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Abstract: The deadly coronavirus has not just devastated the lives of millions but has put the 
entire healthcare system under tremendous pressure. Early diagnosis of COVID-19 plays a 
significant role in isolating the positive cases and preventing the further spread of the disease. 
This paper proposes a novel multi-domain feature extraction method and bio-inspired Neuro-
analysis to classify determined features from the Lung CT images. Our Feature Extraction method 
is named StaTexCNN, which compresses statistical, texture, and deep learning features. By 
integrating multiple elements, we can achieve the discriminate features of complicated 
identification of Lung tissues in CT images. Accuracy can be improved by using an ANN pattern 
recognition network for classification. We included the medicine suggestion from the global 
medicine database via Pseudo-selection retrieval. The proposed algorithm is evaluated using 
simulation and analyzing the algorithm with critical metrics of Accuracy, Precision, Recall, FPR, 
F1-Score, and Processing Time.  
Keywords: Covid-19, Image Processing, Deep Feature, CNN, CT images, diagnosis. 
 
INTRODUCTION 
Human coronaviruses, initially characterized in the 1960s, are responsible for a significant 
proportion of upper airway infections in children. Since 2003, at least five novel human 
coronaviruses have been identified, including the SARS coronavirus, which has resulted in 
significant morbidity and mortality [1]. Corona virology has advanced significantly in the past 
few years. The SARS pandemic has put animal coronaviruses at the forefront. SARS-CoV2 is a 
new virus that has created the COVID-19 pandemic that has become pandemic in recent years 
[2]. Coronavirus infections often accompany respiratory system symptoms. People may have 
minor and self-limiting illnesses with side effects like the flu on rare occasions. Signs of 
respiratory problems, weariness, and sore throat include fever, cough, and difficulty breathing 
[3]. 
X-rays and CT scans are one of the most fundamental approaches to diagnosing COVID-19. 
Thoracic imaging is a rapid and efficient method suggested by health regulations and has been 
highlighted in several articles as the first epidemic screening device [4]. Various machine vision 
methods are used, such as segmentation and classification. When you need a quick and direct 
way on limited  
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computing devices, an automated technology that can provide fragmentation and measurement 
of the infectious region of patients every three to five days and monitor the evolution of infected 
patients through CT scan imaging and clinical detection is required. It is tough to diagnose 
COVID-19, even for medical experts [5]. 
In early 2020, the COVID-19 outbreak became a worldwide epidemic. The World Health 
Organization declared a significant international public health emergency, and the condition was 
considered a health emergency. Automatic lung infection identification with CT scans offers a 
great chance to expand the use of conventional medical procedures to treat COVID-19. But CT 
has many problems [1]. Medical imaging techniques like X-rays are helpful because the virus is 
primarily contaminated in the lung region. Computed Tomography (CT) is typically considered 
while assessing the infection's severity. Generally considered in examining the severity of the 
disease [5, 6], X-ray imaging techniques are often employed in diagnosing COVID-19 due to 
their wide availability, quick processing time, and low cost. However, CT imaging techniques 
are preferred as they carry detailed information about the infected region [7]. 
However, due to a lack of in-depth understanding of the illness, even for expert radiologists, 
identifying the infection from medical imaging has become complex. The medical images, along 
with the deep learning algorithms, have become a valuable choice that yields faster and more 
accurate results in diagnosing COVID-19 [8-10]. Pattern recognition is the main objective of the 
Convolutional Neural Network (CNN), which is a deep neural network utilized to detect COVID-
19 from medical images. When CT imaging is used in other situations, such as when patients 
have deteriorating respiratory problems or similar conditions, but their RT-PCR results are 
negative, the clinical evidence may exhibit patterns resembling COVID-19 positivity [11-13]. 
According to preliminary research, CT pictures have many potential infection-associated 
indications; however, the infection may not necessarily be related to COVID-19. This suggests 
radiologists may face difficulties recognizing COVID-19 infections using CT scans [14-16]. 
Additionally, visual interpretation of CT images takes time, especially when there are many 
patients or when conducting large-scale investigations. Privacy issues have been a current issue 
in the analysis of medical images since most CT scans used for diagnostic reasons are not freely 
accessible [17]. As a result, the outcomes of neural network training on any dataset cannot be 
repeated or used in other institutions. For the development of more sophisticated artificial 
intelligence methods for better CT detection on COVID-19 testing17, the lack of open-source 
datasets on COVID-19 CT pictures thus constitutes a significant barrier [18]. Based on current 
initiatives by researchers to encourage open-source data and open access, there is an urgent need 
for COVID-19 pandemic remedies and open access [19]. 
We proposed a new feature extraction method named StaTexCNN to improve further prediction 
efficiency, which is integrated with the Neuro-Analysis Classification of Pattern Recognition 
ANN. This paper evaluates and combines three different feature domains to make the prediction 
system highly accurate. Conventional Statistical features like mean and standard deviation are 
taken to be considered. Apart from these values, for the first time, quality metrics are taken as a 
feature in this work, which is nothing but BRISQUE and PIQE. These are also dumped with 
statistical metrics. Next, for texture, we used the DWT-GLCM combination to get the complex 
lick features of the image. These all deal with 2D grayscale images. CNN is used as a feature 
extractor to further include the color feature as discriminated information. LungNet is designed 
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to perform deep feature gathering using CNN architecture, our novel model. Finally, ANN is used 
to classify, and performance comparisons are presented. 
The paper is organized as section II describes the related works of COVID classification. Section 
III is the proposed system workflow and description, Section IV is the results and discussion, and 
finally, the conclusion of the submitted paper is in Section V. 
Related Works 
There have been several artificial intelligence (AI)-aided detection systems based on deep 
learning proposed to lessen the strain of radiologists' detection from radiography pictures (e.g., 
CT images and CXR images) [21], [22]. CXR pictures are becoming a well-liked and often-used 
