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Abstract. Covid-19 is a serious disease caused by the Sars-CoV-2 virus
that has been first reported in China at late 2019 and has rapidly spread
around the world. As the virus affects mostly the lungs, chest X-rays are
one of the safest and most accessible ways of diagnosing the infection.
In this paper, we propose the use of an approach for detecting Covid-19
in chest X-ray images through the extraction and classification of local
and global percolation-based features. The method was applied in two
datasets: one containing 2,002 segmented samples split into two classes
(Covid-19 and Healthy); and another containing 1,125 non-segmented
samples split into three classes (Covid-19, Healthy and Pneumonia). The
48 obtained percolation features were given as input to six different clas-
sifiers and then AUC and accuracy values were evaluated. We employed
the 10-fold cross-validation method and evaluated the lesion sub-types
with binary and multiclass classification using the Hermite Polynomial
classifier, which had never been employed in this context. This classifier
provided the best overall results when compared to other five machine
learning algorithms. These results based in the association of percolation
features and Hermite polynomial can contribute to the detection of the
lesions by supporting specialists in clinical practices.

Keywords: Percolation « Chest X-ray images - Covid-19 -
Handcrafted features - Computer vision



1 Introduction

The novel coronavirus (Sars-CoV-2) has been first reported in Wuhan, at the
Chinese province of Hubei at the end of the year 2019 and has rapidly spread
to other countries and become a worldwide pandemic, having the World Health
Organization (WHO) declare a global emergency [25]. The virus infects lung
alveolar epithelial cells, causing the disease named Covid-19, wherein its ini-
tial clinical sign is often pneumonia, although gastrointestinal symptoms and
asymptomatic infections have also been reported [29].

According to the Coronavirus Research Center of the Johns Hopkins Univer-
sity, over 545 million cases have already been reported worldwide, which have so
far resulted in more than 6.88 million deaths [6]. The conventional diagnosis is
made through a technique called reverse transcription-polymerase chain reaction
(RT-PCR) [4]. However, this procedure relies on the existence of material kits,
which can be costly, and there is also a contamination risk due to the proximity
between medical stafl and the patient at the moment of the exam [17]. Medical
imaging techniques such as chest X-rays and CT-scans have also performed a
major role in this pandemic, as the virus usually infects the lungs, the images
obtained from these exams can be evaluated by radiologists in order to verify
whether the patient is infected with Sars-CoV-2 and its severity. Besides being
safe and easily accessible, signs of Covid-19 could be observed in chest X-ray
images even in asymptomatic cases [1,5].

Since the start of the pandemic, the work required to evaluate all incoming
chest X-ray images has become time-consuming and prone to inaccuracies, as
misdiagnosis can happen due to lack of experience of some radiologists in not yet
having deep knowledge of how a Sars-CoV-2 infection evolves [17]. Therefore,
Artificial Intelligence tools, mostly based on deep learning, have been developed
recently in order to reduce the workload of radiologists and provide support to
the diagnosis of Covid-19 [9,20,27,28]. Due to good performances obtained in
the detection of pneumonia in chest X-ray images, convolutional neural networks
(CNN) have promptly been applied to the detection of Covid-19 as soon as the
first chest X-ray datasets were available [9,17,20,27].

One of the earliest frameworks designed for the detection of Covid-19 was
COVIDX-Net [9], which included seven different CNN models and was able to
obtain accuracy values up to 90%. However, this framework had limited train-
ing since at the time of its publication, only 25 Covid-19 X-ray image samples
were available. As the number of Covid-19 samples in public datasets began to
grow, more complex solutions were proposed. In [20] a 17-layer CNN named
DarkCovidNet was proposed. This model was able to obtain an accuracy of
98.08% for binary classification (Covid-19 vs. No findings) and 87.02% for mul-
ticlass classification (Covid-19 vs. No findings vs. Pneumonia), which was later
improved to 99.27% by [27] after the application of the Fuzzy Color approach on
the preprocessing stage and the use of two different CNN models: MobileNetV2
and SqueezeNet. Besides, other complex CNN models have been used for this
task. In [12], InceptionV3, Xception and ResNeXt models have been evaluated
on a dataset containing 6,432 samples of chest X-rays from Covid-19, Pneumonia



and Healthy cases. After splitting the dataset into training (85%) and validation
(15%) subsets the models were evaluated separately. The model that provided
the highest accuracy was the Xception, with an value of 97.97%. Recently, a
modified version of the DarkCovidNet which contains two extra convolutional
layers was able to obtain an accuracy of 94.18% for multiclass classification [22],
although the number of samples in the dataset has significantly increased from
when the first DarkCovidNet model was published.

