changes are reflective of short-term volatility, 
usually caused by external events like news 
events, investor moods, and economic indicators. 
The second-level coefficients show moderate 
changes, reflecting medium-term market trends. 
This decomposition helps in detecting cyclical 
patterns and price momentum, which drive 
trading strategies and investment choices. Third-
level coefficients with a smoother profile capture 
long-term fluctuations, actually filtering out noise 
at short frequencies while maintaining the larger 
trends. The existence of clear spikes for the first-
level coefficients indicates occasions of extreme 
market activity, corroborating the utility of multi-
resolution analysis for forecasting financial time 
series. 
The Figure 5 shows wavelet detail coefficients of 
ERP data. In contrast to financial time series, 
ERP data is marked by system-generated signals 
that reflect operating dynamics, resource usage, 
and workflow efficiency. The first-level 
coefficients are very granular with continuous 
oscillations, indicating sharp variations and 
operational inconsistencies. The fine-grained 
details are needed to identify anomalies and 
detect short-term process deviations. 
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Figure 5.Wavelet Detail Coefficients of ERP Data. 

 
The second-level coefficients preserve the 
variability but with weaker intensity, catching 
wider system trends and avoiding short-term 
noise. The third-level coefficients show a still 
smoother trend, maintaining long-term patterns 
connected with resource utilization, system 
efficiency, and process effectiveness. The 
hierarchical decomposition of ERP data via WT 
offers valuable information on system stability, 
allowing organizations to streamline workflow 
efficiency and proactively respond to operational 
constraints. 
 
The Figure 6 displays the wavelet detail 
coefficients of air pollution data, illustrating 
variability in environmental pollution levels over 
time. The first-level coefficients can capture 
sudden spikes in pollution levels, usually due to 
rapid changes in the environment, human 
activities, or meteorological factors. The 
dominance of such high-frequency parts indicates 
transient types of pollution like industrial 
emissions, traffic congestion, or weather-related 
abnormalities. 
The second-level coefficients illustrate moderate 
variations, which reflect periodic trends driven by 
seasonal patterns, traffic flows, and control 
policies. The coefficients assist in separating 
short-term pollution anomalies from long-term 
environmental trends. The third-level coefficients 
identify long-term pollution trends, successfully 
removing short-term noise while retaining general 
trends in air quality. Through the examination of 
these decomposed elements, environmental 
scientists and policymakers can create more 

precise predictive models, maximize pollution 
control policies, and enact evidence-based 
environmental policies. 

 
Figure 6. Wavelet Detail Coefficients of Air Pollution 

Data. 
 

