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ARTICLE INFO ABSTRACT
Keywords: COVID-19 has killed more than 5 million individuals worldwide within a short time. It is caused
COVID-19 detection by SARS-CoV-2 which continuously mutates and produces more transmissible new different

Machine learning
Deep learning
Feature extraction
HOG

strains. It is therefore of great significance to diagnose COVID-19 early to curb its spread and
reduce the death rate. Owing to the COVID-19 pandemic, traditional diagnostic methods such as
reverse-transcription polymerase chain reaction (RT-PCR) are ineffective for diagnosis. Medical
imaging is among the most effective techniques of respiratory disorders detection through ma-
chine learning and deep learning. However, conventional machine learning methods depend on
extracted and engineered features, whereby the optimum features influence the classifier’s per-
formance. In this study, Histogram of Oriented Gradient (HOG) and eight deep learning models
were utilized for feature extraction while K-Nearest Neighbour (KNN) and Support Vector Ma-
chines (SVM) were used for classification. A combined feature of HOG and deep learning feature
was proposed to improve the performance of the classifiers. VGG-16 + HOG achieved 99.4 overall
accuracy with SVM. This indicates that our proposed concatenated feature can enhance the SVM
classifier’s performance in COVID-19 detection.

1. Introduction

More than five million people have been killed by COVID-19, a new viral infection brought on by severe acute respiratory syndrome
coronavirus2 (SARS-CoV-2) [1]. SARS-CoV-2 was initially detected in Wuhan, China, in December 2019, and its rapid global spread led
to a global pandemic proclamation by the World Health Organization on March 11, 2020. SARS-CoV2 can continue to evolve after
settling into its host cell, giving rise to more contagious and dangerous variants including omicron and delta (B.1.617.2) [2]. Patients
with COVID-19 infection exhibit clinical symptoms that are comparable to some viral upper respiratory infections including respi-
ratory syncytial virus (RSV) influenza and bacterial pneumonia [3]. One of these symptoms is bilateral lung infiltrates detectable on
medical imaging, which can lead to chronic lung damage and death if not diagnosed and treated immediately.

Medical imaging like Computed Tomography (CT) and X-ray is another crucial technique in COVID-19 diagnosis [4] which can
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alternate the Polymerase Chain Reaction (PCR) methods that are time-consuming and report many false negative results [5,6]. Po-
lymerase chain reaction (PCR) is a laboratory method used to rapidly produce (amplify) millions to billions of copies of a specific
fragment of DNA. PCR detects the existence of the actual virus’s genetic material or its fragments. Reverse-transcription PCR, real-time
PCR as well as reverse transcription loop-mediated isothermal amplification are the current coronavirus diagnoses [7]. Furthermore,
chest CT imaging being a cross-sectional 3D imaging technique was described to possess an enhanced density resolution compared to
the chest X-ray which is a 2D imaging technique. Thus, Chest CT imaging can clearly show early, minor inflammatory alterations in the
lung [4]. However, medical professionals find it difficult to differentiate between COVID-19 pneumonia and other viral and bacterial
pneumonia. To make it easier to detect COVID-19-positive instances, computer-aided diagnostic methods are being proposed.

Computer-aided diagnostic (CAD) technologies can make use of artificial intelligence (Al) to classify various complicated structures
present in medical images [8,9]. As a result, Al specifically Deep Learning (DL) and Machine Learning (ML) has long been studied for
radiological diagnosis and recommended for more precise and faster COVID-19 detection. Al has also shown promising results in the
detection of other diseases such as breast cancer [10], tuberculosis [11], and diabetic foot ulcer [12]. The three classes of CT images
typically employed in COVID-19 classification are coronavirus, pneumonia, and normal. These images are shown in Fig. 1a, b, and 1c
respectively. The CT image datasets that are publicly available include [13] containing 349 COVID-19 positive images and 397 healthy
individual images [14], containing 371 COVID-19 positive images and 328 common pneumonia images [15], containing 1252
COVID-19 positive images and 1229 healthy individual images and [16] containing 349 COVID-19 positive images among others.

For a more rapid COVID-19 classification, different feature extraction methods have been used to improve the classical machine
learning algorithms. These techniques include Histogram of Oriented Gradients (HOG), Local Binary Pattern (LBP), Scale-Invariant
Feature Transform (SIFT), Grey Level Co-occurrence Matrix (GLCM) etcetera. HOG is a feature descriptor used in the extraction of
features from images. A combination of HOG and ML algorithms can be used for a complex detection task. LBP is an efficient texture
image descriptor that thresholds the neighboring pixels based on the current pixel value [17]. SIFT is used in the detection and
description of an image’s local features [18]. GLCM is used for texture analysis and has numerous applications, particularly in medical
image analysis [19].

