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Abstract— Since time immemorial, women are the victims of 

breast cancer which is a predominant disease worldwide with 

high dreariness and mortality. The absence of careful 

visualization models brings about trouble for specialists to set up 

a treatment plan that may lengthen outpatient endurance time. 

More often than not, Breast Malignancy is distinguished by 

utilizing a biopsy strategy where the tissue is taken out and 

examined under a magnifying lens. In the event that a 

histopathologist isn't very much trained person, at that point 

this may lead to some wrong findings. And due to this one may 

have to undergo wrong diagnosis. To encourage better 

diagnosis, the programmed examination of histopathology 

images can assist pathologists with recognizing harmful tumors 

and malignancy subtypes. Convolutional Neural Networks have 

become favored Deep Learning approaches for computer vision 

tasks which involves feature extraction and image classification. 

This proposed work focuses on building a machine learning 

model that can classify histopathology images into two classes 

namely cancer (malignant) and non-cancer (benign) using 

transfer learning approach. To make our work beneficial to 

everyone, we made a website that is being built and deployed 

using Streamlit library, where we integrated the model with 

highest accuracy for classifying the histopathology images. Our 

work will help doctors and medical practitioners for early 

diagnosis of breast cancer.  

Keywords— Breast Cancer; Histopathology; Machine 

learning; Deep Learning;Convolutional Neural Networks 

;VGG16; Xception ; NASNet ; ResNet50. 

I. INTRODUCTION

As per the World Health Organization, Breast Cancer now 

is one of the most frequently analyzed and fatal cancers 

among women which affects 2.1 million women per year. It is 

assessed that the normal number of breast cancer patients will 

be in excess of 28 million out of 2030 [2], which prompts a 

significant examination subject in clinical sciences [1]. 

Breast Cancer mainly develops from Breast tissue 

distinguished by a lump in the breast and some unusual 

changes observed in typical conditions [3]. The reason for 

Breast cancerous growth hails from changes and mutations in 

DNA. If the changes are not detected at an early stage, it may 

lead to patient’s death [4]. This accounts for the constant 

studies being carried out in this domain [12][13][14]. 

The Deep learning architectures especially the 

Convolutional neural networks have shown significant 

performance over the image classification tasks [5][6].The 

proposed work aims to use pre-trained CNN classifiers which 

can differentiate between healthy tissues and cancerous 

samples. For this purpose, pre-trained CNNs such as VGG16, 

ResNet50, Xception, NASNetMobile are used. After 

analyzing individual model performances ,we concatenated 

these models one over the other which resulted in two new 

models i.e.  .VGG16+ResNet50  (VGG16 concatenated with 

ResNet50) and Xception+NASNet (Xception concatenated 

with NASNetMobile . We compared the performance of the 

models to arrive at a model with highest accuracy. To make 

better use of the study carried out, we then integrated the same 

model in a website that is capable of making predictions on an 

uploaded histopathology image and returning the probability 

of having cancer. Then we deployed the same in order to 

make it accessible to everyone. 

II. RELATED WORKS

Myung Jaelim et.al [7] from Eulji University, Korea 

carried out their studies on histopathological images 

classification using deep learning algorithms such as VGG16 

and InceptionV3 .They applied these algorithms on BreakHis 

dataset and achieved an accuracy of 98% in their work. 

Neslihan Bayromoghu et.al [8] in their work, designed a 

custom CNN network. They basically proposed two different 

CNN architectures. Of which one is a single task CNN, used 

for predicting the malignancy which has achieved an 

accuracy of 77.3±5.91% to 83±8.54%.And the second one is 

a multi-task CNN, which is used for predicting both the state 

of malignancy and the image magnification levels at the same 

time. This model has achieved an accuracy of 82.1±4.4% to 

83.1±3.5%.They have used BreakHis dataset for this purpose. 

Majid Nawaz et.al [9] of Assiut University, proposed a 

deep learning approach for multi-class breast cancer 

classification Meaning, not only benign and malignant but 

also predicting cancer sub-classes such as Ductal carcinoma, 

Fibroadenoma, Lobular carcinoma, etc. They have used deep 

learning models like DenseNet CNN and have achieved an 

accuracy of 95.4%. They carried out their studies on 

BreakHis dataset. 

ZhongyiHan et.al [10] from  Shandong University of 

Traditional Chinese Medicine, China have compared the 

performances of newly proposed CNN network such as 
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AlexNet, LeNet, and CSDCNN with both un-augmented data 

and augmented Data and have achieved an accuracy of 

93.2% on BreakHis dataset. 

Abdullah-Al Nahid et.al [11] from Macquarie University, 

Australia have proposed a novel DNN model. The proposed 

model consist of a combination of CNN and LSTM for 

feature extraction and softmax, Support Vector Machine 

(SVM) are used at the decision making stage for binary 

classification. The model has achieved an accuracy of 

91.00% over BreakHis dataset. 

