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Abstract: The Respiratory Detection System (RDS) contributes to global mortality and necessitates 

suitable medical intervention. Therefore, this paper aims to classify lung MRI images into abnormal 

or normal categories. Our latest proposed approach involves the utilization of Probabilistic Neural 

Networks (PNN), incorporating both image fusion and PNN techniques. Initi ally, we applied 

several preprocessing operations, including multi-focus image fusion, to improve the exactness of 

MRI pictures to classify RDS. We conducted two separate experiments using distinct databases to 

evaluate the reliability of our PNN approach. In the first attempt, the MRI image dataset is 

partitioned into a 20% research set and an 80% training set, whereas in the second attempt, we 

employed a 10-fold cross-validation approach for the image dataset. In the first test, our 

methodology achieved a classification accuracy of 98.33% on dataset 1, and in the second test, it 

reached an accuracy of 98.77%. For dataset 2, the accuracy obtained in the first test was 92.22%, and 

in the second test, it was 93.33%. Hence, this control chart exhibits the potential to serve as an 

effective tool for the early detection of respiratory virus outbreaks, thereby facilitating prompt 

outbreak investigation and mitigation efforts.  
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1.  Introduction  

a. In-depth discussion of the importance of MRI in diagnosing and classifying RDS. 

b. Concentrate on deep learning and metaheuristics methods for RDS classification via 

image segmentation. 

c. A comparison of modern deep learning and metaheuristics approaches from 2015 to 

2020 

Many medical experts are applying contemporary tools to forecast RDS disorders. 

These strategies always assist specialists in recognizing ailments, implementing 

preventative measures, and facilitating treatment planning. The study of RDS diagnosis 

from lung MRI utilizing IP approaches is among the most common and challenging 

research fields. However, RDS affects a significant number of individuals regardless of 

their age. Identifying or predicting RDS at an early stage will save countless lives. 

According to medical professionals and researchers, RDS is one of the most serious 

and life-threatening disorders of the human body. A late-stage RDS diagnosis is going to 

appear on the patient falling into a coma and in some critical cases. This leads researchers  

to detect and predict areas of RDS in suspicious areas with early symptoms and determine 

the type of RDS using lung MRI. Segmentation and IP methods are identified, and the best 

approach to accurately predict the location of a region in the lung using lung MRI is 

determined. RDS is often detected by examining serial exploratory images, and most of 

the time, it is primarily recognized by the symptoms of headache and other compilations.  
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Medical imaging applications are continually expanding as modern technology is 

employed to develop disease expectations, analysis, and prevention. Annotative 

technology allows professionals to contribute to developing sickness diagnosis due to 

changes in the economy and environment. This research explores the utilizing image 

segmentation algorithms, a highly sought-after medical sector. However, a large number 

of people, regardless of age, suffer from various kinds of RDS.  

Literature survey 

Electrical impedance tomography [6] is an invasive estimate approach for determining 

Breathing Rate (BR). In any way, typical BR estimation procedures use unusual electrical  

sensors, and the skin contact needed by rebellious causes significant bother and 

annoyance to folks [7,8]. In this scenario, machine vision analysts provide non-contact BR 

predictions based on visual data to screen the Breathing Rate. 

The technique discussed involves exploring various preprocessing methods to extract 

the RDS-affected region from MRI images. In the context of MRI respiratory images, it is 

crucial to apply smoothing and noise reduction filters. Perona and Malik's filterin g 

approach is highlighted as particularly effective, showcasing superior results for the 

specific database employed in the study. Employing high-quality filters during the 

preprocessing step is critical because it lays the groundwork for improved results in the 

following phases: segmentation, classification, and picture extraction. This emphasizes 

the necessity of proper preprocessing techniques to maximize the overall analysis and 

interpretation of medical images in applications like finding RDS-affected areas in MRI 

scans [20]. 

The success of this strategy is evaluated by comparing it with other existing algorithms 

using performance metrics. The Fuzzy C-Means (FCM) method is highlighted for its 

importance in this context.  

2. Materials and Methods 

The approach works in two stages: first, the noisy image is filtered using a non-local 

principal component analysis (PCA) and then the refined image is structured into a vector 

image using a non-local linear filter. This two-stage technique first attempts to measure 

the overall noise in the image and then corrects it by including rich spatial noise based on 

local bias concerns. Using these complex methodologies, the method attempts to improve 

the image quality and resolution, which shows its promise in image processing 

applications where noise reduction and image enhancement are crucial [9]. 

