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Abstract—Ki-67 labelling index is a biomarker which is
used across the world to predict the aggressiveness of cancer.
To compute the Ki-67 index, pathologists normally count the
tumour nuclei from the slide images manually; hence it is time-
consuming and is subject to inter pathologist variability. With
the development of image processing and machine learning,
many methods have been introduced for automatic Ki-67
estimation. But most of them require manual annotations and
are restricted to one type of cancer. In this work, we propose a
pooled Otsu’s method to generate labels and train a semantic
segmentation deep neural network (DNN). The output is post-
processed to find the Ki-67 index. Evaluation of two different
types of cancer (bladder and breast cancer) results in a mean
absolute error of 3.52%. The performance of the DNN trained
with automatic labels is better than DNN trained with ground
truth by an absolute value of 1.25%.

I. INTRODUCTION

Ki-67 labelling index is a proliferation marker used for as-
sessment of biopsies in cancer patients. It helps in predicting
the tumour cell advance and the therapy responses. The Ki-67
index is defined as the percentage of immunopositive nuclei
to the total nuclei [1]. Pathologists observe the stained slides
under the microscope and count the immunopositive and
immunonegative nuclei. The tissue sections are stained ac-
cording to the Immunohistochemistry (IHC) protocol which
results in brown-coloured immunopositive nuclei and blue-
coloured immunonegative nuclei. The manual counts are
performed on the regions in which Ki-67 staining is notably
higher relative to the adjacent areas (hotspots) [2]. Pathol-
ogists take a mean time of 17 minutes per case to count
manually, as reported in [3]. Thus the manual assessment
of Ki-67 index is a slow process. Computer-aided image
analysis is more reliable and fast. Moreover, automation also
helps in eliminating inter pathologist variations.

Deep Neural Network (DNN) models were proposed for
automated assessment of Ki-67 index [4], [5]. Training
of such a DNN requires pixel-level ground truth images
corresponding to all input images. Since the annotations for
the ground truth are marked manually, it is a time-consuming
process which limits the amount of training data available
for any model. Thus it can be a potential constraint in
the performance of the system. We also note that most of
the existing systems are restricted to one type of cancer
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(e.g., Breast cancer [5]-[7], Neuroendocrine tumour [8]-[10],
Nasopharyngeal cancer [11], Meningiomas [12]).

In this work, we aim to develop a DNN system for Ki-67
index estimation of two different kinds of cancer (bladder and
breast cancer) with a set of automatically generated labels.
The system performs an approximate segmentation based on
Otsu’s thresholding method for separating immunopositive
and immunonegative nuclei. An overview of this approxi-
mate segmentation and a deep learning U-Net model for Ki-
67 index estimation are described in the following section.
Section III presents the comparison of automatically gener-
ated labels and manual labels.

II. METHODOLOGY

In the Ki-67 staining process, the slides are incubated with
the Ki-67 antibody. The Ki-67 antibody binds with the Ki-
67 mitotic antigen, which is present in all stages of the cell
cycle except the resting phase. Slides are then treated with
Diaminobenzidine (DAB) chromogen to develop the brown
color after which counterstaining with Meyer’s hematoxylin
(H) stain is done. This results in brown immunopositive
nuclei and blue immunonegative nuclei [13].

In order to generate an automated ground truth, we pro-
pose to use Otsu’s thresholding of the DAB and H stain
values. The ground truth generated by this method is used
to train a semantic segmentation system that identifies the
immunopositive and immunonegative nuclei. These steps are
detailed as follows:

A. Otsu’s thresholding

We first separate the H and DAB stain using color decon-
volution [6]. The optical density matrix [14] used to convert
RGB space to H, eosin(E) and DAB is given as:

H 1.88 —0.07 —-0.60 R
E =|-102 1.13 -048 G (1)
DAB —0.55 —-0.13 1.57 B

To segment the nuclei, we perform Otsu’s thresholding
on H and DAB stained individual images corresponding
to hotspot regions. Otsu’s algorithm determines a threshold
to separate the two classes by minimizing the intraclass
variance in the intensity histogram. Thresholding on H image
results in all background pixels black and nuclei pixels white,
whereas on DAB image only immunopositive nuclei are
white. To generate the labels, we obtain the immunopositive
mask from DAB and immunonegative mask from H by
removing the DAB part. We refer these labels as otsu-labels.
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However, the algorithm assumes that the foreground and
background classes have similar variances. The resulting
threshold could be incorrect otherwise. In our dataset, there
are many examples where the number of immunopositive
nuclei is low. Thresholding on such images results in back-
ground pixels falling in immunopositive class.

