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Abstract: With the increasing demand for security and privacy, identity recognition based on the
unique biometric features of ECG signals is gaining more and more attention. This paper proposes a
feature reuse residual network (FRRNet) model to address the problem that the recognition accuracy
of conventional ECG identification methods decreases with the increase in the number of testing
samples at different moments or in different heartbeat cycles. The residual module of the proposed
FRRNet model uses the adding layers of max pooling (MP) and average pooling (AP), and the
proposed model splices the deep network with the shallow network to reduce noise extraction
and enhance feature reuse. The FRRNet model is tested on 20 and 47 subjects under the MIT-BIH
dataset, and its recognition accuracy is 99.32% and 100%, respectively. Additionally, the FRRNet
model is tested on 50 and 87 subjects under the PhysioNet/Computing in Cardiology Challenge
2017 (CinC_2017) dataset, and its recognition accuracy is 94.52% and 93.51%, respectively. A total of
20 subjects are taken from the MIT-BIH and the CinC_2017 datasets for testing, and the recognition
accuracy is 98.97%. The experimental results show that the FRRNet model proposed in this paper has
high recognition accuracy, and the recognition accuracy is not greatly affected when the number of
individuals increases.

Keywords: ECG; identification; FRRNet; max pooling; average pooling; feature reuse

1. Introduction

With the development of technology and the increase in security requirements, tradi-
tional methods such as keys and passwords no longer meet people’s needs. Authentication
systems with unique biometric features have come into the public eye. For example, facial
features [1,2], fingerprints and palmprints [3,4], iris [5,6], voice [7], etc., which are secure
and easy to use, have better prospects than the classical methods. However, these biometric
authentication methods are easily replicated and prone to change over time. In recent years,
biometric authentication systems based on electrocardiographic (ECG) signals have been
increasingly used. Compared with other biological characteristics, ECG signals are not only
difficult to duplicate and disturb, but also have more advantages than the existing methods
in terms of security, privacy and stability [8–15]. Moreover, all living individuals present
ECG signals, which have the inherent vivo detection function.

In recent years, identity recognition methods based on ECG signals have been widely
used. It is feasible to use machine learning for identity recognition. S. A. Israel et al. [16]
proposed a recognition method using 15 feature points, Wilks’ lambda for feature selection
and linear discriminant analysis (LDA) for dimensionality reduction and classification,
and the recognition accuracy was 90%. S.-L. Lin et al. [17] used the root-mean-square
(RMS) value, nonlinear Lyapunov exponent and correlation dimension for ECG signal
analysis and used the support vector machine (SVM) classifier for identity recognition,
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and the recognition accuracy was over 80%. Belgacem et al. [18] proposed a system based
on discrete wavelet transform (DWT) to extract features and random forest to achieve
authentication, concluding that the system could achieve high accuracy and low false
positive rates. Zokaee and Faez [19] proposed a multi-modal recognition system based
on palmprints and ECG biometric features, using the mel-frequency cepstral coefficient
(MFCC) algorithm for ECG feature extraction and principal component analysis (PCA) for
palmprint feature extraction, and finally using the k-nearest neighbour (KNN) classifier
to achieve classification, and the recognition accuracy was 94.7%. El_Rahman et al. [20]
proposed a multi-modal biometric system based on the MIT-BIH database and the FVC
database, where self-organising feature map-neural network (SOM-NN), fuzzy logic (FL)
and LDA were used in parallel, and the recognition accuracy was 98.5%. Although the
above methods achieved high accuracy, they did not present the significantly improved
accuracy after optimising the parameters up to a certain limit. Moreover, the training
efficiency of complex models is low, so it is difficult to use a large amount of data to repeat
the training models, and prone to cause overfitting after using a small amount of data to
repeat the training. Complex models only rigidly record the features of the training set and
tend to preserve noise as features.

