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Abstract

Advanced signal processing techniques are critical in the early
detection and classification of cardiac abnormalities. This study
addresses the challenge of detecting QRS-complexes and classifying
arrhythmias in embedded systems. Traditional methods often struggle
with high false detection rates and computational inefficiencies. Our
approach leverages Long Short-Term Memory (LSTM) networks to
enhance detection accuracy and classification performance by
integrating hybridized features from electrocardiogram (ECG) signals.
We propose a novel framework that combines time-domain features
with  frequency-domain  characteristics,  optimizing  signal
preprocessing and feature extraction. The LSTM model was trained on
a dataset of 10,000 ECG records, achieving a QRS detection accuracy
of 98.5% and an arrhythmia classification accuracy of 95.3%. Our
embedded system implementation demonstrates real-time processing
capabilities with a latency of 32 milliseconds per signal. The results
indicate substantial improvements in both detection precision and
classification reliability, making our system a robust solution for
embedded cardiac monitoring applications.
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1. INTRODUCTION

Cardiovascular diseases remain a leading cause of mortality
worldwide, making early and accurate detection crucial for
effective intervention. Electrocardiogram (ECG) monitoring is a
widely used method for diagnosing heart conditions by analyzing
the electrical activity of the heart [1]. Among the key features in
ECG signals, the QRS complex represents the rapid
depolarization of the ventricles and is critical for assessing cardiac
rhythm and detecting arrhythmias. Advances in signal processing
and machine learning have significantly enhanced ECG analysis,
yet challenges persist in implementing these techniques
effectively in embedded systems [2].

The primary challenge in ECG signal analysis lies in
distinguishing the QRS complex from other signal components,
particularly in noisy environments. Conventional algorithms
often face limitations in accuracy and speed, particularly when
dealing with diverse and irregular ECG patterns [3]. Furthermore,
embedded systems used for real-time monitoring require
algorithms that are both computationally efficient and capable of
delivering high accuracy. The complexity of arrhythmia
classification further compounds the problem, as it involves
identifying various abnormal heart rhythms from the QRS
complex and other ECG features [4]. Achieving high performance

in both detection and classification while maintaining low latency
and computational efficiency is a significant challenge.

Despite advancements in signal processing, existing methods
for QRS detection and arrhythmia classification in embedded
systems often suffer from high false positive rates and limited
real-time performance. Traditional techniques may struggle to
adapt to different signal characteristics and noise levels, leading
to reduced accuracy in practical scenarios [5]. There is a need for
amore robust approach that integrates advanced signal processing
with machine learning techniques to improve detection accuracy
and classification reliability while ensuring feasibility for
embedded system implementation.

The primary objectives of this study are:

» To develop an advanced signal processing framework for
accurate QRS complex detection and arrhythmia
classification.

* To integrate Long Short-Term Memory (LSTM) networks
with hybridized features from ECG signals for improved
classification performance.

* To design and implement an embedded system capable of
real-time ECG monitoring with enhanced detection accuracy
and classification reliability.

* To evaluate the proposed system performance in terms of
detection accuracy, classification accuracy, and processing
latency.

This study introduces several novel aspects in the domain of
ECG signal processing. First, it combines time-domain and
frequency-domain features to create a comprehensive set of
hybridized features for LSTM-based analysis. This approach
leverages the strengths of both domains to improve the robustness
of feature extraction. Second, the integration of LSTM networks
with these hybridized features offers enhanced temporal and
contextual understanding of ECG signals, addressing limitations
in conventional methods. Finally, the implementation of the
proposed framework in an embedded system demonstrates real-
time processing capabilities, bridging the gap between advanced
signal processing techniques and practical applications.

The main contributions of this study are:

 Development of a novel hybridized feature extraction
method that integrates time-domain and frequency-domain
characteristics for improved QRS complex detection and
arrhythmia classification.

« Application of LSTM networks to enhance the accuracy and
reliability of ECG signal analysis in embedded systems.

« Implementation of a real-time ECG monitoring system with
demonstrated performance improvements, including a QRS
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detection accuracy of 98.5% and an

classification accuracy of 95.3%.

« Provision of a robust solution that balances detection
accuracy, classification reliability, and computational
efficiency, suitable for practical embedded system
applications in cardiac health monitoring.

arrhythmia

2. RELATED WORKS

The analysis of ECG signals for QRS complex detection and
arrhythmia classification has been an area of active research,
leveraging various techniques from traditional signal processing
to advanced machine learning models [5].

Early methods for QRS detection primarily relied on signal
processing algorithms such as the Pan-Tompkins algorithm,
which uses a combination of bandpass filtering, differentiation,
and thresholding to identify QRS complexes in ECG signals. The
Pan-Tompkins method is known for its robustness and accuracy
but can struggle with noisy signals and varying heart rates [6].
Later approaches improved upon this by introducing more
sophisticated filtering techniques and adaptive thresholding to
enhance detection accuracy under diverse conditions.

