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This abstract summarizes a paper published at the 2026 IEEE Intelligent Vehicles Symposium (1V) [1]].

Abstract

Robust semantic segmentation is essential for autonomous driving, yet real-world perception is
strongly affected by adverse weather, sensor degradation, and partial sensor failures. While multimodal
fusion is widely used to improve robustness, many approaches treat all modalities equally and do not
explicitly account for their varying reliability. In this work, we present ReCoLaF, a reliability-aware
conflict-guided late fusion framework for multimodal semantic segmentation under uncertainty. ReCo-
LaF combines evidential deep learning with Dempster—Shafer theory and introduces a two-stage trust
modeling strategy: a class-wise reliability mechanism that estimates the semantic relevance of each
modality, followed by a conflict-guided adjustment that reduces the contribution of inconsistent sources
at the pixel level. Experiments on the DeLiVER and MUSES datasets show that ReCoLaF improves ro-
bustness under degraded sensing conditions and sensor failures, achieving the best average performance
across modality-availability scenarios. These results highlight the interest of explicitly modeling both
reliability and conflict for trustworthy multimodal perception in autonomous driving.

1 Summary

Semantic segmentation is a core perception task for autonomous driving, but its reliability can decrease
significantly under difficult operating conditions such as fog, rain, illumination changes, or sensor failures.
Multimodal perception helps overcome the limitations of individual sensors by combining complemen-
tary information from cameras, LiDAR, radar, or depth sensors. However, not all modalities are equally
informative in all situations, and a robust fusion strategy should be able to account for this variability.

To address this issue, we proposed ReCoLaF (Reliability-aware Conflict-guided Late Fusion), an evi-
dential multimodal fusion framework designed for semantic segmentation under uncertainty. The method
is grounded in Dempster—Shafer theory of evidence [2], which enables explicit representation of uncer-
tainty during fusion. ReCoLaF models trust in two complementary stages. First, each modality is weighted
through class-wise reliability scores, which capture how relevant a given sensor is for predicting each se-
mantic class. Second, a conflict-based adjustment is applied at the pixel level to reduce the influence of
modalities that disagree with the others. The discounted evidential outputs are then fused to obtain the final
segmentation.

The proposed approach was evaluated on two multimodal driving datasets: DeLiVER [5], a syn-
thetic dataset with multiple weather and degradation conditions, and MUSES [6], a real-world dataset
acquired under uncertain driving conditions. The evaluation protocol focuses on sensor-failure robustness:
all modalities are used during training, while at inference time one or several modalities may be removed
to simulate degraded sensing conditions.
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Figure 1: Overview of the proposed ReCoLaF architecture [1]]. Each modality is processed by an evidential
encoder-decoder, followed by class-wise reliability discounting, conflict-guided adjustment, and evidential
fusion.

Results show that ReCoLaF provides the best average robustness across modality-availability scenarios.
On DeLiVER, ReCoLaF reaches an average mloU of 34.82 %, outperforming CMNeXt (30.94%), CAFuser
(33.35%), and ECoLaF (32.35%). On MUSES, ReCoLaF achieves 45.85% average mloU, again ahead
of CMNeXt (36.38%), CAFuser (42.02%), and ECoLaF (41.04%). These results indicate that explicitly
modeling both semantic reliability and inter-modality disagreement leads to a more stable fusion behavior
under missing or unreliable sensor conditions.

This work is particularly relevant to trustworthy and applied Al since it addresses a key challenge in
real-world autonomous systems: ensuring reliable perception despite uncertain, incomplete, or degraded
observations. By integrating uncertainty representation with adaptive multimodal fusion, ReCoLaF con-
tributes to the design of safer and more robust Al perception systems.
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