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a. Automatic segmentation of the mucous glands in histological images is
an important step towards creating working diagnostic algorithms
in digestive pathology.

b. Changes in the gland shape and internal structure of the mucous glands
are observed in both tumor and non-tumor diseases.

c. Convolutional neural networks (CNN) are common algorithm for glands
segmentation. However, existing CNN algorithms are trained and tested
mainly on histological images of the normal structure mucosa of the colon.

d. There is no data on the effectiveness of these algorithms on glands with the
expansion and branching of crypts, on glands with low and high grade
dysplasia.

The public 
Warwick-QU 

dataset

165 images 

PATH-DT-MSU dataset
20 images

Type of colon polyp ICD-O code Number
Hyperplastic polyp (HP) N/A 13

Sessile serrated adenoma / Polyp (SSA/P) 8213/0 6

Normal structure N/A 1

TOTAL 20

Material: paraffin sections (colon biopsy)

Staining: hematoxylin and eosin

Magnification: х100

Photo: Leica DM4000B/DFC495 

http://imaging.cs.msu.ru/en/research/histology/path-dt-msu

1. Automatic CNN-based Glands Segmentation
The main distinctive ideas of the proposed CNN lay in the multiscale architecture,
using non-local blocks to capture long-range dependencies in the image and using
a contour-aware loss function.

2. Trainable Active Contour Model
To perform instance segmentation of glands we propose a hybrid algorithm based on
trainable active contour model. It uses a CNN to predict the energy fields which are
then used by mathematical active contour model. This allows to tune the method to the
branched glands segmentation task and perform accurate segmentation.

Postprocessing Algoritm
Due to the fact that the segmentation of
each individual gland with the active
contour model may not be ideal, in some
areas of the image the resulting contours
of several glands may overlap. This effect
is obviously a segmentation error.
To prevent the possibility of contour
overlapping we propose a simple but at
the same time effective postprocessing
collision resolution algorithm.

(a) Source image (b) Glands annotations (c) Glands annotations with ”open” glands

Figure 5. Sample image from PATH-DT-MSU dataset.

Figure 6. Results of the first phase of training on Warwick-QU dataset. Left to right: source image, ground truth glands, predicted
glands.

(a) (b)

Figure 7. Results of the proposed CNN for PATH-DT-MSU dataset if trained with normal gland annotations only; (a) is ground truth
segmentation, (b) is the predicted result.

object-level Dice score (or object Dice) is utilized (Sirinukun- wattana and et al., 2017) and defined as
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Images Annotation with “Open” Glands in PATH-DT-MSU

“Open” glands represent typical mucous glands built from goblet cells and enterocytes
with open contour on histological images which are essentially the upper portions
of the crypts. The “open” glands lack a number of cell nuclei on one side of the gland
contour. Cell nuclei are an important feature for determining the gland contour
in an image.

Visualization of CNN-based segmentation

(a) (b)

Figure 8. Results of the proposed CNN for PATH-DT-MSU dataset if trained with both normal and ”open” gland annotations; (a) is
ground truth segmentation, (b) is the predicted result.

(a)

(b)

Figure 9. Dice and object Dice scores while training the
proposed CNN on PATH-DT-MSU dataset (a) with normal gland
annotations only and (b) with both normal and ”open” glands.

where where Si denotes the ith segmented object, Gi denotes
a ground truth object that maximally overlaps Si, fGj denotes
the jth ground truth object, eSj denotes a segmented object
that maximally overlaps fGj , !i = |Si|/

PnS

m=1
|Sm|, e!j =

|fGj |/
PnG

n=1
|fGn|, nS and nG are the total number of segmented

objects and ground truth objects, respectively.

For convenience in the current work we give the evaluation results
both in Dice score and object Dice score.

For the first phase of training of the proposed CNN on the benign
test subset of Warwick-QU dataset we obtained the 0.92 Dice
score and 0.88 object Dice score. As it can be seen from Fig.6
although the gland instance segmentation is performed with a rel-
atively good quality it is still not ideal and the main problem of
predicted segmentation is that close lying glands can sometimes
be merged together.

