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Image classification network with random dilated convolution
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Abstract: Objective Image classification tasks are particularly common in modern computer vision tasks. However, with
the continuous development of deep learning methods, effectively extracting fine-grained features, suppressing noise inter-
ference, and dealing with target features in complex backgrounds remain difficult to be solved. In particular, although
residual networks exhibit strong feature learning capabilities, they often struggle to efficiently learn fine-grained features
due to the diversity of training data, background noise, and differences between target objects at different scales. Conven-

tional convolutional operations typically ignore detailed information at different scales when dealing with such complex prob-
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lems. They are susceptible to overfitting when dealing with noisy or irrelevant regions, which leads to performance degrada-
tion. This study proposes image classification network with random dilated convolution (RDCNet) to address the abovemen-
tioned challenges. The network aims to solve the problems of difficulty in fine-grained feature extraction, background noise
interference, and overfitting. Several innovative designs have enabled the extraction of key features from complex back-
grounds and improved the classification ability of the network. Method RDCNet is based on the classical ResNet-34 as the
backbone network, which utilizes its powerful residual connectivity property to enhance the training depth and stability of
the network. In this study, several innovative modules are proposed on this basis to enhance the feature extraction capabil-
ity of the network. First, the multi-branch random dilated convolution module is proposed, which realizes the effective cap-
ture of fine-grained features from different scales and sensory fields by the convolution operation of multiple branches and
the design of randomly inflated convolution kernel. Compared with the traditional convolution operation, the expansion con-
volution can expand the receptive field without increasing the computational effort. Thus, it enhances the capture of the
multi-scale information in the image. The design of the randomized expansion rate ensures that the network can adapt to dif-
ferent target scales and variations by diversifying the convolution kernel structure , which further improves the ability of fine-
grained feature extraction. The Fine-Grained Feature Enhancement module is introduced to enhance the sensitivity of the
network to small objects and detailed features by fusing global information with local features, which in turn improves the
representation of local features. The module extracts global features of an image using a global average pooling operation
and models them jointly with local features to help the network better understand contextual information. With this feature
enhancement mechanism, the network can classify small differences more accurately, which boosts the ability to recognize
tiny targets. At the same time, the introduction of random masking mechanism dynamically masks part of the input features
and convolutional kernel weights. This process not only enables learning of more robust representations through diverse fea-
ture combinations but also effectively reduces overfitting and improves the ability to adapt to noise and unknown inputs.
This mechanism is similar to the Dropout technique, but the difference is that the random masking mechanism is based on
the dynamic masking of features and convolutional kernels, which has higher flexibility to cope with various complex input
data. Finally, the Context Excitation module is proposed to enhance the ability of the network to focus on key features by
introducing contextual information and dynamically adjusting the weights of feature channels. In image classification tasks,
features in certain regions are commonly critical to the final classification results, while background noise may negatively
affect the results. This module helps the network focus on the critical features that contribute to the classification task by
adaptively adjusting the importance of each feature channel while suppressing interference from irrelevant regions. Result
This study conducts experiments on the CIFAR-10, CIFAR-100, SVHN, Imagenette, and Imagewoof datasets to verify the
effectiveness of RDCNet in image classification tasks. The experimental results show that RDCNet exhibits a significant
performance improvement on all the datasets. RDCNet compares with the model with the second highest performance in the
CIFAR-10 dataset by 0. 02%, which confirms its superiority in fine-grained feature extraction. The classification accuracy
of RDCNet on the CIFAR-100 dataset is enhanced by 1. 12%, which demonstrates its superiority in dealing with large-scale
classification tasks. The classification accuracy of RDCNet on the SVHN dataset is increased by 0. 18%, which highlights
its superiority in dealing with the Street View Digit Recognition problem. The classification accuracy of RDCNet on the Ima-
genette dataset is improved by 4. 73%, which verifies its ability to recognize target features in more complex backgrounds.
The classification accuracy of RDCNet on the Imagewoof dataset is raised by 3. 56%, which further proves the excellent per-
formance of the network in different scenarios. In addition, to deeply analyze the roles of each innovative module in RDC-
Net, this study conducts ablation experiments to further demonstrate their unique contributions. These experiments involve
gradually removing key modules from the network to evaluate their impact on the overall performance, which demonstrates
how the synergy between the modules enables the network to maintain superior performance when dealing with complex
tasks. Through these experiments, this study demonstrates the superiority of RDCNet on multiple datasets, especially in
handling complex background, noise, and fine-grained features. Conclusion We propose RDCNet to effectively solve the
fine-grained feature extraction, noise interference suppression, and overfitting problems in image classification tasks. This
network introduces an innovative multi-branch randomized cavity convolution module, a fine-grained feature enhancement

