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Abstract: One of the decisive reasons of cancer is uncontrolled 

augmentation of cancerous cells, malignant cells, 

or tumor cells in any living organism life at any stage. The 

scientific role of pathology is to diagnosis and prognosis of 

diseases to find changes at the level of cell structures with cell 

components including nucleolus and cytoplasm, tissues (i.e. 

grouped cell with complex structures) and organs which in turn 

give rise to the presenting signs and symptoms of the patient. It 

has been observed by clinical pathology system and 

histopathology methods that damaged or unrepaired cells do 

not die and show uncontrolled growth - a reason to mass 

development of cancerous cells. Frequently, cancerous cell 

travel through the blood and lymph systems, and cross the 

effected boundary organs to other body region where they 

repeats the process of uncontrolled growth cycle. This process 

of cancer cells leaving one region and growing in other part of 

body system is termed as metastatic spread or metastasis. 

Histopathological methodology can detect breast cancer. This 

diagnosis can be done with various Machine Learning Models 

and Deep Learning based Convolutional Neural Networks 

Models. The analysis shows convolutional neural networks 

models provide significant accurate results in comparison 

machine learning based models.   

Keywords: Digital histopathology images processing system 

(DHIPS), nonlinear mapping, principal component Analysis, 

CNN (Convolutional Neural Networks),Visual Geometry 

Group (VGG), AlexNet, GoogLeNet  

I. INTRODUCTION 

Histopathology means microscopic examination of cell’s 

structure and tissues of infected organs by cancer. 

Histopathological microscopic image can be analyzed at 

cellular, sub-cellular, tissue and organs levels for the 

purpose to diagnosis and prognosis of disease. A medical 

technician or the pathologists may have the capability to 

identify the morphological characteristics of tissues to 

indicate the sign of carcinoma. The glass slides will be 

prepared by the biopsy sample and processed using 

microscope for image parameter and biological relevant 

parameter analysis. Viewing microscopic image, it is 

possible to detect cells, glands, nucleus and also able to 

discriminate [15] these shapes with normal vs.  
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diseased tissue. This exercise is sufficient to detect the 

grading of infected cells or presence of carcinoma in tissues. 

On the basis of this prognosis patient treatment can be 

planned by considering the grading of breast cancer disease. 

The main aim of the author is to result out correct image 

analysis using machine learning algorithms and deep 

learning algorithms for digital histopathology imagery. A 

number of machine learning techniques can be used for 

breast histopathological image to find [7] image texture 

classification, feature extraction and segmentation, cell type 

identification, cell counting, cell classification and gland & 

nuclei segmentation. It will be used to calculate quantitative 

measurements of breast cancer disease parameters from 

histopathological images to determine the presence of 

carcinoma. This investigation can help by examining the 

[10] grading of breast cancer or severity of breast cancer in 

the biopsy sample. Digital histopathology can be used to 

detect different types of cancer including with their [31] 

grading in breast, pediatric tumor neuroblastoma, prostate, 

renal cell carcinoma and lung cancer. In this paper the 

author is analyzing and reviewing histopathological images 

of breast cancer.  This analysis and methods are also 

applicable to all medical image modalities Computed 

Tomography, MRI, PET, X-ray, ultrasound and biomarkers. 

For Histopathology microscopic image analysis a good 

quality microscope for image magnification/resolution is 

needed. In our literature Machine Learning and Deep 

Learning Classification techniques for Histopathological 

images has been reviewed.  

II. BREAST CANCER SIGN AND SYMPTOMS 

A new lump or a painless hard mass with irregular boundary 

over the breast is a most common type of symptoms. Breast 

can also be round in shape, tender in nature, soft in physical 

touch and painful. The other symptoms are [24] swelling a 

part or whole breast, [31]  irritation over breast skin and 

nipple, change in nipple and breast shape, leakage of fluid 

other than milk from nipples, redness over breast skin. 

Sometime it has been observed these are symptom are 

present due to other medical issues even though they are not 

related to breast.  
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III. MEDICAL IMAGING MODALITIES  

In the current era the following medical imaging methods 

are used to diagnose the diseases.  

