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Abstract. With the rapid advancement of monitoring without contact electrocar-
diogram (ECG), dynamic and real-time signal quality assessment (SQA) becom-
ing a practical problem. In this paper, a two-stream structure that combines resid-
ual network (ResNet) and bidirectional long short-term memory (Bi-LSTM) for
dynamic ECG (dECG) signals quality assessment is proposed. The ResNet stream
is dedicated to extracting spatial features using time-frequency spectrum images
as inputs. Meanwhile, the Bi-LSTM stream is devoted to exploring the temporal
features using the ECG time series as the input. Then, these two streams are fused
using a decision fusion mechanism and the performance is significantly boosted.
As compared to the single stream-based approach, the proposed structure can com-
pensate for either temporal or spatial information effectively. The overall accuracy
of 99.69% can be achieved in distinguishing the dECG signal quality into three
categories, namely clear ECG signal with clear R waves, blurry ECG signal with-
outclear R waves, and noisy ECG signal with motion artifact. Experimental results
show that this method demonstrates superior accuracy in determining the qual-
ity of dECG signals measured by the noncontact device. Therefore, the proposed
model is expected to be a promising solution for non-contact dECG signal quality
assessment in a practical ECG diagnosis.

Keywords: Non-contact ECG - Signal quality assessment - Convolutional
neural network (CNN) - Recurrent neural network (RNN)

1 Introduction

With the fast-developing sensing technologies, the progress in non-contact electrocar-
diogram (ECG) monitoring is significantly promoted [1]. It’s an important tool to detect
cardiovascular diseases (CVDs) early [2]. However, noncontact measurement methods
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are sensitive to noise. These include baseline drift, electromagnetic signals, motion arti-
facts, etc. Poor signal quality affects reliable manual or automatic ECG analysis; a lack
of signal quality makes it difficult to understand the correct diagnosis information [3],
raises the probability of false alerts [4], and increases the assignment of doctors [5].
Therefore, it’s important to use automatic signal quality assessment (SQA) methods. A
reliable SQA method helps to give suggestions of re-take recording when signal quality
isn’t good [6], to improve the efficiency of information transmission by rejecting signals
of bad quality [7], and to deliver reliable cardiac recordings for CVDs scanning [8].

Many studies have been conducted on the quality evaluation of ECG signals in the
previous literature. With the development of computer analysis and processing capabili-
ties, the ECG SQA algorithm can be split into three categories approximately: rule-based
SQA methods, machine learning-based SQA methods, and deep learning-based SQA
methods. Early designed signal algorithms were limited in processing capacity. Thus,
low-complexity algorithms were usually designed with rule-based SQA methods com-
bined with waveform and interval features [9, 10]. The accuracy of this method for
multi-classification ECG SQA is barely satisfactory. It is also proposed that ECG SQA
has been used using classical machine learning (ML) algorithms. However, to iden-
tify the available features, such techniques require time-consuming feature engineering.
For instance, Y. Zhang [11] input some features from ECG signals into ML models
like decision tree (DT) and support vector machine (SVM). Such classical ML models
include many intrinsic limitations, such as weak generalization capability and boring
feature extraction. Moreover, deep learning [12] doesn’t require complicated feature
engineering and has been widely applied to many domains such as picture classification
[13], voice recognition [14], and Intelligent translation [15]. Non-contact ECG signals
are non-stationary millivolt signals with a low signal-to-noise ratio and it is easy to be
interfered with by other signals. Therefore, it’s hard to classify the dECG signals with
high accuracy through a single neural network. In this paper, a dECG classification algo-
rithm based on deep Residual Networks (ResNet) and Bi-directional Long Short-Term
Memory (Bi-LSTM) networks is proposed, which achieves a high accuracy three-classes
classification of dECG signals.

The rest of the article is on the following: Sect. 2 introduces the Materials and
Methods. Section 3 introduces the experimental setup, results, and comparison with
other methods. Finally, a conclusion is in Sect. 4.