In the realm of feature extraction, techniques have evolved to
incorporate both time-domain and frequency-domain features.
Time-domain features typically include QRS duration, RR
intervals, and morphological characteristics of the QRS complex
[7]. Frequency-domain features often involve spectral analysis to
capture the periodicity and rhythm of the ECG signal. Methods
like the Fast Fourier Transform (FFT) and Wavelet Transform
have been employed to analyze frequency components and detect
anomalies. However, these traditional methods often fall short in
handling complex arrhythmias and varying signal quality [8].

With the rise of machine learning, researchers have explored
various algorithms for ECG signal classification. Support Vector
Machines (SVM) and Random Forests have been utilized to
classify arrhythmias based on extracted features. These models
offer improved classification performance over traditional
methods but require significant feature engineering and are
sensitive to the quality and quantity of training data [9].

More recent advances involve deep learning techniques,
which automate feature extraction and classification.
Convolutional Neural Networks (CNNs) have shown promise in
directly learning features from raw ECG signals. The
effectiveness of CNNs in ECG classification, achieving high
accuracy in detecting arrhythmias. However, these models can be
computationally intensive and may not always translate well to
real-time embedded systems [10].

LSTM networks, a type of Recurrent Neural Network (RNN),
have been increasingly applied to ECG signal analysis due to their
ability to capture temporal dependencies in sequential data. For
instance leverage LSTMs to improve arrhythmia classification by
focusing on the temporal dynamics of ECG signals. LSTMs are
effective in handling varying heart rates and complex patterns but
require extensive training data and computational resources,
posing challenges for real-time implementation.

Recent research has explored hybrid models that combine
traditional signal processing with deep learning techniques. The
frameworks that integrate time-domain and frequency-domain
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features with LSTM or CNN models to enhance classification
performance. These approaches demonstrate improved accuracy
and robustness but often face challenges in balancing complexity
and computational efficiency.

While significant advancements have been made in ECG
signal processing and arrhythmia classification, challenges
remain in achieving high accuracy and real-time performance in
embedded systems. This study builds upon existing research by
integrating advanced signal processing with LSTM networks and
hybridized features to address these challenges effectively.

3. FAST FOURIER TRANSFORM (FFT)

The Fast Fourier Transform (FFT) is a mathematical
algorithm used to compute the Discrete Fourier Transform (DFT)
of a signal efficiently. The DFT transforms a time-domain signal
into its frequency-domain representation, which reveals the signal
frequency components and their amplitudes. In ECG signal
processing, FFT is utilized to analyze the frequency
characteristics of the ECG signal, enabling the identification of
periodic components and anomalies that may indicate
arrhythmias.

The working of FFT involves decomposing the ECG signal
into a sum of sinusoids with varying frequencies, amplitudes, and
phases. This is achieved by performing a series of complex
multiplications and additions, which can be done efficiently using
the Cooley-Tukey algorithm—a divide-and-conquer approach.
By converting the signal into the frequency domain, FFT allows
for the identification of dominant frequencies and patterns that are
not easily discernible in the time domain. For example, FFT can
help detect the frequency components associated with different
types of arrhythmias, such as atrial fibrillation or ventricular
tachycardia.

FFT computational efficiency, with a complexity of
O(NlogN), makes it suitable for real-time applications. However,
it assumes that the signal is stationary and periodic, which may
not always be the case with ECG signals. Therefore, while FFT
provides valuable insights into the frequency characteristics of
ECG signals, it may not capture transient or non-stationary
features effectively.

4. WAVELET TRANSFORM

Wavelet Transform is a versatile tool for analyzing signals
with non-stationary and transient characteristics. Unlike FFT,
which provides a global frequency representation, the Wavelet
Transform offers a time-frequency analysis, making it particularly
useful for signals that exhibit varying frequency content over
time. In ECG signal processing, Wavelet Transform helps in
detecting features and anomalies that occur over short durations,
which is critical for accurate QRS detection and arrhythmia
classification.

The Wavelet Transform works by decomposing the ECG
signal into components at different scales and positions using a
set of wavelets, which are functions localized in both time and
frequency domains. This is achieved through the continuous
Wavelet Transform (CWT) or the discrete Wavelet Transform
(DWT). The CWT provides a continuous representation of the
signal across all scales, while the DWT uses discrete scales and
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positions for a more compact representation. The choice of
wavelet function, such as the Haar, Daubechies, or Symlets
wavelet, influences the transform ability to capture different
signal features.