Computed Tomography (CT) 

This is a medical imaging technology that takes numerous 

X-ray projections from different positions of angles and 

combines to create and produce comprehensive [28] cross-

sectional images of inner body parts area.  It provides very 

accurate images, three dimension views of particular body 

part. Generally it is used to take CT images of [1] soft 

tissues, bones, blood vessels, the heart, the lungs, the brain, 

the pelvis and abdomen. This method is used to diagnose 

different types of cancer in different body parts mainly in 

lung, breast, liver and pancreatic cancers. CT scan is used to 

examine [32]  Bone injuries, Pulmonary embolism (CT 

angiography), Cardiac tissue, Vascular condition/blood 

flow, Organs in the pelvis, Chest, abdomen, traumatic 

injuries, presence, size and location of tumors, 

Cardiovascular disease and Colon health (CT colongraphy). 

Magnetic Resonance Imaging (MRI) 

It is a technology that uses radio waves and magnetic field 

to produce comprehensive and exhaustive images of tissues 

and organs. MRI is highly efficient to discriminate 

prognosis and diagnosing a lot of circumstances by 

presenting the [12] differentiation between normal soft 

tissues and diseased soft tissues of the inner body parts. MRI 

is used to examine Tendon and ligament tears, bones and 

joints, Organs in the male and female [30] pelvis, chest, 

heart, liver, kidney, spleen, abnormal tissue, blood vessels, 

Breasts and Spinal injuries 

Positron Emission Tomography (PET) 

 A nuclear based imaging technology that has the capability 

to providing formation to physicians [23]  or other medical 

technician regarding functioning of tissues and organs.  

PET-CT 

A coupling of CT and PET is medical imaging method 

which is used by technician to increase the precision. 

Positron Emission Tomography is used in combination with 

CT imaging, scanner and a small amount of 

radiopharmaceuticals is inserted into the [2] vein of a patient 

to build meticulous digital images of inside organs of the 

body. PET is used to examine Cancer, Heart conditions and 

Neurological diseases. This combination used to improve 

care of tumor with the help of positive and active treatment 

decisions, [17] monitoring of disease which occurs 

recursively and patient outcomes in terms of 

improvement and in terms of disease-free progression. 

Ultrasound 

An image based diagnostic method that uses high frequency 

sound waves which helps to create image of inner body 

parts is called medical sonography or ultra-sonography. This 

ultrasound machine transfers high frequency sound waves 

into [25] the inner body parts and it has the ability to convert 

the returning sound echoes into the form of a picture. On the 

basis of these images the practitioner may give the answer 

of query asked by patient. This technology has a capability 

to make capable of being heard sounds of blood flow to 

assess and examine patient’s health, swelling, infection, 

pregnancy, symptoms of pain and abnormalities of heart and 

blood vessels. 

X-Ray 

An X-ray is a oldest imaging technology which provides an 

image in different shades of black and white color. X-rays 

uses ionizing radiation to produce internal structure images 

of a person by sending X-ray (a form of electronic radiation) 

beams through the body, which are absorbed in different 

amounts of radiation depending on the density of the 

material.  Radiation Therapy [14]  is a type of device which 

also utilizes x-rays, gamma rays, electron beams or protons 

to treat cancer. It is used to examine Lungs, Blood vessels, 

Broken bones, Cavities, Swallowed objects, and Breast 

(mammography) 

Cytology 

Cytology is the body cell’s examination through 

microscope. Cytology is related to Cell biology [16] which 

is associated with cell’s functions, structures and related 

chemistry. The purpose of cytology is biopsy and disease 

screening. Cytology image set can also be used to locate 

isolated cells and cell structures. 

Histopathology 

Histopathology processing is a microscopic examination 

making biopsy glass slide to visualize all the component of 

tissues to investigate the symptoms of diseases. The tissue 

undergoes a series of steps which are [3, 6] tissue handling, 

tissue processing & tissue staining. Staining procedure is 

used to provide more clarity in its cell and its objects like 

cell nucleolus and cell boundary under microscopic 

examination For this purpose we need to dye or chemical 

sections with one or more stains. According to a large 

number of researchers and pathologists used Hematoxylin to 

stain cell [22] nucleolus blue and Erosin stains 

cytoplasm and connective tissue pink. 

