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Abstract

In today's data-driven environments,
detecting anomalies in multivariate time
series data is crucial across various
domains, including healthcare,
manufacturing, and finance. Traditional
statistical methods often fail to capture
complex temporal and inter-variable
relationships inherent in such datasets.
This research proposes a hybrid deep
learning framework that combines
autoencoders and Long Short-Term
Memory (LSTM) networks to perform
unsupervised anomaly detection. The
Autoencoder is used for dimensionality
reduction and feature extraction, while
the LSTM captures temporal
dependencies to predict and reconstruct
the time series. Anomalies are identified
based on deviations in reconstruction
error. The model is evaluated on publicly
available multivariate datasets and
demonstrates superior accuracy and
robustness compared to standalone
models and conventional anomaly
detection techniques. The proposed
approach offers a scalable and domain-
adaptive solution suitable for real-time
monitoring and decision support systems.
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Introduction

In the era of Industry 4.0 and intelligent
systems, massive volumes of time series
data are being generated continuously by
sensors, devices, and information systems
across multiple domains such as
manufacturing, healthcare, finance,
transportation, and cybersecurity. These
time series are often multivariate in
nature, capturing multiple correlated
variables evolving over time. Detecting
anomalous patterns in such data streams
is essential for identifying equipment
malfunctions, medical emergencies, fraud
attempts, or abnormal market behavior.
However, anomaly detection in
multivariate time series data presents
substantial challenges due to the
complexity of variable dependencies,
temporal correlations, non-stationarity,
and noise.
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Figurel: Anomaly Detection

Traditional anomaly detection techniques
such as statistical control charts, rule-
based systems, and basic machine
learning models (e.g., isolation forest, k-
means clustering, or PCA) often fall short
in modeling the intricate, nonlinear, and
temporal dependencies present in real-
world multivariate time series. These
methods are generally designed under
simplifying  assumptions  such as
independence between variables,
linearity, or fixed time windows, making
them inadequate for evolving and
dynamic systems.

In recent vyears, deep learning has
emerged as a powerful tool for learning
complex representations from large
datasets  without manual feature
engineering. Specifically, Autoencoders
and Long Short-Term Memory (LSTM)
networks have shown promise in anomaly
detection. Autoencoders are unsupervised
neural networks trained to reconstruct
input data; high reconstruction errors
indicate that the input deviates
significantly from the learned normal
patterns. Meanwhile, LSTM networks are
capable of capturing long-term
dependencies in sequential data, making
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them well-suited for temporal modeling.
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Figure2: How LSTM Unit Works

This research proposes a hybrid
framework that integrates the strengths
of Autoencoders and LSTM networks to
detect anomalies in multivariate time
series. The proposed model uses an
encoder-decoder architecture, where the
Autoencoder component compresses the
high- dimensional data into a latent
representation, and the LSTM component
captures the temporal evolution of these
latent features. The network is trained on
data representing normal behavior so
that any deviation from expected
patterns results in higher reconstruction
error, which can then be flagged as an
anomaly.
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Figure3: How Autoencoder Works

The hybrid model is evaluated using
publicly available datasets such as the
NASA bearing dataset, Yahoo Webscope
S5, and SWaT (Secure Water Treatment)

datasets. Evaluation metrics include
precision, recall, F1-score, and area under
the ROC curve (AUC). Comparative
analysis  with  traditional statistical
methods and standalone LSTM or

Autoencoder models is conducted to
highlight the superiority of the proposed
method in terms of both detection
accuracy and robustness to noise.

The novelty of this work lies in its ability
to handle high-dimensional, temporally
correlated, and noisy time series data
without requiring labeled anomalies—a
scenario common in many real-world
applications. Furthermore, the proposed
model can be adapted to different
domains with minimal configuration,
making it a versatile solution for anomaly
detection.

By addressing the limitations of existing
methods and leveraging the power of
deep neural architectures, this research
31035|Page

contributes

to the development of
scalable, intelligent, and reliable anomaly
detection systems critical for modern
data-centric infrastructures.