III. ALGORITHMS USED

A. Pre-trained Convolutional Neural Network Models

There are some traditional classifiers provided by the

Keras library. The architectures used in our proposed work 

have been trained on the images from ImageNet dataset 

which consist of over 14 million number of images. These 

images in the dataset belong to 1000 different classes with 

image size as 224-by-224. That means, all these pre-trained 

networks are capable of classifying the images into 1000 

different categories. However, one can give images of 

different dimensions other than this based on their 

requirement. The models used in this proposed work are as 

follows: 

1. VGG16

This model stood at 1st and 2nd place in ILSVRC-

2014 image classification competition. This model

has achieved test accuracy of  about 92.7% over the

ImageNet dataset .And it is available as an API in

the Keras library and enables one to just load the

model with the same weight with which model has

been trained upon and use it for custom

classification task.

2. ResNet50

It is the short form for Residual networks. This

network has shown outstanding performance in most

of the computer vision problems. It has achieved

Rank-1 in the ImageNet classification challenge of

2015. It is also available as an API and can be

downloaded from the Keras library.

3. Xception

Xception has got 36 convolutional layers and the

model has 71 layers deep architecture which forms

the basis for feature extraction capability. Its deep

layer architecture enables the model to perform well

in the image classification tasks.

4. NASNet

NasNet on the other hand, has got 87.56% of top-1

accuracy over the ImageNet dataset. This model has

shown excellent performance in image classification

task.

B. Description of Dataset

For our work, we have used a dataset from kaggle

competitions which is a modified version of

PatchCamelyon (PCam) dataset1. It contains the images of 

metastatic cancer in the form of small image patches taken 

from larger digital pathology scans in .tif format. The train set 

in this dataset consist 220025 number of images and the test 

set consist of 57458 number of images of size (50-by-50). 

This is a pretty huge data .If we train our pre-trained CNN 

model on the entire dataset, it will take lot of time and 

computational power for training. The entire process starting 

from Data acquisition to model testing has been carried out 

on Google colab with 12GB RAM Tesla T4 GPU.  

Fig. 1.Image patches from the PCam dataset 

C. Visualization of Dataset

Visualization of the dataset is carried out to understand the 

style and pattern of the data ie. percentage of images 

belonging to each class and is plotted in the form of a pie- 

chart using the matplot library. In the PCam dataset 40.5% of 

images belong to cancerous class and 59.5% of images are 

Non-cancerous.  

Fig. 2.Visualization of PCam dataset 

IV. PROPOSED METHODOLOGY

Our proposed methodology consists of building a machine 

learning model using the concept of transfer learning which 

facilitates one to use pre-trained models that have already 

been trained on a different but related problem [15].For eg, 

the knowledge acquired from the process of learning to 

recognize cars can be applied for the task of recognizing 

trucks. In this proposed system, we have used VGG16, 

ResNet50, Xception, NasnetMobile pre-trained models for 

classification. After analyzing their performances,  we have 

gone for concatenating two pre-trained CNN models in order 

to increase validation accuracies. We carried out this 

methodology of concatenation of models over VGG16 & 

ResNet50 represented as VGG16+ResNet50 and also over 
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Xception & NASNetMobile represented as 

Xception+NASNet. As these pre-trained CNN models have 

been trained over million number of images in ImageNet 

challenge and have the capability to generalize the input 

images into thousand different categories, we need to define 

our own custom top layers which can classify the input 

images into only two categories with the help of a series of 

flatten, dense and dropout layers. This work consists of the 

following phases as shown in the block diagram. 

Fig. 3.Supervised machine learning pipeline that is used to create a 
successful classifier which gives highest accuracy 

A. Data acquisition

The very first phase in our project starts with collection of

data required for undertaking the research. As the problem

statement mainly focuses on building a machine learning

model which can classify histopathological images into two

categories i.e. cancer or no-cancer. For this purpose we have

used a dataset from kaggle competitions which contains the

images in .tif format. The train set in the original dataset

consist 220025 number of images and the test set consist of

57458 number of images. This is too large and hence we took

a sample no. of images of about 8500 belonging to each class

i.e. 0 and 1. Therefore, total number of images used has been

reduced to 17000.

B. Data pre-processing

Data pre-processing step involves labeling the images with 0

and 1 and also splitting the dataset into training and

validation sets. The training ratio that has been employed is

0.9 i.e, 90% of data is used for training (15300 images

belonging to two classes) and 10% for validation (1700

images belonging to two classes).The dataset from kaggle

consists of a label.csv file which contains specific patient id

with corresponding label value. Here label =0 indicates that

the patient is healthy and label=1 indicates that the patient is

having Cancer. On the basis of the information provided from

this file, we have labeled the images with 0’s and 1’s.

