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Abstract 

Aggressive behavior and delayed diagnosis are the leading causes of cancer 

deaths. Early detection of lung cancer (LC) is essential for human existence 

and challenge. Typically, chest X-ray and computed tomography (CT) is 

used to identify malignant nodules; However, having empty nodes leads to 

wrong decisions. In the early stages, malignant and malignant nodules are 

similar to each other. In this study, Convolutional Neural Network (CNN), 

recursive neural network and recurrent neural networks (RNNs) are 

deliberated for categorizing the image and Total Generalized Variation Fuzzy 

c-means clustering (TGVFCMS) for image segmentation. In these three 

different classification techniques are separately analysed to verify the 

proposed performance the proposed classification techniques. The 

regularization parameter is used to sense of balance the relative significance 

of the penalty among the whole image and each environment. The chief 

benefit of this method over traditional FCM-based systems is that it can 

recover high-noise image samples with little loss. Additional to improve the 

proposed system performance in this work, the Gaussian filtering of LOG 

pre-processing and Discrete Cosine Transform (DCT) based transformations 

is applied. 
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In this model, LIDC-IDRI dataset is used to analyse the results in the form of 

Dice coefficient 93.5%, Jaccard index 87.8% and accuracy 97.1% for 

segmentation for classification of proposed CNN has archive sensitivity 

99.50% specificity 93.50% and accuracy 96.58% better results were obtained 

compared to the traditional scheme 

Keywords: computed tomography (CT), Lung cancer, Total Generalized 

Variation Fuzzy c-means clustering (TGVFCMS), Convolutional Neural 

Network (CNN), recurrent neural networks (RNNs) and Discrete Cosine 

Transform (DCT). 

1 Introduction 

The deadliest cancers in the world are mainly part of Lung cancer. 

However, early detection of lung cancer suggestively increases lung cancer 

survival. Lung cancer (malignant) and non-malignant (benign) are minor 

growths of lung cells. The early diagnosis of malignant nodules in the lungs 

is important in the complex pathology [1]. Early-stage lung nodules resemble 

benign nodules and require a diagnosis based on minor morphological 

changes, location, and clinical biomarkers [2]. The challenge is to calculate 

the likelihood of malignancy in early lung cancers. With needles [3], 

however, health professionals mainly use invasive techniques such as biopsy 

or surgery to distinguish between malignant and benign nodules in the lungs. 

With such delicate and delicate organs, invasive techniques are risky and 

increase patient discomfort [4-6]. 

CT is the most suitable method for diagnosing lung diseases [7]. 

However, CT scans have higher rates of false-positive results with radiation 

cancer-causing effects. Low dose CT uses contact radiation power which is 

much less than normal dose CT. The outcomes display that there is no 

important variance in sensitivity among low and standard CT images. 

However, as shown in the National Lung Study (NLST) database, there was 

a significant reduction in cancer-related mortality in selected people 

receiving low-dose CT compared to chest X-rays. Increased sensitivity to 

pulmonary nodule investigation using complex physical data (thin sections) 

and improved imaging programming techniques. However, this leads to a 

significant increase in entries. Depending on the thickness of the chip, up to 

500 slices/slices are run in one scan [8]. A qualified radiologist is required to 

examine the disc requires minutes [9-10]. The workload of the radiologist is 

considerably increased by computed tomography screening to rule out the 

presence of clots. In adding to the thickness of the CT scan, sensory 

sensitivity is contingent on nodal properties such as size, position, size, 

neighbourhood structure, edges, and density. 
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The outcomes show that only 68% of LC nodules are properly diagnosed 

when scans are examined by a radiologist, and accurate recordings are made 

in 822% of cases by two radiologists. Early detection of malignant nodules in 

the lungs is a highly problematic, streamlined and time-consuming task for a 

radiologist. It takes a long time for a radiologist to carefully filter the scans 

and there is a high chance of finding small nodules. [11]. 

In this case, a tool is desired to help the radiologist reduce the time to 

read and locate the missing nodules and locate them more accurately. 

Initially, CAD systems were developed to reduce the burden on the red 

radiologist and increase the speed of nodule detection. However, the latest 

age band of paid CAD schemes also assistances in the showing course by 

distinguishing between the nodules [12]. With the latest advances in deep 

neural networks, particularly in the field of image analysis, the CAD system 

regularly engages an experienced radiologist to locate both localized and 

localized nodes. However, with an FP of 1 to 8.2 per CAD scan, the results 

of numerous investigators show a wide search range of 38 to 100%. [13] 

Classification into benign and malignant nodules is still difficult due to the 

very close similarities in the early period. 

