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Apple Detection Method Based on Light - YOLOvV3
Convolutional Neural Network
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Abstract: An apple detection method ( Light — YOLOv3) based on lightweight YOLO ( You only look
once) convolutional neural network was proposed for apple picking robots to detect apples quickly and
accurately in the complex background of fruit trees. Firstly, in order to improve the traditional YOLOv3
deep convolutional neural network architecture, a feature extraction network structure containing cascaded
homogeneous residual blocks was designed, and the dimensionality of the feature map for object detection
was simplified. In this architecture, the conventional convolution was replaced by the depth wise
separable convolution, and a multi-objective loss function was defined in terms of the mean square error
loss and the cross entropy loss. Secondly, the training data was obtained from the Internet by means of a
crawler program, and then labelled. The data augmentation technique was used to expand the training
data and normalize it. Thirdly, a multi-stage learning optimization approach based on stochastic gradient
descent (SGD) and adaptive moment estimation ( Adam) was proposed to train Light — YOLOv3 network.
Finally, an apple detection experiment in the complex background of fruit trees was performed on a
computer workstation and an embedded processor, respectively. The experimental results showed that the
apple detection method based on Light — YOLOv3 network improved the detection speed and accuracy
significantly, i. e. , the detection speed on the computer workstation and the embedded processor can
reach 116.96 £/s, 7.59 {/s, F1 value can reach 94.57% , and the mean average precision (mAP) can
reach 94. 69% .
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Tab.3 Comparison of network model weight

] £ A B S A BT
[f#] 24 e 4=
ZH/MB (FLOPs)
YOLOv3 234.0 6. 15 x 107 3.28 x 10"
Light — YOLOv3 87.1 2.27 x 107 1.52 x 10"

H1 % 3 A 1, Light — YOLOv3 P £ A [t T
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Tab.4 Comparison of detection time on workstation

W% BgE, BT PR AR
; i 6] /ms 5} E]/ms (f-s‘l )
YOLOv3 1711 19 416. 17 11.35 88. 11

Light — YOLOv3 1711 14 636.91 8.55 116. 96
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Tab.5 Comparison of network performance on

workstation %
%) 2% F1 {8 mAP (R S 1
YOLOv3 91.56 92.76 89. 16 94.10

Light — YOLOv3 94.57 94. 69 93. 64 95.51
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Fig. 10  Comparison of network detection effect
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Tab.6 Comparison of detection time of embedded system

FUGEy  BRES PRI R

(c)

) £ - X N
[ [8]/ms BfE/ms  (fes7")
YOLOv3 1711 319207. 88 186. 56 5.36
Light — YOLOv3 1711  225286.53 131. 67 7.59

¢ 6 Al 1, Light — YOLOvV3 [ 48 75 1 A 2T
KR _FAB AT s B RO YR IS ] 2 131. 67 ms,
HIEL YOLOV3 W45k 2> T 29. 42% |, 78 i A XTI
KB b K I B AT DL Gk B 7,59 f/s, AT
41.60% .
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