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Abstract


Electrocardiogram (ECG) signals are among the significant physiological signals that indicate the essential properties of the human body. In recent years, the measurement of ECG signals has become more portable thanks to the increasing usage of wearable health testing technology. However, the enormous amount of signal data gathered over a long period of time does impose a heavy load on medical professionals. In addition, false alarms might occur due to the potential for the detected signal to become jumbled with noise and motion perturbations. Therefore, analyzing the quality of the measured raw ECG signal automatically is a valuable task. In this paper, we propose a new single-channel ECG signal quality assessment method that combines the Resnet network structure and the principle of self-attention to extract ECG signal features using the principle of similarity between individual QRS heartbeats within a time slice of ten seconds. In addition, an improved self-attention module is introduced into the deep neural network to learn the similarity between features. Finally, the network distinguishes between acceptable and unacceptable ECG segments. The model test results indicate that the F1-score can approach 0.954, which leads to a more accurate assessment of the ECG signal quality.
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1. Introduction


According to a World Health Organization study in November 2021 [1], 31% of fatalities worldwide in 2019 were attributable to cardiovascular diseases. Cardiovascular diseases remain one of the largest causes of death worldwide [2]. Analyzing heart activity through an electrocardiogram is presently the most prevalent way to find cardiac disease [3,4]. Electrocardiography is a method that records the electrical activity produced by the heart from the biological body surface during each beating cycle using an electrocardiographic monitoring equipment [5,6]. ECG signals represent critical information about the vital signs of a person and give information about the health of the heart and cardiovascular system. Long-term ECG signal measurement is becoming more affordable and practical as a result of the growing popularity of wearable medical diagnostic equipment. A typical length of time for ambulatory ECG examinations nowadays is 24 h, 48 h, or 72 h [7,8,9]. Medical professionals must go through and choose the best slices from this lengthy ECG data to analyze the heart activity state. A considerable number of medical professionals must be sent for this time-consuming endeavor, especially in isolated places with limited access to medical care. Additionally, compared to the ECG signals picked up by clinical equipment, the signals acquired by wearable health testing devices are more susceptible to different interferences (such as power line interference, baseline drift, impulse noise, and muscle noise) [10]. Therefore, the development of ECG signal quality evaluation methods for mobile medical health detection devices continues to be a challenging problem.



Machine learning is a branch of artificial intelligence and a necessary way to achieve artificial intelligence [11]. Its purpose is to study how computers can simulate or implement human learning behavior to acquire new knowledge or skills. Machine learning algorithms are a class of algorithms that automatically analyze data to obtain patterns and use the patterns to make predictions about unknown data [12]. Traditional machine learning methods work in three main steps: data preprocessing, feature extraction, and signal classification. These signal processing steps are often used in ECG signal quality assessment tasks [13]. For example, the methods of ECG signal quality assessment based on the machine learning principle include analysis based on the autoregressive model [14], analysis based on morphological characteristics [15], and a combination of multiple signal quality indicators and support vector machines algorithm [16].The manual calculation of features is a time-consuming step that is unsuitable for handling large amounts of data, and all of the methods mentioned above use some custom thresholds as criteria for signal quality assessment. These criteria are subjective and may contain insufficient or redundant information.



Deep learning is a branch of machine learning; it is an algorithm based on representation learning of data in machine learning [17,18,19]. Different from traditional machine learning methods, deep learning models do not need to design features manually but use deep neural networks to form more abstract high-level representations (or features) by combining low-level features [17], so that the model can understand data more deeply. It has been applied to various fields such as computer vision, natural language processing, and bioinformatics, and has achieved wonderful results [20,21,22]. There are also some ECG signal analysis works on the deep learning network [23,24,25]. However, with the increase of these network layers, the model performance will be degraded. As a kind of deep learning network model, residual network can be used to solve the problem of network performance degradation [26]. Therefore, in this paper, we use the residual network to complete the ECG signal quality evaluation.