 

2 Related Works 

Manasee Kurkure et.al [14] has projected the method of Nave Bays and a 

genetic algorithm (GA) for identifying lung cancer nodes. The histogram was 

originally applied to the image. Strong edges have been identified by the 

Smart Edge sensor. Naval bases were used for taxonomy and the taxonomy 

was improved using a GA. An accuracy of 80%. The downside was that GA 

is slow and needs difficult calculations. 

Salsabil Amin et.al [15] introduced a technique for detecting LC using 

computed tomography. Pretreatment was carried out using stretching and 

reverse growth. An arrangement of morphological operations, threshold and 

area culture was used to separate the lung image. A rule-based classifier was 

used that condensed the number of false positives. The scheme provided an 

accuracy of 70.53%. In the upcoming, CNN or SVM will be proposed for 

classification. 

Allison M Rossetto et.al [16] implemented a CNN ensemble with a 

tuning system for differentiating CT images of the lungs. Two CNNs with 

and without the Matlab Toolkit were used. Two CNNs acquired traits and 

finished predictions. A voting scheme was used on the website. This gave an 

accuracy of 97% with the toolbox. Complex weighted reconciliation will be 

used in the future. 

P.B.Sangamithraa et.al [17] offered a scheme for classifying CT images 

of lung cancer as malignant or non-malignant.  
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The image noise was removed using a median filter and a Wiener filter. 

Fuzzy k-means were performed for segmentation and the outcome was 

refined by grouping the EK means. The functions were requested and 

transmitted to the Back Propagation Network (BPN). The scheme provided 

an accuracy of 90.87%. SVM is recommended for greater accuracy. 

Omnia Elsayed et,al [18] introduced the approach of automatic detection 

of lung cancer nodules. The image was pre-broadcast by transforming the 

pixels into Honsfield Units (HU). The area has been expanded, the chest has 

been filled to remove annoying objects. Segmentation was performed using a 

gray level threshold and the binary lung was filled to remove vascular trees 

and nodules. Draw and classify features for a combination of four 

classifications: square, linear, parsed and neural networks. The method 

achieved 98% of accuracy performance.  

Emre Dandil et.al [19] has created a CAD ideal to classify lung cancer 

types. The similarity of the histogram was used to increase the contrast by 

changing the intensity of the image. The lobes of the lobes were removed by 

morphological surgery and the remaining portions on the edge were detached 

using a double cutoff. A self-organized map was used to divide the lungs. 

The GLCM was used for feature extraction and was used for pivotal study to 

further reduce the feature. Artificial neural networks (ANNs) are 

implemented for classification. The CAD scheme showed 90.63% accuracy. 

 

 

3 Proposed System 

The proposed system determines whether a given CT image of the lungs 

is malignant or benign. Figure 1 displayed that the proposed model. It helps 

the primary detection of the disease and rises survival. In the method, CNN, 

recursive neural network and recurrent neural networks (RNNs) are 

deliberated for categorizing the image and Total Generalized Variation Fuzzy 

c-means clustering (TGVFCMS) for image segmentation. In these three 

different classification techniques are separately analysed to verify the 

proposed performance the proposed classification techniques. The 

segmentation section first uses the smoothing process executed by Total 

General Variation (TGV) to provide sound disturbance and save details. 

Second, the load factor in the local information term is to create uniform 

subscription functions that can help give the highest subscription value per 

pixel. Also, regularity parameters are used to balance the overall image and 

the importance of the penalty in each neighborhood area. The chief benefit of 

this method over traditional FCM-based methods is that the appearance of 

the distorted image can be restored with little damage. Additional to improve 

the proposed system performance in this work, the Gaussian filtering of LOG 

pre-processing and Discrete Cosine Transform (DCT) based transformations 

is applied. In the case of testing the performance of the projected methods, 

we use LIDC-IBRI dataset. 
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 Finally, the system is tested for system performance using MATLAB-

based simulation results. 

 
Figure 1 Proposed System Flow Diagram. 