module, a randomized masking mechanism, and a contextual excitation module. The experimental results show that the
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classification performance of RDCNet on multiple standard datasets is significantly improved , especially its target recogni-

tion ability in complex background. The key contributions of RDCNet are stronger fine-grained feature sensitivity through

multi-scale feature extraction, fine-grained feature enhancement, and contextual information modeling. It excels in extract-

ing rich feature information in multi-scales and contexts. It focuses on key features and discriminates targets in complex

contexts, which lead to excellent performance in classification tasks. In addition, the introduction of the random masking

mechanism effectively enhances the robustness of the network and reduces the risk of overfitting, which enable it to perform

more stably in complex real-world scenarios. Future research can further explore the application of this method in other

visual tasks and its integration with other advanced techniques to boost its performance.

Key words: image classification; residual network; dilated convolution; random dilated convolution; fine-grained fea-

ture ; random masking mechanism
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Fig. 1 Schematic diagram of traditional convolution and dilated convolution with different parameters ((a) conventional convolution

(b) d =2, p=0, dilation convolution; (¢)d=3, p =0, dilation convolution; (d) d =2, p =2, dilation convolution)
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Fig. 2 Schematic diagram of random mask combined with dilated convolution
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Fig. 3 Schematic diagram of bilinear interpolation

image processing
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Fig. 4  General structure of MRDC
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B AL 340 SR RS AR PR RS 2
FGRE FEHL i) i R 1 T F ) 388 18 48 1 P42, %
[FAFIE S B RERR P, 2R R

F,, = Concat(F|,F), F|, F))
:_ctqj , Concat( . )j\j@ iﬁﬁ?ﬁ(concatenate)ﬁ%’ﬁfo

B KR DHE S I RHE R 200 1 x 1 BR)Z
o P R i RT3 RS T AR R BB R DR —
B, P I3 — k4 (batch normalization, BN)
FBK BR 1% 422 J5 00 AR R4 AR |, A5 3 J 4 19 i i
F,. LRI N

F,, = scale x BN(Conw,,,(F,))+ F, (20)
Arp, BNC) 2 0 — AL AR, scale 22— 4 T A
F L AR R 2 R A AL
1.3 ETXHmER

X BB 24 f R R B AR A R TR
AT BN AN 74345 R, AR 302 A T AL )
JR K B TR GRS R (CE) , 4nf&T 5 BirR

CE B4 A FFEEH F e ROV, TE 1T X
ARy, B 1 x 1 B AU RAE B v A — MR
B VAR LIRS B — AR B AR, A SRR AE IR v A
BRI “key” , FUCHOC R 1Y 27 ] SR EEAL , F 220
GRERENHRIE N F e RV FRom Ny

Fi= Conw,, (F) (21)

P& X F AT softmax IH— AL AL B, i B 5
R0 W AEAL T 0~ 1 JE P d5e 2826 Jlt— Ao 7 &1
Fye RV (1SR RY BB 65 7 42 Jm) 7 Bl a1 1 o
Xof H X A O, R AR

