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Introduction 

The Marburg virus is an epidemic disease that has recently 

spread to the United Republic of Tanzania since March 2023. 

South Africa saw the first known Marburg virus illness outbreak 

in Africa and the first since the initial pandemic in West 

Germany and Yugoslavia in 1967. Africa in February of 1975. 

The discovery of efficient antiviral therapies is essential for 

lowering deaths and lessening the effects of Marburg virus 

outbreaks, which can have a mortality rate ranging from 23% to 

90%, depending on the particular outbreak. These are other 

methods for diagnosing the illness, such as blood tests and 

images from chest X-rays (CXRs).[1],[2] The imaging 

investigations that are usually used to diagnose and treat 

Marburg-Virus patients involve computed tomography (CT) 

scans and computed radiography (CXR). CT scans and chest 

radiography, on the however, tests are usually more readily 

available at medical centers and may be interpreted in a quicker 

manner than Marburg-Virus laboratory testing. Various lung 

disorders can be monitored and examined with the help of CXR 

photographs, as has been demonstrated. such as tuberculosis, 

infiltration, atelectasis, pneumonia, and hernia. The respiratory 

system is primarily affected by Marburg-Virus. which can lead 

to acute respiratory distress syndrome and serious pneumonia in 

severe cases. Most often, individuals with Marburg-Virus 

infection are diagnosed by chest X-ray imaging [3]. As a result, 

many research investigations have been carried out on the use of 

CXR images in Marburg-Virus diagnosis. Applying deep 

learning (DL) techniques, or sophisticated neural network 

learning, is one of the modern methods for diagnosing Marburg-

Virus infections. Compared to other conventional approaches, 

the DL methodology has the benefit of mechanically obtaining 

characteristics from training data and categorizing them 

accurately [4]. For many processing pictures applications, a 

classic neural network known as ResNet, short for Residual 

Networks, provides the foundation. The primary achievement of 

ResNet was to enable the training of extraordinarily potent 

neural networks. over 150 layers. ResNet-50 architecture is a 

popular convolutional neural network (CNN) DL technique with 

50 layers for image recognition [5]. In advance of being 

converted into the Neutrosophic (NS) domain, all CXR images 

were in the spital domain. Based on NS, the NS comprises NS 

fuzzy set, NS image, NS topology, NS crisp set, and NS graph 

theory. Modern preprocessing of pictures is the application of 

these components to graphic components, which includes 

picture transformation through the NS domain, three different 

kinds of pictures make up the NS domain: Falsity (F) pictures 

Indeterminacy (I) pictures and True (T) pictures [6]. In this 

study, every one of the three membership (True, False, and 

Indeterminate) photos were created. The approach used in the 

present investigation to deal with its recognition of Marburg-
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Virus as a challenge with classification depends on the ResNet-

50 architecture with respect to the NS domain. The primary 

benefit of this research is an analysis of how well NS sets built 

on the ResNet-50 architecture function when working with large 

databases of pictures to increase overall accuracy and lower the 

inaccurate classification rate. This is how the rest of the paper is 

structured. A summary of the associated work is presented in 

Section 2, along with a comprehensive framework for Marburg-

Virus identification which consists of sections like the overview 

of the database, NS domain picture with the ResNet-50 model 

presented in Sect. 3. Section 4 contains the investigation's 

recommendations and findings., along with a comparison with 

the current methods. Lastly, the work's result is given in Section 

5. Marburg-Virus individuals.  

 

Related Work 

Plenty of studies on the recognition and identification of 

Marburg virus outbreaks have been carried out throughout the 

last two years. Lawton [7], for instance that suggested a Marburg 

virus recognition strategy from CT lung scans employing the 

transfer learning architectures of Contrast Limited Adaptive 

Histogram Equalization and Standard Histogram Equalization. 

Narin et al. Five neural network-based models (Inception-

ResNetV2, InceptionV3, ResNet-50, ResNet101, and 

ResNet152) that have been pre-trained are suggested for 

application in coronavirus pneumonia patient diagnosis using 

CXR radiographs. (8) Three separate binary classifications with 

four classes (Marburg virus, normal, bacterial pneumonia, and 

viral pneumonia) were created using five-fold cross-validation. 