Wavelet Transform ability to analyze signals at multiple
resolutions allows it to detect transient events and local anomalies
in ECG signals. For instance, it can identify subtle changes in the
QRS complex or isolate artifacts from the ECG signal, which are
crucial for accurate diagnosis. The multi-resolution nature of
Wavelet Transform makes it particularly effective for detecting
arrhythmias that may manifest as short-lived or irregular patterns.
While FFT provides a broad frequency-domain view of the ECG
signal, Wavelet Transform offers a detailed time-frequency
representation, capturing transient and non-stationary features.
Combining these two techniques allows for a comprehensive
analysis of ECG signals, enhancing the accuracy and robustness
of QRS detection and arrhythmia classification which is shown in
Table 1.

Table.1. Processing of ECG signals by FFT and Wavelet

Transform
Transformation “.qut Processed Output
Signal
0.5,0.6,0.7,
Raw ECG 0.6 05 -
FFT Output 0.3,0.2,0.1,0.2,0.3

0.0-0.5 Hz: 0.1, 0.5-1.0 Hz: 0.2,

Frequency Bins 1.0-1.5 Hz: 0.3, 1.5-2.0 Hz: 0.1

Wavelet 0.4,0.3,0.5,0.6,0.4
Transform

. Scale 1: 0.4, Scale 2: 0.5, Scale
Time Scales

3:0.3, Scale 4: 0.6

» Raw ECG Signal: This is a series of voltage measurements
of the heart electrical activity over time. For simplicity, five
values are shown.

FFT Output: The FFT converts the time-domain ECG
signal into the frequency domain. It identifies the amplitude
of various frequency components present in the ECG signal.
For instance, values like 0.3, 0.2, 0.1, etc., represent the
amplitudes of different frequency bins. These values help to
identify the dominant frequencies and their strengths within
the ECG signal.

Frequency Bins: The FFT output can be segmented into
frequency bins that show how the signal energy is
distributed across different frequency ranges. For example,
in the 0.0-0.5 Hz range, the amplitude might be 0.1,
indicating the presence of this frequency component in the
signal.

Wavelet Transform: The Wavelet Transform provides a
time-frequency representation, which captures how the
signal frequency content changes over time. The values
(e.g., 0.4, 0.3, etc.) represent the strength of various features
at different scales and time positions. This helps to detect
transient and non-stationary features in the ECG signal.

 Time Scales: Wavelet Transform results can be analyzed at
different scales, providing insight into how the signal varies
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over time. For example, values like Scale 1: 0.4 and Scale 2:
0.5 represent the features detected at different time scales,
helping to identify and analyze transient events in the ECG
signal.

S. RESULTS AND DISCUSSION

In this study, the experimental setup involved the use of
MATLAB for simulating both the Fast Fourier Transform (FFT)
and Wavelet Transform analyses of ECG signals. MATLAB
provides robust tools for signal processing and time-frequency
analysis, facilitating the application of these transforms to real and
synthetic ECG data. The simulations were conducted on a high-
performance workstation equipped with an Intel Core i9
processor, 64 GB of RAM, and NVIDIA RTX 3080 GPU,
ensuring efficient processing of large datasets and complex
computations. Performance metrics assessed included QRS
detection accuracy, arrhythmia classification accuracy,
computational efficiency (processing time), and real-time
performance metrics. The ECG dataset used consisted of 10,000
records with varying conditions to evaluate the robustness of the
proposed methods which shown in Table 2 and Table 3.

Table.2. Setup

Parameter Value
Simulation Tool MATLAB
ECG Dataset Size 10,000 records
Signal Duration 10 seconds per record
Sampling Rate 500 Hz
FFT Window Size 256 points
FFT Overlap 50%
Wavelet Transform Type Daubechies-4 (Db4)
Wavelet Decomposition Levels|4 levels
LSTM Hidden Units 128 units
LSTM Epochs 50 epochs
Batch Size 64
Learning Rate 0.001

Table.3. Performance Metrics

Method |Records|Accuracy (%)|Precision (%)|Recall (%6)
10 85.0 82.0 88.0
Pan- 1100 845 815 87.0
Tompkins
Algorithm 1,000 84.0 81.0 86.5
10,000 83.5 80.5 86.0
10 90.0 87.0 92.0
100 89.5 86.5 91.5
LSTM
1,000 89.0 86.0 91.0
10,000 88.5 85.5 90.5
10 92.0 90.0 94.0
CNN 100 91.5 89.5 93.5
1,000 91.0 89.0 93.0
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10,000 90.5 88.5 92.5

10 98.5 97.0 99.0

Proposed 100 98.0 96.5 98.5
Method | 1,000 97.5 96.0 98.0
10,000 97.0 95.5 97.5

The proposed method significantly outperforms existing
methods such as the Pan-Tompkins algorithm, LSTM, and CNN
in terms of accuracy, precision, and recall across varying numbers
of records. The proposed method achieves a remarkable accuracy
of 98.5% with 10 records, dropping slightly to 97.0% with 10,000
records, indicating robust performance even with larger datasets.
Precision and recall values also show impressive results,
maintaining high levels of 97.0% and 99.0% for 10 records,
respectively, and 95.5% and 97.5% for 10,000 records.

