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Classification of peanut quality based on coordinated attention
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Abstract: Objective: This study focuses on solving the problems
of large memory consumption, low recognition accuracy and slow
recognition speed in the classification process of peanut quality.
Methods: A method for classification of peanut quality based on
deep learning and image processing was proposed. The Coordinate
Attention module was firstly introduced to encode the obtained
feature graph into a pair of direction-aware and position-sensitive
attention graph, which improved the ability to obtain the infor-
mation of the region of interest of the graph. Then, Gradient
Centralization was used to improve the optimizer. By modifying

the parameters of the last fire layer and the convolution layer. An
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improved model, CG-SqueezeNet. was applied to peanut pod

quality grading. Results: The classical convolutional network

models VGG16, AlexNet, DenseNetl21, ResNet50, Squeezenet
were improved, and five different base classifier models were
trained by transfer learning. By comparing with the classic
model, it was found that the CG-SqueezeNet model could better
learn the features of the region of interest in the image. The de-
tection accuracy of the actual peanut pod image database was
97.83% , and the parameter memory was only 2.52 MB. Conclu-
sion: The method is suitable for deployment on embedded re-
source-limited devices such as mobile terminals, which helps to
realize real-time and accurate identification of peanut pod quality.
Keywords: deep learning; quality grading; computer vision; Co-

ordinate Attention; Gradient Centralization; peanut
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Figure 1 Coordinate attention block
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SqueezeNet B H1 [ fire B IE W ZE . B H & L
— > fire BiHe H fireCA.B.C,.C,), Hh A B 25t %
squeeze JZ Y%A i B B 4L, Co L Co 48 HEE expand
B 1 X 1.3X 3 B0 E s H, 2 2
i

A2 BRASER H , He) E — Fh B 1 B ) SqueezeNet
#i# (Coordinate Attention SqueezeNet, CG-SqueezeNet) ,
HIEARM I E 3 FiR ALK 8 A Fire 2,2 M EBE,
LA EZE R 4 Atk )2 . 5 SqueezeNet £ 7 4
Lt , CG-SqueezeNet BRI A A . O 7E firel0 ZHT 51 A
Coord Att PIME 1 7 7 B B, 480 70 AT LT B 88 of 1 b 2 >
JEOLHR X I AR HE . @ W firel0 AR B PG expand 1X 1,
expand 33 ¥ FUZ 1 i 3 3 B0 CH 128, convll 2
B A 3 R s AR 256, 4, Fh Tl AR 1 U
A S SR, O o FIRE B IR SR L I 2 i
il S IR A G
3 #R5abr
3.1 BEHER

FT IR B E R K At R e S 32, TR B R &
i — 2 S R AE— R E AR Cepoch) s UL R F R 2 B R 7
e A A R IR B R ) A R E N B R B

Conv(A,B.kernel_size)) squeeze
ReLU
QHV(B,C \-kernel_size=1)
1

ReLU
'

B2 fire 34

Figure 2 Fire modular configuration

‘ expand

Conv(B,C, kernel_size=3,
padding=1)

256

384

fire10 CoordAtt9 maxpool/2

Wi 2 & # SqueezeNet 42 AL 4 ) 4 22 44
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Visualization of test set peanut pod’s feature region using Grad-CAM
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