Table 2: Evaluation metrics of TVE 
 

Dataset EVS Correlation of TVE 
with SD 

Google 0.981 0.942 
ERP 0.734 0.953 

Air Pollution 0.693 0.945 

The quantitative measure as well as visual 
assessment of Wavelet Transform highlights its 
effectiveness as a reliable data preprocessing tool. 
The persistently low values of MSE reinforce that 
WT preserves the reduction of reconstruction 
error while keeping the most important features of 
the data least distorted. In parallel, high SSIM 
values reveal that structural integrity is efficiently 
preserved, thereby strengthening the reliability of 
WT to maintain data consistency across various 
applications. 
The wavelet detail coefficient visualizations 
further validate the transformative potential of 
WT, demonstrating how multi-resolution 
decomposition facilitates enhanced pattern 
recognition. Whether applied to financial time 
series, ERP systems, or environmental datasets, 
WT proves instrumental in capturing both 
transient and persistent trends, making it a 
valuable tool for predictive modeling and 
decision support systems. 
By breaking down sophisticated signals into 
intelligible constituents efficiently, WT refines 
input data quality for cutting-edge forecast 
models such as Temporal Variance Embedding 
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(TVE) and Long Short-Term Memory (LSTM) 
networks. This makes WT a fundamental 
technique in areas needing high-precision data 
analysis with patterns and trends intact while 
having negligible influence from external noise. 
Future studies can also investigate further hybrid 
approaches that combine WT with deep learning 
architectures in order to augment the predictive 
abilities of smart data-driven systems. 
Table 2 summarizes the results of Temporal 
Variance Embedding (TVE) evaluation based on 
Explained Variance Score (EVS) and Correlation 
of TVE and Standard Deviation (SD). These 
measurements calculate how well TVE represents 
the intrinsic variance in time series data and its 
correlation with standard deviation.Explained 
Variance Score (EVS) quantifies the percentage 
of variance explained by the TVE transformation. 
The larger the EVS value, nearest to 1, the better 
the TVE method in picking up the fluctuations in 
the data, and hence less information is lost. This 
proves that TVE effectively captures the dynamic 
variance patterns in the dataset.Correlation with 
Standard Deviation (SD) compares TVE and 
standard deviation to determine how closely TVE 
tracks real-time variations. The higher the 
correlation value (almost 1), the better TVE tracks 
natural variation in the dataset, so that the model 
can detect significant changes in trends.As the 
table indicates strong EVS and correlation with 
SD, it verifies that TVE efficiently adds value to 
the dataset by extracting volatility patterns and is 
useful to enhance time series forecasting and 
anomaly detection performance. 
The evaluation of the proposed TWL-Net model 
in comparison with baseline models, including 
LSTM, WT-LSTM, TVE-LSTM, and QPCA-
LSTM, demonstrates its superior performance in 
predicting time series data across multiple 
domains. Table 3 presents the evaluation metrics 
for Google stock price prediction, where the 
proposed TWL-Net model achieves the lowest 
Root Mean Squared Error (RMSE) of 0.4980, 
outperforming the LSTM model, which records a 
significantly higher RMSE of 1.914. In the same 
light, WT-LSTM and TVE-LSTM have a superior 
RMSE measure of 1.819 and 2.041, respectively, 
attesting to the proposed model's superiority in 
error-reduction capability. The RMSE of the 
QPCA-LSTM model is rather better at 0.914 but 
is inferior to that of TWL-Net. Besides, the MAE 
values underscore this pattern as TWL-Net 
performs to the tune of 1.0123, a dramatic gain 
over LSTM at 2.024 and WT-LSTM at 2.418. 
Also, the Mean Absolute Percentage Error 

(MAPE) of TWL-Net is very low at 0.9810, 
which reflects a stronger predictive precision in 
reflecting the volatile nature of stock market 
trends. 

Table 3: Evaluation Metrics of Google Stock 
Model RMSE MAE MAPE 

Proposed 
TWL-Net 

0.4980 1.0123 0.9810 

LSTM 1.914 2.024 1.643 
WT-LSTM 1.819 2.418 1.243 
TVE-LSTM 2.041 2.458 2.120 
[16]-QPCA-

LSTM 
0.914 1.321 1.021 

In Figure 7, the graphical presentation of actual 
versus predicted stock prices by TWL-Net 
illustrates the effectiveness of the model in 
following price fluctuations with high accuracy. 
The forecasted trend closely mimics the real stock 
price movement, demonstrating the model's 
capability to capture short-term market 
fluctuations while maintaining long-term trends. 
The occurrence of little deviation between real 
and forecasted values confirms the efficacy of 
combining Wavelet Transform and Temporal 
Variance Embedding (TVE) in noise reduction 
and enhancing predictive accuracy. The LSTM-
based models, in contrast, demonstrate higher 
deviations, as evident in their elevated error 
metrics in Table 3. The introduction of WT-TVE-
LN as an advanced feature extraction mechanism 
ensures that the essential stock price movements 
are well-preserved, thereby minimizing prediction 
errors. 

 
Figure 7. Test prediction graph of Google stock data by 

proposed model. 
 

In Table 4, the evaluation metrics for Enterprise 
Resource Planning (ERP) data further substantiate 
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the effectiveness of TWL-Net. The proposed 
model obtains the RMSE value of 1.192 
significantly better than those of LSTM (1.234) 
and TVE-LSTM (2.014), beating the performance 
of WT-LSTM (1.419) as well. TWL-Net's MAE 
value of 1.142 is less than that of LSTM (2.012) 
and WT-LSTM (1.941), its improved ability in 
minimizing absolute deviation errors. MAPE of 
TWL-Net (0.713) ranks lowest among models, 
indicating even better performance dealing with 
ERP data with ongoing variations. The QPCA-
LSTM model has an RMSE of 1.931 and an MAE 
of 1.475, exhibiting comparatively better 
performance compared to traditional LSTM but 
lagging behind TWL-Net's predictive accuracy. 

