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Algorithm on Mushroom Image Classification Based on CA-EfficientNetV2
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FEducation, School of Information Science and Engineering, Wuhan University of Science and Technology,
Wuhan 430081, Hubei, China

Abstract In view of the low efficiency and poor effect of the traditional mushroom feature extraction method, a lightweight
mushroom image classification model is proposed. In view of the small dataset used in the experiment, this classification
model initializes the EfficientNetV2 model and modifies the full connection layer in the migration study based on the Imagenet
dataset. At the same time, in order to reduce the parameter influence in the network, the original EfficientNetV2 model is
streamlined to remove duplicate modules in the network. Finally, the squeeze-and-excitation mechanism in the original
MBConv module is replaced with the coordinate attention (CA) attention mechanism with better feature extraction effect, and
the new CA-EfficientNetV2 network is obtained. The experimental results show that compared with the classical ResNet50
model and RegNet, the classification accuracy of the proposed EfficientNetV 2 is improved by about 10 percentage points and
2 percentage points respectively, and higher generalization performance is obtained; compared with the original
EfficientNetV2, the classification accuracy is improved by 3 percentage points. That is, CA-EfficientNetV2 has higher
accuracy and classification performance in mushroom classification.

Key words image processing; lightweight; EfficientNetV2; coordinate attention; generalization performance; classification

performance

1 | . aircrafts 2¢  dogs 28 45 ) ¥k 17 5 i 40 2 i 1 268 4
g H Bt AT A 3% K A 4R 5 6 £ T R A B SR s
Bl R E 2 2 (AN & R R KB R RE IR E, AE L TR EH, ZE b T8 e
W2 AT TR, AN A BRE s 4y b B iy M e 2e . S eE et 4k LB s F 12 R
XGRS B W B L BN S . AR 5F, AATTRT B A A ke i T A AT O X R g ) o
A 28w 6 T8 T IR — 3 Atk 28 ) 4 8 (4 birds 26 MiRH KBS RRELR,

Wis HES: 2021-09-17; f&E EHHF. 2021-10-08; FHAHEE. 2021-10-25
BEE£WMB. EZEE S LZITRIEBIEH(2017YFC0805100)
BIS1E#& . yangxianzhao@wust. edu. cn

2410005-1


https://dx.doi.org/10.3788/LOP202259.2410005
mailto:E-mail:yangxianzhao@wust.edu.cn
mailto:E-mail:yangxianzhao@wust.edu.cn

$£59% F£248/2022 F 12 B/HXEXBETFEHE

B T A2t 25 (R AT H 38 i A FR 4% 1k X 2% RE 7 A
PG A T T T el A TR S B RO T B A s
B 52 B 5 2] U AL . Google HBA G )5 42
H MobileNetV 1™l MobileNetV 2" . §ij #& F ¥ & o] 43
% % B (depthwise separable convolution) 5 18 ¥ il %
L FERT R /D SR B S LT, dz BR o B AT 2R Ry i
Tt 5 TR A EE AL R H 8] 3% 2% 45 # (inverted
residual block) , R 78 5% 22 Z5 #4 vh Se 74 | )5 R4, i 15
PR N B T ME M R . Zhang FURE T
ShuffleNet #1218 B3 o A 77 T 6L 25 7 73 55 4E ]
) 38 T FA) RGBT 0 AR IR T R fi e 28 45 R 5 | e i 15 8 Ui
AN e B, > TR SRR, LT RET
selective kernel networks (SKNet) , i% M £ 7F 45 )~ SK
H5E B A O AN [] 1 J 52 BT 3 B A ) RUST 1 4 R, DA
Fili 42 2 KNS F) H AR IR B R AR o Xie ST
ResNext, i M 45 F 4> 41 % BUR B ResNet 5% 22 Hu7 iy
&R B> T S50, & TR R T
SR M A . Han %5 $2 T GhostNet, i% M £ {i B %
KA PR BB 5 A A R R YRR B, 2 5 X =R AT
A5 B SRR BR 2 M A e B R AR B S Y B SRR AR
Bl o ik By A 5 Y R AR R TORS R AR
Pk Tan 448 1 T EfficientNetV1, % W 48 % H fif 5
B R (NAS) F AR R Ry A BR o e W 2% %
BE NG A SEE SN A B E . % R ACNet 4
T Ae s — b 5 ) X T T D TR 3 e R 2 R 2
RS e = Y == | W E I B2 R S (1K = S W 1 2
SO 7 A R I 4% T O [R) Y R A X, DL S B
TP PERE . PRIER AR I T 4 2 LR 1 bk 9 2%
S PRI 2%, i R — b S A R Y g3 )2 OB 1 itk
R S R URE =W N SRR L 1Y A L el T e