IV.  COMPARATIVE STUDY OF CNN MODELS 

AND ML MODELS 

The architecture of AlexNet which is combination of 5 

convolutional layers and 3 fully connected layers uses ReLu 

function (f(x) = max (0, x)) instead of Hyperbolic tangent 

function or Sigmoid function. The major advantage of ReLu 

function is much [4] faster training than traditional neural 

networks over Sigmoid or 

hyperbolic function. 
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 It happens because the derivation of these functions is very 

small in the saturating reason and became the reason for 

vanishing of weight. VGG architecture as shown in figure1 

is consists of 16 convolutional layers as a combination of 

Convolutions layers (used only 3*3 size), Max pooling 

layers (used only 2*2 size), fully connected layers at end. It 

is very similar to AlexNet which uses 3x3 convolutions. It is 

one of the preferred artificial intelligence machines to 

extract features from the histopathological images. It takes 

input image of size 224 * 224 * 3 (RGB image). 

 

Figure1. CNN Model Processing 

GoogLeNet or Inception model is a 22 Deep Layer 

Architecture. This model has the capability to classify the 

image set in to 1000 objects. It takes input image same as 

VGG which is of size 224x224.   An inception module is the 

basic building block of the network and one inception 

module contains multiple convolutions [29] of different 

filter sizes with the use pooling only on single layer. The 

approach of GoogleNet is exclusively different from 

AlexNet and VGG because it is a combination of inception 

modules (each inception module contains some pooling, 

convolutions of dissimilar scales) and concatenation 

operations. GoogLeNet uses 1x1 feature convolutions which 

is used for feature selectors. This model is intelligent 

enough to figure out which layer is best suitable to give its 

best result after training. SVM is a method based on hyper 

plane to classify the objects in two classes or more classes in 

a multidimensional data space. It is very obvious that there 

will be a difference in skill set, knowledge and experience in 

different-different [8] pathologists, clinicians and other 

medical technician to interpret clinical data. As a result it 

may be misleading to patient or undirected disease 

prognosis. It is because of linked biology behind all process. 

In many cases it has been find a combination of PCA with 

SVM provides better results or increases the performance of 

SVM sometimes it degrades the SVM performance 

depending on size of training and testing data.PCA can be 

used when you do not have well defined data as well as 

unable to find [8] patterns and correlation between them. In 

such a case it is required data dimensionally reduction by 

the classification of correlated data. In many cases it is 

fundamentally difficult to understand the cases like satellite 

images, in such cases PCA should not be useful. It may be 

good for analysis of cancer images related tissues or organ’s 

cell. KNN is one of the best classification technique based 

on data mining.  It is identified as one of the top ten 

classifications by data mining method research community. 

KNN is non-parametric based classification technique. In 

this technique the [22] Euclidean distance between features 

vector of training images and feature vector of testing image 

is calculated. The Accuracy of KNN technique is depending 

on noise and unnecessary features. For this purpose it is 
required to give efforts during selection of 

features.  

V. PREPARATION FOR HISTOPATHOLOGY  

By using biopsy sample we can obtain digital 

histopathology image to examine the images manually for 

prognosis and diagnosis. Using DHIPS it is possible to 

overcome the problem leading to our objective to detect the 

presence of breast cancer with its [13] grading and severity. 

The DHIPS are capable enough for image segmentation, 

feature extraction, classification etc. For this purpose DHIPS 

used image preprocessing, feature selection &extraction and 

different types of classification techniques such as 

thersholding, morphological processing, and boundary 

based, and region based, and supervised classification 

techniques. The CNN model for DHIPS is shown in figure 

2. 

 

Figure 2. Classification process for Convolution 

Neural Networks Models 
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The current improvement of ‘digital histopathology’ is to 

desire development of quantitative and automated 

computerized image analysis [27] algorithms to assists 

histopathologist in interpreting the large number of digitized 

histopathological images. Histopathology samples can be 

prepared in five basic steps which are given below. 
Fixing: Samples of The biological tissue will be made 

“fixed” using chemical fixation to preserve the cells or 

tissue. 

Processing: A dehydration process will be used to remove 

water from [11] tissue and make the sample in the form of 

medium type solid state then tissues are available for section 

cutting. 

