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Detection method of edible roses in field based on improved YOLOvSs model

HUA Chunjian'*, HUANG Yufeng"*, JIANG Yi'?, YU Jianfeng>, CHEN Ying’
(1.School of Mechanical Engineering, Jiangnan University, Wuxi 214122, China; 2. Jiangsu Key Laboratory of Advanced Food Manufacturing Equipment
& Technology, Wuxi 214122, China; 3.School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: In order to accurately detect edible roses and their maturity in the field and realize the automatic picking
of flowering roses, an improved model based on YOLOvSs was proposed to solve the problem of poor recognition accuracy
caused by factors such as light and occlusion in the field. The growth state of edible roses at bud, picking and abortive flow-
ering stages was detected. Firstly, in order to enhance the ability of multi-scale feature fusion, the feature fusion structure
was improved. Secondly, multi-branch structure training was used to improve the accuracy, and the neck network C3 mod-
ule was improved. Finally, in order to improve the ability of feature information extraction, a fusion attention module was
added to the neck network to make the model focus on the detection target and reduce the false detection and missed detec-
tion of roses. The mean average precision of the improved model was 3.6 percentage points higher than that of the original
model, reaching 90.4% , and the detection accuracy of roses in three flowering periods was improved. The results of this
study provide a more accurate method for detecting edible roses at different flowering stages in unstructured environment.

Key words: object detection; YOLOvSs; feature fusion; attention mechanism; edible roses
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Fig.2 Structure of different feature fusion methods
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Table 1 Effects of different attention mechanisms on the model

BT B GFLOPs mAP e

(M) (%) CF PF WF
Baseline 7.01 15.8 86.8 94.1 93.7 72.6
SE 7.03 16.0 84.7 93.5 93.3 67.3
CBAM 7.03 16.0 84.8 93.0 93.9 67.1
CA 7.05 16.0 86.8 94.8 94.4 713
ECA 7.03 16.0 87.2 93.7 94.4 73.4
ECA+BAM 7.03 16.0 87.6 9.0 94.8 72.1
ECA+GAM 7.04 16.3 89.4 95.1 94.8 78.2

Baseline : RV ITE R J1BURIA A BERL, SE, CBAM , CA \ECA , GAM . BAM 43 SR AT B T B BUIL . GFLOPs . i 57 B ; CF - £ 01 ; PF - i
015 W BT mAP < AT S BP IR IE ; AP+ 0 PR
D TR R I WL R R0, A el & AL
ECASIN CA S5 F—E R IT ML B A RS
HHACH MBI G B R E 2 a1,

F HARE T3 Bp— 3 L L el el as [a)
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Table 2 The ablation results of different modified methods
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Table 3 Comparative experiments of different detection models

A FL(Mb) g% mAP (%)
Faster R-CNN 108.0 37.0 84.3
YOLOv4 244.0 59.5 83.1
YOLOv5s 14.4 110.5 86.8
YOLOv7 73.0 81.3 88.1
AW 18.4 95.2 90.4
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Fig.6 Comparison of detection effects of different models
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