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Abstract; Aiming to address the challenges of joint crop-row and weed localization in ultra-large-scale
UAYV orthophotos of sugarcane fields, where fragmented weed morphology, inter-row interference, and
accumulated angular errors over long distances often lead to unstable segmentation and row extraction
offsets, a localization method integrating CANESNet semantic segmentation with cascaded RANSAC-based
linear regression was proposed. CANESNet adopted a dual-branch encoder combining Segformer and
MobileNetV3, with DCNv4 and a UNet-style multi-level decoder introduced to enhance continuous crop-
row representation and fine weed-boundary recovery. Based on the segmentation masks, crop-row feature
points were extracted and grouped using rotational projection, followed by two-stage RANSAC fitting to
merge cross-regional row segments and suppress cumulative fitting errors. Experimental results showed

that CANESNet achieved mPA, mloU, Acc, and F1 values of 91.21% , 85.50% , 96.68% , and
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94.49% , respectively, with an inference speed of 52. 79 {/s. For the weed category, the loU, PA, and
precision reached 61.52% , 81.19% , and 71.75% , respectively. The cascaded RANSAC method

achieved a crop-row extraction success rate of 92. 65% , with an average positional deviation of 0. 013 m

and an average angular deviation of 0. 074°. These results indicated that the proposed method can stably

extract sugarcane crop-row centerlines and localize weed areas without manually presetting the number of

crop rows, providing reliable environmental perception support for navigation-line generation and

precision weeding operations in sugarcane fields.

Key words: sugarcane; UAV aerial images; crop row centerline; semantic segmentation; dual-branch

hybrid network ; cascaded RANSAC
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Fig.3 Sample images after data augmentation
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Fig.9 Final fitting result and its magnified views
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Tab.1 Experimental results of CANESNet and

other models

TgE P il
bt F1 4 /
it R, It (i s g/
R/ % %
% e/ % (fes™1)
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Segformer — b0 90.51 83.88 96.62 91.18  88.05
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Fig. 10 Segmentation results of different models in typical scenes
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Tab.2 Result of ablation study %o
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MR I R A
x X 90.51 83.88 96.62 91.18
x x 90.74 84.90 96.84 93.33
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Tab.3 Success rates between cascade RANSAC and

K —Means algorithms
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Tab.4 Error statistics of crop row extraction based on
cascaded RANSAC

BRZEHA P EORfH AiE2E RMSE
GEMEmME/SE 3.356  52.962 8.060  8.731
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MAIEmZ/(°) 0.074 1.916  0.171  0.187
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Tab.5 Results of per-class segmentation metrics

for weed category %o

R I BRI KR
CANESNet 61.52 81.19 71.75
Vgg_UNet 53.89 77.95 63.58
MobileNetV3_UNet 54.58 77.27 65. 02
MobileNetV2_DeepLabV3 + 55.61 73.01 70.01
Segformer — b0 58.28 78.99 68. 98
ResNet50_PSPNet 51.35 71.33 64.71
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Impact of segmentation accuracy on row
line extraction results
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