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Abstract

:

In this paper, a beat-based autoencoder is proposed for mapping photoplethysmography (PPG) to a single-lead electrocardiogram (single-lead ECG) signal. The main limiting factors represented in uncleaned data, subject dependency, and erroneous beat segmentation are regarded. The dataset is cleaned by a two-stage clustering approach. Rather than complete single–lead ECG signal reconstruction, a beat-based PPG-to-single-lead-ECG (PPG2ECG) conversion is introduced for providing a simple lightweight model that meets the computational capabilities of wearable devices. In addition, peak-to-peak segmentation is employed for alleviating errors in PPG onset detection. Furthermore, subject-dependent training is highlighted as a critical factor in training procedures because most existing work includes different beats/signals from the same subject’s record in both training and testing sets. So, we provide a completely subject-independent model where the testing subjects’ records are hidden in the training stage entirely, i.e., a subject record appears once either in the training or testing set, but testing beats/signals belong to records that never appear in the training set. The proposed deep learning model is designed for providing efficient feature extraction that attains high reconstruction quality over subject-independent scenarios. The achieved performance is about 0.92 for the correlation coefficient and 0.0086 for the mean square error for the dataset extracted/cleaned from the MIMIC II dataset.
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1. Introduction


Nowadays, cardiovascular disease (CVD) has become a widespread cause of death [1]. In 2020, the World Health Organization (WHO) reported that CVD was the leading reason for human mortality, accounting for 32% of global deaths [1]. The early diagnosis and detection of CVD help in treating and avoiding the complications of the disease which may lead to death [2]. So, the continuous monitoring of heart health status is urgent. There are many biological signals reflecting our medical condition. However, electrocardiogram (ECG) and photoplethysmography (PPG) are the most common signals employed in monitoring heart status and the circulatory system. An ECG signal introduces detailed information about electrical heart activity. Heart abnormalities can be detected by examining the structural characteristics of an ECG signal that is described by some featured impulses (P, Q, R, S, and T waves) [3,4]. It can be used for detecting diseases such as hypertension [5], cardiac arrhythmia [6,7], coronary artery disease [8], heart attack [9], and cardiomyopathy [10].



Unfortunately, continuous long-term and direct ECG monitoring have some limitations during normal human activities. There is a great deal of research being conducted, mostly in vain, to design wearable devices able to monitor ECG [11]. Wearable devices [12] may be worn on the chest, such as a Zio Patch, or the wrist, such as an Apple Watch. Regarding the Zio Patch, for people with sensitive skin, the extended usage of self-adhesive sensors, during multi-day monitoring, may raise the risk of skin irritations [13]. For the Apple Watch, it can measure ECG signal by having the user tap the device’s crown with their fingertip but because it calls for active user involvement, long-term monitoring is not possible. It does not match many users for long-term measurements because it needs some sort of active user involvement.



On the other side, PPG is a simple and cheap optical method that is used for detecting blood volume changes in microvascular tissue. The PPG waveform comprises a pulsatile (‘AC’) physiological waveform attributed to cardiac synchronous changes in the blood volume with each heartbeat and is superimposed on a slowly varying (‘DC’) baseline with various lower frequency components attributed to respiration, sympathetic nervous system activity, and thermoregulation [14]. PPG signal features are used in measuring respiration rate [15], heart rate [16], heart rate irregularity [17], blood pressure [18], blood oxygen saturation [19], and to assess vascular function [20]. Many devices, such as smartwatches and oximeters, used to measure PPG signals are cheaper and more comfortable compared to devices used to measure ECG signals. It is thus expected that PPG will be an alternative to ECG in heart-rate-variability monitoring [21]. Therefore, ECG signal inference from a simple measure of a PPG signal has become highly motivated recently. Fortunately, PPG and ECG signals are strongly correlated, as shown in Figure 1, because variation in the peripheral blood volume is a result of myocardial activities, and the electrical signals coming from the sinoatrial (SA) node regulate these activities. Some researchers have explored the relationship between ECG and PPG. For example, heart rates measured using ECG and PPG are strongly correlated. This means that PPG periodicity and ECG periodicity are highly correlated [22]. Moreover, PPG and ECG are correlated when an arrhythmia occurs [23]. Concerning the characteristics of a heartbeat, some important parameters of a PPG are also related to an ECG [24]. The PPG’s features can be used to estimate the PR, QRS, QT, and RR intervals of ECG. So, inferring the single-lead ECG signal from the corresponding PPG signal introduces simple single-lead ECG reconstruction from a single wearable sensor. Hence, the extensive clinical knowledge found in the reconstructed single-lead ECG signal helps to assess cardiovascular health more accurately.