With the proposal of deep learning methods such as neural networks, more and
more researchers have applied deep learning methods to ECG identification. The neural-
network-based ECG signal identification method is characterised by faster testing and
higher recognition accuracy. In the further development of neural networks, problems such
as overfitting have been solved, and this method is compatible with the development of
artificial intelligence in terms of sustainability. Belo, David et al. [21] used the recurrent
neural network (RNN) model of the non-benchmark system network to output a score
based on the predicted error, using the temporal convolutional neural network (TCNN)
for the non-benchmark systems, giving a score according to the output of the last layer.
The two scores were calculated and fed to the relative score threshold classifier (RSTC)
and the recognition accuracy was 96%. Liu, Xin et al. [22] proposed a two-level fusion
PCANet deep recognition network that achieved a recognition accuracy of over 95% on
the MIT-BIH dataset. Dang, Hao et al. [23] used network models of CNN, multi-scale
CNN and multi-scale CNN plus residual block for identity recognition on the MIT-BIH
dataset, and the overall recognition accuracy was 93.41%, 96.83% and 97.03%, respectively.
Mohamed Hammad et al. [24] improved the ResNet model and added the attention module,
and achieved recognition accuracy of 98.85% and 99.27% on the two datasets of PTB and
CYBHI, respectively. Chayma Yaacoubi et al. [25] achieved the recognition accuracy of
94% on the TROIKA database using a combination of CNN and RNN. Yue Zhang et al. [26]
improved the multi-scale CNN by adding the residual module and combining the nearest
neighbour classifier and SVM to achieve classification recognition, and the average recog-
nition accuracy was 97.7% and 98.7%, respectively. Ranjeet Srivastva et al. [27] combined
ResNet, DenseNet and transfer learning. First, the ECG signals from datasets of PTB and
CYBHI were converted into 2D images, then the images were input into each model for
training, using cascade fusion of features from each model. The result of the fusion was a
feature vector representing the weight of each class. The overall recognition accuracy was
99.66%. This method increased the data conversion steps and used multiple models for
training, which increased the memory consumption.

In summary, although all of these research methods have achieved high recognition
accuracy, they required higher requirements in practical application to ensure that the
systems and equipment applied to the ECG identification methods provided essential secu-
rity. In most studies, the time interval between the ECG signals in the training and testing
sets was short or fell into the same heartbeat cycle, which resulted in higher recognition
accuracy. However, in practical applications, the time interval between the heartbeat during
recognition and the recording of the ECG signals in the training set differs significantly.
In order to serve more users, the robustness of the ECG identification system needs to be
further improved.
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Based on the above problems and analysis, the FRRNet model, an improved model
based on ResNet18, is proposed in this paper. Firstly, the original signals are pre-processed
using the 6-layer wavelet transform. Then, features are extracted from the processed data
to facilitate heartbeat segmentation. Finally, the segmented training and testing sets are
input into the identity recognition system based on the FRRNet model.

The FRRNet model proposed in this paper has two features. (1) The output of the
max pooling (MP) layer is added to that of the average pooling (AP) layer at the short
circuit, which is expected to preserve the strong features and reduce the impact of mistaking
noise for features through AP. (2) In order to enhance the robustness of the FRRNet model,
the output results of the shallow network are combined with those of MP and AP to
strengthen feature reuse. The FRRNet model proposed in this paper aims to increase the
number of feature points to improve the recognition accuracy while reducing the impact of
the high memory consumption of the DenseNet model during training to a certain extent.

The rest of this paper is organised as follows. Section 2 introduces the dataset and the
network model. Section 3 describes the pre-processing, the segmentation of the dataset
and the identification methods. Section 4 compares the FRRNet model with other models,
illustrates the experimental results and discusses them. Section 5 presents the conclusions.

2. Related Work
2.1. Introduction to the Dataset

This study used the MIT-BIH dataset [28] and the PhysioNet/Computing in Cardi-
ology Challenge 2017 [29] (CinC_2017) dataset for ECG identification. The two datasets
contain both normal and abnormal ECG signals, which is in line with the heartbeat situation
of the actual population. Compared with other datasets, the noise of the CinC_2017 dataset
is louder, which has a greater impact on ECG signal identification, consistent with the
actually obtained heartbeat records. In this study, one channel record from each subject in
the MIT-BIH dataset was selected and 87 ECG signals from the CinC_2017 dataset were
extracted; thus two datasets were used for ECG identification.

