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Abstract :  Cancer is the uncontrolled growth and division of cells. Oral cancer is the type of cancer which originates in the oral 

cavity or the visible region of the open mouth. Oral cancer occupies the sixth position among all types of cancer in terms of 

mortality rate. The gold standard to diagnose is to analyse the photomicrograph of the biopsy sample which is stained with the 

H&E stain. The analysis of above mentioned photomicrographs is still done through visual inspection of the pathologists. In this 

paper, we apply the transfer learning technique on three popular deep learning models to classify the above mentioned 

photomicrographs into the images obtained from the biopsy of a normal tissue or of cancer affected tissue. Through experimental 

analysis, we obtained the accuracy of 93.33%, Sensitivity of 100%, Specificity of 80% and Precision of 90.91%. 

 

IndexTerms – Deep learning, Squamous Cell Carcinoma, Classification. 

  

I. INTRODUCTION 

Oral cancer is the cancer which can originate in the oral cavity which includes lips, tongue, gums, hard and soft palate and the 

buccal mucosa i.e. the soft tissue beside the molar teeth. The survey(Jemal, et al., 2011) on the incidence and mortality numbers of 

Oral cancer in 2012 reported 300,400 new cases and 145,400 deaths. Five year survival rate is the patient survival probability after 

five year from the date of diagnosis. This Five year survival rate is directly related to stage at diagnosis (Neville, et al., 2002). Most 

of the cases are diagnosed at T2 (>2cm) stage (Guggenheimer, et al., 1989)  at which the treatment effectiveness is reduced to a 

much greater extent. Both the patients and the doctors contribute for the delayed diagnosis. Doctors contribution to late diagnosis is 

because the cancer tumor in its initial stage resembles a benign mouth ulcer.  

The gold standard in the diagnosis of oral cancer is through the analysis of H&E stained photomicrograph which are obtained 

through the biopsy process. This analysis of photomicrographs is still done through the visual inspection which is a qualitative 

process. Up to 10% of discrepancies can arise from the analysis of the photomicrographs by the pathologists (Edwards., et al.,  

2015)  This motivated us to look for an automation in the analysis of the photomicrographs so that there is as less as possible the 

influence of the pathologists in the classification of the photomicrographs into benign and malignant class. Figure 1(a) depicts the 

normal H&E stained photomicrograph whereas Fig. 1(b) depicts the H&E stained photomicrograph of cancer tissue. 

II. MATERIALS AND METHOD 

We have used three of the most popular deep learning models for the above mentioned classification. Deep leaning models 

employ the convolutional neural network layers to classify the images into many desired classes. These are trained to classify 

images depending on the object they contain. These objects are the one which are present in out day to day photographs like 

vehicles, animals, humans, furniture, trees and plants, gadgets etc. We do the transfer learning on the deep learning models so that 

the models which are trained to classify the images depending on the common objects will use the same knowledge (transfer of 

learnt knowledge) to classify the pathological H&E stained photomicrographs into benign and malignant classes. Some common 

layers of convolutional neural network are 2D convolution layer (equantion 1), ReLU layer (equation 2), Pooling layer. 

  
Figure1: (a) Normal Photomicrograph, (b) Cancer photomicrograph 
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VGG 19 (Simonyan, et al., 2015), Resnet 101 (Kaiming, et al., 2015) and Inception V3 (Szegedy, et al., 2016) are the three 

models used in our study.VGG 19 consisits a total of 41 layers out of which there are 13 convolution layers, Resnet 101 consists a 

total of 345 layers out of which there are 104 convolution layers and in Inception V3 there are a total of 315 layers out of which 

there are 94 convolution layers. 

While doing transfer learning, the models which are trained to classify the image into 1000 different classes are now being 

made to classify the image into only two classes. For this, we truncate the model’s last three layers and add dense layer, softmax 

layer. The layers names which are being truncated for different models are being provided in the Table 1. 

In our analysis, for training, we have used 88 photomicrographs belonging to cancer and 16 photomicrographs belonging to 

normal tissue. Our testing dataset consists of 10 photomicrographs belonging to cancer and 5 photomicrographs belonging to 

normal tissue. 

