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CNN-based histological images segmentation of mucous glands
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Mucous glands lesions analysis and assessing of malignant potential of colon polyps are very important tasks of
surgical pathology. However, differential diagnosis of colon polyps often seems impossible by classical methods and
it is necessary to involve computer methods capable of assessing minimal differences to extend the capabilities of
the classical pathology examination. Accurate segmentation of mucous glands from histology images is a crucial
step to obtain reliable morphometric criteria for quantitative diagnostic methods. We review major trends in
histological images segmentation and design a new convolutional neural network for mucous gland segmentation.

Keywords: Image segmentation, Convolutional Neural Networks, Histology, Pathology, Mucous glands

1. Introduction

Mucous glands are important histological struc-
tures presented in certain organ systems as the main
mechanism for secreting proteins and carbohydrates.
Malignant tumors arising from glandular epithelium,
also known as adenocarcinomas, are the most preva-
lent form of cancer. However for the mucous glands
the sequence of precancerous processes leading to the
development of a malignant tumor has been studied
most well: metaplasia-dysplasia-cancer. The detec-
tion of metaplasia and dysplasia in the epithelium of
the mucous glands may be an extremely difficult task
for surgical pathology. Minimal differences between
these processes are often not available for the classi-
cal pathology examination. An important practical
task is to find analytical instrument for objective di-
agnosis. Computational analysis is an additional an-
alytical instrument for the segmentation of mucous
glands on a microscopic images, shape analysis of
the whole gland and it’s lumen (Fig.[ll), calculating
nuclear-cytoplasmic ratio in mucus-forming cells, and
localization of the expression of certain immunohisto-
chemical markers. All these parameters together can
potentially significantly increase the accuracy of diag-
nosis of pathological processes associated with mucous
glands in colon, stomach, prostate, breast, bronchus,
etc.

Accurate segmentation of glands is often a cru-
cial step to obtain reliable morphological statistics.
Nonetheless, the task by nature is very challenging
due to the great variation of glandular morphology in
different histological grades.

Today the standard dataset for the task of his-
tological images segmentation is Warwick-QU image
dataset [EI], first used in [E] The dataset provides 165
Hematoxylin and Eosin (H&E) stained slides, consist-
ing of a variety of histological grades. The dataset
is provided together with ground truth annotations
made by expert pathologists. Every image contains
a number of colon glands, each of them consists of
lumen, cytoplasm and nuclei (Flgﬂ) Warwick-QU

dataset was also used in the Gland Segmentation in
Colon Histology Images (GlaS) contest [B]

The goal of this paper is to give a short overview of
recent trends in histological images segmentation and
propose a new algorithm for mucous glands segmenta-
tion. The target aim of our research is the computer-
aided diagnostics of colon polyps — adenomas (ICD-O
8140/0) and serrated lesions (ICD-O 8213/0).

Figure 1. A histological image of colon mucous glands.

2. Review of gland segmentation methods

All major trends in gland segmentation can be
roughly split into two groups (those which are based
on the use of conventional image processing techniques
and more modern methods based on convolutional
neural networks), which are overviewed in Section
and Section accordingly.

2.1 Conventional methods of segmentation

The first methods of image segmentation ever ap-
plied to histological images were methods based on
K-means clustering, Chan-Vese algorithm, histogram
analysis, edge detection, and watershed algorithm.
Although these methods of segmentation are very sim-
ple, they are not effective enough, and can be used
only for semiautomatic segmentation [4].

The next generation of algorithms was based on
a more complex feature-based approaches and could
perform automatic image segmentation in most cases.
E.g. a region growing algorithm is presented in [E]
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The initial seeding regions are identified based on the
lumen inside the glands by fitting with a large mov-
ing window. The seeding regions are then expanded
by repetitive application of a morphological operation.
False gland regions are removed based on either their
excessive ages of active growth or inadequate thick-
ness of dams formed by goblet cell nuclei outside the
grown regions.

