
This is a version of a publication

in

Please cite the publication as follows:

DOI:

Copyright of the original publication:

This is a parallel published version of an original publication.
This version can differ from the original published article.

published by

Uncertainty quantification for variational Bayesian dropout based deep
bidirectional LSTM networks

Sardar Iqra, Noor Farzana, Iqbal Muhammad Javed, Alsanad Ahmed, Akbar
Muhammad Azeem

Sardar, I., Noor, F., Iqbal, M.J. et al. Uncertainty quantification for variational Bayesian dropout
based deep bidirectional LSTM networks. Stoch Environ Res Risk Assess (2025). https://doi.
org/10.1007/s00477-025-02956-8

Author's accepted manuscript (AAM)

Springer Nature

Stochastic Environmental Research and Risk Assessment

10.1007/s00477-025-02956-8

© 2025 Springer Nature

This version of the article has been accepted for publication, after peer review (when applicable)
and is subject to Springer Nature’s AM terms of use, but is not the Version of Record and does
not reflect post-acceptance improvements, or any corrections. The Version of Record is available
online at: http://dx.doi.org/10.1007/s00477-025-02956-8



1  Introduction

Time series classification (TSC) plays an important role in 
pattern recognition due to the growing availability of tem-
poral data across diverse domains. Traditional machine 
learning methods often struggle with sequential dependen-
cies in time series data, making TSC a complex problem. 
With advancements in sensor technologies, Information 
and Communication Technology (ICT), and reduced stor-
age costs, high-dimensional time series data is now col-
lected across diverse fields, requiring sophisticated models 
for accurate classification. TSC has critical applications in 
healthcare (e.g., EEG and ECG analysis) (Wang et al. 2013a, 
b), finance (Fisher and Krauss 2018), human activity recog-
nition (Lara and Labrador 2013; Singh et al. 2017), indus-
trial monitoring (Alwan and Roberts 1988), and earthquake 
detection (Kuyuk and Susumu 2018). The UCR/UEA time 
series archive (Chen et al. 2015; Bagnall et al. 2017), one of 
the largest repositories for time series datasets, demonstrate 
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Abstract
Time series classification is a critical task in various domains, requiring robust models to handle inherent uncertainties 
in temporal data. These uncertainties, categorized as aleatoric and epistemic, pose significant challenges in achieving 
accurate predictions. In real-world applications, models often encounter unseen data that were not present during training 
process. Bayesian inference has been widely utilized for uncertainty quantification in statistics and machine learning. In 
this study, we proposed a Bayesian Deep Bi-LSTM model incorporating Variational Bayesian dropout with a Gaussian 
prior and Variational Autoencoder (VAE). The proposed technique efficiently handles uncertainty in both the model and 
data while VAE reducing the dimensionality of model parameters. We apply this framework to univariate time series 
datasets from the UCR repository and compare its performance with four traditional machine learning methods and four 
sequential deep learning models. Experimental results demonstrate that the Bayesian deep Bi-LSTM model effectively 
improves overall classification performance. In particular, the model benefits significantly from data augmentation using 
SMOTE when handling imbalanced dataset. The Variational Bayesian dropout model exhibits lower total uncertainty 
across both datasets, indicating more stable and reliable predictions compared to the VAE-based model. Future research 
should explore additional datasets from the UCR repository and investigate advanced uncertainty modeling techniques to 
further enhance performance and scalability.
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the wide range of real-world applications for TSC. Recent 
developments in computing power have enabled the rise of 
advanced TSC algorithms (Bagnall et al. 2017), including 
feature-based, model-based, ensemble, and deep learning 
approaches, addressing the computational demands of pro-
cessing and classifying raw time series data.

Traditional TSC algorithms categorized into three pri-
mary types: model-based, feature-based, and distance-based 
approaches. Model-based methods build statistical or neural 
network models, such as Gaussian, Poisson, Autoregressive 
(Kini and Sekhar 2013), Markov, Hidden Markov Models 
(HMMs) (Antonucci et al. 2015), and Recurrent Neural 
Networks (RNNs), for each class using raw time series data. 
Classification is performed by identifying the class model 
that best fits the new data. Probabilistic distance measures 
are often used in these approaches, with applications rang-
ing from text classification (Kim et al. 2006) using Naive 
Bayes to biological sequence analysis using HMMs and 
temporal data classification with RNNs. Feature-based time 
series classification involves extracting meaningful features 
from time series data and transforming it into feature vec-
tors for classification using traditional machine learning 
algorithms. The selection of appropriate features is crucial 
in this approach, with techniques like Recursive Feature 
Elimination and zero-norm optimization used to simplify 
high-dimensional data (Lal et al. 2004; Chakraborty 2007). 
Recent advancements include the use of time series shape-
lets—distinctive subsequences of the series—as features 
(Ye and Keogh 2009). Additionally, transformation tech-
niques like Fourier and Wavelet analysis, and unsupervised 
feature selection methods such as common principal com-
ponent analysis (PCA), have been proposed by Yoon et al. 
(2005). Classification is performed using distance metrics 
on the feature-based representation of the time series.

Distance-based time series classification relies on mea-
suring the similarity or dissimilarity between raw time 
series using efficient distance functions and applying tradi-
tional classifiers like k-nearest neighbors (k-NN). Euclid-
ean distance (ED) is the simplest and most commonly used 
measure but requires equal-length series and is sensitive 
to time distortions. Elastic similarity measures, such as 
Dynamic Time Warping (DTW) (Berndt and Clifford 1994) 
and its variants, address these limitations and are widely 
regarded as the most effective for time series classification 
despite their computational cost. The combination of DTW 
with k-NN has historically been one of the most efficient 
approaches. A comparative study of different distance mea-
sures can be found (Wang et al. 2013a, b). Ensemble-based 
approaches for time series classification combine multiple 
classifiers to improve accuracy by integrating diverse fea-
ture sets or models. Examples include Elastic Ensemble 
(PROP), time series forest (TSF) (Lines and Bagnall 2015), 

which uses 11 classifiers based on elastic distance measures, 
and Collective of Transformation Ensembles (COTE) (Bag-
nall et al. 2015), which integrates 35 classifiers using fea-
tures from time and frequency domains. HIVE-COTE, an 
extension of COTE, further enhances performance (Lines 
et al. 2018) and becomes hugely computationally intensive 
and impractical to run on a real big data mining problem 
(Bagnall et al. 2017). The method requires training 37 clas-
sifiers as well as cross-validating each hyperparameter of 
algorithm, which makes its infeasible to train in some situ-
ation. However, ensemble methods are computationally 
intensive, requiring significantly more processing time than 
single classifiers, even with high-performance computing 
resources. The comprehensive review in state-of-the-art 
deep learning applications, challenges and future prospects 
for time series forecasting (Kumar et al. 2023; Ansari et al. 
2024; Puri et al. 2024).TSC problems could be solved using 
a pure feature based algorithm (Bagnall et al. 2017; Neamtu 
et al. 2018) but not used deep learning models. While these 
traditional methods have shown success, they often struggle 
with long-range dependencies, noice sensitivity, and high 
computational costs.