Attention mechanisms have attracted a lot of interest recently in fields such as image processing and natural language processing, including tasks such as text translation and image classification [27,28]. However, it is seldom applied in the area of one-dimensional signal processing. In this work, we develop a self-attention module for processing one-dimensional ECG signal data based on QRS waveform similarity. The module creates an attention map by computing pairwise relationships between the channels, then weighting all the features to aggregate information about the distant dependencies between channels. The module employs a 1x1 convolution operation at the input side, which can flexibly reduce the number of channels, thus reducing the calculation workload of the attention module.



To avoid subjective judgments and redundant information that may be introduced by manual computation of features, as well as the problem of network performance degradation, this paper adopts the idea of a residual network to build a network model. The network incorporates the proposed self-attention module and improves the structure and parameters of the residual model to adapt to the processing of one-dimensional signals. Our test results on the PhysioNet/Computing in Cardiology Challenge 2011 (Cinc2011) show that the model can achieve efficient and high-quality ECG signal evaluation with low resource consumption. It reduces the workload of the ECG medical experts and improves the efficiency and accuracy of cardiovascular disease diagnosis.




2. Background


2.1. Resnet Based ECG Classification


With the development of global aging, cardiovascular disease, as one of the chronic diseases, has the characteristics of being sudden, hidden, and fatal [29]. Therefore, strengthening the early screening and long-term monitoring technology of cardiovascular disease has become an urgent problem. With the development of artificial intelligence and the popularization of ECG, there are more than 300 million ECG records every year in the world [30]. Therefore, the importance of automatic classification technology for ECG data is increasingly prominent. At the same time, the popularization of wearable health monitoring equipment brings huge data analysis tasks to medical staff. In this case, automated ECG signal classification technology provides great convenience for medical diagnosis. Although the development of early machine learning algorithms has improved the accuracy of automatic analysis of ECG signals, they require a large number of data preprocessing and manual feature engineering to make the processed data and feature sets suitable for interpreting ECG signals [31,32,33,34]. It increases the complexity of the automatic data analysis process. In recent years, deep learning has been the preferred method for ECG classification [35,36,37,38,39].



As a kind of deep learning network model, the residual network is mainly proposed to solve the problem of network degradation caused by the increase in network depth; that is to say, the residual network can ensure: first, that the network performance can be continuously improved; second, that when the optimal performance is achieved, the redundant network layer does identity mapping. Based on the above properties, the structure has been applied to various fields, including the field of ECG signal processing. For example, Kim et al. proposed a new model framework by combining the residual network with the extrusion and excitation block and the bidirectional short and long memory network [40]. The proposed framework can enable the direct diagnosis of arrhythmia types in clinical trials based on the accurate detection of the minority class. Liu et al. proposed a new heartbeat classification method based on ResNet-101 hybrid time-frequency analysis and migration learning [41]. However, there are few applications in the ECG signal quality assessment task at present. In this paper, we apply the residual network to the ECG signal quality assessment task and optimize the network structure to make it more suitable for one-dimensional ECG signal processing tasks.




2.2. Attention Mechanism in ECG Signal Processing


The attention mechanism was first proposed by DeepMind for image classification, which is a special structure embedded in a machine learning model. We can roughly compare the attention mechanism to a neural network that can focus on a subset (or feature) of the input content, which allows the neural network to pay more attention to the relevant parts of the input and less attention to the irrelevant parts when performing the prediction task. Google mind team used attention mechanism on the recurrent neural network (RNN) model for image classification and obtained good results [42]; this cause the attention mechanism to gradually become a hot research topic. In recent years, some researchers have used it for arrhythmia detection and obtained good performance [43,44,45]. However, the large amount of computations and parameters introduced by the attention module added on the basis of the previous network model is a great challenge for the embedded mobile devices with limited storage and computing capacity. In this paper, in order to minimize the amount of computations and parameters, a lightweight attention model is designed for ECG signal quality assessment.





