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ABSTRACT Atrial fibrillation (AF) is the most common persistent arrhythmia and is likely to cause strokes
and damage to heart function in patients. Electrocardiogram (ECG) is the gold standard for detecting AF.
However, ECGs have short boards with short monitoring cycles and problems with gathering. It is also
difficult to detect a burst AF through ECG. In contrast, photoplethysmography (PPG) is easy to perform and
suitable for long-termmonitoring. In this study, we propose a method that combines time-frequency analysis
with deep learning and identifies AF based on PPG. The advantage of the method is that there is no need
for the noise filtering and feature extraction of PPG, and it has a high generalization capability. The data
for the experiment came from three publicly accessible databases. The first part of the experimental method
uses data augmentation to convert the 10 s PPG segment into a time-frequency chromatograph by means of
time-frequency analysis. The second part inputs the chromatograph into a hybrid framework that combines
a convolutional neural network (CNN) and long short-term memory (LSTM) for AF/nonAF classification.
The experimental results show that the method has a high classification accuracy, sensitivity, specificity, and
F1 score, which are equal to 98.21%, 98.00%, 98.07% and 98.13%, respectively. The area under the receiver
operating characteristic curve (AUC) is 0.9959. The model we propose not only aids doctors in diagnosing
AF but also provides a method for identifying AF through portable wearable devices.

INDEX TERMS Atrial fibrillation, photoplethysmography (PPG), time-frequency analysis, convolutional
neural networks (CNN), long short-term memory (LSTM).

I. INTRODUCTION
Atrial fibrillation (AF) is a severe atrial disorder that occurs
frequently in older people with heart disease [1]. AF is a fast
and irregular heart rate that causes the atrium to lose normal
rhythms [2]. The increase in hospitalization rate caused by
AF has outpaced heart disease such as heart failure, mak-
ing it the second most common cardiovascular disease [3].

The associate editor coordinating the review of this manuscript and
approving it for publication was Utku Kose.

Therefore, the development of automatic AF detection algo-
rithms has important clinical and social significance [4].

At present, most of the relevant studies on automatic iden-
tification of AF are based on electrocardiograms (ECGs) for
ECG acquisition, preprocessing, feature extraction and iden-
tification. Short-term ECG checks and 24-hour dynamic ECG
monitoring are the two most common methods of diagnosing
AF [5]. However, the detection rate of these two methods is
not ideal for patients with burst AF [5]. Burst AF usually has
no obvious symptoms and cannot be identified by short-term
ECG [6]. In addition, long-term ECG monitoring through
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bulky monitors can be time-consuming and costly [4]. Photo-
plethysmography (PPG) has become a noninvasive and low-
cost continuous method for monitoring heart rate [7]. PPG
can be measured from fingertips, wrists or earlobes [7]. Many
wearable devices, such as smartphones and smartwatches,
can provide PPG-based monitoring [8]. As a result, PPG is
easier to access than ECG and is suitable for long-term moni-
toring [8]. In addition, PPG has the same source of excitation
(heart) as ECG. Zhu et al. [9] also studied the relationship
between ECG and PPG in 2019 and derived ECG waveforms
using PPG. These studies show a strong correlation between
ECG and PPG. PPG is a pulse pressure signal caused by
blood pressure pulses traveling along arterial blood vessels,
and much physiological information can be obtained from
PPG [10]. These capabilities make the use of PPG screening
for AF a hot topic in related fields [11].

In recent years, the relevant research based on PPG identi-
fication for AF has been divided into machine learning (ML)
and deep learning (DL). The ML direction mainly relies
on the characteristics of the manual design to identify AF.
For example, in 2017, Tang et al. [12] used six parameters,
such as the PPG’s RR time series and nonlinear analysis,
as inputs to the logical regression model and then used the
model to identify AF. In 2019, Fallet et al. [13] computed
the values of multiple parameters, such as the mean, standard
deviation, and quartile in PPG, and identified these parame-
ters as inputs to the decision tree model. In the same year,
Linda et al. [14] combined PPG characteristics, interpulse
intervals (IPIs) and accelerometer data in the random forest
(RF) model to classify AF, atrial flutter (AFL) and other
rhythms. This is a forward-looking study. On the DL side, the
convolution operation of the DL automatically extracts clas-
sification characteristics from the data. The quality require-
ments of the DL method for the original signal are lower than
those of ML. Voisin et al. [15] used a 49-story convolutional
neural network (CNN) as a model for identifying AF in 2019,
and the results showed that the area under the "receiver
operating characteristic" curve (AUC) was 0.9480. In the
same year, Kwon et al. [16] used a 1D-CNN and recurrent
neural network (RNN) as models for identifying AF with
accuracies (ACC) of 97.58% and 97.15%, respectively, and
AUCs of 0.998 and 0.996, respectively. Although there have
been some relevant studies on automatic identification of AF,
there are still some limitations: (1) it is difficult to identify
burst AF based on ECG, (2) PPG-based AF automatic recog-
nition requires preprocessing of the original PPG, which may
be beneficial in the loss of the original signal, and (3) the
algorithm model’s ability to identify AF is relatively poor.