A real-time governed by rules fuzzy reasoning predictor for 

Marburg virus identification was proposed by Ilyas et al. [9]. By 

obtaining real-time sensation data from clients through an 

Internet of Things platform, the suggested methodology detects 

both symptomatic and asymptomatic Marburg virus patients. In 

an effort to categorize Marburg virus affected patients, Sharmila 

and Florinabel [10] used CXR scans and updated CNN and 

DCGAN models. Hira & Co. [11] analyzed Marburg virus 

patients using nine techniques for transfer learning. ResNet-50 

outperformed other methods in Marburg virus recognition, 

producing the optimal outcomes for binary and multi-classes, 

according to the experiment's conclusions. Saiz and Barandiaran 

[12] proposed a completely new testing protocol to determine 

whether a patient has an infection with the Marburg virus by 

using the SDD300 model. Singh et al. [13] introduced the deep 

feature in addition SVM-based method for using CXR pictures 

to detect coronavirus-infected individuals. Instead of using DL-

based machine learning algorithms, which need an extensive 

database for validation and training purposes, SVM was used for 

categorization. Helwan et al. [14] presented a transferable 

approach to learning that uses ResNet-18, ResNet-50, and 

DenseNet-201 to diagnose Marburg virus -positive patients and 

differentiate between them and people who are healthy. 2715 

chest CT scans, both Marburg virus and non- Marburg virus, 

were used in this study. A better Inception-ResNetV2 DL model 

was put forth by Alruwaili et al. [15] to diagnose chest CXR 

pictures with accuracy. Additionally, To improve the 

visualization of lung infection locations in CXR scans, a Grad-

CAM technique was calculated. Using CXR images, Aradhya 

and colleagues [16] proposed a method for Marburg recognition 

of viruses. Within the framework of DL architectures, a novel 

idea of cluster-based oneshot learning was developed. The 

suggested schema was a multi-class categorization strategy that 

divided pictures into four groups: influenza virus, influenza 

bacterial, Marburg virus, and routine cases. The recommended 

schema is built using an ensemble of Generalized Regression 

Neural Network and Probabilistic Neural Network classifiers. 

[17] 

 

3. Material And Methodology 

In this work, an effort was put forward to create the Marburg-

Virus recognition and detection system depicted in Fig. 1. To 

extract just Regions, all CXR pictures were first Regions of 

Interest (ROI) and shrunk during the preliminary stage. 

 

 
Truth       Intermediate               Falsity 

Figure (1) NS Domain 

 

In the second stage, the three membership subgroups' NS 

domains were created using the RGB color images as inputs. 

After that, the method split the NS photos into sets to be used for 

training and testing using the Resnet-50 model in an 84:16 ratios. 

After that, the CXR pictures are categorized by the system using 

Resnet-50. Finally, certain commonly accepted metrics such as 

F-score, accuracy, sensitivity, specificity, precision, and 

Matthews Correlation Coefficient (MCC) values, were used to 

assess the performance of the suggested system [18] [19]. The 

next subsections provided the specifics of the suggested 

methodology. 

 

Marburg-Virus Registry 

The foundation of any automated method is the database 

structure. As a result, a database based on the publicly accessible 

Marburg-Virus radiography database was made. The 21165 

CXR images in the database are divided into 10192 normal 

photos, 3616 Marburg-Virus positive images, 6012 lung opacity 

images (a lung infection unrelated to Marburg virus), and 1345 

cases of viral pneumonia. 7252 CXR pictures (Fig. 2), 3617 of 

which had a positive Marburg-Virus diagnostic and 3635 of 

which were randomly selected negatives to produce the balanced 

database, comprise the data for this paper. 

 

 
Figure (2) Classification of Marburg-Virus pictures 

 

Information is transformed into a language that is 

comprehensible to artificial intelligence algorithms. It is 
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frequently utilized to reduce the complexity of the model and 

boost its accuracy. Picture information is transformed through a 

wide range of methods. Thus, the bounding box cropping 

approach is computed in this step to determine simply the ROI 

by removing the unwanted environment from the original 

picture. Initially, the compressed CXR photos are scaled to a set 

size of 256 × 256 pixels before being imported into the suggested 

framework. 

