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Saliency Maps:

- Visual representations highlighting key image regions, derived from internal model features guiding further analysis in
computer vision tasks

- Many CNN medical imaging studies have used saliency maps to rationalize model prediction and provide localization

Evaluation: Evaluating the trustworthiness of 10 widely used saliency map techniques
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Problem: All ten commonly used saliency maps fail to meet the evaluation criteria. Except for XRAI, none of the saliency maps
meet the "PASS" criteria for localization utility.

Contributions:

- SALIENET (Saliency Enhancement via Integration Network), a novel approach to generate saliency maps by ensembling the
highest performing maps through CNN training

- ELIST (Error Localization and Identification Saliency Technique), Introduced an error prediction map that evaluates the accuracy

and reliability of the saliency map, trained on the same CNN architecture
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