202246 J &k HLodk 2= i 5553 % 4 6

doi:10.6041/j. issn. 1000-1298.2022. 06. 032
ETHSIENNFNERAMI KT IE

Ko& OETET HaAe
(L R T AL A FR% 2 B, TR 300387 2, KO Tl kot K WHHR 5 R4 T 5 0% , T8 300387
3.l T 55 T BB, KT 300387, 4 KT A% HLAL TR B , KT 300387)

FE : AR R 2 AR AR AR B R B A% 25 53, O T 7 1k AR 0 1) 5 B o 7 b IR S SR o o 43 0K 2 7 AR 2 0%
kAR T — B0 TRl R I HLE R B SRR 4y 28T EBm — Net (AR ISR ), %0 L o Al 5E 1A
TF R ) 3 3 0 AL 30 40 S I T 3 SR 3 T A R R A B AR A AR 5 SRR AR, DT 3 — 20 1 S R 2R B 2 ) Y
BRAFBE RS . I, AR AR B A 2K BIE R G531 18 2 7 iE Ml 7 EBm — Net 232 R 8 A 028 ik A &te . S 4%
RFRW, EBm — Net W25 BERIAE 21 + a8 4 . F ok /D B &l MU0 55 3 Bk b 4 28 E AR R 5 0 R
96.25% 96.25% 100% .92.50% 98.75% 100% 1 93.75% ,7 F 3 5 25 A1 {1y 24 1R 43 2 v 1 2R 15 31K 96. 78% .,
W 4 B0 PR 55 TR B 2 2 A 2 5 W 30 L 5 R E AT 43 28 R PR O AT AT Y, g 3 SR R 0 S RS I R R T — R 1
ko

SR R, WEE A TEIE LB % B R S 5 R G SR ;%;?%@a

FENES: S661.1 X ERERIRAD: A XEHE: 1000-1298(2022)06-0304-07 OSID . ﬁfé’t

Apple Variety Classification Method Based on Fusion Attention Mechanism
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Abstract; Each apple is unique but can be classified into an “apple type” via features such as color,
contour, texture, and other physical characteristics. Many apple growers classify apple types manually,
often at great expense due to misclassification errors, low efficiency, inconsistent results, and high labor
costs. Therefore, a real-time apple type detection and classification system is needed to prevent these
complications, which typically happen in the period between sourcing and sales. To automate apple type
classification, EBm — Net, an automatic identification and classification model was proposed based on a
dual-branch structure network. The model fully extracted the contour, color, and texture characteristics
of an apple’ s surface by fusing channel attention and spatial attention mechanisms; this was done to
further increase the feature difference between apple types by using a distance metric. The effectiveness
of the EBm — Net apple type classification method was validated by analyzing its feature map and category
probability statistics map. Experimental results showed that the classification accuracy of the EBm — Net
model applied to Red Fuji, Jonagold, Qin Guan, Xiao Guoguang, Golden Crown, Granny Smith, and
Gala apples was 96.25% , 96.25% , 100% , 92.50% , 98.75% , 100% and 93.75% , respectively;
the overall classification accuracy of the seven apple types was as high as 96. 78% . Therefore, it was
feasible to use visual images combined with deep learning to classify and recognize apple type, which
provided a method for real-time autonomous apple type classification.
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EBm — Net( AR H k) 96.78 96. 25 96. 25 100 92.50 98.75 100 93.75
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Tab.4 Comparison of classification accuracy of different convolutional neural network models %

R JEYi AN R Tr 94 Z#5 NEDE Bl WY T
LeNet —5 67.50 78.75 57.50 93.75 82.50 37.50 65. 00 57.50
AlexNet 68. 21 81.25 60. 00 98.75 86. 25 22.50 70. 00 58.75
SqueezeNet 93.39 92.50 95. 00 98.75 91.25 91.25 100 85. 00
VGG 89. 64 92.50 90. 00 96. 25 88.75 73.75 97.50 88.75
GoogleNet 94. 64 95. 00 95. 00 98.75 90. 00 90. 00 100 93.75
MobileNet 93.39 96. 25 92.50 100 88.75 85. 00 98.75 92.50
ShuffleNet!??! 90. 18 73.75 96. 25 95. 00 92.50 90. 00 100 83.75
EfficientNet 2! 93.21 95. 00 93.75 98.75 87.50 91.25 100 86. 25
DenseNet 95. 00 96. 25 96. 25 100 90. 00 91.25 98.75 92.50
EBm — Net( A~ 3CJ7 ) 96.78 96. 25 96. 25 100 92.50 98.75 100 93.75
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Tab.5 Comparison of different classification methods
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Z LR R IE 45 & K IRl AR R g s ) 8 NN A = e 96. 00
Ot AR AR T amt B 96. 67
N F2 M AT SVM 374 i FE ALY AN e e SN R 90. 00
M sk LeNet — 5017 FAN S AT ! 93.70
fil A v B 1 M 4% (EBm — Net) g g Rk NEDE S RN 96.78
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