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Abstract
With the improvement of living standards, cardiovascular diseases have be-
come one of the common diseases threatening modern people’s life and health.
The classification and recognition of arrhythmia signals in electrocardiograms
(ECGs) constitute an important basis for diagnosing cardiovascular diseases.
Based on data files provided by MIT-BIH, 21 sets of feature information from
ECG signals were extracted through wavelet transform. This study investigated
the classification and recognition of five common types of cardiac rhythm sig-
nals, primarily designing and implementing classification algorithms based on
Softmax regression and neural networks. Experimental results demonstrate that
a suitable neural network algorithm exhibits faster training speed; with fewer
iterations, the classification and recognition accuracy remains stable above 90%.
Among these, deep neural networks demonstrate superior classification perfor-
mance in many aspects.
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Abstract: With the improvement of living standards, cardiovascular diseases
have become one of the most common threats to human health. The classifi-
cation and identification of cardiac arrhythmias in electrocardiograms (ECG)
provide an important basis for diagnosing cardiovascular diseases. Based on
data files from the MIT-BIH database, this study extracted characteristic in-
formation from ECG signals using wavelet transform and investigated the clas-
sification and recognition of five common types of arrhythmia signals. We de-
signed and implemented classification algorithms based on Softmax regression
and neural networks. Experimental results demonstrate that an appropriate
neural network algorithm converges more quickly and achieves a stable classi-
fication accuracy of over 90% with fewer iterations, with deep neural networks
exhibiting superior classification performance in many respects.

Keywords: arrhythmia signal; classification and identification; wavelet trans-
form; Softmax regression; deep neural network

0 Introduction
With improving living standards, the mortality rate caused by cardiovascular
diseases continues to rise annually, making them a major threat to modern
human health. Electrocardiograms record the electrical activity of the heart
throughout each cardiac cycle and serve as a crucial diagnostic tool for car-
diovascular diseases. Traditional ECG analysis relies on manual interpretation,
which is not only time-consuming and labor-intensive but also susceptible to
subjective misjudgment of certain arrhythmia signals by clinicians. With the
rapid development of artificial intelligence, automated ECG analysis has become
a research hotspot both domestically and internationally [?, ?]. Although ECG
waveform recognition methods and diagnostic criteria are not yet standardized,
and automated analysis cannot fully replace human expertise, it provides valu-
able auxiliary information for clinical practice.

Classification represents an important data mining technique. With the rapid
development of the Internet of Things, mobile healthcare has gained widespread
attention. The emergence of smart textiles has made physiological signals more
accessible, thereby advancing mobile healthcare [?, ?]. The theoretical founda-
tion of mobile healthcare systems based on ECG monitoring lies in the classifi-
cation and recognition of arrhythmia signals.

In recent years, with the advancement of machine learning, researchers have be-
gun employing various models and algorithms for ECG classification [?, ?]. This
study utilizes MIT-BIH arrhythmia signal data, performs waveform recognition
and feature extraction on five common signal types using wavelet transform, and
constructs a sample database suitable for training and learning. We designed
and implemented classification algorithms based on Softmax logistic regression,
BP neural networks, and deep neural networks, comparing their performance
in terms of training speed, stability, and accuracy. The deep neural network
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model not only can process massive ECG signal datasets but also significantly
improves classification accuracy.

1.1 MIT-BIH Data Reading
The MIT-BIH database, provided by the Massachusetts Institute of Technology,
is one of three internationally recognized standard ECG databases for arrhyth-
mia research [?]. In recent years, ECG classification research has remained a
hot topic, with increasing applications of the MIT-BIH database.

MIT-BIH offers free downloads of 48 ECG recordings. To minimize file size and
storage requirements, MIT-BIH employs a custom format. Each ECG record
consists of three components: a header file (.hea), a data file (.dat), and an
annotation file (.atr). MATLAB can be used for data reading and visualization.
[Figure 1: see original paper] displays the records from files 101 and 109, showing
only the first 10 seconds. The numerical markers in the figure correspond to
arrhythmia signal types. provides diagnostic information for selected signal
types. This study focuses on classifying five common signal types (annotated
as 1, 2, 3, 5, and 8).

1.2 Simple Denoising of ECG Signals
As evident in [Figure 1: see original paper], ECG signals from the MIT-BIH
database contain baseline drift and high-frequency noise that hinder waveform
recognition and feature extraction. Therefore, denoising is necessary. Discrete
Wavelet Transform (DWT) achieves this objective. In MATLAB, the wavelet
decomposition function is wavedec. After decomposing the signal using a db5
wavelet at multiple levels, the appcoef and detcoef functions extract low-
frequency and high-frequency information, respectively. By zeroing out coef-
ficients at certain scales before signal reconstruction, baseline drift and artifacts
can be effectively removed. [Figure 2: see original paper] shows a segment
of ECG waveform from record 101 after processing, demonstrating that base-
line drift and noise have been substantially eliminated without loss of useful
frequency components.