C. Data augmentation

Image augmentation is a technique of applying different

transformations to original images which results in multiple

transformed copies of the same image by applying shifting, 

rotating, flipping etc. on the original image. For this purpose, 

we have used Keras ImageDataGenerator class which 

provides a quick and easy way to augment the images. 

The primary benefit of using the Keras ImageDataGenerator 

class is that it is designed to provide real-time data 

augmentation. Which means it is generating augmented 

images on the fly while the model is being trained. 

ImageDataGenerator class produces variations of the images 

for each epoch. And it also reduces the memory usage 

required for storing the images. 

D. Model building

Building the model consists of the following steps:

1. Downloading the model

Keras gives access to a number of top-performing

pre-trained models that were created for image

recognition tasks. These models are made available

as Application APIs. We just have to download the

model and start using the model for custom

classification problem.

2. Defining top layers

The top layers are meant for classifying the images

into thousand different categories. Our problem

statement deals with binary classification i.e.,

Cancer or No-Cancer. Hence, we defined  custom

top layers which can classify the input images into

only two categories with the help of a series of

flatten, dense and dropout layers.

3. Compiling the model

Before training, the model has to be compiled. When

the model is compiled for training, it is provided

with loss function and optimizer. The loss function

is meant for measuring how far off the predictions

are from the actual outcomes. And the optimizer is

used for adjusting the internal values to reduce the

loss. We have used binary cross entropy as the loss

function and Adam optimizer for compiling the

model.

E. Model training

The fit_generator() is a method provided by Keras library

which can be used for train the deep learning models. During

this training process, the model takes in the probability

values, performs a calculation using the weights and

generates outputs. For the first iteration over the training set

the predicted outcomes are not as close as the actual values.

The difference between the actual value and the desired value

is calculated using the loss function, and the optimizer

function directs how the weights ought to be changed. This

process of calculating, comparing, adjusting is controlled by

the “fit_generator” and it continues in accordance with the

number of epochs specified. Each epoch corresponds to one

forward and backward propagation over the entire dataset

(here 17000 images). And at each epoch, the model will be

fed with unique set of 17000 augmented images. These

augmented images will not be supplied at once to the model,

but  in the form batches. Each batch contains some ‘x’

International Journal of Engineering Research & Technology (IJERT)

ISSN: 2278-0181http://www.ijert.org

IJERTV10IS060439
(This work is licensed under a Creative Commons Attribution 4.0 International License.)

Published by :

www.ijert.org

Vol. 10 Issue 06, June-2021

998

www.ijert.org
www.ijert.org
www.ijert.org


number of images, where ‘x’ specifies the value given to the 

argument batch size in fit_generator function. If we say the 

number of epochs is 20, then by the end of training the model 

is trained over 17000x20= 3,40,000 number of augmented 

images. Therefore, with the help of only 17000 images we 

made the model to be learned over 3,40,000 unique images 

which enables the model to be beautifully fit with the given 

input data. It also prevents the model from over-fitting. 

F. Model evaluation

The validation set is then given to the model for evaluation.

The model can be tested for its performance using

predict_generator() function. The results were then plotted in

the form of a graph called the ROC (receiver operating

characteristic curve) curve and model performance is

evaluated using AUC (Area under Curve) values.

V. MODEL DEPLOYMENT ON STREAMLIT SHARE

Streamlit is an open-source python library for building 

beautiful custom webapps for machine learning in an easy 

way. After creating a virtual environment, all the required 

libraries needs to be installed. The code for prediction resides 

in a .py file. Inside this python file consists of a function that 

takes in an image uploaded by the user and makes prediction 

on the uploaded image and displays the result with the 

corresponding probability value on to the browser. The 

streamlit library provides an API for file uploading 

functionality called file_uploader[13].  

The model that has been saved in .h5 file is then loaded 

and given as a parameter to the prediction function. The 

uploaded image is first resized to (224, 224, 3) as our pre-

trained models have been trained on these dimensions. This 

image is then converted into a numpy array. This array has 

values ranging from 0 to 255. And this will make the difficult 

to learn on and generalize between the images. Hence, this 

array is then normalized to have values between 0 to1. This 

normalized image array was given to the model for 

prediction. And the model then returns probability values 

ranging from 0 to 1 in correspondence with the status of 

uploaded image being cancer or no-cancer. 

The WebApp is then improvised over the front-end of the 

application by adding custom HTML and CSS using 

markdown API provided by the streamlit library. 

The WebApp is then tested for its actual functionality by 

running it on the localhost: 8501. The code is then pushed to 

a GitHub2 repository in order to make our work publicly 

available to everyone. The stack of files also consists of the 

requirements.txt file which contains information of all the 

libraries that have been used. And the website is deployed as 

a public accessible URL using the streamlit share. 