F = softmax(Fy)
1, softmax (+) A softmax % PREL, Ht 5 X8

(19)
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)
. Clrx1x1 \\\
Cx1x1 Cx1x1

e

(22)

softmax(x), = —
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JEV I b X w AT, VIR ] o K 9 e i
TRRIEBAER B F, e R, FR N
F, = matmul(F, F,) (23)
K matmul (-, +) WA HEEZ B L5, B
(1 ko Je 1 ) 2 B 47 B AE B E B AT 4S5 AT
o ) 300 T T R A (] TP B AR
W 38 Y I AUE B — 2D A B, S
1 x 145 FRCH il A T80 108 250t S 38 265/ D ) 3 K, BRI
I YERE . it ReLU SR Jo , fRd I 1 x 1 &K
I T 30 R, Rl AR AT PR Y A S8 AT A
SE TR, SR S AN B AR Y o B S sigmoid BT PR
BN A0 T R AR AL T, 15 3 S A AR B RF
fER Fpe RV X RR 7 208 9 2% RE A2 2% 1 18 1E
S BCAN [R] (R ASCER | DA T 5 6T DG BEEARFAE 1Y) G T R
HOPR AT DLRIR
F, = sigmoid(Conv, ., (ReLU(Conv, ., (F,)))) (24)
7, sigmoid () 2 sigmoid JG pRARL, 7150
1
1+e~
A, e N e NIRATEECR A EEOE
AR AT T ARHIE ] F 22 5 2238 value
HIALS AR ] P, Rl 305 32 G 2 3fe 45 31 i 4
FHER F,, e R HAHR AR AT LA IRy

sigmoid(x) = (25)

OF
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Fig. 5 Context excitation block
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PIAUS BYFRFAE I F, rh B A B8 S e 4>
AEAY B S il B T R A S AR, BE SR £
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25 LT, CERIHGE 4 R bR SO BRI AA
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()07 55 PE) PO AH EL DG 2R o P30 3 0 AR 1 7
A R e AR PR 308 T A8 e 7 {5 99 £8% BB 8 A K
Hb 2R A T H B X, 4 SRR IR R A RE
1.4 FiA MRDCHEHRK 2= 4
ResNet 4% 0 SRR 38 1o 5 | A 5% 25 5 2] i ke
JZ2 P2 W 25 v ) 3R A TR, A O AR R Ay B 25 B
(residual block) , a& 6 (a) Fr7 , G & A3 x 3 HY 45
FURIT x 1 A& B BRER 1% 4 | 5k 22 B n A0 JE AR
18 1o 15 25 5T (identity mapping) 75 B A5 B TE [ 2%
f&i# . ResNet [I5R 2B R K
H(x)=F(f(x)) +x (27)
A a2 H (o) 52t f(o) il il 58— 2 6
FRZ O eRBCRNH — 2 A0 35 1Y R, F(f(x) ) 2
Zoat f(a) Wb FRS A RFAE SE— 20 b PR 19 5% 22 R 4K
X5 AL 5% 22 B (average pooling residual block ,
AP-block ) ¥4 42 Jay V-t Ak 5 5% 22 S 5, i 6(b)
JIt 7 , AP-block 7 J5 i ResNet Bk IR 3% 42 (1) JE Al - 18
— R K T SR 55 A G AL 2 1 R 28 A TR
A PR IBCE Z2 O RRAE AR B, () I 3d i~ 247 3t Ak
RRIE R RT B 1 x 1SR SR B 7T RE 3 3
({5 BLELL . AP-block [IFR 22 ML 6 2l

® ZEeERHM
F_ -
onv3x3 onv3 X3 AvgPool onv3 X3 A ]
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G
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Fig. 6 Three residual block structures ((a) residual block;

(a) FRZEH

(b) average pooling residual block ; (¢) MRDC pooling
residual block )

H(x) = F(f(x))+ g(x) (28)

o, g (o) Fn L P E AL TG FZ I A PR

MRDC b fb 5% 22 Ht (MRDC pooling residual
block , MRDC-block ) @1/ 6 (¢) ff 78 , MRDC-block LA
AP-block 2y JEAilt , 38 15 AN [7] 45 FRAZ Rl 23 1 26 R
HAMN L2 R R, RS AL 5 1A BEHL
PE , FEAR 3 804 KU . MRDC-block 1 5% 22 e 5 5

