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Abstract. Computer analysis of patients’ lung CT images has become a popular
and effective way to diagnose COVID-19 patients amid repeated and evolving
outbreaks. In this paper, wavelet entropy is used to extract features from CT images
and integrate the information of various scales, including the characteristic signals
of signals with transient components. Combined with the artificial bee colony
optimization algorithm, we used the advantages of fewer parameters and simpler
calculation to find the optimal solution and confirm COVID-19 positive. The use
of K-fold cross validation allows the data set to avoid overfitting and unbalanced
data set partition in small cases. The experimental results were compared with
those of WE + BBO, GLCM-SVM, GLCM-ELM and WE-Jaya. Experimental
data show that this method achieves our initial expectation.
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1 Introduction

With the spread of the SARS COV-2, the number of confirmed patients with COVID-19
is increasing rapidly and the number of deaths from severe cases is still on the rise [1].
Under these circumstances, hospitals have to take on more pressure and call on more
resources, including drugs, manpower and equipment [2], to screen patients. COVID-19
is a respiratory disease caused by the new coronavirus SARS COV-2 [3].

In February 2020, WHO announced that the official name of this disease is COVID-
19. In this name, CO stands for corona, VI for the virus, D for disease, and 19 is for the first
outbreak year of that disease [4]. The majority of patients have the following respiratory
tract symptoms, common clinical manifestations include fever, cough, expectoration,
weakness of limbs, headache and other symptoms, and there are also patients without
obvious symptoms [5—-7]. Howeyver, it is not yet clear what symptoms and complications
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can occur long after contracting COVID-19 [8, 9]. To improve the efficiency of screening,
we use Wavelet Entropy and Artificial Bee Colony model to diagnose COVID-19 images.

Some researchers have proposed some classical classification methods based on CT
images of COVID-19 patients’ lung. Research [10] uses CNN to detect COVID-19. By
testing the performance of different pre-training models on CT tests [11], they found
that a larger field data set could improve the testing capabilities of the models.

In this study [12], VGG16 and ResNet50 models are improved and optimized by
using data expansion and fine-tuning techniques. The robustness and validity of the
model were verified and tested using hierarchical 5-fold cross-validation. Finally, the
model performs much better in binary classification than in multi-classification.

The research [13] proposed two deep learning structures including AlexNet archi-
tecture are proposed in this study. The input images are pre-segmented by ANN [14]. In
one structure, BILSTM layer was added, and time attribute was added, and the accuracy
reached 98.7%.

In this study, we attempted to use Wavelet Entropy [15] and Artificial Bee Colony
[16] to diagnose lung CT images of COVID-19 [17] patients. The following article is
organized as follows. Section 2 shows the dataset we used. Section 3 describes our
proposed approach. Section 4 discusses the experimental results. In the Sect. 5, we
summarize the research of this paper.

2 Dataset

The data set we used consisted of three different types of patients and a healthy control
group. All images have a resolution of 1024 x 1024 x 3. A total of 148 COVID-19
images and 148 healthy control (HC) images are obtained. Figure 1 shows two figures
in the dataset we used [18].

e
(a) COVID-19 (b) Healthy

Fig. 1. These two graphs are samples from the dataset
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3 Methodology

3.1 Wavelet Entropy

The main factors to be considered in signal analysis are frequency, amplitude and phase.
The main function of the Fourier transform [19] is to take a signal and decompose it into
its constituent frequencies, converting the function into the form of multiple sinusoidal
combinations, or e exponents [20, 21]. The signal is still the original signal essentially,
but in a different way so that we can more analyze the frequency, amplitude, and phase
components of a function intuitively. Therefore, after analyzing a complex signal through
Fourier transform, its frequency [22], phase and amplitude components can be easily
seen. It is a general analysis of the signal. The formula is:

F(w) = / - (e dr (1)

where w represents frequency, ¢ represents time.

But the Fourier transform has its own limitations. It can be seen from the Fourier
transform formula that it is based on sine wave and its higher harmonics [23, 24] as the
standard basis. If you need a good localization in the time domain, you need to analyze
all the signals in the frequency domain [25-27]. If we want good results in one aspect,
we have to give up the other one. Wavelet entropy changes the basis for the Fourier
transform directly, replacing an infinite trig basis with a finite decaying wavelet basis
[28, 29]. Thus, not only can we get the frequency, but also locate the time. The formula
is as follows:

1 R t—t
Wi(a, )= %/ f(l)1ﬂ<7)dl (2)

where a is scale, t is translation, ¥ is parent wavelet function, and ¢ is time.