Recordings in the MIT-BIH dataset were obtained from limb leads (MLII) as well
as chest leads (V1, V2, V4 or V5), recording subjects’ ECG signals for 30 min. In this
paper, the ECG signal records of each subject with a duration of 1 min were selected for
experiments. Recordings in the CinC_2017 dataset were acquired by AliveCor single-
channel ECG devices, with two electrodes maintained in each hand to form an I-lead
(LA-RA) equivalent ECG, which recorded ECG signals for an average of 30 s.

2.2. Introduction to ResNet Neural Network

The ResNet neural network [30] was proposed to solve the problems of network
optimization such as gradient disappearance or explosion when the network layers were
deepened. The residual module contains two, three or more layers, as shown in Figure 1.
The formula for the residual layer is as follows:

F(x) = H(x)− x (1)

where H(x) refers to the desired basic mapping; F(x) refers to the stacked non-linear layer
fitting; and x refers to the output of the upper layer.
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(a) (b)

Figure 1. ResNet model residual module: (a) the residual module contains two layers; (b) the residual
module contains three layers.

3. Methods

This section describes the methods of preprocessing the original ECG signals and of
extracting their features, and introduces the FRRNet proposed in this paper, an improved
ResNet network. The system flow diagram for this paper is shown in Figure 2.

Figure 2. System flow diagram.

3.1. Pre-Processing

The pre-processing flow of the original ECG signals is shown in Figure 3. In this
paper, the high-frequency noise and baseline drift were removed by 6-layer wavelet
transform [31–33]. The original and pre-processed ECG signals in the MIT-BIH dataset and
the original and pre-processed ECG signals in the CinC_2017 dataset are shown in Figure 4.

The wavelet transform decomposed the signals into low- and high-frequency com-
ponents in turn and then reconstructed them, as shown in Figure 3. The ECG signal f(n)
passed through the low-frequency filter h(n) and was then down-sampled to obtain the
first-level approximation coefficients c. In the same way, ECG signals passed through
the high-frequency filter g(n) and were then down-sampled to obtain the first-level detail
coefficients d. The wavelet transform equation is shown in Formulas (2) and (3):
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cj+1(n) = ∑
m

cj(m)h(m − 2n) (2)

dj+1(n) = ∑
m

cj(m)g(m − 2n) (3)

The reconstruction formula is shown in Formula (4):

cj(n) = ∑
m

cj+1(m)h(n − 2m) + dj+1(m)g(n − 2m) (4)

Figure 3. Pre-processing flow diagram.

(a) (b)

Figure 4. Original and pre-processed ECG signal diagrams of the datasets: (a) Original and pre-
processed ECG signal diagram of the MIT-BIH dataset; (b) Original and pre-processed ECG signal
diagram of the CinC_2017 dataset.

3.2. Heartbeat Segmentation

In order to segment heartbeat, we performed feature extraction on the processed data.
For ECG signal feature extraction, firstly, we calculated the positive and negative maximum
pairs to determine the wave peaks and troughs. Secondly, we determined the R-wave
peak through the positive and negative extremum pairs over the threshold point. Finally,
we deleted the multi-detection R-wave feature points and compensated for the missed
R-wave feature points [34,35]. In this study, the segmentation was carried out according to
R-wave feature points. In order to obtain the heartbeat signals closer to the actual detection
situation in the identity recognition system, the heartbeat segments with the length of
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800 sample points were uniformly selected as a set of data ensuring that the data contained
the uncertain starting points and the number of the heartbeat cycles. The segmentation
diagram of 800 sample points is shown in Figure 5.

Figure 5. The segmentation diagram of 800 sample points.

3.3. Feature Reuse Residual Network

In this paper, the segmented ECG signals were input into the residual module by
selecting the direct down-sampling ResNet18 model (DRN18), the MP ResNet18 model
(MRN18) and the AP ResNet18 model (ARN18). Additionally, the segmented ECG signals
were also input into the FRRNet model, an improved ResNet18 model proposed in this
paper. By comparing these four models, it was concluded that the FRRNet model proposed
in this paper had higher recognition accuracy, stronger robustness and generalisation ability.
Compared with the DenseNet model, the FRRNet model reduced the memory consumption
during training by reducing the number of branches from the shallow to the deep network.
The residual module diagrams of DRN18, MRN18 and ARN18 are shown in Figure 6.
The residual module diagram of FRRNet is shown in Figure 7. The structure of the FRRNet
model is shown in Table 1. The parameters of the FRRNet model are shown in Table 2.

