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Abstract
This paper aims to enhance the reliability of deep learning models in medical imaging by
integrating uncertainty estimation methods with active learning. It addresses two central
challenges in radiological image analysis: the limited ability to interpret model confidence
and the scarcity of labeled medical data. The paper reviews major uncertainty estimation
approaches, highlighting their role in identifying ambiguous cases and evaluating model
stability without the need for retraining. It also discusses how active learning contributes to
selecting the most informative samples, thereby reducing the dependence on large datasets

and improving the representation of rare cases.

Case studies on COVID-19 and pneumonia demonstrate the differing roles of uncertainty
across the two diseases. In COVID-19, uncertainty estimation helps address visual
ambiguity, whereas in pneumonia it focuses on distinguishing overlapping radiological
patterns.

The results indicate that combining uncertainty estimation with active learning not only
improves predictive accuracy, but also provides a more effective mechanism for assessing
clinical confidence. Consequently, medical deep learning models become more suitable for
practical deployment in diagnostic environments.
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