That’s obvious from the formula that the number of variables of wavelet transform is
more than that of Fourier transform. In the wavelet transform, variable scale a controls
the scaling of the wavelet function and variable translation t controls the translation
of the wavelet function. The scale a corresponds to frequency (inverse ratio) and the
translation 7 corresponds to time. As a more ideal tool, wavelet transform can provide a
“time-frequency”” window that changes with frequency, and transform the original fixed
window size of Fourier transform into an adaptive window size for signal processing.

3.2 Feedforward Neural Network

Feedforward neural network [30] has a one-way multi-layer structure [31-33], and each
neuron is arranged hierarchically, and each neuron is only connected with the previous
neuron. The output of the previous layer is received and sent to the next layer [34-36],
with no feedback between layers. A typical multilayer feedforward neural network is
shown in Fig. 2.
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Input layer Hidden layer Hidden layer Output layer

Fig. 2. A typical multilayer feedforward neural network

Feedforward neural network can be divided into single layer feedforward neural
network [37] and multilayer feedforward neural network [38]. The single-layer feedfor-
ward neural network contains only one output layer, and the output value can be obtained
directly by multiplying the input value by the weight value [39—41]. The multilayer feed-
forward neural network includes a input layer, one or more hidden layers and a output
layer, which is relatively complex. Each layer of neurons is completely connected to the
next layer of neurons, and there is no same-layer connection or cross-layer connection
between neurons. Common feedforward neural networks include perceptron network
[42], BP network [43] and so on.

3.3 Artificial Bee Validation

Artificial bee colony algorithm is an optimization method proposed by Karaboga in
2005 [44], which imitated bee behavior and has fast convergence speed. This method
is similar to that after each worker bee finds the optimal solution, the colony is also
displayed as the global optimal solution [45, 46]. In the basic ABC algorithm, artificial
bee colony consists of three types of individuals: employed bees, onlooker bees and scout
bees. Randomly generate feasible solution equal to the number of employed bees during
initialization. Since each food source x,, is a feasible solution, each feasible solution
containing n variables. It’s a vector.(xy;, m = 1,2... SN, i =1, 2... n).
The initialization formula is as follows:

X = i + rand (0, 1) % (u; — 1), 3)

where u; means the maximum boundary values of x,; and /; means the minimum
boundary values of x;,;.
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Each employed bees corresponds to a certain feasible solution that already exists,
and the field of nearby feasible solution is searched in the iteration. Employed bees
continue to search for new feasible solutions near existing ones. The formula for finding
new food sources is as follows:

Vini = Xmi + Gmi Xmi — Xii) 4

The x; is a random food source, i also is random, ¢ is a random number between
[—a, a]. When a new feasible solutions is found, the fitness of the feasible solution is
estimated [47—-49] and the greedy selection is used to select between old and new food
sources. The fitness calculation formula is as follows:

1 .
THfonem) lffm(x ) = 0
1 (}C ) = Tt om) . m (5)
ﬁ o { I+ abs(fm(xm)) lffm(xm) <0

where f,, is the objective function of the feasible solution x,.

Scout bees use roulette to choose possible solutions based on the information brought
back to the hive by the employed bees. The p,,, formula for the probability of following
bees choosing a food source is as follows:

D = Sity (Xim) (6)

SN
X—:l Sity (Xm)

If the feasible solution is still not improved after several updates, the feasible solution
will be gave up, and the employed bee is turned into the scout bee to continue to randomly
search for new feasible solutions.

3.4 K-fold Cross Validation

The total data set can be divided into training set and test set. K-fold cross Validation, a
replacement-free resampling technique, can be used when the sample size is insufficient.
In order to test the effectiveness of the algorithm, K-fold cross Validation randomly
divides the total data set into K parts to make the best use of every piece of data in the
data set, and takes out one package as the test set each time, and the remaining K-1
packages for training. The Fig. 3 shows the workflow of the K-fold method.

After k times, and these k models and performance evaluation were averaged to
obtain the average performance. In many cases, K is 10. If the training set is relatively
small, you can increase the K value. If the data set is large, reducing k value can reduce
the refitting on different folds and the computational burden of model evaluation.
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Fig. 3. The workflow of the K-fold method

4 Experience Results and Discussion

4.1 WE Results

Figure 4 shows an example of a level 4 decomposition of a biorthogonal decomposition.
Wavelet transform divides the image into low-frequency part which changes slowly
and high-frequency part which changes quickly. The upper left corner of Fig. 4(a) is
the low-frequency information image of the input image obtained after the first-level
wavelet transform, which is the frame and contour of the image. The other three images
in Fig. 4(a) (located in the upper right corner, lower left corner and lower right corner)
are the high-frequency information of the input image, reflecting the details of the input
image. The upper sampling in the wavelet is the interval zero insertion, which aims
to reconstruct the signal. The lower sampling introduced in the wavelet is the interval
sampling of the signal. The edge lengths of the four self-band maps are universal for
the input, and the purpose is to compress and store the information. The input image
in Fig. 4(b) is the low-frequency information image in Fig. 4(a). Three images (upper
right corner, lower left corner and lower right corner of Fig. 4(b)) are obtained after
transformation similar to first-level wavelet transform. Figure 4(c) and Fig. 4(d) are
obtained after the recursive operations.
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(c) 3-level (d) 4-level

