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Grapefruit Detection Model Based on IFSSD Convolution Network

XIAO Deqgin' CAI Jiahao' LIN Sicong' YANG Qiumei' XIE Xiaojun® GUO Wanyi'
(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China
2. School of Medical Information Engineering, Guangzhou University of Chinese Medicine, Guangzhou 510006, China)

Abstract; The detection, identification and precise positioning of fruit under natural conditions based on
machine vision is very important for the development of intelligent picking robots. In order to solve the
problem that the traditional fruit detection model for the small target grapefruit missed detection and the
leaf was falsely detected as the expansion period grapefruit, an improved feature fusion single multibox
detector (InceptionV3-feature fusion single shot-multibox detector, IFSSD) was designed. The feature
fusion single multibox detector ( feature fusion single shot-multibox detector, FSSD) was used as a base
detector and optimized in two ways. On the one hand, the improved InceptionV3 network was used
instead of very deep convolutional networks 16 ( VGG16 ) as the backbone network to improve
computational efficiency. On the other hand, the Focal Loss function was used instead of the Multibox
Loss function, which improved the mischeck ingresss of the detector due to the imbalance of positive and
negative samples. Finally, the test data set was verified, and the results showed that the model achieved
an average accuracy of 93. 7% (mAP) (IoU was greater than 0.5). The time of one image was 29 s.
The model proposed can automatically detect the grapefruit in the grapefruit tree and locate it accurately
in real time, which effectively promoted the development of intelligent picking robot.
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Tab.3 Detection accuvaey of different models under

different image types %
[ 15 s 7 SSD FSSD IFSSD
NEES 79. 63 85.15 86. 68
o H bR 85. 64 86. 24 89.53
* H ¥ 92.12 92. 14 94. 16
IE ik 41 85. 42 86. 12 90. 63
G 89. 63 91.18 92.78
A B 77. 14 79. 36 83. 14
FLHES 90. 88 91.24 93.26
Ot 86. 11 86. 26 88. 66
56 85. 31 87.22 89. 67
IEH % 92.11 92. 65 94. 68
A5 A I e 88. 12 88.21 89. 74
T A% - 38 B 90. 41 93.12 96. 88
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Fig. 8 Processing effect of three models on images
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