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Abstract: 

In today’s worldwide health scenario, 
Lung Cancer has the highest rates of mortality 

and morbidity. The accurate and clinical 

staging of lung cancer category can effectively 

reduce the death rate, since the treatment phase 

requires the specific stage of cancer. However, 

the staging of lung cancer still remains 

challenging, requires more efforts. The 

Computed Tomography images (CT) images 

are utilized for the Computer Aided Diagnosis 

based cancer diagnosis. With that note, this 

paper develops a Volumetric Analysis for 

Lung Tumor Staging and Classification (VA-

LTSC), in which the stages are classified 

based on Tumor Nodule Metastasis (TNM) 

with Machine Learning and Deep Learning 

Models Moreover, the proposed model 

comprises different phases. The results are 

measured using inputs from LIDC-IDRI and 

LUNA 16, based on classification accuracy, 

model effectiveness and time complexities and 

in all, the proposed model outperforms the 

existing results. 

Keywords: Lung Tumor, Volumetric 

Analysis, FCM Clustering, Segmentation, 

Neural Networks, Classification, Tumor Stage.  

1. Introduction: 

In present scenario of human lives, 

cancer is a remarkable health problem 

worldwide with higher rates of mortality. 

Among all cancer types, Lung Cancer is the 

most deadly in both genders. Lung Cancer can 

also be stated as Carcinoma, which is the 

formation of cancerous nodules, with 

uncontrolled tissue growth. The rate of lung 

cancer survivors is very minimal 

approximately 12% with the life span of 5 to 6 

years. However, the major problem is the late 

diagnosis of cancer may cause the treatment 

process very complicated and mainly 

minimizes the rate of survival. Hence, the 

earlier detection of lung cancer can effectively 

increase the survival rate of patients by 

providing treatments on time, limits the 

mortality rate. Based on the tumor cell 

features, the lung cancer can be classified into 

two categories, as, small cell lung cancer and 

non-small cell lung cancer. Among two, the 

most common cancer type is the non-small cell 

lung cancer and the rare one is the small cell 

lung cancer. Additionally, lung tumor staging 

can be processed with the growth rate of 

cancer cells and tumor size. The general 

operations involved in process of lung tumor 

diagnosis are portrayed in Figure 1.  

 
Figure 1: General Framework of Lung 

Cancer Diagnosis 

In clinical practice, the brutality of lung 

cancer can be described as different levels 

based on the Tumor, Node and Metastasis 

(TNM) model [1]. In that Tumor (T) measures 

the features of the primary tumor like location, 

size and nodule presence. The Tumor (T) 

based categorization can be effectively from 

the input CT scan images. Another descriptor 

(N) considers the regional lymph nodes, in 

which the CT cannot be effectively used for 

the detection [2], [3], [22], [23]. And, ‘M’ 
evaluates the growth rate of tumor to the extra-

thoracic organ, through the brain, liver, bones 

and so on [4], [24], [25]. Moreover, staging 

can be accurately done with some advanced 

and additional computations. Based on 

mailto:jagadeeshjpsmk@gmail.com


anatomic features, the T-Stages can be further 

categorized, which is presented in Table 1, as 

in 4 stages.  

i. Stage 1: the cancer cells are 

impounded to the lung area 

ii. Stage 2 and Stage 3: Cancer growth is 

within the chest area 

iii. Stage 4: Spreading of cancer to other 

body parts 

Table 1: T-based Lung Cancer Staging 

Cance

r 

Stage 

Tumor Sizes (TS) Invasion 

T1 

T1a 

T1b 

 

 

Area is 

covered 

by 

visceral 

pleura 

attacked 

in the 

lobar 

bronchus 

T2 

T2a 

T2b 

Attacks 

the main 

bronchus 

and 

presented 

in the 

hilar 

region 

T3 Attacks 

the chest 

wall, 

pericardiu

m and 

phrenic 

nerves.  

