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Abstract—In this work, we propose a new approach for spot-
ting mitoses in breast cancer histology images. This new approach
involves integrating two publicly accessible datasets following a
normalization procedure of color. The mitotic samples are then
enhanced by preserving the context to address class imbalance.
After this, the candidate mitotic cells are classified into the target
classes using a ResNet classifier. Through this method, we were
able to accurately identify mitosis in the combined dataset while
attempting to identify it in the images. We demonstrate that our
method outperforms all current methods by comparing it to state-
of-the-art methods using a public dataset. Our results indicate
that the proposed technique can be used to automatically identify
mitotic cells in the images of histopathology of breast cancer.

Index Terms—histopathology, ResNet-50, mitosis detection

I. INTRODUCTION

The most frequent malignancy in women is breast cancer,
with regard to about 2685,000 deaths and .3 million new cases
worldwide in 2020 [1]. While most breast cancers can be
cured if detected early, the current gold standard for breast
cancer screening, mammography, suffers from low sensitivity,
particularly in women with dense breast tissue.

Digital pathology, which uses whole slide images (WSIs)
to digitize tissue specimens, has emerged as a promising al-
ternative to traditional microscopy for cancer diagnosis. WSIs
of breast cancer can be used to generate mitosis annotations,
which are associated with tumor grade and have been shown
to be a strong predictor of patient outcomes. However, the
task of mitosis detection in breast cancer histologic images is
a challenging one, due to the large size and high resolution
of WSIs, the large variation in mitosis appearance, and the
presence of artifacts such as staining and background clutter.

A number of mitosis detection techniques have been pro-
posed, but most of these techniques are based on heuristic rules
that are designed by expert pathologists. These methods are
therefore both slow and inaccurate, and often require manual
intervention.

Recently, there has been a growing interest in the use of
deep learning for the automated detection of mitotic cells in
histopathological images [2]–[6]. Deep learning is a powerful
tool for automated image analysis and has been shown to be
effective for a number of applications such as object detection

[7], classification ofimage [8], and image segmentation. Cell-
level CNNs have been used in automated pathology activities
such as mitosis detection and cell nucleus detection [9].

In order to train deep learning based object detection
models, a large number of images with annotated object
locations are required. However, the collection of such a
large quantity of images is extremely expensive and takes
a lot of time. Additionally, it is very difficult to annotate
images with high accuracy. Thus, how to train deep learning
based object detection models with limited annotated images
is a challenging problem. Data augmentation is a common
approach to train deep learning based object detection models.
It consists of applying a set of operations to the training
images to create new images. Common data augmentation
operations include cropping, rotation, and horizontal flipping.
Such operations introduce appearance and spatial variability in
the generated images, thereby improving the robustness of the
trained deep learning based object detection models. However,
the generated images have different appearances and locations
because these data augmentation operations do not preserve
the object’s context.

This work proposes a deep learning based mitosis detection
method that is compared with state of the art deep learning
and traditional methods. The proposed approach uses a pre-
trained ResNet-50 deep convolution architecture and is based
on combined datasets.

The paper is structured as follows: First, the proposed
approach is explained in Section II, The results of the experi-
ments are shown in Section III, finally the paper is concluded
with a plan for further research in Section IV.

II. METHODS

A. Dataset

Both the publicly available image databases MITOS-
ATYPIA-14 and ICPR-MITOS 2012 can be used for academic
studies. The 2012 ICPR competition saw the debut of the
MITOSIS dataset, which includes 50 RGB images, 15 of
which are for testing and 35 for training. Each high-power
field (HPF) has an area of 512 by 512 per micrometer,
suggesting that the image size is 2084 by 2084 per micrometer.
Each image has a resolution of 0.2456 micrometers per pixel.



The slides were scanned using two scanners, the Aperio XT
(scanner A) and the Scanner of Hamamatsu (scanner H).
The dataset of MITOS-ATYPIA-14 from ICPR 2014 was
used in a competition in which investigators were asked to
assess nuclear atypia and determine the mitotic cells number.
The dataset consists of 496 test images obtained from five
different breast biopsies and 1,200 training images obtained
from sixteen different biopsies. Each image is 1539 by 1376
pixels in size at 40 by 40 magnification, and only the centroid
pixels of each mitosis were annotated by the pathologists. It
is difficult to obtain remarkable performance with this dataset
due to the large differences in the images in the dataset,
which depend on the tissue acquisition procedure, staining,
and lighting conditions.

B. PROPOSED METHOD

The proposed method for detecting mitosis in images uses
color normalization, data augmentation, training and evalu-
ation of a convolutional neural network (CNN), and testing
of the algorithm. Figure 1 provides a broad overview of the
proposed technique. The four key divisions of the proposed
process are color normalization of the image, data augmenta-
tion, training and evaluation of the CNN, and testing of the
algorithm.

1) Image color normalization:

Histopathology images often contain irregular staining,
making it difficult to learn the features required for mitosis
detection by DCNN. To solve this problem, we propose a fast
and efficient approach for color normalization of the image.
We first extract the R, G, and B color channels from the input
image I, and then calculate standard deviation and the mean
of each channel:

µc =
1

N

N∑
i=1

Ii,c, σc =

√√√√ 1

N

N∑
i=1

(Ii,c − µc)2, (1)

where N is the pixels number in the image, c ∈ {R,G,B}
is the color channel, and Ii,c is the intensity of pixel i
in channel c. We then standardize the channels using the
following transform:

I ′i,c =
Ii,c − µc

σc
. (2)

The transformed image I ′ is then augmented and fed into the
DCNN.

