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Image Classification Network of Gating Mechanism

JIANG Wen-tao, GAO Yuan', YUAN Heng, LIU Wan-jun
(School of Software, Liaoning Technical University, Huludao, Liaoning 125105, China)

Abstract: To extract more expressive and discriminative key features, reduce the loss of key features during network
transmission, and improve the image classification ability of neural networks, a new image classification network of gating
mechanism (GMNet) is proposed. Firstly, the shallow features are extracted using gated convolution, and the convolution
operation is selectively performed through the gating mechanism to improve the network’ s ability to extract key features of
the original image. Secondly, an interpolation gated convolution (IGC) module is designed, which combines Lanczos inter-
polation with gated convolution to enhance shallow features while extracting more discriminative features, improving the
non-linear expression ability of features. Then, a large kernel gated attention mechanism (LGAM) module is designed,
which combines large kernel attention with gated convolution to achieve selective enhancement and fusion of features, and
improve the contribution of key region features. Finally, the large kernel gated attention mechanism module is embedded in-
to the residual branch to enable the model to learn input data’ s features and contextual information more effectively, reduce
the loss of key features during network information transmission, and improve the network’ s classification ability. The
method achieved classification accuracy of 97.05%, 83.68%, 97.68%, 90.60%, and 83.05% on image datasets CIFAR-10,
CIFAR-100, SVHN, Imagenette, and Imagewoof, respectively, and improved on average by 3.26%, 7.08%, 3.44%, 2.65%,
and 5.02% compared to current advanced methods. Compared with existing mainstream network models, the gated mecha-
nism image classification network proposed in this paper can enhance the non-linear expression ability of features, extract

more expressive and discriminative vital features, the loss of key features, improve the contribution of key region features,
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and effectively improve the image classification ability of neural networks.
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i &1L A, HE B Oy 28T 7R £ 4 CIFAR-10,
CIFAR-100 .SVHN .Imagenette . Imagewoof [ 735U T
97.05% . 83.68% . 97.68% . 90.60% . 83.05% 1) 43 35 i i
R OWE T A A T R, 1 DW D Conv Hif 7 77
FINAT)Z DW_G_Conv B P 4% (1) 43 S350 R B fE , Ak 22
HA DW_G_Conv B JZ 500 BE & S 28U AL T8 4%, A
M B UG G, BRI TR 1) AL g

4.2.2 LGAM H%EFR# R ~F X GMNet 58 I 220D

DW_D_Conv & U R HE T LCAM X} EHR A% 0
H s iR AERE T, L, 4302k H 5 R [ R/ RSE Y
BRI S HUN R 2 s, o3l 1e 5 AN B g it
ATERE, SEm A5 AN E 12 Pk .

#2 ARERTEIDW_D_Conv B 2 px
Method Kernel size Padding Dilation
G, 3x3 2 2
G, 5%5 6 3
G, 7x7 9 3
G, 9x9 12 4
G, 11x11 15 4

i & 12 7T 51, DW_D_Conv A3 RS i Kl /h
FR x5 ) ) 2 B R UG A O B AR R R RE T, 4K
K/ANHK G I, GMNet 75 5 a4 Tl S8 me .
4.2.3 BELGAMEEHMAMAESHEX GM-

Net 1% 88 I 2

AL ResNet-34 Jy 3&4ilh, [ 4% 31434 41> Layer
T3, 7E 4 Layer #43 Z [R5 3 A58 25 i A B (faf i
A R-Block ) , R-Block B ¥ 31 H B9 2 it 1t VR 52 it 28 ) 2%
YN R Hp A 0 B 31 O N /s A ) 3t . 3@ a5 A 5%
2 W AU G AR5 SN AR e , AT LAE IR 2R M 4%
I B AR AE .
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H TRk 22 i 4 A P TR = O PLA, AT RE S TR
ok 2 3 v A0 4 B 22 0 SRR A L O T D SRR R AR
T, 2 2 R BT S A% 0 H AR A SR EEBE T, AR SCHE A%
PP AR A RS LGAM [ 5% 22 8 (fai id A L-Block ).

h T GRS LGAM 5% 22 B A B A7 5 50 X GM-
Net P BE AR 0, A SCBETE 8 R HESN 24 7 20, an &l 13
JiR .