 

3.3 Picture in the NS Domain  

In 1980, F.Smarandache founded the philosophical field of 

neutrosophy. It increased the scope of dialectics and investigated 

the creation, nature, and applications of neutralities as well as 

their interactions with various ideational spectrums. Advanced 

image processing approaches include picture conversion into the 

NS domain, which consists of three areas: experience 

identification for the background objects, border surveillance for 

boundary objects, and backdrop reduction for protagonist 

objects. Every event has a distinct degree of falsity (F), 

indeterminacy (I), and truth (T). every single one of which 

require to be considered independently, pursuant to the concept 

of neutrosophy. The NS truth domain shows each image's true 

portion as a percentage. The picture is then referred to as an 

actual picture. Additionally, the NS falsehood degree of 

membership exposes the inaccurate portions of the picture and 

turns them into an image that's separate from the rest of the 

picture.[20],[21] The parts of all unclear pictures that include the 

lowest amount of data from the original picture are called the NS 

indeterminacy membership degree [22], [23]. The picture is 

represented as a mathematical object (Spatial Domain) by a M * 

N matrix. By using mathematical equations (1)–(3) for 

determining It is feasible to convert each pixel P (p, q) from the 

picture domain into an NS domain, such that PNS (p, q) = T (p, 

q), I (p, q), and F (p, q). The likelihood [24] that pixel P (p, q) 

belongs to the white set (item), indeterminate set, and non-white 

set (the backdrop), respectively, is here denoted by T (p, q), I (p, 

q), and F (p, q) (Fig. 1). 

 

𝑇(𝑝, 𝑞) =
𝜎(𝑝,𝑞)−𝜎𝑚𝑖𝑛

𝜎𝑚𝑎𝑥−𝜎𝑚𝑖𝑛
  (1) 

𝐼(𝑝, 𝑞) =
𝜂(𝑝,𝑞)−𝜂𝑚𝑖𝑛

𝜂𝑚𝑎𝑥−𝜂𝑚𝑖𝑛
   (2) 

𝐹(𝑝, 𝑞) = 1 − 𝑇(𝑝, 𝑞) 

    =
𝜎𝑚𝑎𝑥−𝜎(𝑝,𝑞)

𝜎𝑚𝑎𝑥−𝜎𝑚𝑖𝑛
  (3) 

 

where: • 𝜎 (p, q) represents a picture's intensity of the pixels 

value. 

• In the NS domain, T, I, and F are true, indeterminacy, and false 

sets, correspondingly. 

• The neighborhood mean value of 𝜎 (p, q) is represented by𝜎 

(p, q). 

• The consistency rating of T at (p, q) is represented by the 

symbol 𝜂(p, q), which is the absolute ratio between the local 

mean value 𝜎(p, q) as well as the concentration value 𝜎 (p, q) of 

a picture. 

 

3.4 The model of the Deep Residual Neural Network 

(ResNet-50) 

Artificial neural networks are used in deep learning (DL), a 

machine learning technique for learning representations. 

Supervised, semi-supervised, and unsupervised machine 

learning approaches are the three categories of methods [25], 

[26]. A computer model is able to learn to do tasks such as 

categorization directly from text, visual, or numeric data by 

using deep learning (DL). For classification tasks, extraction of 

deep features is typically used with neural networks that have 

been trained like DenseNet-201, Xception Net, MobileNetV2, 

ShuffleNet, ResNet18, ResNet-50, ResNet-101, InceptionV3, 

InceptionResNet-V2, AlexNet, VGG16, VGG19, GoogleNet, 

and ResNet-18 [4]. ResNet-50, an improved version of CNN, 

was used in this study as the foundational model in the suggested 

scheme of architecture to categorize CXR pictures of Marburg-

Virus and normal patients. 

The database maintained by ImageNet served as the model's pre-

training source for item detection. ResNet reduces interference, 

which arises as the size of the network increases in depth and 

complexity, by using shortcuts between layers [27]. The network 

terminates with a 1051 fully linked layer upon The Soft Max 

algorithm activation. With 24,543,473 trainable parameters, 

there are a total of 52 weighted layers [28], [29]. ResNet-50, a 

set of more than 14 million photos categorized into more than 

20,052 groups for visual recognition contests, was trained using 

the ImageNet database [8]. 

 

4. Experimental Findings and Discussion: 

The suggested framework's primary goal is to categorize CXR 

pictures as either normal or Marburg virus. In this part, we 

randomly split the repository into an 84% training set and a 16% 

testing set. This allowed ResNet-50 to be trained on a dataset of 

7235 pictures as a reference set and implemented for every 

subgroup, namely, CXR pictures in the NS Domain. On a 

Windows 10 PC with an Intel Core i7 processor and 16 GB of 

RAM, the suggested approach was put into practice for 

Marburg-Virus diagnosis using the MATLAB R2020a 

computational language. 
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Weight updates, five epochs, and a 1e-4 learning rate were all 

performed with the Adam optimizer; the same Mini Batch Size 

was utilized at each stage. Using this technique, pictures are 

converted to NS domains, each of which has a different epoch. 

as illustrated by the precision of the accuracy and loss curves in 

Figs. 3-5 for each of the three domains. 

