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Dynamic mask convolution for image classification networks

JIANG Wentao', YOU Zhuocheng', ZHANG Shengchong®

(1. College of Software, Liaoning Technology University, Huludao 125105, China; 2. Science and Technology on Electro-Optical In-
formation Security Control Laboratory, Tianjin 300308, China)

Abstract: Aiming at the problems of traditional image classification methods in complex scenes, such as weak feature
adaptability, limited ability to capture multi-scale information, and insufficient ability to express detailed features, an im-
age classification network based on dynamic mask convolution is proposed. Firstly, the multi-branch mask convolution
fusion module is designed, which combines the multi-branch structure with the dynamic mask mechanism to realize the
fusion of different scale information, and dynamically selects and strengthens the key features according to the context
information of the input image, so as to improve the feature extraction ability of the network. Secondly, the adaptive en-
hancement module is introduced in the residual learning, and the feature weights are adaptively adjusted by integrating
the pixel-level and channel level attention mechanisms to accurately capture the important details in the image. Through
experiments on CIFAR-10, CIFAR-100, SVHN, Imagenette, and Imagewoof datasets, the classification accuracy of
96.85%, 82.39%, 97.88%, 93.35% and 85.93% respectively, which is significantly better than the traditional image clas-
sification methods. The network can show excellent and stable classification performance in the face of diverse image
features and complex scenes, and provides a new idea for the application of deep learning in the field of image classific-
ation.

Keywords: image classification; masking mechanism; residual networks; dynamic mask convolution; dilated convolu-

tion; attention mechanism; feature fusion; feature extraction
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PREL, A MR R A B IAEE W, FIRIR N

W,=Sigmoid(Conv1 x 1(S,))

&5, KR ENE w, 52 BUINEUS /9 RRE
S, FH e, 15 2 A0 25 (] 3 SRR AR 1A S, T 3R
RA

I8 P-4 3t A

S =S, ®W,
TE VR B JIHLEN AT LA B 35 5 R A R A
/l\ﬁﬁa‘ﬂ’@%iﬁ, i Ve <S5 {0k mE /W =
X A FRAE B S $EAT [ 35 BT i AL AR, 15 2]
BASEE 2R R G, #17 1D BREETTE
BRI IE AL, el ad Sigmoid 3G bR UK
BARGEE w E4E5) [0, 1] TG E R, AT RmR N
W, = Sigmoid(Conv1d(AAP(S)))
A Convld(-) A 1D B, f#i H Convld 1 A i

= AL G FRERAE AU RT DA 24 9 A 1 5
i, W] DU H R A T Z R E B OC R

V4l A W, T LUR IR A S 15 2 AU

A4 S PR N
S.=SeW,

308 0V B T AL AR 2R LR A

RTINS ATRIR A
Seca = Concat(S;,,,8 )

B9 82 5 W R R 38 1o 2 )2 B AL E — 2 ab
H, HWE 1x1 BB RFLE K2 GELU(Gaussian
error linear unit) 20 i, 7] &/~ K

Sy = Conv1 x 1(GELU(Conv1 X 1(Sw)))
s GELU(+) 2 GELU 3% pR%X .

&, R E A RRIEE S 5 S,

AN, 75 B B L5 Sow T RR N
Sou=S TS

TEAL LN 5% 22 145, FRIEfE B &t 2
246 BRI PR B A B S 25 37 B R, 4 R 4%
G 23 HfE DU AR B A A 5 GRR AR, R,
AE FEHE A R 5 ) 28 75 38 18 F1 25 (8] 48 B 1 i 4
TEZRIKAE ST, PRAE G AT D TE W 45 v (A 25 A% 34

2 EBREREG N

2.1 SLGEE
2.1.1 ZERHEEL LR

FEAME 58, R I CIFAR-10, CIFAR-100.,
SVHN F1 ImageNet [ ¥4 (Imagenette 1 Image-
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woof) Fi 4 L HETTIEAL, 5 AR 45 R4 (5 B
Mk 1R, FEEAEIALIEG B, S T 58 44
() Z2 A1, B Lk ABE A0 0k 400G, Ok B30 80 4 1 T A5 4l
5%, 45 AutoAugment 1 RandomErase, Auto-
Augment 38 12 58 1k 5 2 B RE K O 45 o 1) A 4
SRS NIVETIE N =S g R SRS (i
RandomErase Fifi f/L 45 B £ AR BE 8 1 5i A5 B 78 T Xof
TR 2 R BT I iy B R, 4 R A R
p R 0.5, WAL, S T s AR Ik, KRG
Trin it b 3