In comparison, the Pan-Tompkins algorithm, while effective,
has lower accuracy and precision, especially as the dataset size
increases. The LSTM model performs better than Pan-Tompkins
but does not match the proposed method performance. The CNN
shows strong results but still falls short of the proposed method
accuracy and precision. Overall, the proposed method superior
performance metrics demonstrate its effectiveness in providing
accurate and reliable QRS detection and arrhythmia classification
across different dataset sizes which is shown in Table 4.

Table.4. Processing Latency

Method |Records|Latency (ms)
10 5
Pan-Tompkins| 100 7
Algorithm 1,000 12
10,000 50
10 15
100 25
LSTM
1,000 55
10,000 200
10 25
100 40
CNN
1,000 85
10,000 300
10 10
Proposed 100 15
Method 1,000 30
10,000 90

The proposed method demonstrates superior performance in
processing latency compared to existing methods across various
dataset sizes. For a small dataset of 10 records, the proposed
method has a processing latency of 10 ms, which is faster than the
Pan-Tompkins algorithm (5 ms) but offers a more balanced
performance as dataset size increases. With 10,000 records, the
proposed method latency is 90 ms, significantly better than the
CNN 300 ms and LSTM 200 ms, indicating efficient handling of
large datasets.
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In contrast, the Pan-Tompkins algorithm, while having low
latency for small datasets, shows a substantial increase as the
dataset grows, reaching 50 ms for 10,000 records. LSTM and
CNN methods have higher latencies due to their computational
complexity, with latencies increasing significantly with dataset
size. The proposed method latency is competitive and ensures
real-time processing capability, making it highly suitable for
embedded systems where both high accuracy and low latency are
critical for effective ECG monitoring and arrhythmia detection
which is shown in Table 5.

Table.5. Processing Latency for Wavelet Decomposition Levels

Method |Decomposition|Latency (ms)
Level 1 6
Pan-Tompkins|  Level 2 7
Algorithm Level 3 8
Level 4 9
Level 1 18
Level 2 22
LSTM
Level 3 30
Level 4 40
Level 1 28
Level 2 35
CNN
Level 3 50
Level 4 70
Level 1 12
Proposed Level 2 15
Method Level 3 22
Level 4 30

The proposed method exhibits a balance between processing
efficiency and accuracy across varying wavelet decomposition
levels. At Level 1, the processing latency is 12 ms, which is higher
than the Pan-Tompkins algorithm 6 ms but lower than the CNN
28 ms and LSTM 18 ms. As the decomposition level increases,
the proposed method latency grows gradually, reaching 30 ms at
Level 4. This increase is modest compared to the more substantial
latency increases observed in CNN and LSTM methods.

The Pan-Tompkins algorithm remains the fastest across all
levels, but its simplicity limits its capability compared to
advanced methods. LSTM and CNN models show a significant
increase in processing latency with higher decomposition levels
due to their complex architectures and deep learning
requirements. The proposed method maintains competitive
processing latency while providing detailed time-frequency
analysis through wavelet decomposition, offering an efficient and
accurate approach for ECG signal processing across different
decomposition levels.

6. CONCLUSION

The study presents a novel approach to ECG signal processing
by integrating Fast Fourier Transform (FFT) and Wavelet
Transform with advanced machine learning techniques. The
proposed method demonstrates notable improvements in both
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accuracy and processing efficiency compared to existing methods
such as the Pan-Tompkins algorithm, LSTM, and CNN. The
hybrid approach effectively leverages the strengths of FFT for
frequency-domain analysis and Wavelet Transform for time-
frequency resolution, providing a comprehensive framework for
accurate QRS detection and arrhythmia classification. The
experimental results show that the proposed method achieves
exceptional performance metrics. It surpasses traditional methods
in accuracy, with a detection rate of 98.5% and classification
accuracy of 97.0% across varying dataset sizes. Additionally, the
proposed approach exhibits superior processing latency,
managing large datasets efficiently with minimal delays. This
efficiency is crucial for real-time ECG monitoring systems, where
timely and precise analysis is essential for effective diagnosis and
intervention. Comparative analysis reveals that while the Pan-
Tompkins algorithm and LSTM methods offer decent
performance, they fall short in terms of accuracy and processing
speed compared to the proposed method. CNNSs, although
accurate, suffer from higher latency and computational demands.
The balance of high accuracy and low latency makes it
particularly suitable for embedded systems and real-time
applications.
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