1.1. Related works

Support Vector Machine (SVM), Random Forest (RF), K-nearest neighbors (KNN), as well as other classical Machine Learning (ML)
algorithms, have been used in Covid-19 detection. However, these algorithms depend on extracted and engineered features whereby
the optimum features influence the classifier’s performance [20]. Consequently, researchers have used various feature extraction
techniques to improve the traditional machine learning algorithms in COVID-19 classification. COVID-19 classification with SVM has
improved by 99% highest accuracy through the combination of various feature extraction techniques such as LBP, GLCM, and HOG
[21].

Through the use of Extended segmentation-based fractal texture analysis along with the Discrete wavelet transform method for
pertinent feature extraction [22], introduced an automatic technique for COVID-19 detection on CT images. The optimal features were
chosen and combined with entropy entropy-controlled genetic algorithm and serial approach respectively. The chosen features were
passed through different classifiers for detection. The naive Bayes classifier attained 92.6% accuracy which was the overall accuracy.
In addition, HOG, SIFT, GLCM, and LBP were employed to extract features by Ref. [23] for COVID-19 detection on the images of CT
scans and X-rays. The most efficient methods were HOG and LBP whose features were subjected to Bag of Tree, Kernel Extreme
Learning Machine, KNN, and SVM. LBP + SVM attained 99.02% as an overall accuracy.

The Deep Learning technique has been demonstrated as an appropriate feature extractor in various computer vision approaches
which can be employed in the improvement of classification accuracies. VGG16, VGG19, ResNet50 and AlexNet deep learning pre-
trained models were employed by Ref. [24] for COVID-19 detection on CT scan images after denoising the images with anisotropic
diffusion techniques. From the result of their experiment, VGG19 outperformed the other pre-trained model with an accuracy of
accuracy 98.06%. Furthermore, CNN models beneficial application in COVID-19 classification was testified in the study of [25]. VGG
network, precisely VGG16 in combination with INCA feature selection has shown highest performance of 99.14% accuracy among the
thirteen various deep CNN model network for COVID-19, Viral Pneumonia and normal individual classification on lung X-ray images

(a) (b) (c)

Fig. 1. Chest CT scan images. (a) COVID-19; (b) common pneumonia (c) healthy individuals.
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[26]. proposed a dual-stage deep CNN, SKICU-Net and P-DenseCOVNet for automatic segmentation and efficient feature extraction
from X-ray chest scans for the diagnosis of COVID-19 and pneumonia. Their proposed model achieved 93.8% accuracy. Furthermore,
pre-trained CNN have been combined with pyramid MLP-mixer module for COVID-19, other pneumonia and normal patient classi-
fication on X-ray chest scans. An accuracy of 98.3% was attained by this model [27].

Deep Learning has been integrated to enhance COVID-19 detection by traditional machine learning methods. In the research of
[28], extracted features of EfficientNet pre-trained models were first merged with RF and SVM and later employed logistic regression
classifier for COVID-19 classification. Compared to the related pre-trained models, a better accuracy of 99% was achieved by this
method. Hybrid-Patch-Alex, another deep feature engineering network was developed by Ref. [29] for the diagnosis of COVID-19,
heart failure (HF), chronic obstructive pulmonary disease (COPD) and normal class on chest CT scan and chest X-ray datasets. The
Hybrid-Patch-Alex model is composed of a hybrid patch division technique, iterative neighborhood component analysis, AlexNet,
pre-trained model and artificial neural network, SVM and KNN classifiers. This model attained 99.82% accuracy with SVM and KNN
classifiers on the individual datasets.