Table 4.5: Layer modification in Model-TL approach 

Model Resnet101 VGG  19 Inceptionv3 

Fourth  Layer from last 

before Truncation 

'pool5' 'drop7' 'avg_pool' 

Last three Layers 

Removed 

'fc1000', 'prob', 

'ClassificationLayer_predictions' 

'fc8', 'prob', 'output' 'predictions', 'predictions_softmax', 

'ClassificationLayer_predictions' 

 

III. RESULTS AND DISCUSSION 

The confusion matrix parameters for training are given in Table 2 where as Table 3 provides the testing confusion matrix 

parameters. Figure 2 depicts the graphical representation of Table 2 where as Fig. 3 gives the graphical representation of Table 3. 

The Performance metrics of the training is given in the Table 4 which is shown graphically in Fig. 4. Table 5 provides the 

performance metrics of the test data set which is shown graphically in Fig. 5. 

Table 2: Training Confusion Matrix Parameters 

Training Confusion 

Matrix 
VGG19 Resnet101 InceptionV3 

TP Rate 100% 100% 100% 

FN Rate 0% 0% 0% 

FP Rate 0% 6% 19% 

TN Rate 100% 94% 81% 

 

 
Figure 3: Training Confusion Matrix Graph 

Table 3: Training Performance Metrics 

Training Rates VGG 19 Resnet 101 Inception V3 

Error Rate 0 0.96153846 2.884615385 

Accuracy 100 99.0384615 97.11538462 

Sensitivity 100 100 100 

Specificity 100 93.75 81.25 
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Precision 100 98.8764045 96.7032967 

 

Figure 3: Training Performance Graph 

Table 4: Testing Confusion Matrix Parameters 

Testing Confusion 
Matrix 

VGG 19 Resnet 101 Inception V3 

TP Rate 100% 100% 100% 

FN Rate 0% 0% 0% 

FP Rate 20% 20% 80% 

TN Rate 80% 80% 20% 
 

 

Figure 4: Testing Confusion Matrix Graph 

Table 4: Testing Performance Metrics 

Testing Rates VGG 19 Resnet 101 Inception V3 

Error Rate 6.66667 6.66666667 26.66666667 

Accuracy 93.3333 93.3333333 73.33333333 

Sensitivity 100 100 100 

Specificity 80 80 20 

Precision 90.9091 90.9090909 71.42857143 
 

When we analyse the training and testing performance metrics of the three models, we can conclude that VGG 19 is the best 

suited model for classification. The experimental analysis achieves the Accuracy of 93.33%, Sensitivity of 100%, Specificity of 

80% and Precision of 90.91% through VGG 19 transfer learning. These parameters are also available for Resnet 101 model in case 

of testing but it goes to the second position when we consider the training phase.  
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This conclusion is only for the models on our training and testing data and may or may not yield the same results for other kind 

of images. Also if the data set is increased then there may be variations in the performance metrics. 

 

Figure 4: Testing Performance Graph 

 

REFERENCES 

[1] Jemal, Ahmedin, et al. "Global cancer statistics." CA: a cancer journal for clinicians 61.2 (2011): 69-90. 

[2] Neville, Brad W., and Terry A. Day. "Oral cancer and precancerous lesions." CA: a cancer journal for clinicians 52.4 

(2002): 195-215. 

[3] Guggenheimer, James, et al. "Factors delaying the diagnosis of oral and oropharyngeal carcinomas." Cancer 64.4 (1989): 

932-935. 

[4] Edwards, Paul C. "Second opinion reporting in head and neck pathology: perspective on Mullin et al." Oral surgery, oral 

medicine, oral pathology and oral radiology 119.6 (2015): 599-600. 

[5] Simonyan, K. and Zisserman, A., “Very Deep Convolutional Networks for Large-Scale Image Recognition", International 

Conference on Learning Representations, 2015 

[6] Kaiming He and Xiangyu Zhang and Shaoqing Ren and Jian Sun, “Deep Residual Learning for Image Recognition” 2015, 

arXiv preprint arXiv:1512.03385. 

[7] Szegedy, Christian et al. “Rethinking the Inception Architecture for Computer Vision.” 2016 IEEE Conference on Computer 

Vision and Pattern Recognition (CVPR) (2016): 2818-2826. 

 

 

 

0

20

40

60

80

100

120

Testing Performance Metrics

VGG19TL

Resnet101TL

InceptionV3T

L

http://www.jetir.org/