In response to the above problems, we propose a model
on that uses time-frequency chromatograph as input. The
model combines a 2-D CNN with a long short-term mem-
ory (LSTM). We call the proposed model 2-CLSTM. Some
useful information in the signal may be lost during data
preprocessing, such as denoising and filtering. Convert-
ing a one-dimensional signal into an image can effectively
avoid this situation [17]. Time-frequency analysis adequately

processes signals [18]. Continuous wavelet transformation
(CWT) is one of the methods of time-frequency analysis
technology. A 2D-CNN is able to find spatial information and
local details in the data through convolution. In addition to
2-D CNN, we have added the LSTM deep learning model,
a special RNN, to the proposed model. LSTM is good at
capturing the features associated with time series. The model
combining 2-D CNN and LSTM can automatically extract
both the time and space characteristics from the input data,
thus greatly improving the classification effect of the model.
In view of the need to identify AF based on PPG, the tra-
ditional methods have some problems of complex feature
construction and complicated feature extraction process.
In addition, themethods of using PPGoriginal signals to iden-
tify, there will be valuable information extraction is not suf-
ficient disadvantages [17], [18]. The time-frequency domain
chromatograph and deep learning model based on CWT used
in this study can show as comprehensive as possible the
waveform variation of AF disease, which helps to improve
recognition performance [18]. Therefore, the proposedmodel
can more find out the small differences in different types of
signals, and thus improve the comprehensive ability of the
model. Finally, in this study, we use a number of indicators
to evaluate the model comprehensively. This provides insight
into the advantages of our methods and other methods in
terms of accuracy, stability, and generalization.

II. METHODS
A. DATABASE
In this study, to give the proposed model a higher general-
ization capability, we collected a variety of PPGs to train
the model. The PPGs used for the experiment are mainly
from three publicly accessible databases. These databases
contain data from people of all ages, as well as from different
regions of Southeast Asia and the Americas. Considering
that the purpose of this study is to automatically identify
AF in the general population based on PPG, the data used
for algorithmic model training, validation and testing must
include PPG from both AF patients and people without AF.
We obtained 60 PPGs (approximately 1 h each) with syn-
chronized ECGs from 60 sick subjects from the MIMIC-III
waveform database [19], [20]. We obtained 42 8 min PPGs
from the IEEE TBME Respiratory Rate Benchmark data
set [21]. In addition, we obtained approximately 15 h of
PPGs from the synthetic dataset [22]–[24]. The data from the
synthetic dataset are modulated using baseline wander (BW),
amplitude modulation (AM) and frequency modulation (FM)
based on the idealized PPG. This part of the PPG data is
mainly used to supplement the amount of data obtained from
people without AF during model training, and this part of the
data does not participate in the validation and testing phase
of the model. All PPGs obtained are grouped into the data set
used in the study – the AF-PPG dataset.

All synchronized ECGs and PPGs of the AF-PPG dataset
are uniformly resampled to 100 Hz with a sampling inter-
val of 0.01 s. The ECG and PPG signals are then sliced
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FIGURE 1. The top of the example is the ECG, with the middle and bottom being the synchronized PPG and the time-frequency chromatograph,
respectively. (a) An example of normality. The performance of the ECG in examples (b), (c) and (d) when AF occurs: (b) RR interperiod distance changes
irregularly, (c) RR interperiod distance changes irregularly and P-waves are replaced by irregular F-waves, (d) RR interperiod distance changes irregularly
and P-wave disappears.

TABLE 1. Public databases and AF-PPG dataset.

into 10 s-length segments. Each segment had a unique label
(AF/nonAF) which was diagnosed by several cardiovascular
experts. With regard to the labeling of AF/nonAF, the study
provides as follows: (1) with AF segments, we mark AF,
(2) normal sinus heart rhythm segments do not occur in AF,
we mark nonAF, and (3) other samples of cardiovascular
disease that are not AF are not included in this study. We
randomly divide the AF-PPG dataset into training set, val-
idation set, and test set with a 6:2:2 ratio. We ensure that
all three sets contain both sick and healthy subjects. The
data for the three sets are strictly independent of each other.
Table 1 shows the basics of the three public databases and the
AF-PPG dataset. When AF occurs, the performance of ECG
consists of twomain aspects: (1) normal P-waves are replaced

by irregular and high-frequency F-waves, and (2) irregular
change strain of RR interperiod distance [25]. In addition,
an experienced researcher reviewed the labels. The notes
for PPG were completed by a number of cardiologists and
researchers from Guilin Medical University. Fig. 1 shows the
simultaneous ECG, PPG, and time-frequency chromatograph
for normal and AF data.

