Adapting hand keypoint
etection for leprosy diagnosis

Techniques for adapting the output of existing hand keypoint detectors to predict keypoints for leprosy diagnosis.
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@ Background

Leprosy, common in developing regions, can be
detected early by measuring temperatures at
the fingers and the hypothenar point. However,
standard hand keypoint detectors do not output
the hypothenar. By adapting their outputs to

@ Research Questions

The main contribution of this study is:
1.Comparison of point prediction models with
respect to data availability.
2.RGB/IR dataset of 160 hand images with
standard and the hypothenar keypoint

@ Methodology

The keypoints needed to be normalized and
oriented in the same position to focus on the
hand proportion and pose and not location
within image.

Training models for keypoint

1. Detect Keypoints

Models compared:

e K-nearest neighbors (K-NN)

® Random Forest
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Lasso regression
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@ Results @ Conclusions
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Figure 5: 2D Residual Errors of Hypothenar Keypoint Predictions and 95% confidence ellipses

Supplementary Content
Code available at: https://github.com/MarekTran/hypothenar-inferrence
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