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Abstract: Ventricular fibrillation (VF) is a critical ventricular arrhythmia with severe consequences.
Due to the severity of VF, it urgently requires a rapid and accurate detection of abnormal patterns
in ECG signals. Here, we present an efficient method to detect abnormal electrocardiogram (ECG)
signals associated with VF by measuring orthogonality between intrinsic mode functions (IMFs)
derived from a data-driven decomposition method, namely, ensemble empirical mode decomposition
(EEMD). The proposed method incorporates the decomposition of the ECG signal into its IMFs using
EEMD, followed by the computation of the angles between subsequent IMFs, especially low-order
IMFs, as the features to discriminate normal and abnormal ECG patterns. The proposed method was
validated through experiments using a public MIT-BIH ECG dataset for its effectiveness in detecting
VF ECG signals compared to conventional methods. The proposed method achieves a sensitivity
of 99.22%, a specificity of 99.37%, and an accuracy of 99.28% with a 3 s ECG window and a support
vector machine (SVM) with a linear kernel, which performs better than existing VF detection methods.
The capability of the proposed method can provide a perspective approach for the real-time and
practical computer-aided diagnosis of VF.

Keywords: electrocardiogram (ECG); ventricular fibrillation (VF); ensemble empirical mode decom-
position (EEMD); intrinsic mode function (IMF); orthogonality

1. Introduction

The electrocardiogram (ECG) is a crucial diagnostic tool that measures and records
the electrical activity of the heart. An ECG is typically measured using electrodes on the
chest, arms, and legs [1,2]. ECG signals can be easily measured and thus are a helpful
non-invasive tool. Due to its simplicity, ECG signals are widely considered in various
biomedical applications, such as heart rate variability (HRV), diagnosing heart deformity,
emotion recognition, biometric identification, and so forth [3–6].

Of particular significance in the analysis of ECG signals is the diagnosis of cardiac
arrhythmias and life-threatening heart conditions. According to recent studies in [7,8], car-
diac arrhythmias are the most common reason for cardiovascular disease death. Therefore,
the accurate detection of cardiac arrhythmias has been of great interest in ECG analysis.
Ventricular fibrillation (VF) is the leading cause of sudden cardiac arrest, making it a cardiac
arrhythmia that threatens life [9]. VF’s hallmark is its obscured QRST complex in ECG
traces and volatile and unpredictable signal deflections, rendering the rhythm chaotic [10].
Moreover, the deflections in ECG signals continuously change in shape, magnitude, and
direction. Patients experiencing VF require a high-amplitude current impulse to the heart
to restore normal rhythm. Defibrillation is typically achieved by a 200 J shock applied
externally to the chest or a 20 J shock applied internally to the heart [11]. To deliver shocks
or interventions, abnormal ECG rhythms must be detected rapidly and correctly. In this
situation, two issues are considered: (1) a false positive (FP) occurs; for example, if a normal
sinus rhythm (NSR) is misdiagnosed as VF, it produces an unnecessary shock on the heart,
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which can damage the heart of the patient. (2) if a patient experiencing VF is left without
taking adequate treatment, it causes cardiac arrest and sudden cardiac death. Therefore,
the reliable detection of VF using short-term ECG signals is a crucial issue for saving lives
in practical situations.

Over the decades, a number of signal-processing methods for detecting abnormal ECG
signals have been developed. Among them, frequency-domain methods such as Hilbert
transform [12,13], Fourier transform [14,15], subband decomposition [16], and power
spectral density [17] have been developed. Time-frequency domain approaches have
gained popularity when considering the non-stationarity property of ECG signals [9,18,19].
In addition, wavelet transform has been considered in analyzing ECG signals [20–22].
However, since the aforementioned methods use predefined basis functions, they suffer
from reflecting inherently nonlinear characteristics of ECG signals [23].

More recently, advanced machine-learning and deep-learning models in ECG analysis
have been actively researched [24,25]. The use of deep learning might address the labor-
intensive issue of the handcrafted feature-extraction-based ECG analysis.