We address this issue by determining the thresholds from
the combined histograms obtained from multiple training
images. The combined histogram will have similar fore-
ground and background variance instead of few images
having skewed class distributions. Therefore we observe
the thresholds obtained through this method provide better
segmentation. Pooled Otsu’s thresholds are computed for
each type of cancer separately. We refer to labels generated
by this method as pool-otsu-labels.

B. Deep Neural Network (DNN)

We train a DNN with the targets as pool-otsu-labels. We
use UNet architecture [15] for the pixel-wise classification of
images into the immunopositive/immunonegative and back-
ground classes. The architecture has a contracting and an
expanding path. The contracting path reduces the spatial
information and increases the feature information. Expanding
path combines both information with up convolutions and
concatenations from the contracting path. Our implementa-
tion uses separable convolutions [16] to reduce the number
of parameters and speed up the computation.

C. Ki-67 index calculation

Trained DNN gives the probabilities corresponding to each
class as output. We compute class-wise masks by considering
the set of pixels that have the maximum probability for
a particular class. These masks are then subjected to a
sequence of morphological opening and closing operations
with a circular kernel. We find the local maxima of the
immunopositive class probability values within the same
class mask. We then count the local maxima to determine
the number of immunopositive nuclei. Nuclei which are
not round in shape results in more than one local maxima.
Therefore local maxima at a separation less than one nucleus
size are avoided. The process is repeated for immunonegative
nuclei to get the count. The Ki-67 index is computed using
the equation 2,

Nrp

Ki-67 index (%) = W
IP IN

x 100 2)
where N;p is the total number of immunopositive nuclei and
Ny is the total number of immunonegative nuclei.

III. EXPERIMENTS AND RESULTS

We perform all the experiments on a dataset of 180
Ki-67 stained images corresponding to 18 patients. Otsu’s
thresholding is performed to generate automatic labels for
training the UNet. The Ki-67 indices are computed from
the UNet output. The results are compared with manually
computed Ki-67 indices by the expert pathologists.

A. Dataset

The dataset comprises of images from 10 breast cancer
patients and 8 bladder cancer patients. Ten images are ob-
tained for each patient from the hotspot regions. All images
are of resolution 1920 x 1440 pixels at 40x magnification.
The entire data is collected from Kasturba Medical College
Mangalore India after ethical clearance (Ref.No: IEC KMC
MLR 01-19/35).

Images corresponding to 10 patients (5 breast cancer and 5
bladder cancer) are used for training and the rest are used for
evaluation of Ki-67 index computation. We perform manual
annotation to obtain the ground truth for a subset of the
dataset (Referred to as man-labels). The subset includes
entire training data and 2 patients in the test dataset. The
man-labels are verified by the pathologists. This manual
annotation is performed to have a baseline comparison for
pool-otsu-labels.

B. Segmentation

We converted the RGB input images into H, E and DAB
format and performed Otsu’s segmentation on DAB and H
components of individual images. Fig. 1 shows the masks
generated for a bladder cancer image which gives a wrong
segmentation for immunopositive nuclei. This is because the
image had very few immunopositive nuclei, which resulted
in the background to be predicted as the immunopositive
class.

Hence histograms of all the training images are extracted
and pooled together for each type of cancer. This histogram
is used for Otsu’s thresholding and pool-otsu-labels are
generated. Fig. 2 shows the results of the segmentation of the
same image in Fig. 1. We observe that the immunopositive
nuclei are segmented properly.
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(c) Hematoxylin mask

Fig. 1: An example of wrong segmentation. Immunopositive
nuclei are marked in yellow in the original image (a).

In order to asses the segmentation performance of in-
dividual and pooled Otsu’s method we compute the dice
scores of otsu-labels and pool-otsu-labels against man-
labels in the training images. Table. I shows that there is
50% improvement in the dice score after pooling. We also
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(b) Hematoxylin mask

(a) Immunopositive DAB mask

Fig. 2: An example for pooled segmentation

use the pooled Otsu’s output to generate method on the
test data (Referred as Otsu) by using the training thresholds
determined separately for bladder and breast cancer.

