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Picking recognition of fragrant pear and fruit stem based on improved YOLOv7

Shao Mingming, Zhang Liping, Zheng Weigiang, Li Wentao, Lei Jiale
(College of Mechanical Engineering, Xinjiang University, Urumgqi, 830017, China)

Abstract: To address the challenges of low success rate in picking and recognizing fragrant pears, caused by a complex
growth environment with factors such as occlusion, illumination, and density, as well as fruit damage during harvesting,
an improved model based on YOLOvV7 and a cutting-and-grasping picking method were proposed. A dataset was created
for fragrant pears and fruit stems, reflecting real-world complex picking conditions. The BiFormer attention mechanism
was incorporated to enhance the detection accuracy and efficiency of the model, particularly for small targets.
Additionally, the WIoU loss function was introduced to improve the quality of anchor frame, thereby enhancing target
detection precision. The experimental results showed that the mAP of the improved model for the sample dataset reached
89.9%, which was a 1.9% increase over the original model. The AP value for detecting fruit stems, which have fewer
features, increased by 3.0%. When compared to SSD, Faster R—CNN, Deformable DETR, and YOLOv7, both the
mAP and detection speed showed significant improvements. These findings indicate that the enhanced model can more

effectively detect pears and fruit stems while maintaining fast recognition speeds, making it suitable for real-time detection.
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Fig. 1 Sample data of fragrant pear and fruit stem

under complex picking environment
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Tab. 5 Comparison of the influence of hyper parameters a@ and ¢ on model detection performance

UNEE 3 ity

. 5 P/% R/% AP@0.5/%  AP,@0.5/% F1/% mAP@0. 5/ % E TR [R] /ms
0 0 92.5 87.8 93.8 82.2 87.6 88.0 15
1.4 5 91.2 86.5 91.6 77.4 83.9 84.5 18
1.6 4 91.6 87.8 92.2 79.9 85.6 86.1 17
1.9 3 92.7 87.8 93.6 82.7 87.8 88.2 19
2.5 2 91.8 86.4 91.1 81.3 85.9 86.2 18
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Fig. 6 Detection effect of the improved model

in the real picking environment
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Tab. 6 Comparison of detection results of different detection models in pear and stem datasets

6y 0 A2 2 P/% R/ % AP@0.5/%  AP,@0.5/% F1/% mAP@0. 5/ % HEPLH} ] /ms
SSD 85. 2 79.3 77.2 58.5 66.7 67.9 10
Faster R—CNN 94.5 92. 4 92. 1 76.2 83. 4 84.2 35
Deformable DETR 86.7 84.6 86.8 62.7 72.8 74.8 42
YOLOv7 92.5 87.8 93.8 79.2 85.9 86.5 15
Improved YOLOV7 94.7 91.3 94.5 85.2 89.6 89.9 23
PPN #7F 22.0%0.5. 7% .0. 106, Fe P R AE 5 S B D i SR A
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