The color normalization of images from two distinct
datasets, ICPR-MITOS 2012 and MITOS-ATYPIA-14, is
shown in Figure 2 (a and b). There is a clear difference in
the color properties of the images obtained using these two
datasets. As seen in Figure 2, color homogeneity is the result of
the color normalization of these images (b and c). In contrast
to the original images, the output images have an even color
scheme.

2) Data Augmentation

The proposed strategy for increasing the number of training
samples and reducing the risk of overfitting is to use data
augmentation. The augmentation Data is a commonly used
strategy to enhance the performance of the convolutional
neural network. The proposed method uses context preserving
data augmentation to maintain the semantic meaning of the
patches. The algorithm from the original image is utilized to
retrieve patches from the original image. The boundary pixels
are then generated to generate a new patch.

The number of generated patches is controlled by a param-
eter n. The number of generated patches is given by,

N = n2 (3)

The parameter n is chosen to be 2 in the proposed method.
The generated patches are then augmented with rotations and
flips to obtain the final training set.

3) DCNN Model

We use the ResNet-50 [10] DCNN model for cells classifi-
cation. ResNet is a popular DCNN architecture that has shown
success on a variety of image classification and detection tasks.

There are a few reasons why the ResNet-50 CNN model is
a good choice for mitosis detection. First, the model is pre-
trained on a large dataset (ImageNet), which means that it
already has a good understanding of basic image features. This
means that the model can more quickly learn to detect mitosis
in new images. Second, the model is relatively shallow, which
means that it is less likely to overfit on the relatively small
mitosis dataset. Finally, the model has a good reputation for
generalizability, meaning that it is likely to perform well on
unseen data.

The trained model is what we use. A patch measuring 64
by 64 pixels serves as the network’s input. We use the Adam
optimizer [11], with a learning rate of 0.0001, to adjust the
model on the training set. Training is done over 25 epochs
with a batch size of 16.

4) Candidate cell detection

The normalized images are converted to binary images
using Otsu’s method which is computed separately for each
channel. The binary images are then passed through a series of
morphological operations to remove the background noise and
obtain the cell regions. The operations performed are opening
with a disk of radius of 5 pixels, closing with a disk of radius
10 pixels, and opening with a disk of radius 5 pixels. The
binary image obtained after all three operations is inverted to
obtain the cell regions. The centroid of each cell is found via
linked component labeling.

III. EXPERIMENTAL AND RESULTS

A. Experimental Setup

The proposed technique is implemented using Python 3.5.
This study uses two Intel Xeon-E5-2620-v4 with 2.1 GHz
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Fig. 1: A graphical outline of the proposed method
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Fig. 2: Examples of the color normalization outputs from the
ICPR2012 and MITOS-ATYPIA datasets are shown in images
(c, d).

CPUs, 128 GB of RAM, and an MSI GeForce GTX TITAN
X with 3072 Cores and 12 GB of RAM as its experimental
platform.

B. Evaluation Metrics

The DCNN model is evaluated using four parameters:
precision, accuracy, F1 score, and recall. Accuracy is the
percentage of images that are correctly classified out of all
images. Precision is the proportion of correctly classified mi-
totic events compared to all projected mitotic events. Recall is
the proportion of correctly identified mitotic events compared
to all mitotic events. The F1 score is the harmonic mean of
recall and accuracy.

C. Results and Discussion

The proposed algorithm for mitotic detection was tested
on two publicly available datasets: ICPR-MITOS 2012 [12]

and MITOS-ATYPIA-14 [13]. The evaluation metrics were
the same as the ones used in the challenge. Note that the
evaluation metric used in the challenge is not the standard
one in the field.

The ResNet 50 model was trained on this last combined
dataset (see Figure 3).

The model trained on the combined dataset seems to be
more stable, based on a graph of the epochs of training
versus validation loss and validation accuracy, training loss,
and training accuracy.

The algorithm was compared with the top-ranked algorithm
from the challenge, VGG16 [8] ,as well as some other algo-
rithms from the field, namely, Mask-RCNN [14], and StarDist
[15].

Our proposed algorithm outperforms all the other algorithms
on all two datasets. The results are shown in Table I and Table
II.

TABLE I: Results on the dataset of MITOS-ATYPIA-14

Method Precision Recall F1-score
StarDist [15] 0.556 0.552 0.554
VGG16 [8] 0.489 0.701 0.577
Mask-RCNN [14] 0.518 0.807 0.631
Proposed algorithm 0.650 0.873 0.708

TABLE II: Results on the ICPR2012 dataset

Method Precision Recall F1-score
StarDist [15] 0.576 0.540 0.563
VGG16 [8] 0.499 0.710 0.560
Mask-RCNN [14] 0.521 0.817 0.644
Proposed algorithm 0.641 0.859 0.691

The results indicate that the proposed approach can be
used to automatically detection of mitotic cells in images of
histopathology of breast cancer.

Our study has a number of limitations. First, our dataset is
small. Second, our dataset is imbalanced and includes twice
as many images without mitotic cells as images with mitotic
cells. Third, our method is tested on a held-out test set and
may not generalize to other datasets. Our work in future will
focus on increasing the size of the dataset and balancing the
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Fig. 3: Learning pattern of the ResNET using combined dataset

dataset. Futur work will also focus on testing the proposed
method on other datasets.
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IV. CONCLUSION

In this work, a simple and fast algorithm for mitotic detec-
tion in microscopy images was proposed. The proposed algo-
rithm consists of four main steps: image color normalization,
data augmentation, CNN training and image classification.
Two publicly accessible datasets were used to evaluate the
proposed technique. The proposed technique is designed to
take advantage of the high level of detail and resolution in
histology images. The proposed technique showed superior
performance over all the compared methods in all of the two
datasets in terms of recall.
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