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ABSTRACT 

Middle ear inflammatory diseases are a worldwide health concern that leads to severe effects 

like speech problems and hearing loss. Experts visually examine the tympanic membrane 

during a clinical examination. The five classes of Tympanic Membrane (TM) image inside 

the middle ear is predicted by using the proposed Deep Learning method called Modified 

VGG-19. Initially, data augmentation is applied to the TM image to eliminate the black 

margin and to resize, remove noise using bilateral filtering to get high quality input data. 

Next, the images are segmented using the Fuzzy C-means clustering, allowing for partition of 

data. Features are then extracted from the segmented images using the Gray-Level Co-

occurrence Matrix the TM image is textured for further analysis. Finally, a Modified VGG-19 

framework is proposed to enhance the classification of TM images, in middle ear diagnosis. 

The assessment of proposed work using python software reveals that the proposed framework 

with Modified VGG-19 classifier ranks with improved accuracy of 92.09 % when compared 

to the other techniques. 

Keywords: Middle ear disease, Data augmentation, Bilateral filter, Fuzzy C-means 

clustering, Gray-Level Co-occurrence Matrix, Modified VGG-19. 

1 Introduction 

The ear is one of the most important organs in the human body; it is responsible for 

maintaining body stability in addition to controlling auditory perceptions. Ear infections 

impact more than 500 million persons annually worldwide, the ear is another organ that is 

commonly afflicted by diseases. Ear disorders cause lifelong problems and hearing loss if 

they are not identified and treated quickly [1]. Moreover, they result in serious side effects 

such acute mastoiditis, labyrinthitis, and meningitis, which significantly lower a person's 

quality of life for the rest of their life [2].Furthermore, ear infections are among the most 

prevalent inflammatory illnesses, particularly in youngsters. Almost all kids experience at 

least one time of ear infections before they turn seven years old. Currently, doctors' standard 

of care consists on visual inspection and antibiotic prescription [3].Tympanic membrane 

evaluation is the initial test to diagnose ear disease [4].The latter raises health expenses, 

delays the appropriate application of treatments, and cause serious problems for the patient. 

In recent years, new technology to aid in medical diagnosis have emerged as a growing trend 
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to lower diagnostic error due to the overview of advanced processing techniques and the large  

amount of digital data already available [5]. Another technique for locating and identifying 

anomalies in the inner ear is CT scans [6].  

 

Figure 1: Structure of human ear 

The exterior and interior parts of the ear structure is illustrated in Figure 1. Important 

morphological elements such as the lobule, outer helix, anti-helix, tragus, and anti-tragus are 

found in the exterior shape, whereas the inner structure is made up of many valleys and 

ridges that combine to form a complex structure with selective potential. 

Histogram Equalization (HE) –based Adaptive Center- Weighted Median (ACWM) filter is 

used to remove the noise and to improve the quality of tympanic membrane image. Drawback 

is slow in life treating problem [7]. Whereas, using nonlinear filtering the ear infection is 

identified it is used to enhance the image when removing the noise. When pixel is constant it 

is crucial to remove noise [8]. To improve the contract of the TM image and for effective 

detection in the tympanic membrane image Adaptive Histogram equalization (AHE) is used. 

Drawback is it over amplifies the noise when filtering the tympanic membrane image [9].  

The k-means clustering technique is aid to segment and enhance the cluster quality of the 

middle ear effusion in the tympanic membrane image. TM image is segmented clearly. TM 

image have inaccurate cluster size when segmenting [10-11]. Image reconstruction is used to 

segment the raw data into image from inner ear disease. It is a quick process because it does 

the pre-processing step. Yet is complex to noise for inner ear disease. Whereas, Volumetric 

Local Thresholding is used to segment the inner ear from patients it have clear images with 

reduced noise. It is a simple structure, ease of implementation, quick response. Pixel value is 

distressed when segmenting [13]. For diagnosing middle ear tympanic membrane global-

local feature extraction technique is used. It improves the diagnosis structure for TM image. 