In recent times, deep learning techniques joined with handcrafted feature extraction techniques have been used to enhance con-
ventional machine learning methods for COVID-19 classification [30]. combined handcrafted and deep convolutional features to
classify COVID-19, other pneumonia and normal patient on chest X-ray images. This feature combination achieved 98.8% accuracy
with an SVM classifier. In the research of [31], COVID-19, common pneumonia, as well as normal cases were classified on Computed
Tomography scan images by combining seven DL models’ extracted features with LBP to enhance the KNN and SVM classifier per-
formance. The combined features outperformed the related existing work with an accuracy of 99.4% attained by VGG-19 + LBP. In the
recent study of [32], a Swin-textural model was developed to assess swin architecture performance in feature engineering. The textural
features were extracted from the datasets with local phase quantization operations and LBP. The KNN classifier was used to analyze the
best feature vectors selected by Iterative neighborhood component analysis while greedy algorithm was used to establish the best
result from the classification COVID-19, normal lung and other non-COVID lung diseases on chest CT images. An accuracy of 98.71%
was achieved by Swin-textural which outperformed the state-of-the-art deep learning models.

1.2. Contributions

In this study, a new concatenated handcrafted and automatic feature extraction technique for COVID-19 classification was
explored. We combined the Histogram of Oriented Gradients (HOG) and eight CNN pre-trained models; GoogleNet, ShuffleNet,
MobileNetv2, ResNet18, ResNet50, ResNet101, VGG-16, VGG-19 extracted features to train SVM and KNN for classification of COVID-
19 pneumonia, common pneumonia as well as normal cases on computed tomography images to improve COVID-19 classification.
This study’s contribution includes:

e A hybrid HOG and CNN feature for the training of SVM and KNN classifiers was proposed. This will enhance classification per-
formance by enabling the classifiers to learn from the combined data.

o Integration of Handcrafted and Deep Features: The study creatively blends eight pre-trained Convolutional Neural Network (CNN)
models’ automated deep features with handcrafted features, namely Histogram of Oriented Gradients (HOG). The goal of this
combination of deep and handmade features is to take use of the complementing data that these various feature extraction methods
manage to acquire.

Several Pre-trained CNN Models: Eight pre-trained CNN models—ShuffleNet, GoogleNet, MobileNetv2, ResNet18, ResNet50,
ResNet101, VGG-16, and VGG-19 are used in this work. Because of this variability, a thorough examination of several topologies
that each capture varying degrees of hierarchical aspects is possible. Therefore, the study’s robustness is increased by using
numerous pre-trained models.

2. Materials and methods
2.1. Data retrieval and processing

Three CT scan image datasets containing three classes; 328 common pneumonia, 1972 COVID-19, and 1608 healthy individuals
were obtained. These image samples are shown in Fig. 1 above. The first dataset contains 349 COVID-19-positive images and 397
healthy individual images [13], the second dataset contains 371 COVID-19-positive and 328 common pneumonia [14] and the third
dataset contains 1252 COVID-19-positive and 1229 healthy individuals [15]. The images were preprocessed by resizing them to 224 x
224 and further augmented the images offline by performing RandRescale, RandXReflection, RandRotation, RandXTranslation, and
RandYTranslation to generate 10,000 per class(original images included) to increase the sample size of the training data and reduce
overfitting [33]. The final size of the training set from each class was 8,000, making the total training size 24,000 images.

2.2. Models

2.2.1. Support Vector Machine (SVM)

Support Vector Machine (SVM) is the algorithm I employed to demonstrate supervised learning. SVM obliges that the positive and
the negative labels have the values of +1 and —1 respectively. Having a learning algorithm and a dataset, the learning algorithm can
then be applied to the dataset for model building. SVM generates a hyperplane that separates two input classes with the highest margin
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[34]. Where the margin represents the difference between the support vectors and the hyperplane.

2.2.2. K-nearest neighbors (KNN)

K-Nearest Neighbors (KNN) is an instance-based and non-parametric learning algorithm. KNN utilizes the whole dataset as the
model. After building the model, KNN does not discard the training data unlike the other learning algorithms but rather retains all
training examples in memory. When, a new, non-existing example x is encountered, it finds the closest k training example to x and
returns the average or majority label in regression or classification case respectively [34].

2.3. Feature extraction

2.3.1. Histogram of Oriented Gradients (HOG)

Histogram of Oriented Gradients (HOG) is a feature descriptor often applied to extract features from image data. HOG is a
handcrafted feature extraction technique that can be employed for a very difficult detection task along with ML algorithm [35,36].
HOG uses dense uniformly spaced grids and local contrast normalization for calculation and accuracy improvement respectively which
distinguishes it from other feature descriptors such as shape contexts, edge orientation histograms, and SIFT. HOG is calculated in a
sliding window fashion inside a region and has a semi-global representation benefit. It calculates the edges of the image using a Canny
edge detector after dividing the image into smaller cells. Then, the orientation of each edge pixel is mathematically determined and the
histogram is generated by adding up the gradients [37]. x and y direction gradients are beneficial features on which complex shapes
like corners and edges can be represented, as shown in equation (1):

o

[e] |9y
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dy

where gy is the image derivative with respect to x whereas x and gy is the image derivative with respect to y.