3. Materials and Methods


This design uses Resnet18 as the basic framework of the network and optimizes the structure and parameters of the network while introducing a self-attention module in the network to obtain the attention matrix and improve the signal quality assessment performance. This network can achieve a high level of ECG signal quality assessment without introducing a large amount of computations and parameters.



Accuracy, sensitivity, specificity, precision, and F1-score are the five assessment criteria we use to assess the performance of the deep network model. Equations (1)–(5) below define their calculating equations. Table 1 shows the confusion matrix, with TP, TN, FP, and FN defined as true positive, true negative, false positive, and false negative.
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(5)







3.1. Proposed Signal Quality Assessment Model Framework


It is simpler to set the residuals to zero when a constant mapping is ideal than to fit the constant mapping by stacking nonlinear layers. Simple constant mapping is all that the shortcut connection does, adding its output to the output of the stacked layers. The constant shortcut connection does not increase the number of parameters or the complexity of the computation. Therefore, employing leftover modules to construct deep networks for deployment on resource-constrained embedded mobile devices is useful. Additionally, the lack of research on residual network models in the area of ECG signal quality assessment is filled by the design.



Figure 1 shows the network structure of the entire signal quality assessment model and the location of the self-attention modules within it. The network is made up of 11 modules, including an input module with a convolutional layer, an output module with complete connectivity, 8 Resnet modules, and a self-attention module. The overall network architecture and training parameters are redesigned for better adaptation to the one-dimensional ECG signal quality assessment task. The network structure uses one-dimensional convolution and one-dimensional pooling in place of the original two-dimensional convolution and two-dimensional pooling operations used for two-dimensional image feature extraction. The self-attention module is incorporated into the architecture to gather information about channel similarity and enhance signal quality estimation. However, since evaluating the quality of an ECG signal is equivalent to performing a binary classification task, adding more layers or neurons increases the weight parameters of the network, which can increase the expressiveness of the neural network but also increases the likelihood of overfitting issues. As a result, learning the model parameters is negatively impacted by having an excessive number of neurons in the last completely connected layer. The original number of channels in this network is changed from 512 to 128, while the number of neurons in the fully connected layer is changed from 512 to 128. By redesigning the seventh and eighth Resnet modules of the resnet18 network model, we can avoid the overfitting phenomenon on the one hand and reduce the number of model parameters on the other.




3.2. Proposed Self-Attention Module


Considering that the correlation between individual heartbeats within a regular ECG segment can be used as an auxiliary judgment condition for ECG signal quality assessment, we designed a self-attention module based on the non-local idea for obtaining the dependencies between heartbeats within an ECG segment [46]. As can be seen in Figure 2, there is a clear difference between regular heartbeats and heartbeats with noise interference. Among them, there are obvious similar features between individual heartbeats within the ideal heartbeat fragment. Therefore, the attention module designed in this paper obtains the dependence information between heartbeats within a fragment by calculating the pairwise similarity relationship between channels to obtain the attention graph and then aggregating all features by weighting them to obtain the remote dependence information between channels. For regular ECG signals, there are obvious similarity features between each heartbeat, while, for random noisy signals, these similarity features are not obvious. Examples of unacceptable and acceptable samples are shown in Figure 2.



Figure 3 illustrates the structure of this self-attention module. Suppose the input feature    F  i n p u t     dimension is   BxCxW  , the feature map is reduced to   1 / r   of the original number of channels by a   1 × 1   convolution to obtain a matrix    F  c o n v 1    . The convolved data is transposed to obtain    F  t r a n s    , the attention matrix    F  s a     (inter-channel feature similarity matrix) is obtained after the dot product operation, and then the attention matrix is multiplied with    F  c o n v 1     to obtain the feature    F  c o n v 2     (with the same dimension as    F  c o n v 1    ) with self-attention information. Finally, a   1 × 1   convolution module is employed to obtain the output data    F  o u t p u t     with the same dimension as the input data. Therefore, this module can be added to the structure of most deep networks as a flexible attention module.