Embedding sample in wax: Sections will be embedded 

with hardened wax.  

Sectioning: Embedded samples of tissues are used for 

sectioning to make thin slices to prepare glass slide for 

taking microscopic image details of cells/tissues. 

Staining: In the last, the mounted sections will be by an 

appropriate Histopathology stain. Staining is a process 

which is applied on biological tissues to improve the 

contrast of the tissue and highlighted specific features of 

interest related to tissues and the stain used. 

VI. ABOUT BREAKHIS DATASET 

In this paper we have used Breast Cancer Microscopic 

Image Dataset namely by BreakHis. This dataset of 

histopathological microscopic images of 82 patients with 

detail only related to breast cancer is shown in Table1. In 

the hierarchy [14] of classes at first level it contains two 

classes named by Benign and Malignant. Number of images 

in Begin class is 2480 taken from 24 patients and number of 

images in malignant category is 5429 taken from 58 

patients. These all image are further categorized in different 

subclasses. Each set of sub class is further classified at [4] 

different magnifying factor 40X, 100X, 200X, and 400X. 

All the images are of 700X460, 3-channel RGB and 8 bit 

depth of each channel in PNG format. The entire image set 

is created by SOB method. Generally the tissue taken in this 

method is large as compared to other method which uses 

needle biopsy.  BreakHis data set will be divided in to two 

parts in ratio of 80% and 20% for the preparation of 

microscopic image training set and testing set. Data set 

contains images for 82 patients that can be partitioned in 

two sets 58 and 24 patients for training and testing 

respectively. Training image set of 58 patients [13] is further 

categorized with 46 malignant cases and 12 benign cases. 

Testing image set of 24 patients is further categorized with 

19 malignant cases and 5 benign cases. It is also in 

consideration to classify the image set in the same ratio on 

the basis of magnification factor of 400x, 200x, 100x & 40x. 

Table 1. Breast Cancer Microscopic Image Dataset 

Magnify-  

-ing 

Factors 

Benign 

Tumor 

Image 

Set 

Malignant 

Tumor 

Image Set 

Total 

No. 

of  

Images 

Image 

Set at 

40x 625 1370 1995 

Image 

Set at 644 1437 2081 

100x 

Image 

Set at 

200x 623 1390 2013 

Image 

Set at 

400x 588 1232 1820 

Total of 

Images 2480 5429 7909 

No. of 

Patient 24 58 82 

The benign tumor is further classified in to 4 types described 

further. Adenosis- a non-cancerous or benign stage of breast 

cancer. It can be observed when milk producing glands or 

lobules size becomes large or increase in number of glands.  

Another observation is the presence of cysts or fibrosis in 

the breast of women. Fibroadenoma- This is another 

category benign breast tumor which is most common in [18] 

younger women or premenopausal women. Sometime it has 

also been observed the presence in any age group of female. 

It is painless as well as at low risk and round or oval in 

shape.Phyllodes tumor- It is very rare type of breast tumor 

in benign category. Generally it has been observed in female 

at the age nearby 40 or premenopausal women. It is difficult 

to predict the behavior of Phyllodesin female breast tumors. 

Phyllodes tumors are benign in nature but sometimes it has 

been observed suspicious to malignancy. Tubular adenomas- 

It is another common type borderline noncancerous cell but 

sometime cancer develops in adenomas then it is known as 

tubular adenomas.These all subclasses are further classified 

for magnification power of 40x, 100x, 200x and 400x. 

Malignant tumors are actually a cancer which is a seriously 

cause to health and lead to death. The major subclasses of 

malignant cancer are ductal carcinoma, lobularcarcinoma, 

mucinous carcinomaand papillary carcinoma. 

