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Fig. 1 Classification of reliable region-guided learning approaches for event semantic segmentation
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Fig.2 Architecture of methods based on event active regions
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Research on Reliable Region-Guided Learning for Event Semantic Segmentation

KONG Xinyan, YAO Junping ", LI Xiaojun, CHENG Peng
(Rocket Force University of Engineering, Xi’an 710025, China)

ABSTRACT :Event cameras feature a high temporal resolution, wide dynamic range, and low latency, providing ef-
fective edge and temporal information for semantic segmentation in complex illumination and high-speed motion
scenarios. Focusing on reliable region-guided learning in event semantic segmentation, this study defined relevant
concepts and task characteristics, and systematically reviewed typical methods based on event-active, edge-salient,
and high-confidence prediction regions from the perspectives of spatiotemporal encoding representations of event da-
ta and sources of reliability evidence. Consequently, the performances and technical characteristics of related mod-
els were comparatively analyzed using common datasets and evaluation metrics, and the progress of the research on
sparse event representation, reliable region selection, boundary preservation, and prediction consistency modeling
was summarized. This review further identified several issues in existing studies, such as single-source reliability
evidence, the inadequate exploitation of regional complementary relationships, and the limited adaptability to dy-
namic scenarios. Finally, future research directions were discussed in terms of sparse spatiotemporal modeling,
boundary measurement and prior construction, multi-region collaborative guidance, and dynamic reliable region
modeling, with the goal of providing a reference for research on reliable region-guided learning in event semantic
segmentation.

KEYWORDS: event semantic segmentation; reliable region-guided; event active region; edge salient region; high

confidence prediction region
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