3.1 Pre-processing 

Typically Laplace filters are derived filters and are used to find areas 

around the edges of an image. These derived filters are very sensitive to 

noise, so Gaussian filters are used to smooth the image. Gaussian filtering is 

performed before Laplace filtering. After these two processes, Gaussian 

filtering is applied again to smooth the images. Thus, the nodules in the lung 

area were identified more precisely. Additionally, a histogram flattening was 

used during the improvement phase to minimalize contrast changes due to 

scan errors and to eliminate needless grain. The filtering of LOG is shown in 

the equation (1) and the Gaussian filtering of LOG is shown in equation (2). 

The LoG scale-space demonstration is  

   (   )  
         

      (
      

   )                                 (1) 
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The equation (2) applied pre-processed images has been segmented 

with the help of TGVFCMS, Which is defined in below.  

 

3.2 Segmentation Using TGVFCMS 

One of the important aspects of our Total Generalized Variation 

Fuzzy c-means clustering (TGVFCMS) scheme is its noise resistance and 

edge preservation ability. In particular, the desired anti-aliasing properties of 

the TGV, make it a useful tool for measuring image properties such as noise 

removal and sharp edges preservation. To remove unwanted noise and 

artifacts from FCM-based approaches, this study adjusted the TGV during 

the smoothing period of our TGVFCMS. First, let's describe the TGV 

structure as follows: 

    
 ( )     {∫                 

  (      (  ))
 

 
               }    

(3) 

Where               and     specifies an order of TGV, and 

  (            ) signifies the positive weight to TGV.     (  ) 

Signifies the space of symmetric  - tensors. For every component 

         the l-divergence of the symmetric k tensor field is assumed by 

(     )  ∑
  

      

      

                                                   (4) 

Where   is the multi-index of order   

   {     ∑      
   }                                                (5) 

The  - norm for the symmetric k-vector field is given as 

       
   
   

,(∑
  

  
   ( ) 

    
)-                                       (6) 

The two gradient are obtained in (3) only need to be rare, which can 

noticeably reduce the scale artifacts.  

Here, we proceeds the 2
nd

 instruction TGV, that is. 
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Where   
 (      ) Shows a compactly supported vector space under the set 

of symmetric metrics     . In particular, the corresponding definitions of 

variation and criteria can be calculated as follows: 
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If the minimal solution for all vector fields is taken on   and  ( )    (    

      )    gives the symmetrized derivative. Here definition (9) shows that 

the contribution of     u to the smoothed regions is less than ∇u = v. In the 

regions adjacent to the boundary, ^ 2 u is nearby "greater" than ∇u in these 

regions, and minimization may work well for v = 0. Thus, it offers the ability 

to maintain equilibrium among the first and second derivatives (through the 

ratio of positive weights    and   . For practical purposes, the two weights 

   and   are set to 0.1 and 0.15, correspondingly. Determining the second-

order TGV can lead the projected TGVFCMS to outcomes that are more 

automatic to noise and factor retention [25]. The retrieved using the DCT  is 

defined in the next section.  

 

3.3 Discrete Cosine Transform (DCT) 

 (   )  
 

√  
 ( ) ( )∑ ∑  (   )    

(    )  

  
     

(    )  

  
   
   

   
         (10) 

 (   ) Is the     element of the image denoted by the matrix     

 is the block that the DCT is complete. The equation computes the one entry 

of (   )   converted image from the pixel value of the unique image matrix. 

The DCT transformation applied Feature extracted image is given to the 

classification section.  
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3.4 Classification Using Deep Learning Technique 

In this proposed system three different classification techniques are 

separately analyzed to prove the proposed performance the proposed 

classification techniques are CNN, recursive neural network and RNNs. The 

CNN is a matrix input based classifier so we are giving converting the DCT 

applied image as a 32X32 matrix and which is given as an input image for 

CNN Classification. But the recurrent and recursive neural network are not a 

matrix classifiers in this case the DCT applied 32X32 matrix is converted as 

a vector array and which is given as an input for recurrent and recursive 

neural network [24]. The classification techniques are defined in below.  

3.4.1Recurrent Neural Networks 

Of course, training an RNN model has two parts: forward and backward 

propagation. Forward propagation is answerable for computing the output 

values, and backpropagation is in authority for transmitting the accumulated 

remaining to adjust the weight, which is not essentially diverse from the 

normal neural network training. RNN network is showed in figure 2. 

 
Figure 2 The Unfolded Recurrent Neural Network. 