To address these challenges deep learning models (LeCun 
et al. 2015) in various classification tasks, particularly GPU-
accelerated ones, have gained popularity for time series due 
to their ability to process complex temporal patterns (Wang 
et al. 2017). Deep convolutional neural networks (CNNs) 
has revolutionized the field of computer vision (Krizhevsky 
et al. 2012). As in 2015, CNNs were used to reach human 
level performance in image recognition tasks (Szegedy et al. 
2015). Comparative analysis of the most current Deep Neu-
ral Networks (DNNs) by Ismail Fawaz et al. (2019) aims to 
execute TSC task. Particularly with the development of new 
deeper architectures as Residual and CNNs, DNNs trans-
formed the field of computer vision. Apart from images, 
sequential data such text and audio may also be handled 
using DNNs to obtain state-of- the- art  performance for 
document classification and speech recognition. Xia et al. 
(2024) evaluated a forward echo state convolutional network 
(FESCN) against six classical approaches and four neural 
network models on the univariate time series dataset UCR. 
FESCN has a forward topology echo state network encoder 
which are a type of recurrent neural networks (RNNs) with 
large randomly linked hidden layer termed "reservoir" and 
a convolutional and max-pooling layer decoder. FESCN 
exceeds other approaches in classification accuracy, accord-
ing to experiments.

Handling sequential data, such as series or sequences, an 
RNN is a specific kind of artificial neural network. Simple 
RNN modules comprise a simple structure with one “tanh” 
layer. Their limited memory, however, makes it challenging 
to remember information from past time steps—especially 
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in longer sequential data. Modern sequential deep learn-
ing architectures  help to efficiently overcome these con-
straints as Long Short-Term Memory (LSTM) represents an 
advance type of standard RNNs by using cells with gates to 
selectively retain or forget information over time. LSTMs 
have been successfully applied to time series tasks like 
human activity recognition and stock classification. Karim 
et al. (2019) adding a squeeze and excitation block for the 
fully convolutional block, LSTM Fully Convolutional Net-
work (LSTM-FCN) and Attention LSTM-FCN into a multi-
variate time series classification model is further improved 
accuracy. These models perform effectively on several chal-
lenging multivariate TSC tasks including action recogni-
tion or activity recognition. Bidirectional LSTM (BiLSTM) 
enhance this architecture by processing data in both forward 
and backward directions, leveraging long-term memory 
and mitigating vanishing gradients. By incorporating both 
forward and backward hidden states, Bi-LSTMs maintain 
a comprehensive view of both past and future information 
throughout the sequences (Jahangir et al. 2020; Toubeau et 
al. 2018). Deep BiLSTM architecture, which use multiple 
LSTM layers, can generally acquire good representations of 
high-dimensional, complex, and strong nonlinear sequential 
data.

TSC is inherently challenging due to its sequential 
nature, temporal dependencies, large volumes, and high-
dimensional features. Traditional sequential deep learning 
models, while effective in feature extraction, often yield 
overconfident and uncertain outputs, struggle with temporal 
dependencies, lack robustness to noise and data variabil-
ity and fail to handle aleatoric and epistemic uncertainties. 
To effectively address these issues Bayesian deep learning 
offer key advantages, including uncertainty quantification, 
improved generalization and temporal dependencies in the 
data without over estimation. These models also have abil-
ity to deal with long as well as short sequences and size of 
TSC tasks. Bayesian methods connect stochastic learning 
algorithms to posterior approximation in complex mod-
els. Dropout, a widely used regularization technique, was 
shown by Gal and Ghahramani (2016a, b) to be interpre-
table as a variational Bayes method. This insight led to a 
simple sampling technique for approximating deep neural 
network parameters from the posterior distribution. Addi-
tionally, prediction uncertainty in deep neural networks can 
be evaluated using Monte Carlo (MC) methods, specifically 
through MC dropout, which applies dropout during both 
training and inference to approximate Bayesian inference.

To address uncertainty, probabilistic methods can be inte-
grated with deep neural networks, combining the strengths of 
both approaches. Kendall and Gal (2017) introduced Bayes-
ian neural networks to quantify epistemic (model) uncer-
tainty by representing neural network weights as probability 

distributions. While epistemic uncertainty can be reduced 
by increasing the training data, aleatoric uncertainty, arising 
from inherent noise in the input data, remains irreducible 
regardless of data availability. This dual approach allows for 
more comprehensive uncertainty modeling in deep learning 
systems. Variational inference (VI) is an effective method 
for approximating posterior distributions in Bayesian mod-
els by minimizing the divergence between true and approxi-
mate posteriors (Zhang et al. 2018). While VI provides a 
tractable approach to parameter estimation, representing 
weights as probability distributions significantly increases 
the model's parameter space, leading to computational com-
plexity especially for weight matrices. To address this, Vari-
ational Autoencoders (VAEs) can enhance the efficiency of 
Bayesian deep learning. VAEs are non-linear and proba-
bilistic latent space (as Gaussian distribution) to estimate 
uncertainty unlike principal component analysis and singu-
lar value decomposition, which conduct deterministic linear 
transformations. VAE reduce dimensionality by encoding 
input data into a lower-dimensional probabilistic structure 
(Kingma and Welling 2013; Doersch 2016; Pawlowski et 
al. 2018), thus mitigating the computational burden while 
preserving the ability to handle both model and stochastic 
uncertainties for robust TSC. In this research work, we have 
trained roughly a million parameters across one dimensional 
TSC datasets. Though a lot of parameters go overfit (Zhang 
et al. 2017), almost small train set in the UCR/UEA archive. 
The experimental findings showed that proposed Bayesian 
deep Bi-LSTM model are able to significantly outperform 
the sequential deep learning and traditional methods. The 
main contribution are as:

	● The proposed model Bayesian deep Bi-LSTM that in-
tegrates Variational Bayesian dropout to approximate 
posterior distributions.

	● Experiments were performed for quantifying aleatoric 
and epistemic uncertainties in time series classification 
using a Bayesian framework.

	● Integrating a Variational Autoencoder to manage high 
dimensional model parameters and improve computa-
tional efficiency.

	● The newly proposed models are evaluated on univariate 
time series datasets from the UCR repository, compare 
it with traditional machine learning and sequential deep 
learning based methods.

The remainder of this article is structured as: Sect. 2 presents 
the material and methods, detailing the proposed Bayesian 
deep Bi-LSTM models. Section 3 describes the experimen-
tal setup, while Sect.  4 discusses results and comparison 
with baseline models. Finally, Sect. 5 concludes the work 
and outlines direction for future research.
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for uncertainty quantification and Variational Autoencoder 
to manage high dimensional model parameters. The com-
plete proposed model is presented in Fig. 1.