In this paper, we are interested in resolving the main following challenging limitations in PPG-based single-lead ECG reconstruction:




	
Noisy training dataset: There is a great impact of noisy training samples on the overall model learning accuracy;



	
Long signal reconstruction: The problems arising from complete signal reconstruction are represented in (1) the impact of noise interval on the overall reconstruction where the signal quality may vary due to sensor movement/user activity. (2) Moreover, long signal reconstruction results in a deep learning model with higher computational complexity;



	
Beat segmentation errors: The problem arising from per-beat reconstruction resides in a high chance of errors in PPG onset detection\segmentation in both sensed signals and training datasets;



	
Low reconstruction quality/Subject dependency: There are many claims for excellent performance over subject-dependent models where the model is trained for specific subject signals only. However, the achieved performance of single-lead ECG reconstruction is poor in subject-independent models where the model is trained over the whole dataset signals.








So, this paper introduces a subject-independent PPG-to-single-lead-ECG per-beat reconstruction. Initially, the training dataset is cleaned effectively by a two-stage clustering approach. Rather than complete signal reconstruction, a beat-based PPG-to-single-lead-ECG conversion is introduced for providing a lightweight model that meets the low computational capabilities of wearable devices. Onset errors are alleviated by following peak-to-peak segmentation instead of onset (minimum) segmentation. Subject independence is regarded by employing an efficient feature extraction model and effective data augmentation.



The rest of the paper is organized as follows: Section 2 describes the related works; Section 3 describes the proposed scheme including the dataset, preprocessing, and the proposed deep learning model; Section 4 provides model training, evaluation, and discussion; and finally, Section 5 concludes the paper.




2. Related Work


ECG reconstruction from PPG signal has been introduced recently in many pieces of research, with great emphasis on modeling and understanding waveform morphologies [25,26]. These studies vary in applied techniques and the size of the signal they deal with. Some authors use a fixed-length signal irrespective of the number of included beats [27,28], while others operate on a beat-by-beat basis [29,30,31]. The CardioGAN paper [27] introduces the generation of single-lead ECG from PPG using a generative adversarial network (GAN). The input is a fixed length of the PPG signal, and the output is the same length as the single-lead ECG signal. This GAN is based on CycleGAN [32] and uses a dual-discriminator network. The main evaluation of CardioGAN [27] concentrates on the achieved reduction in heart rate estimation error based on the reconstructed ECG compared to that estimated from PPG. It is worth mentioning that wearable devices have limited computational power and memory, so CardioGAN is not suitable for wearable devices because it uses an attention-based network which increases the number of model parameters. In [28], the authors propose a subject-based model that uses dense and BiLSTM layers to generate an ECG signal from a PPG signal. This model suffers from the problem that if only a part of the signal is noisy, it will affect the overall output. Moreover, the model was not tested on PPG signals from subjects the model was not trained on. In other words, the model is trained on some signals from all subjects in the dataset without excluding particular subjects for the test. In [29], the authors propose a beat-based linear regression model; its input is a discrete cosine transform (DCT) of a PPG beat, and the output is a single-lead ECG beat. The problem with this model is that the relation between single-lead ECG and PPG beats is not linear. In addition, the model needs a lot of preprocessing to segment the PPG signal and convert a PPG beat to its DCT. In [30], the nonlinear relationship between single-lead ECG and PPG beats is learned in the scattering wavelet transform (SWT) domain. In [31], the authors use dictionary learning to map the features of PPG beats and ECG beats, with a correlation coefficient of 0.82 on the BIDMC dataset [33]. In [34], the authors introduce a beat-based autoencoder deep learning model. Although the authors introduce a compressed version which has a low number of parameters, it still exhibits a low performance with about a 0.89 correlation coefficient between reconstructed and actual single-lead ECG beats on the BIDMC dataset [33].