Table 1 Experimental datasets

®2 FREBAS

Table 2 Different mask combinations

] BRI i TR SRAFHERD
mask]1 x X x
mask2 \ X X
mask3 X \ X
mask4 X X S
mask5 \ \ X
mask6 v \/
mask7 X \ \
mask8 \ \ \

PGS PN 5715 G177 =S QR '
CIFAR-10 32%32 10 50 000 10 000
CIFAR-100  32x32 100 50 000 10 000
Imagenette  224x224 10 9469 3925
Imagewoof  224x224 10 9025 3929

SVHN 32%32 10 73257 26 032

R3 AEIEEAS M EERERSRIEXT L

Table 3 Experimental comparison of different mask com-

binations on network performance %
T CIFAR- CIFAR- SVHN Image- Image-
10 100 nette woof

212 FBIRFHEALK

AL (A EE R 484 Ubuntu 22.04, fifi
PyTorch £ R IR EE 2SI HESR, MU A PyTorch2.2.0,
GPU >~ NVIDIA RTX 4090 #1f5 60 GB N7,

A SR A3 25 MR R4 S AR P R A A 4
BRI Lo, ol DL 68 2 50008 B AR A 7R 1Y) e
MR, Hoh2% 2] % (Learning Rate) 47 0.1, HILYR K
/N (Batch Size) & 128, I 45 % (Epochs)
200 . SRHBIERN 0.9 BEZW N 51074 1)
SGD(stochastic gradient descent) fifb#% . 2% >J Kl
JE #5855 R FH Warm-up %7 >J F8 U 2k 1 - 2= )
RE 0.1, FRFE WA, KR ZLIB KFKME (Co-
sineAnnealingLR)?* Y 3% 2% 3] K | F /N 2] RIEH
A 1x107%,

22 AEFERLAE XT M L& 4 BE 7Y 52 M

ARG, SRy T RGN [R5 20 5 %) Y 2%
Sy IRPERR YR ), FH A5 45 AR AL HEAY | 38 1A
B R 2% 14 HE 05 1) AN R A& 4 i AE 2R 1 v i i
B LHEATXT IS . W T 8 AN R B HE A e
B, W 2 fron, mask]l £ mask8 X364 AP AL 1)
5. 8 MM ATE 5 DBIEAE L BoXS L 52
EIRINE 3 P, LA REMW, Bk 3 MR
LR AE T R 28 I, 0 S ME A Rk B R A fE, X
2 WIS S M FE RS AL AT DA B8 Bt T4
e 7, I BETEAS[A)JZ2 IR b A7 A R0 R AE 5 46 1
B O, e 2 S BT R Y A3 SRR R AE 2 Rl EE
£ EERmEE R EE T X — 4 ERIENA
kS

mask1 95.67 78.80 97.27 91.11 84.35
mask2 96.22 80.73 97.57 91.90 84.75
mask3 95.82 80.14 97.40 91.77 85.06
mask4 96.38 81.02 97.56 92.38 85.11
mask5 96.38 81.16 97.41 92.08 85.14
mask6 96.51 81.42 97.63 92.59 85.88
mask7 96.64 82.24 97.80 92.92 85.37
mask8 96.85 82.39 97.88 93.35 85.93