2.3.1  Deep Bi-LSTM network

The proposed model consists of deep Bi-LSTM lay-
ers, which extract temporal features by processing input 
sequences bidirectionally. Bidirectional LSTM (Bi-LSTM) 
is enhanced by adding two LSTM layers—one process-
ing data forward, one backward. The network can capture 
contextual information from past and future time steps to 
develop stronger long-term dependencies with this bidirec-
tional technique. By combining both forward and backward 
LSTM layers, Bi-LSTM networks effectively disentangle 
the recurrent relationships in sequential data, improving 
accuracy and enabling a deeper understanding of temporal 
dependencies. LSTM models process data bi-directionally 
in the hidden layers, gathering essential information from 
both directions. This helps retrieve many contextual details. 
Bi-LSTM models send the above data to the same output 
layer. However, the Bi-LSTM model output at time “t” 
is affected by both the preceding and following segments 
(Ogawa and Hori 2017). After training a tremendous amount 
of data with large and complex sequences, this study uses a 
deep Bi-LSTM network to understand temporal signals and 
recognize sequential information. Deep architectures use 
numerous Bi-LSTM layers to learn input data hierarchical 
representations at different abstraction levels. The Bi-LSTM 
equations in the forwards path correspond as:

⇀

f t = σ
( ⇀

Wy,f yt +
⇀

Wh,f

⇀

ht−1 +
⇀

bf

)
� (1)

⇀

i t = σ
( ⇀

Wy,iyt +
⇀

Wh,i

⇀

ht−1 +
⇀

bi

)
� (2)

⇀o t = σ
( ⇀

Wy,oyt +
⇀

Wh,o

⇀

ht−1 +
⇀

bo

)
� (3)

⇀g t = ϑ
( ⇀

Wy,gyt +
⇀

Wh,g

⇀

ht−1 +
⇀

bg

)
� (4)

⇀c t =
⇀

f t ∗ ⇀c t−1 +
⇀

i t ∗
⇀g t� (5)

⇀

ht = ⇀o t ∗ tanh
(

⇀c t

)
� (6)

where the rightward arrow accent indicates the forward 
path.

The gates are computed using sigmoid and tanh activa-
tion functions, ensuring that the outputs are in the range [0, 
1] (forget and input gates) and [−1, 1] (for the cell state). 

2  Material and methods

This section describe the fundamental concepts of TSC, 
sequential deep learning models and proposed Bayes-
ian deep Bi-LSTM framework, which integrates Varia-
tional Bayesian dropout and Variational Autoencoders for 
improved uncertainty quantification.

2.1  Time series classification

TSC involves assigning labels to time series data based on 
patterns within sequential observations.

A TSC data D = [(T1, Y1) , (T2, Y2) , ..., (Td, Yd)] con-
tains d pairs (Tm, Ym) consisting of a time series length Tm, 
representing univariate time series Ym = [y1, y2, ..., yt] and 
its corresponding one-hot encoded label vector Xm, con-
taining K predefined classes, which is to assign a binary or 
multi-class label Xj  to each time series segment based on 
the observed pattern j ∈ [1, K] is equal to 1 if class of Xj  
is j and 0 otherwise.

2.2  Sequential deep learning for time series 
classification

Sequential deep learning models, particularly RNNs and 
LSTM networks, have been widely used for TSC due to their 
ability to capture sequential dependencies. LSTM mitigate 
the vanishing gradient problem by incorporating memory 
cells and gating mechanisms (Hochreiter and Schmidhuber 
1997). LSTM uses four interacting layers inside of itself. 
Long-term memory can be efficiently retained in LSTM 
by use of this multi-layered architecture. While LSTMs 
mitigate this issue, they are not immune to it and may still 
face inefficiencies, requiring increased bandwidth for train-
ing large datasets. LSTM-FCN for TSC, augment the fast 
classification performance of temporal convolutional layers 
with the precise classification of LSTM RNNs (Karim et 
al. 2017). Unlike standard LSTMs, bidirectional nature of 
Bi-LSTM allows information to flow in both forward and 
backward directions, enabling the model to capture depen-
dencies from both past and future contexts in the sequence 
(Jahangir et al. 2020; Toubeau et al. 2018). Attention-based 
models enhance TSC performance by dynamically focusing 
on relevant parts of the input sequence (Zhang et al. 2022).

Despite their effectiveness, these models often make 
overconfident predictions and fail to quantify uncertainty, 
limiting their reliability in real-world applications.

2.3  Proposed model: Bayesian deep Bi-LSTM

To address these challenges, we propose a Bayesian deep Bi-
LSTM model incorporating Variational Bayesian dropout 
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2.3.2  Variational Bayesian dropout with a Gaussian prior

Bayesian probability theory provides a robust framework 
for quantifying model uncertainty (Gal and Ghahramani 
2016a), particularly by distinguishing between epistemic 
and aleatoric uncertainties. By integrating Bayesian theory 
with deep Bi-LSTM networks, both types of uncertainty 
can be captured, improving prediction performance to state-
of-the-art levels. Variational Bayesian methods are funda-
mental for approximating intractable integrals, encountered 
in Bayesian inference, particularly for models involving 
observed variables, unknown parameters, and latent vari-
ables. These methods treat latent variables as unobserved, 
facilitating reliable uncertainty quantification. Variational 
Bayesian approaches serve two primary purposes:

The backward LSTM generates the hidden state 
↼

ht at time 
step t based on future hidden 

↼

ht+1 and the input vector yt, 
while the forward LSTM 

⇀

ht uses past hidden 
⇀

ht−1 and the 
input vector yt. Concatenating the hidden vectors of both 
directions creates the Bi-LSTM model's final hidden state. 
The final Bi-LSTM model output at step t is:

ht =
[⇀

ht,
↼

ht

]
� (7)

The backward direction hidden state from Eq. (7) is replaced 
by 

↼

ht. TSC data is analyzed using a deep Bi-LSTM model 
to find prolonged temporal patterns. Both forward and back-
ward passes created a deep Bi-LSTM network with two-
layer LSTMs.

Fig. 1  Complete flow diagram of the proposed model
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MC-dropout, when applied at both training and inference 
stages, introduces randomness by randomly dropping units 
according to a Bernoulli distribution, thus approximating 
Bayesian inference. This technique allows the network to 
generate multiple stochastic forward passes, which can be 
aggregated to obtain predictive distributions. We propose 
that dropout (and its variants) in deep Bi-LSTM networks 
can be interpreted as a variational Bayesian approximation 
of a Gaussian Prior (GP). A GP is defined by its mean and 
variance functions, which together establish a distribution 
over potential model weights. Thus Gaussian process poste-
rior forecasts are derived as weighted averages of observed 
data based on variance and mean functions. Bayesian neu-
ral networks differ from standard networks by introducing 
probabilistic weights rather than deterministic ones. The 
Bayesian LSTM layer is an extension of the traditional 
LSTM layer used in neural networks, modified to include 
uncertainty estimation by placing a probability distribu-
tion over the model's weights. This concept is essential in 
applications where capturing uncertainty is as important 
as providing accurate predictions, improved generalization 
and robust-decision making for time series classification. 
Bayesian LSTM layers represent each weight as a probabil-
ity distribution usually modeled as a Gaussian distribution.

W ∼ N
(
µ, σ2)

where W =
(

⇀

W
l

ih,
⇀

W
l

hh,
↼

W
l

ih,
↼

W
l

hh, l = 1, ..., L

)
 is the 

weight matrix, µ is the mean, and σ2 is the variance. This 
distribution allows the model to capture uncertainty in the 
weight values.

In the training phase, the Bayesian deep Bidirectional 
LSTM model is fed with input sequences through the two 
layers of Bayesian LSTM. Each layer includes bidirectional 
Bayesian LSTM units with specified variance scaling, fol-
lowed by dropout layers to prevent overfitting, creating hid-
den states for each time step. Bayesian LSTM layer with 
hidden units, each unit has a probabilistic weight Gaussian 
distribution. The prior distribution over weights follows a 
GP.