Fig. 4.Figure shows the deployment of website on streamlit share 

VI. RESULTS AND DISCUSSION

A. Comparison of performance and arriving at the best

model

Each model was trained over 20 epochs and corresponding 

values of training and validation accuracies were obtained 

.The time taken for each model for training will be different 

because it depends on the model architecture. Complex 

architectures will take more time when compared to simple 

models. The best training and validation accuracy values over 

20 epochs are as shown below: 

TABLE I. 

Classifier Training 

accuracy 

Validation 

accuracy 

Time taken 

per epoch(sec) 

ResNet50 77.59% 76.18% 199 

VGG16 92.11% 93.12% 294 

Xception 88.97% 90.94% 180 

NASNetMobile 82.61% 83.41% 225 

The validation accuracy will not be that appreciable for 

the very first epoch and it will take some time for the model 

to learn the features from the images. For the ResNet50 

model, it took around 199 seconds for each epoch and the 

validation accuracy was 75.35% for the first epoch and it has 

been increased up to76.18% over 20 epochs. The training 

accuracy was 77.59% .There was not much difference 

between these two values (only 1%) and the model is neither 

under-fitting nor over-fitting. The same procedure was 

applied for VGG16, Xception and NASNetMobile pre-

trained models .It took around 294s ,180s ,225s respectively 

for each epoch and their validation accuracies were 93.12%, 

90.94% and 83.41% respectively. 

After analyzing the performances of these models, two 

pre-trained models were concatenated one over the other to 

increase model accuracy. Below table shows the training and 

validation accuracies after concatenating the pre-trained 

models: 

TABLE II. 

Classifier Training 

accuracy 

Validation 

accuracy 

Time taken per 

epoch(sec) 

VGG16+ResNe

t50 

94.54% 94.12% 401 

Xception+NAS
Net 

96.06% 95.65% 558 

The process of concatenation increased the time required 

for training the model because the model is complex. And it 

took around 401s, 5558s for training the models 
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VGG16+ResNet50 and Xception+NASNet respectively. It 

also increased the model performance as the model with 

highest validation accuracy i.e. 95.65% was obtained for 

Xception+NASNet model. 

Area under the curve (AUC) is another performance 

evaluation criteria for CNN which is obtained from ROC. 

Fig. 4.ResNet50 model 

Fig. 5.VGG16 model 

 Fig. 6.Xception model 

 Fig. 7.NASNetMobile model 

 Fig. 8.VGG16 concatenated with ResNet50 

 Fig. 9.Xception concatenated with NASNetMobile 

The area under the curve values (AUC) for the respective 

model is listed in the table as shown below: 

TABLE III. 

Classifier AUC Value 

ResNet50 86.7 

VGG16 98.4 

Xception 96.1 

NASNetMobile 92.1 

VGG16+ResNet50 98.5 

Xception+NASNet 98.9 
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a.

Among all the six models, Xception+NasNet model has 

yielded highest AUC value around 98.9. Later this model is 

used for WebApp development and deployment. 

B. Model deployment on Streamlit Share

The image after deploying the website as a public accessible

URL3 is as shown:

Fig. 11.Figure shows the website being able to successfully make predictions 

on the uploaded image with the appropriate probability 

The user have to upload a histopathology image through the 

browse files button. The uploaded image is then the resized to 

(224x224), converted into an array, values will be normalized 

and then this normalized array will be fed to the model for 

prediction .The model then returns the probability of having 

cancer onto the browser. If the probability value is greater 

than 0.5, then the model predicts the tissue to be Cancerous 

otherwise Non-cancerous. 

VII. CONCLUSION AND FUTURE WORK

Taking everything into account, Convolutional neural 

Networks (CNNs) are the current state-of-the-art design for 

automatic classification of histopathological images. In our 

proposed methodology, we analyzed the performances of 

various combinations of pre-trained CNN models i.e., 

VGG16, Resnet50, Xception, NASNetMobile, 

VGG16+ResNet50 and XCeption+NASNet. From results, we 

observed that the Xception+Nasnet  network have achieved 

the highest accuracy i.e., 95.65% in comparison with other 

models. However, there are some limitations in our work. 

Although the accuracy is high, the model is still generating 

few false predictions with the real-time data. 

As we carried out our work on the Google colab platform 

which offered us Tesla T4 GPU for training the model, one 

can use higher configuration GPUs or even TPUs for training 

the model with increased number of epochs which will 

ultimately increase the model performance. 

The functionality of the website can be further improved 

by adding features like scanning the pictures (website being 

able to directly taking the pictures of the scanned tissue that 

are generated after biopsy) and making predictions on the 

scanned image in various image formats (.jpg/.png/.jpeg/.tif) 

and also with different magnification factors (40x, 100x, 

200x and 400x).We carried out our work on binary class 

classification i.e. Benign or Malignant. One can extend our 

work for multi-class classification for making predictions 

over cancer sub-types. 
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