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Abstract
Heart health monitoring based on wearable devices is often contaminated by various noises to varying degrees. Using
signal quality indicators (SQIs) to achieve signal quality assessment (SQA) is among the most promising ways to solve this
problem, but the performance of SQIs in expressing ECG quality features contaminated bymotion artifact (MA) noise remains
disappointing. Here, we present a novel SQA method that fuses the proposed depth local dual-view (DLDV) features and
the dual-input transformer (DI-Transformer) framework to improve the recognition ability of MA-contaminated ECGs. The
proposed DLDV features are to identify subtle differences between MA and ECG through depth local amplitude and phase
angle features. When it fuses with the temporal relationship features extracted by DI-Transformer, its accuracy is significantly
improved compared to the SQIs-based methods. In addition, we also verify the robustness and the accuracy of DLDV features
on four traditional classifiers. Finally, we conduct our experiments on the two datasets. On the PhysioNet/Computing in
Cardiology Challenge dataset, the DLDV features (Acc = 95.49%) outperform the combination of six SQIs features (Acc =
91.26%). When combined with our DI-Transformer, it delivered an accuracy of 99.62%, outperforming the state-of-the-art
SQA methods. On the artificial testset constructed by MA noise, our DI-Transformer outperforms four traditional methods
and also delivered an accuracy of 97.69%.

Keywords Depth local dual-view (DLDV) features · Dual-input transformer (DI-Transformer) · Motion artifacts (MA) ·
Signal quality assessment (SQA) · Electrocardiogram (ECG)

Introduction

Traditional electrocardiograms (ECG)analysis usually requires
doctors to diagnose and treat basedon the patient’sECGwave
information. However, ECGs recorded by wearable devices
are commonly contaminated by various noises. Especially
contaminated by noise such as motion artifacts [MA: muscle
artifact (ma) and electrode motion artifact (em)], resulting
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in a large number of poor quality signals, and its existence
seriously hinders the doctors’ diagnosis and delays patients’
timely treatment. To make matters worse, some MA fre-
quency details overlap with the band of the ECG signals, thus
limiting the filtering methods in the frequency domain, or
have similar morphology to some ECG signals, thus limiting
the filtering methods in the time domain [1]. It is challeng-
ing to eliminate these noises without distorting the clinical
features [2].

In general, there are two ways to solve this problem.
The first is to use denoising techniques [3–6], which have
good effect on baseline wander, high-frequency noise, etc.,
but it is difficult to remove the MA noise mentioned above.
Another way is to eliminate signals heavily contaminated by
the MA through the signal quality assessment (SQA) [7,8].
Currently, the mainstream SQA methods can be roughly
divided into two categories. The first category is based on
traditional machine learning and signals quality indicators
(SQIs) [9–14]. For example, Xia et al. proposed an ECG

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s40747-022-00861-z&domain=pdf


982 Complex & Intelligent Systems (2023) 9:981–999

SQA method based on support vector machine (SVM) and
multi-feature fusion with waveform attributes, power spec-
trum, R-wave detection, and other characteristics [9]. Behar
et al. employed indicators such as kSQI, sSQI, pSQI basSQI,
bSQI, pcaSQI, and rSQI, and trained an SVMmodel to eval-
uate the quality of ECG signals to reduce false alarms [10].
Satija et al. calculated the SQIs through signal loss detec-
tion, baseline mutation extraction, and high-frequency noise
detection and extraction to evaluate the clinical acceptability
of ECG signals [11]. Zhang et al. adopted waveform feature-
based methods (including lead-off features, baseline wander
features, power spectral features, and nonlinear features) to
train random forest and SVMmodel for SQA [12]. Shahriari
et al. used a structural similarity measure (SSIM) to compare
ECG images obtained from two ECGs at standard scales.
Then, a representative subset of ECG images are selected
from the training set as a template by a clustering method.
Finally, the SSIM between each image and all templates is
used as features to train a linear discriminant analysis clas-
sifier for SQA [13]. Holzinger et al. provided a taxonomy of
various entropy methods, whereby describing in more detail:
approximate entropy, sample entropy, fuzzy entropy, and par-
ticularly topological entropy for finite sequences. They also
state that entropy measures have successfully been tested for
analyzing short, sparse and noisy time series data [14]. These
hand-crafted features have the advantage of interpretability
and can reflect the specific description of ECG features to a
certain extent. However, these SQIs are based on human-
defined desirable properties of clean signals, it relies on
human-specified properties, leading to inherent limitations
in expressing potential features of signal quality. Simul-
taneously, they rarely consider the effective ECG feature
extraction methods under the condition of MA interference.

The second category is deep learning-based methods [15–
18], which usually utilize abstract features extracted by deep
learning techniques or combine them with hand-crafted fea-
tures to implement SQA. For instance, Liu et al. proposed a
new method that combines deep learning-based Stockwell
Transform (S-Transform) spectrogram features and hand-
crafted statistical features to achieve SQA [15]. Huerta et al.
combined convolutional neural networks and wavelet trans-
form to robustly identify high-quality ECG segments in the
challenging setting of single-lead recordings of alternating
sinus rhythms, atrial fibrillation episodes, and other rhythms
[16]. Seeuws et al. used an unsupervised deep learningmodel
to derive a data-driven qualitymetric that outperformed some
traditional metrics (kSQI, sSQI, IOR, pSQI, basSQI, bSQI,
and pcaSQI) and highlight the consistently superior perfor-
mance of their metrics across different tasks [17]. Zhang et
al. designed a comprehensive feature-set (covering spectral
distribution, signal complexity, horizontal and vertical varia-
tions ofwaves, etc.) and utilized two long short-termmemory
(LSTM) layers to learn time-dependent features automati-

cally [18]. Compared with hand-crafted features, the abstract
features extracted based on deep learning methods describe
ECG recordings from another magical perspective. But they
seldom consider effective solutions to the problem of MA
interference that have similar morphology and band aliasing
to some ECG signal. In addition, they also rarely propose
interpretability and relationships between these features.

Here, we mainly solve two problems: (1) noise such as
MA with similar morphology and aliased frequency bands
to some ECG can easily deceive machine learning meth-
ods, resulting in low accuracy of SQA. (2) The hand-crafted
features require sufficient human intervention and cannot
express signal quality comprehensively. We propose a novel
SQA method that fuses depth local dual-view (DLDV)
features and a dual-input Transformer (DI-Transformer)
framework for improving the recognition ability of MA-
contaminated ECG. Specifically, we extract the first three
intrinsic mode functions (FT-IMF) of the signal through
empirical mode decomposition (EMD) [19] and then employ
fast fourier transform (FFT) [20] to further explore the deeper
local amplitude and phase angle features of FT-IMF. Then,
the DLDV features are dimensionally reduced by kernel
principal component analysis (KPCA) [21] and employed
to identify subtle differences between MA and ECG signal
through depth local amplitude and phase angle features. At
the same time, we also analyze the FT-IMF’s central ten-
dency and dispersion degree and combine the result with
dimensionality reduced DLDV features to form augmented
features (FT-IMFall). Finally, the FT-IMFall is fused with the
temporal relational features extracted from Raw ECG by
the proposed DI-Transformer framework to train the SQA
model. In particular, the phase angle features we extracted
contains the contribution of each time sample point. So it can
quantify the subtle changes in ECGs at the time sample point.
Naturally, it can also distinguish the nuances of ECGs and
MA. As far as we know, there has no literature on extracting
the DLDV features (phase angle and amplitude–frequency
features) from FT-IMF to achieve SQA. Only Lee et al. cal-
culated the mean, variance, and Shannon entropy from the
first IMF (F-IMF) obtained by EMD, and then used them
for SQA [22]. These indicators can reflect the signal’s cen-
tral tendency and dispersion degree but cannot fully reflect
the deeper local features used to distinguish the MA noise.
Because the feature information computed by their method
loses the temporal features. In this paper, the DLDV features
extracted through FT-IMF not only can solve the problem
that traditional methods cannot obtain the iconic features of
the MA, but also have the advantage of interpretability. We
also verify the accuracy and robustness of DLDV features on
four traditional classifiers and provide an accurate and effi-
cient SQA scheme based on K-Nearest Neighbor (KNN). In
addition, our proposedDI-Transformermodel is based on the
transformer [23] architecture, which has the advantage that
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the multi-head attention module can be executed in parallel
and can capture the temporal relationship of ECG signal. Our
combined strategy with the transformer model can overcome
the shortcomings of traditional machine learning requiring
full human intervention while accurately distinguishing MA
noise from ECGs. The contributions of this study can be
summarized as follows:

• The proposed DLDV features can identify subtle dif-
ferences between MA and ECG signals through depth
local amplitude and phase angle features, which pro-
vides a practical and novel solution for identifying
MA-contaminated ECGs.

• The proposed DI-Transformer can focus on the tempo-
ral relationship between sample points and reflect the
subtle local changes in the signal sequence, which can
effectively improve the model’s ability to identify MA-
contaminated ECG.

• The strategy of fusion the DLDV features and DI-
Transformer’s temporal relational features extracted from
Raw ECG significantly improves the accuracy of MA
noise recognition and has applications such as wearable
ECG monitoring devices.

• For the first time, we propose the DLDV features to
solve the ECG SQA problem and achieve an accuracy of
94.27% on G-SVM and 93.32% on KNN, and the result
outperforms six traditional SQIs. More importantly, we
obtain the best accuracy (99.62%) on the proposed DI-
Transformer, which outperforms other state-of-the-art
SQA methods.

This paper is organized as follows: “Methodology”
presents the data used in the experiments and the details of our
method. “Experiments and results” demonstrates the experi-
mental results. Finally, we discuss and conclude our work in
“Discussion” and “Conclusion”.

Methodology

We present the overall framework of the proposed SQA
method in Fig. 1. It mainly consists of three parts: data
preprocessing,DLDVfeatures extraction andKPCA, andDI-
Transformer framework. Among them, the DI-Transformer
framework also consists of two parts: transformer encoder
layer and classification layer. Next, we will describe each
part in detail in the following sections.

The DLDV features extraction and KPCA

DLDV features extraction

We start our DLDV feature extraction method from EMD
[19]. The EMD can effectively process non-linear and non-
stationary time-series signals, such as ECG signals. Unlike
FFT and discrete wavelet transform (DWT) [24], the EMD
reveals the inherent features of a signal through its decom-
position IMFs. It can represent a signal as a combination
of multiple IMFs components, containing the characteristic
distribution from high to low frequency. Different IMFs can
reflect the feature information of signal and noise in different
degrees.

In general, some MA noise has similar morphology and
overlapping frequency to some ECG signals, so traditional
denoising methods cannot effectively eliminate such noise.
Amazingly, we find the local nuances between them that
can be expressed by IMFs somehow. Therefore, we design
a special method to obtain the DLDV features of these
MA-contaminated ECGs. Figure2 shows the architecture
diagram of the proposed DLDV feature extraction method.
The light green areas represent the key modules of the pro-
posedmethod, whichwe named theDLDV feature extraction
module (DLDV-FEM), and it composed of a stack of N = 3
identical modules. Each module has two sub-modules. The
first is an FFT-based sub-module, and the second is a sta-
tistical analysis-based sub-module (SA-based sub-module).
After performing the EMD operation on x[n], we obtain its
FT-IMF components (F-IMF: the first IMF, S-IMF: the sec-
ond IMF, and T-IMF: the third IMF). When we feed F-IMF
to DLDV-FEM through the “Input” pipeline, the FFT-based
sub-module obtains its amplitude value andphase angle in the
frequency domain through the FFT [20] operation (denoted
as FT-IMFf). Meanwhile, the SA-based sub-module obtains
its central tendency and degree of dispersion (denoted as FT-
IMFt). Then, FT-IMFt and FT-IMFf are output together to
FT-IMFF through the lavender pipeline. When the remaining
S-IMF and T-IMF pass through the DLDV-FEM module in
turn, we get two output components (S-IMFS, and T-IMFT).
Then, the FT-IMFf of these three output components are con-
catenated together to form our FT-IMFfreq (DLDV) features,
and the three FT-IMFt of these components are concatenated
together to form our FT-IMFtime features. Finally, the out-
put features (FT-IMFall) of the entire module are obtained
by concatenating FT-IMFfreq and FT-IMFtime. Next, we will
describe the feature extraction process in detail:

Given X ∈ R
12×� represents a multi-lead ECG signal,

and Xf ∈ R
1×� represents the f -th lead ECG signal, f ∈

[1, . . . , 12] are the number of leads for the ECG signal, and
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Fig. 1 The overall framework of the proposed SQA model. Note that this paper focuses on SQA of MA-contaminated long-term ECGs

Fig. 2 The process of DLDV feature extraction and dimensionality
reduction. Note that we process the ECG through two stages (EMD
and FFT), we then focus on the depth local features of the secondary

component of ECG through the amplitude value and phase angle, so it
is called the depth local dual-view feature

l is the length of ECG segment. After performing the EMD
operation according to [19], we can get IMFs as follows:

IMFf,p[n] =
⎧
⎨

⎩

Xf [n] − rf,p[n], p = 1

Xf [n] − ∑N
p=2 IMFf,p−1[n] − rf,p[n], p > 1,

(1)

where n is the serial number of ECG segment, IMFf,p[n]
represents the p-th IMF of the f -th lead. p ∈ [1, 2 . . . , N ],
N (here, the value of N is 3 and f is 1) is the total layer
number of IMFs, r f ,p[n] is the residual signal generated by
the f -th lead signal passing through the p-th layer EMD.
Note that this paper mainly uses the FT-IMF (F-IMF, S-IMF,
and T-IMF) components of EMD. Because the dynamics of
the FT-IMF of the EMD are as though they have been passed
through a high-pass filter [25]. Hence, it is not surprising that
the FT-IMF contains dynamics associated with noise for any
well-sampled data [26].

