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Seedless white grape stem recognition under small trellises based on improved YOLOvS8

Li Tao', Mamtimin - Geni"?, Gulbahar - Tohti', Yang Jiayu'’
(1. School of Intelligent Manufacturing Modern Industry, Xinjiang University, Urumqi, 830047, China;
2. Urumqi Baybol Metronocs Technology Co. Lid. , Urumgi, 830002, China)

Abstract: Accurate identification of seedless white grape stem under small trellises is the key to the automatic picking task of
grape picking robot. Aiming at the problem of poor recognition effect of fresh seedless white grape stem under Small trellises
in Turfan City, Xinjiang, a seedless white grape stems recognition model Small—YOLO based on YOLOvVS8 was proposed to
realize automatic recognition of seedless white grape stem, improve the target detection head on the original model structure,
and improve the feature fusion of shallow and deep networks. The ability of extracting information from the seedless white
grape stem was increased. Deformable convolutional DCN is used in the shallow network to enhance the modeling ability of
convolution operation on morphological changes, so that the convolutional kernel can better adapt to the irregular deformation
in the input feature map, which is helpful to improve the performance of the visual model when dealing with targets of different
scales, shapes and transformations, increase the coordinate attention mechanism CA, optimize the accuracy rate of the
seedless white grape peduncle recognition. The test results showed that the mAP value of the improved recognition model for
the seedless white grape stem reached 76.2%. Compared with YOLOv3—tiny, YOLOv5n, YOLOv6, YOLOV7,
YOLOvS8n and other algorithms, the mAP value was improved by 23.9%, 8%, 7.6%, 9.2%, 7%, respectively, while
maintaining a fast detection speed, realizing the possibility of the seedless white grape mechanical picking under small tallows.

Keywords: seedless white grapes; harvesting robot; stem recognition; coordinate attention mechanism; deformable

convolution; visual model
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Fig. 1 Sample of seedless white grape stem
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Fig. 5 Area of stem frame of the seedless white grape stem
relative to the whole map accounted for

the proportion of layout map
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Tab. 1 Comparison of detection performance on the seedless

white grape stem dataset for five models

T mAP/Y% P/% R/Y% FPS/(Wi.s')
YOLOv3—tiny  52.3 66.9  46.4 21.6
YOLOv5n 68.2 73.7  62.9 17.2
YOLOV6 68.6 76.2  62.6 16.9
YOLOV7 67.0 73.2  64.5 14.0
YOLOvSn 69.2 76.2  66.6 21.5
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Tab. 2 Comparision of performance of ablation experiment

LY mAP/Y  P/%  R/%  FPS/(+s™")
AR 1Y 69.2 76.2  66.6 21.5
Small 74.0 75.0  65.0 13.0
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Small4+CA 75.2 77.8  71.6 20.5
Small—YOLO  76.2 78.0  70.4 25.0
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Fig. 6 Effect of identification of the seedless white grape stem

under small trellises
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