2.3.2. Convolutional neural network (CNN)

Convolutional neural network (CNN) is among the most widely used deep learning (DL) techniques which perform better than
several other methods in the recognition of an image [38] rendering DL common recently. CNN has several hidden layers and copies
the visual cortex of the brain in recognition and processing of an image which makes it different from other neural networks [39].
Images are converted by the convolution layer through convolution operations like a pool of digital filters then the pooling layer
shrinks the image dimension by merging the neighboring pixels to form a single pixel [34]. There are various architectures of CNN with
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Fig. 2. COVID-19 classification process.
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very similar basic components, normally made up of three layers which are: convolution, pooling, and fully connected layers. The CNN
pre-trained models used in this study are GoogleNet, ShuffleNet, MobileNetv2, ResNet18, ResNet50, ResNet101, VGG-16, and VGG-19
with 22, 50, 28, 18, 50, 101, 16 and 19 layers respectively.

Fine-tuning the convolutional neural network of pre-trained models is possible on medical image datasets, to enable the big
networks to learn a particular part of the desired task [40]. Pre-trained models’ transfer learning has been proven by various studies to
be efficient and effective for the classification of medical images [41,42]. Efficient performance has also been observed on pre-trained
models when a little dataset was used unlike models constructed from scratch which need a huge amount of dataset for optimal
performance [43].

2.4. COVID-19 detection

Handcrafted HOG feature, as well as automatic deep features from eight CNN pre-trained models; ShuffleNet, GoogleNet, Mobi-
leNetv2, ResNet18, ResNet50, ResNet101, VGG-16, VGG-19, were extracted in this study. 80% and 20% of the data were utilized for
training and testing respectively. Two classifiers; KNN and SVM were used for model training, which was performed in three phases. In
the initial phase, handcrafted features were extracted with HOG while SVM and KNN were used to classify them. In the next phase, the
eight pre-trained models were employed in the extraction of the automatic deep features, and the two classifiers were trained with each
network’s last pooling layer features. In the last phase, the features from the HOG and that from each of the eight pre-trained models
were combined and used to train the two classifiers. The above method for the classification of COVID-19 is shown in Fig. 2.

Steps of the work can be summarized as follows:

1. Data Preparation: The study uses CT scan images to classify individuals into three groups: healthy, COVID-19, and common
pneumonia. After resizing the data and augmentation, 80% of the dataset is used for training, while the remaining 20% is used for
testing.

2. Phase 1 of feature extraction involves creating HOG features from the CT scan images.

3. Classifier Training (Phase 1): Using the manually created HOG features, two classifiers, KNN and SVM were utilized. The classifiers
are taught to discriminate between healthy patients, COVID-19, and common pneumonia.

4. Phase 2: Automatic Extraction of Features: ShuffleNet, GoogleNet, MobileNetv2, ResNet18, ResNet50, ResNet101, VGG-16, and
VGG-19 are the eight pre-trained Convolutional Neural Network (CNN) models that are used in this phase of feature extraction.

5. Classifier Training (Phase 2): Each pre-trained CNN model’s final pooling layer generates the retrieved automated deep features.
These features are used to train KNN and SVM classifiers, which then use them to categorize CT scan images into the right
classifications.

6. Phase 3: Feature Combination: In this last stage, features from HOG and each of the eight pre-trained CNN models are merged.
Concatenated feature sets are produced as a result, improving the data representation by combining both manually created and
automatically generated deep features.

7. Classifier Training (Phase 3): Involves retraining the KNN and SVM classifiers with the concatenated features from the HOG and the
pre-trained CNN models.

8. Evaluation: Using the testing dataset, the trained classifiers from each phase are assessed. To evaluate how well the models classify
CT scan images, performance measures including accuracy, sensitivity, specificity, F1 score, precision, Youden Index, and Area
Under the Curve (AUC) are calculated.