2 Materials and Methods

In this section, we will introduce the materials and methods involved in our work. Firstly,
we introduce the acquisition and annotation of data involved in our work. Secondly, we
transform data to time-frequency spectrum images as network input. At last, we propose
the SQA method based on ResNet and Bi-LSTM.
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2.1 Data Collection and Annotation

The data of this article is collected by a non-contact dECG measurement system pub-
lished previously by our teammates [16]. Acquisition of dECG is based on the capac-
itively coupled electrode and it can acquire ECG signal both in contact with skin and
through clothes. The system can denoise and store data simultaneously. Forty volunteers
(25 men and 15 women, average age 25 + 10), were enrolled in this study. All subjects
have good health and no history of cardiovascular disease. Meanwhile, all of them signed
the informed consent. The dECG signals were measured at a sampling frequency of 500
Hz for 4 h. The collected signals were divided into five-second segments. 4859 sam-
pled signals with obvious statistical characteristics were selected. By consulting ECG
experts, we define the dECG signal quality categories as follows.

e Level O (clean): A good recording with clear R waves.

e Level 1 (noise): A poor recording without clear R waves.

e Level 2 (motion artifact): A high-amplitude noise signal caused by the movement of
the testee.

The waveforms of three types of dECG signals are shown in Fig. 1. Four undergrad-
uates of biomedical engineering with training in ECG analysis annotated each segment
respectively and an ECG expert reviewed each annotation. Finally, five of them voted to
determine the category of dECG signal segments. The number and categories distribu-
tion of dECG signal segments taken for the training set, validation set, and test set are
shown in Table 1.

2.2 Pre-processing of dECG Signals

Short-time Fourier transform (STFT) [17] is a popular time-frequency analysis tool that
explains frequency domain features in a sequence with a fragment of a signal in the time
domain. The frequency features of different window functions are different in STFT. So,
Time-domain and frequency-domain resolution should all be thought over.

We used the frequency spectrum of our dECG signals into the CNN model in an effort
akin to voice classification [18-21]. This study used a symmetric Hamming window for 8
points that decreased spectrum leakage and obtained superior time-frequency particulars
after many experiments. Consequently, after STFT, dECG signals (with a dimension of
1 x 2500) were transformed into the time-frequency spectrum image (with a dimension
of 875 x 656 x 3). The time-frequency spectrum images for three categories of dECG
signals are shown in Fig. 1.
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Fig. 1. (a), (b), and (c) show three types of dECG signals and their time-frequency spectrum
image respectively
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Table 1. The number and categories distribution of dECG signal segments

Category Training Validation Test Total
Level 0 1000 300 382 1682
Level 1 1000 300 296 1596
Level 2 1000 300 281 1581

2.3 Architecture of Proposed Model

The proposed algorithm model is mainly composed of two parts, one is ResNet, the other
is Bi-LSTM. We first resize the time-frequency spectrum image of dECG signals to the

Bi-LSTM
Dropout

Bi-LSTM
Dropout

Bi-LSTM

Dropout

Vector2

output

Fig. 2. The architecture of our proposed model.
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size of 256 x 256 x 3 by bilinear interpolation and then use them to train the ResNet
network. We directly use the dECG signals (with a dimension of 1 x 2500) to train the
Bi-LSTM network. When the test set is input to the two trained networks, we take out
the output vectors of the softmax layer of the two networks, add them and multiply them
by 0.5. In this way, the prediction probability value of each type is obtained. Finally, the
category with the largest probability value is taken as the prediction category. The whole
framework of the model is shown in Fig. 2. This model is composed of two networks,
ResNet and Bi-LSTM, which improve the total accuracy and robustness of the model
by using the idea of ensemble learning.

