OUT-OF-DISTRIBUTION DETECTION FOR DERMOSCOPIC IMAGE CLASSIFICATION
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* Well-instructed primary care physicians (PCPs) are able to consistently capture dermoscopic images from 57.75% -
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training on every possible class of skin diseases is not possible, because some diseases are extremely rare. 5 B
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e In this work, we aim to efficiently identify novel skin disease images while mitigating the performance
loss introduced by multi-class classification. 56.50% -
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In order to train, validate, and evaluate our algo- Novel disease detection can be viewed as an out-of- Figure 2: Comparing a BinaryHeads model with and without OOD detection capability

rithms, we used publicly available dermoscopic im- distribution (OOD) detection problem. However, we
ages from the ISIC challenges. observed that samples from more numerous diseases
are less prone to be misclassified as OOD compared
to less numerous diseases.

Figure 2 shows that our algorithm in addition to detecting OOD samples is able to boost the balanced accuracy
of the classifier. We believe this is happening as a result of using per-disease thresholds.
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We treated Actinic Keratosis as novel disease in our . S 52.0% - i i pi 1
experiments. All other diseases were considered as Figure 1: percentage of samples from each in-distribution - ¢ T —%— BinaryHeads
common diseases. class mispredicted as OOD using the baseline approach[1] — / e E:Zi'ﬁ -
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In order to make the neural network able to accurately We evaluate our work using two types of evaluations Figure 3: Comparing balanced accuracy of our OOD detection algorithm against baseline[1] and energy-based[2] OOD

classify in-distribution classes and detect OOD sam- called internal evaluation and external evaluation. In- detection algorithms

ples at the same time, we use a BinaryHeads network ternal evaluation is concerned with the performance
multi-label classifier with conflict resolution at the in- | | of the same system after it is equipped with the abil-
ference time. In the case that an image is not associ- ity to detect OOD. External evaluation is concerned
ated with any class, our network predicts that image | | with comparing performance of our algorithm against
as OOD. other OOD detection algorithms. In each scenario, we CONCLUSION
Our conflict resolution strategy uses per-class- also show how the presence of ditfering amounts of .

thresholds to mitigate the unfairness in imbalanced OOD in the dataset affects performance of the system In this work:

setting. as this can be never known in real world scenarios.  We empirically show that current OOD detection algorithms act unfairly when the in-distribution classes

are imbalanced, by favouring the most numerous diseases in the training set.

Figure 3 shows that by combining BinaryHeads network with per-class thresholds, our algorithm is able to
achieve higher balanced accuracy compared to previous work.
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