Figure3 shows theFT-IMFof clean signal, bw-contaminated
signal, ma-contaminated signal and em-contaminated signal,
respectively. We find several interesting phenomena: (1) the
amplitude values of the IMFs of the noise-contaminatedECG
signals are significantly lower than that of the clean signals.
(2) The FT-IMF component of EMD contains almost no bw
noise (there is almost no difference between the correspond-
ing IMFs components in Fig. 3a, b), but can well reflect the
inherent features of em and ma noise (the FT-IMF of the
noise signal in Fig. 3c, d) reflect the feature information of

noise to varying degrees). (3) R peaks have higher amplitude
values in each IMF component, while em or ma noises sim-
ilar to R peaks have different amplitude values in different
IMFs. The difference of ma artifacts in each IMF component
is marked in light purple in Fig. 3c, and it can be seen that the
ma is manifest in different degrees in all three components.
In Fig. 3d, the difference of em artifacts in each IMF compo-
nent is marked in light purple colors, and it can be seen that
em has obvious characteristics in T-IMF. These phenomena
indicate that the FT-IMF contains some features beneficial
to recognizing MA-contaminated ECG. Therefore, we uti-
lize the FFT-based sub-module to extract the amplitude value
and phase angle of F-IMF, S-IMF andT-IMF in the frequency
domain, and concatenate the features obtained from the three
components:

FT-IMFfreq = Concat

⎧
⎨

⎩

angle( f f t(F-IMF)), ‖ f f t(F-IMF)‖
angle( f f t(S-IMF)), ‖ f f t(S-IMF)‖
angle( f f t(T-IMF)), ‖ f f t(T-IMF)‖

⎫
⎬

⎭
,

(2)

among them,FT-IMFfreq ∈ R
3×2l , the‖·‖means the absolute

value operation, the angle(·) represents the operation of cal-
culating the phase angle, and fft(·) represents the operation
of FFT. Concat(·) represents the operation of the connection.
Simultaneously, we utilize the SA-based sub-module to ana-
lyze the central tendency and dispersion degree of FT-IMF in
the time domain, and concatenate the features obtained from
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Fig. 3 The FT-IMF of clean and noisy ECG signals. The light purple
area represents the features of em and ma in each IMF component. a
Clean ECG signal and its FT-IMF component. b the bw-contaminated

signal and its FT-IMF component. c The ma-contaminated signal and
its FT-IMF component. d The em-contaminated signal and its FT-IMF
component

the three components:

FT-IMFtime = Concat

⎧
⎨

⎩

mean(F-IMF), var(F-IMF)

mean(S-IMF), var(S-IMF)

mean(T-IMF), var(T-IMF)

⎫
⎬

⎭
, (3)

where the mean(·) is the averaging operation, var(·) repre-
sents the operation of calculating variance, and FT-IMFtime ∈
R
3×2.
Figure4 shows an example of the feature extraction of

the em and ma contaminated signals at each stage. Figure4a
is the amplitude–frequency features of the em-contaminated
ECG, and Fig. 4b is its corresponding phase angle features.
Figure4c is the amplitude–frequency features of the ma-
contaminated ECG, and Fig. 4d is its corresponding phase
angle features. It can be seen that when the frequency of
the intermediate quantity decomposed by the em- or ma-
contaminated ECG is not 0, the corresponding phase angle is
also not 0 and does not have obvious periodic characteristics
(the phase angle feature of the clean signal has a periodic
characteristic.). It is in line with the periodic characteristics
of the ECG signal. In addition, the phase angle can reflect the
local change of the signalwaveform at a certainmoment [27],
so the depth features extracted in this way canwell remember
the subtle differences between the signal and noise. Finally,

we obtain the FT-IMFfreq and FT-IMFtime, and we also call
the FT-IMFfreq as XDLDV.

DLDV feature dimension reduction

Principal component analysis (PCA) [28] is one of the
essential methods for linear dimensionality reduction. Each
principal component is a data projection in a certain direc-
tion, and their variances in different directions are determined
by their eigenvalue. In the dimensionality reduction process,
the eigenvalues are sorted from large to small. The eigen-
vectors corresponding to the first k eigenvalues are used as
dimensionality-reduced features to express the information
we are interested in. However, the datawe need to process are
nonlinear and non-stationary ECG signals. Therefore, this
paper adopts kernel principal component analysis (KPCA)
[21] to deal with these data. In the KPCA, we believe the
ECG data have a higher dimension. We can do PCA analysis
in a higher-dimensional space (Hilbert space). The advantage
is that it is possible to find an effective projection direction to
classify the data in a higher-dimensional space for nonlinear
data points that are difficult to classify in a lower-dimensional
space. Since the dimensionality of DLDV features (non-
linear features) is too high and contains some features that
hardly contribute to classification (as reflected in Fig. 4). So,
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Fig. 4 A visualization display example of amplitude value and phase
angle features of FT-IMF. a Amplitude-frequency features diagram of
FT-IMF of the em-contaminated ECG. b Phase angle diagram of FT-

IMF of the em-contaminated ECG. c Amplitude–frequency features
diagram of FT-IMF of the ma-contaminated ECG. d Phase angle dia-
gram of FT-IMF of the ma-contaminated ECG

we utilize KPCA to perform dimensionality reduction oper-
ations on DLDV features.

For PCA, given XDLDV = [x1, x2, . . . , xn] ,XDLDV ∈
R
n×d , n is the sequence numbers of XDLDV, and d is the

dimension of each sequence. After performing PCA, we get
the following decomposition model:

XDLDV = S1UT
1 + S2UT

2 + · · · SdUT
d , (4)

St(1 ≤ t ≤ d) and Ut(1 ≤ t ≤ d) represents the principal
component vector and the corresponding projection vector,
respectively. SinceUt represents a series of orthonormalized
vectors, the principal componentSt can be expressed as:St =
XDLDVUt . So, the projection vector Ut can be calculated by
solving the eigenvalue problem:

γtUt = 1

n − 1
XT
DLDVXDLDVUt . (5)

For KPCA, we define a mapping: XDLDV ∈ R
n×d →

ℵ (XDLDV) ∈ R
n×p, the ℵ(·) denotes a nonlinear mapping

function which is to map the signal to the Hilbert functional
space (�), and p represents the dimension of the feature
space. We denote the mapping function of XDLDV to the �

space as:

ℵ (XDLDV) = S1UT
1 + S2UT

2 + · · · SpUT
p . (6)

For the nonlinear case, it is difficult to solve Ut by simply
replacing XDLDV with ℵ(XDLDV) according to (6). Because
the mapping functionℵ(·) is unknown. To address this prob-
lem, we introduce kernel tricks to develop KPCA model.
The U t can be expanded in the feature space as Ut =
ℵT (XDLDV) β t by reference [29], β t is a linear transfor-
mation vector. Thus, formula (6) is transformed as:

γtβ t = 1

n − 1

(
ℵ (XDLDV) ℵT (XDLDV)

)
β t , (7)

we find that K = ℵ(XDLDV)ℵT (XDLDV) is the kernel
matrix of the kernel function, and the elements of the ker-
nel matrix are calculated by the Gaussian kernel function
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k(x, y) = e
−

(‖x2−y2‖
w

)

, and w represents the bandwidth of
the Gaussian kernel.

For a given test vector X j
DLDV ∈ R

d , represents the j-
th DLDV feature vector, the corresponding kernel principal
component can be calculated by [30–32]:

St
(
X j
DLDV

)
= ℵ

(
X j
DLDV

)
ℵT (XDLDV)βt

= k
(
X j
DLDV, XDLDV

)
βt , (8)

where t = [1, 2, ..., k] indicates that the first k vectors
retained after dimensionality reduction, that is St (XDLDV) ∈
R
1×k . Here, we determine the value of k by the cumulative

contribution rate of the principal components. Usually, if the
cumulative contribution rate (P) of the first k principal com-
ponents reaches 80–90%, it means that the first k principal
components basically contain the main information of all
measurement indicators. To keep as many principal compo-
nents as possible while reducing dimensionality as much as
possible, we keep all principal components with P ≥ 95%:

P =
∑k

i=1 γk
∑d

i=1 γk
. (9)

After DLDV feature extraction and dimensionality reduction
for 6 s ECG signals, we determine the minimum k value that
satisfy Eq. (10) is k = 2124 (354 × 6). Finally, we combine
the FT-IMFtime, and the low-dimensional result (FT-IMFall ∈
R
1×(k+6)) obtained as:

FT-IMFall = [FT-IMFtime,St (XDLDV)] . (10)

Proposed dual-input transformer model

Deep learning-based approaches can automatically extract
abstract features of samples. However, its complex con-
volution and recursive structure make a series of hidden
layers have a large number of front-to-back dependencies,
which leads to low parallelism of the model. Transformer,
the first sequence transduction model entirely based on
attention, replacing the recurrent layers most commonly
used in encoder-decoder architectures with multi-headed
self-attention [23]. Existing studies have shown that the
transformer can not only handle the problem in the field of
translation, but can deal with the classification of temporal
sequence [23], such as ECG sequence [33,34]. For the first
time, we propose a DI-Transformer model to deal with the
problem of ECG SQA, and its overall structure is shown in
Fig. 5. Our DI-Transformer model mainly includes the trans-
former encoder layer and classifier layer. Furthermore, the
feature extraction and KPCA are plugged into our model as
augmented features. Note that the transformer encoder layer

is formed by stacking six attention modules, each module
includes six multi-head attention blocks, and the specific
composition of the multi-head attention mechanism is in
[23,35,36]. SinceECGdoes not require a standard translation
process, we replace the decoder part of the transformer with
a fully connected layer. We describe the DI-Transformer in
detail as follows.