However, it can be noted that the majority of approaches proposed for detect-
ing Covid-19 is purely based on deep learning techniques, and although CNN
models became popular due to the high accuracy rates they have provided on
several types of image datasets, they are also known to have a significant higher
computational cost than more traditional techniques, which can provide fea-
tures known as handcrafted. Few researchers have chosen this approach so far,
and these have shown that handcrafted features can perform as well as learned
features in the detection of Covid-19, as they are often good indicators of shape,
size and regularity of structures present in medical images [13]. For instance,
in [28], the authors presented a simple local binary pattern (LBP) extractor
to obtain features from a chest X-ray dataset composed by 87 Covid-19 sam-
ples and 147 healthy samples. The most relevant features were selected using
the ReliefF feature selector algorithm and an average accuracy of 99.55% was
obtained using an SVM classifier and 10-fold cross validation. In [11], prepro-
cessing multiresolution approaches such as shearlet transform were applied to
the chest X-ray images prior to feature extraction. Then, entropy and energy
features were obtained from the multiresolution images and given as input for
an extreme learning machine (ELM) classifier. The average accuracy obtained
was of 99.29%. Other classical handcrafted features such as Haralick’s have been
used in computer vision problems regarding the detection of Covid-19, provid-
ing accuracy values up to 98.04% [7,16]. Apart from the computational cost,
researchers often choose handcrafted features as these often perform better on
small datasets, as indicated in [19], wherein the authors obtained robust features
from 260 images using four different feature extraction techniques. Then, stacked
auto-encoder (SAE) and principal component analysis (PCA) were applied to
reduce the number of features to 20. These features were given as input to a
SVM classifier which provided an accuracy of 94.23%.

Although these works have presented great results, there seems to be a lack
of information on how other types of handcrafted features could perform. There-
fore, we have decided to investigate the performance of percolation features for
detecting Covid-19 in chest X-ray images. These type of features are fractal-
based and have recently been applied for the classification of colored histology
images [23]. However, percolation features have not yet been applied for the
classification of X-ray images, which are greyscale. In fact, fractal descriptors
for classifying Covid-19 images have only been used so far in combination with
CNN [8]. Besides feature extraction through percolation properties, we also pro-
pose the use of a polynomial classifier. Although several methods contribute
in solving biomedical classification problems, the choice of the appropriate



technique for this task depends on the classifier properties [21]. Polynomial clas-
sifiers have been showing promising results, especially when dealing with non-
linearly separable data. This algorithm is a parameterized method that expands
exponentially its polynomial basis according to the number of elements in the
vector of characteristics and the degree of the function. One of the most recent
polynomial classifiers available is the Hermite polynomial (HP), which consists
on an expansion of the regular polynomial basis to a larger space in order to
analyze complex contexts such as the one explored here [15].

We propose in this paper an approach for detecting Covid-19 in chest X-ray
images based on local and global percolation features, using an adaptation of the
method described in [23]. These features were then classified by the HP algorithm
that allows the evaluation of data distribution of images from different classes.
This is the first time wherein these features are used to describe properties
of chest X-ray images. Another contribution of our work is that it defines the
best association after applying well-known algorithms of artificial intelligence to
evaluate the performance of the proposed approach.

The contributions of this paper can be summarised as follows: investigation of
the behaviour of local and global percolation features for the feature extraction
from chest X-ray images; association of an approach based on the HP algorithm
and percolation features capable of evaluating classes in binary classifications
and; a comparison of well-known algorithms of artificial intelligence with the
proposed feature extraction approach to evaluate the classification performance.

