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- Skin cancer is one of the most common types of cancer.
Melanoma presents a high mortality rate.

- Growing interest in developing automatic methods for the
diagnosis of Melanoma. Usual first step: segmentation.

- This project centers on the segmentation of melanoma le-
sions from dermatoscopic images of the ISIC challenge [1].

Dataset

« Task 1 of ISIC challenge: dermatoscopic image and the
corresponding binary mask groundtruth [1].

- 2000 training examples, 150 validation examples,
and 600 test examples.

« Images resized to 192 x 256 pixels and normalized by
subtracting the mean and dividing by its standard deviation.

- Data augmentation did not help performance.
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Figure: Generic dense U-net

- We tested 4 architectures for solving the current prob-

lem: U-net [2], the 2017 winner which was a encoder-
decoder [3], and dense U-nets (based on [4]).

- Learning rate=0.0001, trained until convergence, mini-

batch size=16.

Results
# Train Val Test
Model param Dice Dice Dice Test(Post)
U-net(CE) 7.8M 0.85 0.90 0.77 0.80
U-net 7.8M 0.89 0.91 0.83 0.84
2.017 5.0M 0.85 0.92 0.81 0.83
winner
small dense| 0.7M 0.96 0.93 0.79 0.81
dense 2.7M 0.97 0.93 0.82 0.83

Table: Dice coefficient obtained for the different models.
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Figure: Example of Predicted images with the different methods.

(e) 2017 winner (f) Dense (g) Small Dense

- Unpaired Mann-Whitney U test over percentage (PA) and
the fractal dimension (FD) of validation and test obtained
p-values ~ 0.0001. It is very likely that the validation and
test sets are indeed coming from different distributions.
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Figure: Example of d»screpancy in the testing set of i |mages caused by the
significantly higher lesion border complexity or coloring of skin being mostly not
melanoma tissue (bottom row).
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Figure: Distributions of PA and FD of validation and test set samples

Conclusion

- Dense U-net obtained comparable validation and test
dice scores. The marked drop between validation and test
dice in all trials was probably due to different distributions.

- Reduced the amount of parameters to as small as 9% of
the number of parameters in a regular U-net.