Transformer encoder layer

Input embedding and positional encoding: The input
embedding of the sequential signal is similar to methods in
most natural language processing (NLP) architectures [37].
To get the embedding for each point, the Raw ECG or FT-
IMFall is mapped to the dmodel dimensional space through 1D
convolution. It should be noted that we must ensure the con-
sistency of the sequence length before and after convolution
through well-designed padding and kernel size. That is, we
must ensure the dimension of the embedding output is also
dmodel. In addition, we choose the sinusoidal version [23,36]
to provide positional embedding for our input sequence.

Attention module: We stack the attention module six times,
and each consisting of two parts (the multi-head attention
block and the feed forward network). The former comprises
six parallel attention modules, and its internal structure is
shown in Fig. 6. After the “input embedding and positional
encoding” operation for raw ECG, the input vector U of the
transformer encoder layer is obtained. Then, we define three
transformationmatrices:WQ

e ∈ R
dmodel×dk ,WK

e ∈ R
dmodel×dk

and WV
e ∈ R

dmodel×dv , e = {1, 2, . . . , 6}, and use these three
transformation matrices to perform three linear transforma-
tions on U to get the query (Qe), Key (Ke) and Value (Ve).
Finally, the e-th head is calculated by Qe, Ke, and Ve:

he = softmax

(
Qe · KT

e√
dk

)

Ve, (11)

where T represents the operation ofmatrix transpose. To con-
nect the results of all he, we define the transformation matrix
WP , and then get the output of the multi-head attention mod-
ule through a linear mapping operation:

MHAB (Q, K , V ) = Concat(h1, h2, . . . , h6)W
P , (12)

where the WP ∈ R
6dv×dmodel [23]. And then, a resid-

ual connection and a layer normalization are performed in
“Add&Norm” blocks for MHAB(Q, K , V ). The result is
then connected to the feed-forward network (the second part
of attention module), which consists of two fully connected
layers with a rectified linear unit (ReLU). The output of each
attentionmodule is represented as Xattention. Note that we use
layer normalization rather than batch normalization. Again,
a residual connection, layer normalization and feed forward
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Fig. 5 The overall structure of
the proposed DI-Transformer
model

are performed, respectively. We can finally get the output of
the transformer encoder layer. The output will be used as the
input of the next transformer encoder layer or fusion with
FT-IMFall and input to the classification layer to determine
the final output categories.

Dual-input features fusion and classification

In the phase of model initialization, we extract FT-IMFtime

and FT-IMFfreq features through the proposed method and
perform KPCA on FT-IMFfreq. They are then concatenated
and used as the second channel input feature (FT-IMFall) of
DI-Transformer. In the training phase, the Raw ECG of the
first channel is divided into mini-batch and perform position
encoding and then feed into the transformer encoder layer.
For each iteration, we randomly select 6 s data from each
Raw ECG sample (We have shown in follow-up experiments
that 6 s long data is optimal). After the Raw ECG passes
through the transformer encoder layer, the extracted feature
map is flattened and concatenatedwith the FT-IMFall features
prepared in the phase of model initialization:

Xhidden =
[
concat

(
X1
attention, . . . X

6
attention

)
, FT-IMFall

]
. (13)

And then the Xhidden goes through a linear layer (a 1D fully
connected layer and the input dimension is din), which is con-
nected with a softmax function. Then, the Softmax mapping
scores are compared with the corresponding input labels to
calculate the cross-entropy loss value. Finally, the classifica-
tion layer outputs a vector V = (v1, v2), where vi denotes the
probability that the segment belongs to class i (good quality
or bad quality).

Fig. 6 Multi-head attention blocks

Experiments and results

ECG database and experimental setting

ECG database

This paper employs the Physionet Computing in Cardiology
Challenge 2011 (PCCC) [38] database to test the proposed
SQAmethod. The PCCC includes 1500 10s standard 12-lead
ECG recordings with sampling rate 500 Hz, and it contains
two subsets: the set-a includes 1000 12-lead 10s recordings,
and the set-b includes 500 12-lead 10s recordings. This paper
employs set-a, which contains 9276 (773 × 12) 10s good
quality (“acceptable”) ECGs and 2700 (225 × 12) 10s bad
quality (“unacceptable”) ECGs. In addition, we also select
500 single-lead good quality records and 500 single-lead bad
quality records from the PCCC to form the testset (test-a).
Then, we randomly select the em or ma noise after oversam-
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Table 1 Details of the datasets used in this paper

Data Good quality Bad quality Total

Set-a 9276 2700 11, 976

Test-a 500 500 1000

Test-b 500 500 1000

pling and use it to contaminate any one of the 500 selected
good quality data according to the method in [39], repeat this
process 500 times, and generate 500 records with em and ma
noise contamination. Finally, the generated 500 bad qual-
ity data and 500 good quality data selected from PCCC are
combined into a testset (test-b). The details of each database
are described in Table 1. As shown in Fig. 7, we randomly
select the good quality and bad quality segments from the
set-a. In addition, it should be noted that the Z-score is used
to normalize each 10s record of all datasets, which can be
calculated as follows:

z = x − u

σ
, (14)

where x denotes the signal segments, μ and σ are the mean
value and standard deviation of the signal segments, respec-
tively.

Experimental setting

Model parameters settings: The key parameters set for the
DI-Transformer model are shown in Table 2. It should be
noted that due to the physiological characteristics of the
human body, ECG signal strength will be limited within a
certain range, which means there will not be much numer-
ical difference between peaks and troughs, so the dmodel is
set to 512 [33]. In addition, to achieve the goal of rapid con-
vergence and prevent oscillation near the local minimum,
the learning rate is dynamically adjusted during the model’s
training.

The whole method is developed and trained using Tensor-
flow and Pytorch. Our experiments are performed on a com-
puter with an Intel(R) Core(TM) i5-7640X CPU@4.00GHz,
and equipped with two GPU GeForce GTX 1080 Ti with
11GB RAM.