This paper is organised as follows. In Sect. 2, we detail the methodologies
used in the various stages of the proposed approach and the datasets used in
this paper. We discuss the obtained results in Sect. 3 and we conclude the paper
on Sect. 4.

2 Materials and Methods

2.1 Image Database

V7 Labs Dataset. The first analyzed dataset was made available by [14].
This dataset is composed of 2,002 chest X-ray images split into two classes (401
Covid-19 infections and 1,601 healthy lung images) with dimensions ranging
from 148 x 122 to 4030 x 3133. Lung segmentation was performed by human-
made annotations. Images containing graphic indicators such as arrows inside
the lung area were disregarded. In Fig. 1, one example from each class and their
respective segmented images are presented.

Ozturk et al. Dataset. The second analyzed dataset consists in a composition
made by [20] from two other datasets: one containing 125 Covid-19 samples; and
other composed of 500 pneumonia samples and 500 samples with no findings.
Therefore, this datasets consists of a multiclass classification problem. There
were no annotations available for lung segmentation in this dataset, so the images
were used as they were originally available in the repository. Examples from each
class of this dataset are shown in Fig. 2.



(d)

Fig. 1. Images from the v7 Labs dataset. (a) chest X-ray from an individual infected
with Sars-CoV-2; (b) segmented version of the image in (a); (c¢) chest X-ray from an
individual with a healthy lung; (d) segmented version of the image in (c).

(a) | (b)

Fig. 2. Images from the Ozturk et. al dataset. (a) sample of a Covid-19 case; (b) sample
of a healthy case; (¢) sample of a pneumonia case.



2.2 Methodology

The approach proposed in this paper consists in applying the feature extraction
algorithm available at [23] to obtain numeric features from the X-ray images
from both datasets and then providing these features as input to a classifier.
The overview of our approach is presented in Fig. 3.

Multiscale approach
Gliding-box algorithm: 3 <L <43, L has an increment of 4

Feature vector
33 local features + 15 global features

Multidimensional approach e
‘ 14 <L, f is labeled as -1, otherwise, £, is labeled as 0 Classification

| Hermite Polynomial DECORATE

\d
. Evaluate percolation properties
Input image L)

Multilayer Perceptron Random Forest

‘ Logistic Rotation Forest

Fig. 3. Overview of the applied methodology.

Feature Extraction. The algorithm applied to obtain the percolation features
consists in a multiscale and multidimensional method based on the analysis of
the image under different scales valued L, wherein L ranges from 3 to 43 with
an increment of 4, which are the parameters that provided the best results in
[23]. This analysis is made through the application of the gliding-box algorithm,
wherein for each iteration, a box sized L x L overlapping the image glides from
the top left corner until it reaches the bottom right corner. The next steps of the
algorithm are applied inside this box and the final features are calculated from
an average of all the boxes of a given scale L.

Three percolation properties are verified: average number of clusters (C(L));
occurrence of percolation (Q(L)) and; average size of the largest cluster (M (L)).
In the original paper, these properties were obtained after calculating the dis-
tance A between the RGB intensities of the center pixel f. and any other given
pixel f; on each of the boxes sized L x L. Since the chest X-ray images on both
datasets are greyscale, we have adapted the distance calculation formula to the
presented in Eq. 1:

‘/—\‘:‘f'i_fc|- (]-)

This procedure outputs a set of 33 local features based on the three described
percolation properties, and 15 global features based on the metrics defined by
area (A), skewness (S), area ratio (Ag), maximum point (Maz) and scale of
the maximum point (). The global features were obtained using the approach
proposed by [2]. A summary of the 48 obtained features can be observed on
Table 1.
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Table 1. Summary of the 48 extracted features.

Local Features (33) | Global Features (15)
CE) QB MEB) AC) AQ) |AM)
) QM | M(T) |S(C) 8(Q) |S(M)
C(11)  Q(11) | M(11) | Ar(C)  Ar(Q) |Ar(M)

: : ! Maxz(C) | Max(Q) | Max(M)
C(43) Q(43) | M(43) | o(C) o(Q) o (M)

Classification. One of the main contributions of this paper consists on the
evaluation of percolation features obtained from chest X-ray images when given
as input to a polynomial classifier.

