Semi-supervised video object segmentation as
annotation tool for endoscopic video
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Introduction

Deep learning techniques have recently been reported to be highly performant
for the detection and segmentation of endoscopic lesions [5, 3]. Despite the high
accuracies reported in these works, a visual appreciation of the output of these
algorithms on video data typically shows a rather unstable output. This is mainly
because these methods have difficulty handling challenges such as occlusion, deformation, motion blur, etc. These challenges are common for most video-type
data and can most likely not be solved by merely increasing the number of
training data for the neural network. The latest methods for video object segmentation, video action recognition and related tasks are evolving towards deep
learning architectures that can incorporate temporal information for a more stable and accurate prediction [1, 4]. However, this evolution has not started in the
field of endoscopy and the main reason for this is the lack of fully annotated
videos which are typically needed to train such systems. Getting this kind of
annotations is very costly, time-consuming and generally not feasible to obtain
from a clinical expert.
We adapt a semi-supervised video object segmentation technique and use it to
go from only a few manual annotations per video clip towards fully annotated
clips. This effectively gives us a dataset that can be used to train this kind of
temporal neural networks.
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Data and methods

To show the concept, we have picked the task of polyp detection and have collected complete colonoscopy videos from 329 patients with a total of 605 polyps.
A short video clip of ± 5 seconds (∼125 frames), containing the first apparition
of each polyp is extracted and for each clip, 3-5 frames are manually delineated
by a clinical expert. This results in 2.876 annotated frames showing the 605
polyps from different angles.
We use the method of [6] for semi-supervised segmentation of the entire video
clips based on the manual annotations. This method uses a pretrained segmentation network and fine-tunes this on the first frame of a video to be segmented
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using the ground truth pixel mask for this frame. It then inferences the following
frames from the video and adaptively fine-tunes the network with the most confident regions from the newly segmented frames. Here, this technique is used with
three main additions: (1) we perform an additional pretraining step to adapt the
network towards the domain of endoscopic video. We pretrain the model with a
polyp segmentation task based on all the manual annotations that we have, (2)
we do not fine-tune the network on the first frame of the video clip during inference but on all 3-5 manually annotated frames for that specific clip and (3) an
additional post-processing step is performed in order to filter out any sequences
that are unstable over time. The Dice score is calculated between predictions of
sequential frames and this score is then used as a measure for temporal stability.
Only the most stable sequences should be used for training a temporal neural
network.
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Results and conclusion

After forwarding all video clips through the network, the 2.876 manual annotations have been automatically expanded to a densely annotated dataset with
131.619 frames. A visual inspection of the results showed an overall outstanding
performance of the method. Our first subsequent experiments showed that already just the increase in number of training data gives a significant performance
boost when training a standard CNN for polyp segmentation. An additional
merit of this annotated dataset is that we have video clips with sequentially
annotated frames, which allows to train recurrent neural networks (RNNs) and
other types of network architectures that require this kind of training data. In [2]
we show that training RNNs is feasible for endoscopy video with the use of a
sequentially annotated training set as described here.
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