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Corn Crop Row Recognition and Navigation Line Extraction Algorithm
Based on ResAC — UNet Network

CUI Yongzhi'?  LIU Yangchun'?  MAO Wenhua'? AN Qilin'?  GUO Quanfeng'® LI Guangrui'’
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2. State Key Laboratory of Agricultural Equipment Technology, Beijing 100083, China)

Abstract; In complex unstructured farmland environments, accurate extraction of navigation lines is
crucial for agricultural machinery and agricultural robots to achieve autonomous operation. Challenging
factors such as variable lighting, undulating terrain, and weed interference that are common in
agricultural environments, making traditional image processing methods perform poorly in terms of
adaptability, accuracy, and real-time performance, it’s difficult to meet the visual navigation needs of
smart agriculture. To address these issues, a ResAC — UNet deep learning network model was proposed
based on an improved UNet. This model used the ResNet —50 network to replace the encoder structure of
the traditional UNet to enhance feature extraction capabilities. The segmentation speed and real-time
response capabilities were improved through optimized jump connections. The ASPP module was
introduced in the bottleneck part of the network to achieve multi-scale receptive field modeling, while

maintaining high-resolution features and capturing richer contextual information. In addition, the model
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integrate CBAM to enhance the accurate perception of crop row boundaries, effectively prevented the loss
of key feature information, and further improved the segmentation quality. Based on the segmentation
results, the row anchor method and RANSAC algorithm were used to achieve high-precision navigation
line extraction and smoothing. The acquired front view image was converted into a bird’s-eye view to
eliminate the perspective effect, and a top view of the crop row with ROI was generated and retained. The
experimental results showed that the ResAC — UNet model achieved 99.23% , 95.44% , 85.23% and
94.71% in precision, MPA, MIloU and recall, respectively, which was better than the current
mainstream segmentation networks such as Segformer, DDRNet, HRNet and DeepLabV3 +. The average
inference time of ResAC — UNet was 15.26 ms, which met the real-time recognition requirements of
intelligent agricultural machinery visual navigation. Three navigation lines can be extracted in the ROI
area of the camera. The maximum angle error of the middle navigation line was only 0.96°, and the
maximum pixel deviation was 4.3, which realized the reliable extraction of high-quality navigation lines.
Compared with other navigation path extraction methods, the proposed method had higher accuracy and
stability. The research result can provide an efficient and robust visual perception solution for the
autonomous navigation of intelligent agricultural machinery in the field, which had certain practical
value.

Key words: corn crop row; visual navigation; navigation line extraction; bird’s-eye view; deep learning;
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Tab.1 Comparison of backbone network test results
B el G MIoU/% MPA/ % F1 {8/% Dice/% e S 2 4t BRI 1]/ ms
UNet 83.5 89.7 86.3 87.3 1.28 x 107 21.8
VGG - 16 84.6 90.3 87.2 88.5 2.45 x 107 28.6
ResNet — 18 86.2 91.5 89. 1 90.2 1.53 x 107 21.4
ResNet — 34 87.8 92.7 90.3 91.5 2.48 x 107 23.7
ResNet — 50 89.3 93.8 91.6 92.8 3.26 x 107 27.2
ResNet — 101 90.5 94.6 92.4 93.5 4.45 x 107 32.3
F2 HRKBLER
Tab.2 Ablation experiments results
Fe CA SA CBAM  ASPP  MIoU/%  MPA/% F1{fi/%  Dice/% SRR S 14 #E R ]/ ms
1 89.3 93.8 91.6 92.8 3.26 x 107 27.2
2 Vv 90. 1 94.3 92.2 93.4 3.31 x107 27.8
3 Vv 89.9 94.1 92.0 93.2 3.28 x 107 27.6
4 VvV 90.7 94.9 92.8 94.0 3.34 %107 28.3
5 Vv 90. 5 94.7 92.5 93.8 3.42 %107 29.1
6 vV Vv 91.8 95.6 93.5 94. 8 3.51 x107 30.5
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Tab.3 Comparison of different semantic

segmentation models

(e P/% MIoU/% MPA/% R/% TR

[} ] / ms
DeepLabV3 + 98.70  83.93 94.54 93.80  71.60
HRNet 98.59 84.68 95.17 92.74  33.32
DDRNet 97.64 81.64 93.32 92.38  15.85
UNet 96.29  77.64 92.36  91.18  12.41
Segformer 96.23  77.09 91.72  90.17  20.95
ResAC — UNet 99.23  85.23 95.44 94.71  15.26
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