The polynomial classifier is a supervised method capable of non-linearly
expanding an input feature vector into a higher dimension. This strategy allows
one to obtain linear approximations in this space that is capable of labeling the
input data for a desired output [24]. However, regular polynomial classifiers have
a limited basis, which hinders the evaluation of the features.

Hermite polynomials (HP) are able to generate a complete orthogonal basis
of Hilbert space that satisfies the orthogonality and completeness conditions of
the family of elements of that space [10]. The orthogonality condition, Eq. (2),
implies that any inner product between a pair of orthogonal polynomials,
Pp(z)o, and P,(x)2%,, of different degrees is equal to zero when the base
function used w(z) and interval [a, b] are the same [3].

b
< P (z), Py(x) >= / P (x) Py (x)w(x)dr = 0,Ym # n. (2)

According to [26], HP is orthogonal in the interval (—oo, c0) with respect to
the base-function and enables gains at function approximation. Mathematically,
HP can be defined as Eq. (3):

2 5 d?l 2 9
Hofw) = (~1)te ™2 (e /2 3)

A computationally efficient way to obtain the polynomial is to use the recur-
rence relation. In this case, only the first two terms are needed, so the others can
be calculated iteratively. HP recurrence relation is expressed by Eq. (4) [30].

Hyi1(z) —oHp(z) + nHy1(2) =0, n=0,1,2,... (4)

Finally, the polynomial classifier can be defined according to Eq. (5):

g(x) = a’ H,(x), (5)

where a, is the vector of coefficients at polynomial basis function, H,(x) is
the base-function of Hermite and n corresponds to the order or degree of the
polynomial function.



The polynomial classifier requires two steps for operation: training and test-
ing. In the first stage, the training data vector is expanded through polynomial
expansion to increase the separation of the different classes in the newly gen-
erated vector space. In the second part, a mapping of the expanded polyno-
mial vectors to an optimal output sequence to minimize an objective criterion
is performed. The mapped parameters represent the weights of the polynomial
classifier which are known as class models [18].

In this paper, the 48 obtained features were given as input to a classifier in
order to predict the class which the image represents. The order of the base-
polynomial was set empirically and the best results were achieved with the 4th
order and four features for class separation. In addition, the cross-validation
method with 10-folds was employed, where 90% of the dataset was used for
training and 10% on model prediction and evaluation.

Performance Evaluation. We evaluated the performance of our proposed
approach in three stages. Firstly, we evaluated the features by applying the
Mann-Whitney U test [15]. Then, the HP classifier was evaluated by comparing
the performance of global and local features separately and then on a single fea-
ture vector. The performance of the HP algorithm was also compared with other
five different classifiers that are based on three of the main supervised machine
learning approaches: function-based, ensemble learning and tree-based. The cho-
sen algorithms were logistic (LGT), multilayer perceptron (MLP), DECORATE
(DEC), rotation forest (RoF) and random forest (RaF).

All classifications were performed in the software Weka v3.6.13 using the
default parameters for the classifiers and a 10-fold cross validation approach.
The metrics used for evaluation were the accuracy (ACC) as it is the most
common metric and has been used in every related work previously presented;
and the area under the ROC curve (AUC), since it is a more suitable metric to
evaluate performance with imbalanced data.

All tests were performed on an Intel i5-9300H at 2.40GHz and 8GB of RAM.

The percolation features were obtained using Matlab R2019a.

3 Results and Discussion

3.1 Feature Evaluation

In order to evaluate the significance of the features and how discriminating
they are on the different tested scenarios, we applied the Mann-Whitney U test
[15]. The results are shown in Fig.4, with the empirical cumulative distribution
function (CDF) for the p-values. For the v7 Labs dataset, all of the 15 global
features had p-values close to zero, as seen on Fig. 4a. As for the local features,
approximately 85% of these had p-values smaller than 0.1.