To the best of our knowledge, most PPG-to-single-lead-ECG approaches include some sort of subject dependency. From a training point of view, as shown in Table 1, the training process may be classified according to subject dependency as follows:




	
Subject-Dependent: Signals/beats from the same subject are divided into training and testing datasets. The model is trained on some beats and tested on other beats related to the same subject;



	
Partial Subject-Independent: The training is performed on 80% of beats from multiple subjects and tested on the last 20% of beats from the same subjects. A part of all subjects’ records is involved in training, whereas the other part is used for testing. It provides more generalization than subject-dependent models;



	
Completely Subject-Independent: The training is performed on subjects and tested on completely different subjects. This represents the most interesting scenario addressed in this paper.









3. Proposed System


In this paper, rather than complete signal reconstruction, a beat-based PPG-to-single-lead-ECG conversion is introduced for providing a simple surpass model. Data outliers are cleaned by a two-stage clustering approach (the cleaned dataset can be provided for interested researchers upon request.). The proposed deep learning model is designed for providing efficient feature extraction and regarding the data nature as a time series (signal). Hence, an efficient subject-independent model can be attained. Regarding the common problem of beat segmentation, peak-to-peak segmentation is employed for alleviating errors in PPG onset detection. The complete proposed system is shown in Figure 2. The individual stages are explained in detail in this section.



3.1. Dataset


In this paper, we work on three different datasets individually. The first dataset is PhysioNet’s MIMIC II dataset (Multiparameter Intelligent Monitoring in Intensive Care) [35]. It is employed in our study through a compiled/organized version presented in [36]. It contains 12,000 records of different lengths. Each record contains three signals: ABP (arterial blood pressure (mmHg)), PPG (from fingertip), and ECG (from channel II) signals sampled at Fs = 125 samples/sec. However, in this paper, we are interested in both PPG and corresponding ECG signals only. The long records are divided into sections 1024 samples long for proper filtering and inspection for further cleaning.



The second dataset is BIDMC [33]; this dataset was extracted from the MIMIC II dataset with manual annotation of breath. The number of records in the dataset is 53 from 53 different subjects. The dataset waveforms are PPG and single-lead ECG sampled at 125 HZ. In addition, physiological parameters, such as heart rate (HR), respiratory rate (RR), and blood oxygen saturation level (SpO2) are available. These are sampled at 1 Hz. Manual breath annotation is available. The BIDMC dataset provides additional parameters such as gender and age. However, we are interested in ECG and PPG waveforms only.



The last dataset is extracted from the MIMIC dataset [37]. The training is performed on one subject, while the testing is performed on a completely different subject. However, it is better to consider subjects with similar heart diseases. The only advantage of the dataset over the MIMIC II dataset is that the ECG signals are sampled at a higher sampling rate (500 HZ).



Pre-Preprocessing







	
Filtering








A band-pass ideal filter [38] is applied on PPG and ECG sections over the [0.5–8] Hz range and [0.5–30] Hz range, respectively. These band-pass filters help dispose of high-frequency and low-frequency noise, as shown in Figure 3. This filter is a frequency domain filter (noncausal filter) where the signal is transferred into the frequency domain through DFT. Unwanted frequency bins are replaced by zeros before coming back to the time domain by IDFT operation.




	
Peak detection








We believe that one of the main challenges in beat-based single-lead ECG reconstruction resides in PPG onset detection and segmentation [39]. Common PPG segmentation may be characterized by detecting local minima points before systolic activity; however, PPG has many variants/classes that violate the most common form where the diastolic notch may be negative [40]. Hence, we follow peak-to-peak beat segmentation instead of minimum onset segmentation. The peak detection algorithms used for ECG and PPG are the Pan–Tompkins algorithm [41] and block method [42], respectively, as shown in Figure 4. Then, we aligned ECG R peaks and PPG peaks, as shown in Figure 5. After alignment, we detect peaks again to make segmentation based on the peaks detected.




	
Alignment failure








Outlier removal starts by excluding them in signal level. Some records have to be excluded where one signal (at least) is distorted. So, if the PPG, ABP, or ECG (lead II) signal was distorted, the whole record will be dropped out where the missing peak alignment is considered an indication of being a noisy signal. In signal-level cleaning, peak alignment of the PPG/ABP/ECG signal is regarded as a necessary condition for accepting the record for the further beat segmentation stage. Thus, over the selected record (time window), peak alignment failure excludes that record completely. An alignment example is shown in Figure 5. For the second and third datasets, that do not have ABP signals, alignment is performed between ECG and PPG signals.