The MP residual module preserved the features and reduced the impact of the offset of
the estimated value caused by parameter errors in the convolution layer. The AP residual
module preserved the background and reduced the impact of the increase in estimated
value variance caused by the limitation of domain size. However, there were some problems
with the residual module in the ResNet18 model using either direct down-sampling or
MP or AP. When selecting direct down-sampling, the recognition accuracy of the model
was low and it could not meet the practical requirements. When selecting MP, there was a
possibility that noise was extracted as feature points, thus reducing the recognition accuracy.
When selecting AP, the model focused on the background and blurred the features, which
also reduced the recognition accuracy. The recognition accuracy of the three ResNet18
models tested under the two datasets used in this paper differed significantly, indicating
that the generalisation ability of the ResNet18 models could be further improved.
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(a) (b) (c)

Figure 6. Convolutional neural network model structure: (a) DRN18 residual module structure;
(b) MRN18 residual module structure; (c) ARN18 residual module structure.

Figure 7. FRRNet residual module structure.
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Table 1. Network model structure.

Layer
Name Output Size Layer

conv1
(Conv1D) (None, 800, 32) 1 × 32, 32, stride 1

conv2_x
(Conv1D) (None, 800, 32) 1 × 32, 32 1 × 2, max_pooling1d, stride 1 1 × 2, average_pooling1d, stride 1

conv3_x
(Conv1D) (None, 400, 32) 1 × 32, 32 1 × 2, max_pooling1d, stride 2 1 × 2, average_pooling1d, stride 2 1 × 32, 32

conv4_x
(Conv1D) (None, 400, 64) 1 × 32, 64 1 × 2, max_pooling1d, stride 1 1 × 2, average_pooling1d, stride 1

conv5_x
(Conv1D) (None, 200, 64) 1 × 32, 64 1 × 2, max_pooling1d, stride 2 1 × 2, average_pooling1d, stride 2 1 × 32, 64

conv6_x
(Conv1D) (None, 200, 128) 1 × 32, 128 1 × 2, max_pooling1d, stride 1 1 × 2, average_pooling1d, stride 1

conv7_x
(Conv1D) (None, 100, 128) 1 × 32, 128 1 × 2, max_pooling1d, stride 2 1 × 2, average_pooling1d, stride 2 1 × 32, 128

conv8_x
(Conv1D) (None, 100, 256) 1 × 32, 256 1 × 2, max_pooling1d, stride 1 1 × 2, average_pooling1d, stride 1

conv9_x
(Conv1D) (None, 50, 256) 1 × 32, 256 1 × 2, max_pooling1d, stride 2 1 × 2, average_pooling1d, stride 2

(None, 256) Global_average_pooling1d, 87-d fc, softmax

Table 2. Network model parameters.

epoch 300
activation ReLU
dropout 0.5

batch size 16
learning rate 0.001

To illustrate that the FRRNet model proposed in this paper could better solve the
problems of the three ResNet18 models mentioned above, the ECG signal sequences of
50 sample points from the number 100 subject in the MIT-BIH dataset were selected and are
shown in Table 3. Red marks in Table 3 denote noise and blue marks denote feature points.
Using the filter with the length of 8, we compared the data processed by MP or AP with
those processed by MP + AP. With mathematical calculation, this showed that MP + AP
was better able to avoid the above problems, as shown in Table 4. The ECG signal sequence
in Table 4 was the same as that in Table 3.

Table 3. Partial ECG signal sequence of the number 100 subject (Red marks denote noise and blue
marks denote feature points).