Review of Literature:

S.No. | Authors Technique Used Dataset /'] Key Findings
(Year) Domain
1 Malhotra et | LSTM-Based Engine  sensor | Demonstrated that LSTM-
al. (2016) Encoder-Decoder data based reconstruction can
effectively detect
anomalies[1].
2 Zhao et al | LSTM-VAE SMD  (Server | Achieved high anomaly
(2019) Machine detection accuracy using a
Dataset) variational  autoencoder
[2].
3 Hundman et | LSTM Forecasting | NASA LSTM  with  adaptive
al (2018) + Thresholding spacecraft thresholding improved
telemetry anomaly localization [3].
4 Xu et al | OmniAnomaly SWaT. WADI, | Integrated stochastic
(2018) (Stochastic VAE + | SMD modeling with LSTM for
LSTM) robust multivariate
detection [4]
5 Su et al | Robust Yahoo Combined sequence
(2019) Autoencoder + | Webscope 85, | modeling and
GRU KPI reconstruction  error  for
scalable detection [5]
[ Audibert et | USAD NAB. Yahoo, | Introduced an adversarial
al. (2020) (UnSupervised SMD autoencoder with strong
Anomaly unsupervised performance
Detection) [6].
7 Chen et al | MSCRED Cloud Used multiscale CNN and
(2021) (Convolutional infrastructure LSTM for fine-grained
Recurrent) metrics spatial-temporal anomalies
8 Bontemps et | Isolation Forest Simulated Fast and efficient but
al. (2016) multivariate struggled with temporal
series dependencies [8].
9 Li et al | Transformer-Based | Industrial Demonstrated
(2021) Time Series Model | sensors, KPI | Transformer’s  attention
data effectiveness in temporal
anomalies [9].
10 Ren et al [ DAGMM KDD99, SWaT | Hybrid latent
(2019) (Autoencoder + representation learning and
GMM) clustering-based detection
[10].
11 Ahmed et al. | Survey of ML | General Time | Provided a taxonomy of
(2017) Methods Series statistical and machine
learning anomaly
techniques [11].
12 Munir et al | LSTM + CNN | Energy and | Achieved robust results by
(2019) Hybrid occupancy data | combining spatial  and
temporal modelling [12].
13 Lavin & | HTM (Hierarchical | NAB dataset Evaluated real-time
Ahmad Temporal Memory) anomaly detection
(2015)
capabilities in streaming
data [13].
14 Pereira & | PCA and | ECG & medical | Autoencoder
Silveira Autoencoder time series outperformed PCA  in
(2018) Comparison high-dimensional anomaly
detection [14].
15 Park et al. | GDN (Graph | SWaT, WADI Modeled variable
(2020) Deviation Network) correlations using graph
neural  networks  for
accuracy[ 15].

Table 1: Review of Literature.
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3. Research Methodology: This section
outlines the step-by-step approach
adopted for anomaly detection in
multivariate time series using a hybrid
Autoencoder-LSTM model. The
methodology  consists of  dataset
preparation, preprocessing, sequence
transformation, model architecture
design, and reconstruction-based
anomaly detection.
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Figured: Proposed Model

Data shape: (50@, 5)

Out[1]:
feature_1 feature_2 feature_} feature_4 feature 5

Vol. 3 Issue 1, January 2026, pp. 31033-31042
ISSN: 3049-3129(Online)

3.1 Dataset Collection

The dataset used in this study is a
synthetically generated multivariate time
series, comprising five features over 500
time steps. Anomalies were injected at
random time intervals to simulate realistic
deviations. The dataset is saved in CSV
format

(synthetic_multivariate_timeseries.csv)
and loaded using Python for analysis.

0049671 0.934089 1.049233 0218956 -0.824320
0026243 1.053386 0934356 0046220 0796838

0
1
2 0144843 0742177 0579018 -0.020426 -0.885954
3 0272254 0956502 0788121 0.021013 -0.860540
4

0136219 0.851867 0.9010286 -0.035745 -1.040803

Figure5: Sample of the Preprocessed
Multivariate Time Series Dataset
(Shape: 500x5)
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Attribute Description
Data Type Multivariate Time Series
Format CSV (Comma-Separated Values)

Number of Records | 500 time steps

Number of Features| 5 (feature_1to feature_5)

Feature Type Continuous, real-valued

Sampling Frequency | Regular interval (synthetic, no timestamp column by default)

Injected Anomalies | 10 randomly chosen time steps

Anomaly Type Additive noise spikes (random high-magnitude values added)

Preprocessing MinMax normalization (range: 0 to 1)

Target Variable Unsupervised (no explicit label column, anomalies detected via
threshold)

Sequence Length | 30 (for LSTM sequence modeling)

Input  Shape to
Model

(30 time steps, 5 features)

Table 2:
characteristics
study.

shows the

structure and
of the dataset used in our

This table shows the first five rows of the

normalized multivariate time
after
represents a distinct feature

dataset
column
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MinMax scaling. Each
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(feature_1 to feature_5), and each row
corresponds to a single time step.
Normalization ensures that all features
are on the same scale, which improves
model training and convergence in LSTM-
based architectures.