For the second phase of training the proposed CNN we made two
experiments by fine-tuning the CNN on PATH-DT-MSU dataset
annotated with and without ”open” glands. We achieved the val-
ues of 0.78 Dice and 0.77 object Dice scores for configuration
without ”open” glands and 0.77 Dice and 0.7 object Dice scores
for the configuration with ”open” glands (Fig. 9). From Figs. 7,
8 it can be seen that the main deviations of the ground truth and
predicted annotations are located at near-boundary glands. As it
was previously discussed, the standard Warwick-QU dataset rep-
resents only the central parts of the histological tissue slides but in
case of PATH-DT-MSU dataset it contains full-size images which
makes the problem of segmentation of the glands that are adja-
cent to lumen of the colon much more challenging. In particular,
the network trained on the annotations excluding ”open” glands
seeks to segment these kind of glands which leads to overseg-
mentation if compared to the ground truth annotation (Fig.8). At
the other side the network trained on the annotations with ”open”
glands seeks to segment not only the ”open” glands themselves
but also some extra space outside them which leads to merging
several ”open” glands into one. Both these cases demonstrate
worse results compared to Warwick-QU dataset, but from the
medical point of view the segmentation results of second con-
figuration are more preferable. The most obvious way to improve
the segmentation of ”open” glands is to perform an analysis of
the image at global scale with detection of lumen of colon and
muscularis mucosae. So, this is one of the tasks planned for us
for the continuation of current research.
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(a) (b)

Figure 8. Results of the proposed CNN for PATH-DT-MSU dataset if trained with both normal and ”open” gland annotations; (a) is
ground truth segmentation, (b) is the predicted result.

(a)

(b)

Figure 9. Dice and object Dice scores while training the
proposed CNN on PATH-DT-MSU dataset (a) with normal gland
annotations only and (b) with both normal and ”open” glands.
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Dice and object Dice scores while training on PATH-DT-
MSU with normal glands annotations only 

Dice and object Dice scores while training on PATH-DT-
MSU with both normal and “open” glands annotations 

Warwick-QU dataset
Dice coefficient = 0.87

PATH-DT-MSU dataset 
Dice coefficient = 0.78

Trainable Active Contour Model and Postprocessing Results

The ground-truth contours of glands are green, the predicted contour is blue. There are the states of 
contours at iteration 1, 20, 30 and 40.

Training a hybrid trainable active contour model: 
shows IoU (intersection over union) over epoch for 

training and test data

Fig. Shows IoU over epoch for test data with and 
without the use of a collision resolution algorithm

A. We collected PATH-DT-MSU dataset that includes histological images of real
biopsy / surgical material of colon epithelial neoplasms. PATH-DT-MSU is in
active development and extension now.

B. We propose a new CNN architecture for semantic segmentation of mucous
glands in histological images of colon epithelial neoplasms that performs
multiscale analysis and takes into account glands’ contours.

C. We present a hybrid segmentation method based on the trainable active
contour model, which allows to perform instance gland segmentation.

We hereby declare that we had no business or personal interest. We have no conflict of interests. Development 
of mathematical algorithms was supported by Russian Science Foundation grant 17-11-01279.

PATH-DT-MSU dataset 
IoU = 0.81

Figure 1. A histological image of colon mucous glands and
glands annotation

Figure 2. Proposed architecture for mucous glands segmentation

contour map.
L = ↵Lc + (1� ↵)Lg,

where Lc is a Dice loss function applied to the contour map and
Lg is a Dice loss function applied to the gland map. Herewith
to obtain a more robust training process the weight ↵ changes
during training starting from 0 at the first epoch and smoothly
increasing up to 0.5 during several epochs.

Although the original U-Net (Ronneberger et al., 2015) as like
most CNN architectures used for semantic segmentation do not

Figure 3. Multiscale input block of the proposed CNN

Figure 4. Conv and Upconv blocks of the proposed CNN

depend on the input size of the image and can work with image
of arbitrary size, we use a fixed-size 256⇥2556 patch input. It is
more convenient in terms of resources allocated for CNN (as full-
size histological images can contain more than 4 millions pixels
each) and also allows to use batch size values common to the deep
learning architectures.

The other distinctive feature of the proposed CNN is the usage of
multiscale architecture. Patches of scale 0.5x and 2x (128⇥ 128
and 512 ⇥ 512 respectively) are passed to the network’s input
alongside with the source patch (Fig.3). It allows to better seg-
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Methods


