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Abstract—As the technological advances in computer hard-
ware and machine learning have increased significantly, deep
learning models have also been used in many different areas.
Examples of these areas are image recognition, face detection, nat-
ural language processing, toxicology, suggestion systems, anomaly
detection and disease diagnosis in the health sector. This study
focuses on studies on disease prediction and diagnosis through
histopathological images. The main purpose of the study is to
apply deep learning models that can classify cancerous tissues
with high accuracy. Besides that, implementation of deep models
are done with a low computational cost so that models can be
trained in a fast manner. Within the scope of this subject, the
convolutional neural network models, which are very popular
in image classification in the deep learning world, have been
realized by applying transfer learning technique. In addition to
these models, a deep learning model called CAT-Net is used to
compare and evaluate the success of the transfer learning method.
The results of the study are compared with overall accuracy,
precision, recall, and F1 score metrics for each model.

Keywords—Texture-based CNN, transfer learning, breast can-
cer, histopathology, digital image analysis, whole slide images (WSI)

I. INTRODUCTION

Cancer is a major public health issue worldwide. Roughly
every year, the American Cancer Society reports the amount
of additional cancer events and fatalities that may arise in
the USA and compiles the current statistics on population-
based cancer development [1]. According to this data, breast
cancer is known to pose a serious health problem especially for
women. With the numbers, in 2020, 279,100 people got breast
cancer and 42,690 of them died. Women made up 99% of
this number. Considering the above facts, it can be said that
providing an appropriate and effective solution to the breast
cancer diagnosis problem is very important in the health sector
[2]. For this reason, a lot of research has been done on this
subject. The main purpose of these studies is to achieve the
fastest and most accurate results with the least effort. Since the
manual evaluation and diagnosis f WSIs is time-consuming and
expensive, this study tries to find a solution to aforementioned
problem using computers. The study intends to identify and
classify breast cancer with the help of deep convolutional
neural networks.

In this study, the performance of several deep learning
methods [3]–[6] in the field of image processing and machine
learning, which yields quite successful results compared to

traditional methods, in histopathological image processing and
evaluation has been compared comparatively. In the study
which is completed by Wang, Khosla, Gargeya, Irshad and
Beck [7], GoogLeNet [8], VGG16 [9], AlexNet [10] and
FaceNet [11] models are used and an accuracy of 98.4%,
97.6%, 92.1% and 96.8% is achieved respectively. In another
study which is completed by Hou, Samaras, Kurc, Gao, Davis
and Saltz, EM-CNN [12] model is used and 83% accuracy is
achieved. And then Sheikhzadeh, Guillaud, Ward [13] worked
with FCN [14] and 92.9% accuracy is achieved. On another
study which is completed by Talo [15], authors has worked
with transfer learning. DenseNet-161 [16] and ResNet-50
[17] models are used and an accuracy of 95.79%, 97.77%
is achieved respectively. Finally, as the source of Cat-Net
model architecture, a research paper entitled as ’Texture-based
Deep Learning for Effective Histopathological Cancer Image
Classification [18]’ is examined. In that study several different
models are tested and some statistic metrics that summarizes
the success of the model are measured. In this paper, VGG16,
Inception v3 [19], DenseNet and ResNet model architectures
are used as transfer learning models. In addition, Cat-Net
model is decided to be used in order to compare it with other
models trained with the transfer learning method to evaluate
the success of the overall transfer learning technique. Finally
patch based approach is decided to be used to lower the
computational cost of the models.

The aim of this study is to implement CNN models which
are going to be used for classifying breast cancer images
using transfer learning techniques. Our main goal is to fulfill
high accuracy deep learning models to diagnose and classify
cancerous tissues. Also implementing models with a low com-
putational cost is aimed so that models can be trained in a fast
manner. To sum up, the purpose of this study is to implement
texture-based CNN models for diagnosing cancerous tissues
and proof the success of them by calculating and measuring
the proper statistics.