	
Segmentation and normalization








After successful signal alignment, signals are divided into beats. Each beat is normalized in amplitude in the range [0, 1] and in length to comprise 128 samples.




	
Outlier beat removal








To make sure that no bad segmented or distorted beats are in our data, we used density-based clustering based on hierarchical density estimates (HDBSCAN) [43]. It extends density-based spatial clustering of applications with noise (DBSCAN) [44]. An example of detected noisy clustering is shown in Figure 6. This step helps in decreasing the model mean square error. Our cleaned dataset will be made available to those concerned upon request.





3.2. Proposed Deep Learning Model


3.2.1. Model Choice


Our deep learning model is an encoder–decoder-based architecture (autoencoder). The encoder part consists of multiple layers of a 1D convolution neural network (CNN) to extract features from PPG beats. It is well-known that CNNs outperform recurrent neural networks (RNNs) in parallelization. Since an RNN operates sequentially, it will not benefit from GPUs or any sort of parallelization. Already, CNNs have been widely employed for ECG processing such as ECG beat classification [45]. The last part of the encoder is the bottleneck which is used to allow the combination of features for the decoder part.



The decoder part consists of multiple 1D deconvolution layers. Many deep learning models have extensively used transposed convolutional layers for up-sampling, such as encoder–decoder networks for semantic segmentation and deep generative models for unsupervised learning. It is used to increase the resolution of the output. It is equivalent to a convolution layer followed by up-sampling. The last decoder layer is the bidirectional long short-term memory (BiLSTM). The decoder part is used to reconstruct ECG beats from features extracted from PPG beats. However, to obtain the benefits of an RNN structure which relates past and present, we have chosen to make the last layer only of BiLSTM that exhibits remarkable success in the problem of sequential and time series [46].




3.2.2. Model Details


Our model consists of main two parts, the encoder and the decoder, as shown in Figure 7.




	A.

	
The encoder part consists of four blocks and a bottleneck. Each block consists of a 1D CNN layer for feature extraction, a batch normalization layer that helps in making training more stable and faster (allowing every layer of the network to do learning more independently), and a max pooling layer for feature reduction to dispose of unnecessary features. The kernel size of beginning layers was chosen to be of small dimensions to extract small features. Kernel dimensions increase with advancing layers to extract and combine features from small features. The activation function used in almost all model layers is Leaky ReLU, which has proved its efficiency in generative networks with fast training compared to other activation functions. The bottleneck consists of a flattening layer that flattens the output of the previous convolution layer to feed it to a dense layer. Another benefit of flattening layers is to allow a combination of features that come from different places of the previous convolution layer.




	B.

	
The decoder part consists of four blocks followed by a convolution transpose layer and only one BiLSTM layer at the end. Each block of the decoder blocks consists of a convolution transpose layer and batch normalization followed by the Leaky ReLU activation function. The last layer is a BiLSTM layer that was chosen to make samples of reconstructed ECG beats related to each other. Other than normal LSTM, which can detect the dependency of the next sample on previous samples, the chosen BiLSTM can detect the dependency of the next samples on previous samples and vice versa.












4. Model Training and Results


4.1. Model Training


From a training point of view, the training process may be classified according to subject dependency into three main classes, as shown in Table 1.



The model was trained and tested three times on three different datasets individually, as shown in Table 2:



The training process is stated as follows:




	
MIMIC II dataset








The model is trained on a dataset extracted from MIMIC II for about 35 epochs with a batch size of 32 beats. The used optimizer is the Adam optimizer, and the loss function is a mean square error (MSE). We have tried loss functions that depend on similarity and MSE. Datasets are divided into train, validation, and test by ratios of 80%, 10%, and 10%, respectively.




	2.

	
BIDMC dataset









To compare our model’s performance with previous models’ performance, the same BIDMC dataset was chosen, preprocessed in the same way mentioned in Section 3, and divided into a ratio of 80% for training and 20% for testing. The used loss function and optimizer are the same as those used in MIMIC II training.




	3.