To address the fixed basis function issue for a decomposing signal, a data-driven
method, known as empirical mode decomposition (EMD), has been developed [26]. EMD
is an adaptive method for analyzing nonstationary signals; thus, it is adequate and used for
analyzing ECG signals [27–29]. It produces a sum of amplitude and frequency-modulated
functions, namely, intrinsic mode functions (IMFs). EMD has been known as a suitable tool
for analyzing nonlinear and nonstationary signals regardless of the length of the signals.
In [30], using EMD in detecting abnormal ECG signals has led to an improved detection of
VF. Despite its potential, EMD is not without flaws, primarily due to a phenomenon known
as mode mixing, which causes nonphysical IMFs.

To address a mode mixing issue, ensemble empirical mode decomposition (EEMD)
has been presented by employing decomposition over a set of noisy signal versions and
following an averaging [31]. In recent studies, EEMD has been used to analyze biological
signals such as ECG [32–34]. Although the EEMD technique has been previously used
to analyze ECG signals, most works have focused on denoising ECG signals [35,36]. No
work has been presented to detect abnormal VF from ECG signals using orthogonality
between IMFs.

Motivated by the properties of the narrowband components of the EMD of ECG
signals [30,37,38], we present a new VF detection method that consists of EEMD and
orthogonality analysis of IMFs with short-term ECG signals. EEMD is used to decompose
an ECG signal into its IMFs. Then, we compute the degree of orthogonality between
consecutive IMFs as features to distinguish VF ECG patterns.

The ECG signals of the NSR and VF ECG signals are shown in Figure 1. As shown in
Figure 1, NSR, as a standard ECG signal, exhibits clear QRS complexes, thus producing
subsequent IMFs, i.e., narrowband components, with nonorthogonality. On the contrary,
since QRS complexes lack VF ECG signals, they produce orthogonal IMFs. This observation
forms the basis of our approach, where we use angles between specific IMFs, especially
two angles between the first and second IMFs and the second and third IMFs, as features
for a linear kernel support vector machine (SVM). The efficacy of our method has been
tested using a recognized MIT-BIH arrhythmia database [39], and the results, benchmarked
against traditional techniques, highlight its potential.

The rest of the paper is organized as follows: In Section 2, we introduce EMD, EEMD,
and the feature selection of the proposed method. In Section 3, the experimental results are
provided. Section 4 provides the discussion, and Section 5 concludes this work.
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Figure 1. Typical ECG waveforms of NSR and VF cases. The red stars denote R-peaks: (a) a typical
NSR ECG waveform of NSR; (b) a typical VF ECG waveform.

2. Materials and Methods

This section describes the proposed method to discriminate VF ECG signals from NSR
ECG ones.

2.1. Empirical Mode Decomposition

Huang et al. [26] have developed a data-driven decomposition method suited for
analyzing nonlinear and nonstationary signals. Iteratively termed a sifting process, EMD
extracts the highest frequency oscillation (most fine temporal scale) from the signal, called
an IMF. The remaining part, after extraction, contains lower-frequency oscillatory compo-
nents. The resulting IMFs represent the oscillatory patterns at different frequency scales. It
gives rise to the significant feature of EMD: EMD results in basis functions derived from
the signal in a self-originated way, whereas other conventional methods, such as Fourier
and wavelet analyses, rely on predefined basis functions.

An IMF must meet the following two criteria: (1) the number of extreme and zero
crossings are either equal or differ by at most one, and (2) the mean value of the envelope
defined by the local maxima and local minima is zero.

Here, we describe the process of EMD as follows. For a given signal x(t), the process
of EMD consists of the following steps:

(1) Identify all local maxima and minima of x(t). Let i, j = 1;
(2) Interpolate between local maxima and minima, respectively, obtaining an upper

envelope eu(t) and a lower envelope el(t);
(3) Compute the mean between eu(t) and el(t), i.e., mi,j(t) =

[eu(t)+el(t)]
2 ;

(4) Extract the detail from the original signal as d(t) = x(t)− mi,j(t);
(5) Iterate steps (1)–(4) until d(t) satisfies the above two criteria to be an IMF, i.e.,

c1(t) = d(t). If not, increase j by 1;
(6) Compute the residue r1(t) = x(t)− c1(t);
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(7) Iterate through Steps (1)–(6) with r1(t) instead of x(t) until the residue satisfies some
stopping criterion. Also, increase i by 1.