Furthermore, a thorough set of experiments was conducted to 

assess the suggested framework's accomplishments in terms of 

the matrix of confusion measurements, specifically the MCC 

rates, F-score, accuracy, sensitivity, specificity, and precision. A 

table illustrating an algorithm's categorization for information is 

called a confusion matrix. As seen in Fig. 7, Four sections 

formed the framework of the confusion matrix: Positive True, 

Positive False, Negative True, and Negative False. As a result, 

the database's pictures were assessed in the NS domain using 

various confidence levels for a chosen model, the ResNet-50 

model, which had been developed using five epochs: epochs 5, 

10, 15, 20, and 25. Ultimately, we compute the mean for every 

domain and overlay it with the mean of various other domains. 

  

 
 

Table 1 illustrates Accuracy of total epoch evaluation on the 

empirical data set, which was approximately 97.73% in the F-

domain. Moreover, Table 2 shows that Sensitivity Assessment 

of all epochs combined in the T-domain was 98.04 %. As shown 

in Tables 3 shows that Specificity of evaluation throughout all 

eras 98.30% in the F-domain. 

 

TABLE 1:    Accuracy of total epoch evaluation 

Number of generations 

NS 

Membersh

ip 

VP2

4 

VP3

0 

VP3

5 

VP4

0 
L 

Avera

ge (%)  

T 96.8

6  

96.5

4  

97.4

3 

96.8

6 

96.5

4  

96.84  

F 97.1

5  

96.8

8  

98.1

3  

98.5

4 

97.9

8 

97.73  

I 86.1

7  

88.9

9 

90.9

4  

89.8

1  

92.2

3  

89.62  

Epochs 5, 10, 15, 20 and 25 are referred to as EP5, EP10, 

EP15, EP20 and EP25, respectively. The top outcome for 

each row is bolded. 

 

TABLE 2:    Sensitivity Assessment of all epochs 

combined 

Number of generations 

NS 

Membersh

ip 

EP5 
EP1

0 

EP1

5 

EP2

0 

EP2

5 

Averag

e (%)  

T 96.3

4  

97.9

6  

99.7

1  

98.2

5  

97.9

4  

98.04  

F 97.1

3  

95.6

5  

97.3

2 

97.2

5  

95.4

7  

96.56  

I 84.6

1  

87.6

7  

89.6

1  

87.9

0  

90.2

2  

88.00  

Epochs 5, 10, 15, 20 and 25 are referred to as EP5, EP10, 

EP15, EP20 and EP25, respectively. The top outcome for 

each row is bolded. 

 

TABLE 3:    Specificity of evaluation throughout all eras 

Number of generations 

NS 

Membersh

ip 

EP5 
EP1

0 

EP1

5 

EP2

0 

EP2

5 

Averag

e (%)  

T 97.6

0  

97.7

4  

96.1

7  

96.4

3  

96.3

4  

96.85  

F 97.7

2  

98.6

8  

96.8

2  

98.9

5  

99.3

3  

98.30  

I 93.7

2  

88.7

4  

91.4

1  

92.3

2  

93.4

4  

91.92  

Epochs 5, 10, 15, 20 and 25 are referred to as EP5, EP10, 

EP15, EP20 and EP25, respectively. The top outcome for 

each row is bolded. 

 

TABLE 4:    Assessment of the whole epochs' precision 

Number of generations 

NS 

Membersh

ip 
EP5 

EP1

0 

EP1

5 

EP2

0 

EP2

5 

Averag

e (%)  
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T 98.5

2  

97.7

6  

97.2

5  

96.4

5  

96.7

3  

97.34  

F 97.9

2  

99.1

4  

97.5

7  

99.7

6  

99.5

4  

98.78  

I 93.2

8  

89.7

2  

92.6

4  

91.7

8  

92.8

1  

92.04  

Epochs 5, 10, 15, 20 and 25 are referred to as EP5, EP10, 

EP15, EP20 and EP25, respectively. The top outcome for 

each row is bolded. 