T4 
 

Diaphrag

m and 

vessels, 

trachea 

are 

attacked  

 

Based on the Lung Cancer staging 

criteria, the proposed work concentrates on 

developing Accurate Multi-Level 

Classification Model for Lung Cancer 

Diagnosis and Staging, using the CT lung 

images as input, which is more reliable with 

minimal distortion and better clarity. 

Furthermore, the contributions of the proposed 

model are provided below.  

1. The input CT images are pre-processed with 

Median and Adaptive Median Filter.  

2. Segmentation is processed with GC-PSO for 

exactly locating the cancer area 

3. First Level Classification is determined with 

SVM for classifying Normal and Abnormal 

classes. 

4. Second level classification is processed 

based on the tumor size measurement for 

classifying the lung images based on the Table 

1 criteria, using Adaptive Neuro Fuzzy Model.  

5. The obtained results are evaluated based on 

metrics such as, sensitivity, specificity, error 

rate, accuracy and time effectiveness. 

The remainder sections are framed as 

follows: Section 2 describes about the image 

processing and machine learning techniques 

involved  

Among various tumor types, lung 

tumor is life threatening and common, can be 

classified as follows,  

i. Small Cell Lung Cancer (SCLC) 

ii. Non-Small Cell Lung Cancer (NSCLC) 

Further, the NSCLC types are 

classified into the following sub-groups based 

on the Tumor (T), Lymph Node (N), and 

Metastasis (M)- TNM based staging, defined 

as, American Joint Committee on Cancer 

Classifiers. The classification of lung tumor is 

presented in Figure 2.  

 
Figure 2: Types of Lung Tumor 

Further, the lung tumor staging can be 

processed with the following steps [7]. 

1. Stage I- tumor cells are detained only to the 

lung 

2. Stage II- tumor cells are extended to the 

chest region 

3. Stage III- Large tumor cells those are 

constant to the chest region 



4. Stage IV-Tumor cells that are extending to 

the remaining parts of the body 

The proposed model uses the input CT 

image for processing and classification. The 

contributions of this proposed work is 

provided below.  

 

1. The background separation for lung images 

is processed with global thresholding.  

2. Image pre-processing is done with 

morphological operations. 

3. The lung image segmentation is processed 

with FCM based clustering 

4. Deep Neural Networks (TNM) are used for 

lung tumor staging and classification  

5. Performance evaluations of the 

classification based on metrics such as, 

precision, accuracy rate, error rate, recall and 

time complexities. 

6. For evidencing model efficiency, the 

comparison evaluations are carried out with 

the existing model.  

The remainder of this paper is 

organized as follows, Section 2 describes 

about the methods and materials of existing 

work. The working procedure of the proposed 

model is clearly explained in Section 3. The 

Section 4 presents the implementation process 

and result evaluations of the proposed work. 

Further, the conclusion and future work is 

provided in the final section 5.  

 

2. Related Works: 

An automated Tumor Diagnosis model 

from CT Lung images has been proposed in 

[26], using Marker-Controlled Watershed 

algorithm. For classification, Support Vector 

Machine (SVM) has been used. The input CT 

lung images are pre-processed using Gabor 

Filter. The significant features such as area, 

perimeter and eccentricity, and given for 

training and testing. However, the accuracy is 

not as expected in cancer staging. In [5], [27], 

sharpening methods are used for results 

enhancement in addition to the marker-

controlled watershed based segmentation. 

The work presented in [6], [28], uses 

the Multi Class SVM, for cancer detection. For 

pre-processing, median filter has been adopted, 

in which the detection process has been 

determined in 3 stages. Deep learning methods 

are incorporated in [29] for providing better 

rate of accuracy in cancer image detection. 

Convolution Neural Networks (CNN) is the 

commonly used deep learning model for 

effective lung tumor detection. In [8], [30], 

Double Convolutional Deep Neural Network 

(CDNN) has been used for tumor staging. The 

dataset images were obtained from the 

Laboratory of Neuro Imaging (LONI) dataset, 

in which the sample images are categorized 

into pile 1 and pile 2, as, cancerous and non-

cancerous, respectively. Moreover, the work 

utilized k-Means clustering for classification. 