The standard RNN is formalized as follows: wher   (             ) 

training instance, a hidden states sequence   (             ), and a 

sequence of predictions  ̂ (             ). Whh is the hidden-to-hidden 

weight matrix, Whx is the input-to-hidden weight matrix, the vectors bh and by 

are the biases. The beginning function   is a sigmoid, and the classification   

function engages the SoftMax function. 

The impartial function related with RNNs for a single training pair 

(     ) is defined as  ( )    (     ̂ ) [26], where L is  called as the 

distance function. 
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which events the deviation of the predictions  ̂  from the actual labels   . Let 

k be the sum of current iterations and η signified as the learning rate. Given a 

order of labels   (             ). 

 

3.4.2 CNN Classification 

CNN is a feed-forward multilayer neural network made up of a wide 

variety of layers, including convection levels, relay levels, bond levels, and 

fully linked output levels. The CNN image is intended to identify features 

such as edges and shapes. 

 Convolutional Layer 

The first-come-first-served level in the CNN architecture is always 

controversial. Usually the input level in CNN accepts MXNX1. Here is a 2D 

image shape with separate MXN layers. CNN uses filters with certain 

parameters that have the same depth as the input image and participate in the 

image filter. A filter is a curve or shape that is combined with the input 

image. The shape of the curve in the input image signified by the filter 

paradoxically leads to higher values. The work of the coil can be signified by 

equation (11). 

 ( )  (   )( )                                                                                   (11) 

 

 Pooling Layer  

This layer is used to lessen the size of the data. Concatenation places 

matrix data in diverse segments and replaces the entire segment with a single 

value, dropping the dimensions of the metric data. Some common pooling 

functions are max pooling and middle pooling, in which the sharded matrix is 

swapped by the extreme or average of total values in the current shard (see 

Figure 3). 
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Figure 3 Typical Architecture of Some of the Pre-trained deep CNN Networks Used 

in the Study. 

 

Fully Connected Layer 

n order to conform to the network layer architecture, the layers are 

completely changed in size to the associated layer. A fully linked layer is a 

functional operation among meter and n, and every input and output 

dimension is linked to one another. A fully connected layer connects all of 

the activity from the earlier layer to the following layer of the network, as is 

normally the case with a conventional artificial neural network. 

 
Softmax Layer 

The Softmax function converts the sum of the previous input levels to the 

probability of the class. Thus, this level acts a significant part in the output, 

since the projected output is the class in which the given input has the highest 

probability. There are many DNN that are used to classify images. The first 

two kinds of detailed networks used in this study are: Linear networks, as the 

name implies, is a simple linear construction. Although we have been pre-

trained to classify further images on this network, we can convert them into 

our classification problem using the required training broadcast parameters. 

Hyperpameters are trained for all network stability. We have dates that 

have been divided into magicians for many ages and can be up to a 

maximum of 25. The mini-batch size is a sum that indicates the sum of 

samples after which the internal factors of the model will be updated. The 

size of the workout minor batch in our experimentation was 7 and the initial 

learning rate for each workout was 0.0001. 

. 
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3.4.3 Recursive Neural Network (RNN) 

As a classic neural network structure, the RNN standard is applied to 

complex symbolic free-form structures (e.g., logical words, plants, or graphs) 

that will solve the problem of a motivational core attack. Figure 4 shows that 

the RNN model. This clarifies the point. When a sentence is given, the RNN 

analyzes it in a binary semantic tree and calculates the vector demonstration 

of each word. During the forward training passé, the RNN calculates the 

ascending parent vector. The structural equation is as follows: 

 

 
Figure 4 Semantic Tree of RNN Models for Classification Task. 

 

    ( *
  

  
+   )      ( (*

  

  
+   )             (12) 

 

Where   is the activation function;           is the weight 

matrix, where d is the dimensionality of the vector; and b is the bias. Then, 

each parent vector    is given as a feature to a softmax classifier such as that 

distinct in Eq. 16 to calculate its label probabilities: 

          (    )                                                    (13) 

Where            is the classification matrix. In this recursive 

process, the results of the vector and node classification are gradually 

combined. After defining the leaf node vector, the RNN can finally create a 

semantic illustration of the whole plant in the root vector. 
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4 Result and Discussion 

The proposed scheme is tested using a Matlab with a 3.0 GHz Intel i3 

processor, 1 TB hard drive and 8 GB RAM. To determine the performance, 

the proposed scheme is compared with the traditional system on the publicly 

available LIDC-IBRI dataset, which is described in the following section.  