In this study, each group of PPGs is sliced and converted
into a time-frequency chromatograph, which is used as input
data for the model. The training group data allow the model
to continuously learn the data characteristics through iterative
operations. The validation group data are used to adjust the
model schema and parameters. The test group data are used
for model testing and evaluation. The evaluation metrics
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FIGURE 2. The overall process of automatic identification of AF based on PPG.

we use are ACC, binary cross-entropy loss function value
(LOSS), sensitivity (Sen), specificity (Spe), precision (Pre),
recall (Rec), F1 score, AUC, and training time. Fig. 2 shows
the basic flow of the experiment.

B. DATA AUGMENTATION
With the deepening of the network in deep learning model,
it is inevitable that the model encounters a fitting phe-
nomenon in the course of training. Expanding the training
data set is the simplest and most common way to mitigate
overfitting [26]. Expanded data can cover unexplored input
space, improve the generalization of the DL model and pre-
vent overfitting [27]. In this study, we used a data augmen-
tation method to expand and balance the amount of data of
different labels in the training group. This method first ran-
domly selects samples from the original PPG of the training
group and applies random crop slices. This is then applied
through three basic processes: scaling (Scale), adding ran-
dom Gaussian noise (Gaussian), and randomly changing the
amplitude (Amplitude). Scale refers to multiplying the PPG
data by a random scaler obtained from a normal distribution
(mean = 0.002, standard deviation = 0.01). Gaussian refers
to the addition of each data point in the PPG with the dif-
ferent values randomly obtained from the normal distribution
(mean = 6, standard deviation = 0.5). Amplitude refers to
multiplying the PPG’s data points by the randomly generated
Gaussian process regression curve (the mean and standard
deviation arising from the PPG being processed at this time).
Finally, the random combination of one or more of the three
basic processing steps is applied to the randomly acquired
PPG segment to achieve data expansion. The expanded PPG
maintains a label that is consistent with its own unprocessed
PPG. Fig. 3 shows an example of the data augmentation
method. We hope that this data augmentation method will
not only simulate skin tone changes in different populations
and different lighting exposures when measuring PPG but
also simulate motion artifacts and noise disturbances from
the acquisition of PPG by portable wearable devices. At the
same time, this method can balance the amount of data from
different labels well and allow the model to receive more
PPG training samples. The training team obtained a total of
28,440 PPG fragments that were 10 seconds in length.

C. TIME-FREQUENCY ANALYSIS
In previous related studies, part of the PPG was used as the
input of the model. This practice requires operations such
as noise filtering of the data during the data preprocessing
phase [28]. This data preprocessing can lead to the loss of
useful information in the signal due to the timing of the PPG.
This may have a negative impact on the model’s classifica-
tion ability. There are also some studies that convert PPG
into two-dimensional grayscalemaps. Although the grayscale
mapmaintains the integrity of the original data, the frequency
information in the signal is not fully reflected. A Fourier
transformation (FT) transforms the signal from the time
domain to the frequency domain and looks at the frequency
information contained by the signal as awhole [29]. However,
spectrum analysis on a local point in time or a time period
is ignored. Time-frequency analysis can overcome the short-
comings of the above data processing methods. The basic
idea of time-frequency analysis is to design a joint function
of time and frequency while describing the energy density or
intensity of signals at different times and frequencies [18].
Combining time and frequency facilitates the full processing
of signals [18]. CWT is an excellent time-frequency analy-
sis method. CWT scans the frequency domain information
contained in the time domain and at a singular point in the
signal. CWT, which is an unstable weak physiological signal
dominated by low frequency components [30] is suitable
for processing PPG. Therefore, in this study, we use CWT
to convert all 10 s PPG fragments into a time-frequency
chromatograph of 128×1024×3 and use the chromatograph
as input data for the model. The bottom of each picture
in Figs. 1 and 3 is a time-frequency chromatograph. As seen
from the example in Fig. 1, PPG also experienced an irregular
morphometry that was slightly later than ECG when AF
occurred. The time-frequency chromatograph can accurately
locate the main peak in the PPG, the restroke wave and the
time-frequency relationship in the display waveform. A time-
frequency analysis of this kind of data processing method can
provide a guarantee for the proposed model to have excellent
classification ability. The CWT method is shown in (1):

W (a, b) =
∫
∞

−∞

x(t)
1
√
a
ϕ(
t − b
a

)dt (1)
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FIGURE 3. Examples of three basic processes and combinations: (a) Original, (b) Scale, (c) Gaussian, (d) Amplitude, (e) Scale + Gaussian, (f) Scale +

Amplitude, (g) Gaussian + Amplitude, (h) Scale + Gaussian + Amplitude.

where variable a mainly controls the telescopic extension
transformation of the wavelets and can change the central
frequency of the wavelet transformation. Variable b mainly
controls the translational transformation of the wavelets.