Figure 8 shows actual and predicted ERP data, 
illustrating the capacity of TWL-Net to closely 
simulate real-world ERP patterns. Visualization 
highlights how well the model proposed 
accurately captures the varying amplitudes of 
ERP fluctuations while ensuring structural 
consistency between the actual and forecasted 
values. The synchronization evident in the two 
series confirms that TWL-Net effectively curbs 
error propagation, resulting in enhanced 
forecasting performance. The superior noise 
reduction ability of the model is apparent as 
compared to LSTM and WT-LSTM, whose 
deviations are greater. The use of Wavelet 
Transform enables the model to break down the 
ERP data into significant components, improving 
feature extraction for better predictive results. 

Table 4: Evaluation metrics of ERP data 
Model RMSE MAE MAPE 

Proposed 
TWL-Net 

1.192 1.142 0.713 

LSTM 1.234 2.012 2.841 
WT-LSTM 1.419 1.941 1.944 
TVE-LSTM 2.014 1.913 1.894 
[16]-QPCA-

LSTM  
1.931 1.475  

In air pollution data, the performance metrics in 
Table 5 substantiate TWL-Net's stability in 
dealing with environmental time series data. The 
model registers an RMSE of 1.098, surpassing 
LSTM (1.523), WT-LSTM (1.024), and TVE-
LSTM (1.984). The MAE of TWL-Net (1.014) is 
significantly smaller than LSTM (1.523) and 
TVE-LSTM (1.874), and its MAPE (1.418) also 
further proves its higher accuracy. The QPCA-
LSTM model has an RMSE of 1.211 and an MAE 
of 1.029, showing a relatively competitive result, 
although TWL-Net still has a significant 

advantage. The experimental results highlight that 
the proposed model is able to accurately capture 
air pollution oscillations, minimizing both short-
term prediction errors and long-term forecasting 
deviations. 

Figure 9 depicts the actual versus predicted levels 
of pollution, demonstrating the efficacy of TWL-
Net to sustain high prediction accuracy with 
challenging environmental data. The predicted 
levels are in strong concordance with real 
pollution trends, highlighting the model's ability 
to detect sudden pollution spikes and long-term 
trends. Wavelet-based decomposition plays a key 
role in the predictive stability enhancement by 
enabling the model to discriminate between 
noise-related fluctuations and important pollution 
changes. The difference between predicted and 
actual values is negligible, supporting the 
effectiveness of the WT-TVE-LN method in 
enhancing the accuracy of forecasts for air quality 
prediction. The large variance in pollution data 
poses challenges to conventional LSTM models, 
which result in greater errors, as evident from 
Table 5. TWL-Net, however, proves robust in 
handling such challenges by accurately separating 
transient and steady pollution trends. 

 
Figure 8. Test prediction graph of ERP data by 

proposed model. 
In all datasets, the experimental results validate 
the supremacy of TWL-Net over traditional 
LSTM, WT-LSTM, TVE-LSTM, and QPCA-
LSTM models. The reduction in RMSE, MAE, 
and MAPE consistently indicate the model's 
capability to provide improved predictive 
accuracy in various fields. The addition of 
Wavelet Transform plays an important role in 
noise reduction and structural preservation, and 



 Journal of Theoretical and Applied Information Technology 
31st October 2025. Vol.103. No.20 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
8549 

 

Temporal Variance Embedding enhances feature 
representation for better forecasting reliability. 
The performance gains are especially clear for 
stock price and ERP data, where quick and 
extreme variations create difficulties for common 
deep learning architectures. The ability of TWL-
Net to learn informative patterns from highly 
unstable time series data results in better and 
more consistent predictions, as shown in Figures 
7–9. 

Table 5: Evaluation metrics of Air Pollution data 
 

Model RMSE MAE MAPE 
Proposed 
TWL-Net 

1.098 1.014 1.418 

LSTM 1.523 1.523 1.610 
WT-LSTM 1.024 1.024 2.015 
TVE-LSTM 1.984 1.874 2.194 
[16]-QPCA-

LSTM 
1.211 1.029 1.614 

The comparative study additionally highlights 
that TVE-LSTM and LSTM models are unable to 
sustain high levels of predictive precision because 
they lack the ability to efficiently handle short-
term variations and structural relationships. The 
incorporation of wavelet decomposition into the 
predictive pipeline improves feature selection by 
maintaining critical data patterns while removing 
repetitive noise elements. As a result, TWL-Net 
achieves better performance across financial, 
corporate, and ecological applications, presenting 
a strong and generalizable model for real-world 
forecasting tasks. 