W ∼ N
(
µ, σ2 − α.σ̂2)

 Where µ is the mean weight and 
σ2 − α.σ̂2 is the variance, scaled by a factor α = 0.1 con-
trols the uncertainty of the weights by scaling the variance, 
effectively making the distribution more precise (narrower). 
Smaller values of α reduce the uncertainty in weights. Bidi-
rectional LSTMs process the input sequence forward and 
backward as:

ht =
⇀

ht ⊕
↼

ht

(a)	 Analyzing the posterior probability of unobserved vari-
ables for statistical inference.

(b)	 To find a lower bound for the marginal likelihood of 
observed data given the model, with marginalization 
over unobserved variables.

This is used to select models because a model with a higher 
marginal likelihood fits the data better and is more likely 
to generate the data. We estimate the posterior distribution 
over the model weights using variational Bayesian approxi-
mation as exact Bayesian inference is computationally 
intractable in deep learning models. Variational inference 
optimizes a simpler, tractable distribution that approximates 
the true posterior via the minimization of the Kullback–
Leibler (KL) divergence as follows:

KL [q (W) ∥ g (W|Y, X)] = Eq(W) [log q (W) − log g (W|Y, X)]� (8)

Due to Bayesian inference, given time series data set into a 
classification problem the input is Y = y1, y2, ..., yN  and 
the label is X = x1, x2, ..., xN , the posterior over weights 
using Bayes’ theorem g (W|Y, X) = g(Y,X|W)g(W)

g(Y,X) , Sub-
stitute this into KL divergence equation:

KL [q (W) ∥ g (W|Y, X)] = Eq(W) [log q (W) − log g (Y, X|W)
− log g (W) + log g (Y, X)] � (9)

Since g (Y, X) is independent of W, it can be ignored in 
the optimization. Rearranging:

KL [q (W) ∥ g (W|Y, X)]
= Eq(W) [log q (W) − log g (W) − log g (Y, X|W)]� (10)

KL divergence minimization maximizes the evidence lower 
bound (ELBO):

ℓV I = Eq(W) [log g (Y, X|W)] − KL [q (W) ∥ g (W)]� (11)

Here, g (W) represents the prior distribution, which assumes 
to be Gaussian, while a variational distribution q (W) denotes 
the variational approximation of the posterior, g (Y, X|W) 
is true posterior distribution learned during training over 

weights W =
(

⇀

W
l

ih,
⇀

W
l

hh,
↼

W
l

ih,
↼

W
l

hh, l = 1, ..., L

)
. 

Thus the minimization objective is

Ŵ = arg min
W

[
1
N

N∑
i=1

log g (yi|xi, W) + KL (q (W) ∥ g (W))

]
.� (12)

Variational Bayesian inference (MC-dropout) is an effi-
cient and practical method to approximate Bayesian infer-
ence in complex models (Gal and Ghahramani 2016b). 
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epoch number and batch size based on dataset size since the 
proposed model trained on different datasets. The deep Bi-
LSTM network predicts sequences at each testing time step. 
The model's output are compared for accuracy, precision, 
recall, and F1 score. The model experiments with complex 
data patterns and representations using deep architecture. 
The deep Bi-LSTM network generates output by evaluating 
time-related sequences using cells for forward and back-
ward propagation.

2.3.3  Aleatoric and epistemic uncertainty

Data uncertainty and model uncertainty are types of pre-
dictive uncertainty. Aleatoric uncertainty is caused by data 
generating unpredictability and cannot be mitigated by 
gathering more data. It is due to inherent randomness and 
the limitations of accurately predicting outcomes. Epistemic 
uncertainty stems from the model’s inability to fully capture 
the underlying data patterns. Both uncertainties contribute 
to the overall uncertainty in predictions, but they originate 
from different sources. Homoscedastic and heteroscedastic 
aleatoric uncertainty exist (Kendall and Gal 2017). No mat-
ter the input, homoscedastic uncertainty is constant. How-
ever, heteroscedastic uncertainty changes with model inputs. 
However, epistemic uncertainty is caused by a lack of data, 
which may be explained with further observations. A Bayes-
ian neural network (BNN) with a Gaussian prior distribu-
tion across its weights captures epistemic uncertainty in 
models. BNN marginalizes deep Bi-LSTM weight param-
eters by averaging all potential weights W ∼ N

(
0, σ2)

 and 
replacing them with distributions. Due to Bayesian infer-
ence the posterior over weights is g (W|Y, X). The model 
likelihood would be g

(
x|pW (y)

)
 which pW (y) denotes 

the random output of the BNN. Assuming the likelihood as 
a Gaussian with 

[
µ : pW (y)

]
 and [σ : observation noice] 

as g
(
x|pW (y)

)
= N

(
pW (y) , σ2)

. The marginal prob-
ability g (X|Y) cannot be calculated analytically, but it can 
be estimated, making posterior inference difficult. Numer-
ous research have provided approximations (Graves 2011; 
Blundell et al. 2015; Hernandez-Lobato et al. 2016; Gal 
2016). These approximate inference methods fit the poste-
rior g (W|Y, X) to a variational distribution q (W). This 
proposed approximating all BNN weights instead of aver-
aging, which is intractable. Dropout randomly loses nodes 
during training to prevent co-tuning (Gal and Ghahramani 
2016a). Dropout would create random predictions from the 
approximate posterior during testing. This method finds a 
variational distribution q (W) that minimizes KL diver-
gence to the true model posterior g (W|Y, X) in Eq.  (8–
11). According to Jordan et al. (1999), the likelihood term 

where ⊕ denotes concatenation and ht represents the hid-
den state at time step t, produced by both the forward and 
backward LSTMs. Return sequences ensures that each time 
step outputs a hidden state, so the output of this layer is a 
sequence of hidden states H = [h1, h2, ..., hT ], where T is 
the sequence length and each ht is a hidden state. Concate-
nating hidden states from the previous forward pass and the 
backward pass creates the final hidden states for each time 
step. Back propagation across time updates network weights 
to lessen predicted-true output difference.

Variational dropout is applied after each Bayesian 
LSTM layer, introducing a regularization effect by ran-
domly deactivating neurons at each training step. In varia-
tional dropout, the dropout masks Mi can be considered as 
samples from a Bernoulli distribution with probability p.

Mi ∼ Bernoulli (p)

For each neuron i, the output ỹi after dropout can be repre-
sented as ỹi = Mi.yi,

Where yi is the neuron’s original output, and Mi = 0 
with probability 1 − p, simulating weight uncertainty. 
Outlining this difference usually uses a loss function like 
Binary cross-entropy (BCE). BCE is a binary classification 
loss function. It quantifies the difference between true labels 
and model-predicted probabilities. For a single prediction, 
if: y ∈ [0, 1] represents the true label, where 1 indicates the 
positive class and 0 the negative class. ŷ ∈ [0, 1] represents 
the predicted probability of the positive class, i.e., the mod-
el's output. The binary cross-entropy loss is given by:

BCE = − (y. log (ŷ) + (1 − y) . log (1 − ŷ))� (13)

The BCE loss for a batch of size N  (where each instance is 
indexed by i) is the average of the losses for each individual 
prediction:

BCEbatch = − 1
N

N∑
i=1

(yi. log (ŷi) + (1 − yi) . log (1 − ŷi))� (14)

In practice, deep Bi-LSTM network training adjusts learning 
rates, dropout rates, and LSTM layer numbers. An optimiza-
tion approach like Adam (Adaptive Moment Estimation) is 
used to update network weights and model parameters to 
minimize loss. Adam mixes Momentum and RMSProp fea-
tures and adjusts the learning rate for each parameter.