Performance evaluation: To evaluate the performance of
the proposed method for SQA, we adopted five-fold cross-
validation. The set-a is randomly divided into five equal
subsets, each subset is selected as the test set in turn, and
the remaining four subsets are used for training. However,
less than a quarter of the data is classified as bad quality. It is
well known that using an unbalanced dataset to build classi-
fiers will cause bias and result in poor generalization ability

of classification models. Another approach is to balance the
dataset when not using prior probabilities (and Bayesian
training paradigms) to overcome this problem. Therefore,
we balance the dataset by adding real noise [em and ma
noise from NSTDB [40] and additive Gaussian white noise
(AGWN)] to the good quality segments to generate addi-
tional bad quality data. Note that we oversampled the em
and ma noises to 500 Hz before adding them to the train-
ing subset, and the sampling rate of AGWN is also of 500
Hz. The method of balancing the dataset is described in [39].
For each cross-validation task, we balance train subset (con-
taining 7421 ≈ 9276/5 ∗ 4 10s good quality segments and
6838 ≈ 2700/5 ∗ 4 + 4678 10s bad quality segments) but
keep the test subset unchanged (containing 1855 ≈ 9276/5
10s good quality segments and 540 ≈ 2700/5 10s bad qual-
ity segments).

In addition, we employ multiple indicators to evaluate the
performance of the proposedmethod, such as sensitivity (Se),
Specificity (Sp), Precision (P+), accuracy (Acc), F1 and area
under curve (AUC) [41]. It should be noted that for extremely
unbalanced data (i.e., a low prevalence or incidence of a dis-
ease in the total population), theROCcurve andAUCare only
partially meaningful. For this problem, Carrington et al. [42]
gives an effective solution. Here, we balanced the training
set. The definitions of these indicators are as follows:

Se(%) = TP

TP + FN
× 100%, (15)

Sp(%) = TN

TN + FP
× 100%, (16)

P+(%) = TP

TP + FP
× 100%, (17)

Acc(%) = TP + TN

TP + TN + FP + FN
× 100%, (18)

F1(%) = 2P+ × Se

P+ + Se
× 100%, (19)

where TP is true positives, TN is true negatives, FP is false
positives and FN is false negatives.

Experiments results

Performance evaluation of DLDV features

To evaluate the performance of the DLDV features extracted
by our method, we employ four traditional classifiers (Gaus-
sian Kernel Support Vector Machines (G-SVM) [43], Logis-
tic Regression (LR) [44], Random Forests (RF) [45], and
K-Nearest Neighbors (KNN) [46], and the parameter set-
tings of each classifier are shown in Table 3) and six
time-frequency dependent SQIs [10,47,48], such as sSQI
and kSQI, pSQI, LpSQI, MpSQI, HpSQI. Table 4 shows
the binary classification results of ECG signal quality using
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Fig. 7 An example of good and
bad quality segments selected
from set-a and their
corresponding heatmaps

Table 2 The parameter setting of the proposed DI-Transformer model

Parameters Value Notes

Batch_size 32 The number of samples fed into the model each time

dmodel 512 Input size of transformer encoder layer

din 2648 The input dimension of the linear layer

Num_module 6 The number of attention module

Num_heads 6 Number of heads in each multi-head module

Nseg 6 s The length of each ECG segment

Dropout_ratio 0.1 The proportion of neurons randomly discarded during the training phase

Optimizer – The Adam optimizer

Learning rate 0.01 The initial value was 0.01 and randomly changed every five epochs from 0.01 to 0.001

k 2124 Dimensions that satisfy the condition (P ≥ 95%) after KPCA

Table 3 The main parameter
settings of each model in the
Python development
environment

Model Hyperparameter Model Hyperparameter

G-SVM Parameter:25 RF Criterion: ‘Gini’

Gamma: scale n_estimators = 300

Kernel: ‘rbf’ Random_state = 0

class_weight: balanced n_jobs = 2

LR Penalty: ‘l2’ KNN n_neighbors = 5

Solver: liblinear Weights = ‘uniform’

Tol: default Algorithm = ‘auto’

max_iter:1000 leaf_size = 30

class_weight:balanced Metric = ‘minkowski’

a series of features on four traditional classifiers. Figure8
shows the confusion matrix obtained from the DLDV fea-
tures (FT-IMFfreq) on the four classifiers. Table 4 shows that
our DLDV features outperform the traditional six SQIs on
G-SVM, LR, RF and KNN. Our DLDV features achieve
the best performance on G-SVM, and the Se, P+ and Acc
achieve 93.42, 97.85 and 93.32%, respectively. Among the
six comparison SQIs, the sSQI achieve the best performance
on KNN with Se, P+ and Acc are 89.91, 93.27 and 87.92%,
respectively. Despite this, its Acc is still 5.40% lower than

our method. Such results show that the performance of the
DLDV features outperform the six comparison SQIs.

To further test the performance of the proposed method,
instead of randomly combining SQIs to train the classifica-
tionmodel,we generate new combinations of SQIs according
to the principle of decreasing the average accuracy of the
six SQIs on the four classifiers. Then, these combinations
are compared with DLDV, FT-IMFall, respectively, and the
results on each classifier are shown in Table 5. It can be seen
that the Acc of the combination of six SQIs is the highest
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Table 4 Average results of five-fold cross-validation performed on set-a using four classifiers for each SQIs

SQIs G-SVM LR RF KNN

Se P+ Acc Se P+ Acc Se P+ Acc Se P+ Acc

sSQI [47] 86.19 87.31 84.19 78.36 84.43 78.36 88.42 92.14 86.27 89.91 93.27 87.92

kSQI [47] 85.73 86.77 83.73 70.68 79.36 76.69 86.73 90.81 86.11 87.28 91.54 86.28

pSQI [10] 85.99 87.29 84.00 84.89 85.81 82.50 85.63 89.21 85.22 86.87 90.32 82.23

LpSQI [48] 84.44 86.74 83.79 78.74 83.13 76.22 83.76 87.00 83.34 80.55 89.45 83.26

MpSQI [48] 84.76 86.65 84.21 81.49 85.12 79.14 85.49 88.83 84.86 85.47 90.73 84.02

HpSQI [48] 83.43 88.75 83.44 78.74 86.83 78.61 84.45 87.89 83.16 82.45 89.74 84.77

FT-IMFtime 82.57 89.41 85.99 80.68 85.52 81.72 85.33 86.95 84.25 84.29 90.97 83.05

FT-IMFfreq 93.42 97.85 93.32 88.52 95.35 87.76 88.25 97.69 92.73 93.20 97.63 92.98

Notice the bold indicates that FT-IMF_freq achieves the best performance compared to other SQIs. Note that DLDV and FT − I MFfreq represent
the same feature

Fig. 8 Confusion matrices obtained by our DLDV feature on the four
classifiers (G-SVM,LR, RF andKNN). aConfusionmatrix onG-SVM.
b Confusion matrix on LR. c Confusion matrix on RF. d Confusion
matrix on KNN

amongall combinations, but still lower than theAccofDLDV
and FT-IMFall. It shows that our features’ performance is bet-
ter than the traditional six advanced SQIs. Furthermore, our
DLDV feature performs the best onG-SVM (Acc = 93.32%),
which benefits from our DLDV features and the superior per-
formance of the SVM classifier based on the Gaussian kernel
function. The results obtained on KNN (Acc = 92.98%) are
slightly inferior to G-SVM. In addition, our features perform
poorly on LR (Acc = 87.76%), even lower than SQIfeatures on
KNN(Acc=89.98%), but still slightly ahead of the results for
the combinations of all 6 SQIs. It indicates that our method
outperforms these six traditional SQIs in executing quality
classification.