And, the model has been combined with 

convolutional layer and additional pooling 

layer for accurate results.  

In [9], [31], Level set-Active Contour 

Modeling has been used for lung tumor 

detection, used histogram based feature 

extraction. Another work in [10], [32], the 

input images were enhanced with the effective 

incorporation of Gabor Filter, and Fast Fourier 

Transform (FFT). And, segmentation has been 

processed with thresholding and watershed 

model. The works [11], [12], [13], [14], [15], 

[33], [34], [35], [36] and [37] used Grey-Level 

Co-occurence Matrix (GLCM) for feature 

extraction. Moreover, the works [16], [17], 

[38], [39], used Local Binary Pattern (LBP) 

based segmentation. The paper [40] utilized 

wavelet transform based feature extraction to 

extract the texture features of lung images. In a 

different manner, Genetic Algorithm (GA) has 

been enforced in [19], [41] for cancer 

diagnosis. However, the feature detection 

process is complicated with the number of CT 

images creates time complexity.  

The survey works presented in [18], 

[42], [43], [44] described various techniques 

used for lung tumor diagnosis. And, the review 

work in presented the evolutionary algorithms 

incorporated in caner image diagnosis.  

 

3. Proposed Work: 

The main objective of the proposed 

model is lung cancer staging, for that, the 

proposed model comprises of the following 

sections,  

1. Pre-Processing with Adaptive 

Median Filter 

2. Tumor Segmentation 

3. Feature Extraction 

4. First Level Classification 

5. Second Level Classification 

6. Result Analysis 

The diagrammatic representation of 

the proposed model work flow is clearly 

depicted in Figure 2. For that, the input images 

are obtained from benchmark lung image 



datasets. The input CT image contains some 

noises, which can be processed with filter.  

3.1. Image Pre-Processing: 

In this process, Adaptive Median 

Filtering, which are nonlinear is used for 

reducing the noise from input image. The 

function includes the edge preserving 

smoothing operations, in which the sharp 

edges are smoothened, with the effective 

determination of median value as presented in 

(1).  

     (1) 

where,  are the two 

images.  

3.2. Tumor Region Segmentation: 

The lung images comprises of large 

region of air, in which the radiographic density 

ranges from -600 HU to -400 HU in the 

images. The significant part is to separate the 

air-fillled regions from the lung tissues. 

Moreover, each pixel of the tumor region 

denotes the gray rate based on the HU value of 

the anatomical structure of lungs. The 

connectivity of pixel grey rate and the 

corresponding density is given as,  

  (3) 

Where, ‘ ’ denotes the rescale 
intercept and the slope rate determined by ‘n’. 
Here, the segmentation is processed with 

Guaranteed Convergence Particle Swarm 

Optimization (GCPSO). 

3.3. Feature Extraction Operation: 

After segmentation, feature extraction 

operations are employed for obtaining 

significant features of input CT images for 

performing efficient training and testing in 

first and second level of classifications. 

Moreover, the probability mass function is 

determined from the input histogram images, 

which are further processed with the following 

steps.  

i. Determine the Cumulative 

Distributive Function (CDF) based on the gray 

levels 

ii. Gray levels are determined by,  

     (4) 

iii. The new gray levels are mapped 

with the number of pixels and the equivalent 

histogram is determined.  

The process of feature extraction 

extracts the most important features of 

segmented lung tumor, which is provided as 

the input for the classification model. The size 

and shape of the tumor image is accurately 

measured with the determinations of three 

following geometric features, which are, area, 

perimeter and eccentricity.  

i. Area of the segmented cancer is 

computed based on the number of pixels that 

are in the lung nodule. The computations are 

carried out with the binary image by the 

summation of pixel rates in the image.  

ii. Perimeter is the factor defines the 

scalar quantity provides the total pixel denotes 

the tumor border. It is computed with adding 

the registered value with 1, at the boundary.  

iii. Eccentricity (EC) is the factor can 

be defined as irregularity index or the 

roundness. The computation is given as,  

 (5) 

3.4. First Level Classification: 

For performing first level 

classification, the cancerous and non-

cancerous images are separated from the input 

CT images. For that, Support Vector Machine 

based classification technique is incorporated, 

which is efficient in performing binary 

classifications. The technique defines the input 

vector, which is having the high-dimensional 

space. With that, the optimal hyper-plane is 

determined.  Moreover, by the effective 

determination of optimal hyper-plane, the 

appropriate classification results for cancerous 

and non-cancerous images are determined. 