Both possibilities involve the occurrence of danger and can lead to brain damage or 

even fatal consequences. Unnecessary strategies have been deliberately used to address 

this problem. The problems with respiratory sensing systems (RDS) in MRI encryption 

include PSO, fuzzy C-means (FCM), electromagnetic optimization (EMO), and level set 

method (LSM). Princes heavily isolated them. The intelligence used in the context of PSO 

can help in MRI image segmentation, which is known to create several consequences. 

They demonstrated the adaptability and usefulness of PSO and hybrid algorithms based 

on swarm intelligence concepts in applications. This necessitates modern computational 

approaches to solve complex medical image analysis problems, ultimately leading to I am 

Confident [11]. 

Fuzzy logic uniquely maps human vision onto colors, allowing clusters to be displayed 

non-linear and non-rectangularly. With the introduction of fuzzy logic, color 

representation becomes more complex and reflects human perception. The 

Comprehensive Learning Particle Swarm Optimization (CLPSO) method outperformed 

standard algorithms such as Fuzzy C-Means (FCM) and K-Means during testing. This 

discovery opens up a wider range of real-world applications, demonstrating the efficiency 

and adaptability of CLPSO in handling complex data clustering jobs with improved 

performance results. The successful use of CLPSO demonstrates its potential to change 
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approaches to color representation and improve the efficiency of data processing 

procedures in various industries [12]. 

Using fuzzy logic for image segmentation of MRI lung data with intensity 

inhomogeneities marks a significant development in medical imaging analysis. The novel 

approach entails changing the Fuzzy C-Means (FCM) algorithm's target function so that 

the surrounding voxels' values impact voxel values. This technique incorporates  

flexibility and contextuality, allowing for more accurate segmentation of MRI images with 

significant intensity changes. It is especially remarkable for its ability to segment heavily 

damaged MRI images, where typical segmentation algorithms may fail to give exact 

findings. This approach improves the resilience and accuracy of image analysis by 

combining spatial information and fuzzy logic into the segmentation process, resulting in 

enhanced diagnostic capabilities and patient care in medical imaging [13]. 

They investigated the FCM clustering approach in further depth in their study effort. 

FCM's shortcomings include a partition matrix and random initialization, which causes 

clustering results to be inconsistent [8]. An alternate approach, Subtractive Clustering 

(SC), was examined, however the number of clusters was unknown. To alleviate the 

disadvantages of FCM and SC, the authors presented a novel hybrid approach known as 

Subtractive Fuzzy C Means (SFCM). The experimental findings show that the SFCM 

approach generates much superior clustering outcomes than the FCM algorithm indices 

[14]. 

The ABC-FCM algorithm is a clustering method that combines the FCM algorithm with 

the ABC algorithm. It was created to address the limitations of the conventional FCM 

algorithm, such as initialization sensitivity, local optima, and cluster centroids [15]. The 

technique takes advantage of the ABC capabilities in the cluster centers, which are then 

used as input for the FCM algorithm to improve the division preparation of MRI lung 

images [16]. 

The EMO algorithm and how to apply it are thoroughly detailed. The EMO approach 

uses a physics-based attraction-repulsion mechanism to change sample locations to find 

the optimal answer. The random local search of the EMO algorithm enhances and 

increases the accuracy of issue resolution [17]. This paper presented a unique technique 

to local search that utilized and applied the pattern search method in the population 

shrinking strategy problem. The proposed approach was applied to several problems, and 

the results were compared to those obtained using the original EMO algorithm [18]. 

Only a few scholars have solved the Combinatorial Optimization Problem (COP) using 

the EML approach. This work sought to combine genetic operators with random key 

concepts to develop a unique hybrid algorithm for obtaining the best/optimal schedule 

for the problem. When the results of the hybrid algorithm were compared to those of the 

classic GA and EMO algorithms, they showed higher values [19]. 

