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Fig.4 UANP-MT weed identification model.
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Table 1 Model test of coefficient a7
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Table 2 Performances of the model with different backbones

BER%  FIAM REE SO Wi
Backbone F1 score /% Pixel accuracy /% Intersection over  Frames per

’ y i union /% second /(1i-s™)
Mobilenet 84.17 97.29 92.53 86.49
ResNet50 85.40 97.22 93.17 58.76
ResNet101 79.00 97.92 91.68 27.79

E mioam | BREWE SO WK
Mvalue  F1 score /% Pixel accuracy Interse.ctlon Frames per.
/% over union /%  second /(i-s™")
2 82.80 96.42 92.46 85.67
4 83.10 96.55 92.48 86.17
6 83.30 96.68 92.52 85.59
8 84.20 97.29 92.53 86.49
10 84.50 96.23 92.50 85.44
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Fig.5 Loss function of training set with different backbones

2.3.3 UANP-MT AZA! 4 &kiXEe

¥ UANP-MT 5 fi# il 3 37 ) UA-MT, NP-MT Al MT
o, 5 UANP-MT FlJi 46 15 B 2% Sup A3 il )
P30, % M B W 2, 4 4 5 R 200 2R 48 172
(1024). 1/4 (512)~ 1/8 (256)« 1/16 (128) ¥ UL K EAl]
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Note: In the figure, the red area represents weed pixels, and the gray area represents background pixels.
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Fig.6 Predictive results of different models
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UANP-MT based semi-supervised image segmentation method for
identifying weeds in cabbage field

CAI Yulin!, XIAO Jiayi!, YU Chaoran®*, SONG Zhao?, LI Jing? YUE Xuejun'

(1. College of Electronic Engineering (College of Artificial Intelligence), South China Agricultural University, Guangzhou, 510642, China;
2. Vegetable Research Institute, Guangdong Academy of Agricultural Sciences / Guangdong Key Laboratory
for New Technology Research of Vegetables, Guangzhou, 510640, China)

Abstract: Weeds pose a great threat to modern agricultural production. The unrestrained growth of weeds has also a
significant impact on crop yields and quality. Therefore, it is a high demand to effectively manage and control weeds in recent
years, in order to optimize agricultural production activities. The specific area of weed management can be expected to serve as
the promising research direction for weed control operations, with the rapid development of unmanned aerial vehicle (UAV)
platforms and artificial intelligence (Al). Accurate and efficient identification of weeds can be one of the most key steps to
realizing automated weed management in the field. However, the current efficient models of weed identification are often
required a significant amount of labeled agricultural data. The major bottleneck can be also limited in the model. In this study, a
semi-supervised semantic segmentation network was proposed, called UANP-MT (uncertainty aware and network perturbed
mean teacher), in order to reduce the dependence on labeled data. The PSPNet network model was also selected to leverage the
teacher-student network concept from MT (Mean Teacher). Several key improvements were then incorporated during this time.
Firstly, the improved model reduced the errors that caused by random network factors. The teacher network output was also
augmented to take the mean, thereby ensuring the robustness of the network prediction. Secondly, the improved model
constructed the uncertainty constraints for the different uncertainties between networks and assigns weightings, in order to
balance the differences in the output between different networks. This approach enhanced the confidence and reliability of the
prediction, ultimately leading to the higher recognition accuracy of an improved model. A series of ablation experiments were
conducted to evaluate the effectiveness of the improved model. These experiments included the setting values of network
parameters, the selection of feature extraction network backbones, and the model performance testing on datasets with varying
volumes of data. Some optimal parameter settings were identified for the improved model, with the ResNet50 as the preferred
choice for the model backbone. The comparison experiments showed that the UANP-MT model outperformed the original
supervised network, in terms of the three evaluation indicators of F1 score, pixel accuracy (PA), and intersection over union
(IoU), when the labeled data was less than that of the original supervised network, indicating the superiority of the semi-
supervised network. Furthermore, the effectiveness of the improved model was further validated to compare with the classic
semantic segmentation networks, including SegNet, U-Net, and Deeplabv3+ on the CaiXin weed dataset. UANP-MT model
achieved better performance with an F1 score of 81.83%, a PA of 95.84%, and an IoU of 90.70% when only 1/4 of the labeled
data was used for training. These evaluation metrics were superior to those of the Deeplabv3+ model by percentage point of
4.71, 7.94, and 8.27, respectively. The UANP-MT model was achieved in the high-quality weed detection and recognition with
the low labeled data, thus significantly reducing the dependence on labeled data with the manpower and time cost saving. The
findings can provide valuable implications for the subsequent weed recognition research and the development of automated
weeding operations on UAV platforms.

Keywords: image processing; weed identification; semi-supervised learning; semantic segmentation; unmanned aerial vehicle
(UAV) platform
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