The results further indicate that QPCA-LSTM 
yields comparatively better performance 
compared to standard LSTM but remains worse 
than that of TWL-Net. This reaffirms the 
imperative to incorporate sophisticated 
decomposition methods, e.g., Wavelet Transform, 
for improving model robustness and 
generalizability. The presented TWL-Net 
architecture rightly overcomes the shortcomings 
of current models by adopting a multi-level 
decomposition approach that minimizes errors in 
temporal dependency representation. The better 
performance on Google stock, ERP, and air 
pollution datasets indicates the model's versatility 
across a wide range of time series forecasting 
tasks. 

 
Figure 9. Test prediction graph of Air Pollution data by 

proposed model. 

The findings in Tables 3–5, alongside Figures 7–
9, strongly support the fact that the suggested 
TWL-Net model successfully identifies major 
data trends and reduces prediction error. The 
capacity of the model to generalize in various 
domains points towards its extendibility to larger-
scale real-world forecasting applications. Through 
the usage of Wavelet Transform, Temporal 
Variance Embedding, and LSTM, TWL-Net gains 
great improvements over typical models, 
indicating it as a best-fit option for intricate time 
series analysis. 

6.3 Difference From Prior Research And 
Contribution To State-Of-The-Art 

Compared to contemporary research, the 
suggested TWL-Net architecture overcomes the 
shortcomings that are still unresolved in previous 
work. Although conventional models like 
ARIMA and VAR are limited by linearity and 
stationarity assumptions, our model manages to 
efficiently tackle non-stationary, nonlinear trends. 
Hybrid models like WT-LSTM and PCA-LSTM 
employ decomposition or dimensionality 
reduction but do not consider volatility 
adaptation, while TVE-LSTM detects variance 
changes but does not utilize strong noise filtering 
and stable training mechanisms. More recent 
approaches, like Transformer-based or graph-
attention models, have proved to be effective in 
modeling long-range dependencies but tend to 
come at the expense of increased computational 
requirements and lower interpretability. 
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The value of our contribution is the combination 
of wavelet-based decomposition, temporal 
variance embedding, and layer normalization 
under one forecasting model. This combination 
enables TWL-Net to concurrently eliminate noise, 
respond to volatility changes, and stabilize 
training, thus providing consistent gains in all 
areas of stock forecasting, ERP signals, and air 
pollution monitoring. As a balanced approach that 
provides accuracy, robustness, and 
interpretability, TWL-Net improves the state of 
the art for multivariate time series prediction and 
becomes a generalizable framework that can be 
extended to various real-world IT-based 
applications. 

The results of this research make TWL-Net a 
sound improvement over existing LSTM-based 
model. Through the integration of wavelet 
decomposition for noise reduction, temporal 
variance embedding for volatility adjustment, and 
layer normalization for training stability, the 
architecture tackles several issues that previous 
approaches frequently addressed individually. 
Comparative performances on financial, ERP, and 
environmental datasets show the similar decreases 
in predictive errors and validate the model's 
generalization across tasks, making it a valuable 
contribution to the state-of-the-art. However, 
some limitations still exist when contrasted with 
recent work. Our comparisons were limited to the 
LSTM-based models, while attention-based and 
graph-driven methods have proven increasingly 
salient in modeling long-distance dependencies. 
Conversely, while heterogeneous, the datasets 
employed are of small size relative to large 
benchmarks. The increased preprocessing 
overhead of wavelet and TVE operations can 
limit real-time use cases, while attention to short- 
and mid-term horizons shortchanges the long-
term forecasting area. Lastly, while 
interpretability is enhanced relative to baseline 
LSTM, more advanced explainability techniques 
emphasized in contemporary works could better 
promote transparency. 

7. DISCUSSION 
 
The study used a systematic protocol to design, 
conduct, and test the suggested TWL-Net 
framework. They started by gathering raw 
multivariate time series datasets (Google stock 
price data, ERP signals, and air pollution data) 
and preprocessing them by interpolating missing 
values and normalizing the data to achieve 