data source for COVID-19 case detection due to several advantages of CXR imaging over CT 
imaging, including mobility, availability, accessibility, and quick verification. 
SqueezeNet outperformed other neural networks in a model training comparison study conducted 
by Chowdhury et al. [23] to classify two classes (i.e., COVID-19 and Normal) for CXR pictures. 
These networks included AlexNet, ResNet18, DenseNet201, and SqueezeNet. Instead, Narin et 
al. [24] compared several CNN models trained on CXR images for COVID-19 case detection, 
including ResNet-50, Inception V3, and Inception-ResNetV2, and found that ResNet-50 
performed better than the other two models with 98% accuracy. In addition to a snapshot 
ensemble deep learning model called EDL-COVID based on the cutting-edge deep learning 
architecture of COVID-Net, the author [25] proposes a Weighted Average Ensembling (WAE) 
ensembling strategy with an awareness of the various class-level accuracies for different machine 
learning models. The author then evaluates EDL-COVID experimentally, showcasing the 
promising results of EDL-COVID. 
Multiple hidden layers of a deep learning model are used in [26] to extract the intricate higher-
level features from the input raw data. The deep learning model's architecture has been suggested. 
The author created three deep CNN models by adding additional layers to the core convolutional 
layer. Three convolutional blocks are utilized in models 1 and 3, and the MaxPooling layer is 
placed after each block. MaxPooling layers are placed after four convolutional blocks in Model 
2. A Batch Normalization layer is applied after each first block to speed up the CNN model's 
learning process. The MaxPooling layer determines the maximum value in each feature map 
patch and shrinks the size of each stage's input shape. Another crucial layer that helps to lessen 
the overfitting issue with deep CNN models is the dropout layer. Each model then employs thick 
layers or completely coupled layers. In Table I[26], the author summarized each model's 
fundamental parameters and hyperparameters. Also, the author analyzed that the dataset consists 
of 2481 CT scan images collected from the Kaggle dataset repository prepared by Soares. 
The most advanced DL models often need a lot of training time and processing resources like 
GPUs. They are frequently sophisticated and data-hungry. A machine learning strategy to address 
these drawbacks would not necessitate specialist hardware and would result in lightweight models 
that are simpler to deploy and require less training time. Chest radiograph analysis requires 
careful consideration of textural data [27]. 
The columnist [28] suggests a novel shape-dependent Fibonacci -p patterns-based feature 
descriptor to extract the underlying distinctive textural patterns that are computationally cheap, 
tolerant to illumination changes, and easy to noise. The columnist also derived a new tool for 
automated detection and classification with higher accuracy that separates COVID-19 cases from 
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non-COVID-19 cases by using a small dataset of chest radiographs. The author then uses 
evaluation measures including classification accuracy, precision, recall, specificity, F1 score, and 
confusion matrix to evaluate the results on the whole radiographs, lung area-specific radiographs 
from the Kaggle dataset, and lung area-specific radiographs from the COVIDGR dataset. 
To change the effectiveness of diagnostic Procedures through global medication records, many 
transfer learning approaches and computer vision engage the researchers in studying the early 
prediction of COVID-19 and adequate medication history. Exploration of data based on machine 
learning that has been gathered globally is beneficial for the initial pattern of diagnostic 
procedures and their outcomes for particular patients. The COVIDx CT-2B dataset, which 
consists of 194922 pictures taken from 3745 patients ranging in age from 0 to 93, was created to 
validate the CT-based method outlined in [29]. 
In [30], the author tested the influence of these hyperparameters on the results using various 
training step resolutions with and without mixup and found that a higher resolution and a suitable 
number of training steps help improve the model performance. The author compares the results 
with those from previous studies and demonstrates that the models based on transfer learning are 
better than those based on structural design. The proposed models achieve state-of-the-art 
performance because the model itself already yields excellent results, provided the data are 
sufficient. Additionally, the columnist assessed the model's performance in a scenario with little 
downstream data and discovered it was still quite effective at identifying COVID-19. To help 
clinical decision-making, the columnist used visualization to study the process underlying the 
COVID-19 testing model. 
In [31], The COVID study using radiological pictures is directed by the LIDC Lung Image 
Database Consortium. Lung CT and X-ray pictures are categorized using deep learning 
techniques. Pneumonia patients are regarded as a different group for COVID analysis, where each 
level has other diagnostic methods based on the global challenge. The critical issue addressed in 
the current study is the early detection and analysis of essential elements. Here, the cross-data 
method verification is taken into account. It is taken into consideration to highlight the CT images 
in terms of precise segmentation and analysis. The cost of processing high-resolution radiological 
images strongly influences people's decisions about getting emergency medical help. The given 
study ensembles the CT image-based prediction approach compares the analysis strategy, and 
cross-validates it for X-Ray pictures, taking into account the socio-beneficial aims. The research 
that is being suggested [31] focuses on developing a cross-modal approach to COVID prediction. 
proposed methodology of neuro-analysis for covid classification 
Fig 1 shows the proposed Neuro-analysis-based COVID classification systems complete 
implementation flow. In this algorithm, we design Lung CT image-based COVID classification 
via three stages of implementation: Segmentation, feature extraction, and classification. 
The proposed approach is focused on creating a Novel feature extraction methodology named 
StaTexCNN. This method integrates multi-domain features using statistical analysis, Texture 
features, and CNN deep Features. A Two-dimensional cross-validation approach is evaluated 
using Neuro-ANN, which considers the biological factors. Descriptive CNN for patterns of 
features related to similar symptoms is used. A novel pseudo-selector model is created using 
patients' Personal health records, and Global medication suggestion is remodeled for different 
levels of COVID cases to reduce post-procedural impacts. The quantitative analysis is made, and 
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performance is measured using the Accuracy of the system, Prediction delay, dependent 
attributes, relativity factors, etc., to make the prediction system more precise and robust. 
 