Figure 2 shows a sifting process of a real NSR ECG signal. It demonstrated a mean
envelope originated from an upper envelope and a lower envelope of raw ECG signals.
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Figure 2. Sifting process of the ECG signal.

Whether a sifting process is stopped or not, the standard deviation computed from
two consecutive sifting processes is used [26].

Through the EMD sifting process of EMD, the signal x(t) is decomposed as follows:

x(t) =
M

∑
i=1

ci(t) + rM(t) (1)

where M is the number of all extracted IMFs, ci(t), i = 1, . . . , M denotes the IMFs, and
rM(t) is the final residue. The last residue can be considered as the last IMF, and thus
Equation (1) can be rewritten as x(t) = ∑M+1

i=1 ci(t).
Despite several advantages of EMD, it suffers from a mode mixing issue. Mode mixing

indicates the possibility that distinct IMFs may exhibit similar frequency components. This
matter raises the intangible importance of IMFs.

2.2. Ensemble Empirical Mode Decomposition

EEMD has been developed to address the mode mixing problem inherent in EMD [31].
It uses a noise-added data analysis approach. EEMD consists of a sifting process of an
ensemble of white noise-added signals and defining the true IMFs of a signal as the mean
of an ensemble of trials.

For EEMD, to yield an ensemble of noise-added signal xv(t), the white Gaussian noise
(WGN) v(t) is perturbed to yield the signal x(t), i.e., xv(t) = x(t) + v(t). Subsequently, the
EMD algorithm is carried out to yield the ensemble signal xv(t). This procedure is carried
out repeatedly.

This is performed for the different L realizations of WGN. The actual IMFs of EEMD
are obtained by averaging the IMFs obtained from different realizations. The use of WGN
leads to the ensemble of all solutions through the sifting process. In addition, due to the
characteristic of the dyadic filter bank of EMD, the resulting IMFs of EEMD merge different
scale components.

Specifically, the EEMD method is carried out as follows:
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(1) Add WGN to the original signal xv(t) = x(t) + v(t);
(2) Apply the EMD method to xv(t) to obtain IMFs ci(t), i = 1, . . . , M;
(3) Repeat Steps (1) and (2) for L realizations of WGN. From the kth realization, the IMFs

ck
i (t), i = 1, . . . , M are obtained;

(4) Obtain an averaged IMFs ci =
1
L ∑L

k=1 ck
i (t).

2.3. The Proposed VF Detection Using EEMD

We used the first three IMFs to discriminate NSR and VF using ECG signals. Although
the QRS complex of the ECG signals spreads over the IMFs, the lower the order of the IMFs,
the greater the QRS complex. As shown in Figures 3 and 4, as the order of IMFs increases,
the lower frequency components of IMF are extracted. It is in accordance with the principle
of EMD and EEMD in that they extract the highest frequency components of the signal
of interest first, and then lower frequency components are extracted. Here, the first three
IMFs from the EMD (Figure 3a,b) and from the EEMD (Figure 4a,b) of subjects with NSR
and VF, respectively. Subjects were chosen randomly from the ECG database.
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Figure 3. The first three IMFs (denoted as IMF1, IMF2, and IMF3) after applying EMD to the MIT-BIH
arrhythmia database: (a) First three IMFs in the case of Subject No. 117 (NSR); (b) First three IMFs in
the case of Subject No. 418 (VF).
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Figure 4. The first three IMFs (denoted as c1, c2, and c3) after applying EEMD to the MIT-BIH
arrhythmia database: (a) First three IMFs in the case of Subject No. 117 (NSR); (b) First three IMFs in
the case of Subject No. 418 (VF).
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In other words, the components of the sharp QRS complex with high frequency are
assigned to the lower-order IMF signal, so the impact of the QRS complex decreases as the
order of the IMF increases [40]. In the NSR cases shown in Figures 3a and 4a, it has been
observed that values outside the QRS complex are nearly zero. In contrast, in the case of
VF in Figures 3b and 4b, the QRS complex in low-order IMFs appears to be absent.