Mathematical as:ϑ represent the model parameters 
(weights and biases).gt = ∇ϑJ (ϑ) represent the gradient 
of the loss function J (ϑ) with respect to parameters ϑ at 
time step t. Each parameter has its own learning rate, which 
adapts as training progresses. Dropout regularization pre-
vents deep architecture overfitting. To fit training data, alter 
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for all inputs. By adopting a heteroscedastic model uncer-
tainty assessment, we account for scenarios where some 
inputs produce noisier outputs than others, especially in 
cases with fewer positive examples. This approach allows 
for a data-dependent uncertainty estimation, making the 
uncertainty functionally related to the input data, thereby 
providing more accurate and tailored predictions.

λ̄ (ϑ)
Deep Bi−LST M

= 1
N

N∑
i=1

1
2σ (yi)2

∥∥∥xi − pŴi (yi)
∥∥∥

2

+ 1
2

log σ (yi)2

� (20)

Heteroscedastic Deep Bi-LSTM (Eq.  (4)) into a Bayes-
ian deep Bi-LSTM by distributing its weights to accom-
modate epistemic and aleatoric uncertainties. Compute 
model output with predictive mean and variance [(

x̂f
i + x̂b

i

)
,
(

σ̂f
i + σ̂b

i

)2
= pŴ (y)

]
 using model 

weights from estimated posterior Ŵi ∼ q (W). Conse-
quently, the minimization objective causes:

λ̄ (ϑ)
Bay Deep Bi−LST M

= 1
N

N∑
i=1

1
2σ̂2

i

∥∥∥xi −
(

x̂f
i + x̂b

i

)∥∥∥
2

+ 1
2

log
(

σ̂f
i + σ̂b

i

)2
� (21)

The loss avoids division by zero, therefore train the network 
to predict the log variance s = log σ̂2

i , for σ2
y numerical sta-

bility. The regression task implicitly learns in this method. 
Regressing unconstrained scalar values with exp (−st) an 
exponential mapping yielded a positive domain and valid 
variance.

λ̄ (ϑ)
Bay Deep Bi−LST M

= 1
2N

N∑
i=1


exp (−si)

(
xi − x̂f

i + x̂b
i

2

)2

+ si


� (22)

The term si regulates the exp (−si) to prevent unreserved 
decrease during training. The combined model's predictive 
uncertainty can be approximated as follows:

V ar (x) ≈ 1
T

T∑
t=1

(
x̂f

i + x̂b
i

)2
−

(
1
T

T∑
t=1

(
x̂f

i + x̂b
i

))2

︸ ︷︷ ︸
Epistemic (Model)

+ 1
T

T∑
t=1

(
σ̂f

i + σ̂b
i

)2

︸ ︷︷ ︸
Aleatoric (data)

� (23)

for each data point xi from a predictive model pŴi (yi) 
with Gaussian noise:

xi = pŴi (yi) + ∈, ∈∼ N
(
0, σ2)

. The likelihood of xi 
given pŴi (yi) is:

g
(

xi|pŴi (yi)
)

= 1√
2πσ

exp


−

∥∥∥xi − pŴi (yi)
∥∥∥

2

2σ2


 ,� (15)

Gaussian likelihood simplifies negative log-likelihood 
(Kendall and Gal 2017):

− log g
(

xi|pŴi (yi)
)

= 1
2σ2

∥∥∥xi − pŴi (yi)
∥∥∥

2
+ 1

2
log

(
2πσ2)

,� (16)

Averaging over N  samples − 1
N

N∑
i=1

log g
(

xi|pŴi (yi)
)

 

measures the model’s fit to the observed data. The Bayes-
ian regularization 1−p

2N ∥ϑ∥2 term arises from the variational 
Bayesian approximation of a Gaussian prior on the weights. 
In Bayesian inference, weights are assigned prior distribu-
tion as Gaussian W ∼ N

(
0, 1

λ I
)
. The loss function ̄λ (ϑ, p) 

combines:

λ̄ (ϑ, p) = − 1
N

N∑
i=1

log g
(

xi|pŴi (yi)
)

+ 1 − p

2N
∥ϑ∥2� (17)

where, N  and p denote the number of data points and drop-
out probability respectively, i is the sampled masked model 
weights and ϑ are the core distribution parameters to opti-
mize. The regularization term ensures that dropout masks 
approximate Bayesian inference by applying stochastic 
weight sampling, effectively treating dropout as a form of 
variational Bayesian inference. The total predictive uncer-
tainty is given by:

V ar (x) = E
q(W)

[
σ2 (y)

]
︸ ︷︷ ︸

Aleatoric

+ Vq(W) [E [x|W]]︸ ︷︷ ︸
Epistemic

� (18)

V ar (x) ≈ σ2 + 1
T

T∑
t=1

pŴi (y)T
pŴi (yt)

− E (x)T
E (x)

� (19)

where E (x) ≈ 1
T

T∑
t=1

pŴi (y). The predictive uncertainty 

term σ2 represents data noise, whereas the second term 
describes model parameter uncertainty. Tune the observa-
tion noise parameter σ to incorporate aleatoric uncertainty. 
Heteroscedastic aleatoric uncertainty considers that obser-
vation noise may vary with different input data, unlike 
homoscedastic uncertainty, which assumes constant noise 
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σ2 (Y ) = softplus (WY + b) = ln
(
1 + eWY +b

)
 are the 

W weights and b bias of the variance layer.

2.3.5  Variational autoencoder

A Variational Autoencoder (VAE) is unsupervised deep gen-
erative which improve computational efficiency and reduce 
model complexity. VAE is also used to reduce the input lay-
er's large dimensions when multiple time lags are considered 
and improve forecasting methods (Kaur et al. 2021). VAEs, 
widely employed in deep learning literature for dimension-
ality reduction (Bachhav et al. 2019), can improve Bayesian 
deep learning computing efficiency. VAEs use probabilistic 
encoders to reduce data dimensions (Kingma and Welling 
2013). VAEs have successfully detected faults and anoma-
lies in time-series energy data in power system applications 
using deep learning models (Wang et al. 2020). VAE uses 
Bayesian probability to teach neural networks complex data 
distribution from probabilistic latent variable spaces along 
with high dimensionality in the model parameters. VAE 
model structure is presented in Fig. 2. Encoder and decoder 
are in VAE. VAE encoders and decoders receive labels X as 
conditions. Encoder input is a concatenation of original data 
Y plus label information X, while output is unaltered. The 
encoder maps input data Y to latent space to get latent vari-
ables H. Using latent variables H and labels X, the decoder 
produces output Ŷ.