H(x)=M(f(x))+ g(x) (29)

K, M (F(x)) FRoR &0t (o) 23S 09 FEAE 38 2o
MRDC Ji5 B9 PR %K -
1.5 RDCNet Bk &5#)

RDCNet 259 4n & 7 17 , 3645 S4B B

1) FAb BE R BE o S A G AT 4G 5 | 38 o il
ML G 3E 72 J5 Bl AL 55 D) B AL 388 5% (Zhong %5,
2020) BRAE SRR FEA 1Y Z R | AT FU05 A0 XU
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T REIE A [ s 2R AR o 400 DR <

3VIRIZFHEFE N B . R 25 S BEALZS T 45
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REEFRFEFRIR
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P HY B 0 d R AR Bl 0 R SOfE Bsh A R A
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RT3 AT A R WL B B 2 4 2R 4

MATTF , RDCNet £ %} ResNet-34 A dE a0 T
1) 7 3856 9 46 (9 R AIE S AR ), il it 24 B R4y
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Fig. 7 Overall structure of RDCNet

RESEO N o & U D IS ki ST BIE NI 2 5 NI
B TR B RFAIE

2 SKWERKNS

2.1 LW

AR LR S N Python, *H Pytorch HE
ZEHAT I E8 #4538, GPU SR I NVIDIA RTX 3090 & .
B 1 35 B8 & PyTorch2. 3.0, CUDA1L. 8, CUDNN
8.7.0. AN PFAl RDCNet (153 JS 1 fE | 1% £ CIFAR-
10, CIFAR-100,SVHN . Imagenette Fil Imagewoof ¥ #Jii
AR SRR AR . Horb, A AR RGO EIE 4R CIFAR-
10 FI CIFAR-100 43 51 62, 75 10 Ff A1 100 #2851 #1145
FHT DA AR A AN ) 28 00 B8R0 43 20 B2 1 R B 5
RS A 4 SVHN AL B 10 R 28500 UG, F T
1LY 7E 50 BT 55 932 AL BE T 5 Imagenette |
Imagewoof F(4fa 4R £ 75 10 M2 I KI5, #41°4 ImageNet
Bl e b i A TP AG A B AR MR 150326
55 RI. B LR 1R,

S5 R H ER 53 25 10 3 K HER % (accuracy )/
NVENFER . TEVI SRt B v, AR UCEGR S R 200
B, D04k 2% E PEBE LA T BE (stochastic gradient
descent, SGD) , bR F- 1 R 0. 1,35 R 0. 9, FLE
WA 5 x 107, BIUG HBLE N 0.1, IF R AR K

1 KR (CosineAnnealingLR ) P& 3527 2] % )l k1Y)
(] {5 FH BEAL B % 058 I B AL BT DA BE AL P BR 454
PEATECRIT 3R . CIFAR B 2 R SVHN Bdf 48 i i
A MG IR SE I Oh 32 x 3248 %, #H R/ b 128,
Imagenette 545 4 Fl Imagewoof £ 45 42 A% 5 A KIS R
PR R R 224 x 2248 K IR/ R 64,

®1 ZHRHIEE

Table 1 Experimental datasets

PICITES R gz % Ykt s
CIFAR-10 32x32 10 50 000 10 000
CIFAR-100 32 x32 100 50 000 10 000
SVHN 32 %32 10 73 257 26 032
Imagenette 224 x 224 10 9469 3925
Imagewoof 224 x 224 10 9025 3929

2.2 NI MRDCERMEEER S

FZME MRDC B H M BB 1) 32 22 S 40008 MRDC 5
He b 55 S W 19 7S ] 1 MR D C AR B -1 i B A%
B 48 5 A F- (scale) K/
2.2. 1 AN[FIHERS S X MRDC B H P RE AY 52 1)

BEATL A AL 1 g VR AT 1] 2 9 i ) 2 AN )
(R LA, Tl 3 0 20 AR AIE , 3D X B 52
FIE FA AR A, $4E v D) 48 T XoF i A\ TR P ) ) P o 8
25 4 AN EE S HE R L], T LAAE Y KB SZ BT 1 [ it
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5| AR R AL DG A RAE AN B T A
FE T, i ] DLRR IR A 3 53 B A il oK
T IBATHOR . HIRABETEA A HE I HEm %F MRDC
BEHMERE B 5200, 4 591 SR ] 4 o 48 61 SR W A 5 4K
Patk LoEAT XS e i, S g R AnR 2 o, Horf
A AT AT S 12 A null_ mask , 8 &S FUZ RS0
g k_mask , {38 B RS IC K c_mask, 455 & U
FERS FIE B A0 M ¢_k_mask .

