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Real-time Detection of Lightweight Corn Crop Rows Based on
Instance Segmentation
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(1. School of Information Science and Engineering, Zhejiang Sci-Tech University, Hangzhou 310018, China
2. State Key Laboratory of Rice Biology, China National Rice Research Institute, Hangzhou 311400, China)

Abstract; Field robots are a current research hotspot, and machine vision navigation has emerged as a
key development direction for fully autonomous field navigation in agricultural robots due to its low cost
and reliable performance. Among machine vision navigation line extraction methods, graphics-based
approaches suffer from poor applicability, low accuracy, and susceptibility to noise interference. Object
detection-based methods face challenges in crop overlap recognition, while semantic segmentation-based
methods exhibit slow detection speeds, poor real-time performance, and frequent crop row omission. To
address these challenges, focusing on visual navigation for cormn field weeding robots, an experimental
approach was proposed by using the lightweight corn row instance segmentation ( LCR —IS) algorithm for
corn row detection. The model integrated a lightweight backbone network and incorporated the C2f —
EEMA (C2f edge EMA module) edge attention fusion module to enhance feature fusion capabilities.
Simultaneously, it employed a parameter sharing mechanism and the principle of reparameterization
combined with an integrated convolutional module ( Conv_GN) to design the lightweight instance
segmentation detection head ( Rep shared-convolutional segmentation head, RSCS). After extracting crop

rows using the LCR — IS model, the center positions were determined via minimum Euclidean distance.
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Finally, the centerlines were fitted as navigation lines by using least squares. The model achieved an F1

score of 95.3% and an average intersection-over-union ( IoU) of 86.1%. The extracted predicted

navigation lines exhibited an average angular error of only 1.17° and a distance error of 6.10 pixel

compared with actual navigation lines, outperforming navigation line extraction methods based on YOLO
v8 — seg, ESNet, VGG — UNet, Mobile — UNet, and Mobile — DeeplabV3 +. The LCR — IS model

achieved an inference speed of 18. 6 {/s on the Jetson Nano edge device and enabled relatively accurate

navigation line extraction without requiring high-precision data annotation. The research results met the

practical needs of automated corn field weeding robots and held significant application potential in the

field of real-time visual navigation for agricultural robots.

Key words: crop row detection; field navigation; lightweight; instance segmentation; edge devices;

agricultural robotics
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Fig. 12 Loss function curves of different backbone networks
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Tab.1 Segmentation performance results for different

backbone networks %

FET W% Kt BRI F1 40 mAPS0 -95 “FHIzcf Lk
StarNet 95.1  93.9 94.5 66. 1 85.4
MobileNetV4 ~ 94.1  93.5  93.8 64.5 83.6
EfficientViT ~ 93.5  93.2  93.3 63.1 82.8
ResNetl8 95.1  93.3  94.2 64.6 83. 1
FasterNet 95.3  92.8 94.1 65.8 83. 1
HGNetV2 95.9  94.7 95.3 67.5 86. 1
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Fig. 13 Reasoning results for different backbone structures
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Tab.2 Actual inference results on edge devices

p— WA T, AT/ T B/
MB ms (fes7)

StarNet 7.92 66. 784 14.97
MobileNetV4 14. 67 67. 693 14.77
EfficientViT 11.26 113. 196 8.83

ResNet18 60.24 105. 141 9.51

FasterNet 11.57 67.953 14.72
HGNetV2 8.11 53.763 18. 60
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Fig. 14 Extraction results of mid lines
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Fig. 15 Seedling lines added by labeling process
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Fig. 16  Final extraction results of seedling lines
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Tab.3 Results of navigation line errors for

different backbone networks

FT 4% fERE/ (°) PEE R 2/ 18R
StarNet 1.27 7.03
MobileNetV4 1.37 7.69
EfficientViT 1.26 6. 89
ResNet18 1.22 7. 14
FasterNet 1.19 6.94
HGNetV2 1.17 6. 10
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N TR LCR — IS BB C2f — EEMA (RSCS
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Tab.4 Ablation experiment results of the models

mAP50 —95/ MIloU/  HEBEAERT/ 3B/

i
% % ms (f-s™")

HGNetV2 62.5 85.3 59.419 16. 83
HGNetV2 + RSCS 65.3 85.3 57.364 17.43
HGNetV2 + C2f —

64.7 85.8 56. 164 17. 80
EEMA
HGNetV2 + C2f —

67.5 86. 1 53.763 18. 60
EEMA + RSCS

R T SR IE A AR R A A B | A T AR B A
ik, T RSCS . C2f — EEMA BT 7% 5 [a] A 4RAE
S FIBLERI YOLO v8 — seg BEHUJEATIN Bl 16 | 4%
AN 5 iR, 78 YOLO v8 — seg MY | i T2
G5 T Rl g0 25 SRR R, A H iy Bk A FH AR
PERES A B, I 5 ABGERCR A,

x5 HERIBABER

Tab.5 Results of module migration experiments

R mAP50 -95/% MloU/ % HEHAERT/ms HEBERE/ (fos")
YOLO v8 — seg 67.2 84.8 63.613 15.72
YOLO v8 — seg + RSCS 69. 8 84.7 59.767 16.73
YOLO v8 — seg + C2f — EEMA 68.0 85.6 58.972 16. 96
YOLO v8 — seg + C2f — EEMA + RSCS 70.2 85.9 57.634 17.35
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Fig. 17 Segmentation results of different models
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Tab.6 Results of different segmentation models
- T F1 534/ MIol/% Rz, BEEIRZE/ JEERTE, HERLEE/
b °) 18 % ms (fes7)
LCR-1S 95.9 94.7 95.3 86. 1 1.17 6.10 53.763 18. 60
YOLO v8 — seg 96. 1 93.6 94.7 84.8 1.21 6.91 63.613 15.72
ESNet 91.1 77.5 83.6 70.3 3.17 17.62 426. 395 2.35
VGG — UNet 91.9 76.7 83.6 69. 8 3.39 18. 82 910. 783 1.10
Mobile — UNet 94.5 88.5 91.4 81.4 2.23 12. 08 3537.98 0.28
Mobile — DeeplabV3 + 93.9 88.2 91.0 81.3 2.78 14. 14 225. 688 4.43
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