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Agricultural Scene Navigation Path Extraction Method Based on
Lightweight Semantic Segmentation and Heatmap Regression

Li Dazhai Liu Chenbo Zhang Jilong Wang Jiahao
(School of Mechanical Engineering and Automation, Beihang University, Beijing 100191, China)

Abstract; Aiming to solve the problems of path discontinuity, centerline deviation, poor real-time
performance, and weak adaptability to complex environments in unstructured agricultural environments of
robot navigation path extraction, a navigation path extraction method for agricultural scenes was proposed
based on semantic segmentation and heatmap regression. Firstly, an improved Deeplabv3 + semantic
segmentation model was constructed by integrating the lightweight MobileNetV3 as the backbone network ,
which effectively improved the inference speed of the model in embedded devices while maintaining a
high segmentation accuracy. Secondly, based on the drivable area mask obtained by semantic
segmentation, a Mobile — Unet lightweight heatmap regression network was designed. Through the
combined loss function of weighted mean square error and perceptual loss, the model’s ability to focus on
high-response areas of the heatmap was enhanced, and the detail restoration and structural consistency of
the heatmap prediction results were improved. Finally, a navigation path extraction algorithm combining
heat value-guided greedy search and non-maximum suppression ( NMS) was proposed to efficiently and
stably extract continuous and smooth navigation paths from the heatmaps in complex agricultural
environments. Experiment was carried out on a self-built agricultural scene dataset, which verified the
performance of the semantic segmentation model, heatmap regression network and path extraction
algorithm. Results demonstrated that the proposed method maintained high segmentation accuracy while
achieving superior inference speed on the Jetson TX2 embedded platform. In heatmap regression tasks,
the proposed Mobile — Unet combined with Mask input achieved the lowest mean square error ( MSE) and
the highest structural similarity (SSIM) , meeting the requirements for real-time navigation. Overall, the
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proposed method took into account accuracy, speed and practical deployment capabilities, and had good

application prospects in agricultural robot navigation.

Key words: agricultural scene; path extraction; lightweight segmentation; heatmap regression
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Tab.3 Performance of different solutions

i A A PRI 45 Hy MSE MAE PSNR/dB SSIM MR/ (fos 1)
Mask Mobile — Unet 8.91x1073 4.63 x1073 44. 00 0.921 50.73
RGB Mobile — Unet 6.83 x10~* 7.49 x10 73 37.50 0.953 22.36
Mask Unet 8. 11 x10~* 8.21x107? 35.09 0.991 8.63
RGB Unet 1.47 x10 73 1.10 x 10 =2 32.84 0. 964 7.30

EAEAS [R) A BT ik A 2 65 b S B 7 2
fiE, LA NVIDIA Jetson TX2 A R85 | f 47452 5
Jmak S EE L, MR 3 AT LLE Y, Mobile — Unet
SERTE R 3 T3 Unet, 1] LI Mask 1E % A

R AP B A A, 3R 8 50. 73 £/s, LERRE, L
Mask 7E J%i A, LI Mobile — Unet 1 i W 28 455 70 Jy &
(] i SHE BT 1 S0 B | 85 4 30 Dt 8 AR S P 4 FLER JE
FEEPIZ A A 55 R T



22

FRIE A FT RS AR 4O ) 5 B AR R O 5 269

2.2.3 Kk REERE IS
R T A T S R R ] )4 B Y R e, i
TAFEIACEEREIR S . I Zrad FEH , 43 50 A

MSE 5k FUER O , Mg i) A2 ALl 3, Il ZR4h i
Jei K BT R A [] — A T AT PR REIA, iC %
ISR EPERESE bR, 45 RN 4 PR,

R4 TRBMERH TR

Tab.4 Performance with different loss functions

AR KA L E MSE $#i2% JRENR R MSE MAE PSNR/dB SSIM
0 1.61 x107* Jc 5.07 x10 73 4,92 %1073 43.88 0. 888

0.05 1.73 x107* 5.74 x10 73 8.91 x10 73 4.63x1073 44. 00 0.921
0.10 1.47 x107* 4.66 x 103 2.92x1073 3.08 x10°3 46. 90 0. 959
0.20 1.66 x 10 ~* 4.23 x1073 3.77x10°° 2.45 x10 73 47.48 0. 985
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