And, the equation is given as,  

    (7) 

Where, ‘ ’ is the number of CT image 

samples, ‘ ’ perpendicular vector that 
separates the hyper-plane and ‘N’ is the offset 
factor. And, the pictorial representation in 

presented in Figure 3. In SVM, the extracted 

features are used for training the model and 

perform appropriate classification during the 

process of training. The result classifies the 

input images under cancerous and non-

cancerous images. And, the non-cancerous 

images are further given for second level 

classification. In second level classification, 

the images are further processed for perform 

cancer staging.   

 



3.5. Second Level Classification: 

The main objective of the second level 

classification is to determine the cancer 

staging appropriately, as, Stage I, Stage II, 

Stage III and Stage IV. Based on the results, 

the earlier treatment can be effectively 

provided to the patients and thereby, mortality 

rate can be reduced to the whole. For that, 

Neuro Fuzzy Interface Model is used in this 

phase of work for cancer staging. Furthermore, 

the classifier is built with Sugeno Fuzzy 

Interference Model, effectively performs with 

conditional cases, IF-THEN. And, the 

classifier model with Neuro Fuzzy Interface 

comprises of five layers for performing 

accurate results.  

 
Figure 3: SVM in Binary 

Classification 

1. In the first layer, the extracted 

feature vectors are converted into levels as, 

low, medium and high, ranges between 0 and 

1. And, the output of this layer is determined 

as the fuzzy facto’s grade point. Further, the 
factors with comprehensive bell function (bf) 

is given as,  

 (8) 

Where, ’ is the center of curve, ’ 

is the its width and ‘ ’ is the slope of curve. 
Based on the computations, the curve 

parameters are changed with respect to the 

fuzzy factors and defined with the fuzzy-rule 

set using IF class.  

2. Second layer for framing the fuzzy 

rule set for performing training operations. The 

execution of this layer is processed with the 

formation of fuzzy rule sets based on IF-Then 

Classes.  

3. The third layer also defines the rule 

set with fuzzy logics with respect to the 

normalized derivations based on the previous 

level.  

4. The resultant parameter is provided 

at the fourth layer, represents THEN condition 

for processing.  

5. The collective results are 

determined in the fifth layer by combining the 

previous layer results based on the feature 

vectors (F).  

The classifier results four classes, as, 

Stage I, Stage II, Stage III and Stage IV based 

on the extracted features. Moreover, the Rule-

set (RS) based fuzzy interference is computed 

in the following equation.  

     (9) 

3.6. Metrics for Result Analysis: 

For evaluating the performance of the 

proposed model for cancer staging, different 

evaluation metrics are used. The statistical 

measures such as, classification accuracy 

(CA), Precision Value (PV), Sensitivity, 

Specificity, F1 Score, Area under the ROC 

(AUC) are used. Here, the CA is calculated 

based on the cross-validation of the processing 

with training and testing operations with input 

CT images. For determining the metric results, 

the results of True Positive, True Negative, 

False Positive and False Negative rates from 

the classification results.  

The CA is defined as the ratio of 

number of correctly classified samples to the 

total amount of images taken. Here, the k-fold 

cross validation is processed with the 

classification result; average error rate is 

calculated, based on the following equation.  

 
     (10) 

Other computations for Precision 

Value (PV), Sensitivity, Specificity, F1 Score, 

Area under the ROC (AUC) are provided 

below.  