2 ECG Signal Feature Extraction
A normal ECG cycle consists of the QRS complex, P wave, and T wave, each
of which carries important physiological information. Arrhythmias manifest as
abnormalities in these waveform components. As the most prominent waveform
component, QRS complex detection forms the basis for waveform recognition.
One effective method for R-wave detection employs discrete wavelet multi-scale
analysis. [Figure 3: see original paper] illustrates record 101 after decomposition
using a quadratic spline wavelet at different scales.

The zero-crossing point between the modulus maxima produced by each Q and
S wave corresponds to the R-wave location. Due to the complex characteristics

chinarxiv.org/items/chinaxiv-201812.00096 Machine Translation

https://chinarxiv.org/items/chinaxiv-201812.00096


of ECG signals, low scales contain numerous other modulus maxima that can
interfere with R-wave detection. As scale increases, the modulus maxima pairs
corresponding to each ECG band become increasingly clear. This study selects
the fourth scale for R-wave identification. After determining QRS band feature
points, P-wave and T-wave locations can be identified using the same method.
The extracted ECG features consist of two categories: interval information and
amplitude information, with 21 feature values for each signal type. Partial
waveform recognition results are shown in the figures below.

This study classifies five signal types annotated as 1, 2, 3, 5, and 8. In the MIT-
BIH database, record 101 contains normal ECG signals (1); record 109 contains
left bundle branch block signals (2); record 118 contains right bundle branch
block signals (3); record 208 contains premature ventricular contraction signals
(5); and premature atrial contraction signals (8) are extracted from record 232.
The five ECG signal types can be accurately identified at each band, providing
a reliable sample database for subsequent research.

3 Softmax Regression-Based Classification Algorithm
With recent machine learning advances, researchers have applied various al-
gorithms to ECG classification \cite{8~11}. Common classification algorithms
include K-nearest neighbors, decision trees, naive Bayes, and support vector ma-
chines—all among the “top ten data mining algorithms.”K-nearest neighbors,
which typically uses Euclidean distance calculations, is relatively straightforward
to implement and may yield good results when feature values are homogeneous.
However, for ECG features containing both interval and amplitude information,
this approach ignores the impact of dimensional differences. Decision trees are
intuitive but relatively difficult to implement. Naive Bayes is a probability-based
classification method.

3.1 Softmax Regression Algorithm

This section constructs a Softmax regression model for classifying common ar-
rhythmia signals, building upon the principles of Logistic regression. Logistic
regression, commonly used for binary classification with class labels of 0 or 1,
can be extended to multi-class problems through Softmax regression. In this
classification task with five possible class labels, different arrhythmia signals
possess distinct feature information. The dependent variable represents class
labels, while independent variables are the extracted feature values. Softmax
regression identifies optimal parameters—weights for independent variables—to
determine which features are critical for each signal type, thereby achieving clas-
sification. An appropriate Softmax regression model is realized by minimizing
the cost function.

The cost function is a crucial concept in machine learning algorithms, as model
training essentially optimizes this function. Any function measuring the discrep-
ancy between predicted and actual values can serve as a cost function. For large
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sample sets, the mean value of the cost function can be computed, denoted as
𝐽(𝜃). Cost functions are not unique to each algorithm; in logistic regression,
cross-entropy is most commonly used. Assuming feature vector 𝑥, class label 𝑦,
and training set size 𝑚, the logistic regression cost function is:

𝐽(𝜃) = − 1
𝑚

𝑚
∑
𝑖=1

[𝑦(𝑖) log ℎ𝜃(𝑥(𝑖)) + (1 − 𝑦(𝑖)) log(1 − ℎ𝜃(𝑥(𝑖)))]

where 𝜃 represents the parameters to be trained to minimize the cost func-
tion. Since Softmax regression extends logistic regression to multi-class prob-
lems, their cross-entropy cost functions are similar, with the primary difference
being that Softmax sums over multiple class label values:

𝐽(𝜃) = − 1
𝑚

𝑚
∑
𝑖=1

𝑘
∑
𝑗=1

1{𝑦(𝑖) = 𝑗} log 𝑒𝜃𝑇
𝑗 𝑥(𝑖)

∑𝑘
𝑙=1 𝑒𝜃𝑇

𝑙 𝑥(𝑖)

The denominator normalizes the probability distribution to ensure probabilities
sum to 1. Minimizing 𝐽(𝜃) is an optimization problem, with gradient descent
algorithms being most commonly used. The gradient direction determines pa-
rameter update direction during training, while the learning rate controls step
size. Parameters can be updated using partial derivatives and learning rate. To
prevent overfitting, adding a weight decay term to the cost function renders
𝐽(𝜃) strictly convex, guaranteeing convergence to the global optimum. [Figure
8: see original paper] illustrates the Softmax regression algorithm flowchart.

