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The Problem

* In colonoscopy procedures, the miss rate for colon (G elietel3 g el TEE 4 encodling steps 4 decodi‘ng steps
polyps is 22% [1]. l Preprocessing l f V[ )

+ Colon polyp segmentation is more often explored 384x288x3 to 128x128x1
with computer-aided detection methods. Few end- o Actuat image Ground Truth ack prediced vack Ground Truth Mask
to-end deep learning attempts at this task exist. » »

Our Solutions % g

* Use synchronous image-mask data augmentation to

in a U-Net or a SegNet. os -/
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« Future work could entail introducing automatic » = 128x128x1 per pixel
polyp segmentation software into a colonoscope. N B
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« CVC-ClinicDB: 612 frames (RGB, 384x288) collected
from 29 colonoscopy video independent sequences

with corresponding ground truth masks [2]. Architectures Metric and Loss
Insights: Adjacent images in sequences look similar, U-Net [3]: Primary architecture of this work. Fully D 2|ANB| Su |t$ and na |ySI$

separate sequences into train/dev/test, not convolutional network consisting of an encoder m
individual images. and a decoder with “skip connections” to Qualitative Error Analysis Oks osficints of precctons by sequence
« Train/dev/test split: connect encoder levels with the equal resolution Dice coefficient: Effectively an « Predictions are visually .
train: 435 images (sequences 9-29) decoder levels to merge local and global intersection over union calculation. satisfactory when: polyps in
dev: 50 images (sequences 1-2) information -- a necessity for segmentation tasks. Above, A is the prediction mask and B frame are roughly circular,
test: 127 images (sequences 3-8) . is the ground truth mask. high contrast in image.
Pre-processing SegNet [4]: Convolutional encoder-decoder network. « Predictions visually L
* Images were pre-processed to be grayscale and Differs from U-Net in that non-linear up-sampling is Loss: Negative dice coefficient. unsatisfactory when: polyps | .
128x128 resolution. To the eye, the colon polyps are achieved the decoder's use of the pooling indices of Performed significantly better than too large/too small in
distinguishable after this transformation. the corresponding encoder step (5 steps each) [2]. binary cross-entropy in the baseline. frame, low contrast in ]
Data Augmentation N image. e
+ Due to the cylindrical geometry of the colon wall Resu Its a na IyS|S
and the nature of the video taking procedure,
rotations are justified (0-360 degrees). T Futu re WO r
N N N N > . uned Models
* Vertical/horizontal flips and slight brightness shifts : . | o he Improve Current Models
also'applied foragreater ability to genieralize. hiods EesningiRate Spralgenthm BaicliSize * U-Net: Use a larger encoder-decoder along with higher
U-Net 0.0001 Adam 8 resolution, RGB images. Reason: some polyps have a distinct
color contrast compared to colon wall.
Key Refe rences SegNet 0.0001 Adam 1 « SegNet: More extensive hyperparameter tuning, longer
- - training.
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+ Implement transfer learning with FCNs trained on ImageNet.
« Survey sequence models for real-time colon polyp
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Pcogtion 511 a2t oo CompinSriison shcFesm € « Develop colonoscope with embedded polyp segmentation
software.

U-Net trained for 300 epochs. SegNet trained for 102 epochs.