Then, to validate the ability of NSR and VF to differentiate through analytics, we
concentrate on the property that leaks the orthogonality of the IMFs of the NSR and VF
episodes. The orthogonality is not guaranteed theoretically. All IMFs should be local or-
thogonal to each other because each component is obtained from the difference between the
signal x(t) and its local mean x(t) through the maximal and minimal envelopes [30,41,42].
Thus, in an ideal case, the following formula holds.

c1(t)·c2(t) =
(

x(t)− x(t)
)
·x(t) =

(
x(t)·x(t)

)
− x(t)·x(t) = 0, (2)

where c1(t) = x(t)− x(t) and c2 = x(t). However, Equation (2) is not strictly true because
the mean is calculated using the envelopes. The discrepancy between the envelope average
and the actual local average for signals from nonlinear dynamic systems exists [43,44].
Moreover, each consecutive IMF component is only part of the signal constituting x(t). The
first IMF is expressed as

c1(t) = dk(t) = dk−1(t)− m1,k(t) = dk−2(t)− m1, k−1(t)− m1,k(t) (3)

Here, dk(t) denotes a k-th detail, and mi,j(t) denotes the mean of the upper and lower
envelopes in the j-th iteration for the i-th IMF.

Finally, it becomes

c1(t) = x(t)−
k

∑
i=1

m1,i(t) (4)

Followingly, c2(t) can be represented by replacing x(t) with r1(t) and m1,i(t) with
m2,i(t) in Equation (4) as

c2(t) = r1(t)−
k

∑
i=0

m2,i(t) (5)

Then, the following holds:

c2(t) = x(t)− c1(t)−
k

∑
i=0

m2,i(t)=
k

∑
i=0

m1,i(t)−
l

∑
j=0

m2,j(t) (6)

Then, it leads to

c1(t)·c2(t) =

(
x(t)−

k

∑
i=0

m1,i(t)

)
·
(

k

∑
i=0

m1,i(t) −
l

∑
j=0

m2,j(t)

)
(7)

The discrepancy between Equations (2) and (7) is due to an approximation that de-
pends on the type of ECG signals. In this work, our observation reveals that the discrepancy
of VF ECG signals is less evident than that of NSR ECG signals when the initial few IMFs,
i.e., higher oscillatory components, are considered. Furthermore, our observations show
that the leakage is greater when EEMD is applied for NSR ECGs compared to the case of
EMD. On the other hand, the leakage is smaller when EEMD is used for VF ECGs than
when EMD is used.

Thus, we utilize the features for discriminating VF from NSR by reflecting the property
of orthogonality between consecutive initial IMFs, which is given by

< IMF1, IMF2 >= ∥IMF1∥∥IMF2∥cos θ12 (8)
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< IMF2, IMF3 >= ∥IMF2∥∥IMF3∥cos θ23 (9)

where IMFk is a k-th IMF vector, < ·, · > denotes an inner product, and θij is an angle
between the i-th and j-th IMFs.

Finally, the angles θ12 and θ23 are utilized as features for classifying VF from NSR,
since the QRS complex is well reflected in the first three IMFs [40].

2.4. Real ECG Data

The Boston Israel Hospital and MIT (MIT-BIH) arrhythmia database [39] is used for
the experiments. The MIT-BIH Arrhythmia Database comprises 48 half-hour excerpts from
two-channel ambulatory ECG recordings. These were obtained from 47 subjects who were
studied by the BIH Arrhythmia Laboratory. Each ECG recording consists of two channels
and is recorded with a sampling rate of 360 Hz. All data we used were taken from channel
II according to the cardiologist’s annotations. Then, we divided the data into 3 s for the
EMD and EEMD processes. Next, we arbitrarily selected 7338 episodes of 3 s in length for
NSR and 6615 episodes for VF. We used a 3 s length for NSR and 6615 episodes for VF to
detect the VF ECG signals using short-term recordings.

3. Results

To verify the proposed method, we used ECG signals with a 3 s length, which are used
for the EMD and EEMD process.

