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Optimization of Actinidia chinensis Fruit Recognition based
on Improved YOLOV7

HE Xiang ZHU Honggian

( Central South University of Forestry and Technology, Changsha, Hunan 410004, China)

Abstract In order to solve the problems of severe occlusion caused by overlapping fruits and susceptibility
to leaf influence in the recognition process of Actinidia chinensis fruit, A. chinensis fruit image dataset was estab-
lished under different sunlight conditions. Three improvements were made to the YOLOv7 model: replacing the
convolutional module of the Backbone part with the GhostConv module, reducing the number of model parame-
ters while maintaining the original accuracy; to address the significant overlap between A. chinensis fruits, a Non
Maximum Suppression NMS ( Soft NMS) strategy is introduced to improve the accuracy of detection box regres-
sion; integrating SimAM attention mechanism to enhance the model’s ability to extract high—density A. chinensis
fruit features. Through comparative experiments, it was shown that the optimized model increased mAP value by
12. 7% and detection speed by 106. 8 frames/s compared to Faster RCNN. The overall performance is good and
meets the real-time recognition needs of machines for A. chinensis fruit.

Key words fruit recognition; YOLOv7; GhostConv; Soft NMS; SimAM
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Note : Compared with the original YOLOv7 model, the improved model replaces the convolution module of the backbone layer with
the ghostconv convolution module, and adds the SimAM attention mechanism module at the intersection of the three informa-

tion intersections of the backbone layer and the neck layer.
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Fig. 1

YOLOV7 improved model
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Fig.4-1 Unobstructed fruit image
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Fig.4-3 Smooth image
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Fig.4-2 Images of obstructed fruits
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Fig. 4 Actinidia chinensis fruit images under natural conditions
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Table 2 Comparison of evaluation indicators between improved algorithms and original algorithms

SRR

Algorithm model mAP/ % Precision/ % Recall/ % Fps/s

YOLOV7 96. 4 93.7 92.1 102.3
YOLOvV7+GhostConv 97.2 94.3 91.2 141.2
YOLOV7+GhostConv+SimAM 98.3 95.1 91.7 133.5
YOLOV7+GhostConv+SimAM+SoftNMS 98.8 95.4 92.3 131.8

*3 MHEMERMAREZANHEITMIEIRE Rttt

Table 3 Comparison of evaluation indicators for adding different attention mechanisms at the same position

SRR

Algorithm model mAP/ % Precision/ % Recall/ % Fps/s
YOLOvV7+SoftNMS +GhostConv 98. 1 94.3 93.1 132. 4
YOLOV7+SoftNMS +GhostConv+SimAM 98.8 95.4 92.3 131.8
YOLOV7+SoftNMS+GhostConv+SE 97.2 93.9 92.1 115.2
YOLOvV7+SoftNMS +GhostConv+CBAM 98.3 95.6 90. 1 113. 1

2.3 MiHERSHEABEMOUREIT L ERS S 5L two—stage 533 Faster RCNN AH L A # K

XL 4 g 5 R AR, AR SCHEE T
HoAh A I AR, A A PR R R, [ A
PREET S R DS B, A EL T IR R YOLOVT 4%
TR RS BE #2055 2.4 A 43 4, L YOLOVSs &
5.5 N5, K YOLOV8m 5 3.7 N E M, 5

A DN S J3E 34, AN B AT A R AR T, S
OERE A A RE A L3 T 28. 4 ST 2 AR, 25 BT
W, RSO B A R L R R R R A B TR
AE RS BRI, CREFEAE S I, Rk
BRI, UEAA SRR Al ATk S8
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Table 4 Comparison of evaluation index results for different algorithms

Algfiifffo del mAP/ % Precision/% Recall/ % Fps/s
Faster RCNN 86. 1 84.7 82. 1 25.0
YOLOvS5s 93.3 91.9 89.2 144.9
YOLOvV7 96. 4 93.7 92.1 103. 4
YOLOv8m 95.1 93.1 90. 4 74.2
Bgiiz il 98.8 95.4 92.3 131.8

Faster

RCNN

YOLOVS5s

YOLOv7

YOLOv8m

> v "“p"}-\:’ AP
B 6 ARRBEDSMXEF LRGNNSR

Fig. 6 Detection results of different models on part of the test image
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