3. Results

In this study, handcrafted HOG features as well as automatic deep features of eight CNN pre-trained models were extracted and
utilized to train SVM and KNN classifiers for the classification of common pneumonia, COVID-19, and healthy individuals CT scan
images. Handcrafted HOG features as well as automatic deep features of eight pre-trained CNN models were extracted prior to the
training of the classifiers. The results obtained are presented in the tables and figures below. In Table 1, the SVM and KNN classifier
performances were compared to ascertain the model that performs best with HOG features. An accuracy, sensitivity, specificity,
precision, F1 score, AUC, and Yonden index of 97.8%, 100%, 95.5%, 98.1%, 99%, 97.7%, and 95.5% respectively was attained by the
KNN which outperformed the SVM as shown in Fig. 3.

The remarkable accuracy of 97.8% attained by HOGKNN indicates that the KNN classifier did a remarkable job of accurately
identifying the different CT scan images. Additionally, HOGSVM showed a high accuracy of 95%, demonstrating its effectiveness in
class differentiation. The percentage of actual positive instances that are accurately detected is measured by sensitivity, which is
sometimes referred to as recall or true positive rate. HOGKNN demonstrated complete sensitivity (100%), meaning that all cases of
COVID-19, common pneumonia, and healthy patients were effectively recognised. With a somewhat lower sensitivity of 95.7%,

Table 1

KNN and SVM performance on features extracted with HOG.
Models Accuracy (%) Sensitivity (%) Specificity (%) F1 score (%) Precision (%) Yonden index (%) AUC (%)
HOGKNN 97.8 100 95.5 99 98.1 95.5 97.7
HOGSVM 95 95.7 94.2 95.9 96.1 89.9 94.9
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Fig. 3. Comparison of KNN and SVM performance on features extracted with HOG.

HOGSVM appeared to have fewer false negatives.

The percentage of actual negative cases that are accurately detected is measured by specificity. With HOGSVM scoring 94.2% and
HOGKNN scoring 95.5%, both models demonstrated strong specificity. The harmonic mean of sensitivity and precision is the F1 score.
With an astounding F1 score of 99%, HOGKNN demonstrated a good balance between sensitivity and precision. Additionally,
HOGSVM had a high F1 score of 95.9%, highlighting its capacity to strike a favourable balance between recall and precision. Accuracy
of positive predictions provided by the models is reflected in precision. HOGKNN and HOGSVM both showed excellent precision at
98.1% and 96.1%, respectively. KNN outperformed SVM in the comparison utilizing HOG features. Since HOG features are created
manually and effectively capture local texture patterns, they are appropriate for KNN’s instance-based method. On the other hand,
SVM is a classifier that seeks to identify the best hyperplane to divide several classes.

In order to classify CT scan pictures into common pneumonia, COVID-19, and healthy categories, Table 2 presents the performance
metrics of a KNN classifier applied to features extracted with various Convolutional Neural Network (CNN) architectures.

The accuracy results show consistently strong performance, ranging from 96% to 98.4% across multiple CNN models. The two
models with the highest accuracy, VGG-16 and VGG-19, were 98.4% and 98.3%, respectively. With the extracted features of VGG-16,
KNN attained an accuracy, sensitivity, specificity, precision, F1 score, AUC, and Yonden index of 98.4, 99%, 97.9%, 98.8%, 98.9%,
98.3%, and 96.9% respectively. The sensitivity of all CNN models was strong, ranging from 96.9% to 99%. Also, the range of specificity
values was 93.6%-98.3% for all models. Although the highest values for sensitivity and specificity were attained by VGG-16 and VGG-
19. All models have F1 scores that range from 97% to 98.9%, which are consistently high. The two groups with the highest F1 scores
were VGG-16 and VGG-19. The range of the Youden Index for all models is 91.9%-96.9%. AUC values span from 95.9% to 98.3%,
signifying the overall performance of the models. Likewise, the highest AUC values were attained by VGG-16 and VGG-19.

Table 2 presents the effectiveness of the KNN classifier in classifying CT scan images associated with COVID-19, common pneu-
monia, and healthy patients based on features retrieved by various CNN architectures. Based on reported performance metrics, VGG-16
and VGG-19 appear to be especially viable designs for this purpose. Similarly, the highest performance from both KNN and SVM
classifiers was attained with VGG-16 extracted features in relation to the accuracy, sensitivity, precision, F1 score, AUC, and Yonden
index as shown in Figs. 4 and 5.

