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Real-time Detection Method of Fruit Leaf Wall Area
Based on Improved YOLACT

XIAO Ke'? LIANG Congzhe' XIA Weiguang'
(1. College of Information Science and Technology, Hebei Agricultural University, Baoding 071001, China
2. Hebet Key Laboratory of Agricultural Big Data, Baoding 071001, China)

Abstract: To reduce the environmental pollution and pesticide waste in orchards, a real-time method to
detect the fruit tree leaf wall area (LWA ) based on the improved YOLACT model was proposed to
estimate average distance and density in the videos that captured by depth — color binocular camera,
which can provide data for the real-time adjustment of pesticide spraying dose and spraying distance on
intelligence pesticide spraying. Firstly, the YOLACT model was improved by using the ConvNeXt
backbone network, and the NAM channel attention mechanism was introduced to optimize the model.
Secondly, a leaf wall density estimation method based on deep learning was proposed. Finally, the
average distance calculation method of LWA was proposed by excluding the interference information in the
depth image through the threshold algorithm to simplify processing flow. The experimental results showed
that the segmentation AP metrics of the improved YOLACT model was 91. 6% , which was increased by
3.0 percentage points compared with that of the original model, and 2.9 percentage points, 1.2
percentage points and 4. 1 percentage points compared with that of YOLACT + +, Mask R — CNN, and
Querylnst. The root mean square error (RMSE) of the leaf wall density estimation method was 1.49% ,
0.82% and 2.20% . And the processing speed of the real-time LWA detection method could reach 29. 96 {/s.
Key words: fruit tree; leaf wall density; YOLACT model; target detection; real-time; average distance
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The proposed method flow chart
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Improved YOLACT model
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Fig.3 Attention — ConvNeXt Block example diagram
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Tab.1 Network model training and testing
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Fig.4 Training loss curves of YOLACT model by using

different backbone networks
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Tab.2 Test results of five types of backbone networks

in test set %

s SUEIRE T SR

AP, AP, AP, AP,

ResNet —50 88.6 98.0 92.8 98.9
ResNeXt—50 89.2 98.0 93.5 99.0
ResNeSt — 50 89.5 99.0 91.9 97.9
Swin Transformer — T 90.0 98.0 91. 1 98.9
ConvNeXt—T 90.5 100 94.8 100
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Tab.3 Ablation experiment test results %

- IFEERIREE L FHE IR R
AP, AP, AP, AP,

YOLACT 88.6 98.0 92.8 98.9
YOLACT + ConvNeXt 90.5 99.0 94.8 100

YOLACT + NAM il i /1 89.6 99.0 93.4 100

YOLACT + ConvNeXt + NAM
_— 91.6 100  96.3 100
L BERE =W
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Fig.6  Segmentation effect of each model
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Tab.4 Test results of five segmentation models in test set

s R WARETH BiREA

e B/ % KB/ % A6 )
APy AP APy AP35 ] /ms
YOLACT 88.6 98.0 92.8 98.9 13
YOLACT + + 88.7 96.9 89.2 97.8 13
Mask R — CNN 90. 4 97.6 94.0 98.0 62
Querylnst 87.5 98.5 94.3 96. 8 122
it YOLACT 91.6 100 96.3 100 15
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Fig.7 Density at top, middle and bottom of leaf wall
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