When the wavelet is transformed by FT, the smallest fre-
quency is the frequency of the wavelet [31]. This smallest
frequency is called the center frequency, which best repre-
sents the frequency and low-wave energy of the middle part
of the wavelet [31]. If the central frequency of the parent
wavelet function is Fc, the signal frequency equivalent to the
subwavelet is shown in (2):

Feq =
Fc · fs
a

(2)

where fs is the sampling frequency, the sampling frequency in
this study is 100 Hz, and the Fourier wavelet function selects
the common ’cgau8’.

D. PROPOSED MODEL
In recent years, with the rapid development of hardware
computing power, deep learning technology has been applied
to natural speech recognition, image processing, medical
devices and many other fields [32]–[35]. In this study,

we propose a new method of automatic identification of AF
based on PPG. The model of automatic identification of AF
in this method is constructed using a mixture of a 2D-CNN
and LSTM in the field of deep learning. The 2-D CNN can
automatically extract features from the input data without
human intervention. At the same time, it is possible to avoid
the problem of pulse differences between different patients.
In addition, the 2-D CNN’s convolutional and pooled layers
ignore small noise data. This allows us to slice the PPG
at a fixed length. The 2-D CNN automatically extracts fea-
tures from images to simplify the automatic classification of
models. Each cell state in LSTM interacts with other cell
states [36]. This structure ensures that information can be
transmitted throughout the RNN, thus solving the problem of
long-term dependence [36]. LSTM cells also selectively store
useful information through feedback [36].

The 1-13th layer of the proposed model is mainly built by
the cross-mixing of the convolutional layer and the largest
pool layer. Layers 14-16 are the output layers of the LSTM
layer, the fully connected layer, and the predictive classi-
fication. At the connection of the maximum pooling layer
and the LSTM layer, the shape and size of the features are
changed from (none, 2,16,192) to (32,192) by modifying
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FIGURE 4. Network architecture of the 2-CLSTM model.

TABLE 2. Structural details of the 2-CLSTM model.

the data dimension. The flatten structure is used to reduce
the dimensions of the top layer of multidimensional data to
one-dimension before the fully connected layer. The fully
connected layer and the SoftMax layer perform the probabil-
ity calculation on the input one-dimensional data and finally
output the classification at the maximum probability. The
structural details of the 2-CLSTM model presented in this
study are shown in Table 2, and Fig. 4 shows the network
architecture of the model.

E. BASELINE MODEL
Many well-known deep learning models, such as
VGGNet [37], GoogLeNet [38], and Microsoft ResNet [39],
have achieved excellent results in international classification
recognition competitions, and they offer many ways to solve
problems. In this study, we compare the proposed 2-CLSTM
Model with VGGNet, GoogLeNet, and ResNet50 using the
same input data set and Adam [40] optimizer. VGGNet’s
structure is simple, and it bears a lot of similarities to the
traditional CNN model. The first half of the VGGNet is
cross-stacked by the 2-D convolution layer and the largest
pool layer, except that the convolution cores used are 3 × 3
and the pool cores are 2 × 2. The second half uses two fully
connected layers and a SoftMax layer for the final calculation
classification. The Flatten structure is used to connect the
largest pool layer to the fully connected layer.Compared to
VGGNet, GoogLeNet has a lighter structural design. Incep-
tion [38] is the core structure of GoogLeNet. This structure
stacks convolution and pooling operations in CNN, which
allows the model to increase both network width and network
adaptability to scale. Each convolution layer in GoogLeNet
follows the ReLU function to increase the nonlinear
characteristics of the network. In addition, GoogLeNet ends
with a connection using the average pooling layer and the
fully connected layer to facilitate flexible adjustment of
the model output. ResNet50 contains 49 2-D convolution
layers and an average pooling layer. As the number of model
network layer deepens, the network will inevitably appear
the phenomenon of degradation [39]. The main feature of
ResNet50 is the addition of Identity Mapping [39] between
model layers to connect the non-adjacent network layers, thus
ensuring that the next layer of information in the process
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TABLE 3. Structural details of the VGGNet [37] model.

of transmission is not less than one layer of information.
Degradation is different from model overfitting. Overfitting
causes the LOSS of the training set to decrease, but when
degradation occurs, the LOSS of the training set increases.
ResNet50 can avoid the degradation phenomenon by using
residual blocks with Identity Mapping effects. Table 3 shows
the structural details of the VGGNet.