Equations (6)–(9) show the computational principle of the self-attention module.  x  represents the feature matrix of the input self-attention module,    W z    and    W g    can here be considered as a convolution operation to change the number of data channels, and   f  (   x i  ,  x j   )    represents the dot product operation to obtain the self-attention matrix. We set the normalization factor as   C  ( x )  = N  , where  N  is the number of positions in  x .


   z i  =  W z   y i   



(6)






   y i  =  1  C  ( x )      ∑  ∀ j    f  (   x i  ,  x j   )  g  (   x j   )     



(7)






  g  (   x j   )  =  W g   x j   



(8)






  f  (   x i  ,  x j   )  = θ    (   x i   )   T  φ  (   x j   )   



(9)








3.3. Comparison of Parameters and Calculations of Attention Modules


In this subsection, we compare the proposed self-attention module with two typical attention modules in terms of parameter amount and calculation amount. One of them is the squeeze and exception network (SE-Net), which refers to the attention mechanism added on the channel dimension [47]. The key operations are "squeeze” and “exception”. Figure 4a shows the module structure of SE-Net. Compared with using one full connection layer directly, using two full connection layers in the citation operation introduces more computation and parameter quantities. The other module is the non-local attention mechanism, which uses the information of the surrounding points when extracting a feature. The “surrounding” can be either temporal or spatial. The non-local module can be used as a component to complete video classification, image segmentation, target detection, and other tasks together with other network results, and the effect is good. In this design, when extracting a heartbeat feature, we also use other heartbeat information around it as auxiliary judgment information, so we follow the idea of the non-local module to optimize and design a self-attention module.



The proposed self-attention module only needs to perform one convolution operation at the input side in comparison to the non-local model, which decreases the computation and number of parameters of the attention module as well as the number of convolution operations. The computation and number of parameters for the proposed self-attention module, SE block module, and non-local module are compared in Table 2. As can be seen, the suggested self-attention module has the least computations and parameters, allowing the attention module to minimize the introduction of computations and parameters to the overall network. It is more suitable for training lightweight network models for deployment into mobile embedded devices.





4. Results


In this part, we will evaluate the performance of the network model proposed in this paper on the PhysioNet/Computing in Cardiology Challenge 2011 dataset [48]. To evaluate the performance of the SA-Resnet18 network designed in this paper, we conducted a group of comparative experiments. The network models with attention modules and without attention modules are trained, respectively, and the model indices are compared. At the same time, the performance of the model with the attention module is compared with other existing ECG signal quality evaluation models.



4.1. Datasets


This study used the PhysioNet/Computing in Cardiology Challenge 2011 dataset from the Research Resource for Complex Physiologic Signals (PhysioNet) platform. Each record is a standard 10s ECG segment with a sampling frequency of 500 Hz and a resolution of 16bit. Since the original dataset is a standard 12-lead ECG signal, and this experiment investigates the quality assessment of single-lead ECG signals, only single-lead (V6) ECGs were extracted from the original dataset to form the dataset for this experiment. Each record was given a label that read “accepted” or “unaccepted.” The total amount of valid sample data following data screening was 863, which was utilized for the final model training and performance assessment. This is because some of the initial labels were unsatisfactory for reasons unrelated to V6. Thus, 706 of them were given the “accepted” label, while 157 were given the “unaccepted” label. Table 3 shows the composition of the dataset used in this experiment. The dataset was divided in the ratio of 8:2, and 80% were randomly selected as the training dataset and the remaining 20% as the test dataset.




4.2. Data Preprocessing


Since the self-attention module needs to obtain correlation information between individual heartbeats within ECG segments, we split the continuous 10 s ECG recordings into some independent heartbeats, and the reference point of the split is the R point of each heartbeat. Since the dataset used in this experiment does not have official R-point marking information, we optimize and improve the PT algorithm [49] to find out each R-point within the ECG fragment as accurately as possible.