In [6] the tissue image is segmented using the def-
inition of object-graphs instead of using the pixel-
based approach. The image is decomposed into a set
of circular objects, and depending on the organiza-
tional properties of these objects initial seeds are de-
termined. After that the inner regions of glands are
found by growing the seeds in accordance with nuclei
location.

A more complex approach was proposed in [2].
Each gland in the image is treated as a polygon of
random number of vertices, while the vertices repre-
sent approximate locations of epithelial nuclei. The
problem of constructing such a graph is formulated as
a Bayesian inference problem by defining a prior for
spatial connectivity and arrangement of neighboring
epithelial nuclei and a likelihood for the presence of a
gland structure.

2.2 Segmentation with neural networks

Recently, image segmentation methods using con-
volutional neural networks are gaining in popularity.
Due to their good generalization capacity and versa-
tility these methods demonstrate the state-of-the-art
level of performance. Almost all CNN-based segmen-
tation methods use the same idea of convolutional au-
toencoder (CAE) [[]. With minor changes these CNN-
based segmentation methods can be also applied to
histological images.

The first approach of semantic image segmentation
using CNN was Fully Convolutional Network (FCN)
proposed by Long et al] in [§]. The key ideas of
the approach are to replace the fully-connected lay-
ers with convolutions, perform upsampling with trans-
posed convolutions (or so called upconvolutions) and
use skip connections. All in all FCN re-purposes ima-
genet pretrained networks for semantic segmentation
problem.

Despite it’s upconvolutional layers and a few short-
cut connections FCN_produces too coarse segmenta-
tion maps. SegNet [g] proposes another way of up-
sampling. The decoder part of the SegNet uses pool-
ing indices computed in the max-pooling step of the
corresponding encoder part to perform non-linear up-
sampling. This leads to more accurate segmentation
and makes SegNet more memory efficient than FCN.

The main contribution of U-Net [10] compared
to other fully convolutional segmentation networks is
that while upsampling and going deeper in the net-
work the upsampled features are concatenated with

the higher resolution features from down part for bet-
ter localization. Furthermore, apart from proposing
the new architecture and a special way of data aug-
mentation U-Net was the first CNN-based method ap-
plied for biomedical image segmentation.

The main problem of the mentioned above ap-
proaches of segmentation is the impossibility of the al-
gorithms to separate close or contiguous objects. Var-
ious ideas were proposed to solve this problem.

For example in [11] the authors introduced a new
high-level loss function, that takes into account high
level shape priors, such as smoothness and preserva-
tion of complex interactions between object regions.
This loss was used in the FCN network trained on
the the Warwick-QU dataset and demonstrated bet-
ter performance compared to the FCN trained with
conventional per-pixel loss.

In [12] Kainz et al) trained two FCN networks on
the Warwick-QU dataset. The first network performs
a 4-class object segmentation (benign background,
benign gland, malignant background and malignant
gland), while the second one is trained to separate
close glands. The CNN predictions are then regular-
ized using weighted total variation to produce the final
segmentation result.

Chen et al) in [13] proposed a DCAN architecture
with similar idea of object detection and separation,
but unlike [12] these two steps are performed simul-
taneously with one FCN-based network that has two
outputs. First output predicts probabilities of gland
object, while the second predicts the probability map
of contours separating glands. The final segmenta-
tion masks are calculated using the threshold rule. To
strengthen the training process DCAN uses 3 weighted
auxiliary classifiers in the 3 deepest layers of the net-
work.

The idea of splitting segmented glands got a fur-
ther development in [14]. The authors introduce a
CNN with 3 pipelines: a FCN for the foreground seg-
mentation, Faster R-CNN [[15] for the object detection
and HED [16] for edge detection. All three pipelines a
fused into one, and are followed with several convolu-
tion layers to predict the final instance segmentation
map. This approach leads to the state-of-the-art level
of segmentation accuracy.

3. Proposed method

In this paper we consider the problem of histolog-
ical mucous gland segmentation. For this problem we
suggest a rather simple yet effective CNN architec-
ture. The approach is based on the U-Net [10] with
batch normalization [17] layers added after each con-
volution. The main building blocks of the network are
Conv block (Fig.@) and Upconv block (Fig.).
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Figure 2. Base building blocks of the proposed network.
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Figure 3. Proposed network architecture for mucous
glands segmentation.