However, it is difficult to successfully balance the diagnosis [14]. Moreover, to visualize the 

presence of bacteria’s on the surface in the middle ear texture feature is used. It improves the 
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surface texture to find the bacteria. It is complex to noise [15]. To overcome these problems a 

deep learning method called Modified VGG-19 is used.   

2 Related work 

Khan et al [16] (2020) have proposed a Convolutional Neural Network (CNN) models, such 

as DenseNet, to the automated identification of Middle Ear (ME) and Tympanic Membrane 

(TM) infections. The accurate region for both TM and ME infections using Oto-Endoscopic 

Images (OEIs), is predicted and increases the accuracy of classification. Each layer's feature 

maps are joined with the previous layer, and the data is repeated several times. It takes more 

time when the data is repeated several times.  

Başaran et al [17] (2020) have proposed a Faster Regional Convolutional Neural Network 

(Faster R-CNN) designed for tympanic membrane finding in the middle ear. Using VGG-16 

model tympanic membrane image improve the diagnostic accuracy and lower the overall 

misdiagnosis rate. It is over fitting due to its complexity. 

Viscaino et al [18] (2021) have proposed a Convolutional Neural Network (CNN) -Long 

Short Term Memory (LSTM) is a conventional diagnostic on optical examination of the 

tympanic membrane and ear canal. CNN-LSTM is used to identify diagnosis of ear disorders 

with high performance. This allows a thorough diagnosis of conditions affecting the eardrum 

and the ear canal. It takes more interval to access the process when diagnosing.  

Singh et al [19] (2023) have proposed a 2D-CNN model designed for binary and multi-class 

classification of ear diseases. It maximizes treatment plan, accurate and effective for 

screening of ear diseases. The prevention of costs depends on the diagnosis of middle ear 

disorders. 

Uçar et al [20] (2022) have proposed a Bilateral-Long Short Term Memory (Bi-LSTM) 

network to classify tympanic membrane conditions. It improves the classification accuracy 

for such classes earwax plug, myringosclerosis, chronic otitis media and normal from the 

otoscopy images. It necessitates both forward and backward processing of the image data, 

which take more time for the training period.  

The work's contributions include the following: 

 Data augmentation is utilized to effectively eliminate black margin from input data 

and bilateral filter is used to remove unwanted noise from the input TM images, 

enhancing image quality for diagnosis. 

 Fuzzy C-means clustering is employed to segment TM images, fuzzy partition for 

better feature extraction and diagnosis. 

 GLCM to structure and texture the features from the segmented TM images for 

middle ear for diagnosis. 

 A Modified VGG-16 based framework is proposed, to classify the featured TM image 

from the middle ear for diagnosis.  
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3 Proposed work 

In the proposed work the five classes of TM images from middle ear is predicted. Firstly, the 

input data is given to the preprocessing step were an data augmentation technique is applied 

to eliminate the black margin and by using bilateral filtering the unwanted noise are removed. 

Secondly, the segmentation process uses the Fuzzy C-means clustering for segmenting TM 

image. Thirdly, by using GLCM feature extraction technique the segmented TM images are 

featured by its properties. 

 

Figure 2: Block diagram of proposed method 

Finally, featured image is given to the classification process were a proposed Modified VGG-

19 is used for classifying the TM image. The Modified VGG-19 have convolutional layers, 

max polling  layer dense layer and softmax layer  which is used to classify the TM image in 

depth  for getting better accuracy when compared to the other techniques.    

3.1 Pre-processing for TM images 

3.1.1 Data argumentation for TM images 

An appropriate pre-processing step is required to eliminate the unnecessary black margins 

from unrefined tympanic membrane images taken from OTOSCOPE dataset. This will 

increase the speed of inference. Therefore, in order to pre-process the data, first scaled the 

original image to 270 × 270 resolution and then eliminated the dark margins to resize only 

the tympanic membrane. The images were then enhanced by casually collecting 256 × 256 

areas after the 270 × 270 images and adding random transformations (such as flip, flop, and 

rotation). 
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3.1.2 Bilateral filtering  

The bilateral filter is utilized by grayscale conversion; image augmentation and noise 

reduction were necessary even though preserving image edges and accuracy for TM image. 