{#X A L-Block 1 8 F41 & 7 =UHE 5B 4 1% 43
HUER RN E 14 FTR

B AT, 4l A U HO7E B 4 CIFAR-10,
CIFAR-100.SVHN .Imagenette . Imagewoof [ 45 H(f5 T
97.05% . 83.68% . 97.68% . 90.60% . 83.05% (1) 4325 i i
R G T 0. B, 7 3 sk 2 i E AL ik
A 34> L-Block I 45 1943 25880 R Fre

g i — 2 SRl A LGAM 5% 25 He X B 8 55 2 B 11
S, SR 3 BN, A3l B I AE 5 A B 4 B LGAM 5%
2= B 2 I 2R ik [a] i sZ . L 2% R R R
ResNet-34, % 4% L iy 16 3 4> 5% 22 3% 45 4b 2 A fil &
LGAM 5% 22 M 4% .

A4 MR I A, BAREM 4 5] A LGAM
SN —E TS AR I A S PR RR I AR T R
Tk SLE AR, B DL FE M 48 R 5] A LGAM & —Ff
AR, R AT R = 4 AR

A S S S S S
Bl EcaElED
* EnEn *
O EaEaEesEaEaEa
B B0 B 0 B ) Be) B
a3 E3E3
OO cacacOCcaEn

v v v v v v v v

& 13 #% A L-Block i 8 FhZH & 757 =

4.2.4 IGCH Lanczos fi{EXt GMNet £ 8E B 72T
1GC. 38 o 47 {45 VAR WO R IR B S b {1 R AR
P20 5 FURFAE , P45 5 1) 42 45 AR IO L DX 00 J3 Y 4
fiE, 48 B R E A AR L R IR BE T, S BRI (1934 J5 A
g . I IGC A Lanczos Jfi B 1 scale_factor /N B35
M) P 5% %) 20095 FARFAIE . AR SO S R/l 1.2.3 1
scale_factor X 5 4 B2 pE A7 2086 , Ho |, scale_factor
1B, TIGC B A ] Lanczos ff (B % BIAZ #E 47 50KR
HHEAT TR T TR G R AT RRE 4 B scale_factor 2 2
3B, IGC # B F Lanczos 7 {5 % B 3E 47 5K IR

Ry 245 345 . LA R AR 4 PR
M40 WL, 5 ARSI scale_factor K/N R 2 st
BUAS T Fe A8 , 4k E21E K scale_factor 1] fE2: S B AL
T 4%, W A S B R A2 AL fig
4.2.5 HEITESERZRT k3 GMNet 1488 f950
) £ i A JZ2 R LA R AT FE] L 42 52 i) ) 45 A Y 1) 3
FKRE ST . A BIE K /N R 3x35%5 . 7X7,9%9
LIX11 B9 BRI XS 5 S Bs 4R 1047 52 50, HLh CIFAR-
10, CIFAR-100,SVHN %4 42 £h 32x32 FMZR 2 1L, 1y B
JJ:JE!IQ @fgﬁfﬁ?ﬁ?ﬁ% s ﬂﬂﬂ %E‘iﬁ/ﬂ’fﬁ% 5 1] Imagenette N
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14 itk A L-Block [ 8 Bl & J7 2% 4 Z i 22 1 5 1)

Imagewoof B4 5 i 224x224 FR 40 1%, i T RS N~
1t K, R TXT 9%9  11x11 138 TR R AT 5256, OF
=] 2 R R R R o AN S 8 N LK e = = I E
A B RS o3 S HERA R A 52 T G ] 15 T

F T 15 AT, 43 2 A 8 0 oK Bl 45 B RS (1 3
KT, 78 BRI /IN A 32x32 iedli A v RS 2R 3x3 1Y
R L AR A BRIy 224x224 34 4 vh
N PRI E S350 s ey & S R Ly N = I = E
BB R IE AR RE I 5 0] JE R MG O R RRAIE A B2 L
1, B2 IR AR B ICRE 055 A B S, DT 3 5 )
LAY S ISR R TR
4.3 XtEbCLE

7 55 IE GMNet 19 56 i ¥4 , 7E CIFAR-10. CIFAR-
100, SVHN ., Imagenette . Imagewoof BARE T IE