Conv blocks form the contracting path of the net-
work, while Upconv blocks form the expansive path.
Here Conv2D (SxS, n) operation stands for the 2D
convolution with n filters of size S x S, while Up-
Conv2D (n) operation stands for the double upsam-
pling of the feature map followed by 2D convolution
with n filters of size 2 x 2. In contrast to the U-Net
we use two different expansion paths in order to de-
tect glands and separating contours. Each expansion
paths ends with a 1 x 1 2D convolution, which reduces
the number of features to 2 (background/foreground)
and a sigmoid activation function to get the output
probability map. Thus, the first expansion path out-

puts the probability of gland and the second - the
probability of gland contour. Uniting these two prob-
abilities by threshold we get the final result of segmen-
tation (Fig.§). The network is learned using RMSprop
optimizer [18], dividing the gradient by a running av-
erage of its recent magnitude. We use a sum of a
binary cross entropy value and a dice coefficient as
the loss for both of the network outputs.

4. Experiments and results

The algorithm was evaluated on the Warwick-QU
dataset [[l], which consists of a wide range of histolog-
ical grades from benign to malignant subjects. The
dataset contains 85 train and 80 test images. We en-
larged the dataset by 10 times using augmentation
process with random shift, rotation, zoom and flip
operations.

The proposed algorithm was implemented using
open source neural network library Keras [19] with
TensorFlow backend. The training was performed on
a platform with Intel(R) Core(R) i7-6700HQ CPU and
NVIDIA GeForce GTX 960M GPU. Due to the rel-
atively high resolution of the images from the used
dataset, every processed image is first split into non-
overlapping patches of 256 x 256 size, each of the
patches is fed to the network and after that the output
image is merged from the processed patches.

The segmentation results after training the pro-
posed network for 12 epochs are shown in Fig.{l. The
sum of the binary cross entropy and the dice coeffi-
cient was 0.872 on the validation set. The evaluation
on the test set demonstrates sufficiently good results
in both gland and contour segmentation.

Figure 4. Segmentation results on the test images from
dataset [[I]]. The columns: source image, ground truth
mask, network outputs (gland and contour detection),
superpositions of source image and the outputs.

Figure 5. Segmentation results of an image fragment of
mucous glands in hyperplastic colon polyp in real biopsy
diagnostic material. The columns: source image; network
outputs (gland and contour detection); superpositions of
source image and the outputs.
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Moreover, Fig.5 demonstrates the results of apply-
ing the proposed algorithm for the classification of
real biopsy diagnostics material. It should be noticed,
that for this example the network was trained on the
Warwick-QU dataset [l and was not fine-tuned on
the used data due to the absence of the ground-truth
markup. Even though, the obtained results look rea-
sonable. Creating the markup for this data and fine-
tuning the network are the further work directions.

5. Conclusion and further directions

Further directions of the our work include perform-
ing a more complex segmentation to make also an
inner-gland segmentation (detect nuclei, lumen and
cytoplasm), which can be used for the ensuing anal-
ysis. In particular, analyzing the histological images
of mucous glands helps to detect changes in its lumen
shape (serration), in the nuclear-cytoplasmic ratio in-
side mucus-forming cells, and in the character of the
expression of immunohistochemical markers [20].

6. Acknowledgements

The work was supported by Russian Science Foun-
dation grant 17-11-01279. In our study, the review of
segmentation methods and designing the CNN were
performed by the authors from the Faculty of Com-
putational Mathematics and Cybernetics, the medical
problem statements and experimental work - by the
authors from the University Medical Center.

7. References

[1] Warwick-QU  image  dataset  description.
https://warwick.ac.uk/fac/sci/dcs/
research/tia/glascontest/about/.

[2] Korsuk Sirinukunwattana, David RJ Snead, and
Nasir M Rajpoot. A stochastic polygons model
for glandular structures in colon histology im-
ages. IEEFE transactions on medical imaging, 34
(11):2366-2378, 2015.