No. 1 2 3 4 5 6 7 8 9 10

Points 0.730 0.735 0.734 0.730 0.722 0.711 0.698 0.683 0.665 0.641

No. 11 12 13 14 15 16 17 18 19 20

Points 0.609 0.569 0.520 0.463 0.399 0.331 0.261 0.193 0.129 0.072

No. 21 22 23 24 25 26 27 28 29 30

Points 0.022 −0.019 −0.054 −0.083 −0.106 −0.126 −0.143 −0.156 −0.167 −0.175

No. 31 32 33 34 35 36 37 38 39 40

Points −0.181 −0.183 −0.183 −0.182 −0.179 −0.177 −0.178 −0.183 −0.197 −0.221

No. 41 42 43 44 45 46 47 48 49 50

Points −0.258 −0.309 −0.376 −0.456 −0.541 −0.619 −0.673 −0.684 −0.629 −0.482
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Table 4. Calculation results of the three methods.

MP

0.735 0.735 0.734 0.730 0.722 0.711 0.698 0.683 0.665 0.641
0.609 0.569 0.520 0.463 0.399 0.331 0.261 0.193 0.129 0.072
0.022 −0.019 −0.054 −0.083 −0.106 −0.126 −0.143 −0.156 −0.167 −0.175
−0.177 −0.177 −0.177 −0.177 −0.177 −0.177 −0.178 −0.183 −0.197 −0.221
−0.258 −0.309 −0.376 −0.456 −0.482 −0.482 −0.482 −0.482 −0.482 −0.482

AP

0.718 0.710 0.698 0.682 0.662 0.637 0.606 0.569 0.525 0.474
0.418 0.358 0.296 0.234 0.174 0.117 0.065 0.019 −0.021 −0.055
−0.083 −0.107 −0.126 −0.142 −0.155 −0.164 −0.171 −0.176 −0.178 −0.180
−0.181 −0.183 −0.188 −0.197 −0.213 −0.237 −0.273 −0.318 −0.372 −0.432
−0.490 −0.536 −0.558 −0.583 −0.605 −0.617 −0.617 −0.598 −0.556 −0.482

MP + AP

1.453 1.445 1.432 1.412 1.384 1.348 1.304 1.252 1.190 1.115
1.027 0.927 0.816 0.697 0.573 0.448 0.326 0.212 0.108 0.017
−0.061 −0.126 −0.180 −0.225 −0.261 −0.290 −0.314 −0.332 −0.345 −0.355
−0.358 −0.360 −0.365 −0.374 −0.390 −0.414 −0.451 −0.501 −0.569 −0.653
−0.748 −0.845 −0.934 −1.039 −1.087 −1.099 −1.099 −1.080 −1.038 −0.964

The results in Table 4 show that after the ECG signal sequence was processed by
MP, the sequence trend changed to a certain extent, retaining the feature point of 0.735,
but failed to remove the noise of −0.177. After the AP processing, the motion trend of
the data sequence was better retained, but the feature points were blurred to some extent.
In contrast, the MA adopted in this paper not only maintained the motion trend of the
data sequence but also ensured that the sequence trend of the processed ECG signals was
similar to that of the original signals, and some sample points contained feature signals,
reducing the impact of the blurred AP features. Therefore, this method better extracted
features, avoided noise with a greater probability and better maintained the desired motion
trend, which had a positive effect on identity recognition and matching and improved the
robustness of the original models.

4. Experiment and Analysis

This paper carried out identity training and testing based on the MIT-BIH and the
CinC_2017 datasets. In the MIT-BIH dataset, 47 subjects have a total of 808 sets of ECG
signal sequences, of which 523 is the training set and 285 is the testing set. In the CinC_2017
dataset, 87 subjects have a total of 532 sets of ECG signal sequences, of which 317 comprise
the training set and 215 comprise the testing set. To evaluate the performance of the model
proposed in this paper on the large samples of the dataset of loud-noise ECG signals,
the two datasets were designed as three testing sets for identity recognition. The testing
set in Group 1 for each subject contained an ECG signal sequence to test the accuracy
of the FRRNet model proposed in this paper for identity recognition. The testing set in
Group 2 for each subject contained several ECG signal sequences to verify the robustness
of ECG signal identification at different moments and with different numbers of ECG
signal sequences. Group 3 was a mixture of 20 subjects’ data taken from the MIT-BIH
and the CinC_2017 datasets, including the normal heartbeat records of 8 subjects and the
arrhythmia heartbeat records of 1 subject in the MIT-BIH dataset, as well as the normal
heartbeat records of 10 subjects and the arrhythmia heartbeat records of 1 subject in the
CinC_2017 dataset. In this paper, in order to verify that the proposed FRRNet model
maintained good performance despite the increase in the number of subjects, tests were
conducted on the MIT-BIH dataset with 20 and 47 subjects, and on the CinC_2017 dataset
with 50 and 87 subjects.