Histogram equalization is a technique used to enhance the contrast of an image by 

adjusting the intensity levels of its pixels. In this process, the intensity levels are 

represented by n_k, where the total number of pixels in the image is denoted as N. The 

fundus image, represented by 'm', consists of pixel intensities ranging from 0 to L-1. The 

normalized histogram, denoted as ρ, is calculated by dividing the number of pixels with 

intensity n by the total number of pixels for each intensity level from 0 to L-1.  

 

𝑝 =
𝑛𝑜. 𝑜𝑓 𝑝𝑖𝑥𝑐𝑒𝑙𝑠  𝑤𝑖𝑡ℎ 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦

𝑡𝑜𝑡𝑎𝑙  𝑛𝑜. 𝑜𝑓 𝑝𝑖𝑥𝑐𝑒𝑙𝑠
 

 

Where L is the intensity values. 

P is normalized histogram. 

This method helps in improving the visual quality of images by redistributing the 

intensity values effectively [20].  
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As a result, the fundus image is enlarged and tends to reach its peak brightness.. 

Reassigning intensity pixel values to existing ones produces a homogeneous intensity 

distribution. Histogram equalization increases the contrast of the filtered image. 

Firstly, Load the DICOM-formatted MRI respiratory system picture from the scanner.  

Secondly, Convert images into main image file formats (.jpeg,.gif,.png,.bmp, etc.).  

Thirdly, Save the images with the main .jpeg extensions.  

Fourth, Convert the picture to a 3D matrix and read image attributes like size, color, 

and type.  

Fifth, Apply HE to the MRI image and use equation (3.1) f(x,y)= HE∈S_xy {g(s,t)}. 

where f(x, y) is the newly calculated pixel value, N x M is the window size, and s x y is 

the sub-image window coordinates. 

Sixth, Save the generated photographs, together with the time of execution, size of 

memory, and variety in pixels, for future investigation. 

Fuzzy logic algorithm (FLA) 

Efficient quantitative techniques are crucial in investigations, especially for detecting 

complex patterns in high-dimensional data. FLA, or Feature Level Fusion, plays a key role 

in pattern recognition and compression tasks. In design recognition scenarios, images are 

processed to extract essential features, which are then stored for comparison with new 

data sets to determine similarities or differences. This method aids in accurate pattern 

recognition and analysis. FLA is a practical approach to detect optical panels. The 

localization stage of the proposed study involves the estimation of optics. The sequential  

method of the FLA algorithm is as follows [21].  

The sequential method of the FLA algorithm is as follows. 

Firstly: Procedure FLA (image set X, cluster K): X = 〖(X_i)〗_(i=1)^N and K Return U 

and R. 

Secondly, it involves starting nU0 at random. 

Thirdly, Repeat. 

Fourth, the values are saved between 0 and 1, which explain the membership 

information focuses for each cluster, while the difficult C-means employments and 1 are 

the two values for the participation function. 

 
Fifth: Implement the equation 

 
u is the membership value of J X with concern to cluster i 

 
The cluster fuzziness parameter (m: ̒vm„d1̒w) is set to 2 by default. When images are 

clustered, each pixel point is considered and included in the clustering process. n 

represents the number of clusters with a default beginning value larger than one. The FLA 

algorithm's output argument is the objective function, which explains the parameters 

below [21].  
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Sixth, End the operation.  

PNN Classifier  

Below are the essential layers that were used in the preparation and testing of PNN:  

Algorithm 1: Classification of Respiratory Detection System using PNN Entry: take 

respiratory images from the datasets. Outcome: The respiratory images (CI) were 

classified as unhealthy or healthy. equation CI = Classify (I). 

1. Stretch in comparison. Apply the average filter to the image, followed by the 

sharpening process. 

2. Use quadtree-based image fusion techniques to merge contrast and filtered images, as 

described in Section 3.1. 

3. Separate the fused photo collection into training and test sets. 

4. Input dataset which already trained  (512 x 512 x 1) into the PNN network. 

5. The model begins with a 2D CNN layer comprising 96 filters of size [11, 11] and a stride 

of 4 for feature extraction. 

6. A Rectified Linear Unit (ReLU) layer is applied to introduce non-linearity to the 

network. 

7. Subsequently, a max-pooling layer is utilized for spatial down-sampling to retain 

essential features. 

8. Another 2D convolutional layer follows this time with 10 filters of size [5, 5] for further 

feature extraction. 

