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Detection of jujube defects based on the neural network with

network convolution

& 5t S

YANG Zhi-rui

ZHENG Hong GUO Zhong-yuan

R

T B AT

XU Xiao-hang

GRDUR 2L 5 B2 Be - WiE R 430072)
(School of Electronic Information, Wuhan University , Wuhan , Hubei 430072, China)

WERET—AE TR R ERAYE M % R AT
ST e 0 8 7 ik AR AlexNet B ARAY 2 W 2 49 Xk ah
XA T IX] e A E IR T M A6 3E &R
T F I FRA LR FH LAY T X FHb &
BEBYRXELHGRA SR T RN EHF, I
BRAEARFT EM, THL RS AT R EZm R SR &
A EAR FRAAELLT L AP REFTELELTEA
SVM #9435 4 M 75 ik fo & F AlexNet W % 89 5 % 7 %
. 5 KR RAFE T A AR

KEBR LR BN WP R AR E R %

Abstract: We proposed a method of defect detection for jujube
based on a neural network with network-in-network convolutional
(NIN-CNN). This method adds 1 X 1 hidden perception layer to
the original AlexNet convolution neural network; enhances the
non-linearity of the network to extract more abstract features;
and replaces the fully connected layer with the global average
pooling layer, which improves the recognition accuracy while re-
ducing a large number of parameters. In this study. Jun jujube in
Xinjiang is tested. The jujube is divided into seven categories, in-
cluding healthy jujube, black-spotted, wrinkled, overlapping,
peeling, yellow-skinned and crack. The experimental results
show that the classification effect of the proposed method is im-
proved effectively, compared with the conventional visual
detection method with SVM and the classification method with
AlexNet network.
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Table 1 The parameters of NIN-CNN network
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Figure 3 Flow chart of NIN-CNN model of learning and detection
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Figure 4 Comparison between original pictures and

picture after data augmentation
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