The preprocessing in this paper was implemented based on MATLAB2021a. The im-
proved ResNet network model FRRNet was achieved based on Python 3.6. The operating
system was the 64-bit Windows operating system with 8.00 GB of RAM and an Intel(R)
Core(TM) i7-5500U CPU @ 2.40 GHz processor.
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In this paper, the performance of the two systems was evaluated by four metrics:
Accuracy (Acc), Sensitivity (Sen), Precision (Pre) and F1, which were calculated by the
following equations.

Accuracy =
TP + TN

TP + FP + TN + FN
(5)

Sensitivity =
TP

TP + FN
(6)

Precision =
TN

FP + TN
(7)

F1 =
2 × Sensitivity × Precision

Sensitivity + Precision
(8)

where TP (true positive) is the number of samples that are actually identified as positive,
TN (true negative) is the number of samples that are actually identified as negative, FP
(false positive) is the number of samples mistakenly identified as positive that are actually
negative, and FN (false negative) is the number of samples mistakenly identified as negative
that are actually positive. Sensitivity and precision are more relevant performance criteria
than accuracy in ECG identity recognition due to the great differences between different
categories. F1 is a metric used to measure the accuracy of a multi-label classification model.
In this paper, the total Pre and Sen for all categories were calculated first and then F1
was calculated.

4.1. Identification Results Based on the MIT-BIH Dataset

For Group 1 of the testing set, Acc, Sen and Pre of the FRRNet model proposed in this
paper achieved up to 100%, and F1 was 1. Compared with the models using direct down-
sampling, MP and AP, Acc was improved by 4.26%, 2.13% and 4.26%, respectively. Sen
was improved by 4.26%, 2.13% and 4.26%, respectively. Pre was improved by 6.38%, 3.19%
and 6.38%, respectively, and F1 was improved by 0.0533, 0.0266 and 0.0533, respectively.
For Group 2 of the testing set, Acc, Sen and Pre of the FRRNet model achieved up to
100%, and F1 was 1. Compared with the models using direct down-sampling, MP and AP,
Acc was improved by 1.6%, 1.28% and 4.26%, respectively. Sen was improved by 3.66%,
2.66% and 4.26%, respectively. Pre was improved by 3.56%, 3.87% and 6.38%, respectively,
and F1 was improved by 0.0361, 0.0327 and 0.0533, respectively, as shown in Table 5.
The model proposed in this paper has some advantages compared with other methods,
and the recognition accuracy was improved by 0.7–5%, as shown in Table 6. It can be
seen from the accuracy diagram that the FRRNet model and the ARN18 model, compared
with other models, tended to stabilise faster, as shown in Figure 8. The FRRNet model
performed well on the two groups of testing sets of 20 and 47 subjects selected from the
MIT-BIH dataset. Additionally, for 20 subjects, Acc was 99.32%, Sen 99.38% and Pre 99.55%,
and F1 was 0.9946. Moreover, the recognition accuracy did not decrease due to the increase
in the number of testing sets, as shown in Table 7. The matrix of results for each type of
identification is shown in Figure 9. In summary, the FRRNet model proposed in this paper
had good performance in terms of faster convergence, higher accuracy, better robustness
and less impact on accuracy when increasing the dataset on the MIT-BIH dataset.

Table 5. Identification accuracy results.