VII. DATA AUGMENTATION AND PREPARATION 

The microscopic histopathological image dataset named by 

BreakHis is freely available on the web which is mainly 

classified into two groups of benign tumors and malignant 

tumors present in breast cancer. Benign means slowly 

growing of cancerous cell or innocent or localized cancerous 

cell. While the term malignancy is related to cancer or fast 

growing of cancerous cell marked by [18] cellular atypia, 

mitosis, destroy of adjacent structure, disruption of 

basement membranes, spread in nearby area known as 

metastasize. These all are the cause of [11] major disease 

and lead to death.The data set has been created by SOB 

method and also known as partial mastectomy or excisional 

biopsy. This type of method needs to remove larger tissue 

sample as compared to needle biopsy. Each image is 

available at the magnification power 40x, 100x, 200x and 

400x. Data is available in [20] multiclasses unbalanced 

form, which requires multi scale microscopic image data 

augmentation and over sampling method to ignore the 

problem of unbalanced multi classes and overfitting.  
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In this paper augmentation process has been used by using 

intensity variation from – 0.1 to +0.1, by rotation of image 

from −90° to +90°, translation with ±20 pixels and flipping 

of level, flipping of direction. 

VIII. EXPERIMENTAL FRAMEWORK 

First all the images of BreakHis data set has been rescaled to 

size of 224X224 so that they can be fed to CNN models and 

ML models smallest side equals 224 before fed into the 

model. BreakHis data set is created in two sets for the 

purpose of training and testing in the ratio of 80% and 20% 

for each cancer category and subcategory of each type of 

cancer. The author is using ML based models like KNN, 

SVM and PCA and deep learning based convolutional 

pretrained neural network models like AlexNet, GoogLeNet 

and VGG for histopathological [15] breast cancer image 

classification with a significant improvement in accuracy in 

comparison to machine learning based methods. The CNN 

model is composed of 16 layers shown in figure 3 

containing with linear and non-linear operators in three 

category, convolution layers with dimension (number of 

filters × filter height × filter depth: 64×3×3, 128×3×3, 

256×3×3,512×3×3), max pulling layers with dimension size 

2x2 and at the end [21] two fully connected layers with 

hidden node. These sixteen layers used filters as in the 

sequence. First two layers used 64 filters, next two layers 

used 128 filters, next three layers used 256 filters and next 

six layers used 512 filters respectively. Layer no. 2, 4, 7, 10 

and 13 used max pooling functions. Layer 14 and 15 is fully 

connected layers with 4096 nodes. In the end there is only 

one layer with softmax function called output layer with 

1000 nodes. The deep nature of this network, it provides 

better results. CNN models are fit for localization task and 

image classification task. Localization [5] means to find the 

certain object in the image described by boundary box and 

the classification means to find what the object is in the 

input image. The author have used two category of models 

based on entirely different approach, methodology and 

technique to calculate accuracy for the purpose of image 

classification of microscopic histopathological image set 

with magnification factor of 40X in benign cancer category. 

There are four types of benign cancer which are Adenosis, 

Fibroadenoma, Phyllodes Tumor, and Tubular Adenomas.  

 

Figure 3. Comparative frame work of convolutional Neural 

Network and Machine Learning 

 

 

 

 

 

 

 

Table2. Classification on the Basis of Accuracy for 40X Benign Cancer Image Set 

Test For Benign Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGGm AlexNet SVM PCA KNN 

Adenosis 89.6 86.2 83.4 72.7 80.7 76.8 

Fibroadenoma 81.7 83.7 87.3 77.8 76.9 79.9 

Phyllodes Tumor 90.3 91.7 91.1 78.4 81.4 78.3 

Tubular Adenomas 90.2 87.5 92.3 88.5 77.8 71.9 

Average 87.95 87.28 88.53 79.35 79.2 76.73 
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Table3. Classification on the Basis of Accuracy for 100X Benign Cancer Image Set 
Test For Benign Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGG AlexNet SVM PCA KNN 

Adenosis 86.7 78.3 84.7 78.4 73.6 82.8 

Fibroadenoma 86.9 90.7 94.7 82.8 85.7 74.7 

Phyllodes Tumor 82.6 93.3 79.2 84.6 78.7 78.5 

Tubular Adenomas 92.3 91.9 92.3 72.8 76 73.7 

Average 87.13 88.55 87.73 79.65 78.5 77.43 

 

From the Table2 and Figure4, it can be seen clearly that the 

average accuracy for all types of Benign cancer category of  

images under 40X magnification factor for Convolution 

Neural Network based model  is 87.91 and for Machine 

Learning based model is 78.42. The highest accuracy is 

88.53 for AlexNet among all types of CNN models. On the 

other hand the highest accuracy is 76.73 for KNN among all 

types of Machine Learning Models. 