The bilateral filter improves the image's edge pixels by using the grayscale change of the 

difference between two grayscale pixels and the wave's spatial distance. The following 

formula provides a definition for it:  

BF(μp) =
1

Tp
∑ Hτd(‖p − q‖)Hτr(μp − μq)μq′q∈s                        (1) 

Some pixel in S is denoted by q, and S is the neighbourhood value centered on p. It is mostly 

used to quantify the degree of image denoising; 𝐻𝜏𝑑 is a spatial distance function; 𝐻𝜏𝑟reduce 

the impact of pixels that are located far apart in space. In grayscale, it is comparable. The 

degree function reduces the impact of certain grayscale levels. The bilateral filter, which is 

the neutralization function of𝐻𝜏𝑑, is defined as follows: 

   Hτd =  e
−(

1

2
)(

d(p,d)

τd
)2

                                    (2) 

The Euclidean distance between pixels p and q represented by formula d (p, q). Next, Fuzzy 

C-Means clustering segmentation for segment TM images.  

3.2 Segmentation by Fuzzy C-Means clustering for TM images 

A clustering technique called fuzzy C- means (FCM) allows a point to be a member of one or 

more clusters. The FCM method divides a finite collection of points into a collection of C 

fuzzy clusters based on principles. As a result, locations near a cluster's margin be more or 

less part of the cluster than points in the collection's center. The FCM algorithm is derived 

from the minimization of the following objective function.  

Jm(μ, a) =  ∑ ∑ μij
m(‖xj − ai‖

n
j=1

c
i=1 )2 , m > 1               (3) 

 

Figure 3: Fuzzy C-Means clustering 



ISSN (Online): 2583-7052 

 
Article Title: A Streamlined Vgg-19 Classification Model for Multi-Crop Leaf Disease Prediction 

 
 
 
 

Article Title: Deep Learning Based Ear Disease Prediction a Novel Approach Using Modified Vgg-19 Architecture Enhanching 
Accuracy 

 

Volume-III | Issue-12 [December] 

Page 44 of 55 

 International Journal of Advanced Trends in Engineering and Management (IJATEM) 
Vol. 03 (12), December 2024, pp. 39-55 

Using the fuzzy c-means technique, the TM image is segmented. The FCM algorithm's main 

parameters are the fuzziness parameter (m) and the number of clusters (k). Fuzzy c-means 

clustering is the same as k-means clustering if the fuzziness parameter m is equal to 1. 

Memberships will be allocated to one cluster over the others whenever m is around 1. Next, 

Feature extraction by GLCM to texture and structure the TM images 

3.3 Feature extraction by GLCM for TM images 

The Grey-Level Co-occurrence Matrix (GLCM) feature, which uses the distance among two 

pixels in an image to define its value in the TM images. Whereas a coarse texture region 

changes more slowly, a fine texture region fluctuations more quickly. In order to extract the 

texture features, first chose the grayscale image that had additional image information, 

following their extraction from grayscale images, the texture indices were chosen as texture 

characteristics based on their strong correlations with ear image. The GLCM intentions in 

dissimilar window sizes (division: pixel × pixel) were used to quantitatively describe the 

texture statistical attributes, such as the dissimilarity, entropy, second moment, mean, 

variance, homogeneity, contrast, and correlation, as well as to quantity the texture thickness, 

similarity, contrast, uniformity,  or regularity of GLCMs in rows or columns. 

 

Figure 4: GLCM features for TM images 

Algorithm of GLCM feature for TM images 

1. The first step is to change the color image to grayscale. 

2.  A 5x5 filter is applied to the input TM image. 

3 The filter image is divided into 4x4 pieces. 

4. GLCM Characteristics Energy, standard deviation, mean value, homogeneity, and contrast 

are defined for each block. The computation of these properties is done in four directions: 

horizontal (90°), vertical (0°), and diagonal (45° and 135°). 