	
Completely subject-independent training









At this time, we trained the model on subject beats from the MIMIC dataset that has CHF (congestive heart failure). The training subject is male and is 84-years-old, whereas the model is tested on another subject (male, 73-years-old) from the MIMIC dataset, which also has CHF. ECG and PPG signals were preprocessed as mentioned in Section 3 but along with an additional data augmentation step. There are many models for data augmentation suitable for ECG signals [47]. It includes adding some shapes (sine, square, or random noise) to some random intervals of the signal/beat. However, in this paper, we selected to add a Gaussian shape to some intervals in each beat in the ECG and PPG beats. It is worth mentioning that the randomness of adding a Gaussian shape to ECG beats is independent of the randomness of adding a Gaussian shape to PPG beats. This helps in obtaining some shape of ECG and PPG that is not found in the original training dataset and is similar to the test dataset. Then, we choose 5000 beats from the training person after augmentation and tested the model on about 6000 beats from the test person. That augmentation step results in posting Pearson’s correlation coefficient.



For evaluation model results, we have used two factors of the following:




	
Pearson’s correlation coefficient (r)








Pearson’s correlation coefficient expresses the correlation between two variables [48]. The absolute value of r ranges from [0 to 1]. Values near one indicate a strong correlation, and small values indicate a weak correlation.


  r =     ∑  i = 1   l    (   E C G   a c t     i   −     E C G   a c t    ¯  )   ∑  i = 1   l    (   E C G   r e c     i   −     E C G   r e c    ¯  )          ∑  i = 1   l      (   E C G   a c t     i   −     E C G   a c t    ¯  )   2         ∑  i = 1   l      (   E C G   r e c     i   −     E C G   r e c    ¯  )   2         











In this formula, ECGact(i) and ECGrec(i) are the individual sample points of the actual single-lead ECG (lead II) and reconstructed single-lead ECG indexed with “i”, respectively. The variable   l   is the beat length of the actual ECG. The variables       E C G   a c t    ¯    and       E C G   r e c    ¯    are the mean sample values of the reference single-lead ECG and reconstruction single-lead ECG, respectively.




	
Relative root mean square error (rRMSE)








rRMSE metrics are commonly used for determining how far a model’s output is from the real output. rRMSE values have a range from [0 to infinity]. rRMSE is given from the following equation:


  r R M S E =      1   l     ∑  i = 1   l      (   E C G   a c t     i   −   E C G   r e c   ( i ) )   2         ∑  i = 0   l      (   E C G   a c t   ( i ) )   2         












	
Mean square error (MSE)








MSE metrics are commonly used for determining how far a model’s output is from the real output. MSE values have a range from [0 to infinity]. MSE is given from the following equation:


  M S E =   1   l     ∑  i = 1   l      (   E C G   a c t     i   −   E C G   r e c   ( i ) )   2      












	
Complexity criteria








The measure of complexity is chosen to be platform-independent FLOPs (floating point operations) which represent the number of addition, subtraction, multiplication, and division operations required to obtain the output of the deep learning model. The FLOPs of our model is 2.28 M for the input beat of 128 samples.




4.2. Results


As mentioned, we perform model training/testing on three different datasets separately. So, this section demonstrates the model performance on these sets.



4.2.1. MIMIC II Subject-Independent Training


After training the model on datasets and evaluating it on a test set of about 80,000 beats of our dataset, we obtained the results shown in Figure 8a,b. This figure represents the relation between mean square error and the number of beats generated by the model at this value of the mean square error and also shows the relation between MSE and correlation coefficient. The results summary is shown in Table 3. Figure 9 shows examples of the model output in test beats from the MIMIC II extracted dataset. To make the model output in the form of a signal, all we need is to concatenate the extracted beats together, as shown in Figure 10.




4.2.2. BIDMC Subject-Independent Training


As shown in Table 4, the results of model training and testing on the BIDMC dataset reveal that our model outperforms previous works in terms of Pearson’s correlation coefficient and relative root mean square error. Figure 11 shows the model output on a test dataset from BIDMC. Figure 12 shows the generalization of the model by providing the r and rRMSE of each subject individually from the BIDMC dataset.




4.2.3. Completely Subject-Independent Training Scheme Results


As shown in Table 5, there is an obvious improvement in the results due to oriented data augmentation which includes adding a Gaussian shape during random beat instants, as shown in Figure 13. An example of ECG (lead II) prediction over a completely subject-independent scheme is presented in Figure 14.





4.3. Discussion


Many deep-learning-based models try to reconstruct ECG (lead II) from PPG using complex architectures, which leads to a corresponding increase in the number of parameters and the complexity of the training process. However, we find that the model architecture and layer-type choice are more important than the complexity of the model architecture.