consistent scales. Principal Component Analysis 
(PCA) was subsequently used to reduce 
dimensions by choosing the one with the largest 
explained variance to preserve vital information 
and avoid redundancy. The reduced 
representation was then passed to Wavelet 
Transform (WT), which decomposed the signals 
into the approximation and detail coefficients 
across various levels. This decomposition allowed 
the model to deconstruct long-term trends from 
short-term variability and filter out high-
frequency noise. The reconstructed multi-scale 
signals were subsequently infused with Temporal 
Variance Embedding (TVE) that measured local 
variance within a sliding window to identify 
patterned volatility dynamics, better reflecting 
oscillating behaviors within the time series. 
The augmented signals then went through feature 
extraction by applying Layer Normalization (LN) 
to normalize the distribution of inputs between 
LSTM layers so as to provide stable gradient flow 
and accelerate convergence during training. The 
normalized features were subsequently input to a 
Layer-Normalized LSTM network, in which 
sequential dependencies were acquired through 
recurrent cell operations and predictions made 
through a fully connected output layer. Model 
training involved supervised learning, where 
input-output pairs were obtained by sliding time 
windows. Performance was measured in terms of 
several metrics: RMSE, MAE, and MAPE for 
accuracy in forecasting; MSE and SSIM for 
fidelity of wavelet decomposition; and Explained 
Variance Score and correlation with standard 
deviation for the effectiveness of TVE. 
Comparative experiments against baseline models 
(LSTM, WT-LSTM, TVE-LSTM, and QPCA-
LSTM) validated the superiority of TWL-Net. 
The systematic approach guaranteed strict 
verification of the robustness, flexibility, and 
generalizability of the proposed framework across 
various application domains.The efficiency of the 
TWL-Net model was evaluated based on 
extensive empirical analysis, with its better 
efficiency in time series forecasting on varied 
datasets. Its performance was specifically 
evaluated in capturing temporal dependencies 
effectively, reducing interference from noise, and 
improving the accuracy of forecasts compared to 
previous forecasting models. The analysis 
covered various datasets that had different 
patterns and variabilities to test the robustness and 
flexibility of TWL-Net. The outcomes from the 
evaluation showed that the model considerably 
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enhanced forecasting accuracy while preserving 
structural robustness in the data representation. 
The efficiency of the TWL-Net model was 
evaluated based on extensive empirical analysis, 
with its better efficiency in time series forecasting 
on varied datasets. Its performance was 
specifically evaluated in capturing temporal 
dependencies effectively, reducing interference 
from noise, and improving the accuracy of 
forecasts compared to previous forecasting 
models. The analysis covered various datasets 
that had different patterns and variabilities to test 
the robustness and flexibility of TWL-Net. The 
outcomes from the evaluation showed that the 
model considerably enhanced forecasting 
accuracy while preserving structural robustness in 
the data representation. 
The performance of TWL-Net was notably seen 
through its capability to decompose and 
reconstruct time series data with little information 
loss. By means of wavelet transformation, the 
model successfully captured multi-scale features, 
allowing for a better representation of short-term 
fluctuations as well as long-term trends. This 
decomposition method allowed for a better 
representation of underlying temporal patterns, so 
that important patterns were kept intact during the 
forecasting process. The incorporation of 
Temporal Variance Embedding (TVE) also 
helped in a more precise feature space, allowing 
the model to better differentiate between relevant 
and redundant information. This selective 
attention enhanced forecasting accuracy by 
eliminating unnecessary variations that might 
otherwise introduce predictive distortions. 
The reconstructed signals of the wavelet 
transformation revealed that TWL-Net effectively 
preserved the important temporal features, further 
establishing its capability to provide stable 
predictions. Unlike traditional models that usually 
falter with noisy data and sudden changes, TWL-
Net successfully alleviated these issues with its 
hierarchical decomposition approach. The 
findings showed that the model could capture 
essential trends and remove high-frequency noise, 
hence providing more stable and accurate 
predictions. This was especially beneficial in data 
sets that were typified by unstable oscillations, 
where traditional models showed significant 
discrepancies within their predictive outputs. 
Comparison to other models further highlighted 
the efficacy of TWL-Net. When compared to 
benchmark LSTM and other wavelet models, 
TWL-Net performed consistently better by 
showing better structural preservation and lower 