Comparison of our DI-Transformer and four traditional
classifiers

This section compares our DI-Transformer with four tradi-
tional methods (G-SVM, LR, RF and KNN). Four features
(SQIfeatures, FT-IMFtime, FT-IMFfreq and FT-IMFall) are used
to build five categories of classifiers, and the results on the
test set are shown in Table 6. It can be seen that the classifica-
tion models built with SQIfeatures, a higher accuracy (Acc =
89.98%) is achieved onKNNamong all four traditionalmod-
els, but still lower than the result of DI-Transformer (Acc =
91.26%). The performance of the classification models built
with FT-IMFall is generally better than that of SQIfeatures.
The result on G-SVM (Acc = 94.27%) is better than that
obtained on KNN (Acc = 93.64%), but Table 7 and Fig. 13b
reflect that the performance on KNN (AUC = 0.962) is better
than G-SVM (AUC = 0.921). More importantly, combined
with FT-IMFall, our DI-Transformer achieves the globally
best performance (Acc = 99.62% and AUC = 0.993). The
p values we provide in Table 8 show the significant dif-
ference in expression signal quality between the proposed
DI-Transformer and these four traditional classifiers, and this
significant difference is statistically significant.

Ablation study on DI-Transformer model

In this section, we design a series of ablation experiments to
comprehensively evaluate the performance of the proposed
DI-Transformer. Experiment A only uses the FT-IMFfreq fea-
ture as the input to train the transformer-based model. Based
on experiment A, the B used the FT-IMFfreq and FT-IMFtime

as the input to train the transformer-basedmodel. Experiment
C only used Raw ECG as the input to train the transformer
model. Based on C, experiment D treats FT-IMFtime as aug-
mented features, which are then concatenatedwith the output
of the transformer encoder layer and fed to the classification
layer. Experiment E encodes the Raw ECG as the input of
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Table 5 Average Acc of
fivefold cross-validation
performed on balanced set-a
using four classifiers for the
different combinations of SQIs

Combination of SQIs G-SVM LR RF KNN

sSQI, kSQI 84.77 83.62 86.96 87.93

sSQI, kSQI, pSQI 85.67 82.32 87.01 88.02

sSQI, kSQI, pSQI, MpSQI 86.93 82.21 88.77 89.06

sSQI, kSQI, pSQI, MpSQI, HpSQI 87.52 82.93 88.86 89.42

sSQI, kSQI, pSQI, MpSQI, HpSQI, LpSQI (SQIfeatures) 88.64 83.74 89.62 89.98

FT-IMFfreq(DLDV) 93.32 87.76 92.73 92.98

FT-IMFfreq + FT-IMFtime (FT-IMFall) 94.27 91.42 93.42 93.64

Notice the bold indicates that comparedwith other combinations of SQIs, FT-IMF_all has the best performance
on G-SVM, followed by KNN. Note that DLDV and FT-IMF_freq represent the same feature

Table 6 TheAcc values obtained by different features on five classifiers

Features G-SVM LR RF KNN DI-Transformer

SQIfeatures 88.64 83.74 89.62 89.98 91.26

FT-IMFtime 85.99 81.72 84.25 83.05 93.74

FT-IMFfreq 93.32 87.76 92.73 92.98 98.58

FT-IMFall 94.27 91.42 93.42 93.64 99.62

Notice the bold indicates that several classes of features achieve the best
performance on the classifier built by DI-Transformer

Table 7 The AUC values obtained by different features on five classi-
fiers

Features G-SVM LR RF KNN DI-Transformer

SQIfeatures 0.920 0.780 0.925 0.929 0.932

FT-IMFtime 0.905 0.771 0.885 0.902 0.904

FT-IMFfreq 0.914 0.902 0.936 0.959 0.985

FT-IMFall 0.921 0.919 0.948 0.962 0.993

Notice bold indicates that several classes of features achieve the highest
AUC on the classifier built by DI-Transformer compare to other four
classifiers

the transformer, and then the dimension reduced FT-IMFfreq
is used as an augmented feature, which is finally fed into the
classification layer along with the output of the transformer
encoder layer (see in Fig. 5). On the basis of experiment E,
the F treats FT-IMFfreq and FT-IMFtime as augmented fea-
tures, which are then concatenated with the output of the
transformer encoder layer and fed to the classification layer.
Notice that compared with experiments A, B and C for the
single-input structure, experiments D, E, and F adopt the
method of augments feature with a dual-input structure, the
most advantage of which is that it can fully utilize the depth
local dual-view features.

Table 9 shows a series of ablation experiments associated
with the proposed method, and Fig. 9 shows six confusion
matrices for the corresponding experiments. As shown in
Table 9, the Acc of the transformer-based model achieves
95.49% in experiment A. the Acc of experiment C achieves
92.57%. Compared with experiment C, the Acc of experi-

Table 8 The p values of AUC between DI-Transformer and traditional
methods by using different features

Features G-SVM LR RF KNN

SQIfeatures 1.51e−3∗ 1.43e−7∗ 1.60e−6∗ 4.93e−3∗
FT-IMFtime 0.8971 4.04e−6∗ 2.35e−5∗ 2.76e−4∗
FT-IMFfreq 5.03e−4∗ 7.93e−3∗ 5.68e−6∗ 4.84e−3∗
FT-IMFall 6.11e−3∗ 8.15e−3∗ 1.85e−4∗ 1.11e−3∗
*Significance at 0.05 level

ment E (DI-Transformer model) is increased by 6.01%. The
result shows that as an augmented feature, the FT-IMFfreq
significantly improves the performance of the model. Com-
paring the results of experiments A and C, we can find
that inputs FT-IMFfreq into transformer can more effectively
improve the classification performance than directly inputs
Raw ECG into transformer. In experiment B, the Acc of
the transformer-based model achieves 97.70% and the F1
achieves 98.51%. Comparing the results of experiments A
and B, it can be seen that as an augmented feature the
FT-IMFtime also improves the classification performance of
the model, but its contribution is not as significant as FT-
IMFfreq. Experiment F maximizes the performance of the
proposed DI-Transformer method, its Se, Sp, P+ and Acc
values reaches 99.68, 99.44, 99.83 and 99.62%, respectively.
As shown in Fig. 9f, only 0.25% of the good quality data
are misclassified as bad quality data. Such results show that
the performance of our DI-Transformer is much better than
G-SVM and KNN.

Performance of each model to recognize the MA noise

First, we select the four traditional classification models
trained with the SQIfeatures and FT-IMFall features, respec-
tively. The performance of these models are then tested
on an artificial test set with progressively increasing MA-
contaminated ECG segments. We generate a series of test
sets with unchanged total samples (1000) to test the ability
of each model to identify MA-contaminated ECG by adjust-
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Table 9 Results of ablation
studies performed on
DI-Transformer with five-fold
cross-validation

No. Input features Input mode Se Sp P+ Acc F1

A FT-IMFfreq Single-Input 94.66 98.33 99.49 95.49 97.02

B FT-IMFfreq+FT-IMFtime Single-Input 97.78 97.41 99.23 97.70 98.51

C Raw ECG Single-Input 90.89 98.33 99.47 92.57 94.99

D Raw ECG, FT-IMFtime Dual-Input 92.51 97.96 99.36 93.74 95.81

E Raw ECG, FT-IMFfreq Dual-Input 98.38 99.26 99.78 98.58 99.08

F Raw ECG, FT-IMFfreq + FT-IMFtime Dual-Input 99.68 99.44 99.83 99.62 99.76

Notice the bold indicates that among various ablation experiments, the F achieves the best performance