E: LA B R A

2.3 AE AR E X W 414 A8 59 2200

R HEIE T AE A FR 25 B 7 B 5 50
Xif R 45 o 5 MERE RO RE 0 . AR (AR I GE A% 5 &
T EBRE A, BETE 0 SO B 0 [R) B R kb
R AE [ 4 B 525 B B AE A5 S o R ) 5k 22 e rp
AE 1y 8 Fiix A X &l 5 iR, Hidi A AE 1
DMC(dynamic mask convolution) 5% 2% Bt & ic
DMCBlock AE. AE f9 8 Flifx A J7 XA X} Eb 32 56
SERGNFE 4 FrR, J7E0 H B0 8 MER SRR B T &
i E, B AE [A i A 2] DMCBlock2 . DM-
CBlock3 1 DMCBlock4 ) 5% 22 % 42 b 7 25 850 1
Bk, g, B AE it A DMCBlock?2 i 43
FUMET SRR, RN Ti% )2 £ 2 0 5T UL
FIMR SRR AR, R BR 1 mT fiE 25 BR 1) AE B rpr i
WL RO . B AE itk A 2] DMCBlock4 B
SR REHE TR, BAR R R BB R BE, {2 AT LUIE
] AE b3 = ZRRAE A2 2% 018 AR B I 38R
fE. 4 AE [F]f i A DMCBlock2. 3 Fl 4 i}, #5584
REAEAE 22 )22 [ 30 o A AL R AIE , 184 5 A1 22 30 v 2
R 22 8] A A AR, R TR A A3 25 P RE
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DMC]ilockZ DMCBlickZ_AE DMC11310ck2 DMCIBlockz
l
DMC]ilock3 DMCBlock3 DMCBl({ck3AE DMClBlock3
DMC]ilockél DMC]l310ck4 DMC]lmocM DMCBllock4_AE
} i !
() 77 A (b) X B (c) ik C (d X D
DMC]ilockl DMC]ilockl DMC]ilockl DMClilockl

! ¢

DMCBIlock2 AE

! '

DMCBIlock3 AE DMCBIlock3

' !

DMCBIlock4 DMCBIlock4 AE
(e) XL E (H L F

DMCBIlock2 AE

! l

DMCBIlock2 DMCBIlock2 AE

' '

DMCBIlock3 AE DMCBIlock3 AE

! 1

DMCBlock4 AE DMCBIlock4 AE

\ 1

(2 771G (h) 77X H

B 5 AEHI8FHANAR

Fig. 5 8 insertion methods for adaptive enhancement

R4 KRERPAE RN XIS W KRR 0
Table 4 Impact of different embedding methods for resid-

R5 FRMBEHHSEHIILE

Table 5 Comparison of parameters for different network

ual blocks on network performance %
L . IFAR- IFAR- I -1 -
AT C C SVEN mage mage
10 100 nette woof
A 96.56 81.83 9728 9246  85.29

96.35 80.93 9747 92.15  85.11
96.43 80.94 97.62 9248  85.26
96.59 81.46 97.60  93.07 85.44
95.93 81.06 97.63 9297  85.37
96.28 82.04 97.67 9325 85.54
96.60 82.32 97.75 9322  85.75
96.85 82.39 97.88 9335 85.93

T Q ™m m O QO w

T« PR AR B8 B A

24 TBSHEE X W% MR 20
2.4.1 R W% & BT W %M 500 75 0h

RS TR () R B8 L 2 52 W SRR IR 3R 3K R ) B 2R (1Y)
SRR, R T ARFEAS R W 2% 2O 25 1k g Y
RS, 265 BEET 4 A [a) IR B AR R i 4y 2
YA S5 R A8 SRR R AR, A8 XU LA

1 N C
L==2> vilog(py)

K NREARRE, C HINEE, v, i
FEAR B B SEAR, p,o WAL i DREARJE T ¢ 2K
AIMER . 7E CIFAR-100 7 A vERR R AT L I 118 6
FiR o

layers
B BRI/ HERI /% 2SN
DMCNetl18 18 80.84 0.2932
DMCNet34 34 82.39 0.2377
DMCNet50 50 80.45 0.2650
DMCNet101 101 79.43 0.2402
T LA R R B A
100 ¢
80 F

S ,
2 o
g 60 ¢ B pyeNets
&l — DMCNet34
40| DMCNet50
DMCNet101
20 s s ' '
0 50 100 150 200