II. METHODS

In this study, transfer learning is used for training pre-
trained models. The k-means clustering is used for extracting
discriminative patches and data augmentation is used for gener-
alizing our data. The methods and techniques aforementioned
are detailed below:

A. Transfer Learning

It can take days or even weeks to train deep convolutional
neural network models on very large data sets. One approach978-1-7281-8073-1/20/ $31.00 c©2020 IEEE
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to improve this phase is to reuse model weights from pre-
trained models established for common test computer vision
datasets. For our own image processing tasks the highest
scoring models may be downloaded and used directly or built
into a new model. Transfer learning usually means a method
in which a model trained on a problem is sometimes used on
a second task. Transfer learning is a method in which a neural
network model is first trained on a task close to an another
one. Then, one or more layers of the trained model is used for
other models. Transfer learning has the advantage of reducing
training period of a neural network model and may prevent
overfitting.

Figure 1: Learning process of transfer learning

Weights in reused layers can be used as an initial point for
the training phase and can be modified in regarding the new
problem. Such approach views transfer learning as a kind of
weight initialization scheme. It can be beneficial when the first
associated issue has far more labeled data than the problem of
interest and similar structures. [20]

The scheme and the steps of transfer learning can be seen
in Figure 1.

B. Data Augmentation

Data augmentation is a technique that allows professionals
to dramatically increase the variety of data available for
training models, without actively gathering new data. Data
augmentation methods like padding, cropping, and horizontal
flipping are widely used to train neural networks systems [21].

III. EXPERIMENTAL RESULTS

In this paper, images of breast cancer disease consisting of
histopathological images with four different cancer stages are
studied. ICIAR 2018 Grand Challenge [22] dataset is used to
train the models and Bioimaging 2015 Challenge [23] dataset
is used to test the models. Each dataset contains 2048×1536
sized images. The information regarding the datasets are
displayed in Table I.

These datasets includes histopathological images with four
different cancer stages. Some sample images from test dataset
are shown in Figure 2.

Due to the high resolution of the images, small sized
patches are extracted.For this purpose, median blur is applied
to the images and then K-means algorithm is used to find
out discriminative patches. Patches are extracted from areas
containing cells. A result of one of the cell detection process
is shown in Figure 3.

(a) Benign (b) In Situ

(c) Invasive (d) Normal

Figure 2: Samples from dataset

(a) Sample image 1 (b) Cells detected from image 1

(c) Sample image 2 (d) Cells detected from image 2

Figure 3: Sample images and cells detected from images

For transfer learning technique; VGG16, Inceptionv3,
DenseNet121 and Resnet50 base models are used. All the base
models mentioned above is trained with ImageNet dataset.

Same methods have been followed to implement all transfer
learning models used. First, a basic model is identified. Then
the top layer of the base model is removed and a classifier
model is added onto the base model. Dropout layers are added
and weight decay is applied to prevent overfitting. Some layers
of the base model are frozen and the remaining layers are
trained. For most of the models, the top classifier and the
last two convolutional block of the model are trained. Steps
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Table I: Numerical information about the datasets

Patch Sizes
Dataset Classes Original Set 256×256 128×128 64×64 32×32

ICIAR
(Train Data)

Benign 100 1832 3787 12847 16256
In Situ 100 1832 3787 12847 16256

Invasive 100 1832 3787 12847 16256
Normal 100 1832 3787 12847 16256

Bioimaging
(Test Data)

Benign 69 492 1751 5599 8311
In Situ 63 1271 2168 7417 10293

Invasive 62 51 334 5166 9401
Normal 55 891 2188 7075 8977

followed in the study are shown in Figure 4.

Figure 4: The flowchart of the proposed study

Various models are trained with transfer learning method-
ology, but CAT-Net model is trained from scratch. The exper-
imental settings for the benchmark methods are as follows:

• Cat-Net: Cat-Net model is implemented using Ten-
sorflow Keras in Python, where SGD optimizer is
used. The model is trained with patches of 256×256,
128×128, 64×64 and 32×32 pixels. Weight decay of
1× 10−4 and dropout rate of 0.2 are used. Cat-Net
model is trained for 100 epochs. Batch size of 32 is

used for 256×256 and 128×128 pixels patches. Batch
size of 64 is used for other patch sizes.