In this experiment, a single-lead (V6) ECG signal was used, and the similarity characteristics between individual heartbeats within the ECG segments were used as auxiliary judgment information to segment each 10s ECG segment into 12 individual heartbeats with the help of the analysis principle of multichannel ECG signals. The schematic diagram of individual heartbeats is shown in Figure 5, taking the sampling point 0.37 s before the R point, and the sampling point 0.47 s after the R point. Data fragments that do not satisfy the 12 heartbeats are followed by zeroes, and for more than 12 heartbeats, the extra heartbeats are discarded. The R points of the 12 QRS heartbeats are aligned, and the final data form is shown in Figure 6. The data dimension is    “ B  × 12 × 420 × 1 ”   (Batch * Channel * Long * Width), which is input into the deep neural network to extract the features of each heartbeat and combine with the heartbeat similarity to evaluate the quality of this fragment of ECG signal.




4.3. Experiment


In this experiment, we first train a network model without the attention mechanism by batch-inputting 80% of the randomly chosen training set into the neural network model without the self-attention module, with the batch size set to 16. Following the introduction of the attention module, a different network model is trained, and its performance metrics are compared.



As shown in Table 4, the results tested on the Cinc2011 database show that the addition of the self-attention module improves the accuracy of the model by 1.39, recall by 0.85, specificity by 7.64, precision by 1.41, and F1-score by 1.14. The results indicate that, compared to the original Resnet18 structure, the addition of the self-attention module can further improve the signal quality evaluation performance of the network.



The attention matrix of the acceptable sample and the attention matrix of the unacceptable sample are shown in Figure 7 below, corresponding to the attention matrices of the two samples shown in Figure 8, respectively, and it can be seen that there is a clear difference between them.





5. Discussion


With the gradual improvement of intelligent medical systems, improving the accuracy of automated analysis techniques of physiological signals and reducing the complexity of models have become the main directions of current research. In this paper, considering the sudden and fatal nature of cardiovascular diseases, we design an automated ECG signal quality assessment method to screen out valid ECG signals for subsequent early screening of abnormal ECG signals and to improve the efficiency of healthcare workers. The method is designed based on a modified Resnet and combined with a self-attentive module we designed in this paper. The design of this model not only avoids a lot of feature engineering design work caused by using traditional machine learning, but also avoids the problem of model performance degradation caused by a too-deep network model. Based on this, an attention mechanism is introduced to improve the accuracy of model prediction by paying more attention to the similarity information between individual heartbeats within the fragment when performing the prediction task. Moreover, the experimental results show that the attention module designed in this paper is more suitable for lightweight model design, which provides a new idea for the research of lightweight deep learning networks.



Here, we compare the results of SA-Resnet18 with those of other works in recent years to evaluate the performance level of SA-Resnet18 in the area of ECG signal quality assessment. According to the data in Table 5, the SA-Resnet18 performs comparatively better when the combined accuracy and F1-score performance measures are taken into account. In terms of experimental methods, the SA-Resnet18 model is similar to [23] in that both do not require manual feature engineering; however, the SA-Resnet18 model has higher accuracy compared to [23], while the design of the SA-Resnet18 model verifies that the combination of these two network structures can show good performance in ECG signal quality assessment. In terms of the number of leads of experimental data, we use single-channel experimental data for model training and testing, which is more suitable for deployment on the mobile wearable health monitoring device side. This is because the acquisition and storage of single-lead data are more suitable for wearable health monitoring devices compared to 12-lead data.



However, a signal quality evaluation model has to be employed for numerous users of different genders and ages in the early morning, taking into account the variability of ECG signals among various persons. In the future, we plan to apply the concept of transfer learning to enhance the model’s portability and robustness while maintaining patient privacy, which will further enhance the generalization capabilities of the model. Additionally, it is difficult to describe precisely which network phases or elements result in the final classification findings for the deep learning models we employ. Hence, we also need to work on the interpretability of the model.