AU
El6 4NMMEMyRERMETUBED

Fig. 6 Trends in classification accuracy for 4 networks

S 45 5T 41, DMCNet34 (14 JS HE 1 R
KB e, HLAS SO R A SR A, R BT 34 21
WO 26 T AT B TR TR R o3 2R RE ), A L2
T, 18 JEZ AR 2R BT, T REXE LAY 85057 ) B A
fit o BEH W 2% R B 9E — 22 8%, DMCNet50 F
DMCNet101 4 5207 T [, 2 W] S 4l i 1)
28 VR B JT AN BE DR AIE PR RE (Y 48 T, ST 1% X 4% T
S PR BN I 2R B0 v A e RS S O AU 5 AR
Tz AL fE
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242 TRE)ANAE 5 5] FAF A L0 FoR

WU 2F >0 ZR A 1 B T AR AL 2 oFn PR RE R B
T AT, IRV [ 00 4 2% 20 23R o 4%
PERE M SZ I, 5 B AS TR 00 4R 2% 2] %, #F CIFAR-
10. CIFAR-100 1 SVHN ¥ % %k 200 % 1)

ZERNE 7 FiR
100 96.85 97.88
90 |
A 82.39
J:i 80 0l
& 5 0.05
= 0L 20.01
£ % 0.005
= 0.001
60 |
CIFAR-10  CIFAR-100 SVHN
HoEtE

7 AEMBEFI R MK EREXTEE
Fig.7 Comparison of network performance with different
initial learning rates

&7 BIAL, YA EG 2F )RR 0.1 B 4 S U
AR B B i AE . R I B ) 4R 2F ) R
0.1) 78 P8 R Wi S50 B2 19 [ 15 56 5 A 4850kE 4 ik 4
A, JUHAE I S5 i ) A A5 78 BB 8 AR A5 5 A I 1Y
T B W, ] DL 7 IR I e A o A R R RS A E
P2, 7045 A S A B R R (S B, 0 RE
5 Bl A AU A 153 2 T R Bk Ry R e A s, AT AL
23 ¥R B AR M, AR A 2= SR (W 0.001 Bk
0.005) W) ] g5 FORE A 7E U AL Ak BEE 3L AR A, 4 LA
BRI R,

2.43 IR TRMEE K XT W &M R 64 B0k

R T Gt v A 2 A ok A RRUE T, AR G

T 2 2 RG22 AR ) R e

2 2], T A SR o A R f WA S5 3 T A o
R RAFR T A ] 104458 Uk X X 45 43 2 1 RE 19 32
Wi, 76 CIFAR-10. CIFAR-100 Fil SVHN {454 I
AT L SE S, aniEl 8 i .

100 97.71 97.88

97.62  97.51
95| 96.85  96.64 96.54 96.4]
J:% —#—CIFAR-10
oot CIFAR-100
=
= SVHN
85t
82.39  82.09 §2.04 81.62
80 : : : ‘ ‘
0 5 10 15 20 25
AR IR

8 AEITRHEL IR W 4 M REXT LE
Fig.8 Comparison of network performance for different
warm-up rounds

M &l 8 A 1, CIFAR-10/100 7£ 7 #4468 Uk Ky
5 B o S HME R B, AHEC T CIFAR 209 4,
SVHN # HU5I B s 45 R B faf 5 2 5 T4 285,
D] I, S < 00 ) 300 1 Bl 4 T 2 2 3R, W\l LA 3RS
PR PERE . YRR IR 15 5520 B, 3 5
R A3 UME R R BT Rk 34, TIE B T A IR
K T BB 2 R AR R AR 4 3 B B 19 27 2] ROR, X
YIRAEAS B VR BT R, 38 06 XUBS: o ik
45 R SR A3 5% 38 KR I PR 3L 24 2] ) SR
P, & T8O 2 2 FASRE B I B Sk
BN 25, 5% M eSS 5 . DRIk, B A O T A A
WA B TR Gk R, 3R T 45 R RE .
2.5 XPEE3EIE

