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Capsule endoscopy is a noninvasive diagnostic procedure that uses a tiny 

wireless capsule to take pictures of the gastrointestinal tract.

At Biocam, our main task is to detect any pathologies that can be found in the 

digestive tract in order to speed up the diagnosis of the physician.

We use machine learning techniques to find and mark images with 

abnormalities, so the physician can focus on analysing them without fear of 

missing anything that’s important.

The biggest challenge in solving this problem is lack of labelled data. 

Although there may be tens of thousands of images from one examination, 

most of this data is normal (without any pathology) and images close to each 

other in one sequence look more or less alike. Thus, even in the rather 

optimistic situation of several thousand pathological images from one 

examination, they look similar to each other and the model cannot generalise 

well to images from other examinations. There is also a huge data imbalance 

in the pathological images - some pathologies are much more numerous 

than others.

For example, for the pathology named angiectasia, there are only 6 

examinations that include this pathology in the Kvasir Capsule dataset, and 

most of the data comes from only one of them. This means that when we feed 

this data to the model, it mainly learns one version of this pathology (and its 

background) and might have a problem with generalisation.

The major problem to resolve for the labelling process is addressing the gap 

in the image perception: one held by healthcare practitioners and the other 

represented by a machine learning perspective. As a representative example, 

doctors understand lymphangiectasia as a very broad term but in case of 

labelling for model training purposes it should be considered only as a single 

white spot on an image, without considering the nature of the pathology.

The challenges described above lead to lack of accurately labelled, well-
balanced sets of diverse images required to train models in order to identify 

all types of pathologies. Deep learning models used in medicine cannot 

correctly operate on insufficient datasets, so numerous images of specific 

pathologies have to be acquired. However, obtaining real data can be 

problematic and time-consuming, especially in case of rarely occurring 

pathologies.

This is where the use of synthetic data comes in handy - endoscopy is one of 

those branches of medicine, where the procedure of data augmentation 

proves to be advantageous.

Furthermore, it is critical to remember that a diagnosis may differ from one 

doctor to the other and is subjective, especially in rare cases. The machine 

learning view stays in total opposition: the model is intended to generalise in 

predicted manner for similar data. This highlights the importance of ensuring 

that the labelling team accurately represents the viewpoint of a typical 

specialist in a field.

Due to the similarity of images from one examination, the train-test split is not 

an easy task. The images next to each other in the sequence are usually 

almost identical and having one of them in the train set and the other in the 

test set can artificially increase our results. Ideally, some examinations would 

be included in the train set and others in the test set, but some pathologies 

occur in a small number of examinations (e.g. 1 or 2), so it wouldn’t test them 

reliably. An in-between solution is to divide the sequence into packs of several 

dozen images and place some of these packs in the test set, and the rest in 

the train set.
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The results prove our solutions useful - the performance of the classifier is 

better, when we apply our data augmentation method. As seen on the chart 

above, for every type of pathology the F-1 score is higher when the model is 

trained on datasets with data augmentation. The difference is especially 

apparent for erosion, lymphagiectasia and normal tissue - labels for which 

the results without data augmentation were the lowest. It should also be 

noted that overall accuracy for all classes increased from 76.9% without data 

augmentation to 88.8% after using synthetic data.

Team

A structure is divided into three levels: regular annotators, labelling specialists 

- most experienced annotators and an expert from the gastroenterology field. 

Regular annotators label a dataset (addressing uneven distributions of 

classes) according to the manual. Annotators work in pairs to ensure cross 

checking ability for the set. A labelling specialist marks only part of each set 

to add another layer of validation. The experienced specialist takes part in 

meetings to resolve disputes and give a broad perspective of a field. The 

Labelling Team Lead - a person with a background in machine learning - 

takes care of datasets delivery, seamless flow between team members and 

includes final decisions in the manual.

It is worth mentioning that as a part of a pipeline, a multi-level training was 

designed: it is necessary to explain the difference between diagnosis and 

labelling as to minimise data incoherency and ensure smooth onboarding.
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Endoscopy class 
(capsule endoscopy 

images)

Classifier 
Perfomance 
(F1-score)

Accuracy

Ulcer 91,2%

Erosion 54,0%

Without our data

augmentation Angiectasia 89,9% 76,9%

Lympangiectasia 75,7%

Normal tissue 70,0%

Ulcer 91,4%

Erosion 81,7%

Applying our data

augmentation Angiectasia 92,0% 88,8%

Lympangiectasia 91,7%

Normal tissue 86,8%
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Manual

As a part of the golden standard, the annotation manual was created. It is a 

document with class descriptions - distinctive visual features, graphic scales, 

comparison to pathology measurements, rare pathologies and additional 

disambiguation for most troublesome labels e.g. types of bleeding.

Firstly, classes were adapted from the Kvasir Capsule dataset. However, 

provided labels were not sufficient: new classes were added based on Minimal 

Standard Terminology case range and annotators’ feedback. The document is 

updated in case of important differences in annotations with an approval 

from an experienced gastroenterologist and a Machine Learning specialist.

Meetings

Meetings with an experienced gastroenterologist and labelling team are held 

regularly. During a session, disputable images, labelled differently are 

displayed and commented on by a gastroenterologist and ML specialist. It 

joins the medical point of view  and possible impact on a model 's 

performance.
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