 (11) 

                   
(12) 

             

  (13) 

(14) 



 (15) 

 

This section describes the working 

process of the proposed model for appropriate 

lung tumor segmentation and staging. As the 

model concentrates on measuring the volume 

of tumor cell, the three dimensional 

reconstruction of CT image is defined with 

width and height of each pixel. Here, the pixel 

volume can be computed as 3D voxel. For 

appropriate tumor segmentation, 

morphological operations are processed. Then, 

FCM algorithm is used for grouping up of the 

pixels into three clusters as, background cells, 

tumor cells with airways and soft lung tissues, 

based on their intensity rates. The clusters 

including tumor cells are further considered 

for airways removal with respect to the tumor 

cell properties. Based on the size of the tumor, 

staging will be performed using the Deep 

Learning model called, Deep Neural Networks 

(DNN).  

3.7. Fuzzy C Means Clustering for Lung 

Tumor Segmentation: 

FCM based image segmentation is 

used here for making exact decision making 

and clinical analysis. The segmentation is 

processed with contouring based process. 

Based on that, similar clusters are formed by 

combining the pixels in the feature space as in 

Figure 4. And, the steps for processing in FCM 

for lung tumor segmentation are presented 

below (given in Figure 5).  

i. choosing two centroids with minimal value 

ii. Assign values for centroids 

iii. Compute Membership Matrix 

   (16)  

Here, ‘M’ denotes the cluster number, where 
‘MM’>1.  
iv. Compute centroids for clusters 

   (17) 

 
Figure 4: Clusters by combining Pixels 

The computation process continues till 

the complete segmentation of cancer nodule is 

determined and the numbers of iterations are 

noted.  

 

 
Figure 5: Process of FCM 

3.8. Lung Tumor staging using Deep Neural 

Networks (DNN): 

In this section, DNN is used for tumor 

staging based on TNM based shape 

evaluations. The framework of deep neural 

networks comprises of hidden nodes that were 

enhanced for processing with complex 

calculations. The framework of DNN model 

for lung tumor staging is depicted in the 

following figure 6.  

In performing TNM based 

classification, lung tumor classifies the tumor 

nodule from benign to malignant, into four 

stages. Each tumor stage illustrates the 

survival rate with decisions for treatments 

based on tumor shape and size. Based on the 

diameter of the tumor nodule, the primary 

tumor (T) is classified as, { }, 

the regional lymph nodes (N) 

{ }, and, the distant 

metastasis (M) is categorized as, 

{ }. According to the sub-staging, 

the final stage of tumor is diagnosed. 

Load Image 

Initialize Number of Clusters 
and Fairness Factors 

Compute Distance value 

Distance 
value=Threshold 

Rate 

Update Membership value 

Update Cluster Centroid 

Compute Objective Function 

Segmentation Process 

Yes 

No 



 
Figure 6: Architecture of DNN for Lung 

Tumor Staging 

 

Moreover, the tumor spreading is 

occurred based on tumor diameter, spreading 

rate of lung nodule and lung metastasis. In the 

proposed model, the diagnosed tumor cell is 

categorized into ‘T’ sub-stage, as the other 

type of staging requires regional and distant 

rate of tumor data. The diameter and center of 

the tumor nodule was calculated based on the 

connected regions feature. The maximal rate of 

diameter of two planes (XY) is selected as the 

larger diameter of the three dimensional rate of 

the primary tumor and the cented connected to 

the larger diameter is selected as centroid. The 

tumor diameter is vital as a minor variation, 

significantly changes the treatment process and 

recovery rate of the patient.  

In the training process of the model, in 

each layer of DNN, the random weight is 

derived with respect to the Gaussian 

distribution rate. And, the output is evaluated 

with respect to the operations of forward and 

backward propagation. The lung tumor staging 

and classification was determined and 

computed based on the categorization.  

 

3.9. Result Evaluation Metrics: 

For analyzing the model performance 

of the proposed work, the factors such as 

Classification Accuracy (CA), Precision Value 

(PV), Sensitivity, Specificity, Error Rate (ER) 

and F1-measure. The evaluations are 

processed based on True Positive (TP), True 

Negative (TN), False Positive (FP) and False 

Negative (FN) values.  