 
Fig 1. Proposed System Block Diagram 

 Threshold Based Salient Segmentation of Lung 
Lung infection segmentations help identify unique infection patterns that may support rapid 
diagnosis, severity assessment, and patient prognosis prediction. Still, manual segmentations are 
time-consuming and depend on radiologic expertise. Deep learning-based methods have been 
explored to reduce the burdens of segmentation; however, their accuracies are limited due to the 
need for large, publicly available annotated datasets required to establish ground truths. For these 
reasons, we propose a semi-automatic, threshold-based segmentation method to generate region 
of interest (ROI) segmentations of infection visible on lung computed tomography (CT) scans. A 
threshold value is used to classify pixel values as either 0 or 1, and in our case, the normal lung 
tissue or ROI. We explored the intensity pixel distributions of the lung segmentations, identifying 
which images had a unimodal intensity histogram and which had a multimodal intensity 
histogram [32].  
The segmentation of lung CT is a very challenging problem because homogeneity is not present 
in the lung region, similar densities in the pulmonary structures, different scanners and scanning 
protocols [33], and segmentation of lung regions will do the early diagnosis of lung cancer. The 
block diagram of the threshold-based salient segmentation method is shown in the below Fig 
2.Given an image, excerpt lung tissue by using a threshold of 150.  
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Fig 2: Segmentation Block Diagram 