 

4.1 LIDC-IBRI Dataset Collection 

The Lung Imaging Database Consortium (LIDC-IDRI) image collection 

includes chest register tomography (CT) demonstrations and screen tests for 

lung lesions with extended specification lesions. This website is a global 

resource that enables personal computers to identify, diagnose, and 

demonstrate (CAD) lung lesions. To collect this information, 10 scientists 

focused on eight restored imaging institutes to collect 1,018 cases. Each 

subject records the outcomes of a two-part image representation technique 

executed by four knowledgeable thoracic radiologists, combining images 

from four clinical breast CTs and the associated XML archive. In the 

proposed system, 200 images were trained and 80 images were tested on the 

LIDC-IBRI data set. Some images of the sample data set are defined in 

Figure 5 

 

 
Figure 5 LIDC-IBRI dataset Sample Images. 

4.2. Evaluation Metrics 

Complexity score metrics are used to assess the segmentation and 

classification presentation of our scheme. For the Segmentation analysis 

accuracy (AC), Jaccard index (JSI) and Dice coefficient (DSC). For the 

Classification, the analysis parameter as sensitivity (SE), specificity (SP) and 

accuracy (AC). The performance criteria are distinct is as: 

  

    
  

     
                                             (14) 

   
  

     
                                              (15) 
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Where tp, tn, fp and fn denote the number of a true positive, true 

negative, false positive and false negative.  

4.3 Comparative Analysis Segmentation 

Fuzzy c-means (FCM), adaptively regularized kernel FCM (ARKFCM), 

feasibility model called fast and robust FCM (FRFCM) 

 

Table 1 Comparative Analysis Segmentation. 

Method DSC JSI Acc 

FCM 82.1 66.6 84.8 

FRFCM 91.1 72.4 92.6 

ARKFCM 92.0 85.8 96.5 

TGVFCMS 93.5 87.8 97.1 
 

In table 1 represent the comparative analysis of given four clustering 

model to analysis the different three parameters. In the first FCM scheme 

achieve the DCS value of 82.1%, JSI value of 66.6% and Accuracy of 

84.84%. Then FRFCM attained the accuracy of 92.6%, it is better accuracy 

value than FCM scheme. ARKFCM attained the JSI value of 85.8% and 

accuracy of 96.5%. TGVFCMS scheme attained the DSC of 93.5%, JSI of 

87.8% and accuracy of 97.1%. Compared to the other three clustering 

method. TGVFCMS achieved a better value of three-parameter. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Computed Tomography Imaging Lung Cancer Segmentation  

Using TGVFCM and Classification Using Deep Learning Techniques  9196



 
 

 

 

 
 

 

4.4 Classification Analysis 
 

Table 2 Classification Analysis. 

Input with Classifier 

model 

Sensitivity Specificity Acc 

input image with 

Recursive neural 

network (RNN) 

89.00     90.00     88.00 

input image with 

Recurrent neural 

networks 

87.00     90.00 84.00 

input image with (CNN) 91.00     90.00     92.00 

Pre-processed image 

with Recursive neural 

network (RNN) 

93.00     96.00 90.00 

Pre-processed image 

with Recurrent neural 

networks 

95.00     98.00 92.00 

Pre-processed image 

with (CNN) 

93.00        96.00 91.00 

Segmented image with 

Recursive neural 

network (RNN) 

81.11     71.11     91.11 

Segmented image with 

Recurrent neural 

networks 

90.00     94.00 86.00 

Segmented image with 

(CNN) 

97.00 98.00 96.00 

DCT applied image with 

Recursive neural 

network (RNN) 

99.16 95.33     95.71 

DCT applied image with 

Recurrent neural 

networks 

99.37 95.50    95.83 

DCT applied image with 

(CNN) 

99.50 93.50     96.58 

 

 

In table 2 described the analysis of the comparison of different three 

classifier model by given different inputs such as raw input images, pre-

processed image and segmented images. In first raw input, images is given to 

the RNN classifier to achieve the accuracy of 88%. And the same input is 

given to the Recurrent neural networks to achieve the 84% of accuracy. 
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 In the same input is given to the CNN classifier to attain the accuracy of 

92%, it is a better value than the other two classifiers. Then the input of pre-

processed image is given to the classifier as RNN achieve the accuracy value 

of 90% and Recurrent neural networks achieved the accuracy value of 92% 

and specificity value of 98%, then final CNN classifier attained the 

specificity value of 96%, the sensitivity of 93% and accuracy value of 91%. 