Model Set Acc Sen Pre F1 Set Acc Sen Pre F1

DRN18 Group 1 95.74% 95.74% 93.62% 0.9467 Group 2 98.40% 96.34% 96.44% 0.9639
MRN18 Group 1 97.87% 97.87% 96.81% 0.9734 Group 2 98.72% 97.34% 96.13% 0.9673
ARN18 Group 1 95.74% 95.74% 93.62% 0.9467 Group 2 95.74% 95.74% 93.62% 0.9467
FRRNet Group 1 100% 100% 100% 1 Group 2 100% 100% 100% 1
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Table 6. Comparison of the proposed model with other methods.

Reference Method Dataset Acc

El_Rahman [20] AUC for sequential multi-mode systems MIT-BIH 98.5%
Belo [21] TCNN MIT-BIH 96%

Liu, Xin [22] Two-level PCANet MIT-BIH 95%
Ding, Ling-Juan [26] Improved AlexNet MIT-BIH 99.27%

Our work FRRNet MIT-BIH 100%

Table 7. Comparison of identification results for 20 and 47 subjects.

Number of Subjects Acc Sen Pre F1

20 99.32% 99.38% 99.55% 0.9946
47 100% 100% 100% 1

Figure 8. Network model training process demonstration in the MIT-BIH dataset: Comparison of
accuracy convergence.

(a) (b) (c)

Figure 9. Identification matrix: (a) Testing matrix of Group 1 of FRRNet (47 subjects); (b) Testing
matrix of Group2 of FRRNet (47 subjects); (c) Testing matrix of Group 2 of FRRNet (20 subjects).

4.2. Identification Results Based on the CinC_2017 Dataset

For Group 1 of the testing set, Acc, Sen and Pre of the FRRNet model proposed in this
paper achieved 91.95%, 91.95% and 90.23%, respectively, and F1 was 0.9108. Compared
with the models using direct down-sampling, MP and AP, Acc was improved by 16.09%,
3.44% and 6.89%, respectively. Sen was improved by 16.09%, 3.44% and 6.89%, respectively.
Pre was improved by 22.89%, 4.02% and 5.17%, respectively, and F1 was improved by
0.1973, 0.0374 and 0.0793, respectively. For Group 2 of the testing set, Acc was 93.51%, Sen
was 91.57% and Pre was 91.98%, and F1 was 0.9177. Compared with the models using
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the direct down-sampling, MP and AP, Acc was improved by 16.86%, 3.03% and 6.06%,
respectively. Sen was improved by 15.6%, 1.82% and 7.65%, respectively. Pre was improved
by 19.6%, 3.83% and 4.54%, respectively, and F1 was improved by 0.1764, 0.0283 and 0.0613,
respectively, as shown in Table 8. From the accuracy diagram, it can be seen that the
model proposed in this paper tends to stabilise faster than the ARN18 and MRN18 models,
as shown in Figure 10. The model proposed in this paper performed well on the two groups
of testing sets of 50 and 87 subjects selected from the CinC_2017 dataset, and for 50 subjects,
Acc was 94.52%, Sen 93.15% and Pre 92.18%, and F1 was 0.9266. The increase in the
number of subjects led to a slight decrease in the recognition accuracy, as shown in Table 9.
A matrix of the results for each type of identification is shown in Figure 11. In summary,
the model proposed in this paper has good performance in terms of faster convergence,
higher accuracy, better robustness and less impact on accuracy when increasing the dataset
on the CinC_2017 dataset.

Figure 10. Network model training process demonstration in the CinC_2017 dataset: Comparison of
accuracy convergence.

(a) (b) (c)

Figure 11. Identification matrix: (a) Testing matrix of Group 1 of FRRNet (87 subjects); (b) Testing
matrix of Group2 of FRRNet (87 subjects); (c) Testing matrix of Group 2 of FRRNet (50 subjects).

Table 8. Identification accuracy results.

Model Set Acc Sen Pre F1 Set Acc Sen Pre F1

DRN18 Group 1 75.86% 75.86% 67.34% 0.7135 Group 2 76.65% 75.96% 72.38% 0.7413
MRN18 Group 1 88.51% 88.51% 86.21% 0.8734 Group 2 90.48% 89.75% 88.15% 0.8894
ARN18 Group 1 85.06% 85.06% 81.32% 0.8315 Group 2 87.45% 83.92% 87.44% 0.8564
FRRNet Group 1 91.95% 91.95% 90.23% 0.9108 Group 2 93.51% 91.57% 91.98% 0.9177
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Table 9. Comparison of identification results for 50 and 87 subjects.

