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Abstract: To tackle the challenges of low precision in road information extraction and slow inference speeds
associated with narrow roads and complex terrain in hilly areas, it is significant to initiate the creation of a

dataset, with a specific focus on hilly field roads as the research subject. It is also valuable to introduce a
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hilly field road image segmentation method, leveraging an enhanced DeeplLabV3+ model. In the encoder
module, it is crucial to integrate a lightweight backbone network, G_Ghost RegNetX 4. 0GF, which facil-
itated precise feature extraction while simultaneously reducing the model’s parameter count. Additionally,
it is necessary to incorporate the Lite-RASPP module to fuse features of varying scales. Relevant experi-
mental findings underscore the success of this enhanced model, achieving a remarkable Mean Intersection
over Union (MIoU) of 87. 6% and an impressive inference speed of 116. 08 f/s. When compared to prevail-
ing image segmentation networks like FCN, Deepl.abV3, and PSPNet, our model exhibited a substantial
MIoU increase of 0. 8%, 2.2%, and 1% respectively, while significantly outpacing them in terms of infer-
ence speed, being 1.33, 1.83, and 1. 76 times faster, respectively. Furthermore, our proposed model
boasted a lean parameter count of 14.41 X 10° and a floating-point computation amount of 49. 34 X 10°,
substantially reducing both the model’s parameters and computational demands. This optimized field im-
age segmentation algorithm not only demonstrated enhanced detection accuracy but also delivered a superi-
or inference speed, holding significant promise for facilitating the autonomous navigation of intelligent ag-
ricultural apparatus on hilly field roads.
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