The superiority of our results can be justified based on four factors affecting model performance:




	
The data preprocessing step: It is as important as the model architecture design. Cleaned data support good training and evaluation by excluding disturbing data. For example, the choice of segmentation to be peak-to-peak and the outlier removal step help to increase the Pearson’s correlation coefficient between the model output and actual single-lead ECG beats.



	
Data augmentation step: For resolving data shortage, proper data augmentation is applied. The augmentation procedure adds a Gaussian shape randomly that resembles the encountered signal variations. For example, in the case of the completely subject-independent scheme, data augmentation helps in boosting the Pearson’s correlation coefficient by 4%.



	
Model architecture: The optimal architecture (including a good choice of the number of model layers, the size of the filters of each layer, and the number of filters for convolution layers and optimizer) is more important than the complexity of the architecture of the model. Moreover, adding the BiLSTM layer at the end of the decoder enables detecting the dependency of the next samples on previous samples and vice versa. Furthermore, this layer makes beat samples related to each other, which leads to a smoothing of model output, which leads to boosting the Pearson’s correlation coefficient by 1%. It is worth mentioning that the output of the model without the BiLSTM layer was noisy.



	
Complexity adaptation: The number of layers is adapted for properly describing underlying features without being highly complicated. So, this provides a lightweight model with low complexity order. Hence, it is proper to integrate it into wearable devices satisfying the computation power limitation of mobile devices. It only has about 57 K parameters with a size of 850 KB. Another measure of complexity is the FLOPs of our model: 2.28 M for the input beat of 128 samples. Moreover, it can be used to provide input for another model to detect heart diseases that cannot be detected very well using only PPG.








The limitations of this paper are the following:




	
The frequency band of the band-pass filter is one of the data and model’s limitations. The frequency band is from 0.5 to 30 Hz, which will affect signals with a frequency band more than 30 HZ, which happens in some arrhythmias. This limitation will be addressed in future work. The reason behind this choice is that ECG with frequency bands more than 30 HZ is not popular, and this range helps in disposing of noisy signals. It is worth mentioning that some research uses smaller bands, for example, the authors in [28] chose the band to be from 0.5 to 20 HZ.



	
The second limitation of this paper is inaccurate peak detection. Inaccurate peak detection will have an effect in the training stage and testing stage. In the training stage, inaccurate peak detection will result in wrong beats which will be removed in the outlier removal step during data cleaning. If the number of inaccurate beats increases, the number of outliers will increase, so it will lessen the number of training beats. In the testing stage, the performance of almost any beat-based deep learning model will be negatively affected if it is fed inaccurate beats. For our model, it will be dependent on the amount of bias between the correct peaks and the detected peaks. A small amount of bias will not have a significant effect on model output. The effect of bad segmentation (inaccurate peak detection) varies; sometimes it appears in the T wave, P wave, or both of them, as shown in Figure 15. This problem can be solved by ensuring that the algorithm used to detect peaks is accurate and removes inaccurate peaks before feeding them to model. This problem will be addressed in future work.



	
As known ECG signals (lead II) have a large variation from one to another, so in a completely subject-independent training scheme, we have some limitations and conditions to obtain good results. Training and testing datasets should come from people with the same gender and same health status; their ages should also be near to each other. The previous condition ensures that the variation between testing and training can be captured by the deep learning model. This limitation will be addressed in future work by using deep learning generalization techniques and searching for a large dataset that meets the previous conditions.










5. Conclusions


This paper introduces a lightweight subject-independent deep learning model for reconstructing single-lead ECG beats from PPG beats. Data cleaning, data augmentation, beat segmentation, and model construction are regarded carefully for enhancing PPG2ECG inference. The model is based on BiLSTM and convolution layers. The proposed model achieves an outstanding generalization performance even over subject-independent scenarios. The Pearson’s correlation coefficient of test data was 0.92, and the mean square error was 0.0086. The resulting model is lightweight and proper to be integrated into mobile devices without the need to be trained for every new user.
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Abbreviations