 
Apply closure operation with the disk structuring element of radius 2 to close a smaller area at 
the border of the lung. Find the connected components of all the regions in the image and then 
extract the two most significant areas of the connected part. 
 
Apply the closure operation with the disk structuring element of radius 12 [34] to close larger 
sizes and fill the holes inside the two connected components. Superimpose the resultant image 
with the given image to extract lung regions. Many objects were extracted along with the lung 
wall of the segmented lung regions, and the lung wall was removed by subtracting the eroded 
image from the image of step 7 from the algorithm [3]. Image erosion is done with the structuring 
element of the shape disk, which has a radius of 2. Small lung nodules are not visible correctly, 
so increase the image to visualize small lung nodules. The complete algorithm is described in 
Algorithm 1 below. 
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Multi Domain StaTexCNN Feature Extraction 
3.2.1 Statistical Features 
Statistics is the study of the collection, organization, analysis, and interpretation of data. The 
various statistical measures [35, 36] are mean, mode, median, variance, standard deviations, 
covariance, skewness and kurtosis. 
 
MEAN 
Mean [35, 37] is most basic of all statistical measure. Means are often used in geometry and 
analysis; a wide range of means have been developed for these purposes. In contest of image 
processing filtering using mean is classified as spatial filtering and used for noise reduction. Mean 
is defined as the average value of all the pixels which available in the given imageI_MNwith M, 
N number of rows and columns and its mathematical form is given by, 
 

𝜒 =
1

𝑀 ∗ 𝑁
෍ 𝐼ெே                         … … … . (5) 

 
STANDARD DEVIATION 
Standard Deviation is a most widely used measure of variability or diversity used in statistics. In 
terms of image processing it show much variation or “dispersion” exists from the average(mean, 
or expected value). A low standard deviation indicates that the data points tend to be very close 
to the mean, whereas high standard deviation indicates that the data points are spread out over a 
large range of values. Mathematically standard deviation is given by, 
 

𝛿 =
1

𝑀 ∗ 𝑁
෍(𝐼ெே − 𝜒)ଶ                 … … … . (6) 

BRISQUE 
It calculates the no-reference image quality score for image A using the Blind/Reference less 
Image Spatial Quality Evaluator (BRISQUE) [38]. It compares A to a default model computed 
from images of natural scenes with similar distortions. A smaller score indicates better perceptual 
quality. It predicts the BRISQUE score by using a support vector regression (SVR) model trained 
on an image database with corresponding differential mean opinion score (DMOS) values [39]. 
The database contains images with known distortion such as compression artifacts, blurring, and 
noise, and it contains pristine versions of the distorted images. The image to be scored must have 
at least one of the distortions for which the model was trained. 
The support vector regressor (SVR) calculates regression scores for predictor matrix W as, 
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𝑅௦ = 𝐺(𝑊, 𝑆௏) ∗ 𝛼 +  𝜑                    … … … . (7) 
 
Where, G(W,S_V ) is kernel product ofW and S_V.S_Vis support vectors from SVM method. 
The SVR has 36 predictors, which determine the number of columns in Support Vectors. The 
SVR computes a kernel product between vectors x and z using Kernel(x/Scale,z/Scale). 
 