Fig. 9 Confusion matrix corresponding to each ablation experiment. a–f represent the confusion matrices corresponding to ablation experiments
A–F, respectively

ing the proportion of data obtained in test-a and test-b. We
take data from test-a and test-b at the ratios of 8:2, 6:4, 4:6 and
2:8, respectively, and we denote these generated test sets as
test-ab1, test-ab2, test-ab3 and test-ab4 in turn. The results of
the four traditional classifiers trained with SQIfeatures on each
test subset are shown in Table 10. As the proportion of MA-
contaminated ECG segments increases, the Acc of all four
classifiers decreases to different degrees. Relatively speak-
ing, the result of KNN under the same proportion is better
than the results obtained by the other three classifiers. Fig-
ure10a shows the results obtained on Test-ab1 and Test-ab4.
It can be seen that these classifiers are more sensitive to MA
noise. The results of thefive classifiers trainedwith FT-IMFall
on each test subset are shown in Table 11. As the proportion
of MA-contaminated ECG segments increases, the accuracy
of all five classifiers decreases to different degrees, but it
is much smaller than the decrease in Table 10. As shown
in Fig. 10b, the results on Test-ab1 and Test-ab4 also con-

Table 10 Acc of SQIfeatures on the four traditional classifiers

Testing set G-SVM LR RF KNN

Test-ab1 88.51 83.68 88.36 89.67

Test-ab2 84.98 80.26 85.97 86.66

Test-ab3 82.25 79.58 84.82 84.75

Test-ab4 79.56 76.49 81.54 81.71

Notice the bold indicates that among the four traditional classifiers built
by SQI_features, KNN has the best performance in identifying MA

firmed this view. The results in Tables 12 and 13 illustrate
that the contribution of our FT-IMFall features to identifying
MA noise is significant at p = 0.05, and our DI-Transformer
based on FT-IMFall outperforms the employed four conven-
tional classifiers across the board in recognizing MA noise.
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Fig. 10 The ability of FT-IMFall to recognize signal segments containing MA (em and ma)-contaminated ECG. a The results on classification
models built with SQIfeatures features. b The results on classification models built with FT-IMFall features

Table 11 Acc of FT-IMFall on all five classifiers

Testing set G-SVM LR RF KNN DI-Transformer

Test-ab1 94.01 90.85 92.33 93.21 98.32

Test-ab2 93.82 90.12 92.98 93.04 97.11

Test-ab3 93.66 89.88 92.06 92.74 97.78

Test-ab4 93.56 89.77 91.81 92.68 97.69

Notice the bold indicates that among the five classifiers built by FT-
IMF_all, KNN achieves the best performance in identifying MA

Optimal data length and computational time

To find the optimal segment length (Nseg) for SQA,we repeat
experiment F ten times on set-a with Nseg varying from 1 to
10s at an increment of 1 s. Throughout thewhole experiment,
we only change the size of Nseg, and the relationship between
the Nseg and the accuracy of SQAare shown in Fig. 11a. It can
be seen that as the size of Nseg increases, the accuracy of qual-
ity classification of our model also increases. However, when
Nseg is greater than 6s, the accuracy can hardly be improved.
It shows that the 6 s segment has covered most of the fea-
tures required for signal quality classification. In addition, the
Fig. 11b reflects the relationship between sample length and
training and testing times. As the Nseg increases, the train-
ing and testing time of the model slowly increases within
5 s. After 6 s, as it increases, the curve shows a rapid upward
trend. Combining the results of Fig. 11a, b, weighing classi-
fication accuracy and computational complexity, we finally
choose the optimal signal segment length as Nseg = 6s.

Table 12 p values of Acc between SQIfeatures and FT-IMFall on the
four traditional classifiers

Testing set G-SVM LR RF KNN

Test-ab1 2.21e−5∗ 2.28e−6∗ 1.67e−3∗ 1.81e−3∗
Test-ab2 4.39e−4∗ 1.28e−5∗ 2.25e−4∗ 2.88e−4∗
Test-ab3 1.87e−5∗ 3.19e−6∗ 4.92e−4∗ 1.59e−5∗
Test-ab4 2.01e−6∗ 1.91e−8∗ 2.21e−6∗ 1.46e−6∗
*Significance at 0.05 level

Table 13 p values of Acc between the four traditional classifiers and
our DI-Transformer using FT-IMFall features

Testing set G-SVM LR RF KNN

Test-ab1 5.16e−4∗ 2.29e−7∗ 3.79e−7∗ 6.75e−4∗
Test-ab2 1.12e−3∗ 1.00e−4∗ 3.17e−6∗ 2.54e−3∗
Test-ab3 8.14e−3∗ 1.10e−5∗ 2.70e−6∗ 9.89e−4∗
Test-ab4 4.51e−3∗ 6.27e−5∗ 2.31e−6∗ 3.07e−4∗
*Significance at 0.05 level

Performance comparison

This paper employs the PCCC [38] database, and other
papers also use that database. Table 14 lists some other
well-performing methods using this database. Albaba et al.
[49] constructed an SQA pipeline by combining multiple
time-frequency domain features with multiple traditional
classifiers, and obtained good results on the Medium Gaus-
sian SVM (MG-SVM) classifier. The method achieves an
accuracy of 93.00% on MG-SVM, which is comparable to
the result obtained by our FT-IMFall features onG-SVM(Acc
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Fig. 11 The relationship between segment length and classification accuracy and computation time. a The relationship between the segments length
and the accuracy. b The relationship between the segment length and the training and testing times

Table 14 Performance comparison with other methods

Authors Method Evaluation Se Sp Acc

Behar et al. [10] Signal quality index (SQI) 5-fold cross-validation – – 99.30

Albaba et al. [49] Time-frequency features and MG-SVM 5-fold cross-validation 91.00 90.00 93.00

Shahriari et al. [13] Structural Image Similarity Metric 5-fold cross-validation 83.90 77.70 82.50

G-SVM FT-IMFall and G-SVM 5-fold cross-validation 93.97 94.61 94.27

DI-Transformer FT-IMFall and DI-Transformer 5-fold cross-validation 99.68 99.44 99.62

G-SVM: represents the classification results on G-SVM based on the proposed FT-IMFall features. DI-Transformer: represents the classification
results on DI-Transformer based on the proposed FT-IMFall features

= 94.27%), but still much lower than our DI-Transformer (
Acc = 99.62%). Shahriari et al. [13] used the SSIM to com-
pareECG images obtained from twoECGs at standard scales.
And then, they trained a linear discriminant analysis classifier
for SQA based on the SSIM between each image and all tem-
plates as feature vectors. Comparedwith others, their method
obtained a lower accuracy. Behar et al. [10] employed indi-
cators such as kSQI, sSQI, pSQI basSQI, bSQI, pcaSQI, and
rSQI, and trained an SVM model to evaluate the quality of
ECG signals to reduce false alarms, with the achieved accu-
racy of 99.30%. The result is higher than our G-SVM based
on FT-IMFall but is slightly inferior to our DI-Transformer.
It is worth noting that our methods have a strong MA noise
recognition ability, but [10] aimed at the normal noisy signal
and do not consider the interference of MA noise. There-
fore, even though their performance metrics are high, but not
entirely comparable. In [13,49], they also hardly consider the
case of MA-contaminated ECG. In addition, the proposed
methods have good interpretability and can achieve accurate
ECG SQA, including a large amount of MA noise.