For the Ozturk et al. dataset, the two classification scenarios were evaluated
separately. In the first one, presented in Fig. 4b, the local features have provided
slightly more significant results, with p-values smaller than 0.2 for 80% of the



features. On the other hand, in the second scenario presented in Fig. 4c, the
smallest p-values were provided by the global features, as approximately 80%
of these resulted in p-values close to zero. For better understanding how these
features behave when given as input to the HP classifier, we performed the
evaluations described in the following subsection.

{Evalimion of tasigri - Coulc; 1 . Hestiby (vTLaba) Eoraisition of Sakores. Goovidé1 vs: Poacsnivia (Colak o sty Eyskisstion f fewrecms - Qi 0 va: Haaliter \Ontuek ot 81

Fig. 4. The empirical cumulative distribution function of the p-values of the different
feature sets: (a) v7Labs dataset; (b) Ozturk et al. dataset (Covid-19 vs. Pneumonia);
(c) Ozturk et al. dataset (Covid-19 vs. Healthy).

3.2 Performance of the HP Classifier

We first evaluate the HP classifier using different orders for the polynomial func-
tion. This evaluation was made using the full set of global and local features in
both Covid-19 vs. Healthy (CH), Covid-19 vs. Pneumonia (CP) and Covid-19 vs.
Healthy vs. Pneumonia (CHP) scenarios. The results obtained for 1st (HPG1),
2nd (HPG2), 3rd (HPG3) and 4th (HPG4) orders are shown in Fig. 5.

AUC values for different orders of the HP classifier

I HPG 1
098 - ES & I HPG2| |

[—HPG3
0.96 | I HPGa |

0.94

092

09

0.88 1

0.86

0.84

0.82

v7 Labs Ozturk et al. Ozturk et al. Ozturk et al.
Covid-19 vs. Pneumonia Covid-19 vs. Healthy Al three classes

0.8

Fig. 5. Evaluation of the HP classifier with different orders.



Similarly to the results presented in [15], the 4th order for the polynomial
function has presented the best results in all scenarios. Therefore, we chose the
HPG4 for the following experiments. The tested scenarios were: Covid-19 vs.
Healthy (v7 Labs dataset); Covid-19 vs. Pneumonia, Covid-19 vs. Healthy, and
Covid-19 vs. Healthy vs. Pneumonia (Ozturk et al. dataset). The results obtained
with AUC and ACC metrics and the standard deviation (SD) values are shown
in Table 2.

Table 2. Evaluation of the HPG4 classifier using features obtained from the datasets.

Dataset Groups Features  AUC SD ACC | SD

v7 Labs Covid-19 vs. Healthy Local 0.9795 |0.0011|97.09 ' 0.0024
Global | 0.9712 |0.0020 | 95.80 |0.0031
All 0.9826 | 0.0013 | 97.89 0.0015

Ogzturk et al. ' Covid-19 vs. Healthy Local 0.9803 |0.0047|96.83 | 0.0050
Global 1 0.9734 |0.0054 | 94.62 | 0.0055
All 0.9861 | 0.0033 | 97.93 0.0036
lCOVid-lg vs. Pneumonia | Local 0.9869 |0.0026 | 97.86 | 0.0042
Global | 0.9718 |0.0042 | 94.64 | 0.0067

All 0.9917 | 0.0023 | 98.37 0.0042
CAll classes Local 0.8929 |0.0093 |91.31 0.0061
Global  0.8674 |0.0051|89.36 | 0.0044
All 0.9057 | 0.0065 | 92.13  0.0048

The HP classifier in the 4th order, which will be indicated as HPG4 from
now, has provided AUC values above 0.97 in all binary classification scenarios,
considering both datasets. Nevertheless, these results have also shown that the
combined feature vector containing both local and global percolation features
has a better performance than using the features separately, as the highest AUC
and accuracy rates occurred in this situation. Moreover, it can be noted that
the Covid-19 vs Pneumonia classification has achieved better results than the
comparison with the Healthy class in both datasets. As for the multiclass clas-
sification, an AUC value of 0.906 was obtained when use the full feature set,
which is a value slightly higher than the one obtained for classifving global and
local features separately. In the following tests, we compared the performance of
the HPG4 with other five classifiers under these same scenarios. The results are
shown in Table 3.

