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Unstructured Scene Semantic Segmentation Combining Location Attention Mechanism and
Lightweight STDC Network

CHEN Ye', YANG Chang-Chun’, YANG Sen’, WANG Yu-Peng’, WANG Peng’

'(Changzhou Vocational Institute of Textile and Garment, Changzhou 213164, China)
*(School of Computer Science and Artificial Intelligence, Changzhou University, Changzhou 213164, China)

Abstract: In recent years, unstructured road segmentation has become one of the important research directions in the field
of computer vision. Most existing methods are suitable for structured road segmeﬁtation and cannot meet the accuracy and
real-time requirements of unstructured road segmentation. To address the above issues, this study improves the short-term
dense concatenate (STDC) network by introducing residual connections to better integrate multi-scale semantic
information. Additionally, it proposes a position attention-aware spatial pyramid pooling (PA-ASPP) module to enhance
the network’s position awareness ability for spééiﬁc regions such as roads. Experiments are conducted on two datasets,
RUGD and RELLIS-3D, and the proposed method achieves a mean intersection over union (MloU) of 50.78% and
49.96% on the test sets of the two datasets, respectively.

Key words: unstructured environment; semantic segmentation; position attention-aware spatial pyramid pooling (PA-
ASPP); short-term dense concatenate (STDC)
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