Discussion

Analyzing the performance of DLDV features

This paper uses EMD and FFT to extract the DLDV features
of ECG signals. Then four different traditional classifiers
(G-SVM, LR, RF, and KNN) are employed to evaluate the
performance of the extractedDLDVfeatures.Meanwhile,we
also employ six traditional time-frequency related SQIs met-
rics as references to evaluate the performance of our DLDV
features. In general, the larger span of signal quality, themore
significant difference in SQI value. For example, as shown
in Fig. 12, due to the obvious difference in the probability
density distribution of different quality signals, the kurtosis
(kSQI) and skewness (sSQI) can provide effective informa-
tion for distinguishing good quality signals from bad quality
signals. In addition, the other four time-frequency-related
SQIs are all valid SQA indicators verified by researchers
and have achieved good results in actual SQA [4,5,43,44].
Therefore, this paper selects them as references to evaluate
the confidence of our DLDV features for SQA.
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Fig. 12 The probability density function of kSQI and sSQI on set-a (9276 good quality and 2700 bad quality) before normalization

Fig. 13 ROC curves of several classification models on set-a. a ROC curves obtained on four traditional classifiers based on the SQIfeatures feature.
b ROC curves obtained on five classifiers based on the FT-IMFall feature

Table 4 and Fig. 8 show the classification results and con-
fusionmatrices of the six traditional SQIs andDLDVfeatures
employed in this paper on the four classifiers. It can be seen
that the DLDV features outperform these traditional SQIs
metrics on the four classifiers, and even the SQIfeatures on
LR with the lowest accuracy is also lower than our DLDV.
The reason why our method comprehensively outperforms
the traditional six SQIs is that the features extracted by our
method can not only express the central tendency and discrete
degree of the signal segment, but also employ the phase angle
and amplitude–frequency values to express the characteris-
tics of the transient change of the signal.

Analyzing the performance of eachmodel to
recognize theMA noise

We also design experiments to test the proposed method’s
ability to recognize MA-contaminated ECGs. Our DLDV
features work well for MA-contaminated ECGs, which is
well confirmed in Fig. 10 and Tables 10, 11, 12, 13. Table 10

reflects the expression ability of SQIfeatures on MA noise. It
can be seen that with the increase of MA noise, the accuracy
of all four classifiers decreases, and the minimum decrease
reaches 6.82%. It can be seen from Table 11, under the same
conditions, the accuracy of all four classifiers also decreased,
but the maximum decrease is only 1.08%. Tables 12 and 13
are the results of statistical analysis for Tables 10 and 11. The
p values show the significant difference between SQIfeatures
and FT-IMFall in expressing MA noise, which is statistically
significant. It can be seen from the results in Fig. 10a, the
SQIfeatures has its limitation in expressingMAnoise. Because
these metrics are based on human-defined desirable proper-
ties of clean signals, they rely on human-specified properties,
leading to inherent limitations in expressing potential fea-
tures of signal quality [17]. In addition, it is difficult for us
to artificially specify the features of someMA noises similar
to ECG signal, so it is not surprising that the features infor-
mation of them are hard to extract by using the SQIfeatures.
Compared with the results in Fig. 10a, the results obtained by
each classifier in Fig. 10b on the two test sets are very close,

123



Complex & Intelligent Systems (2023) 9:981–999 997

with the average difference of 0.76%. It shows that the clas-
sifier constructed with our features can identify general noise
well. More importantly, it also offers strong performance
in identifying MA noises. Furthermore, our DI-Transformer
structure achieves high accuracy on test-ab4. Such high accu-
racy is not only due to the design of the dual-input structure,
but more importantly, the transformer’s self-attention mod-
ule can also capture the timing relationship of the signal and
then combine theDLDV featureswith improving themodel’s
ability to recognize MA noise. Note that we do not use the
FT-IMFtime feature in this test experiment because this fea-
ture can only express the central tendency and dispersion of
the signal and cannot fully reflect the transient change of the
signal.

Analyzing the performance of proposed
DI-Transformer

The effectiveness and robustness of our FT-IMFall feature
for SQA are verified on traditional classifiers (G-SVM,
LR, RF, and KNN). Furthermore, we also propose a DI-
Transformer SQA method based on the FT-IMFall features.
Table 9 presents a series of ablation experiments for the
proposed DI-Transformer method. Figure9 shows the confu-
sion matrix corresponding to each ablation experiment. The
results of experiments C, D, E and F show that the contri-
bution of FT-IMFfreq to the SQA is much more significant
than that of FT-IMFtime. The results of experiments C and
E show that the proposed dual-input structure significantly
improves the model’s classification performance. Feeding
the FT-IMFfreq (experiment A) to the transformer as input
data are much better than feeding it the Raw ECG directly
(experiment C), which shows that DLDV features can help
the transformer model to learn the quality features more eas-
ily. It benefits from the fact that the phase angle features can
well represent the transient change of the signals, and com-
bined with the amplitude features, this transient change can
be quantified. We also observe that the Se value of experi-
ment E is higher than that of experiment C, the accuracy of
experiment F is the best. It shows that experiment F tends
to identify more signal segments as good quality, with the
advantage of not missing valuable signals in subsequent pro-
cessing stages, which is also demonstrated in the confusion
matrix in Fig. 9f. From this point of view, the abstract features
automatically extracted by the transformer from Raw ECG
are complementary to the FT-IMFfreq features. Comparing
the results of A, E and B, F, we find that the DI-Transformer
combines the advantages of DLDV features and transformer-
based abstract features, and has higher Se, Sp andAcc values.
It can obtain more effective signal quality features than the
single-input structure (A, B and C).

We also compare the proposed DI-Transformer with four
traditional classifiers. It can be seen from Table 6 that the

result on SQIfeatures is inferior to our FT-IMFall, but higher
than our FT-IMFtime. Because our FT-IMFtime does not focus
on the nuances of signal and noise. TheAUCvalues inTable 7
show that our DI-Transformer exhibits the best performance
on all features, followed by KNN combined with FT-IMFall.
Furthermore, in Table 8 the p values we provide show sig-
nificant differences between the method based on SQIfeatures
and the method based on FT-IMFall, and this significant dif-
ference is statistically significant. It is not surprising that we
get such good results because our method rarely considers
the morphology of Rwa ECG and instead mines the depth
local features of the signal. We not only extract the transient
amplitude features of the intermediate component of the sig-
nal (IMFs), but also extract the transient phase angle features
that can express the subtle difference between the signal and
the noise (especially for MA noise). Equally important, on
the traditional classifier-based methods, although the accu-
racy of FT-IMFall features on G-SVM is higher than that of
KNN, but the receiver operating characteristic curve (ROC)
of each model in Fig. 13 shows that the performance of
DI-Transformer is the best (AUC = 0.993). Therefore, the
DI-transformer-based model constructed by FT-IMFall can
provide a new set of practical solutions for SQA. In addi-
tion, it can be seen from Fig. 13b that the KNN model built
with FT-IMFall exhibits the best performance (AUC=0.962),
followed by RF (AUC = 0.948). Suppose the user uses the
traditional method to build the signal quality classifier. In
that case, the KNN or RF method based on FT-IMFall can be
preferred under the same conditions.

Conclusion

In summary, we present a novel ECG SQA method that
fuses the proposed DLDV features and the DI-Transformer
framework for improving the recognition ability of MA-
contaminated ECG. For the first time, we combine DLDV
features and transformer to handle the ECG SQA problem.
Specifically, we use EMD and FFT to extract DLDV features
of Raw ECG in the time-frequency domain. The extracted
DLDV feature can identify subtle differences between MA
and ECG signals through depth local amplitude and phase
angle features.When it is fusedwith the temporal relationship
features extracted by DI-Transformer, its accuracy is signifi-
cantly improved compared to themethod based on traditional
SQIs. Experiments on SQA tasks show that the proposed
method outperforms the state-of-the-art SQA methods. In
addition, our method can not only identify the common type
of noise from noise-contaminated ECGs, more importantly,
it can effectively identify MA-contaminated ECG. In the
future, we will improve the proposed method and make it
suitable for SQA of other physiological signals, such as SQA
of electroencephalogram and electromyogram.
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