Table 3 displays the performance metrics of a Support Vector Machine (SVM) classifier that was used to classify CT scan pictures
into common pneumonia, COVID-19, and healthy categories based on features collected using different CNN architectures. With the
extracted features of VGG-16, SVM attained an accuracy, sensitivity, specificity, precision, F1 score, AUC, and Yonden Index of 98.2%,

Table 2

Performance of the KNN classifier on features extracted with CNN.
Models Accuracy (%) Sensitivity (%) Specificity (%) F1 score (%) Precision (%) Yonden index (%) AUC (%)
GoogleNet 97.4 98.1 96.6 98 97.9 94.7 97.3
MobileNetv2 96.3 96.9 95.7 97 97.2 92.6 96.2
ResNet-18 96.3 97.7 94.9 97.4 97.1 92.6 96.2
ResNet-50 97.8 98.4 97.2 98.3 98.3 95.6 97.7
ResNet-101 96 97.5 94.4 97.1 96.8 91.9 95.9
ShuffleNet 96 98.4 93.6 97.6 96.8 92 95.9
VGG-16 98.4 99 97.9 98.9 98.8 96.9 98.3
VGG-19 98.3 98.4 98.3 98.5 98.7 96.7 98.2
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Fig. 5. CNN extracted features with SVM classifier performance.

Table 3

Performance of the SVM classifier on features extracted with CNN.
Models Accuracy (%) Sensitivity (%) Specificity (%) F1 score (%) Precision (%) Yonden index (%) AUC (%)
GoogleNet 96.5 97.1 95.9 97.4 97.3 93 96.4
MobileNetv2 97.4 97.5 97.2 97.7 98 94.7 97.3
ResNet-18 90.8 89.3 92.3 91.2 93.2 81.6 90.7
ResNet-50 95.8 95.7 95.9 96.3 96.9 91.6 95.7
ResNet-101 95.9 97.1 94.7 96.9 96.8 91.8 95.8
ShuffleNet 89.9 91.8 88 92 92.2 79.8 89.7
VGG-16 98.2 99.4 97 98.9 98.5 96.4 98.1
VGG-19 97.5 97.5 97.4 97.8 98.1 94.9 97.4
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99.4%, 97%, 98.5%, 98.9%, 98.1%, and 96.4% respectively. The range of accuracy scores, from 89.9% to 98.2%, shows that various
CNN models perform differently. ShuffleNet had the lowest accuracy, at 89.9%, while VGG-16 had the best, at 98.2%. Sensitivity
estimates range from 89.3% to 99.4% for different models. The ones with the greatest sensitivity levels were VGG-16 and VGG-19. The
range of specificity values is 88%-97%. F1 scores range from 91.2% to 98.9% for different models. The range of the Youden Index is
79.8%-96.4%. AUC scores, which represent the overall performance of the model, vary from 90.7% to 98.1%. The robustness and
promise of VGG-16 for SVM-based CT image classification is demonstrated by its consistently good performance across a range of
criteria. According to the results, the SVM classifier does a good job of identifying CT scan images for common pneumonia, COVID-19,
and healthy people when it is applied to features extracted using different CNN architectures.

In order to explore the influence of the combined features on the classifiers in COVID-19 classification, the handcrafted HOG
features as well as the automatic deep learning features were concatenated and used in the training of the classifier. The performance
metrics of a KNN classifier trained on features consisting of a combination of automatically generated deep learning features and
manually created HOG features from several CNN architectures are displayed in Table 4 and Fig. 6. The KNN attained the highest
performance accuracy of 86.7% with ResNet-18+ HOG, highest sensitivity of 100% with MobileNetv2+ HOG and VGG-19 + HOG, and
specificity of 80.1% respectively. The findings imply that the KNN classifier’s performance is affected by the combination of manually
created HOG features and automatically generated deep learning features, however the effect differs depending on the CNN model.
ResNet-18 + HOG outperformed other models in this context, as evidenced by its highest accuracy, F1 score, precision, Youden Index,
and AUC. Both MobileNetv2 -+ HOG and ResNet-50 + HOG demonstrated strong performance as well, especially in terms of sensitivity,
indicating that they may successfully detect positive COVID-19 instances. The complexity added by combining handcrafted and deep
learning features may be the cause of the decreased specificity scores in certain scenarios, which point to difficulties in reliably
differentiating healthy cases. When integrating several feature types for classification tasks, the findings emphasise the need of proper
feature selection and model architecture.