9. A ReLU layer is applied to introduce non-linearity to the network. 

10. A max-pooling layer is used for down-sampling to reduce dimensionality. 

11. A fully connected layer with an output size of 512 neurons is employed for feature 

mapping. 

12. A ReLU layer follows to introduce non-linearity to the network. 

13. Dropout regularization is applied with a dropout probability to prevent overfitting. 

14. Finally, a fully connected layer with an output size of 2 is used for classifying images 

as unhealthy or healthy. 

15. Softmax layer is applied to normalize the output scores into probabilities for 

classification. 

16. The dataset is then classified using a classification layer based on the highest 

probability output. 

3. Results 

The PNN algorithm is used to analyze MRI image data using MATLAB (R2020 b) 

software and produce accurate and timely results for medical purposes. The methodology 

involves preprocessing, segmentation, and validation. 
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Figure 1.  The experimental message of the simple images 

1. Affected system.  

2. Histogram Equalization image.  

3. Fuzzy C-Means threshed image.  

4. Ostu’s image.  

5. Canny edge detected image. 6- Segmented region image. 7- Labeled Image. 

(1) (2) (3) 

(4) (5) (6) 

(7) 
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Figure 2. The experimental message of the simple images 

1. Affected system.  

2. Histogram Equalization image.  

3. Fuzzy C-Means threshed image.  

4. Ostu’s image.  

5. Canny edge detected image.  

6. Segmented region image.  

7. Labeled Image. 

 

 

 

 

 

(1) (2) (3) 

(4) (5) (6) 

(7) 
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Figure 3. The experimental message of the simple images  

1. Affected system.  

2. Histogram Equalization image 

3. Fuzzy C-Means threshed image.  

4. Ostu’s image.  

5. Canny edge detected image.  

6. Segmented region image.  

7. Labeled Image. 

 

4.  Discussion 

Table 1. Performance measures of 80 % training and 20% testing of respiratory image 1. 

Algorithm P TPR FPR F-measure Accuracy(%) 

ANN 0.9004 0.8999 0.1 0.89 90 

PNN 0.9903 0.9823 0.01667 0.98 98.33 

The normal classification exactness gotten by ANN is 90% as shown in Table 1. In any 

case, PNN gives superior classification comes about as compared to others. 

Table 2. Performance measures of 10-fold cross-validation of sample image 1. 

Algorithm P TPR FPR F-measure Accuracy(%) 

ANN 0.95 0.95 0.04 0.95 95.34 

PNN 0.96 0.9823 0.012 0.987 98.64 

 

(1) (2) (3) 

(4) 
(5) (6) 

(7) 
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The normal classification exactness obtained by ANN is 95.34%, as shown in Table 

2. In any case, PNN gives a better classification result than other methods. 

Table 3: Performance measures of 80 % training and 20% testing of respiratory image 2. 

Algorithm P TPR FPR F-measure Accuracy(%) 

ANN 0.87 0.876 0.060 0.87 87.78 

PNN 0.923 0.924 0.039 0.923 92.64 

 

 

Figure 3. Performance measurements for validation 

This graph will not reveal any significant concerns with making ready. The 

acceptance and test bends are quite comparable.  
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Figure 4. A graph for training a neural network 

 

 

Figure 5. Error graph of histogram 
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Figure 6. Regression plot for PNN classifier 

Figure 7. Visualizes the CNN classification output, the standard metrics for many 

characteristics. From the table, it is feasible to determine which feature combinations yield 

more accuracy. Border error represents the frequency of faulty pancreatic pictures. This 

delivers a higher accuracy of 98.57%. 

 

 

Figure 7. Confusion matrix of CNN classifier 
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5. Conclusions 

This paper presents a PNN classification technique utilizing picture combination and 

significant learning methodology for the detection of the respiratory system. We have 

preprocessed the input picture utilizing a quadtree-based picture HE channels strategy. 

The HE procedure has been utilized to move forward with the separation of the RDS 

district. After that, a present-day PNN building has been proposed to classify respiratory 

passing into two (strong and undesirable pictures) and three categories (kind, unsafe, and 

conventional) from MRI pictures. In this way, it can be particularly unfaltering for the 

masters inside the event that it is utilized in supportive hone. 
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