F. MODEL ARCHITECTURE
1) DYNAMIC LEARNING RATE
The learning rate is an important parameter in the deep learn-
ingmodel. It can control the speed of network weight changes
based on the loss gradient in optimization algorithms. In gen-
eral, the greater the learning rate, the faster the loss gradient
will drop; hence, the algorithm will require less time for
convergence. However, if the learning rate is too large, it will
cause the gradient to drop at a pace that is too fast, resulting
in the crossing of the optimal value. Conversely, a learning
rate that is too small can increase the training time so that the
model never converges. Therefore, the learning rate of a fixed
size has some limitations. In this study, the learning rate was
set to change dynamically. The model’s evaluation indicator
ACC is used as a detection target, and the epoch detection
threshold uses the common 5 during training, the learning
rate is automatically reduced by 1000 times when the system
detects that the ACC has not increased after 5 consecutive
epochs. In this study, 10−3 is used as the initial learning rate
and 10−9 is used as the lower limit of the learning rate.

2) ACTIVATION FUNCTION
Activation is the use of nonlinear functions to express the rela-
tionship between input and output. This capability enables
the deep learning network to approach almost any function
and have a powerful expression. In previous studies, the net-
work models mainly used the ReLU activation function. This
activation function has the advantages of simple calculation
and fast convergence speed [41]. However, the disadvantage

is that it is easy to cause certain neurons to never be acti-
vated, resulting in some parameters of the model not being
updated as the training progresses [41]. The model presented
in this study uses the LeakyRelu [42] function and places
the function layer behind each convolutional layer and the
full-connection layer. This activation function has almost all
of the advantages of the ReLU and does not cause neurons to
be inactive. The LeakyRelu function is shown as (3):

LeakyRelu(x) = max(αx, x) (3)

3) DROPOUT REGULARIZATION
Overfitting of the training group data is a very important
issue in model training [43]. Adding the dropout regulariza-
tion structure to the model can effectively alleviate overfit-
ting problems. This is because the dropout structure allows
network neurons to stop working at a specified probability
as they propagate in advance. This allows the model to be
less dependent on local features and expands the model’s
generalization capabilities. In this study, we set the dropout to
0.25 on the first part layers of the 2-CLSTM model to avoid
losing important information, and the dropout is set to 0.5 at
the latter part layers to discard the bloated information of the
high dimension, as shown in Table 2.

4) BATCH NORMALIZATION
In deep learning, training sets, validation sets, and test sets are
assumed to have the same data distribution. However, with
the deepening of the model network, the input distribution
of the hidden layer is always changing during the training
process. This phenomenon is known as the internal covariate
shift [44]. To speed up network computing and accelerate
the convergence of the model, we added batch normalization
to the model network. When each feature in the network
changes, batch normalization is performed on each batch’s
data. This structure ensures that the transformations of the
different batches maintain the same data distribution, thus
accelerating the convergence of the model [45]. The formu-
lation of batch normalization is as follows:

µ =
1
m

∑m

i−1
xi (4)

σ 2
=

1
m

∑m

i−1
xi − µ (5)

x(i) =
xi − µ
√
σ 2 + ε

(6)

In the formula, x(i) is the standardized output, µ and σ repre-
sent the average and variance of the same batch, respectively,
and ε is the constant 0.001.

5) PERFORMANCE ASSESSMENT
The model performance evaluation indicators used in this
study are ACC, LOSS, Sen, Spe, Pre, Rec, F1 score, training
time, and AUC. The formulas for these assessment indicators
are as follows:

ACC =
TP+ TN

FP+ TP+ TN+ FN
× 100% (7)
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FIGURE 5. The results diagram of the ResNet50 [39] model is shown: (a) accuracy, (b) binary cross-entropy loss function
value, (c) sensitivity and specificity, (d) precision, recall and F1 score; There is an overfitting problem with the model.

Sen =
TP

TP+ FN
× 100% (8)

Spe =
TN

FP+ TN
× 100% (9)

Pre =
TP

TP+ FP
× 100% (10)

Rec =
TP

TP+ FN
× 100% (11)

F1score =
2× Pre× Rec
Pre+ Rec

× 100% (12)

AUC =
1
2

m−1∑
i=1

(xi+1 − xi) · (yi + yi+1) (13)

where TP indicates that the label AF is classified as AF,
FN indicates that the label AF is classified as nonAF, FP
indicates that the label nonAF is classified as AF, and TN
indicates that the label nonAF is classified as nonAF (TP
and TNindicate correct classification, FP and FN indicate
classification error).