Imagenette  Imagewoof

[-m—CIFAR-10 ——CIFAR-100 —A—SVHN —y—Imagenettc —9—Imagewoof|
100

97.68 97.35 97.33
96.5 ;
sl o7 oo %4: 96.03
95.57 9233
90.6
or %7164
" :
% = Eg 82.51 83.05
@ 8ot
&
75 b
70 F
65 1 1 1 1 1
3 5 7 9 11
B px
E15 BRSBTS 2 A5
S
XA EIT U : ResNet-34"% | Efficient-Nets ',
GhostNet'" s CAPR-DenseNet!® s Multi-ResNet™” s

WideResnet-28-10"", CouplformerL16J , FAVOR+ (Fast At-
tention via Positive Orthogonal Random Features Ap-
proach)'™’, MMA-CCT-7/3%2""),DAMSNet" ',

ARSI 3 AR A0 LSRR AR YR AN

(D) ARIF WY ACRB AL e 2R FXE LE 19 28 %o 7 3 SC
AP

(2) 18 SR BERY T IR S 2L

P AE 5 A B 4R 1 0 4 2R MR AT Lk 5
IR, e AR R R U fE . di3R S AT, GMNet
TE 5 AR L7 SRR R b

3 LGAM X P 4 | 25 B 18] £ =4 01 LEDAR
HEYIZRRT R
K% BEFEUIZRINT A)
CIFAR-10 CIFAR-100 SVHN Imagenette Tmagewoof
Ry 38 38 55 26 25
Ly 49 49 71 32 31
&4 scale_factor K/NIF 9 K AR EIT PN %
SRR 2R
Scale factor
- CIFAR-10 CIFAR-100 SVHN Imagenette Imagewoof
1 96.50 81.29 97.40 88.69 80.55
2 97.05 83.68 97.68 90.60 83.05
3 96.89 83.47 97.43 90.32 81.98

hp it — 25 B GMNet 1A 2L , ResNet-34 F1 GM-
Net 7E 32x32 Bl 4 CIFAR-10 F1224x224 545 5 Image-
woof I I 43 JE IR VA B 41 181 16 F s, R 3 1 i
AT ET SR AEAS SR . 5 ResNet-34 4
It GMNet 7E CIFAR-10 . Imagewoof 50445 A5 6 £ 19 1F
i REAKICR, DA /D B R IR FE AR, IR I GMNet H

A ORI X RS R BRI 2ERE T
4.4 HRERKIE

h T BEAR SR 28 A H AT 850 7 CIFAR-10,
CIFAR-100 .SVHN Imagenette . Imagewoof £{ 4545 - 1E47
TH Rl S5

FE AN 125 : Net, 78 1E GMNet Hh L4558 2553 3 rp
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x5 EMBESNHIEE LS ERE AN : %
S CIFAR-10 CIFAR-100 SVHN Imagenette ITmagewoof
ResNet-34 88.09 71.41 91.51 87.66 77.96
EfficientNets 94.01 75.96 93.32 88.01 77.93
GhostNet 94.92 77.15 93.86 87.83 78.22
CAPR-DenseNet 94.24 78.84 94.95 87.72 77.91
Multi-ResNet 94.65 78.68 — — —
WideResnet-28-10 95.83 79.50 95.21 88.34 78.71
Couplformer 93.54 73.92 94.26 87.91 77.89
FAVOR+ 91.42 72.56 93.21 88.16 77.57
MMA-CCT-7/3x2 94.74 77.50 — — —
DAMSNet 96.51 80.50 97.60 — —
GMNet 97.05 83.68 97.68 90.60 83.05
plane 9 2 16 plane i3 5 T
car 303 10 4 55 ar 0 0 0 4 17 w00
bird % 10 5 2 bird 25 5 0
aat 216 5 6 - aat 9 6 4 0 o
s deer 313 0 0 s dear B 2 5 i
CIFAR-10 B . a0 3 . I 0
" frog 23 i frog 2 B 0
horse 5 horse 4 1
200 200
ship 3 ship 0 7
truck 3 truck [
= = g 0 — = . 0
Q\°“ & V\& & ¢ v @@4 8 @?f & AR \é"" S @g*
TR bR
Aussie 18 6 24 7 5 Aussie
Border - 4 132 1 16 &3 Border 1 350
Samoyed 4 OB SRR3R 300 Samoyed 4 300
Beagle 283 BT O/ IS 250 Beagle - Ge
‘tﬂ S-Tzu 14 14 10 8 3 o \{i S-Tzu 4 -
X Efoxhound {12 7 4 7 3 _ X E-foxhound {
Imagewoof H Reridgeback | 8 31 13 1 150 = R ridgeback | 150
Dingo421 3 1 100 Dingo 100
G-retriever{ 18 2 5 50 G-retriever 4 50
E-sheepdog{ 7 22 20 " E-sheepdog 4 0
NS D >
?‘é’v@&%@s"d‘@’%é\w.@?&:f :
‘o'\ Q-"\
TR TR
(a) ResNet (b) GMNet
16 ResNet-34 1 GMNet 75 2 EUHi 42 L (1R V3 S B
R6 GMNet HIHBEIRER AL %
i Syt
) CIFAR-10 CIFAR-100 SVHN Imagenette Imagewoof
GMNet 97.05 83.68 97.68 90.60 83.05
Net, 96.18 81.82 96.92 89.21 80.81
Net, 94.48 79.42 95.82 88.17 78.67
Net, 90.86 77.34 94.80
- 87.66 77.96
Net, 88.09 71.41 91.51