Figure 4. Classification on the basis on basis of Accuracy 

for 40X Benign Cancer Image Set 

Information shown in the Table3. and Figure.5, the average 

accuracy for all types of Benign cancer category of  images 

under 100X magnification factor for Convolution Neural 

Network based model  is 87.80 and for Machine Learning 

based model is 78.52. The highest accuracy is 94.7 for 

AlexNet among all types of CNN models. On the other hand 

the highest accuracy is 85.7 for PCA among all types of 

Machine Learning Models. 

Figure 5. Classification on the basis on basis of Accuracy 

for 100X Benign Cancer Image Set 

 

                           

Table4. Classification on the Basis of Accuracy for 200X Benign Cancer Image Set 
Test For Benign Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGG AlexNet SVM PCA KNN 

Adenosis 93.2 93.3 87.5 74.6 75.8 76.8 

Fibroadenoma 77.9 84.7 88.1 79.2 78.6 76.1 

Phyllodes Tumor 84.2 91.2 87.5 77 74.9 75.7 

Tubular Adenomas 91.4 81.8 88.2 81.2 79.6 78.7 

Average 86.68 87.75 87.83 78 77.23 76.83 

 

Table5. Classification on the Basis of Accuracy for 400X Benign Cancer Image Set 
Test For Benign Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGG AlexNet SVM PCA KNN 

Adenosis 87.2 93.3 91 83.8 73.9 81.4 
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Fibroadenoma 90.5 80.7 87.2 78.8 73.7 75.8 

Phyllodes Tumor 81.8 81.1 82.1 77.1 78.5 72.7 

Tubular Adenomas 87.2 89.2 86.4 72.8 70.7 74.1 

Average 86.68 86.08 86.68 78.13 74.20 76.00 

 

The analysis of Table4. and Figure.6 clears the picture that 

the average accuracy for all types of Benign cancer category 

of  images under 200X magnification factor for Convolution 

Neural Network based model  is 87.42 and for Machine 

Learning based model is 77.35. The highest accuracy is 91.4 

for GoogLeNet among all types of CNN models. On the 

other hand the highest accuracy is 81.2 for SVM among all 

types of Machine Learning Models. 

Figure 6. Classification on the basis on basis of Accuracy 

for 200X Benign Cancer Image Set 

 

Table5. and Figure.7 presents average accuracy for all types 

of Benign cancer category of  images under 400X 

magnification factor for Convolution Neural Network based 

model  is 86.48 and for Machine Learning based model is 

76.11. The highest accuracy is 90.5 for GoogLeNet among 

all types of CNN models. On the other hand the highest 

accuracy is 83.8 for SVM among all types of Machine 

Learning Models. 

Figure 7. Classification on the basis on basis of Accuracy 

for 400X Benign Cancer Image Set 

 Table6. Classification on the Basis of Accuracy for 40X Malignant Cancer Image Set 
Test For Malignant  Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGG AlexNet SVM PCA KNN 

Ductal Carcinoma 90.6 93.5 89.1 80.7 83.2 79.7 

Lobular Carcinoma  81.2 82.7 94.8 73.5 77.8 78.4 

Mucinous Carcinoma 83.2 87.4 82.4 73.3 77.1 77.3 

Papillary Carcinoma 91.7 86.3 85.1 81.6 74.1 71.2 
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Average 86.68 87.48 87.85 77.28 78.05 76.65 

 

Table7. Classification on the Basis of Accuracy for 100X Malignant Cancer Image Set 

Test For Malignant  Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGG AlexNet SVM PCA KNN 

Ductal Carcinoma 85.9 87.6 92.3 76.8 73.1 75.8 

Lobular Carcinoma  91.5 86.7 86.8 77.8 80.1 76.8 

Mucinous Carcinoma 85.2 87.1 86.3 75.8 78.1 74.3 

Papillary Carcinoma 86.1 92.6 80.2 78.7 74.4 72.3 

Average 87.18 88.50 86.40 77.28 76.43 74.80 

 

From the Table 6. and Figure.8, data shows that the average 

accuracy for all types of Malignant cancer category of  

images under 40X magnification factor for Convolution 

Neural Network based model  is 87.33 and for Machine 

Learning based model is 77.33. The highest accuracy is 94.8 

for AlexNet among all types of CNN models. On the other 

hand the highest accuracy is 83.2 for PCA among all types 

of Machine Learning Models. 