First, we validate the features, i.e., θ12 and θ23, in terms of their distributions. Figure 5
presents the histograms of the probability distribution for the angles θ12 and θ23 between
the first three IMFs resulting from applying EMD and EEMD to ECG episodes characterized
as NSR and VF. In Figure 5a, the EMD method is used, and it shows two histograms of
θ12 and θ23 for each comparison of IMFs: one for NSR (pink) and one for VF (green),
respectively. Each histogram is accompanied by a normal distribution fit, illustrating how
the angles are distributed for NSR and VF episodes. It can be observed that for VF, the
angles θ12 and θ23 tend to cluster around a narrower range as indicated by the sharper peak
of the histogram, whereas for NSR, the angles are more spread out, resulting in a flatter
histogram shape.

Figure 5b shows the histograms and the corresponding normal distribution fits of
θ12 and θ23 for NSR and VF using EEMD. As can be seen, the angles for the θ12 and θ23
of VF are more concentrated around a mean value, whereas the angles of NSR are more
dispersed. In addition, the values of θ12 and θ23 derived by EEMD are lower than those
by EMD, especially for NSR. It suggests that using EEMD leads to a more discriminable
capability between NSR and VF.

From Figure 5, we can observe that the angles θ12 and θ23 are larger in VF than in the
NSR, and almost orthogonal (approximately 90◦) in the case of VF. Although detection of
VF from NSR might be available using only θ12 based on the histogram results, using θ23
can lead to accurate discrimination between NSR and VF. Overall, the histograms suggest
that the angles between the first three IMFs from ECG signals exhibit different probability
distributions in cases of NSR versus VF. Note that the angles between the three IMFs of
VF show a tighter cluster, indicative of more regular and periodic behavior. At the same
time, NSR displays a broader spread of angles, reflecting the more chaotic nature of the
arrhythmic condition.

Figure 6 presents scatter plots for the angles, i.e., θ12 and θ23, derived from EMD and
EEMD when applied to the NSR and VF ECG recordings. Figure 6a depicts the scatter plot
resulting from EMD. The plot shows the angle between the first two IMFs on the x-axis
(θ12) against the angle between the second and third IMFs on the y-axis (θ23). Red circles
represent NSR episodes, and blue circles denote VF episodes. The distribution of NSR
points is more concentrated towards the lower end of the angle spectrum, indicating a more
regular rhythmic pattern, while VF points are widely dispersed, reflecting the irregular and
chaotic nature of the VF condition.
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Figure 5. The histogram of the probability distribution for each θ12, θ23 between the
IMF1, IMF2, and IMF3 of NSR and VF: (a) result of EMD from all of the ECG episodes; (b) result of
EEMD from all of the ECG episodes.
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Figure 6. The scatter plots using θ12 (the degree between IMF1 and IMF2) and θ23 (the degree between
IMF2 and IMF3 of NSR and VF as features: (a) scatter plot for θ12 and θ23 resulting from EMD on all
of the ECG episodes; (b) scatter plot for θ12 and θ23 resulting from EEMD on all of the ECG episodes.
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Figure 6b illustrates the scatter plot obtained from EEMD for the same angles between
IMFs. The distribution of points for NSR (in red) and VF (in blue) shows a pattern similar
to that of EMD, where NSR episodes cluster in a different region of the plot compared to
VF episodes, albeit with a greater degree of discrimination between the two conditions
than in the EMD scatter plot.

The results in Figure 6 suggest that the angles between IMFs, which may indicate the
regularity of cardiac rhythms, can serve as distinguishable features to classify ECG signals
into NSR and VF. There is a clear distinction between the two states in the scatter plot by
EEMD and the less distinct but still observable separation in the scatter plot by EMD.

Table 1 presents the range of θ12 and θ23 obtained by EMD and EEMD for NSR
and VF ECG signals. Table 1 shows the more elaborate ranges, which are not clear in
Figures 5 and 6. As can be seen, the angle ranges for VF are generally narrower than for
NSR, which is consistent with the visual results in Figures 5 and 6. Furthermore, the
differentiation of VF from NSR might be more evident when using EEMD than when
using EMD.

Table 1. Range of θ12 and θ23 obtained by EMD and EEMD for NSR and VF episodes.