Description of CNN Layers. The time-frequency spectrum images of dECG signals
pass through the two-dimensional convolutional layer (Conv2D) and two-dimensional
maximum pooling (Maxpool2D) layer and then get into the residual module. The resid-
ual module is composed of 8 basic blocks of 2 kinds, as shown in Fig. 3. The kernel
dimension of the Conv2D layer in this network was all 3 x 3. The first Conv2D layer
had 32 convolution kernels, and the number of kernels for the Conv2D layer among the
8 basic blocks in the latter residual module was taken as 32, 32, 64, 64, 128, 128, 128,
128. When the CNN implemented convolution layer by layer, the acquired characteristics
were transformed from particulars to abstractions. The residual module could catch a lot
of messages from the characteristics acquired from different Conv2D layers, thus effec-
tively improving features’ recognition capabilities and avoiding a substantial increase
in network parameters. Moreover, the residual module provided not only characteristic
extraction, but also improved gradient flow [22]. ReLU is the activation function of total
the Conv2D layers. For better training, we add the BN layer after the convolution layer.
Finally, input the output vectors of ResNet to the softmax layer to obtain the vector
containing the probability value of each category.

input—~__ input

i
e
®

-

v
output output
BasicBlock! BasicBlock2

Fig. 3. Structure of two types of residual blocks.
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Description of RNN Layers. Because Bi-LSTM has a good effect in processing tim-
ing signals, we take the dECG signal as the input of the Bi-LSTM network. Specifically,
the module contains 3 Bi-LSTM layers [23], and each layer’s size was 64. As seen
in Fig. 4, Bi-LSTM, as a particular LSTM, receives information in both forward and
backward directions at the same time, which makes the characteristics of time sequence
richer, because each signal possesses context message from past and future. In the mean-
time, In order to prevent overfitting, we add the Dropout layer with a coefficient of 0.5
after each Bi-LSTM layer. Then, the output of the Bi-LSTM was input to the softmax
layer to acquire the vectors containing the probability value of each category.

Backward laver

/ /,/ / / / /
- & & @

Architecture of bidirectional LSTM

Fig. 4. The architecture of Bi-LSTM.

Training Method. We randomly extract data from the training set in batches to train the
model. The weight parameters of the model are continuously updated by the gradient
descent method. In this experiment, we use the Tensorflow framework to build and
train our network model. We choose the commonly used cross-entropy loss function
and Adam optimizer [24] to optimize the parameters. The cross-entropy loss function
determines the difference between the resulting and the true values for each round of
training samples. The Adam optimizer uses momentum and adaptive learning rate to
accelerate model convergence. We set the epoch to 200 and the batch_size to 64.

3 Evaluation Index Experimental Platform and Results

In this section, we first evaluate our model with some evaluation criteria. Then we
describe the hardware and software we use to process data and training models. Finally,
we discuss the result of our experiments and compare it with some commonly used
methods.
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3.1 Evaluation Index

We randomly selected 959 segments from 4859 dECG signals as the test set. To eval-
uate the trained model, we applied the confusion matrix and calculate the sensitivity
(Se), precision (P.), accuracy (ACC), and F-Score of the fusion classifier model. The
confusion matrix is a table that includes three indices represented by true-positive (TP),
true-negative (TN), false-negative (FN), and false-positive (FP). The calculation formula
of each index is as follows:

Accuracy (ACC): The proportion of correct predictions in total predictions.

TP + TN
ACC = ey
TP + TN + FN + FP
Precision (P4): The proportion of correct predicted positives to the total predicted

positives.

TP
= )
TP + FP
Sensitivity (Se): It is also called Recall. Sensitivity describes the proportion of all
positive cases identified in all positive cases.

Py

TP
Se = —— 3)
TP + FN
F1-Score (F1): It gives a method to merge Sensitivity and Precision.
2 x Se x P
Fl=22207""+ )
Se + P+

3.2 Experimental Platform

The proposed network was performed using the Tensorflow framework based on the
Python language and MATLAB 2020b was used for data processing. Total experiments
were implemented under a Linux OS on a server with CPU Intel(R) Xeon(R) E5-2687
W v4 @ 3.00 GHz, GPU NVIDIA GTX 1080Ti, and 64 GB of RAM.