[3] Korsuk Sirinukunwattana and et al. Gland seg-
mentation in colon histology images: The glas
challenge contest. Medical image analysis, 35:
489-502, 2017.

[4] Rodrigo Fernandez-Gonzalez and et al. Au-
tomatic segmentation of histological structures
in mammary gland tissue sections. Journal of
biomedical optics, 9(3):444-454, 2004.

[5] H-S WU, R Xu, N Harpaz, D Burstein, and J Gil.
Segmentation of intestinal gland images with it-
erative region growing. Journal of Microscopy,
220(3):190-204, 2005.

[6] Cigdem Gunduz-Demir, Melih Kandemir, and
et al. Automatic segmentation of colon glands
using object-graphs. Medical image analysis, 14
(1):1-12, 2010.

[7] Jonathan Masci, Ueli Meier, Dan Ciresan, and
Jirgen Schmidhuber.  Stacked convolutional

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

auto-encoders for hierarchical feature extraction.
In ICANN, pages 52—59. Springer, 2011.
Jonathan Long, Evan Shelhamer, and Trevor
Darrell. Fully convolutional networks for seman-
tic segmentation. In Proceedings of the IEEE con-
ference on computer vision and pattern recogni-
tion, pages 3431-3440, 2015.

Vijay Badrinarayanan, Alex Kendall, and
Roberto Cipolla. Segnet: A deep convolutional
encoder-decoder architecture for image segmen-
tation. IEEE transactions on PAMI, 39(12):
2481-2495, 2017.

Olaf Ronneberger, Philipp Fischer, and Thomas
Brox. U-net:  Convolutional networks for
biomedical image segmentation. In International
Conference on Medical image computing and
computer-assisted intervention, pages 234-241.
Springer, 2015.

Aicha BenTaieb and Ghassan Hamarneh. Topol-
ogy aware fully convolutional networks for his-
tology gland segmentation. In MICCAI pages
460-468. Springer, 2016.

Philipp Kainz, Michael Pfeiffer, and Martin
Urschler. Segmentation and classification of colon
glands with deep convolutional neural networks
and total variation regularization. PeerJ, 5:
e3874, 2017.

Hao Chen, Xiaojuan Qi, Lequan Yu, Qi Dou, Jing
Qin, and Pheng-Ann Heng. Dcan: Deep contour-
aware networks for object instance segmentation
from histology images. Medical image analysis,
36:135-146, 2017.

Yan Xu and et al. Gland instance segmentation
using deep multichannel neural networks. IEEE
Transactions on Biomedical Engineering, 64(12):
2901-2912, 2017.

Shaoqing Ren and et al. Faster r-cnn: Towards
real-time object detection with region proposal
networks. In Advances in neural information pro-
cessing systems, pages 91-99, 2015.

Saining Xie and Zhuowen Tu. Holistically-nested
edge detection. In Proceedings of the IEEE in-
ternational conference on computer vision, pages
1395-1403, 2015.

Sergey loffe and Christian Szegedy. Batch nor-
malization: Accelerating deep network train-
ing by reducing internal covariate shift. arXiv
preprint arXiv:1502.03167, 2015.

RMSprop optimizer. https://www.cs.
toronto.edu/~tijmen/csc321/slides/
lecture slides lecé6.pdf.

Francois Chollet et al. Keras. https://keras.
io, 2015.

OA Kharlova, NV Danilova, PG Malkov,
NV Ageikina, and MV Knyazev. Serrated lesions
of the large intestine: Prevalence analysis and
clinical and morphologic characteristics. Arkhiv
patologii, 77(4):24-32, 2015.

24-27 cenmsabpsa 2018, Tomck, Poccus

261

Pabora onyonukoBana rpu ¢puHancoBoi noyepxke PODU, rpant 18-07-20045\18


https://warwick.ac.uk/fac/sci/dcs/research/tia/glascontest/about/
https://warwick.ac.uk/fac/sci/dcs/research/tia/glascontest/about/
https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
https://keras.io
https://keras.io

