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Abstract

RGB-Thermal (RGB-T) semantic segmentation is crucial for robotic systems operating in complex envi-
ronments such as low-light or dark conditions. However, traditional multimodal fusion methods often
lead to highly coupled modal features, making models extremely vulnerable to severe performance deg-
radation when encountering missing sensor signals in real-world scenarios. To address this, this paper
proposes RTRFNet, a robust multimodal network based on a teacher-student learning mechanism,
which fundamentally breaks the strong reliance on dual-source inputs during the inference phase. Dur-
ing training, the network efficiently aggregates cross-modal complementary cues through a light-
weight Channel Attention Feature Fusion Module (CA-FFM) to build a comprehensive joint semantic
representation for a central lightweight perception head (teacher branch). Subsequently, a Multimodal
Knowledge Distillation (MKD) strategy is introduced. It utilizes the high-quality soft distributions out-
put by the teacher branch to implicitly supervise and guide the completely independent RGB and ther-
mal dual-stream networks (student branches), prompting them to acquire and internalize rich cross-
modal contextual knowledge. This joint training mechanism endows the system with extremely high
flexibility during inference: by removing the teacher network, the system can perform highly parame-
ter-efficient decision-level mean fusion under full modalities, or solely activate the surviving link for
high-precision independent inference when a single sensor fails. Extensive experiments on main-
stream benchmark datasets demonstrate that RTRFNet not only maintains state-of-the-art accuracy
under full modalities but also exhibits exceptional robustness and lightweight deployment advantages
under extreme missing modality conditions.
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Figure 1. Comparison of RGB-T segmentation training paradigm architectures
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Figure 2. The RTRFNet schematic model is shown in the diagram, where CA-FFM performs modality fusion, and CMDR/RDR
decouples the fused features to regularize and guide each single modality branch
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Table 1. Performance comparison with existing robust methods on the MFNet dataset

#* 1. 5YAEESALE MFNet BIBE LRI REXTEL

1V RGB & AR, RGB-T Ty

7 ik FTR% S (M)
mloU mloU mloU mloU
FuseNet [20] VGG-16 284 10.31 36.85 45.6 30.92
MFNet [1] DCNN 8.4 24.78 16.64 39.7 27.04
RTFNet [5] ResNet-152 254.51 37.3 24.57 53.2 38.36
FEANEet [2] ResNet-152 337.1 8.69 48.72 55.3 37.57
EAEFNet [3] ResNet-50 200.4 35.23 41.72 58.95 45.3
CMNexXt [13] Mit-B4 116.56 53.55 35.46 59.77 49.59
CRM [15] Swin-T 74.92 50.98 50.22 59.1 53.43
StitchFusion [14] Swin-T 65.27 48.78 41.42 58.04 49.41
HKDNet [21] Swin-S - 52.5 - 56.5 -
Adapted [17] MiT-B4 - 55.22 50.89 - -
Ours (MiT-B2) MiT-B2 57 55.42 53.23 57.97 55.54

Table 2. Performance comparison with existing robust methods on the FMB dataset
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Ours (MiT-B2) MiT-B2 57 61.03 57.53 65.34 61.30
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Figure 4. Qualitative results on the MFNet dataset
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Figure 5. Qualitative results on the FMB dataset
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Table 3. Ablation experimental results on the MFNet dataset
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