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Coffee bean defect detection based on improved MobileNet

YE Jianhua, TANG Hui, LUO Fenxiang, XU Huan, XU Shuailong
(School of Mechanical and Automotive Engineering, Fujian University of Technology, Fuzhou 350118, China)

Abstract: A coffee bean defect detection method based on improved MobileNet was proposed aiming at the
problems of low robustness and poor real-time performance of existing coffee bean defect detection methods. A
lightweight detection network based on MobileNet was constructed. A coffee bean data set with five defect types
was constructed. The parameter numbers of the model were reduced by optimizing and adjusting its convolution
channel number and convolution module. Therefore, it can match the classification task and meet the deploy-
ment requirements of edge devices. Mish activation function and adaptive adjustment method of learning rate
was applied to improve the convergence performance of the model. Transfer learning was used to optimize the
model parameters and further improve the model accuracy. Experiment results show that the average accuracy
of the improved model on the self-built dataset was 96.13% , which was 2.96% higher than the 93.17% of the
original model. The model parameters were reduced from 3.21x10° to 0.15x10°, which was less than 5% of
the original model. The accuracy of the improved model was 0.65%, 1.39%, 2.39% and 2.96% higher than
that of VGG16_bn, ResNet50, SqueezeNet and MobileNet, respectively. While improving the accuracy, this
method also has the best performance in terms of parameters, memory usage and floating-point operations.
Therefore, it can provide a reference for the defect detection of related agricultural products.
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Tab.1 Coffee bean defect detection data set
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Fig.2 MobileNet network structure

D.xD.xM

DyxD x1)xN

1 x 178 5B =
=
F
(Ix1xM)xN DyxD,xN

B3 REWSESREE

Fig.3 Principle of deep separable convolution

TREE R 43 5 4 BV br v 5 R T35 3 6 L
LU
P, DIDiM+DIMN 1 1
T T e (2)
P,  D{D.MN N D;
X, Dy S AFFIEEIR /N Dy R 4 B ]
WK INs M R FUR GE 8 N o R AE B 38 18 50 P,
HRE ] BRI R R P, RS RUT R A,
M (2) ATE Y TR EE AT 73 B B AR5 B

b 5B R R NI B AR R T B0 G FE B TR
BRI 3x3 I R RS AT 179,
2.2 #HEfGA

UREE 2% 2]t T8 R A RFAE S BRE 1912
I FH 45 P o3 2808 B v R IAT 55, Tl i
BRBARTIAT 55 AEAE T S —  RHER B — R
FEURI 22 (00 285 55 R U S5 3 1) 43 8RS, X T 45 24
F AT R — i B AR AL T 3, e X 4%



260 g TR

i #21 %

HRATE R I HL 1B AL A ) 4 25 4 Stk 25 19
REAY A Z ELA T 5 A SRR IR i AR AT 55 (79 55t
B— RRIEI] ) AR ROCR A B A, A
SCRE 28 D0 18 H UBCTE 3 RO A T BRI 284 1)
JE4A I
2.2.1 WEHRE L

MobileNet & T % &1L W 4%, 1% ImageNet[ 10]
1 topl HERRFRIL ] 70.6% , A U 43 2T 55
XEE 6 /NTF ImageNet , Ry i b 75 iz B PERE 32 FR 1)
NGRS B 2R A SO i — 2D 1 R 4
23 (8], AUASR Y 47 D7 AT T B A A g 22 1)
HE RN BR B RUZ PR, AR s )2
R TERRE A A DR 4 DU 53 22— T RS A ) e fe —
MERUZ AT 405 0 28 25 ansk 2 e
7, Horp dw B R IE R o BB,

x2 EHEREHIMKEN

Tab.2 Compressed network structure
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Tab.3 Ablation experimental results
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Tab.4 Confusion matrix results
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Tab.5 Accuracy rate, recall rate, F, value and

accuracy rate of each category
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