5. Features Extracted 

Followed by this a featured image is given to the classification step to classify the TM 

images. 
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3.4 Classification by Modified VGG-19 for TM images 

The TM image is given to the proposed Modified VGG-19 for diagnosis .Visual Geometry 

Group Network (VGG Net) is a multi-layered deep neural network. The VGG-19 is nearly 

simple, with 3 × 3 convolutional layers attached to the top that rise with depth level.  In 

VGG-19, max pooling layers were employed as a handler to decrease the volume size. Here 

4096 neurons were employed in two fully connected layers. Each fully connected layer and 

module are followed by a dropout layer. The max-pool layer serves as the network's dividing 

line in the VGG-19 network, while the other sixteen layers are divided into five blocks 

without taking into the fully connected layer. The first two blocks consist of two 

convolutional layers and one pooling layer, whereas the latter three modules consist of four 

convolutional layers and one pooling layer. 

 

Figure 5: Modified VGG-19  

During the training phase, convolutional layers were utilized to extract features. To reduce 

the dimensionality of the features, some convolutional layers were coupled to max pooling 

layers. In this case, the main convolutional layer used 64 kernels (3 × 3 filter size) to extract 

features from the input images. Lastly, the TM images were classified using the softmax 

activation technique during the testing phase using 10-fold cross validation. At last using the 

proposed Modified VGG-19 the TM is classified. 

4 Result and Discussion  

4.1 Dataset Collection 

A clinical technique called OTOSCOPE is used to look at the ear's structures, namely the 

middle ear, tympanic membrane, and external auditory canal. The proposed model is 

analysed on OTOSCOPE data consisting of five classes’ aom, csom, earwax, normal, 

otitisexterna. The dataset is distributed as 80% for training and 20% for testing. Deep 

learning models are then applied to train on this data. 
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Figure 6: Train and test dataset counts for TM image  

The figure 6 shows the train and test dataset counts. Here aom is represented by 95 trains and 

24 tests; csom is represented by 50 trains and 12 tests; earwax is represented by 112 trains 

and 24 tests; normal is represented by 428 trains and 108 tests and otitisexterna is represented 

by 32 trains and 9 tests. These five types of middle ear disease are used in the proposed work. 

4.2 Pre-processing by data augmentation 

The figure 7 shows the input OTOSCOPE dataset for pre-processing by data augmentation. 

First the original tympanic membrane image is flipped horizontally and flipped vertically to 

view the image in both directions then rotated by 45°  to brighten and to reduce noise in the 

original image. 

 

Figure 7: Data augmentation for TM image  
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4.3 Bilateral filter 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 8: (a) Input image from all classes, (b) Resized TM image, (c) Gray scale TM image, 

(d) Bilateral filtered TM image 
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The figure 8 shows the input image from five classes, resized images, grayscale images and 

bilateral filtered image. The input image of five classes aom, csom, earwax, normal, 

otitisexterna each classes is first resized from the input image. Second grey scale conversion 

occurs for each five classes their color image is changed as grey scale image. Converting 

images to grayscale preserves important structural details while restructuring image 

processing. At last using the bilateral filtering the resized images remove the unwanted noise 

from the grayscale image. 

4.4 Fuzzy C-means clustering  

The figure 9 shows the Fuzzy-C means clustering applied to TM image. Here the bilateral 

filter remove unwanted  noise and given to the fuzzy-C means clustering to cluster the five 

classes classes  aom, csom, earwax, normal, otitisexterna. It clusters the fuzziness parameter 

(m) and the number of clusters (k) from the bilateral filtered image.  

 

Figure 9: Fuzzy C-means cluster for TM image 

 

Figure 10: GLCM properties for TM image 
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The figure 10 shows the GLCM properties for TM image. Here the Gray-Level Co-

Occurrence Matrix properties for five classes are calculated from the segmented or clustered 

image. 

