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A green round-like fruits identification method based on GhostNet
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Abstract: In order to realize the recognition of green round-like fruits in the actual environment of orchards, the rec-
ognition method of green round-like fruits based on one-stage object detection network was studied. In this study, four differ-
ent lightweight convolutional network models were compared. GhostNet was used as the backbone feature extraction network of
this research network. The extracted feature information was fused by bidirectional feature pyramid network ( BiFPN). Finally,
the improved YOLO_Head was used as the prediction head to establish a target detection network suitable for this study. The
experimental results showed that the final detection accuracy of the green round-like fruits in the object detection network con-

structed in the context of orchard reached 96.8% , the detection speed of a single image reached 37 ms, and the memory occu-

pancy size of the network was 11.8 M, which realized the rapid and accurate identification of green round-like fruits, and

could provide technical support for the yield estimation and disease and pest identification of early fruit trees.
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Fig.1 Construction method of object detection network
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Fig.4 The development process of feature pyramid
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Fig.5 Structure diagram of bidirectional feature pyramid net-
work ( BiFPN)
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Table 2 Performance comparison of different feature extraction

networks
LI KN mAP(%)  FPS(ms)
SqueezeNet 12.6 92.7 49
MobileNet 7.5 92.6 25
ShuffNet 8.0 92.7 28
GhostNet 7.8 93.5 21
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Table 3 Performance comparison of different feature fusion net-

works

P KN mAP FPS
4

FAE A
TPER S (M) (%) (ms)
FPN 14.1 93.5 35
PANet 7.8 94.0 21
BiFPN 8.5 94.9 25
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Table 4 Performance comparison of networks with different pre-

diction head

o KN mAP FPS
»ﬂ N
ey (M) (%) (ms)
YOLO 8.5 94.9 29
Mt YOLO 11.8 96.8 37
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Table 5 Performance comparison of networks with different detec-

tion layers

mAP( %)

PN oo g ()
KRS ma NS g s
5
YOLO 85 955 944 93.0 943 32
it YOLO 11.8 958 942 951 952 43
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Table 6 Performance comparison of different detection methods

/N mAP FPS

s o (%) (ms)
Faster R-CNN 25.0 91.5 356
SDD 28.0 92.8 245
YOLOv3 26.0 87.5 78
YOLOv4 35.0 91.5 56
YOLOvS 14.3 94.2 31
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Fig.9 Detection results of the network constructed in this study
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