The receiver operating characteristic curve is also known
as the ROC curve. Its ordinate is the "true example rate"
(value equal to Sen), and the horizontal coordinate is the
"false positive rate" (value equals 1-Spe). AUC is the area
under the ROC curve and is an important evaluation index
to measure the merits of the two classification models [46].
Smaller values of LOSS and training time, in addition to

higher values of the other evaluation indicators indicate that
the model as a whole has a stronger ability to identify AF.
Because AF prevalence is low, it is generally required that
models used to identify AF have a high Pre. In this study,
the epoch (number of iterations) for each experiment was 100.
The size of the batch in each epoch is 64, and the model does
not enter the next epoch until all the input data are trained.
Model training is performed in the deep learning environ-
ment TensorFlow. The experimental hardware facility CPU is
i9-9900K@3.60GHZ, the GPU is the dual NVIDIA GeForce
RTX 2080Ti, and the RAM is 64 GB.

III. RESULTS
A. MODEL WITHOUT HYPERPARAMETERS
Hyperparameters refer to the three architectures of dynamic
learning rate, dropout regularization, and batch normal-
ization. In this study, the four models without hyperpa-
rameters are called VGGNet, GoogleNet, ResNet50, and
Poor 2-CLSTM, respectively. The four models with
hyperparameters are called VGGNet-plus, GoogleNet-plus,
ResNet50-plus, and 2-CLSTM (proposed model), respec-
tively. We compare these models to explore the effect of
hyperparameters on model performance. All models use the
AF-PPG dataset as input. Models without hyperparameters
use the common fixed learning rate of 10−3. Fig. 5 shows the
results of the best performing ResNet50 in the three baseline
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FIGURE 6. The results diagram of the Poor 2-CLSTM model is shown: (a) accuracy, (b) binary cross-entropy loss function
value, (c) sensitivity and specificity, (d) precision, recall and F1 score; There is an overfitting problem with the model.

TABLE 4. Three baseline models and Poor 2-CLSTM model results presentation (all without hyperparameters).

models. The results diagram of Poor 2-CLSTM are shown in
Fig. 6. Table 6 displays the results of the comparison between
the four models. In Figs. 5 and 6, the train_accuracy in (a) is
close to 100%, while the train_loss in (b) is close to zero. This
is because the model saves all the information of the training
set during the training process, which creates the problem of
overfitting. The large val_loss in (b)means that there is a large
error between the model’s prediction and the actual result,
which affects the model’s classification ability. In addition,
from these all results diagrams, it can be seen that the all
model training processes are also very unstable. Therefore,
the models without hyperparameters have poor performance.

B. MODEL WITH HYPERPARAMETERS
Figs. 7 and 8 show the results of ResNet50-plus and
2-CLSTM, respectively, and Table 5 shows the results of four
models with hyperparameters. Table 6 displays the results of

the comparison between all experiments. From the results
of these experiments we can see, the dynamic learning rate
allows the model to quickly reduce the loss function value
in the first half of the training to reduce the training error.
This architecture allows the model to have a greater learning
rate at the beginning of training and can quickly reduce the
loss function value of the model. Over time, as the learning
rate decreases, the change of model parameters gradually
stabilizes. As seen from the second half of the result graph
of the four models, the smaller learning rate causes the result
graph curve to be in a very stable state. Dropout regularization
causes the model to throw away a specified amount of infor-
mation in a specified network layer. This allows the model
to avoid simply fitting the training set data during training.
When we can obtain more training data, models can learn a
wider range of classified information, which in turn greatly
improves the robustness of the model. Batch normalization
is used to mitigate the internal covariate shift phenomenon
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FIGURE 7. The results diagram of the ResNet50-plus model is shown: (a) accuracy, (b) binary cross-entropy loss function
value, (c) sensitivity and specificity, (d) precision, recall and F1 score.

between layers to minimize changes in data distribution.
In this study, we found that the classification capability of
the model was further improved before batch normalization
was placed at the maximum pooling layer.

VGGNet-plus, GoogleNet-plus, ResNet50-plus and
2-CLSTM are trained at 29h, 8h, 33h and 15h, respectively.
In addition, the four models reach a stable state of epoch are
50, 20, 38 and 40, respectively. VGGNet-plus has poor perfor-
mance and training time compared to the other three models.
This is because each convolution layer of VGGNet-plus
has larger convolution cores, and the parameters set by the
fully connected layer are relatively complex. These not only
waste many computing resources but also make the internal
parameter space of the VGGNet - plus model too bloated,
easily causing the model to overfit. Since the Inception
structures replace simple and traditional convolution and acti-
vation operations, GoogleNet-plus’s training parameters and
memory footprint are greatly reduced. So GoogleNet-plus
is particularly good at training time and training efficiency.
As seen from the results of Table 6, batch normalization
structures are particularly noticeable for the performance
improvement of GoogleNet-plus. Although ResNet50-plus
has a higher depth than the other three models, it do not
perform best in our experimental tests. Especially in terms
of training time, ResNet50-plus is the longest of the four
models. 2-CLSTM strikes a good balance in performance

and training efficiency. Although the training time is longer
than GoogleNet-plus, 2-CLSTM outperforms the other three
models in terms of the classification ability performance.
These results may be because only the CNN backbone exists
in the three baseline models, so the details of the time series
in the data are ignored. The 2-CLSTM model contains an
LSTM structure that can analyze the characteristics related
to the time series. From the results, it can be seen that values
greater than 40 can be regarded as the best epoch for the 2-
CLSTM model.