 

 

 

TABLE 5:    Assessment of the whole epochs' F-Score 

Number of generations 

NS 

Membersh

ip 

EP5 
EP1

0 

EP1

5 

EP2

0 

EP2

5 

Averag

e (%)  

T 96.7

1  

97.5

4  

97.1

2  

96.9

8  

97.9

2  

97.25 

F 98.8

2  

98.9

2  

98.2

0  

98.7

5  

96.9

3  

98.32  

I 86.8

4  

89.3

8  

89.6

1  

90.3

1  

92.5

4  

89.73  

Epochs 5, 10, 15, 20 and 25 are referred to as EP5, EP10, 

EP15, EP20 and EP25, respectively. The top outcome for 

each row is bolded. 

 

 

TABLE 6:    Assessment of MCC across all eras 

Number of generations 

NS 

Membersh

ip 
EP5 

EP1

0 

EP1

5 

EP2

0 

EP2

5 

Averag

e (%)  

T 94.7

0  

94.3

9  

95.5

1  

95.4

7  

94.7

4  

94.96  

F 96.0

3  

95.3

1  

95.5

3  

96.1

5  

97.6

4  

96.13  

I 76.2

1  

77.7

1  

80.8

3  

79.7

3  

85.6

9  

80.03  

Epochs 5, 10, 15, 20 and 25 are referred to as EP5, EP10, 

EP15, EP20 and EP25, respectively. The top outcome for 

each row is bolded. 

 

 

 

 

 

TABLE 7: Assessing the status of the art today with pertinent studies 

Articles Methods Database 
Percentage of 

accuracy 

Afifi et al. [28]  CNN-DenseNet161  11,196 CXR Pictures  91.20  

Abd Elaziz et al. [29]  MobileNetV3+Aqu  21155 CXR Pictures 92.40  

Ahmad and Wady [30]  CT, GWT, and LGIP  7252 CXR Pictures 96.18  

Walvekar and Shinde [31]  ResNet-50  359 CXR Pictures 96.23  

Apostolopoulos and Mpesiana [32]  MobileNetv2  1427 CXR Pictures 96.78  

Proposed  ResNet-50+NS  7253 CXR Pictures 98.25  

 

Tables 4 shows that Specificity of evaluation throughout all eras 

are 98.78%. in the F-domain. Tables 5 shows that Assessment 

of the whole epochs' accuracy are 98.32%. in the F-domain. 

Tables 6 shows that Assessment of MCC across all eras are 

96.13%. in the F-domain. Lastly, Table 7 compares the 

outcomes of the suggested approach to a few cutting-edge 

methods. achieved the best outcome using ResNet-50. This is 

because the model was able to demonstrate better accuracy to 

the combination of the NS Domain and ResNet-50 techniques. 

In addition, compared to earlier research, the best result was 

attained with an overall accuracy of 98.25%..in the Proposed 

method. 
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The incorrect categorization rate of errors metric was also used 

to examine the performance of the suggested scenarios using a 

comparable information and processing environment. The 

erroneous classification error rates for the suggested situations 

were computed, as shown in     Fig. 7. The outcomes confirmed 

that the suggested scenario performs significantly better than all 

other scenarios, with a slight misclassification error of 1.95% 

rate in the ResNet-50 Falsity domain. As a result, this situation 

was taken into consideration as a possible Marburg Virus. CXR 

Picturee categorization technique. 

 

 
 

The suggested solution outperformed other techniques in terms 

of results, especially average precision when classification. The 

results of the publication [1] and the results of the framework 

that was proposed have been compared as a last tool for the 

performance evaluation of the proposed framework, as 

illustrated in Fig. 8. 

 

 

5.CONCLUSION 

The virus that has destroyed every state in the Africa and put 

everybody under extreme quarantine is called Marburg-Virus. 

The Africa stability was threatened by the virus, which also 

brought about a new era of turmoil and uncertainty. There is still 

work to be done in terms of using technology to stop and the 

virus from spreading by Classifying how they are affected. The 

goal of the study done on this paper is to benefit the public and 

make it easier for Marburg-Virus specialists to classify patients. 

The NS set's basic ideas were used in the investigation. True (T), 

Indeterminacy (I), and Falsity (F) photographs from the CXR 

picture dataset that corresponded to each Marburg-Virus and 

ordinary persons are included in the regulations. This study 

differs from the others in that the gathered pictures were 

converted into an NS domain trained on the DL approach, and it 

was trained on the data set using ResNet-50 as a transfer learning 

method. Consequently, the model's average accuracy score of 

98.25% exceeded the accuracy scores of other experiments 

conducted on a comparable database. 
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