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[Abstract] To address the challenges of complex surface textures, blurred boundaries, and significant illumination
variations in unstructured road scenarios, this paper proposes a freespace detection method using only red—green—blue (RGB)
images and integrating boundary enhancement and geometry—depth prior attention. Based on the SegFormer framework, the
proposed method extracts explicit boundary information through auxiliary boundary supervision and introduces boundary cues
into the semantic feature space via a boundary feature fusion module, thereby enhancing the representation of soft boundaries
and irregular contours. Meanwhile, a geometry—depth prior attention module is designed to incorporate geometric continuity
priors and vertical pseudo—depth priors, enabling structured feature reweighting and improving prediction stability in complex
terrain. Experimental results show that the proposed method achieves an IoU of 90.8% and an Fl-score of 95.1% on the Off-
Road Freespace Detection (ORFD) dataset, outperforming the compared monocular RGB methods on major segmentation
metrics and demonstrating good cross—dataset generalization capability. These results indicate that the proposed method
achieves a favorable balance among segmentation accuracy, boundary quality, and inference efficiency.
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