3.2 Data Preprocessing

All feature values are normalized using
MinMaxScaler to ensure uniform scale

and facilitate LSTM training.
Normalization  helps mitigate  bias
introduced by varying feature
magnitudes.

out[2]:

feature_1 feature_2 feature 3 feature_4 feature 5

0159333 0273624 0336013 0181735 0.061993
0.156356 0.291473 0.326531 0.160756 0.065810
0171425 0250127 0.311132  0.152653 0.053441
0187615 0278601 0297844 0157681 0.056968

T

0170330 0264700 0314349 0150791 0.031948

Figure6: Sample of the
Scaled Input Sequence for
LSTM Model Training

This table displays a sample from the time
series sequences generated for LSTM
input. Each row represents one time step
within a sequence window, and each
column corresponds to a scaled feature.
These sequences are crucial for capturing
temporal dependencies in multivariate
time series forecasting and anomaly
detection task.
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3.3 Sequence Framing

Since LSTM networks expect sequential
input, the normalized data is framed into
overlapping sequences. Each sequence
consists of 30 continuous time steps
across all features.

X shape: (478, 30, 5)

Figure7: Shape of the Input Data Tensor
for LSTM Model

The shape (470, 30, 5) indicates that the
input tensor comprises 470 time series
sequences, each consisting of 30 time
steps and 5 features. This structured
format is essential for training the LSTM-
based anomaly detection model with
attention mechanisms, capturing
temporal patterns and multivariate
interactions effectively.

3.4 Model Architecture: Autoencoder
with LSTM

A hybrid deep learning architecture is
designed using an Autoencoder
framework with stacked LSTM layers for
both encoding and decoding. This setup
captures temporal dependencies while
enabling reconstruction-based anomaly
detection. The model minimizes mean
squared error (MSE) between input and
reconstructed output.
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The model architecture utilized in this
research is a stacked LSTM-based
sequence-to-sequence autoencoder. It
learns to compress input sequences into
latent representations and reconstruct
them, allowing reconstruction errors to
be used for anomaly detection.

The encoder consists of two LSTM layers
with 64 and 32 units respectively. The
decoder mirrors this structure and
includes a RepeatVector to match the
sequence length, followed by symmetric
LSTM layers and a TimeDistributed dense
output.

The model is compiled using the Adam
optimizer and mean squared error (MSE)
loss. The final input shape for the model
is (30 time steps, 5 features).

WARNING: tensorflon:From C:\Users\HP\anaconda3\Lib\site-packages \keras\src\loss:
cross_entropy is deprecated. Please use tf.compat.vl. losses.sparse softmax cros_entropy instead.

WARNTNG: tensorflon: From C:\Users\HP\anaconds3\Lib\site-packages \keras\sre\backend.py:1398: The name tf .executing eagerly out

side functions is deprecated. Please use tf.compat.v].executing eagerly outside functions instead.

HARNTNG: tensorflon: From C:\Uis
mizer is deprecated. Please use tf.compat.vl.train.Optinizer instead.

Modzl: "model”

Lajer (type) autput Shape Paran ¢
dnput 1 {Inputlayer) [(Hore, 38, 5)] [

Istn (LSTH) (hone, 38, 64) 1750
Istn 1 (LSTH) (hone, 32) 12415
repeat vector (RepeatVecto (None, 39, 32) [}

0

Istn 2 (LSTH) (ore, 38, 32) 522
Istn 3 (LSTH) (hone, 38, 64) 43
tine distributed (Tineist (None, 39, 5) ki

ributed)

Total parans: 63813 (249.27 kB)
Trainable params: 63813 (249.27 KB)
Mon-trainable parans: @ (8.06 Byte)

Figure8: Summary of the LSTM-
Autoencoder Model Architecture
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The model comprises an encoder-decoder
structure built using LSTM layers. The
encoder compresses the input sequence
into a latent representation, and the
decoder reconstructs it using a
RepeatVector followed by LSTM layers
and a TimeDistributed output. The
architecture has a total of 63,813
trainable parameters, designed to
capture temporal dependencies and
detect anomalies via reconstruction error.

4. Implementation: This section outlines
how the LSTM Autoencoder model was
trained and evaluated using the prepared
time-series dataset.