i IR LGAM, Net, £ /R 7E GMNet H1 L 1GC, Net, £ /R 7E
GMNet UKL 1 )28 FECH T 5B, Net, RORTE
GMNet FPAME AR 12558 B B RT . & M2 HLAARTH

AlSC R A5 R AR 6 IR . Rvh AR RN T .
HT P 17 TR, 23 2R 5 s BIRAK U GMNet
Net, . Net, Net,, Net,, M\ T 5 JiF 75 5% 22 73 3 o fdf 1]
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(d) Imagenette
17

LGAM, W] LUAT R0 S BRI A9 298 7 P 33 o R 2 26 2
B, B R DG DXIRRRAIE Y DT R, D820 DG B AIE A I 285
15 B AL R 2 . R 1GC ] LA Ak 12 J2 A0 1) [ i
PEEUE FLIX 43 B B4R AE , $2 m AR A A L v ek
SEPLRFAE )0 S AIE G OREES 1 )2 S RO T
& RURENS A AR w5 I 45 X6t I 4 PR S SRR A A $E B
B EB B RT, ie A RO D RS R
TS | IR T 20 35 ) G BRI

(a) scale_factor 7 1 i i A 4RAE &

BRI
(b) CIFAR-100

0 50 200 0 50 0 % 200
AR E R
(c) SVHN

100

S %
3 £
T

I UL 2%

20

. .
0 50 100 150 200
R B

(e) Tmagewoof

5 WZTE S HRAE A S R

S SR K E 2 S RO TR B BT B L
B R SE, R IGC LA A 5% 22 43 32 v 4di i LGAM
B, X4 PR BEAS 21— 2 A 2Tt
4.5 TSR
4.5.1 IGCH#U Lo

Ry i — 20 WS 1GC AL B BR RG240 715 FARRAIE (1)
SR, A3 R/ TR 2 /Y scale factor X MG AT
FRAEFEE . HARAE A& 18 iR

) scale_factor A7 2 Iy H3 A 4341E 5]

18 PHFD scale_factor iy H ARFAE R

i & 18 ] DAWEE E] , F F Lanczos T EDBFRFAE i

R, HEE T S B TRAE SRR, REAE AR5 N A S
HECE B R R B B Bk SRIBOE HL X 7
FRFAIE

4.5.2 LGAM AT#4L 547
R — W5 LGAM A 3C7: 2 AL A R | i
BRI AU AT XF EE 43 B 2 FCA (Frequency

Channel Attention )"’ , CA (Coordinate Attention ) , SA
(Split Attention ) ,VA(Visual Attention ).

F B IIHLHIFE CIFAR-10  Imagewoof ZX 445 [ (7]
PACEIGR Q& 19 Bz, Herbi 3 sk DRk H 32x32 8l e
CIFAR-10, J& =3k F 2K F 224x224 B4l 4 Imagewoof.

i1 19 7] LAULEE B 7 CIFAR-10 ¥ ¥ 4 |, B4R
LGAM I ST X sl )N, fH 3 55 07 43 A1 4 A h e IR
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