BN BN

58 G 3 X AR ORI SRR . i AR 0 AL
2R 7 1 AR ResNet50 9 4% i 1< 1 4 B B
FEAE A ) B R AT PR B R B LT =
WU TR A5 38 5 A5 e 1 o L OIS T R A I RICR .

Ph b 2% BARTE S A AR R AN, (H R B AR
FER BRI 5 B T I i o SEBR AR 7 A 0 oh A7 A
e BT /N B S AT e RS L L X B I 4%
SR 15 R M 45O BE e o U sl A . AR SO
i F A B B2 35 /0N, R s/ D a LA SR B 2 L T
— b 2k ¥E i) CA-EfficientNetV2, 2% ] EfficientNetV2'™
A o Ao E 4 BRI 4% 3 38 o 4l 38 o %) O vk L W B B R
YL 2 M. BE, X8R 3 17 8 7 F H
coordinate attention (CA) V& = 71 #L #'"™ & %
EfficientNetV2 (1 £ 3l {8] & )i # (MBConv) 45 14 th
i) squeeze-and-excitation (SE) & R )5,
SR F e i g ik I 25 o A s B 4 AT SR

2 EEA)R

2.1 EfficientNetV2 & #!

EfficientNetV 2 J& 7 EfficientNetV 1 14 il I k47
ok Y, 32 B A X EfficientNetV1 )2 B 4% MBConv
I CE D) Al IR B (DW) 5 15 350E B H 318 X
— 35 . EfficientNetV2 7 ¥ JZ2 W %% 5] #F Fused-
MBConv & e , Bl i % B9 MBConv 45 #) 3= 43 32 &
IX 10 T2 45 BUR 3 X3 19 DW 45 B R 4 il — 1> 3 38
B 3X 3B R, SR 5 FH NAS £ AR 2538 R W 45 4 1)
BAEAS PR S M s A, i E 2 R . WE A
R IX B4R - EfficientNetV2 i il T Fused-MBConv Al
MBConv ) 41 & ; EfficientNetV2 fff H % /N 1)
expansion ratio 2 Ji /b PN F£ Vi [n] HF 45 ; EfficientNetV2

1x1,s1 3x3,51/s2

depthwise conv SE

IH expand conv |SILU SiLU

|| project conv @. Dropout
1x1, sl

X1 MBConv
Fig. 1 MBConv module

3x3,s1/s2

BN

Dropout Hl

expansion is 1

[ u project conv SiLU

BN
SiLU| i BN
e);pxa;;iisznv prOJIEXCIt Sm" Dropout [
expansion isn’t 1 ’ '

&2 Fused-MBConv # 3
Fig. 2 Fused-MBConv module

2410005-2



00 ] il FHHE /N (3X3) & B, 75 2 )2 HE B ok
W AZ B 3 B T EfficientNetV1 ddg fg — A4 4 1
1) Stage, BN 4 & B Z B8R i 2 01 B N A7 U5 8] T 4
K