Instead of joint input variable distribution, VAE marginal 
likelihood can be calculated as:

where 
[(

x̂f
i + x̂b

i

)
,
(

σ̂f
i + σ̂b

i

)2
]T

t=1
 denotes a set of 

T  

samples to both forward and backward layers during infer-

ence outputs 
(

x̂f
i + x̂b

i

)
,
(

σ̂f
i + σ̂b

i

)2
= pŴt (y) for ran-

domly masked Bayesian weights Ŵt ∼ q (W) to capture 
epistemic uncertainty via variational dropout and aleatoric 
uncertainty average predictive variance across the samples.

2.3.4  Activation function

The activation function used in input first dense layer are 
ReLU (Rectified linear unit)f (Y ) = max (0, Y ). It does 
not activate all neurons at the same time, if the input is 
negative it will convert it to zero but another called Softp-
lus activation function is a smooth approximation of ReLU, 
specifically used for variance prediction to ensure that the 
predicted variance is always non-negative and never zero. 
The Softplus function is defined as:

softplus (Y ) = 1
β

· ln
(
1 + eβ.Y

)
, for β = 1� (24)

It is practically insignificant, but its subtle and analyti-
cally important advantage is that it never becomes zero 
for Y →  − ∞, whereas ReLU becomes zero for Y →  − ∞. 
Sigmoid (Y ) = 1

1+e−Y  to predict the mean, ensuring it lies 
in the range (0,1).

The output dense layer for mean predic-
tion µ (Y ) = σ (WY + b) and variance prediction 

Fig. 2  The model structure of 
Variational Autoencoder
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ELBO =
∫

H

qφ (H|Y, X) log
(

gϑ (Y, X, H)
qφ (H|Y, X) .gϑ (Y)

)
dH� (30)

=
∫

H

qφ (H|Y, X) log
(

gϑ (X|Y, H) gφ (H|Y) .gϑ (Y)
qφ (H|Y, X) .gϑ (Y)

)
dH

=
∫

H

qφ (H|Y, X) log
(

gϑ (H|Y)
qφ (H|Y, X)

)
dH

+
∫

H

qφ (H|Y, X) log gϑ (X|Y, H) dH

− DKL (qφ (H|Y, X) , gϑ (H|Y))
+ Eqφ [log gϑ (X|Y, H)] � (31)

Due to non-negativity of the KL divergence, the ELBO is 
a lower bound on the log-likelihood of the data. The mar-
ginal probability function can be maximized as the evidence 
lower bound. Thus, maximizing ELBO is:

arg max
qϑ,φ(H)

ELBO = max
ϑ,φ

[Eqφ [log gϑ (X|Y, H)]

−DKL (qφ (H|Y, X) , gϑ (H|Y))]
� (32)

In the Bayesian deep Bi-LSTM approach, the estimated 
posterior is a distribution qϑ,φ (H), not a weight sample. 
Weight parameters chosen from the ideal distribution have 
high dimensionality. VAE is integrated to encode posterior 
approximation's huge sample space into lower-dimensional 
space to solve this problem.

The estimated posterior qφ (H|Y, X) is assumed to be 
multivariate Gaussian with mean µYX and variance ΣYX. 
The KL divergence:

DKL (qφ (H|Y, X) , gϑ (H|Y))

=
∫

H

N (µYX, ΣYX) log N (µYX, ΣYX) /N (0, I) dH

= −1
2

T∑
t=1

(
1 + log

(
ΣT

YX
)2 −

(
µT

YX
)2 −

(
ΣT

YX
)2)

� (33)

With µT
YX and ΣT

YX as the sample mean and variance at 
t time, T = 1, 2, ..., t. VAE Bayesian Deep BiLSTM loss 
function second term represents likelihood of reconstructed 
data at decoder, while first term is KL divergence between 
approximated and real posterior distribution of latent vari-
able. VAE aggregated loss function:

gϑ (Y, X) =
∫

H

gϑ (H)gϑ (Y, X|H) dH� (25)

The latent variable prior gϑ (H) follows the Gaussian dis-
tribution with parameter ϑ. The marginal likelihood is 
unsolvable because H and ϑ are unknown. From input data 
(Y, X) , gϑ (H|Y, X) the latent variable gϑ (H) can be 
substituted. True posterior gϑ (H|Y, X) as:

gϑ (H|Y, X) = gϑ (H) gϑ (Y, X|H)
gϑ (H) � (26)

Variational inference is introduced here. The qφ (H|Y, X) 
Gaussian distribution with parameter φ (mean and variance) 
approximates real posterior distribution here (Kingma and 
Welling 2013).

Additionally, the marginal log-likelihood is:

log gϑ (Y|X) =
∫

H

qφ (H|Y, X) dH · log qφ (Y|X)� (27)

=
∫

H

qφ (H|Y, X) log gϑ (X|Y) dH

=
∫

H

qφ (H|Y, X) log gϑ (Y, X, H) /gϑ (H|Y, X) gϑ (Y) dH

=
∫

H

qφ (H|Y, X) log
(

gϑ (Y, X, H)
qφ (H|Y, X) gϑ (Y)

.
qφ (H|Y, X)
gϑ (H|Y, X)

)
dH

=
∫

H

qφ (H|Y, X) log
(

gϑ (Y, X, H)
qφ (H|Y, X) gϑ (Y)

)
dH

+
∫

H

qφ (H|Y, X) log
(

qφ (H|Y, X)
gϑ (H|Y, X)

)
dH

= ELBO + DKL (qφ (H|Y, X) , gϑ (H|Y, X))� (28)

where DKL (qφ (H|Y, X) , gϑ (H|Y, X)) is the Kull-
back–Leibler (KL) divergence of approximate posterior 
qφ (H|Y, X) and gϑ (H|Y, X) which is non-negative.

DKL (qφ (H|Y, X) ∥ gϑ (H|Y, X)) ≥ 0� (29)

and zero if, and only if, qφ (H|Y, X) equals to true posterior 
distribution. qφ (Y|X) is used to approximate gφ (Y|X). 
Variational inference's objective function was ELBO. Maxi-
mizing ELBO indirectly maximizes log likelihood. ELBO 
(evidence lower bound) is defined on log marginal probabil-
ity can be further written as:
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3  Experiments

The proposed model is evaluated using two univariate time 
series datasets from UCR archive or using the aeon tool-
kit to load the data directly from website for experiments. 
The performance is evaluated by comparing it with sequen-
tial deep learning and traditional methods respectively. 
The experiments are conducted on Google Colab utiliz-
ing Tensorflow and keras  for implementation. The Bayes-
ian inference components are integrated using Tensorflow 
probability.

3.1  Classification of univariate time series datasets

The UCR archive (Yanping et al. 2015) publicly avail-
able time series datasets. These datasets are differentiated 
according to the number of categories, dataset type, number 
of samples and length. The datasets are categorized as sen-
sor and simulated. Their characteristics are summarized in 
Table 1.

Here Fig.  3 show the earthquake classification using 
time series data, with high-magnitude major events in red 
and non-major events in blue. Figure 4 shows the synthetic 
control chart patterns as normal, cyclic, increasing trend, 
decreasing trend, upward shift and downward shift.