PIQE 
The Perception based Image Quality Evaluator (PIQE) algorithm is opinion-unaware and 
unsupervised, which means it does not require a trained model [40]. PIQE can measure the quality 
of images with arbitrary distortion and in most cases performs similar to NIQE. PIQE estimates 
block-wise distortion and measures the local variance of perceptibly distorted blocks to compute 
the quality score [41]. Algorithm of PIQE is given as below, 
 

1. Compute the Mean Subtracted Contrast Normalized (MSCN) coefficient for each 
pixel in the image [40]. 

2. Divide the input image into non-overlapping blocks of size 16-by-16. 
3. Identify high spatially active blocks based on the variance of the MSCN 

coefficients. 
4. Generate activity Mask using the identified high spatially active blocks. 
5. In each block, evaluate distortion due to blocking artifacts and noise using the 

MSCN coefficients. 
6. Use threshold criteria to classify the blocks as distorted blocks with blocking 

artifacts, distorted blocks with Gaussian noise, and undistorted blocks. 
7. Generate noticeable Artifacts Mask from the distorted blocks with blocking 

artifacts and noise Mask from the distorted blocks with Gaussian noise. 
8. Compute the PIQE score for the input image as the mean of scores in the distorted 

blocks. 
      3.2.2. Texture Features 
    Feature extraction is a method of capturing the visual    content of images for indexing and 
retrieval. Feature extraction is used to denote a piece of information that is relevant for solving 
the computational task related to a particular application. There are two types of texture features 
measured. They are first-order and second-order. In the first order, texture measures are statistics 
calculated from an individual pixel and do not consider pixel-neighbor relationships. The 
intensity histogram and intensity features are first-order calculations. In the second order, 
measures consider the relationship between neighbor relationships. The GLCM is a second-order 
texture calculation. This work extracts GLCM texture features from the given input image [42]. 
Before applying the GLCM, DWT is performed to reduce the computational complexity and 
feature dimension [43]. This paper achieves four levels of DWT decomposition, and the LH and 
HL band image of the 4th level is used to compute Haralick features using GLCM. 
Gray Level Co-Occurrence Matrix (GLCM) is one of the second-order statistical texture methods 
[42]. It extracts the feature by considering the pixel relationship within the region of the image. 
GLCM is a valuation of the second-order joint conditional probability density functions P(x, y | 
D, T) for various directions T = 0, 45, 90, 135°, etc., and different distances, D = 1, 2, 3, 4, and 
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5. The function P(x, y | D, T) is the probability that two pixels with an inter-sample distance D 
and a direction T have a gray level x and y. Before starting with GLCM, we must convert RGB 
images into gray for 2D images. The algorithm of GLCM is described in below Algorithm 2. 
 

 

 
 
Deep Feature using LungNet CNN 
The process of extracting an image's features from a CNN's deep layers is referred to as deep 
feature extraction, and the features extracted are called deep features. As the number of layers in 
the CNN model increases, the complexity of features learning by convolution layers increases. 
Each convolution layer has a set of filters that aid in feature extraction. From initial layers, we 
can construct the simple features, and by increasing the layer for extraction, the deep features of 
input can be taken that definite the image in more detail [44]. 
This process involves providing the input data to the Pre-trained CNN. Then, the respective 
activation values from the fully connected layer, usually at the end of the network or the various 
pooling layers at different levels, are obtained. 
Convolution layer-based feature extraction is done for some portion of the input image. This part 
of data that the convolution filter kernel impacts every time directly depends on stride and 
padding parameters. 
Output of Convolutional layer will be 
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𝐶௫ =
𝑀௫ − 𝐾௫

𝑆௫
 , 𝐶௬ =

𝑀௬ − 𝐾௬

𝑆௬
                … … … (15) 

 
where, (𝑀௫,𝑀௬) is input data size, (𝐾௫, 𝐾௬) is kernel size, (𝑆௫, 𝑆௬) is stride size and (𝐶௫, 𝐶௬) is 

the output map size of the layer. After the weighted sum and a bias, there should still be activation. 
Besides the pure perceptrons, a non-linear activation function is needed to break the simplex 
linear combination of the input and make it possible for a neural network to become a universal 
approximator of continuous functions in a Euclidean space [45]. This output is then propagated 
through an activation unit called ReLU (Rectified Linear Unit). 