	µ
	mean



	ABP
	arterial blood pressure



	BiLSTM
	bidirectional long short-term memory



	CNN
	convolutional neural network



	CVD
	cardiovascular disease



	DBSCAN
	density-based spatial clustering of applications with noise



	DCT
	discrete cosine transform



	ECG
	electrocardiogram



	FLOPs
	floating point operations



	GAN
	generative adversarial network



	HDBSCAN
	density-based clustering based on hierarchical density estimates



	MIMIC
	Multiparameter Intelligent Monitoring in Intensive Care



	MSE
	mean square error



	PPG
	photoplethysmography



	r
	Pearson’s correlation coefficient



	RNN
	recurrent neural network



	rRMSE
	relative root mean square error



	SA
	sinoatrial



	WHO
	World Health Organization



	σ
	standard deviation
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Figure 1. PPG and ECG correlation. 
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Figure 2. Proposed system. 
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Figure 3. Example of band-pass filtering for the (a) PPG signal and (b) ECG signal. 
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Figure 4. Example of peak detection for the (a) PPG signal and (b) ECG signal. 
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Figure 5. Example of corresponding PPG/ECG signals (a) before peak alignment and (b) after peak alignment. 
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Figure 6. Example of noisy clustered signals of (a) ECG bad beats and (b) PPG bad beats. 
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Figure 7. Model block diagram. 
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Figure 8. Model training and evaluation on the MIMIC II extracted dataset: (a) histogram of the MSE of test data; (b) scatter plot between r and MSE. 
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Figure 9. Examples of model output in testing the MIMIC II extracted dataset.: (a) Example 1, (b) Example 2. 
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Figure 10. Signals after beat concatenation: (a) PPG input of our dataset example; (b) ECG (lead II) actual and predicted by the model output of our dataset example. 
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Figure 11. Model output on the BIDMC test dataset: (a) input; (b) model output and reference ECG. 
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Figure 12. (a) Bar plot of the correlation coefficient of each subject and (b) bar plot of the rRMSE of each subject. 
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Figure 13. Example of data augmentation. 
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Figure 14. Example of model output in the case of a completely subject-independent scheme on the MIMIC dataset. 
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Figure 15. Effect of inaccurate peak detection: (a) model output in case of inaccurate peak detection and (b) model output in case of accurate peak detection. 
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Table 1. Classes of subject dependency.
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	Subject Dependency
	Number of Subjects per Model
	Relation between Test and Train Dataset
	Examples





	Subject-Dependent
	Single subject
	Signals/beats from the same subject are divided into training and testing datasets
	[28,29]



	Partial Subject-Independent
	Multiple subjects
	80% of beats from each subject for training and 20% for testing
	[27,30,31]



	Completely Subject-Independent
	Multiple subjects
	Training and testing datasets come from different subjects who have the same diseases, gender, and age range
	Our Proposed
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Table 2. Datasets used in training and testing schemes.
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	Dataset
	Training/Testing Scheme
	Number of Subjects Train/Test
	Number of Beats Training/Test
	Duration of Training/Test Dataset in Hours





	Extracted from MIMIC II [35]
	Partially subject-independent
	12,000/12,000
	622,776/77,848
	About 177.72/14.7



	BIDMC [33]
	Partially subject-independent
	53/53
	17,650/4413
	About 3.28/0.82



	MIMIC database [37]
	Completely subject-independent
	1/1
	5000/5876
	About 1/1










[image: Table] 





Table 3. Model results on our dataset (extracted from MIMIC II).
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	Criteria
	µ
	σ





	MSE
	0.0086
	0.0125



	r
	0.923
	0.092



	rRMSE
	0.35
	0.083
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Table 4. Comparison among some of the beat-based models on the BIDMC dataset and complexity of models.
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Algorithm

	
r

	
rRMSE

	
FLOPs(M)




	
µ ± σ

	
µ ± σ

	
-






	
DCT [29]

	
0.70 ± 0.35

	
0.66 ± 0.23

	
0.36




	
XDJDL [31]

	
0.82 ± 0.27

	
0.48 ± 0.36

	
60.21




	
Lightweight neural network [34] full version

	
0.90 ± 0.16

	
0.35 ± 0.26

	
28.32




	
Lightweight neural network [34] compressed version

	
0.89 ± 0.16

	
0.39 ± 0.25

	
18.63




	
Proposed model

	
0.91 ± 0.10

	
0.31 ± 0.07

	
2.95
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Table 5. Results of the completely subject-independent scheme.
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Without data augmentation

	
rRMSE

	
0.582 ± 0.703




	
R

	
0.846 ± 0.0396




	
With oriented data augmentation

	
rRMSE

	
0.379 ± 0.361




	
R

	
0.908 ± 0.0305
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