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Deep learning technology is currently being used and applied in many different fields. Convolution
neural network (CNN) is a method of artificial neural networks in deep learning, which is commonly
used for analyzing different types of images through classification. In the conventional classification of
histopathology images of prostate carcinomas, the rating of cancer is classified by human subjective
observation. However, this approach has produced to some misdiagnosing of cancer grading. To solve
this problem, CNN based classification method is proposed in this paper, to train the histological images
and classify the prostate cancer grading into two classes of the benign and malignant. The CNN
architecture used in this paper is based on the VGG models, which is specialized for image classification.
However, color normalization was performed based on the contrast enhancement technique, and the
normalized images were used for CNN training, to compare the classification results of both original
and normalized images. In all cases, accuracy was over 90%, accuracy of the original was 96%, accuracy
of other cases was higher, and loss was the lowest with 9%.
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Fig. 1. Provided original images and actually used prostate cancer pathology images. (a) Original, (b) Grade 1 &
2, (c) Grade 3, (d) Grade 4 (e) Grade 5

Table 1. The hardware and software versions used in the study

Hardware version
Processor | Intel(R) Core(TM) i5-4590 CPU @ 3.30GHz, 3301Mhz, 4 Core, 4 Logic Processor
OS name | Microsoft Windows 10 Pro
System | x64 based PC
set real memory(RAM) | 24.0GB
all amount virtual memory | 44.9GB

Graphic | NVIDIA GeForce GTX 1060 3GB
Software version
Python | 3.6 version
Tensorflow - GPU | 1.5 version
Keras | 2.2.4 version
Matlab | R2018b Starter Application
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Fig. 3. CNN model applied for research based on
VGGNet model,
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Fig. 4. Observe the original image, after contrast en—
hancement and the changes in each image, (a)
Original and each contrast enhancement result,
(b) Each histogram of images, Graph X—axis :
Pixel intensity and Y—axis : Pixel counting.
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Table 2. The performance for proposed algorithm and conventional algorithms
Original Loss(%) ACC(%) 1A Loss(%) ACC(%)
Training 5~45 85~100 Training 5~30 86~99
Testing 12.17 96.67 Testing 9.03 93.33
(a) (b)
CLAHE Loss(%) ACC(%) HE Loss(%) ACC(%)
Training 5~24 87~97 Training 4~40 83~99
Testing 20.34 96.67 Testing 17.27 93.33

(c)

(d)

(a) Original data set result, (b) IA data set result, (c) CLAHE data set result, and (d) HE data set result.
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Fig. 5. CNN training and validation steps , Graph X—axis : Epoch, Y—axis : Loss & Accuracy, (a) Original, (b) IA,
(c) CLAHE, and (d) HE.

Table 3. Literature Review Table

Reference Classifier Classification Accuracy

H. Park [23] Benign & Malignant Deep Learning 73.3%

C. Kim [24] Benign & Malignant SVM 84.1%

S. Bhattacharjee [25] Benign & Malignant SVM 88.7%

G. Nir [26] Benign & Malignant Deep Learning 91.9%

D. Albashish [27] Benign & Grade 3 Esemble ML 97.9%

Proposer Method Benign & Malignant Deep Learning 96.6%
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