3.2 Data Preparation

Richer feature information improves classification accuracy. This study ex-
tracted 21 features from each ECG signal type, primarily comprising interval
and amplitude information, totaling 400 samples forming a 400 × 21 matrix.
These 400 samples contain five different arrhythmia signal types as model in-
puts. The label matrix uses a 1 × 5 format: normal ECG signals are labeled
[0 0 0 0 1]; left bundle branch block signals as [0 0 0 1 0]; and the final arrhyth-
mia type as [1 0 0 0 0]. Models trained on unnormalized data typically exhibit
poor performance. Since R-wave peak amplitude creates large variations in the
input vectors, this study normalized the sample data. Twenty-five percent of
the samples were used as a test set for evaluating model performance.

3.3 Classification Results

Python has gained increasing popularity among developers due to its unique
advantages. All classification algorithms in this study were implemented using
Python with TensorFlow. [Figure 9: see original paper] shows the Softmax
regression classification results. After numerous iterations, the cost function
converges to the global minimum with classification accuracy approximately
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90%. Notably, after major fluctuations subside, small periodic variations per-
sist. Ideally, algorithms should avoid such oscillations and converge smoothly.
Additionally, convergence speed should be improved to achieve stable results
with fewer iterations.

4 Neural Network-Based Classification
Neural networks have been applied to various classification tasks (e.g., air qual-
ity, personal performance, logistics efficiency). Arrhythmia signal classification
can also benefit from neural networks, potentially achieving better performance
[?]. While researchers employ various neural network structures, multi-layer
BP network-based classification is relatively straightforward to implement and
yields satisfactory results. Using the same 25% test set allocation, [Figure 10:
see original paper] shows the basic structure of a two-layer BP neural network.

The BP neural network classification results are shown in [Figure 11: see original
paper]. An appropriate neural network algorithm achieves stable classification
accuracy after few iterations, outperforming Softmax regression. Experiments
reveal that the number of neurons in hidden layers significantly impacts network
performance. To further improve accuracy, a deeper neural network model can
be established.

4.2 Deep Neural Network

While common machine learning algorithms and simple neural networks meet
basic requirements with relatively small sample sets, room for improvement re-
mains. With the advent of deep learning and deep networks, neural network
classification performance has achieved a new leap forward, succeeding across nu-
merous academic fields \cite{13~16}. Notably, Professor Andrew Ng’s Stanford
research group has achieved promising results in arrhythmia signal recognition.

[Figure 12: see original paper] presents the deep neural network established
in this study, consisting of an input layer, three hidden layers, and an output
layer. The input layer receives the extracted ECG signal features—21 feature
groups per signal—with each hidden layer containing multiple neurons, forming
a more powerful classification model. The Softmax function serves as the out-
put layer activation function for multi-class tasks, determining the class label
corresponding to the maximum probability.

The model’s classification results appear in [Figure 13: see original paper].
In this study, the deep neural network algorithm demonstrates greater stabil-
ity. Despite the limited sample set, classification accuracy reaches 99% or even
100% within a small number of iterations. With the emergence of smart textiles
and mobile healthcare, massive ECG datasets have become more accessible. As
sample sizes become extremely large, basic models and algorithms face bottle-
necks that are difficult to overcome. Deep neural networks consistently exhibit
superior classification performance. With deep learning’s rise, computational
power and data scale have advanced rapidly. Establishing an appropriate deep
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neural network model for normal ECG signals and additional arrhythmia types
can achieve higher and more stable classification accuracy.

Conclusion
The classification and recognition of arrhythmia signals in ECGs provide an
important basis for diagnosing cardiovascular diseases. Efficient classification
algorithms can significantly save clinicians’time and effort while providing valu-
able auxiliary information. Feature extraction from arrhythmia signals is par-
ticularly critical in ECG classification research. After preprocessing MIT-BIH
data, this study selected the fourth scale of wavelet transform for feature extrac-
tion, choosing 21 features from 400 samples across five arrhythmia signal types.
Using a 25% test set, we implemented three classification algorithms: Softmax
regression, BP neural network, and deep neural network. Experimental results
demonstrate that deep neural networks offer superior classification performance.

Several avenues remain for future work. The current study focuses on classifying
only a limited number of arrhythmia types with relatively small sample sizes.
Collaborating with medical institutions to expand the sample database would
enable classification of more arrhythmia types. Additionally, exploring param-
eter design and optimization of deep model structures could further improve
ECG automatic diagnosis accuracy and stability. Finally, porting classification
algorithms to wearable devices and building cloud servers would enable mobile
healthcare equipment to provide more personalized services.
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