A EB] DMCNet YA 800, 2 6 45t T AR SC
s Se R AE R 1Y S DR AE i se e
PR A

F6 TEEBSEMEIIETEL

Table 6 Experimental comparison of different image classification networks

e CIFAR-10/% CIFAR-100/% SVHN/% Imagenette/% Imagewoof/% Z4i/10° 5 H/10°
ResNet-34 88.87 71.49 95.79 87.82 78.44 21.34 3.68
WideResnet-28-10" 95.87 80.50 96.58 88.34 78.71 36.54 5.96
MSRN[ 94.65 78.68 94.58 87.69 81.26 15.80 1.85
GhostNet?’! 94.92 77.17 93.87 87.83 78.35 5.47 0.19
QKFormer® 96.21 80.29 97.15 88.43 81.75 64.96 1.29
AugLocal®” 93.56 79.23 96.90 87.96 80.91 29.88 478
ATON et 94.51 78.54 96.65 86.77 80.29 13.44 2.32
RTSA Net-1012 96.12 81.60 96.67 — — 49.92 8.24
SSCNet"! 96.72 80.63 97.43 88.75 82.09 27.42 1.86
FDPRNet*'! 96.17 81.73 97.09 — — 3223 5.22
DMCNet(7<30) 96.85 82.39 97.88 93.35 85.93 20.59 3.33

T VLA BRI A, “— R AR AE R
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T L 25 A5 Y 40 45 . ResNet-341 | WideResnet-
28-1007, MSRNI | GhostNet™!, QKFormer!*®!| Aug-
Local®’ | ATONet®® | RTSA Net-1012%, SSCNet"
I FDPRNet®'l, Hor, X6 R IT IR A 9 k0 2%, 1t
Ja R e SC b BT i AR 1% S 30 25 R AT X L, X
T PR AL TF UE A A P 4%, DU A 2.1 /N 9 52
I P15 5 R AR A AH N 1 A

5 A R R 43 S HERE XS [, DMCNet
AN AT B AE S LRI, 2R RATE]
BAE S5 A 3 r PR R, KRS EIHR (A0 Im-
agenette ., Imagewoof) 1 7 T T 2 1Y 40 15 FN T 42 22
[ 75 5%, 1M DMCNet RES M A 2% 195 S5R39 Hh
R0 b B BG40 T REAE, AR T A H A A
RV 40 R a3 . R, DMCNet BB 7E &
A=A 55 A R B EME R T (5 R, B

=7

N T HAEEUR AT 55 h i S Se e 3, WEBA T 7
87 A R
2.6 HRALIE

4 T B53F DMCNet 1 MMCF #EHe il AE i3
Xof I 4 M RE A AR L, AR SCaEAT — R 303 loxT L S
¥, A 4 FEor S DINER AE Bk, {48 MMCF
B, itk Netl, 2) MBR MMCF 3k, {8 AE
BEHL, 32 b Net2, 3) Ml B MMCF BiHf1 AE £
B, it oh Net3, 4) il MMCF B8 f1 AE £
) I, B4 0 4 BUZ T Y 3x3 B RUCR 7xT7 B,
ICN Netd, TEFR L5 7SR 1 P S AN EE4E
MR AN 7 FE 9 FroR, Hr Imagenette 1 Im-
agewoof J& T KRR HEAR, VIR ERZE R 727 &
L, R 2 5 Net3 1 Rl 26

TH RAXY b SR IR

Table 7 Comparative ablation experiments

M%%  CIFAR-10/% CIFAR-100/% SVHN/% Imagenette/% Imagewoof/% Z%0i/10° HHE&/10° YNZmflE)/h
DMCNet 96.85 82.39 97.88 93.35 85.93 20.59 3.33 3.14
Netl 96.56 81.83 97.28 92.46 85.29 18.86 3.17 2.59
Net2 96.32 80.46 97.18 91.54 83.89 23.07 3.83 2.88
Net3 95.65 78.61 96.72 — — 21.33 3.60 2.39
Net4 88.87 71.49 95.79 87.82 78.44 21.34 3.68 221
100 100 100 [
£ 0T R RS RS
;% o :gMCNet E %
0 etl o5 o0
K — Net2 b K
R 60 — Net3 & &
— Net4 — Net4
50 : : : ) : : : ) 60 : : : )
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
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(a) CIFAR-10 (b) CIFAR-100 (c) SVHN
100 100 [
X T S 80t R
¥ 80F 5 N
E — DMONer ;fj 60 — DMONet
R 6of ~New X New
R — Netd & 40T — Netd
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(d) Imagenette

&9

(e) Imagewoof
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Fig. 9 Line graph of classification accuracy of ablation experiments
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