Method ECG Type
Range

θ12 (Degree) θ23 (Degree)

EMD
NSR 46.2–81.8 50.2–90.3

VF 78.1–95.2 75.8–98.2

EEMD
NSR 35.2–68.3 36.7–72.6

VF 71.8–91.7 59.1–90.9

Next, to validate the effectiveness of the proposed features, i.e., θ12, and θ23 for
discriminating VF and NSR ECG episodes, we used an SVM with a linear kernel classifier.
We used a feature vector θ = [θ12θ23] for the input to the SVM classifier. The accuracy was
calculated and averaged using 2000 episodes.

Table 2 shows the comparative results of various VF detection algorithms, evaluated
based on their sensitivity (Sns.), specificity (Spc.), and overall accuracy, respectively. We
carried out 10-fold cross validation. The dataset was randomly divided into ten parts. Nine
parts were used as the training set, while one part was used as the test set.

Table 2. Performance comparison between the existing VF detection method and the proposed
method. Sensitivity (Sns.), specificity (Spc.), and overall accuracy are presented. For the EMD and
EEMD-based methods, the performance is shown as the average ± standard deviation.

Method Window
Length (s)

1 Sns. (%) 2 Spc. (%)
Accuracy

(%)

Standard exponential [43] 8 50.11 81.70 79.02

Modified exponential [43] 8 51.20 84.11 81.30

Threshold crossing interval [44] 3 82.50 78.10 78.10

Complexity measure [45] 3 97.65 97.48 97.55

Spectral method [46] 6 98.81 69.96 97.87

Hybrid deep learning [47] 3 98.24 95.68 98.53

Fuzzy ClustNet [48] 3 98.92 93.88 98.66

EMD and SVM 3 97.89 ± 1.40 97.68 ± 2.02 97.92 ± 1.52

EEMD and LDA 3 98.03 ± 0.21 97.96 ± 0.32 98.01 ± 0.25
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Table 2. Cont.

Method Window
Length (s)

1 Sns. (%) 2 Spc. (%)
Accuracy

(%)

EEMD and RF 3 98.14 ± 0.12 98.69 ± 0.18 98.75 ± 0.11

EEMD and SVM 3 99.22 ± 0.09 99.37 ± 0.15 99.28 ± 0.08
1 Sensitivity (Sns.), 2 Specificity (Spc.).

The standard exponential algorithm with a window of 8 s achieved a sensitivity of
50.1%, a specificity of 81.7%, and an accuracy of 79%. A slight enhancement in performance
is observed using the modified exponential algorithm with the same 8 s window, which
improved sensitivity to 51.2%, specificity to 84.1%, and accuracy to 81.3%. The threshold-
crossing interval method performed with a sensitivity of 97.70%, a specificity of 97.63%,
and an accuracy of 97.65% using a 3 s window, which shows the potential for timely VF
detection. The complexity measure recorded a performance comparable to the previous
one, with a sensitivity of 97.65%, a specificity of 97.48%, and an accuracy of 97.55% using
a 3 s window. The spectral method, which was analyzed over a 6 s window, exhibited a
sensitivity of 98.81%, a specificity of 69.96%, and an accuracy of 97.87%. This method’s high
sensitivity indicates its effectiveness in identifying VF events but also suggests a propensity
for false positives, as reflected in the low specificity. The hybrid deep-learning method
using a 3 s window achieved a sensitivity of 98.24%, a specificity of 95.68%, and an accuracy
of 98.53%. The recently developed Fuzzy ClustNet has a sensitivity of 98.92%, a specificity
of 93.88%, and an accuracy of 98.66% with a 3 s window.

For EMD and EEMD-based methods, two features, i.e., θ12 and θ23, were used. Using
the EMD method with a 3 s window resulted in a noticeable improvement in VF detection,
which recorded a sensitivity of 97.89%, a specificity of 97.68%, and an accuracy of 97.92%.

In order to assess the reliance on classifiers that utilize the orthogonality features
of EEMD, evaluations of their performance are conducted utilizing a linear discriminant
analysis (LDA) [49], random forest (RF) [50], and SVM with a linear kernel. Combining the
EEMD method using a 3 s window and LDA produces a sensitivity of 98.03%, a specificity
of 97.96%, and an accuracy of 98.01%. In addition, using EEMD with a 3 s window and RF
leads to a sensitivity of 98.14%, a specificity of 98.69%, and an accuracy of 98.75%.

