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UNCERTAINTY-AWARE EVALUATION OF DEEP LEARNING OBJECT DETECTORS
UNDER SCARCE AND EVOLVING TEST DATASETS

Problem: Tracking deep learning model performance is
challenging when train/test datasets evolve

Motivation: Datasets evolve, e.g., annotations get
refined, new species and under-represented samples get

added

Challenge: Standard metrics (e.g., mAP, recall, precision)
can be misleading across dataset versions
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across 3 dataset versions for trypanosome parasite
detection

1. Conventional Evaluation

> Models are evaluated on all versions and
reported separately (sometimes
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How it i5 Done Methodology
> Multiple versions of a single dataset are rare > We leverage near-OOD images and negative log-likelihood to complement model
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» Dataset Bias: Different versions may introduce Findings (1/2) )
various biases (e.g., varying degree of annotation > Models appear to be smoothly improving across dataset versions under i.i.d. metrics
errors, inclusion of easy/difficult images, class (top row)
imbalance) > However, ranking metrics (OOD detection in the second rc;yvs)cgrgow more variations

across versiong
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> Model Selection Risk: Models better aligned with - e
Findings (2/2)

reliability expectations may be overlooked in favor
of SOTA models optimized for standard metrics

> Better performing under i.i.d. metrics does not necessarily translate to better
uncertainty behavior (e.g., Faster-RCNN)

: > Some models have more desirable uncertainty behavior and are worth further
2. Proposed Evaluation Approach e
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> Complement, rather than replace, conventional "8 1w | ]l v toces Serion V3
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lacking target objects; referred to as near-OOD
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