TABLE I: Evaluation of segmentation on Training data

Evaluation Measures
Labels Dice score Dice score without
background
otsu-labels 0.47 0.41
pool-otsu-labels 0.94 0.70

C. DNN training

We use the training data of 10 patients to train a DNN
model (UNet) using the pool-otsu-labels as ground truth
(Referred as Otsu_DNN). We also train another system with
man-labels as target values for comparison (Referred as
GT_DNN). Each image is divided into 512 x 512 pixels,
18 overlapping patches. Two per cent of the training data is
used exclusively for validation. We train both the DNNs for
100 epochs. The model weights corresponding to maximum
validation accuracy is chosen for testing. The DNN is then
used to generate the segmentation on the test data.

We evaluate the DNN segmentation on the subset (20
images) of test data where man-labels are available. Table. II
shows the dice score, precision and recall obtained on the
test data with respect to the ground truth. We observe that
GT_DNN gives the maximum scores. It can be seen that
the automatic methods also have very similar performance
(5.6% absolute difference in dice score evaluated without
considering the background).

TABLE II: Evaluation of segmentation on Test data

Evaluation Measures
Method Precision | Recall Dice Dice score without
score background
Otsu 0.89 0.89 0.94 0.71
GT_DNN 0.91 0.90 0.95 0.75
Otsu_DNN 0.89 0.89 0.94 0.71

D. Ki-67 index Evaluation

To determine the number of nuclei, we count the local
peaks from the probabilities predicted by DNN. The local
maxima which are nearer than 50 pixels (minimum size of
one nucleus at 40x magnification) are removed as described
in Section II-C. The Ki-index is then computed using equa-
tion 2.

Fig. 3 shows the bar plot of mean absolute error of Ki-
67 from the different methods. First three cases correspond
to bladder cancer, and the next five are of breast cancer.
For low Ki-67 index values (i.e., less than 30%) Otsu_DNN
predicted Ki67 error is less than 2%. Worst case error is
14%. The proposed method is even better than GT_DNN in
5 out of 8 cases.

The mean absolute error (MAE) of entire test data using
various methods is mentioned in Table. III. It is observed
that Otsu_DNN gave the least error (3.52%). The MAE
corresponding to bladder cancer is 0.43% and breast cancer
is 5.35%. We also observe that Otsu_DNN gives better results
for bladder cancer data.

TABLE III: Evaluation of Ki-67 index

Ki-67 index mean absolute error (%)
Otsu GT_DNN Otsu_DNN
5.56 4.77 3.52

Manual annotations are prone to errors due to personal
biases. Automated labels resolve these errors. Moreover,
labels are generated much faster in automated methods.
Hence time consumed during manual ground truth annotation
for a new data can be avoided. This method can scale up to
large datasets.

Fig 4 shows the best prediction for the cancer case 2
(bladder cancer) and Fig 5 shows the worst prediction for
the cancer case 5 (breast cancer) by Otsu_DNN method. It
can be observed that we have a higher error in the Fig 5
because the small cells which are lymphocytes (highlighted
as green) are counted as immunonegative nuclei. This can
be resolved further by considering lymphocytes as a separate
class during segmentation.
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Fig. 3: Ki Index Prediction error for various cancer cases

IV. CONCLUSION

In this work, we proposed an automatic labelling scheme
and trained a DNN across two different types of cancer. H
and DAB stains were separated by color deconvolution from
the original RGB image. Otsu’s thresholding was then per-
formed by combining the histograms obtained from multiple
training images for each type of cancer. We generated labels
from these thresholded images by obtaining the immunoposi-
tive nuclei from DAB mask and immunonegative nuclei from
H mask that was exclusive of DAB. The generated labels
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Fig. 4: Prediction of bladder cancer - best case

are able to achieve a dice score of 0.94 in the training data.
These labels are then used to train the Otsu_DNN system.
Ki-67 index estimated by this system resulted in an MAE of
3.52%. The Otsu_DNN performed better than GT_DNN by
an absolute value of 1.25%. Thus unlike previous works, we
have developed a DNN system with automated labels which
provided consistent performance across two different types
of cancers.

Otsu_DNN system performed better for the bladder cancer
images (MAE- 0.43%) as compared to breast cancer im-
ages (MAE- 5.35%). This is because small cells such as
lymphocytes are present in the breast cancer images. These
are mistakenly counted as immunonegative nuclei. This issue
will be addressed in future work by considering lymphocytes

as a separate class.
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