3.2  Data pre-processing

The data undergo preprocessing must be clean and normal-
ized to the same scale before training to ensure consistency 
and improve model performance. The min–max scalar is 
used to normalize data as:

λ̄ (ϑ, φ; Y, X) = −DKL (qφ (H|Y, X) , gϑ (H|Y))
+ Eqφ [log gϑ (Y|X, H)]

= 1
2

t∑
t=1

(
1 + log

(
ΣT

YX
)2 −

(
µT

YX
)2 −

(
ΣT

YX
)2)

+ 1
T

t∑
t=1

log gϑ

(
Y|X, HT

)
� (34)

where t is the sampling number and 
HT = µT

YX + ΣT
YX x ε,ε ∼ N (0, 1) is obtained by re-

parameterization, train and test the VAE-Bayesian deep 
BiLSTM model utilizing the loss function and evaluation 
metrics.

Table 1  Parameter details for time series classification dataset
Dataset Train 

size
Test 
size

Length Classes Type

D1: Earthquakes 139 322 512 2 Sensor
D2: Synthetic 
Control

300 300 60 6 Simu-
lated

D1: Earthquakes- A sensor dataset used for seismic event classifi-
cation, distinguishing between major and non-major seismic read-
ings. The data comes from the Northern California Earthquake Data 
Center, spanning from December 1, 1967, to 2003, with each reading 
representing average seismic activity recorded hourly. A major seis-
mic event is defined as any reading exceeding 5 on the Richter scale. 
Positive cases are defined as major events not preceded by another 
major event within at least 512 h, while negative cases are those with 
readings below 4 that are preceded by at least 20 non-zero readings 
within the same 512-h window. The dataset contains 86,066 hourly 
readings, resulting in 368 negative cases and 93 positive cases, with 
no temporal overlap between positive and negative instances (Bag-
nall et al. 2018)
D2: Synthetic Control- A simulated control charts synthetically 
generated by the process in Alcock and Manolopoulos (1999) of six 
different balanced classes’ chart patterns: normal, cyclic, increasing 
trend, decreasing trend, upward shift and downward shift

Fig. 3  Time series plot for major and non-major seismic earthquake events
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across all folds to provide a robust estimate of model per-
formance. For imbalanced datasets, stratification assures 
that each fold has the same class distribution as the original 
dataset. SMOTE balances class distribution in imbalanced 
datasets. Before SMOTE the original class distribution of 
D1 is ({0: 368, 1: 93}) and after SMOTE the class distribu-
tion becomes ({1: 368, 0: 368}) ensure a balanced dataset. 
All models are trained using the Adam optimizer (Kingma 
and Ba 2015) with initial 1e−3 and final learning rates 1e−4. 
The classification model was optimized using categorical 
cross-entropy loss function. We stopped early after patience 
10 epochs to avoid overfitting. Predictive uncertainty was 
estimated using prediction mean and standard deviation.

Y ′ = Y − Ymin

Ymax − Ymin
� (35)

This transformation ensures that all features are within 
range [0, 1], improving convergence during training. The 
proposed Bayesian deep Bi-LSTM (Variational Bayesian 
dropout and VAE), sequential deep learning and traditional 
methods have been tested on two datasets in Sect. 4. The 
optimal hyperparameters and number of deep Bi-LSTM, 
Bi-LSTM cells for data was found via Grid search 16, 32, 
64, 128, dropout rates [0.25–0.5] for Bayesian uncertainty 
estimation. During training and testing phase the number of 
epochs 100–200 using batch size of 16, 32. To evaluate the 
model robustly, we performed tenfold stratified cross-vali-
dation on the training set. Performance metrics (accuracy, 
precision, recall, F1-score and AUC-ROC) were averaged 

Fig. 4  Synthetic control chart pattern
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imbalance. Cross-validation shows that the model performs 
well (high mean score, low standard deviation), suggesting 
it would perform well on unseen data. Deep Bi-LSTM with 
variational Bayesian dropout is the better-performing model 
overall, especially on D2, where it achieves near-perfect 
metrics. The VAE performs well on D1 but is outperformed 
on D2. The choice of model may depend on the dataset. The 
specific comparison between baseline models as LSTM, 
LSTM-FCN, Bi-LSTM, Bi-LSTM Attention, ED, DTW, 
TSF and COTE and proposed models is given in Table 3. 
The metrics reported are  Accuracy,  Precision,  Recall, 
and F1-score.

It can be seen that for dataset 1 (D1), traditional machine 
learning models, such as ED (68.35%) and DTW (69.06%), 
show moderate accuracy, while ensemble-based models like 
TSF (79.56%) and COTE (79.66%) perform slightly bet-
ter. Sequential deep learning models outperform traditional 
methods, with LSTM (83.33%), LSTM-FCN (87.04%), 
and Bi-LSTM (85.19%) showing significant improvement. 
However, Bi-LSTM Attention (75.00%) performs worse 
than standard Bi-LSTM. The proposed Bayesian deep 
learning models achieve the highest accuracy, particularly 
Bayesian Bi-LSTM (87.04%), and Bayesian deep Bi-LSTM 
with variational Bayesian dropout with SMOTE (88.89%), 
outperforming all other models. The VAE with SMOTE 
(87.50%) also shows strong performance. For dataset 2 
(D2), traditional machine learning models perform well, 
with DTW (96.33%) achieving the highest accuracy among 
them. Sequential deep learning models further improve 
performance, with Bi-LSTM (93.33%) and LSTM-FCN 
(92.50%) achieving strong results. The proposed Bayesian 
deep learning models outperform all others, with Bayesian 
deep Bi-LSTM (98.33%) achieving the highest accuracy, 
followed by the VAE with SMOTE (97.50%). The Bayes-
ian Bi-LSTM (90.83%) and variational Bayesian dropout 
model (98.33%) also show superior performance compared 
to traditional and sequential deep learning models.

Bayesian uncertainty quantification further enhances 
performance by reducing overconfidence in predictions. 
The VAE component improves robustness by reducing 
high-dimensional noise. Overall, Bayesian deep learning 
models demonstrate the best performance for both datasets, 
particularly when combined with variational Bayesian drop-
out with SMOTE, which significantly boosts classification 
accuracy. The results highlight the effectiveness of Bayesian 
deep learning models in handling time series classification 

3.3  Class imbalanced SMOTE method

SMOTE addresses training data class imbalance. SMOTE 
creates minority class synthetic samples to balance class 
distribution. An imbalanced dataset can lead to a biased 
model that performs poorly on underrepresented classes, 
making this strategy useful in machine learning. Interpolat-
ing minority class samples creates synthetic samples with 
SMOTE. Non-duplicate synthetic samples are generated by 
this interpolation along the minority class samples' k-near-
est neighbors. The nearest neighbors for synthetic points 
are determined via k-neighbors. SMOTE manages synthetic 
sample variety by modifying k-neighbors, improving class 
decision bounds (Douzas et al. 2018).

Given a minority class sample Yi, SMOTE randomly 
selects one of its k-nearest neighbors, Yzi, ∀i ∈ (1, 2, ..., n) 
and n is the number of samples in the minority class. A syn-
thetic sample Ynew is then generated as:

Ynew = Yi + ξ (Yzi − Yi)� (36)

Here Yi is an original minority class sample, Yzi is a ran-
domly selected neighbor of Yi and ξ is a random number 
between 0 and 1.