H1 2% 2 AT DIAS M R o B ) 11 T ) 245
A B BEHLAE RS L H L 54> Bs 4 7 R RCR e f:
P ST DAL, TR A ) 45 5 0 ol 5 B 7 5 PR M
N GEIE Z (A T A 2% R RRAE 5 B, X R b R] 2 2
A Bl T 1 i AR R A AR SR8 E ) A MR AR
Rb 3G 2R A i R LA J R 5 )97 fh

x2 AEHEREEX MRDC #EHREEE RIS
Table 2 Impact of different masking strategies on MRDC

module performance

S EHER /%
TG crar- cIFaR: SVHN  Inette Iwoof
10 100
null_mask  96.08 7998 9692 90.93 83.84
k_mask 96.24 8041 9723 91.72 84.93
c_mask 96.16 80.76  97.19 91.11 85.03
c_k_mask  96.38 81.16  97.41 92,58 85.14

E : Inette : Imagenette ; Iwoof : Imagewoof . ML A& & 7R 4% 771
ARG

2.2.2 scale {HX} MRDC FEHVERE 1Y 521

FRABIETE MRDC AL H R AE il A5 R 0]
I 25 14 fig B 52 1R, AR 15 X MRDC A3 scale A9 {E I
WEFE , FEAR KA CE BBl I, scale HUE 0. 1~1
JE I AE S PB4 1 A S g 25 S N3k 3 s .

H 2 3 1T, 2 scale {4 0. 4 B} SVHN $idi 4k 1
(9 v ) R A 5 5 2 scale 4 0.5 [ CIFAR-10,
CIFAR-100 . Imagenette %5 4f5 5 | (04 16 52 85 5 5 24
scale {H A 0. 6 i} Imagewoof £ 4 42 b (1) HEHR Fd = o
IR UE W AEA [F) B3 4 | scale Y BUELAS ] 23 %
RDCNet (950 EHERf A —E RN, {1 5 SRR
scale ZEUM ML IBUEARLE 0. 5 224 .

scale 2 B 28 2ok 22 43 S A AR FREAE [ A5
IR AR B R TE B A5 R AR O S, SRR
1, scale 2 50 1 B UL BU(EL IS T 25 1 25 $2 /5 RDCNet

3 scalefEXI MRDC &R 14 B HI R0
Table 3 Impact of scale value on MRDC module

performance
IYRUERFE/%
CIFAR-10 CIFAR-100 SVHN Imagenette Imagewoof

scale

0.1 96.09 80.30 97.23 92.25 84.35
0.2 96.16 80.78 97.25 92.15 84.19
0.3 96.22 81.09 97.26 91.90 83.76
0.4 96.27 80.95 97.41 92.23 84.91
0.5 96.38 81.16 97.39 92.58 85.09
0.6 95.89 80.84 97.34 92.48 85.14
0.7 95.78 80.68 97.38 92.20 84.58
0.8 95.86 80.31 97.29 92.03 84.68
0.9 95.72 79.70 97.18 91.54 83.89
1 95.75 80.01 97.13 91.46 84.34