In next, input image of segmented images is given to the classifier to achieve 

the performance of RNN attained 91.11% of accuracy and Recurrent neural 

networks achieved the accuracy of 86%. Another CNN achieved an accuracy 

of 96%. And then the input of DCT applied image is given to the three 

classifier model as RNN achieved the accuracy of 95.71%, specificity of 

95.33%, then Recurrent neural networks classifier attained the specificity of 

95.50% and accuracy of 95.83%. Finally, the CNN classifier attained the 

sensitivity of 99.50%, the specificity of 93.50% and accuracy of 96.58%. 
 

4.5  Comparative analysis Classification 

Table 3 Comparative Analysis Classification. 

Reference Year Segmentation Classifier Acc (%) 

SurenMakaju 

[23] 

2017 Watershed SVM 92 

S.Kalaivani [24] 2017 Thresholding Feed forward 

and BPN 

78 

P.B.Sangamithra

a [17] 

2016 Fuzzy k means BPN 90.87 

Salsabil Amin 

El-Regaily [15] 

2017 Morphological 

operations+ 

threshold + 

region growing 

Rule based 

classifier 

70.53 

Shaukat et al. 

[20] 

2019 Morphological 

operations 

Artificial neural 

network 

93.12 

El-Regaily et al. 

[21] 

2017 -- Simple rule-

based classifier 

70.5 

Hancock et al. 

[22] 

2017 -- Nonlinear 88.0 

Proposed 2020 TGVFCMS Recursive 

neural network 

(RNN) 

95.71 

Proposed 2020 TGVFCMS Recurrent 

neural networks 

95.83 

Proposed 2020 TGVFCMS Convolutional 

Neural Network 

(CNN) 

96.58 
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In table 3 describe the analysis of the comparison of existing methods 

with our proposed system. The author Suren Makaju [23] used the Watershed 

in segmentation and SVM for classification to achieve the accuracy of 92%. 

And S.Kalaivani [24] used Thresholding for segmentation and classification 

process by used Feedforward and BPN to attain the accuracy of 78%. 

P.B.Sangamithraa [16] used the Fuzzy k means and BPN method used to 

achieve the accuracy of 90.87%. Then Morphological operations+ threshold 

+ region growing and Rule-based classifier used to attain the accuracy of 

70.53%. Hancock et al. [22] used nonlinear classifier to achieve an accuracy 

of 88%. El-Regaily et al. [21] has used the Simple rule-based classifier to 

achieve the accuracy of 70.5%. However, we used TGVFCMS for 

segmentation process and Recursive neural network (RNN) for the 

classification process to attain the accuracy of 95.71%. And also analysis the 

accuracy by using Recurrent neural networks achieved the accuracy of 

95.83%. Finally, the TGVFCMS for segmentation and classifier as 

Convolutional Neural Network (CNN) used to gain the better accuracy of 

96.58%, in this comparisons proposed segmentation method with CNN 

classifier achieved the better accuracy results. 
 

5 Conclusion 

The proposed system for the classification and analysis of pulmonary 

nodules in the early stages and aims to reduce the sum of false positives. The 

lung CT image was used to analyses for the malignant nodules present or not. 

In this paper, CNN, recursive neural network and recurrent neural networks 

(RNNs) are deliberated for categorizing the image and Total Generalized 

Variation Fuzzy c-means clustering (TGVFCMS) for image segmentation. In 

these three different classification techniques are separately analysed to 

verify the proposed performance the proposed classification techniques. 

Regularization parameters are used to balance the overall image and the 

reasonable intensity of the penalty in each neighborhood area. The chief 

benefit of this method over traditional FCM-based approaches is that it can 

restore image patterns with high noise and low loss. Additional to improve 

the proposed system performance in this work, the Gaussian filtering of LOG 

pre-processing and Discrete Cosine Transform (DCT) based transformations 

is applied. The experimental results of Dice coefficient 93.5%, Jaccard index 

87.8% and accuracy 97.1% for segmentation for classification of proposed 

CNN has archive sensitivity 99.50% specificity 93.50% and accuracy 

96.58% superior results were obtained compared to the traditional methods. 

The result analysis displays that the CNN classifier is well suitable for image 

classification. 
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