• VGG16: VGG16 model is implemented using Ten-
sorflow Keras in Python, where SGD optimizer is
used. The model is trained with patches of any size.
The top layer of the model is removed and a top
classifier is added according to the transfer learning
methodology. The top classifier consist of one global
average pooling, two dense and two dropout layers.
VGG model is trained for 60 epochs and batch size
of 32 is used for each patch size.

• DenseNet121: DenseNet121 model is implemented
using Tensorflow Keras in Python, where SGD op-
timizer is used. The model is trained with patches of
any size. Same top classifier is used as the others.
DenseNet121 model is trained for 65 epochs and batch
size of 32 is used for each model.

• InceptionV3: InceptionV3 model is implemented us-
ing Tensorflow Keras in Python, where SGD optimizer
is used. The model is trained with patches of any size.
Same top classifier is used as the others. Inception
model is trained for 65 epochs. Batch size of 32 is
used for patches of 256×256 and 128×128 pixels.
Batch size of 64 is used for other patch sizes.

• ResNet50: ResNet50 model is implemented using
Tensorflow Keras in Python, where SGD optimizer is
used. The model is trained with patches of any size.
Same top classifier is used. This model is trained for
approximately 100 epochs. For larger size patches, a
batch size of 32 is used, and for others, a batch size
of 64 is used.

The learning rate and momentum are defined as 1× 10−4

and 0.9 for all models except Cat-Net. A learning rate of 0.01
with zero momentum is used for training Cat-net model. In
addition, a method called earlystopping is used to prevent
models from overfitting and to reduce the time spent training
for each model. Overall accuracy, precision, recall, and F1
score have been evaluated for every model. The experimental
results of the models are summarized in Table II. The models
performed with high accuracy for all patches except 32×32
pixels.
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Table II: Experimental results of the models

Patch Sizes
256x256 128x128 64x64 32x32

Methods Acc. Pr. Rec. F1 Acc. Pr. Rec. F1 Acc. Pr. Rec. F1 Acc. Pr. Rec. F1
VGG16 0.93 0.94 0.93 0.93 0.93 0.93 0.93 0.93 0.82 0.82 0.82 0.82 0.70 0.70 0.70 0.70

DenseNet121 0.98 0.98 0.98 0.98 0.93 0.94 0.93 0.93 0.75 0.77 0.75 0.75 0.62 0.63 0.62 0.62
ResNet50 0.97 0.97 0.97 0.97 0.95 0.95 0.95 0.95 0.93 0.93 0.93 0.93 0.72 0.73 0.72 0.72
Cat-Net 0.88 0.92 0.88 0.89 0.93 0.93 0.93 0.93 0.95 0.95 0.95 0.95 0.85 0.85 0.85 0.85

InceptionV3 0.98 0.98 0.98 0.98 0.88 0.88 0.88 0.88 0.81 0.81 0.81 0.81 0.57 0.58 0.57 0.57

As seen in Table II, the accuracy of the models used in
transfer learning are directly proportional to the patch size.
The reason for this is that the models are more suitable for
higher patch sizes and high patched pictures contain more
information. The reason why Cat-Net is inversely proportional
to the patches is because Cat-Net is trained with resized
patches. That means, 32×32 and 64×64 patches are resized
to 128×128. With this a quite good accuracy is achieved. In
summary, overall, high patch size images are better and transfer
learning method is quite good for solving such classification
problems.

IV. CONCLUSION

The purpose of this study is to train deep learning models to
classify breast cancer images to help diagnose cancer. Several
neural network architectures and methods have been used to
achieve the desired goals. The models are trained with ICIAR
2018 dataset and tested with Bioimaging 2015 dataset. After
that, specific metrics are calculated to evaluate the success of
the models and the overall study. As a result, breast cancer
stages are classified quite successfully. Based on the results
from the test data, it can be said that the models perform quite
well. The obtained results contain promising findings in terms
of studies to be conducted in this field.
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