 

a. Classification Accuracy: 

CA can be defined as the amount of 

correctly classified CT images to the amount 

of total images tested. The computation is 

given as,  

    (18) 

b. Precision Value: 

Precision Value can be calculated 

based on the classification of appropriate 

stages. And, the formula is given as,  

   (19) 

c. Sensitivity: 

Rate of sensitivity is defined as the 

True Positive rate obtained from the results 

and the formula is given as follows,  

    (20) 

d. Specificity: 

Rate of Specificity is computed based 

on the true negative rate, can also be denoted 

as Recall and the computation is given as,  

         (21) 

e. Error Computation: 

The average error rate in diagnosing 

the tumor staging is calculated as in the 

following equation.  

 

     (22) 

e. F1-Measure: 

F1 measure is calculated from the 

precision value and recall rates of previous 

results. 

  (23) 

4. Dataset Description: 

The input lung CT images are obtained 

from two datasets, Lung Image Database 

Fully Connected 

Fully Connected 

Fully Connected 

Fully Connected 

Softmax  Layer 

28  28  1 

784  1 

512  1 

256  1 

64  1 

Input   Layer 

Stage II Stage III 

2  1 

Input Attributes 

Output Layer 

Hidden Layer 

Stage I Stage IV 



Consortium (LIDC-IDRI) [20] and LUNA 16 

dataset [21]. The LIDC-IDRI dataset 

comprises of 1018 patients that are obtained 

from seven academic centers and medical 

imaging companies. The data contains an 

XML file with explanations of CT scan. There 

are 244, 527 CT image from 1010 patients in 

the data set. Based on that, the detection 

process is done at two levels, as, patient level 

and nodule level. Here, the DICOM images are 

with resolution 512×512, in which the width 

ranges from 65 to 764 slices.  Further, another 

dataset LUNA 16 is the subset of LIDC-IDRI 

dataset, comprises of heterogeneous scans. 

Since, the CT lung images are very thin slices, 

the slice thickness with more than 2.5 mm are 

avoided. There are 36,378 CT images, which 

are classified as nodules greater than 3 mm 

and non-nodules. The lung nodules with 

different headers that is nearer than the 

summation of the radii that is merged. The 

data set results in framing 2290, 1602, 1186 

and 777 nodules. The sample images from the 

aforementioned two data sets are presented in 

Figure 7.   

 
(A) 

 
(B) 

Figure 7: Sample Lung Input Images from 

LIDC-IDRI (A) and LUNA 16 (B) datasets 

The proposed model is trained with 

input samples from Lung Image Database 

Consortium (LIDC-IDRI) [29] [30]. The 

dataset includes images from medical imaging 

companies and academic centers. Additionally, 

the samples are categorized into three groups, 

as follows.   

 
All the images in the dataset are with 

512×512 resolution rate and width is given as, 

65-760 slices. The different images from the 

dataset, used for training and testing, are 

presented in Figure 8.  

 

 
Figure 8: Samples from Dataset 

 

5. Results and Discussions: 

The Genetic algorithm, Machine 

learning algorithm and Deep learning 

techniques are employed in this analyzing 

Lung cancer CT images and results of 

classification process are discussed here.  The 

performance is analysed with the classification 

of images on the following values,  

i. True positive 

ii. True negative 

iii. False positive 

iv. False negative  

By determining the above values, the 

sensitivity (True Positive Rate), Specificity 

(Recall), Precision and Accuracy Rate are 

calculated.  

5.1 Filters in Image Pre- processing 

The Lung cancer CT images are 

preprocessed using average filter, Median 

filter and adaptive bilateral filter. The results 

of SSI and SMPI as explained before, which 

are discussed for the average filter, median 

filter and adaptive bilateral filter. Table 2 



shows the SSI and SMPI value for the three 

filters. 