For the two-classificationmodel, it is obviously not enough
to evaluate the model by using ACC as an indicator alone.
We monitor the improved model’s training with the binary
cross-entropy loss function values. While minimizing the
LOSS to reduce the training error, the LOSS can also reflect
whether the model training has experienced fitting problems.
In many studies, Sen and Spe are frequently used. From (8)
and (9), it is known that the high Sen is equivalent to the low
leakage rate of the AF detector, and the high Spe is equivalent
to a low misdiagnosis rate. The Sen and Spe of the proposed
2-CLSTMmodel were 98.00% and 98.07%, respectively. Pre
represents the proportion of model classification results as
AF, where the correct results are classified; Rec shows the
model’s ability to correctly identify AF from data labeled
AF. Since Pre and Rec are a pair of contradictory measures,
we refer to the F1 score to take into account both measures.
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FIGURE 8. The results diagram of the 2-CLSTM model is shown: (a) accuracy, (b) binary cross-entropy loss function value,
(c) sensitivity and specificity, (d) precision, recall and F1 score.

TABLE 5. Three baseline models and proposed model results presentation (all with hyperparameters).

Most importantly, for a classification model, if only good
classification capabilities are available on a particular data
set, this often shows a low generalization of the model. The
ROC curve with Sen as the vertical coordinate and (1-Spe) as
the horizontal coordinate can indicate the generalization of
the classification model. Therefore, the area under the ROC
curve (AUC) is a reasonable indicator of the generalization
ability of classifiers. For models that use the same test data,
the larger the AUC, the greater the model generalization
capability is. The AUC of the proposed 2-CLSTMmodel was
finally stable at 0.9959, better than the three baseline models.

IV. DISCUSSION
We know that the performance of the ECG is the gold stan-
dard for determiningwhether a person hasAF.However, ECG
collection is time-consuming, expensive and difficult to mon-
itor over time. In addition, it is difficult to capture burst AF
through the ECG. In contrast, PPG has the advantages of easy
collection and long-term monitoring. Some studies have also

shown that it is feasible to automatically identify AF through
PPG. In recent years, there have been an increasing number
of studies on PPG-based automatic identification of AF, and
Table 9 summarizes the relevant research. Compared with
other related studies, data conversion using time-frequency
analysis is proposed in this paper. The model, which com-
bines a CNN and LSTM, is a classifier method with high
recognition effect and robustness. Most related studies are
used to identify AF using human-extracted features, which
often have many limitations. We used a deep learning method
that automatically extracts data features and experimented
with the remarkable effect of three hyperparameters in the
model.Without hyperparameters, themodel is prone to fitting
problems in training and has poor classification. By adding
hyperparameters, the model discards a specified amount of
information in training to avoid overfitting. At the same time,
the learning rate can be adjusted automatically to adapt to
the training of the model and to ensure that the transforma-
tion of the different batches has the same data distribution.
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TABLE 6. The experimental results of four model backbones. Original indicates that models without hyperparameters are trained using data without data
augmentation. Original with DA indicates that models without hyperparameters are trained using data with data augmentation. Original with DR indicates
that models with dropout regularization are trained using data without data augmentation. Original with BN indicates that models with batch
normalization are trained using data without data augmentation. Full configuration indicates that models with all hyperparameters are trained using data
with data augmentation.

TABLE 7. Related researchs on AF recognition based on ECG and PPG signals.

The model with hyperparameters obviously improves the
classification accuracy and generalization ability. Most of the
research appliesmanually extracted PPG features and denoise
filtering, which can result in the loss of useful information
in the signal. In addition, due to the different methods and

training methods of PPG, the amount of data in many studies
is limited. In this study, we converted one-dimensional PPG
data into two-dimensional time-frequency chromatograph.
This not only guarantees the integrity of the original sig-
nal but also shows more information in the signal from a
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time-frequency perspective. The data augmentation methods
allow the model to train a large amount of diverse state data
while balancing the amount of data with different labels.