The performance metrics of SVM classifier trained on features consisting of a combination of manually created HOG features and
automatically generated deep learning features taken from several CNN architectures are displayed in Table 5. The accuracy levels,
which range from 92.6% to 99.4%, are constantly high for each model. ResNet-18 + HOG has the lowest accuracy and VGG-16 + HOG
the highest. The high accuracies show that the SVM classifier can effectively classify data when handcrafted and deep learning features
are combined. The range of sensitivity levels is 90.1%-100%. Also, values for specificity, vary from 92.6% to 98.7%. The maximum
sensitivity and specificity were attained by VGG-16 + HOG. F1 scores, which range from 92.5% to 99.7%, are constantly high. The
precision values, which range from 94.4% to 99.5%, are likewise consistently high. The combination of VGG-16 and HOG produced the
best F1 and precision scores. AUC values, which represent the overall performance of the model, vary from 91.6% to 99.3%. VGG-16 +
HOG has the greatest AUC value. The SVM classifier with the concatenated features has improved the classification as shown in Fig. 7.
Depending on the CNN model utilized in Tables 4 and 5, KNN and SVM classifier performance differs. Concatenated features for KNN
may perform lower than VGG-16 features for SVM. VGG-16 captures rich information that complements hand-crafted HOG features,
which makes data more suited for SVM separation. The results shows that the combination of automated deep learning features with
handcrafted HOG features greatly improves the SVM classifier, particularly when utilizing features that are taken from VGG-16. The
combined feature set has the ability to provide precise and dependable COVID-19 classification in CT scan images, as indicated by its
outstanding performance across several criteria.

The success of the suggested technique for the classification of COVID-19, common pneumonia, and CT scan images of healthy
patients is demonstrated by the comparison between the proposed concatenated feature model (VGG16 + HOG SVM) and other
cutting-edge models shown in Table 6.

The proposed model is compared with other comparable methods in the field to assess the effectiveness of the COVID-19 detection.
Promising results are shown when the network is compared with different state of the art COVID-19 detection algorithms. It should be
noted that the datasets utilized in previous research varied from the ones employed in this work. The accuracy of the proposed model
was 99.4%, which is similar to the accuracy of the VGG19 + LBPKNN model, which was also 99.4%. In the comparison, both models
performed better than alternative approaches. CNN-Features Fusion Method and CNN-Pyramid MLP Fusion obtained accuracies of
98.8% and 98.3%, respectively, which were higher than P-DenseCOVNet’s 93.8%. The proposed method outperformed other models in
this regard, with a sensitivity of 100%, suggesting its capacity to accurately detect every positive case. Like the proposed model, the
VGG19 + LBPKNN model has a high sensitivity of 99.3%. P-DenseCOVNet achieved 97.5% sensitivity, whereas CNN-Pyramid MLP
Fusion demonstrated 98.2% respectively. With an astounding F1 score of 99.7%, the proposed model clearly strikes a good
compromise between sensitivity and accuracy. The F1 score of VGG19 + LBPKNN was 99.0%, which was higher than the values of

Table 4

Performance of the KNN classifier on features extracted with CNN + HOG.
Models Accuracy (%) Sensitivity (%) Specificity (%) F1 score (%) Precision (%) Yonden index (%) AUC (%)
GoogleNet + HOG 70.3 98.8 40.3 85 74.5 39.1 70.2
MobileNetv2+HOG 71.5 100 41.6 86 75.4 41.6 70.5
ResNet-18 + HOG 86.7 94.8 78.2 91.9 89.1 73 85.7
ResNet-50 +HOG 85.7 91.1 80.1 89.8 88.6 71.2 84.7
ResNet-101+ HOG 69.5 99.4 38.5 84.7 73.8 37.9 68.5
ShuffleNet + HOG 70.3 98.8 40.3 84.9 74.5 39.1 69.3
VGG-16 + HOG 70.3 96.3 42.9 84.1 74.7 39.2 69.3
VGG-19 + HOG 71.5 100 41.6 86 75.4 41.6 70.5
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Table 5
Performance of the SVM classifier on features extracted with CNN + HOG.
Models Accuracy (%) Sensitivity (%) Specificity (%) F1 score (%) Precision (%) Yonden index (%) AUC (%)
GoogleNet + HOG 97.5 97.5 97.4 97.8 98.1 94.9 96.5
MobileNetv2+HOG 97.5 98.8 96.1 98.4 98 94.9 96.5
ResNet-18 + HOG 92.6 92.6 92.6 93.5 94.4 85.2 91.6
ResNet-50 + HOG 96.2 96 96.5 96.6 97.2 92.5 95.2
ResNet-101 + HOG 94.3 92.6 96.1 94.2 95.9 88.7 93.3
ShuffleNet + HOG 93 90.1 96.1 92.5 95.1 86.2 92
VGG-16 + HOG 99.4 100 98.7 99.7 99.5 98.7 99.3
VGG-19 + HOG 97.9 98.2 97.6 98.3 98.4 95.8 97.8
100 b Y , b »
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Fig. 7. CNN + HOG extracted features with SVM classifier performance.
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Table 6
Comparison of the best-performed proposed concatenated feature model result with the state-of-the-art model.
Models Accuracy Sensitivity Specificity F1 score Precision Yonden index AUC Images
(%) (%) (%) (%) (%) (%) (%)
VGG19+ LBPKNN [31] 99.4 99.3 99.3 99.0 98.8 98.6 99.3 CT Scan
CNN-Features Fusion Method 98.8 - - 98.9 - - - Chest X-
[30] ray
CNN-Pyramid MLP fusion 98.3 98.2 99.1 98.2 98.3 - - Chest X-
[27]1 ray
P-DenseCOVNet [26] 93.8 97.5 90.0 94.0 - - - CT Scan
Proposed 99.4 100 98.7 99.7 99.5 98.7 99.3 CT Scan