The classifications with the v7 Labs Dataset were the first to be evaluated.
Although all of the six classifiers provided AUC values above 0.96, the HPGA4,
RoF and RaF algorithms are noteworthy for obtaining the best AUC and ACC
values. The highest accuracy was provided by the HPG4 classifier using the



Table 3. Comparison among HPG4 and other five classifier regarding the classification
of the combined feature set.

Dataset Groups Classifier AUC | SD ACC |SD
v7 Labs Covid-19 vs. Healthy | HPG4  0.9826 0.0013 97.89 0.0015
LGT 0.9777 | 0.0016 96.23 | 0.0024
MLP  0.9832 0.0020 95.71 0.0046
DEC 0.9834 | 0.0019 95.38  0.0036
RoF 0.9884 | 0.0012 96.35  0.0034
RaF 0.9891 0.0007 95.84  0.0013
Ozturk et al. Covid-19 vs. Pneumonia HPG4 | 0.9917 0.0023 98.37 0.0042
LGT 0.9760 | 0.0043 94.43 | 0.0049
MLP | 0.9660 0.0040 92.70  0.0092
DEC 0.9403 | 0.0097 91.48 0.0077
RoF 0.9720 | 0.0055 94.78 | 0.0040
RaF 0.9653 | 0.0036 93.00  0.0046
Covid-19 vs. Healthy  HPG4 | 0.9861 0.0033| 97.93 0.0036
LGT 0.9746 | 0.0071 95.43 | 0.0040
MLP [ 0.9581 0.0069 93.79 0.0078
DEC 0.9689 | 0.0074 95.67  0.0063

RoF 0.9770 0.0074 95.67 |0.0063
RaF 0.9787 | 0.0024 1 96.18 |0.0026
All classes HPG4 0.9057 0.0065 92.13 | 0.0049

LGT 0.8790 0.0058 89.68 |0.0028
MLP 0.8275 0.0102 86.42 |0.0088
DEC 0.8376 | 0.0089  87.03 |0.0090
RoF 0.8669 | 0.0056 88.84 | 0.0046
RaF 0.8440 | 0.0068  87.65 | 0.0061

combination of global and local features and consisted in an ACC value of 97.89.
The highest AUC value, which was 0.9891, was obtained by the RaF classifier.

The same experiments were also performed on the Ozturk et al. dataset.
Three situations were evaluated: Covid-19 vs. Pneumonia classification; Covid-
19 vs. Healthy classification; and Covid-19 vs. Pneumonia vs. Healthy classifi-
cation. For the Covid-19 vs. Pneumonia comparison, the best results were also
obtained using the HPG4 classifier, although the RaF algorithm did not perform
as well as in the previous evaluated dataset, despite still having the second best
performance in terms of AUC and ACC out of the six evaluated classifiers. In
the Covid-19 vs. Healthy comparison, the HPG4 classifier has also provided the
best AUC and ACC values, overcoming the obtained accuracy for the same class
comparison in the v7 Labs dataset, which not only contains a greater number of
samples, but these are also segmented.



The AUC and ACC values for the classification of the Covid-19 and Healthy
groups were slightly smaller than the ones obtained for the Covid-19 vs. Pneumo-
nia classification. However, we believe these results are influenced by the dataset
composition, since the images for healthy and pneumonia samples and images for
Covid-19 samples come from different sources, since other papers have reported
high accuracy values for both comparisons [27,28]. Finally, for multiclass classifi-
cation, the HPG4 classifier provided the best AUC and ACC results by a margin
of at least 0.02 regarding the AUC. This may indicate a better adaptability for
multiclass classification than the other five tested classifiers, although further
analysis with different datasets and features are required.

We have also applied the non-parametric Friedman test in order to verify
the average performance of each of the six tested classification algorithms con-
sidering the 48 features as input based on the AUC values. The classifiers that
provided the highest AUC averages were the HPG4 (0.9665) and RoF (0.9511).
The p-values for all pair-wise comparisons (Conover) are presented on Tabled,
wherein statistically significant differences (o < 0.05) are highlighted in bold.
Although most of the p-values do not indicate a clear significant statistical dif-
ference among the classifiers, the best average ranking was obtained for HPG4,
which reinforces its suitability for the classification of this type of features for
both datasets.