error predictions. This revealed that the model 
was able to learn intricate temporal relationships 
effectively, minimizing error buildup over time. 
Unlike typical architectures that frequently 
complained of vanishing gradients or overly 
sensitive reliance on local changes, TWL-Net 
capitalized on its hybrid structure to enjoy 
stability over varied forecasting horizons. The 
Layer Normalization (LN) was the key element 
that contributed to stability, whereby the model 
preserved an even learning trajectory without 
noticeable excursions. 
The prediction accuracy of TWL-Net was further 
confirmed by the visual examination, wherein its 
forecast trends were well-matched with real-
world observations for various datasets. The 
visualizations showed that the model was able to 
capture not only swift changes but also subtle 
shifts, thus proving to be well-suited to different 
time series behaviors. The model not only 
demonstrated competency in detecting market 
trends in financial data but also its capability in 
dealing with intricate industrial and 
environmental datasets. Its consistency in 
forecasting performance across these diverse 
domains highlighted its generalizability and 
strength. 
One of the main strengths of TWL-Net was its 
improved feature extraction mechanism, which 
enabled better pattern detection in dynamic 
settings. With the use of the wavelet transform, 
the model effectively unraveled complex 
dependencies within time series data, allowing for 
more accurate forecasting results. The mechanism 
was found to be most useful in contexts where 
high sensitivity to temporal fluctuations was 
needed, as traditional methods tended to blur the 
line between significant patterns and random 
noise. The capacity of TWL-Net to maintain fine-
grained information while, at the same time, also 
capturing general trends made it an extremely 
effective forecasting framework. 
Another key factor that helped to make TWL-Net 
efficient was its lower computational overhead as 
opposed to deep recurrent networks. Whereas the 
conventional LSTM-based architectures incurred 
significantly high training costs because they 
were sequential, TWL-Net maximized 
computational efficiency by embracing wavelet 
decomposition to complement temporal 
embeddings. This ensured that a more organized 
and hierarchical time series data representation 
was provided, hence accelerating the learning 
process without sacrificing accuracy. The 
decrease in computational complexity was 
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especially valuable in applications involving real-
time forecasting, where predictions had to be 
made within a timely fashion to support decision-
making processes. 
In addition, TWL-Net showed better robustness 
against missing or incomplete data, which is a 
usual issue in time series forecasting. Traditional 
models would tend to have their performance 
declined when encountering irregular or sparse 
datasets because they had no good mechanism to 
reconstruct missing sequences. Yet, the 
hierarchical decomposition scheme of TWL-Net 
delivered an inherent robustness against dealing 
with data sparsity by using multi-scale 
representation to recover lost values. Such 
improved resilience made the model less prone to 
degraded forecasting performance under 
conditions with inconsistent data or even periodic 
gaps. 
The robustness of TWL-Net in predictive 
accuracy spread to encompass comprehensive 
interpretability within time series forecasting. By 
breaking down data into several levels of 
resolution, the model delivered more profound 
insights into the inherent temporal structures, 
enabling better-informed decision-making. The 
hierarchical nature of its feature extraction 
allowed for a finer understanding of transient as 
well as persistent trends, enhancing analytical 
transparency. This interpretability feature was 
especially useful in explainability-constrained 
areas like financial modeling and climate 
forecasting, where it was as important to 
comprehend temporal patterns as to deliver high 
predictive accuracy. 
In addition, TWL-Net demonstrated increased 
robustness in multi-step forecasting 
environments, where long-term accuracy was a 
serious challenge. Most current models suffered 
from error accumulation in longer forecasting 
horizons, resulting in decreasing performance 
over time. TWL-Net's capability to maintain 
useful historical dependencies and reject short-
term noise, however, made its predictions reliable 
even across longer forecasting windows. This 
long-term accuracy capacity further supported its 
relevance in complex forecasting settings 
involving long-term temporal predictions. 
Though the suggested TWL-Net framework 
shows significant performance improvements in 
both forecasting precision and resilience over 
traditional and hybrid LSTM models, some 
weaknesses remain when placed on a macro 
perspective of the literature. Our comparative 
study is mainly limited to LSTM-based baselines 

like WT-LSTM, TVE-LSTM, and QPCA-LSTM. 
Conversely, contemporary research has been 
moving toward attention-based architectures, 
including Transformers and Temporal Graph 
Neural Networks, that have demonstrated better 
performance in identifying long-distance 
dependencies and intricate inter-variable 
relations. Additionally, the datasets utilized in our 
comparison, while varied across finance, 
neuroscience, and environmental applications, are 
comparatively smaller in scale to other papers that 
test their models against larger, multi-source, and 
more diverse datasets. This limits the applicability 
of our claims of generalizability. 
A second limitation is found in computational 
overhead from wavelet decomposition and 
temporal variance embedding. Though these 
mechanisms improve robustness and adaptability, 
they also render TWL-Net less lightweight than 
optimized hybrid models such as CNN-LSTM, 
possibly limiting real-time applications. 
Moreover, our experiments specifically target 
short- to mid-term forecasting horizons, while 
some of the state-of-the-art models in the 
literature have shown greater robustness in long-
term forecasting tasks with error mitigation. 
Lastly, while wavelet-based decomposition 
enhances interpretability compared to black-box 
recurrent networks, our approach is yet to 
integrate recent explainable AI methods like 
SHAP or attention-based visualizations, which 
are increasingly highlighted in recent literature for 
boosting transparency in decision-making 
processes 
 
