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Glaucoma classification models. (A) Schematic illustration of base architecture, VGG-16 feature extractor. . - 150 1
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FIGURE 2 Histogram of maximum probabilities predicted by Dirichlet versus Softmax models. Evaluation on (A) CIFAR-10 OOD image dataset, and (B) IDRID OOD
Proposed Out-of-Distribution (OOD) detection through uncertainty quantification pipeline. fundus image dataset. Research to Prevent Blindness
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