The proposed method utilizing EEMD and SVM led to a superior performance com-
pared to its predecessors and EEMD with other classifiers. It performed with a sensitivity
of 99.22%, a specificity of 99.37%, and an accuracy of 99.28% using a 3 s window. Moreover,
the standard deviations in cases when EEMD is used are less than the standard deviations
with EMD in terms of sensitivity, specificity, and overall accuracy.

4. Discussion
4.1. Improvement of VF Detection with Orthogonality Features through EEMD

This work presents an efficient method for detecting ECGs associated with VF using
EEMD. The used features, i.e., the angles between the first three IMFS, are chosen based
on the observation using the EEMD results of VF and NSR ECG recordings. Thus, this
work is motivated by the distinct orthogonality characteristics of low-order IMFs of VF and
normal ECGs.

In Figures 5 and 6, we observe that the ranges of θ12 and θ23 from the EMD and EEMD
of NSR and VF are distinct, which is confirmed in Table 1. It is worth noting that the angles
θ12 and θ23 of NSR using EEMD are lower than those using EMD.

In Table 2, we can observe that the VF detection performance of the proposed method
is better than previous feature-extraction methods by approximately 49~0.4% in sensitivity,
30~2% in specificity, and 21~1% in accuracy. Compared to these previous methods, the
proposed method has achieved a higher sensitivity, specificity, and overall accuracy with
short-term ECG recording.
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Compared with the deep-learning methods, the proposed method improves VF detec-
tion performance by approximately 1~0.3% in sensitivity, 5~3% in specificity, and less than
1% in accuracy.

The recent review work [25] reported that the recent capable deep-learning-based
works perform 71~100% in sensitivity, 90.12~99.57% in specificity, and 96~99.53% in accu-
racy. It suggests that the proposed method performs better than or is comparable to the
state of the art. The comparison with deep-learning-based models shows the effectiveness
of the proposed orthogonality features [51,52].

In, addition, inspired by the advantage of multiscale features, it is worth substituting
the data-driven multiscale analysis, such as the variational mode decomposition (VMD) [53]
and empirical wavelet transform (EWT) [54] with EEMD for enhanced VF detection. The
detection of fatal VF using short ECG signals is essential for real medical applications, but
many studies have not exploited the signal length issue [46,47]. This work has shown the
effectiveness of EEMD-based orthogonal features for VF detection, suggesting a useful
feature for this issue.

4.2. Limitations

Although the proposed method improved VF discrimination performance, there are
still limitations. First, a recent study [55] has shown that EEMD has a reconstruction error
due to the use of noise. The elaborated exploitation for applying EEMD and improved data-
driven decomposition still needs to be carried out, which includes the robustness of IMFs
under varying conditions. At the same time, due to the emphasis on real-time applications,
minimizing the computational cost will be of the utmost importance. Second, to be useful
in practical medical applications, the proposed method lacks exploration for generalized
VF detection for unacquainted samples in practical application. In order to increase the
generalization capability, across-database protocols and feature-learning methods need to
be developed.

5. Conclusions

In this work, we have presented a new approach to identifying abnormal VF patterns
in ECG signals by exploiting the characteristic distinct ECG complex. For this, we use the
data-driven EEMD, followed by a measurement of the orthogonality between the first three
IMFs. The distinct orthogonality between the IMFs of VF and NSR ECGs by EEMD can
serve as simple and efficient features for identifying VF ECGs. By utilizing the improved
IMFs extraction of the EEMD technique for short-term ECG signals, the proposed method
can achieve a better performance in detecting abnormal VF ECG patterns than other VF
detection methods. Thus, the proposed method can address the critical need for rapid and
accurate diagnosis of life-threatening VF.

Although our results are promising, we recognize that more investigation is necessary
to refine the IMF extraction procedure and verify the suitability of our approach in various
datasets and in various clinical contexts. Furthermore, investigating the possibility of
incorporating this method into real-time monitoring systems may significantly enhance
patient care, particularly for individuals at a high risk of cardiac arrhythmias.
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