Fig. 4. An example of a level 4 decomposition of a biorthogonal decomposition

4.2 Statistical Results

The feature extraction method used in Wavelet Entropy and Artificial Bee Colony is
wavelet entropy, the classifier is FNN, and 10 times 10-fold cross validation reports
unbiased performance. The data show that the experiment achieves good performance
(Table 1). The average sensitivity was 75.14 & 1.93, the specificity was 77.30 £ 2.45,
the precision was 76.85 & 1.72, the accuracy was 76.22 & 0.96, the F1 score was 75.95
=+ 0.95, the Matthews correlation coefficient was 52.48 £ 1.95, and the feature mutual
information of 75.97 4 0.95.

4.3 Comparison to State-of the Art Approaches

To understand the level of this method proposed by us, we consulted relevant literature
and compared our experimental data with the experimental data of the current more
advanced method, as shown in Table 2. As the results in the Table 2, the Sen, Acc, F1,
MCC and FMI data of this method are the best among these methods. ABC algorithm has
strong ability to find the optimal solution globally and fast convergence speed. However,
similar to the gradient descent method, when approaching the global optimal solution,
it may fall into the local optimal solution, and the later search speed slows down in the
subsequent search. According to these characteristics, ABC algorithm is applicable to
solving the multivariable function optimization problems.
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Table 1. Results of 10-fold cross-validation

Run | Sen Spc Prc Acc F1 MCC FMI
1 75.68 77.70 77.24 76.69 76.45 53.39 76.45
2 72.97 82.43 80.60 717.70 76.60 55.65 76.69
3 76.35 75.00 75.33 75.68 75.84 51.36 75.84
4 77.70 75.00 75.66 76.35 76.67 52.72 76.67
5 74.32 77.03 76.39 75.68 75.34 51.37 75.35
6 75.00 76.35 76.03 75.68 75.51 51.36 7551
7 71.62 78.38 76.81 75.00 74.13 50.11 74.17
8 75.68 74.32 74.67 75.00 75.17 50.00 75.17
9 74.32 79.73 78.57 77.03 76.39 54.13 76.42

10 77.70 77.03 77.18 77.36 77.44 54.73 77.44

Mean | 75.14 £ 1.93 | 77.30 £ 2.45 | 76.85 £ 1.72 | 76.22 £ 0.96 | 75.95 £ 0.95 | 52.48 & 1.95 | 75.97 £ 0.95

+ SD

Table 2. The results are compared with the existing advanced methods

Method Sen Spc Prc Acc F1 MCC FMI

WE + BBO [50] 72.84 75.00 74.47 73.92 73.61 47.89 73.63
+ 3.00 + 1.99 +1.20 + 1.18 + 1.57 +2.34 + 1.56

GLCM-SVM [51] 72.03 78.04 76.66 75.03 74.24 50.20 74.29
+2.94 +1.72 + 1.07 +1.12 + 1.57 +2.17 +1.53

GLCM-ELM [52] 74.19 77.81 77.01 76.00 75.54 52.08 75.57
+2.74 +2.03 +1.29 + 0.98 +1.31 + 1.95 + 1.28
WE-Jaya [18] 73.31 78.11 77.03 75.71 75.10 51.51 75.14
+2.26 +1.92 +1.35 + 1.04 +1.23 +2.07 +1.22
WE-ABC (Ours) 75.14 77.30 76.85 76.22 75.95 52.48 75.97

+1.93 +245 +1.72 + 0.96 +0.95 +1.95 +0.95

5 Conclusions

The use of computer analysis of CT images for classification is attracting more and
more attention. People realized that this was a way to save a lot of medical and human
resources, and to reduce unnecessary contact with patients and reduce the risk of infec-
tion. Combined with wavelet entropy and artificial bee colony algorithm, this study
proves that the model has improved the classification of CT images. The data show
that the results are relatively ideal. This method has not been applied in other medical
image classification tasks so far. In the future, we will apply this method to different
types of medical images to continuously verify, optimize and improve the performance
of this method. We believe that after continuous experiments, the application scope of
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this method will be more extensive, suitable for the classification and diagnosis of vari-
ous diseases, and improve the efficiency and accuracy of diagnosis, so as to face more
challenges in the future.
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