The output of ReLU is passed through a pooling layer. Pooling layer is used to reduce the 
redundant features if any after the convolution. The principle behind pooling is that it assumes 
that adjacent values of image pixels are nearly identical. The average/minimum/maximum of four 
adjacent pixel values are used to carry out pooling. The combination of convolutional and pooling 
layer makes the feature extraction deep learning in successive manner. By repeating this structure 
for as many time as we need that times the deep features are evaluated from the input data 
samples. After it is passed through a multi-layer neural network called as fully connected layer. 
Here, each neuron unit acts as feature map that carries information about a unit [46]. 
 

 
Fig 3. LungNet CNN Layer Architecture 
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In presence of noise, the overfitting problem may occur in the learning progress. To avoid such 
interruption, Dropout layer is used. We can use this layer only between any 2 fully connected 
neural network layers [47]. Then only it can be remove the part of noisy and redundant 
information from the output. We are extracting the feature after the fully connected layer itself. 
The full architecture of LungNet is shown in fig 3.After getting the Segmented Lung Region, we 
interpolating that ROI as for the input dimension of LungNet. The dimension we are considered 
here is 227x227 as input size. Once we applied the LungNet, we can extract the feature of 
corresponding image deep future. 
 
Neuro-Analysis based Classification 
An Artificial Neural Network (ANN) is an information processing paradigm that is inspired by 
the brain. ANNs, like people, learn by examples. An ANN is conFigd for a specific application, 
such as pattern recognition or data classification, through a learning process. Learning largely 
involves adjustments to the synaptic connections that exist between the neurons.  

 
Fig  4. ANN architecture 

 
The depicted network in Fig. 4 is made of multiple layers. It possesses an input and an output 
layer and has one or more intermediary layers called hidden layers. The computational units of 
the hidden layer are known as the hidden neurons or hidden units. The hidden layer performs 
practical intermediary computations before directing the input to the output layer. The input layer 
neurons are linked to the hidden layer neurons, and the weights on these links are referred to as 
input-hidden layer weights [48]. Similarly, the hidden layer neurons are linked to the output layer 
neurons, and the corresponding weights are called hidden-output layer weights. The existence of 
one or more hidden layers enables the network to be computationally more robust, a feed-forward 
network because of information flow through the input function and the intermediate 
computations used to determine the output Z. There are no feedback connections in which the 
model results are fed back into itself. 
Most prominently, fields of artificial intelligence aim to enable machines to solve complex human 
recognition tasks, such as recognizing faces or objects. Accordingly, pattern recognition is a 
branch of Artificial Intelligence. In statistical pattern recognition [49], the pattern is grouped 
according to its features, and the number of features determines how the pattern is viewed as a 
point in a d-dimensional space. These features are chosen so that different patterns take space 
without overlapping. In this work, 20 hidden layers are used in the pattern network of ANN. 70% 
of database features are trained, 15% are taken for validation, and 15% for testing. 
Results and Discussion 
This section verifies and analyzes the performance of the proposed StaTexCNN based Neuro-
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Analysis for COVID classification algorithm. The previously implemented work of Deep CNN 
[50] is considered here as an existing method and compares its performance with our proposed 
method. To evaluate the classification efficiency of the system, we chose some Key Performance 
Index (KPI) terms such as Accuracy, Precision, Recall, Specificity, F1-Measure, AUC, 
Correlation, Kappa Coefficient, False Positive Rate (FPR), and Processing Time. From the 
COVID-19 detected area, we calculate the Infected Region size as a category for retrieving the 
global medicine suggestions. The most essential part of the evaluation is the dataset of images 
we considered. In this work, we take 1500 images with four categories: Mild COVID, Moderate 
COVID, Severe COVID, and Non-COVID. 

 
Fig 5. Input Image of Lung CT 

 
Fig 6. Binary Thresholded Image 

 
For the input lung image in fig5, the binary thresholding and salient segmentation is performed 
as per the algorithm 1. Fig 6 shows the result of binarization by setting threshold as 150 for the 
converted gray scale image. 
  

 
Fig 7.Salient Segmentation of Lung 

 

 
Fig 8. Infected Regions Highlighted 
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Fig 7 depicts the salient segmentation results of stage by stage. After we obtained the Lung 
segment alone from the algorithm, we detecting the infected regions or tissues presents in the 
lung area. Finally the detected pixels are overlaid on the original image and shown in Fig 8. The 
Red marked pixels are belongs to some abnormal tissues in the given test image which shown in 
fig 8. 