6. Conclusions


Deep learning has successfully automated the classification and diagnosis of multi-channel ECG signals. However, there are still some problematic issues, such as high annotation costs, high memory requirements, and computational resource requirements during the training process. Additionally, it is very challenging to detect multi-channel signals, especially 12-channel signals, using mobile-embedded health detection devices. On the contrary, single-channel signals and single-channel ECG signals are relatively easy to detect. However, in remote locations, particularly in remote mountainous regions where medical knowledge is scarce, it is desirable to record valid ECG signals from patients which are helpful for subsequent ECG diagnosis and increase the effectiveness of medical specialists; theoretically, health detection devices can reduce abnormal alarms and automatically screen valuable ECG signals for the subsequent diagnosis of heart health conditions. To address the aforementioned requirements, we propose a self-attention module. Furthermore, the Resnet18 structure is optimized and enhanced to adapt to one-dimensional ECG signal analysis. The similarity principle of heartbeats within ECG recording segments is used as auxiliary judgment information to obtain correlation information and improve the performance of the signal quality assessment of the model. The experiment results also demonstrate that SA-Resnet performs well when evaluating the quality of 1D ECG data in single leads. In addition to making up for the lack of research on residual networks in the area of ECG signal analysis, it also develops a lightweight attention model that enhances network signal quality evaluation performance without adding a lot of computation or parametric variables.
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Figure 1. Structure diagram of the signal quality assessment model. 
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Figure 2. (a) Unacceptable sample diagram; (b) acceptable sample diagram. 
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Figure 3. Self-attention module. 
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Figure 4. (a) SE-Net module structure; (b) Non-Local module structure. 
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Figure 5. Schematic diagram of a single heartbeat. 
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Figure 6. Schematic diagram of data after preprocessing. 
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Figure 7. (a) Attention matrix of an acceptable sample; (b) attention matrix of an unacceptable sample. 
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Figure 8. (a) An acceptable sample plot corresponds to (a) in Figure 7; (b) an unacceptable sample plot corresponds to (b) in Figure 7. 
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Table 1. Confusion matrix.
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Table 2. Comparison of the calculation amount and parameter amount between the self-attention module and the typical attention modules. The input data dimension is 16 * 128 * 4 * 1 (B × C × W × H), and the parameter amount and calculation amount of the three attention modules are calculated, respectively (r in Figure 4a is taken as 4).






Table 2. Comparison of the calculation amount and parameter amount between the self-attention module and the typical attention modules. The input data dimension is 16 * 128 * 4 * 1 (B × C × W × H), and the parameter amount and calculation amount of the three attention modules are calculated, respectively (r in Figure 4a is taken as 4).





	Category
	SE-Net
	Non-Local
	Self-Attention





	Calculation volume
	8192
	8256
	4128



	Number of participants
	8192
	5312
	4208










 





Table 3. Composition of the dataset.
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	Category
	Diagnosis
	Count





	1
	accepted
	706



	2
	unaccepted
	157



	Total
	
	863










 





Table 4. Comparison of network indicators without attention module and with attention module.
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	Accuracy
	Recall
	Specificity
	Precision
	F1-Score





	Resnet18
	91.43%
	98.32%
	52.87%
	90.51%
	94.26%



	SA-Resnet18
	92.82%
	99.17%
	60.51%
	91.92%
	95.40%










 





Table 5. Performance metrics between the model proposed in this study and various common networks are compared.
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	References
	Methods
	Datasets
	Lead Number
	Accuracy
	F1-Score





	Hermawan et al., 2019 [50]
	Machine learning
	Cinc2011
	2
	85.7%
	Unknown



	Huerta et al., 2020 [23]
	GoogLeNet Combining the deep-learned Stockwell
	Cinc2017
	12
	91.5%
	Unknown



	Liu et al., 2021 [51]
	Transform (S-Transform) spectrogram features and hand-crafted statistical features
	Cinc2011
	12
	93.1%
	84.7%



	Athif et al., 2018 [52]
	Decision tree
	Cinc2011
	12
	91.1%
	Unknown



	Morgado et al., 2015 [53]
	Covariance characteristic matrix and machine learning classifier
	Cinc2011
	12
	89.8%
	Unknown



	Our proposed method
	Resnet18+Self-Attention
	Cinc2011
	1
	92.8%
	95.4%
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