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Abstract Features
Manual lesion segmentation for
diagnosis is time and labor
intensive, and segmentation
results can vary between
providers. Thus, a robust and
timely automated segmentation
model could greatly improve
diagnosis and detection. Our
team introduces two novel U-
Net based models that takes in
a dermoscopic lesion image
from the ISIC 2018 competition
dataset and outputs a binary
prediction mask. We use the
Jaccard Index to measure
performance. Our best model
scored a Jaccard Index of 0.826
and a Threshold Jaccard Index
of 0.785 on the test set, placing .
our model in the top 10 of the

2018 competition. [1]

Original image sizes ranged from 600 x 600 to
5000 x 4000 pixels. For consistency among
images, the lesion and ground truth images
were reshaped to 256 x 256 resolution, then
the RGB lesion images were then converted to
grayscale and normalized. Keras data
augmentation was used to flip, rotate, zoom,
shear and shift the images, as augmentation is
an essential component of U-Net.

U-Net

We used the pixel-wise Jaccard index to
measure the performance of a prediction :
|AnB| |ANB|

J(A,B) = .
(4,B) [AUB| _ |A[+|B| - |ANB|

The architecture consists of a contracting
path to capture context and a symmetric
expanding path that enables precise
localization. [4]
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Extensions to Models
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Original U-Net + LeakyReLU + one more layer on
the both encoder side and the decoder side.
BigLeakyU-Net + one more layer on each side.
BiggerLeakyU-Net with Attention U-Net
Transfer learning with VGG16 as the encoder [7]
Transfer learning with ResNet50 as the encoder
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Experiments

L Hyperparameter Tuning
. The best learning rate was
ler-5

. Focal Loss was experimented with , but
was unstable
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black and white masks, where 1 is the e miime st p2e Due to the small dataset size, the data

presence of a lesion and 0 is the

absence). [2][3] Attention U-Net

Image 1 Image 2 Image 3 ¢ The attention model traditionally has been
. EhdAags " used heavily in RNN, in which it helps

‘ ' neural networks make choices about

 Mask 1 Mask 2 T which features need more attention [5]. It

was an innovative idea to apply the
attention model in a CNN architecture by
adding the Attention Gate architecture to
the existing U-Net. [5]

Error Analysis

The 10 lowest scores were due to tiny masks. To
improve, we explored a higher resolution of 512
x 512 images as well as RGB (3 color channels
instead of one). The result was greatly improved
- the tiny mask issue disappeared after using RGB
images. A higher resolution of images did not
significantly improve performance.

was split into 60/20/20 (1555/519/520)
for training, validation and testing,
respectively.
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Model B Training B validation
ResNet50 097 0.819
Attention UNet 0.818 0.815
FullUnet 0.813 0.812
BiggerlLeaky 0.818 0.809
BiggerLeaky 0.779 0.778
VGG16 0.858 0.775
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Discussion

With a smaller amount of trainable
parameters and the same level of
performance, ResNet+U-Net was able to
achieve the highest validation score. This
model had a learning rate of 1e-5, batch size
of 2, and a input resolution of 256x256.

The fact that the ResNet encoder did better
than the VGG16 makes sense because of the
ResNet’s depth and use of residual blocks.
The Attention U-Net, built on top of the
BiggerLeakyU-Net, also achieved
comparable results, as expected.

This is because the Attention U-Net is
merely an extension of the U-Net, but
increases model sensitivity by suppressing
irrelevant regions and highlighting important
ones.

In the end, our results were comparable to
the top 10 models in the ISIC 2018
competition.

Future

With more time, we would explore
stabilizing the Focal Loss function and fine
tuning Resnet + U-Net model. We also
started testing with another popular image
segmentation model - Mask RCNN at the
end of this project, and it is showing
promising results as we finalize this report.
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