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Abstract. The EndoTect challenge at the International Conference on
Pattern Recognition 2020 aims to motivate the development of algo-
rithms that aid medical experts in finding anomalies that commonly
occur in the gastrointestinal tract. Using HyperKvasir, a large dataset
containing images taken from several endoscopies, the participants com-
peted in three tasks. Each task focuses on a specific requirement for
making it useful in a real-world medical scenario. The tasks are (i) high
classification performance in terms of prediction accuracy, (ii) efficient
classification measured by the number of images classified per second,
and (iii) pixel-level segmentation of specific anomalies. Hopefully, this
can motivate different computer science researchers to help benchmark
a crucial component of a future computer-aided diagnosis system, which
in turn, could potentially save human lives.
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1 Introduction

The human digestive system is prone to suffer from many different diseases
and abnormalities throughout a human lifetime. Some of these may be life-
threatening and pose a severe risk to a patient’s health and well-being. In most
cases, if the detection of lethal disease is done early enough, it can be treated with
a high chance of being fully healed. Therefore, it is important that all lesions are
identified and reported during a routine investigation of the gastrointestinal (GI)
tract. Currently, the gold-standard in performing these investigations is through
video endoscopies, which is a procedure involving a small camera attached to
a tube that is inserted either orally or rectally. However, there is one major
downside to this procedure. The method is highly dependent on the skills and
experience of the person operating the endoscope, which in turn results in a high
operator variation and performance [18, 28, 47]. This is one of the reasons for high
miss-rates when measuring polyp detection performance, with some miss-rates
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being as high as 20% [25]. Polyps are small mushroom-like growths that appear
on the inner-lining of the GI wall and are the leading cause to colorectal cancer.

Automated detection of GI anomalies has been a research topic for at least
two decades, and in the last few years, there have been various AI-based solutions
have been proposed using both hand-crafted features and representation learning
methods (such as neural networks). However, even though there are many ap-
proaches for detecting [1, 4, 7, 13, 32, 33, 35, 37, 42, 45, 48, 44] and segmenting [23,
24, 14] GI findings, even some targeting real-time analysis [2, 39, 40], there is
room for improvement. One popular way of benchmarking and improving the
state-of-the-art in machine learning is through publicly hosted challenges that
motivate researchers to contribute to a use-case they otherwise would not work
on. For GI automatic image and video analysis, there have been several such
challenges hosted the last few years [19, 38, 41, 3], with each bringing new in-
sights into the current state of the field.

This year, we present three different tasks for participants to complete. The
tasks are as follows: (i) The detection task which aims for high classification
accuracy among 23 different classes, (ii) the e�cient detection task which targets
real-time performance for the same 23 classes of the detection task, and (iii) the
segmentation task that aims to segment polyps in GI images. To participate,
the teams had to solve at least one of the provided tasks. Overall, six teams
participated, where all participants, in one way or another, utilize deep neural
networks to solve the provided tasks. The results vary between teams, but most
are able to achieve satisfactory scores in terms of what is suitable for use in
clinics [36].

We see this as an opportunity to aid medical doctors by helping them detect
lesions through automatic frame analysis done live during endoscopy examina-
tions. The pattern recognition community has a lot of knowledge that could assist
in this task, making this challenge a perfect fit for the International Conference
on Pattern Recognition (ICPR). The work done in this competition, detecting
and segmenting medical findings in the GI tract, has the potential of making
a real societal impact, as it directly affects the quality of care that healthcare
professionals can provide.

2 Dataset Details

For this challenge, we provided the participants with a development dataset that
was to be used to train their algorithms. This year, we provided HyperKvasir [6],
which is a large GI dataset consisting of labeled and unlabeled images taken from
several different GI endoscopies. The dataset is split into four distinct parts; La-
beled image data, unlabeled image data, segmented image data, and annotated
video data. In total, the dataset contains 110; 079 images (see Figure 1 for ex-
amples) and 374 videos where it captures anatomical landmarks, pathological
findings, and normal findings. The result is more than one million images and
video frames altogether.
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Fig. 1: One example taken from each of the classes contained within the devel-
opment dataset.

For the detection and e�cient detection tasks, participants used the 23 classes
provided in the labeled part of the dataset to develop their algorithms. The
number of images per class is not balanced, which is a general challenge in the
medical field due to the fact that some findings occur more often than others.
This adds an additional challenge for researchers since methods applied to the
data should also be able to learn from a small amount of training data. The
participants could also use the unlabeled part of the dataset to further improve
their algorithm by using, for example, a student-teacher approach or the pseudo
labels provided in the HyperKvasir GitHub repository4.

For the segmentation task, we provide the original image, a segmentation
mask, and a bounding box for 1; 000 images containing polyps. An example is
shown in Figure 2, where we see six samples taken from the segmentation dataset.
For the image masks, the white pixels depict the area of the image containing a

4 https://github.com/simula/hyper-kvasir