Table 2: SSI and SMPI 

measurement for Average filter, Median 

filter and Adaptive bilateral filter 

Sample 

Images 

SSI SMPI 

Mean 
Medi

an 

Adapt

ive 
Mean 

Medi

an 

Adapt

ive 

Image 1 
0.808

6 

0.820

8 

0.962

1 

0.963

8 

0.978

8 

0.985

7 

Image 2 
0.808

7 

0.823

2 

0.965

8 

0.945

2 
0.959 

0.989

5 

Image 3 
0.809

1 

0.820

9 

0.958

8 

0.969

6 

0.979

9 

0.988

3 

Image 4 
0.793

7 
0.808 

0.967

1 

0.970

3 

0.983

6 

0.995

8 

Image 5 
0.807

8 
0.822 

0.970

5 

0.970

6 

0.983

3 

0.985

1 

5.2 Segmentation results 

The Lung cancer CT images are 

segmented using particle swarm optimization 

(PSO), Guaranteed Convergence particle 

swarm optimization (GPSO), and Modified 

GPSO and Fuzzy C-means techniques. The 

figure 9 and 10 depicts the true positive and 

true negative comparison and false positive 

and false negative comparisons respectively 

for the PSO, GPSO, MGPSO and FCM 

methods that have been implemented and 

described. 

 
Figure 9: True positive and True negative 

rate (PSO, GPSO, M-GPSO, FCM) 

 
Figure 10: False positive and False negative 

rate (PSO, GPSO, M-GPSO, FCM) 

 

5.3 Classification Results 

The results that obtained from 

segmentation are classified by PNN, Multi 

level classification and DNN method. The 

classification performances of PNN for 20 

sample images are depicted in table 3 In 

MGCPSO, a new particle (φ) identical to 
GCPSO is created, which searches the region 

surrounding the current personal best position.  

 

Table 3: Overall classification 

performance 

 

Metric  PNN  Multi-Level  DNN  

TPR  95.35  97.013  98.17  

TNR  94.6  95.3  97.4  

FPR  0.026617 0.053312  0.063955  

FNR 6.9724  4.0074  3.8283  

Precision  93.0276  95.9926  96.1717  

Accuracy  94.4736  95.7814  96.99625  

 

Table 4 depicts the comparison of 

classification accuracy of the existing and 

proposed methods. Chaunzwa, T. L(2021) 

have implemented KNN model for cancer 

image classification and obtained 71% of 

accuracy; also implemented Linear SVM and 

obtained 68% of classification accuracy; and 

by CNN model obtained 72% of classification 

accuracy. Qin R(2020) have implemented 

CNN (multi grained method) and obtained 

72% of classification accuracy.  

 

Table 4: Comparison of existing and 

proposed method 

  Methods 

Accuracy 

% 

Proposed 

PNN 94.4736 

  Multi-level 

Classification 95.7814 

DNN(Volumetric 

Analysis) 96.99625 

Chaunzwa, T. 

L(2021) 

KNN 71 

linear SVM 68 

CNN 72 

Qin,R(2020) 
CNN(multi 

trained) 72 

 



 
Figure 11: Comparison of existing 

and proposed method 

  The proposed 

methodologies as described, the classification 

accuracy that have obtained is better while 

comparing with the above-mentioned 

methodologies. Figure 11 shows the 

comparison of existing and proposed 

methodologies. The proposed DNN technique 

along with the Fuzzy C- Means segmentation 

obtains the highest classification accuracy as 

96.99625%. 

6. Conclusion and Future work 

By comparing classification 

techniques along with the work methodologies 

the Deep learning technique that implemented 

to identify the sub stages of the tumour obtains 

the better accuracy results. This volumetric 

analysis identifies the tumour size, shape and 

location based on the tumour nodule 

metastasis. Whereas the PNN classification 

along with MGPSO segmentation identifies 

the tumour and Multilevel classification using 

SVM classification along with PSO 

segmentation identifies the tumour stage. In 

future, the model can be further enhanced for 

processing with real-time medical data for 

appropriate diagnosis and staging. 
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