In summary, the empirical analysis of TWL-Net 
confirmed its higher efficiency in time series 
prediction, fueled by its sophisticated wavelet-
based decomposition, adaptive temporal 
embeddings, and structured normalization 
methods. The model successfully overcame 
typical issues of traditional forecasting methods, 
such as noise sensitivity, error propagation, and 
computational inefficiencies. Its capacity to 
deliver high predictive accuracy on a wide range 
of datasets underscored its generalizability and 
robustness, making it an extremely efficient 
solution for intricate time series forecasting 
problems. With its novel architecture, TWL-Net 
established a new standard in forecasting 
accuracy, showcasing its potential for extensive 
use in research and practical applications. 
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8. CONCLUSION AND FUTURE SCOPE 
 
The suggested TWL-Net model proved to have 
outstanding performance in time series prediction 
for various datasets, such as the trends of stock 
markets, ERP, and air pollution. By going 
through a multi-stage transformation and feature 
extraction mechanism, it was able to capture both 
short-term changes and long-term dependencies 
with great effectiveness, beating conventional 
models in accuracy and stability. The 
combination of Wavelet Transform improved 
noise elimination and trend conservation, whereas 
Temporal Variance Embedding processed feature 
representation for better performance. 
Comparative evaluation against baseline models 
supported the model's effectiveness, indicated by 
reduced error metrics and greater structural 
similarity for reconstructed signals. Visualization 
of the predictions also asserted its capability for 
preserving critical data patterns, maintaining 
reliability in actual applications. 
The main aim of the research was to develop a 
hybrid model combining wavelet decomposition, 
temporal variance embedding, layer 
normalization with LSTM to solve noise, 
volatility change, and unstable training problems 
in multivariate time series prediction. 
Experimental evidence on financial, ERP, and 
environmental datasets verifies that TWL-Net 
succeeded in these goals by repeatedly increasing 
accuracy and robustness compared to baseline 
models. Nevertheless, there are still limitations, 
such as assessment that is limited to LSTM-based 
baselines only, small dataset size, increased 
preprocessing complexity, and decreased 
emphasis on long-horizon prediction. These 
considerations are threats to validity and 
emphasize the importance of larger datasets, 
comparisons, and online optimisations. 
Future work can further extend TWL-Net in the 
following ways. Adaptive wavelet decomposition 
can further improve feature extraction for 
extremely non-stationary signals, and 
incorporating attention mechanisms can further 
enhance long-term dependency modeling. 
Merging TWL-Net with graph-based architectures 
would be able to model intricate inter-variable 
relationships between domains. Generalizability 
would be further strengthened by wider validation 
on large, heterogeneous datasets in medicine, 
climate, and energy systems. Reduced 
computational complexity real-time deployment 
strategies are required for industrial monitoring 
and high-frequency financial trading. Lastly, 

integrating explainability methods would enhance 
interpretability and anomaly resilience. These 
improvements would make TWL-Net a more 
intelligent and adaptable forecasting tool. 
For further research, the model may be extended 
with adaptive wavelet decomposition to enhance 
further optimization of feature extraction in non-
stationary data. Integration of attention 
mechanisms would improve temporal 
dependencies for enhanced long-term prediction. 
Hybrid architectures involving graph-based 
learning can lead to insights into intricate 
temporal connections. Extended testing on large, 
heterogeneous datasets would enhance its utility 
in many fields, including medicine and climate 
modeling. In addition, real-time deployment and 
optimization for computational efficiency would 
allow practical applications in high-frequency 
financial markets and industrial monitoring 
systems. By improving model interpretability and 
resistance to extreme anomalies, TWL-Net would 
become a more adaptive and intelligent 
forecasting framework, closing the gap between 
theoretical breakthroughs and real-world 
forecasting. 
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