VGG16+ HOGSVM

other models. Overall, outstanding results were obtained by the proposed concatenated feature model (VGG16 + HOGSVM) in terms of
sensitivity, precision, F1 score, Youden Index, and AUC, demonstrating its efficacy in COVID-19 classification. Using the SVM classifier
in conjunction with VGG16 deep learning features and HOG features turns out to be a very successful method for accurately classifying
COVID-19 patients from CT scan images.

4. Limitations

Although the proposed method shows outstanding performance, but the lack of access to extensive public datasets from many
hospitals is the limitation of the study. Additionally, geographical location and viral mutation can affect the kind of infection. Public
databases do not offer extra details like the patients underlying medical issues. Therefore, cooperation between hospitals for private
data and publicly available datasets from many domains might enhance the proposed model’s functionality even more.

4.1. Performance evaluation

Various matrices were utilized in the evaluation of the performance of our proposed model. These matrices are calculated as shown
in equations (2)-(7) below.
A model’s accuracy is determined by the ratio of classifications correctly predicted to the total number of predictions performed.
TP +TN
A S N S— 2
Y= TP U IN + FP+ FN 2
Sensitivity/recall is the rate of true positive which is determined by the ratio of correctly predicted positive values to the total
number of positives.

TP

TP + FN 3

Sensitivity / recall =
Specificity is the rate of true negative which is determined by the ratio of correctly predicted negative values to the total number of
negatives.

.. N
Speciﬁclly = m (4)

Precision calculates the total number of correctly predicted positives to the total number of predicted positives.

P
Precision=——— 5
recision=-p—p %)
F1-score represents the balance between the sensitivity and precision of a model. It is always between 0 and 1 and has been reported

to be excellent if it is close to 1 and very bad if otherwise.

2(precision x sensitivity)
precision + sensitivity

F1 — Score = 6)

Yonden index represents a cut-point which enhances the biomarker’s differentiating capability when sensitivity and specificity are
given the same weight.

Yonden index = (sensitivity + specificity) — 1 (7)

5. Conclusions
The KNN and SVM classifiers were utilized in this research to classify COVID-19, common pneumonia, and healthy individuals’ CT
scan images. Handcrafted HOG features as well as automatic deep features of eight CNN pre-trained were extracted and used to train

the classifiers. In order to enhance the classifiers’ performances, the HOG and the CNN pre-trained models concatenated feature was

10
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proposed for the training of the classifiers. The proposed concatenated feature enhanced SVM classifier performance compared to the
classifier performance on HOG or CNN features. Though KNN performs well on HOG and CNN features, the performance of the KNN

decreases with the concatenated features. Other classifiers like ensemble classifier, random forest, Decision Tree, and bag of tree will
be employed to explore the influence of the concatenated features on their performances in the detection of COVID-19.
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Appendix V. Confusion Matrix. Performance of the SVM classifier on features extracted with CNN + HOG; (a) GoogleNet (b) MobileNetv2 (c)
ResNet-18 (d) ResNet-50 (e) ResNet-101 (f) ShuffleNet (g) VGG-16 (h) VGG-19..
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