Number of Subjects Acc Sen Pre F1

50 94.52% 93.15% 92.18% 0.9266
87 93.51% 91.57% 91.98% 0.9177

4.3. Identification Results Based on Group 3

For Group 3, Acc, Sen and Pre of the FRRNet model proposed in this paper achieved
98.97%, 97.50% and 99.44%, respectively, and F1 was 0.9846, with only one ECG signal
sequence recognition error. Compared with the models using direct down-sampling, MP
and AP, Acc was improved by 5.16%, 1.03% and 2.06%, respectively. Sen was improved
by 9.58%, 1.67% and 4.17%, respectively. Pre was improved by 10.3%, 2.94% and 3.5%,
respectively, and F1 was improved by 0.1221, 0.023 and 0.0384, respectively, as shown in
Table 10. The recognition accuracy and the matrix of the FRRNet model recognition result
are shown in Figure 12. To sum up, the model proposed in this paper can still retain good
recognition results when the proportion of normal ECG signals is large.

Table 10. Identification accuracy results.

Model Set Acc Sen Pre F1

DRN18 Group 3 93.81% 87.92% 89.14% 0.8625
MRN18 Group 3 97.94% 95.83% 96.50% 0.9616
ARN18 Group 3 96.91% 93.33% 95.94% 0.9462
FRRNet Group 3 98.98% 97.50% 99.44% 0.9846

(a) (b)

Figure 12. (a) Comparison of the recognition accuracy of network models; (b) Testing matrix of
Group 3 of FRRNet (20 subjects).

5. Conclusions

For Group 1 of the testing set of the MIT-BIH dataset, compared with the models using
the direct down-sampling, MP and AP, the improved network model FRRNet proposed in
this paper improved the accuracy by 4.26%, 2.13% and 4.26%, respectively. For Group 2 of
the testing set of the MIT-BIH dataset, compared with the models using the direct down-
sampling, MP and AP, the FRRNet model improved the accuracy by 1.6%, 1.28% and 4.26%,
respectively. The proposed model did not decrease the recognition accuracy with the
increase in subjects for the testing set, and the FRRNet model improved the recognition
accuracy by 0.7–5% compared with other models.

For Group 1 of the testing set of the CinC_2017 dataset, compared with the models
using the direct down-sampling, MP and AP, the FRRNet improved the accuracy by 16.09%,
3.44% and 6.89%, respectively. For Group 2 of the testing set of the CinC_2017 dataset,
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compared with the models using the direct down-sampling, MP and AP, the FRRNet
model improved the accuracy by 16.86%, 3.03% and 6.06%, respectively. The FRRNet
model performed well on the two groups of testing sets of 50 and 87 subjects selected
from the CinC_2017 dataset, with the recognition accuracy of 94.52% and 93.51%, respec-
tively. The slight decrease in recognition accuracy was due to the increase in the number
of subjects.

For Group 3, compared with the models using direct down-sampling, MP and AP,
the FRRNet improved the accuracy by 5.16%, 1.03% and 2.06%, respectively, with only one
ECG signal sequence misidentification.

From the experimental results, the following could be concluded. (1) The FRRNet
model proposed in this paper, to some extent, solved the limitations of the models using
direct down-sampling, MP and AP. (2) The FRRNet model improved the transmission of the
network model features and enhanced the feature reuse. (3) The FRRNet model improved
the accuracy, robustness and generalization ability of the original model. (4) The FRRNet
model system performance fluctuated only slightly as the number of subjects increased.
Therefore, the experimental results showed that the proposed model FRRNet was able
to meet the practical requirements and could be used in real devices to provide safe and
reliable biometric systems.

The recognition accuracy of the model proposed in this paper under the CinC_2017
dataset was relatively low. Part of the reason might be that the methods used for data
preprocessing were relatively simple, resulting in poor preprocessing results. Future
research will involve studying the methods of ECG pre-processing to further improve the
performance of the model.
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