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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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Figure1: 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 years, 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 

them well-suited for temporal modeling. 
 

 
 

 

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 

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

 
Review of Literature: 
 

 
 

 
 

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. 

 
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. 

 
Attribute Description 
Data Type Multivariate Time Series 
Format CSV (Comma-Separated Values) 
Number of Records 500 time steps 
Number of Features 5 (feature_1 to feature_5) 
Feature Type Continuous, real-valued 

Figure4: Proposed Model 

 

 

 

 

 
Figure5: Sample of the Preprocessed 
Multivariate Time Series Dataset 
(Shape: 500×5) 

 
 

Table 2: shows the structure and 
characteristics of the dataset used in our 
study. 
 

 

 

This table shows the first five rows of the 

normalized multivariate time series 

dataset after MinMax scaling. Each 

column represents a distinct feature 
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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. 

 

 
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. 
 
 
 
 

 
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. 
 

 
 
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). 

 

 

 
 

 

Figure8: Summary of the LSTM-
Autoencoder Model Architecture 

 

 

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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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. 
 

 

 

 
Figure10: 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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Figure11: 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 

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. 

 

 

 

 

 
 

 

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. 

 

 
Figure15: Heatmap showing inter-feature 

correlations, which justify the use of a 

multivariate approach to capture 

temporal dependencies. 
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