EfficientNetV2-S £5 ¥4 40 % 1 if /R . Layers & /R
Operator H (A5 He 5 & HE & 09 B, Channels b 28 3
% Stage T A7 Layers W (1) Operator J& JT iy H (19 45 AF 45
P4 119 38 38 48 . Operator S 7 1% Stage H (i F (9 155 8 45
4 Fo ) Conv3 X 3 7R 33X 3 1Y 4 BN SILU i
PR ECFI L B E 4L (BN) ; Fused-MBConv #il MBConv Ji7
AT R A8 B0 2R 8 A5 R R F e, B 4 A4 10 4 B B 3
BHY At k3IX3RREBHEZE KN R IX3, HA
expansion ratio N A 1 B} A" A expand conv i Bt
SEO. 25 R/nffi T SE fk Hiz i b i 140> 2 ik 8
JZ BT S A BOE B A 1% MBConv 55 He 488 1iF 55 B4 3 E
) 1/4, Stride /R LB, 78 5 1> Stage T & 2 IR
2 M & Operator P I BIHL | Stride — M BRIA 0 1, 17X
H % 14 Operator 5 e 1y 25 B & ™ 4% 4K B8 R 4%
Stride W& (1 . FEE A1 2, 2425 K 1 H A b
Channels tH 55 B A4 shortcut %z, 247H shortcut % 2
Bf 4 45 Dropout J2& , i H X B ) Dropout J2 J&
Stochastic Depth, Bl 25 Fifi #1 % 5 % 4> block B & 4 £
(R PFER 53 3, A0 T Bk 73X block) , il 2>
T EEIE . EfficientNetV2-S £ 84~ Stage.

Z 1 EfficientNetV2-S g5
Table 1 EfficientNetV2-S structure table

$£59% F£248/2022 F 12 B/HEXBETFEHE

Stage Operator Stride Channels Layers
0 Conv3 X3 2 24 1
1 Fused-MBConvl, k3X 3 1 24 2
2 Fused-MBConv4, k3 X3 2 48 4
3 Fused-MBConv4, k3X3 2 64 4
4 MBConv4, k3X 3, SE0. 25 2 128 6
5 MBConv6, k3X 3, SE0. 25 1 160 9
6 MBConv6, k3X 3, SE0. 25 2 272 15
7 Convl X 1&Pooling&FC 1792 1
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Fig. 3 CA module flowchart
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Fig. 6 Data enhancement results. (a) Original picture; (b) random

resize; (¢) padding; (d) random rotation; (e) color jitter;

(f) random crop
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Table 2 Experimental parameter settings

Experimental parameter Scene setting

Activation function SiLLU/Sigmoid

Learning initial rate 0.01
Learning decayl rate 0.01
Drop _connect_rate 0.2

Loss function Cross entropy

Momentum 0.9
Weight _decay 1x107*
Optimization SGD
Batch size 32
Number of iterations 150
Dropout rate 0.2

Activation function Softmax

% 29 %) Drop_connect _rate & 78 MBConv 45 ¥ i
Dropout J2 {8 /] % B AL % 38 %, 1 Dropout _rate iy % >
W 26 235 #) v B Ji — A 42 % 45 2 T 1Y Dropout J2 1 BEHL
KGR, Bt )5 1Y EfficientNetV2 45 # 2 $c i 4% 3
PR o

%3 WA B EfficientNetV 2 # B 45 1 25

Table 3  Structural parameters of improved EfficientNetV2
model
Stage Kernel size /pooling size Output
Input 224X 224X 3
Conv 3X3 112X 112X 24
Fused-MBConv 3X3 112X 112X 24
Fused-MBConv 3X3 56X 56 X 48
Fused-MBConv 3X3 28X 28X 64
MBConv 3X3 14X 14X 128
MBConv 3X3 14X14 X160
MBConv 3X3 TXTX272
Ave-pooling 3X3 TXTX272
Softmax 1X1 1X1X9
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ME AT LLE H 23X 34 M 45 78 100 4~ epoch 22 47
B TR, EfficientNet V2 i 2R T 8 5 2% ™ 4%
REAE 2 OB B, DG 7E 56 UF 45 19 7 B 2 A H T ResNet50
il RegNet 73l 48 & 1T 84N H 40 sl F 240 A 43 i 240 5
W AN AL, XL T EfficientNetV2
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Fig. 11 Comparison of image visualization results. (a) Input; (b) EfficientNetV2; (¢) CA- EfficientNetV2
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Table 4 Comparison of classification accuracy for

different models unit: %
Model Accuracy
ResNet50 86.7
RegNet 91.9
EfficientNetV2 93.8
CA-EfficientNetV2 96.8
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