4.1 Model Training

The LSTM Autoencoder model was
trained using the full dataset X for both
input and output, aligning with its
reconstruction objective. The model was
trained for 10 epochs with a batch size of
32 and a validation split of 10%. This
configuration allows the model to learn
latent representations of normal patterns
for anomaly detection.
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Epoch 1/18

LARNTNG: tensorflow: From C: \Users\HP\anaconda3\Lib\site-packages\keras\src\utils\tf_utils.py:492: The name tf.ragge

nsorValue is deprecated. Please use tf.compat.vl.ragged.RaggedTensorValue instead.

=] - 165 273ns/step - loss: 0.0273 - val loss: 0.6140

=] - 15 57ms/step - loss: 0.0149 - val_loss: @.0114
Epoch 3/18
14/14 [s=ms=mmsssmssssmzsmmzsmzes=s
Epoch 4/18

- 15 7ins/step - loss: 8.0125 - val_loss: 8.0097

=] - 15 65ms/step - loss: @.0115 - val loss: 8.0089

=] - 1s 64ns/step - loss: 0.0189 - val_loss: 8.0086
Epoch 6/10
14/14 [s=ms=mmmmsmesssmmsmmzammasas
Epoch 7/18
1414 |
Epoch §
1414 |
Epoch 9/18
14/14 [====zzze=zzzmsszzmszmmzsz=sses
Epoch 10/10
U[14 [==mmmmmmmmmmmmzmmmzmm=zzmmzz==

- 1s 64ns/step - loss: 0.0104 - val_loss: .0884

=] - 15 64nms/step - loss: @.0101 - val_loss: @.0080

=] - 1s 66ms/step - loss: 0.0098 - val_loss: 8.0077

- 15 65ms/step - loss: 0.0096 - val loss: 8.0074

- 15 b4ms/step - loss: 0.0094 - val_loss: @.0072

0ut[S]: <keras. src.callbacks.History at @x291925F7900>

Figure9: Model Training Progress (Loss vs.
Validation Loss over 10 Epochs)

The figure presents the training and
validation loss of the LSTM-Autoencoder
model across 10 epochs. A consistent
decline in both loss metrics indicates that
the model successfully learned to
reconstruct the input data, suggesting
effective training and minimal overfitting.
Final training loss reached 0.0094, and
validation loss 0.0072, which is favorable
for reliable anomaly detection.

4.2 Reconstruction Error and Anomaly
Detection

To identify anomalies, the trained LSTM
Autoencoder was used to reconstruct the
input sequences. The model’s
performance was evaluated by calculating
the reconstruction error, defined as the
mean absolute difference between the
original and reconstructed inputs for each
time window.
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Figurel0: Model Inference Result —
Number of Detected Anomalies

The figure displays the final anomaly
detection result after running the trained
LSTM- Autoencoder model on the input
data. The model successfully identified 24
anomalous sequences, indicating
potential  deviations from  normal
behavior. This quantitative output
demonstrates the model's capability to
isolate  unusual patterns in the
multivariate time series dataset.

5. Result and Discussion

As shown in below Figure , the
reconstruction error remains below the
defined threshold for most time steps,
indicating normal behavior. However,
several spikes in error exceed the
threshold,

corresponding to detected anomalies.
These  outliers suggest  significant
deviation from the learned normal
patterns, affirming the model's ability to
detect abnormal events in the multivariate
time series data.
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Reconstruction Error Over Time

0144 A — Reconsiuction Emor
==+ Threshold

Time Step

Figurell: Anomaly Timeline Plot (Overlay
on Original Data)

This diagram displays the original time
series signal (blue line) alongside the
detected anomalies (red dots). Anomalies
were determined using a reconstruction
error threshold based on the 95th
percentile. This visual aid helps in
understanding how well the model
identifies unusual behaviors in the signal

Anomaly Detection in Time Series

v M | T |
™ M W, ) "
h% o |
' M Wy

o

over time, allowing for intuitive
interpretation of temporal outliers.

Figure 12: Anomalies (red markers)
overlaid on the original time series signal
clearly indicate deviations from
expected patterns.
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Model Loss over Epochs

Training Loss
— 1
0.0090 Validation Loss

0.0085 A
@A 0.0080 1
3

0.0075 A
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Epoch

Figure 13: The training and validation loss
curves show consistent convergence,
indicating effective learning without
overfitting.
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Figure 14: Histogram of reconstruction
errors with the 95th percentile threshold
line shows a natural cutoff between
normal and anomalous observations.

Feature Correlation Heatmap
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Figurel5: Heatmap showing inter-feature
correlations, which justify the use of a
multivariate approach to capture
temporal dependencies.
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