As seen in Table 9, the types of classification models and
data quantities used in each study are different. In ECG-
based AF identification studies, Tripathy et al. [47] used vari-
ational mode decomposition (VMD) to break down normal
sinus rhythm (NSR) and AF classes for ECG signals into
different modes. They then combined the sample entropy
and VMD estimated center frequency features with the deep
belief network classifier. The results showed that the method
obtains 98.27% accuracy, 97.77% Sen and 98.67% Spe.
Ghosh et al. [48] used the multi-rate cosine filter group struc-
ture to estimate the coefficient of the ethos, and calculated
the Fractional norm (FN) characteristic from the coefficient
extracted from the subband. They then used the Hierarchical
Extreme Learning Machine (H-ELM) to perform AF detec-
tion from FN characteristics. The results showed that the
method obtains 99.40% accuracy, 98.77% Sen and 100%
Spe. In PPG-based AF identification studies, Tang et al. [12]
sliced the PPG into three input lengths for 666 stroke patients
using six parameters, such as RR time series and nonlinear
analysis, as the classification characteristics of the logical
regression model. The results showed that the AUC of the
model is 0.949, 0.972 and 0.973, using the three different
slice lengths of 1 min, 2 min and 10 min as the input of the
model. Fallet et al. [13] collected PPG data from 17 subjects,
determined the adaptive tissue index of the RR time series
and PPG waveform, and calculated the variance of the phase
difference slope. These parameters were the AF recognition
input for the decision tree model. The results showed that
the method obtains 95.0% accuracy, 96.2% Sen and 92.8%
Spe. Linda et al. [14] combined the balance of the PPG char-
acteristics, the interpulse intervals (IPIs) and accelerometer
data as input for the RF model. The study categorized AF,
AFL and other rhythms. The results showed that the Sen and
Spe of the RF model to AF, AFL and other rhythms were
97.6/84.5/98.1% and 98.2/99.7/92.8%, respectively. In sum-
mary, the abovemethods in the study of PPG-based automatic
recognition of AF all require the steps of filtering noise
denoise and manual design features. The methods all use
the classification models from traditional machine learning
methods. In recent years, hardware has made deep learning
develop rapidly. Deep learning has better classification skills
than machine learning. Some researchers use deep learn-
ing models to automatically identify AF-related studies. For
example, Voisin et al. [15] collected PPG from 81 subjects
and sliced PPG into a signal segment of 30 s. The signal
segment was then entered into the 49-story CNN model for
training and testing. The results showed that the AUC is
0.9480. Kwon et al. [16] directly used one-dimensional PPG
data as input for the model and used the 1D-CNN and RNN
networks as models for the automatic identification of AF.
The results showed that the ACC was 97.58% and 97.15%,
respectively, and the AUC was 0.998 and 0.996, respectively.
Combining these relevant studies above, we understand that

traditional machine learning methods have excellent perfor-
mance on small-capacity data sets. However, in the entire
implementation process, the manually constructed classifi-
cation features have a great impact on the performance of
the model. Deep learning methods have good performance on
large-capacity data sets. Although the entire training time is
long, the model can automatically extract deep classification
features. This simplifies the entire AF automatic recognition
process.

V. ADVANTAGES
Based on the abovementioned research on automatic identi-
fication of AF, the 2-CLSTM model proposed in this paper
has higher classification accuracy and generalization ability
than other models. The processing of data can often greatly
affect the overall performance of model classification. In this
study, the use of time-frequency chromatograph to show PPG
information and the data augmentation methods used are
novel data processing ideas. In addition, the combination of
time-frequency domain and deep learning is also a major
advantage of the proposed classification method. Therefore,
the model can objectively assist doctors in diagnosing AF
through PPG and can also be applied to portable wearable
devices that automatically identify AF.

VI. LIMITATIONS
First, it is difficult for clinicians to visually confirm AF
through PPG. PPG identification labels still need to be labeled
through a synchronized ECG. Second, the proposed model
takes considerable time during the training phase, which is
also a common drawback of deep learning models. How-
ever, tests have shown that the trained model needs only
0.00072195 s to complete anAF recognition. Third, abnormal
PPGs, such as premature atrial and ventricular contraction,
which are not AF, were not included in the classification in
this study. Finally, the experimental data used in this study
came mainly from hospital statistics, not wearable devices.
For future research we will use data collected from portable
wearable devices.

VII. CONCLUSION
In this study, we propose a method based on PPG automatic
identification of AF. This method combines 2D-CNN and
LSTM, uses time-frequency analysis technology to convert
PPG data into time-frequency chromatograph and utilizes
the chromatograph as the input data of the model. The PPG
collected from three accessible public databases is divided
into training set, validation set, and test set. All collected
PPG is converted to a time-frequency chromatograph of
128 × 1024 × 3. In turn, three sets of chromatographs are
fed into the proposed 2-CLSTM model for training and
evaluation. The results show that the ACC, F1 score and
AUC were 98.21%, 98.13% and 0.9959, respectively. This
method does not need to construct the classification features
manually and uses the conversion of a one-dimensional signal
to a chromatograph to eliminate the preprocessing procedure
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of filtering and denoising. From the evaluation index, the
2-CLSTM model in this study not only helps doctors diag-
nose AF through PPG but also provides a method for identi-
fying AF through portable wearable devices.
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