Figure 8. Classification on the basis on basis of Accuracy 

for 40X Benign Cancer Image Set 

 

In the Table 7. and Figure.9, it can be seen clearly that the 

average accuracy for all types of Malignant cancer category 

of  images under 100X magnification factor for Convolution 

Neural Network based model  is 87.36 and for Machine 

Learning based model is 76.17. The highest accuracy is 92.6 

for VGGm among all types of CNN models. On the other 

hand the highest accuracy is 80.1 for PCA among all types 

of Machine Learning Models. 

Figure 9. Classification on the basis on basis of Accuracy 

for 100X Benign Cancer Image Set 
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Table8. Classification on the Basis of Accuracy for 200X Malignant Cancer Image Set 
Test For Malignant  Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGG AlexNet SVM PCA KNN 

Ductal Carcinoma 83.2 82.8 86.2 73.2 78.1 70.8 

Lobular Carcinoma  83.8 83.5 84.7 74.5 76.1 75.1 

Mucinous Carcinoma 82.3 82.1 94.3 76.7 71.6 73.8 

Papillary Carcinoma 84.6 82.3 85.1 72.5 77.2 72.5 

Average 83.48 82.68 87.58 74.23 75.75 73.05 

 

Table9. Classification on the Basis of Accuracy for 400X Malignant Cancer Image Set 
Test For Malignant  Convolution Neural Network Machine Learning Model 

Type of Method GoogLeNet VGG AlexNet SVM PCA KNN 

Ductal Carcinoma 85.2 86.3 86.2 76.1 75.6 76.3 

Lobular Carcinoma  82.7 84.4 80.5 74.8 78.8 72.9 

Mucinous Carcinoma 87.5 79.5 85.5 73.8 79.2 79.5 

Papillary Carcinoma 78.9 83.2 84.2 75 75.9 76.7 

Average 83.58 83.35 84.10 74.93 77.38 76.35 

 

From the Table 8. and Figure.10, it can be seen clearly that 

the average accuracy for all types of Malignant cancer 

category of  images under 200X magnification factor for 

Convolution Neural Network based model  is 84.58 and for 

Machine Learning based model is 74.34. The highest 

accuracy is 94.3 for AlexNet among all types of CNN 

models. On the other hand the highest accuracy is 78.1 for 

PCA among all types of Machine Learning Models. 

Figure 10. Classification on the basis on basis of Accuracy 

for 40X Benign Cancer Image Set 

From the Table 11. and Figure.8, it can be seen clearly that 

the average accuracy for all types of Malignant cancer 

category of  images under 400X magnification factor for 

Convolution Neural Network based model  is 83.68 and for 

Machine Learning based model is 76.22. The highest 

accuracy is 86.3 for VGGm among all types of CNN 

models. On the other hand the highest accuracy is 76.22 for 

PCA among all types of Machine Learning Models. 

Figure 11. Classification on the basis on basis of Accuracy 

for 40X Benign Cancer Image Set 

 

IX. CONCLUSION 

This research work proposed to enhance image analysis to 

segment objects and detect other region of interest in 

histopathological breast cancer images. We have used 

feature based classification (like colour texture feature, 

nuclei detection etc.) models. The image analysis completed 

by two different approaches based on convolutional neural 

networks and machine learning techniques. There are many 

rule based machine learning and deep learning methods for 

digital histopathology image analysis. It can also be 

observed that deep learning perform much better in 

comparison to machine learning. In the field of medical 

image processing CNN has been used successfully to predict 

can like diseases. This method with a comprehensive 

analysis may be useful to minimize the subjective issue of 

knowledge or experience for medical technicians. We 

provide a complete picture for all types of breast cancer 

carcinomas in benign and malignant category with different 

type of images constructed on different magnification 

factors. We believe that this this experiment and study may 

useful to breast cancer 

prognosis and diagnosis of 

breast cancer.  
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