 
Fig 9.4-Level DWT Decomposition 

 
Once the segmented image is returned, feature extraction of StaTexCNN is begins with 
calculation of statistical feature, texture feature and LungNet. For texture feature prediction, we 
are using DWT with GLCM. Here 4 level DWT is performed and the resultant of decomposition 
is illustrated in Fig 9. Each level decomposition of LL, LH, HL and HH is shown from Fig 10 to 
Fig 13. 
 

 
Fig 10. First Level DWT Decomposition 

 
Fig 11.Second Level DWT Decomposition 
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Fig 12.Third Level DWT Decomposition 

 
Fig 13.Fourth Level DWT Decomposition 

 
Fig 14.Pattern Recognition ANN 

 
Pattern Network of ANN is shown in fig 14, in which the total number of feature extracted from 
our algorithm is 39. Hidden layer size is 20 and the output from the network is two categories, 
hence size of output is 2.  
In this training process, total of 100 epochs is performed with the configuration of training 
activation function of Scaled Conjugate Gradient (SCG) and performance metric of MSE as 3.7 
x 10-7  as shown in fig 15 and fig 16. 

 
Fig 15. Training Performance of StaTexCNN with ANN 
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Fig 16. ANN Training Progress 

 
The performance metrics of KPI for different images and different methods of existing is 
compared with proposed. These values are illustrated in Table I and confusion matrix shown in 
Fig 17. 
All the performance evaluation metrics are mathematically derived by using the confusion matrix, 
the major elements of performance evaluation is derived as below,  

o Images that have been correctly classified as belonging to a class are known as 
"true positives" (TP). 

o Images that have been correctly classified as not belonging to the class are known 
as “true negatives” (TN).  

o Images that have been incorrectly classified as belonging to a class are known as 
False positive (FP). 

o Images that have been incorrectly classified as not belonging to the class are 
known as False negative (FN). 

From TP, TN, FP, FN, the Key Performance Index (KPI) of Accuracy, Precision, Recall, F1-
Score, AUC, Correlation, Kappa Coefficients are defined as, 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
(16) 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                             (17) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                             (18) 

 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
               (19) 

 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
                                        (20) 
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𝐶஼ =
𝑇𝑃 𝑋 𝑇𝑁 −  𝐹𝑃 𝑋 𝐹𝑁

ඥ(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)
(21) 

 

𝑃𝑜 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
(22) 

 

𝑃𝑒 =
(𝑇𝑃 + 𝐹𝑁) ∗ (𝑇𝑃 + 𝐹𝑃) + (𝐹𝑃 + 𝑇𝑁) ∗ (𝑇𝑁 + 𝐹𝑁)

(𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁)ଶ
(23) 

 

𝐾𝑎𝑝𝑝𝑎 =
𝑃𝑜 − 𝑃𝑒

1 − 𝑃𝑒
   (24) 

 
Fig 17. Confusion Matrix of Proposed Method 

 
The Category prediction is evaluated from our proposed method and finally based on psuedo 
selection global medicine suggestion is retrieved from the prestored Excel sheets as shown in Fig 
18 below. 

 
(a) Mild COVID Medicines 

 
(b) Moderate COVID Medicines 
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(c) Severe COVID Medicines 

 
Fig 18. Medicine Suggestion 

for predicted category 
  
CONCLUSION 
In this work, we proposed a novel feature extraction method, StaTexCNN, and Bio-Inspired 
Neuro Analysis ANN for the COVID classification system for Lung CT images. To attain the 
highest prediction accuracy, two essential feature extraction and classification processes should 
be designed appropriately. We proposed multi-domain feature extraction that compressed as 
statistical, texture, and Deep Features. Using this methodology, we can classify COVID too fast 
and reduce computation complexity. Classification using the proposed StaTexCNN and ANN 
provides higher accuracy than literature works, even with less time consumption because of the 
reduced dimension of the feature set. Our proposed algorithm obtained an accuracy range of 
98.5% - 99.5%. For future implementation, segmentation of images can be carried out using 
unsupervised learning methodologies like Deep learning. 
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