Table 1: GLCM properties  

Classes Contrast Correlation Energy Homogenity 

aom 1509.76 0.94 0.56 0.97 

csom 805.13 0.96 0.58 0.97 

earwax 531.87 0.98 0.60 0.98 

normal 722.18 0.97 0.62 0.98 

otitisexterna 723.04 0.97 0.62 0.98 

The GLCM features for the five classes are calculated with their properties that are contrast, 

homogeneity, energy and correlation is in table 1. 

 

Figure 11: Model accuracy and model loss for TM image 

The ratio of a model's accurate predictions to its total number of predictions is known as 

model accuracy. The accuracy for the proposed modified VGG-19 method is 92.09%.The 

model's loss is demonstrated, which also shows loss value variations and the accuracy of the 

model is shown graphically in Figure 11. 
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Figure 12: Confusion matrix for Modified VGG-19 

Figure 12 illustrates the confusion matrix for Modified VGG-19. This matrix shows the 

values for true and predicted labels. Confusion matrices are commonly used to evaluate the 

performance of classification models, particularly those tasked with predicting categorical 

labels for input instances. Here the five classes of TM image for aom, csom, earwax, normal 

and otitisexterna are matrixes. 

 

Figure 13: ROC curve for multi-class classification using modified VGG-19 

According to the AUC results shown in Figure 13, the otoscope dataset significantly lowers 

the AUC value of modified VGG-19, the sub-optimal model on datasets, to 0.97 for normal 

TM image, 0.979 for csom, 0.983 for aom and 0.989 for otitisexterna. In comparison, the 

suggested modified VGG-19 continues to have the highest AUC value of 0.99, demonstrating 

the exceptional overview and flexibility of this approach. 
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Figure 14: Predicted image for the five classes using modified VGG-19 

In above figure 14 actual and predicted images are illustrated. For the five classes of 

tympanic membrane image in the middle ear is predicted successfully. The actual and 

predicted image for the five classes are normal, csom, aom, otitisexterna, and earwax. The 

five classes are diagnosed and predicted using Modified VGG-19.  

4.5 Performance metrics 

Using various performance metrics the suggested method modified VGG-19 outline to 

training data is evaluated. And these metrics are accuracy, precision, recall, F1 score and 

AUC. Using the following equation each metrics are defined as 

i) Accuracy:  

Accuracy =
(TN+TP)

TS
                                         (4) 

ii) Precision:  

  Precision =
(TP)

(TP+FP)
                                            (5) 

iii) Recall:  

  recall =
(TP)

(TP+FN)
                                               (6) 

iv) F1 score:  

F1 − score =
(2∗Precision∗Recall )

(Precision +Recall)
                                (7) 
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At last, the model's performance across classification thresholds is evaluated using the AUC, 

which describes the correlation between the true positive and false positive rates for TM 

image in middle ear. 

4.6 Comparison for the proposed method 

In contrast with the several other studies [17, 21] depend on baseline data, ignoring the 

training data's time series component. These studies did not sufficiently explain their findings 

and lacked training data for disease analysis. 

Table 2: Comparison for the proposed method 

Study Method Accuracy 

Başaran et al. [17] Faster R-CNN (VGG16) 90.48% 

Viscaino et al.[21] CNN 92% 

Proposed approach Modified VGG-19 92.09% 

4.7 Comparisons for Modified VGG-19 

 

Figure 15: Comparison of performance metrics 

For Precision and recall it gives better predicted value when compared to the CNN [21] and 

VGG-16 [22]. Precision value of 93% and recall of 92% for the proposed modified VGG-19 

method predicted successfully in above figure 15. 

5 Conclusion 

In this research, a Modified VGG-19 model is proposed for the classification of TM images, 

achieving a high accuracy of 92.09% using Python. The preprocessing stage effectively 

enhances image quality by removing noise and black margins through data augmentation and 
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bilateral filtering. The segmentation process is refined using fuzzy C-means clustering with 

optimized fuzziness parameters and cluster numbers. Furthermore, GLCM-based feature 

extraction captures the essential texture properties of TM images. The proposed Modified 

VGG-19 classifier demonstrates superior performance, highlighting its potential for accurate 

and efficient TM image classification. 
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