3.3 Results

Individual ResNet and Bi-LSTM models perform well in the training set, achieving
accuracy rates of close to 100% and 95%, respectively. Although their respective accu-
racy on the validation set is also high, there is a large fluctuation in the accuracy among
epochs. The changes of accuracy and loss values of the two networks on the training
data and validation data with epoch are shown in Fig. 5. Therefore, we use the idea
of ensemble learning to combine the trained ResNet and Bi-LSTM networks to reduce
the overall variance of the model and improve the accuracy. The accuracy of using the
ResNet model and the Bi-LSTM on the test set was 0.9499 and 0.9541, respectively.
The accuracy of using the ResNet 4+ Bi-LSTM model on the test set has been improved
to 0.9969. Further comparison of the confusion matrix (ResNet + Bi-LSTM network
vs. ResNet, Bi-LSTM) showed that the ResNet + Bi-LSTM network was more robust
with higher accuracy (Fig. 6). As shown in Table 2, the ResNet 4+ Bi-LSTM network
also performed better on these evaluation indices of precision, sensitivity, and F1 score.
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Fig. 6. (a), (b) and (c) are the confusion matrices of Bi-LSTM, ResNet, and ResNet + Bi-LSTM
on the test set respectively

Table 2. Comparison of three methods

Method Accuracy Precision Sensitivity F1

ResNet 0.9541 0.9579 0.9541 0.9543
Bi-LSTM 0.9499 0.9501 0.9499 0.9499
ResNet + Bi-LSTM 0.9969 0.9969 0.9969 0.9969

3.4 Comparison with Methods in Other Papers

Our proposed method improved accuracy in comparison to the existing methods. Xue
Zhou et al. [25] used a 1D CNN to classify ECG signals on the database of Phys-
ioNet/Computing in Cardiology Challenge 2011 and the PhysioNet/Computing in Car-
diology Challenge 2017 and obtained an accuracy of 94.30%. A. Huerta et al. [26] used
2D CNN to classify ECG signals on the database of PhysioNet/Computing in Cardiology
Challenge 2017 and obtained an accuracy of 91.20%. Zeyang Zhu et al. [27] used the
Adaboost algorithm to classify ECG signals on the database of PhysioNet/Computing
in Cardiology Challenge 2011 and obtained an accuracy of 95.80%. Qifei Zhang et al.
[28] used 1D CNN and 2D CNN to classify ECG signals on the MIT-BIH Arrhythmia
database and obtained an accuracy of 91.80%. Although we used different datasets, the
comparison of these methods is instructive for the evaluation of the model. As shown in
Table 3, our algorithm has higher accuracy and robustness.
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Table 3. Comparison of the proposed network and other methods

Work Method Accuracy | Precision | Sensitivity | F1

X. Zhou et al. [25] 1D CNN 0.9430 0.9550 0.9130 0.9335
A. Huerta et al. [26] | 2D CNN 0.9120 0.9030 1 0.9490
Z.Zhu et al. [27] Adaboost 0.9580 0.8720 0.9860 0.9255
Q. Zhangetal. [28] | 1D CNN + 2D CNN | 0.9180 0.9583 0.8920 0.9240
Our work 2D CNN + Bi-LSTM | 0.9969 0.9969 0.9969 0.9969

4 Conclusion

Non-contact ECG measurement is sensitive to interference and motion artifact, limiting
its clinical application. Hence, it greatly increases the need for real-time and dynamic
signal quality assessment. In this paper, a ResNet 4+ Bi-LSTM model is proposed to
realize a three-level ECG signal quality assessment (clear ECG signal, blurry ECG
signal, and noisy ECG signal). The ResNet layers can capture spatial features in the
ECG sequences while the Bi-LSTM layer can then learn the temporal features. The
proposed model achieves 99.69% accuracy, outperforming the single ResNet - based
and Bi-LSTM - based approach. The experimental results demonstrate the superior
performance of this ResNet + Bi-LSTM model over the existing methods. By automatic
ECG quality classification with high accuracy, wide clinical applications of non-contact
ECG measurement may be achieved in the future.
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