Table 4. p-values obtained from the application of the Friedman test for comparing
the performance of the six classifiers.

p-values | HPG4 |LGT |MLP |DEC | RoF |RaF | Avg. Rank
HPG4 0.2268 | 0.0235 | 0.0355 0.5381 | 0.4140 2.0
LGT 02268 — 0.2268 |0.3102 | 0.5381 | 0.6804 3.5
MLP  0.0235 0.2268 — 0.8365 | 0.07820.1136 5.0
DEC  0.0355 0.3102 0.8365 | — [0.1136 | 0.1621 | 4.75
RoF | 0.5381 0.5381 0.0782 |0.1136 - 0.8365 | 2.75
RaF  0.4140 0.6804 0.1136 |0.1621 @ 0.8365 3.0

Overall, both local and global percolation features have shown to be a good
discriminant factor in the classification of chest X-ray images regarding the detec-
tion of Covid-19, providing AUC values above 0.95 in all tested binary scenarios,
considering both datasets. For the multiclass classification, the HPG4 classifier
was the only one able to obtain AUC and ACC values above 0.9. Therefore, the
HPG4 and RoF classifiers appear to be more suitable for these types of features,
since the highest AUC and ACC values were obtained from them.

On Table 5, an overview of some of the published computer vision methods
almed at the detection of Covid-19 in chest X-ray images is presented. Our
proposed method is on par with the other approaches available in the literature
and we believe that percolation features can provide a relevant contribution



to upcoming research regarding classification of chest X-ray images. Moreover,
our approach is based on the extraction of handcrafted features and does not
require the application of deep learning algorithms, thus generating a smaller
computational demand than CNN methods, also due to considerably smaller
dimension of the final feature vector.

Table 5. Overview of different approaches for detecting Covid-19 in chest X-ray images.

Method | Approach Classes Segmented | Samples | Features ACC
[9] DenseNet201 2 No 50 1,920 90.00%
[20] | DarkCovidNet (2 | No [ 625 | 338 |98.08%
3 1,125 87.02%
[27] Fuzzy color, MobileNetV2, SqueezeNet 3 No 458 1,357 99.27%
[28] LBP, Reliefl", SVM 2 No 234 1,459 99.55%
[12] | Xception E 'No 6,432 2,048 | 97.97%
[11] | Shearlet transform, Entropy and Energy, ELM | 2 | No T T 99.29%
[7 [ Haralick, Zernike features, SVM 1 'No L6309 | 168 | 89.78%
[16] | GLCM, SVM ensembles |2 Yes 170 0 00 97.04%
[19] Robust features, SAE, PCA, SVM 6 No 260 20 94.23%
[22] Modified DarkCovidNet 2 No 4,572 507 99.53%
3 10,190 94.18%
Proposed | Percolation features, HPG4 2 Yes 7 2,002 T 97.89%
2 No 625 98.37%
2 625 97.93%
3 1,125 92.13%

4 Conclusion

In this paper, we proposed the use of local and global percolation features to
represent chest X-ray images on the task of detecting infections by Covid-19.
The method is based on [23] and was adapted to greyscale images. The HPG4
classifier was able to provide the highest ACC values on both tested datasets. We
also verified that while global features were more significant for classifying images
from the v7 Labs dataset, there was a more balanced contribution between the
global and local features sets in classifying images from the Ozturk et al. dataset.

These obtained results are compatible with other methods that have been
published since the beginning of the pandemic. We have shown that percolation
based features can differentiate among Covid-19, Pneumonia and Healthy chest
X-ray samples and encourage its application on different datasets and classifica-
tion problems.

For future works, we suggest the application of this approach on new chest X-
ray datasets containing more Covid-19 samples as well as the evaluation of these
features on images from CT-scans. Other fractal measures such as lacunarity and



fractal dimension could be evaluated as indicators of the presence of Covid-19
in chest X-ray images. Different parameters to obtain the features such as the
maximum value of L and the type of distance could also be tested in order to
improve the obtained results.
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