4  Results and discussion

The proposed Bayesian deep Bi-LSTM model with varia-
tional Bayesian dropout and VAE are applied on both datas-
ets. To compare results effectiveness of four sequential deep 
learning and traditional machine learning models on UCR 
dataset, respectively. Model evaluation ensures the reliabil-
ity of predictive models by assessing performance on unseen 
data. Cross-validation, a resampling method, trains and 
tests a model on different data subsets to reduce overfitting 
(model performs well on training data but poorly on new, 
unseen data) and underfitting. The dataset has k folds, with 
k − 1 folds used for training and k folds used for validation. 
The results are averaged to provide a robust performance 
estimate as in Table  2. Cross-validation maximizes data 
usage and provides a more accurate measure of out-of-sam-
ple error, making it essential for reliable model evaluation, 
especially with limited data. Stratified k-fold cross-valida-
tion retains class proportions inside each fold. This is crucial 
for binary or multiclass classification problems with class 

Table 2  tenfold cross validation performance analysis of Bayesian Deep Bi-LSTM
Tenfold cross validation models Accuracy Precision Recall F1-score AUC
Bayesian deep
Bi-LSTM

Variational Bayesian Dropout D1 0.8050 ± 0.0926 0.8227 ± 0.0950 0.8050 ± 0.0926 0.8016 ± 0.0947 0.8860 ± 0.0788
D2 0.9600 ± 0.0318 0.9656 ± 0.0271 0.9600 ± 0.0318 0.9595 ± 0.0324 0.9967 ± 0.0047

Variational autoencoders D1 0.8250 ± 0.0848 0.8601 ± 0.0896 0.8677 ± 0.0782 0.8062 ± 0.0621 0.8486 ± 0.0858
D2 0.8750 ± 0.0336 0.8873 ± 0.0301 0.8750 ± 0.0332 0.8740 ± 0.0341 0.9843 ± 0.0076
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Fig. 5 the model shows promising results with good gener-
alization and no significant signs of overfitting.

In Fig. 6, the model shows good performance on a poten-
tially imbalanced dataset after applying SMOTE. There's 
more variability across folds, suggesting some sensitivity 
to data splits in D1. Model demonstrates outstanding per-
formance with near-perfect classification capabilities. The 
tenfold cross-validation indicates that this performance 
is robust and generalizes well across different data splits. 
The narrow confidence interval suggests a high degree of 
certainty in the model’s performance estimate. In simpler 
terms, this visualization tells us that the model is remark-
ably good at whatever classification task it was trained for. 
It's highly accurate, consistent, and reliable in D2.

5  Conclusion

Time series classification is a pivotal task across diverse 
domains, necessitating models capable of capturing the 
temporal dependencies and complexities of sequential 
data. This study focused on UCR, the largest time series 

tasks, particularly when combined with data augmentation 
techniques like SMOTE.

The Table 4 shows aleatoric uncertainty is significantly 
higher than epistemic uncertainty, indicating that the primary 
source of uncertainty arises from data variability rather than 
the model’s confidence in its predictions. Variational Bayes-
ian dropout model demonstrates lower total uncertainty in 
D1 and D2, suggesting that it provides more stable and reli-
able predictions compared to the VAE model. D2 has lower 
aleatoric uncertainty compared to D1, indicating that it is a 
cleaner and more structured dataset, whereas D1 has more 
inherent noise, leading to higher overall uncertainty. In 

Table 3  Performance analysis of Bayesian deep Bi-LSTM and comparison with baseline models
Models Datasets Accuracy Precision Recall F1-score
Traditional 
machine learning

Euclidean distance (ED) D1 0.6835 0.6274 0.6835 0.6479
D2 0.8917 0.9049 0.8917 0.8739

Dynamic time warping (DTW) D1 0.6906 0.6106 0.6906 0.6385
D2 0.9633 0.9663 0.9633 0.9632

Time series forest (TSF) D1 0.7956 0.7331 0.7956 0.7051
D2 0.9250 0.9247 0.9250 0.9242

Collective of transformation 
ensembles (COTE)

D1 0.7966 0.7361 0.7966 0.7061
D2 0.9001 0.9006 0.9000 0.8976

Sequential deep 
learning

Long-short-term-memory (LSTM) D1 0.8333 0.8338 0.8333 0.8333
D2 0.8417 0.8900 0.8417 0.8254

Fully convolutional net-
work + LSTM (LSTM-FCN)

D1 0.8704 0.8835 0.8704 0.8692
D2 0.9250 0.9290 0.9250 0.9246

Bidirectional-LSTM (Bi-LSTM) D1 0.8519 0.8538 0.8519 0.8516
D2 0.9333 0.9427 0.9333 0.9313

Bi-LSTM attention D1 0.7500 0.7600 0.7500 0.7333
D2 0.8500 0.8249 0.8500 0.8335

Bayesian deep 
learning (Proposed)

Bayesian Bi-LSTM D1 0.8704 0.8750 0.8704 0.8700
D2 0.9083 0.9166 0.9083 0.9085

Bayesian deep 
Bi-LSTM

Variational 
Bayesian drop-
out (without 
SMOTE)

D1 0.8000 0.8107 0.8000 0.8033

(with SMOTE) 0.8889 0.9091 0.8889 0.8875
D2 0.9833 0.9837 0.9833 0.9831

Variational 
Autoencoder 
(without 
SMOTE)

D1 0.8250 0.8846 0.8519 0.8679

(with SMOTE) 0.8750 0.8929 0.9259 0.9091
D2 0.9750 0.9769 0.9756 0.9759

Table  4  Epistemic and aleatoric uncertainties for the Bayesian deep 
Bi-LSTM
Models Epistemic Aleatoric Total 

Uncertainty
Bayes-
ian deep 
Bi-LSTM

Variational 
Bayesian 
Dropout

D1 0.009198 0.078390 0.087588
D2 0.006863 0.102680 0.109543

Variational 
Autoencoder

D1 0.008660 0.159582 0.168243
D2 0.003290 0.095758 0.099048
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to higher overall uncertainty. While the proposed model 
achieves high accuracy, a few limitation remains: compu-
tational complexity, limited dataset and advance Bayesian 
techniques. Future work should focus on expanding dataset 
coverage, integrating Transformer based architectures and 
optimizing Bayesian inference techniques.

dataset repository, was utilized to demonstrate TSC task 
applicability.

Traditional models fail to model sequential dependencies 
and cannot quantify uncertainty. Deep learning models also 
lack uncertainty estimation. The proposed Bayesian deep Bi-
LSTM models provides more robust, interpretable and gen-
eralizable performance for both datasets, particularly when 
combined with variational Bayesian dropout with SMOTE, 
which significantly boosts classification accuracy. The 
results highlight the effectiveness of Bayesian deep learn-
ing models in handling time series classification tasks, par-
ticularly when combined with data augmentation technique 
SMOTE. Variational Bayesian dropout model demonstrates 
lower total uncertainty in both datasets, suggesting that it 
provides more stable and reliable predictions compared to 
the VAE model. D2 has lower aleatoric uncertainty com-
pared to D1, indicating that it is a cleaner and more struc-
tured dataset, whereas D1 has more inherent noise, leading 

Fig. 5  Visualizing training and validation accuracy and loss curves during model training for D1 and D2
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Fig. 6  ROC curve balances true positive and false positive rates. AUC values indicate model performance, with higher values showing class dis-
crimination. The diagonal line reflects random classifier performance. This model predicts well with AUC for D1 and D2
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