Segmentation of Lumen in Ureteroscopy Images
using Deep Learning
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I. INTRODUCTION
Ureteroscopy is a minimally invasive procedure which is
used to explore the upper urinary tract, allowing the diagnosis
and treatment of different conditions, such as kidney stones
or urothelial carcinoma. Navigation and diagnosis inside the
urinary tract are highly dependent upon the operators experience, and some image-related conditions such as the presence
of image artifacts, floating debris, occlusions in the video,
or image noise could add additional challenges for nonexperienced operators. The development of computer vision
methods for surgical assistance aims to deal with these limitations by highlighting relevant information which can enhance
the performance of the surgeon and minimize the probability
of complications.
The task of lumen segmentation is a fundamental part in
the development of these assistance systems since this is the
reference which marks the path that the endoscope should
follow. However, this is not a simple task since there is a
high variability in the the inter-patient anatomical structures,
as well as the inner-patient variability, in terms of the different
shapes in which the lumen is deformed at different points in
the urinary tract.
Previous implementations of lumen segmentation has been
proposed for colonoscopy images, being the majority of them
based on the design of handcrafted feature extractors which
require the tuning of several parameters [1], [2]. The most
recent study proposes the use of a FCN-8 network [3] for the
general segmentation of elements appearing of colonoscopy
images, among them the lumen.
To the best of our knowledge, Convolutional Neural Networks (CNNs) have not been applied to semantic segmentation
of the lumen in ureteroscopy images. We attribute this with the
lack of a publicly available annotated dataset of ureteroscopy
images, which is needed in order to train and validate such
kind of networks. To tackle this we collected and annotated
our own dataset from ureteroscopy images.
In this paper we propose the application of a variation
of the well-known CNN architecture U-Net for the task of
lumen segmentation by adding batch normalization layers at

the output of each of the convolutional layers and changing the
loss function to the Dice similarity coefficient loss (LDSC ).
II. PROPOSED METHOD
Inspired by the model proposed in [4] originally developed
for axon segmentation in microscopy images, we propose the
implementation of a lumen-segmentation network based on
U-Net architecture. We applied batch normalization at the
output of every convolutional layer. In our specific case, the
use of batch normalization provided stability and convergence
of the learning process given the high variability in the
structures, brightnes and image resolution among the images
of the dataset we used. A set of experiments was carried
out using the original implementation of U-Net without batch
normalization. It was observed that during training without
batch normalization, without a proper initialization of the
weights the network got stuck in a point where only white, or
only black images were obtained as outputs and with DSC
values bellow 0.25 in average.
The second modification with respect to [4] is a change in
the chosen loss function. The one used in this implementation
was the (LDSC ) defined as:
LDSC = 1 −

2T P
2T P + F N + F P

(1)

where T P is the number of pixels that belong to the lumen,
which are correctly segmented, F P is the number of pixels
miss-classified as lumen, and F N is the number of pixels
which are classified as part of lumen but actually they are
not. Adam optimization was used during the training. The
learning rate, and mini batch size for each of the models was
chosen by trying the different combinations between several
possible values of the hyper-parameters and using a 5-fold
cross validation strategy. Once the hyper-parameter values
were chosen, the training process was done dividing the data
set for training/validation in a ratio 65/35. The Wilcoxon Ttest on the DSC was used to determine statistical significance
between the different models trained.
For this study, 7 video dataset from 4 patients were collected. The videos were acquired from the European Institute

Fig. 2: Box plots of DSC obtained with the different CNNs tested.

Fig. 1: Sample of results obtained using U-Net with BN with its respective
DSC score. The colors in the Overlay images are as follows, TP: Green, FP:
purple, FN: Blue, TN: Black.

of Oncology (IEO) at Milan, Italy and the KU Leuven University Hospital. All patients gave their informed consent for
data collection and use of it for research. The data collection
followed the ethical protocol approved by the IEO and in
accordance with the Helsinky Declaration. The videos are from
ureteroscopy procedures targeting upper tract tumor ablation
and kidney stone removal. From these videos, a total number
of 1,445 frames were extracted and manually annotated using
our own GUI developed in Matlab for this purpose. The videoframes from patient one were set apart to be used as test
dataset. We compare the obtained results with the FCN-8
architecture that has been used for lumen segmentation in
colonoscopy images [5].
The performance metrics chosen to quantitatively evaluate
the results, were the DSC, the Precision (P rec) and Recall
(Rec), which are defined as
DSC = 1 − LDSC

(2)

TP
TP + FP

(3)

P rec =

TP
TP + FN
III. RESULTS AND DISCUSSION
Rec =

better results among the same models. In the case of U-Net a
difference of 14% was observed (p<0.001) while in the case
of FCN-8 the difference was of 7% (p<0.05). This might be
related to the color-space itself of the dataset. Considering that
the gray-scale image dataset might have enough information
to perform the binary classification of pixels into lumen and
no-lumen, the addition of two channels would require the
adjustment of more parameters, which implicitly would require
a higher amount of data. Some sample of the segmented
images are depicted in Fig. 1
IV. CONCLUSION
In this paper, we addressed the task of lumen segmentation
in the ureter, for this purpose we proposed the implementation
of a Deep CNN. The network used consisted of a standard
version of U-Net with the addition of batch normalization at
the output of each of the convolutional layers. The method
was tested in different image spaces finding that for this task
the network performs better in gray-scale images and then
compare with a FCN-8 model which previously has been
used for lumen segmentation in colonoscopy images. We show
that the network performs better than the previous model
implemented for this task. This demonstrates that it could be
a suitable model for further development in the task of lumen
segmentation of the ureter.
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The boxplots of the DSC are depicted in Fig. 2. From these
result is possible to see that U-Net has the best performance
overall. The average values of DSC, P rec and Rec for this
network were of 0.65, 0.48 and 0.82 respectively. In comparison with FCN-8 in the gray-scale dataset U-Net achieves
a DSC 0.25 better than the FCN-8 network (p<0.05) and
in the case of the RGB dataset achieves an average value
0.18 (p<0.01) better than FCN-8. In general for both models
it was seen that the training in gray-scale images achieve
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