TE IR R A S B A2 2R

)53 FEUET 2. scale (R /NI, D0 28 25 B AR T i
LR AFRIE X SERRIE AR R R AN 5, AR
RO 52 20y B R SUE R TRl 2 5 | R 3 it 2k B
TC A RN i L BERFARAT S, DA T 52 i 45 Y 1) 2 38
BT ;s scale fELA SR, 9 4% 25 2o BE AR 4 B2 2% 1
T SCRFAE , 58 mong e 75 B8N AH G A5 2 A BB , AT
FEGE A RAEF R T AR scale I E i
Hf D2 T DAFE A7 BRRAE R A RRAE 2 ] AR A
AR P AR TS, SR AL T — AN A v ] A
15 I 245 Bk e 8% O BR AR JZ XU AR AR AR 2., SCRB RS A 2L
H R FH 2253 32 5 IR 2 GURRAIE o B A Y scale
{ERE LA AL YNGR B3 AR |, (] INF A 5 4032 W
PEACRRE A IIACZE A, DT 3 A T 3k 52 2% O Ak
725 48t 58 180 P )1 2 PRI AR 3 4005 RS o
2.3 CEERMANKRERMAMESHE T WK ELE
I3

RDCNet i M 2% 3= 1434 4 4> layer )22, 24 CE %
P T AR 2 0 75 208 55 i SRR R L i PN 25 A
A AR A AN ] i 2 52 v i AR REAE A9 R SCfF B
AIREP AR T W RO . IR ARG CE B8 A
RDCNet 5% 25 B i 85 it . B0 7SS HEf SR I 52
# fil 5 MRDC £ 3t (1) layer J2 i #% 2 Mlayerl .
Mlayer2 . Mlayer3 . Mlayer4 , 7£ Mlayer H1 % A [ CE #&
Pe1Ei #) 24 C-Block , 7 1 & MRDC 5% 2 Hr fie 4 scale
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v
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Fig. 8 Eight permutations embedded in C-Block

SANKUE AR TR A7 B RN S B CE RS (4 4
KUERME AR, HRAAEE, HE5 X ETE
CIFAR-10, CIFAR-100, SVHN , Imagenette F/ Image-
woof BHEHE I 193 KU R 1 = T HAb 4L & Jr =X,
IR I CE #EHe i A Mlayerd Jo ISR B i 3% o 9256
T, ¥ CEBUHUBCAE AR W28 JZ 1], [ 2% 25
B TRT B RRAE SR A, AELAPR J2 IR B R A 3 8 R
ARZWE UGB RO A T CE#E
PO 3 s 1Y 46 2 I Rk 2 22 S hndh 4 Ho ik L

& FEIITE Mlayerd 22 J5 (W ARAE AL 5 T P11k

R S R o BEAE TR B R, 45 AR 14 9 2 1)
HERE/N RIE R, 0 CEREHURAL TR 20 | F 3R
KL, B SENAT A5 ] 1 i SRR AT Ak BRI 38
B, DT 2 PR TS A 70 2 fiE

F4 FREMEMEE C-Block 35 EMERAZMN
Table 4 The effects of different locations and number of
C-Blocks on classification accuracy

1%

7720 CIFAR-10 CIFAR-100 SVHN Imagenette Imagewoof

A 96.38 81.16 97.41 92.58 85.14
B 96.58 80.15 97.64 92.18 84.39
C 96.47 80.87 97.71 91.26 84.65
D 96.26 80.48 971.73 92.38 85.44
E 96.71 81.75 97.78 93.48 85.65
F 96.18 81.05 97.74 91.89 85.46
G 96.30 80.12 97.71 92.76 85.11
H 96.40 79.81 97.57 92.25 84.98

T O TR R % 5 e L4 2R

2.4 CERBLEHMEREEREXTEL

AT B RAIE CEBEHAEFE T RDCNet 3 2545
BIVERE AUAT ROV, R SCIEIL T 4 FiAS [R] BB, 23 531)
A SE (squeeze-and-excitation ) . NLB (non-local block) .
CCA (criss-cross attention) Fl GCB (global context
block ) 55 CE #E 8 HEAT XF LU 52 55, 430 4 4 RS L r
e CE B4 B iix A ] RDCNet [’ 2% Mlayerd J5 , 1£
CIFAR-10, CIFAR-100, SVHN | Imagenette #1 Image-
woof B4 FHEAT ISR, I Zad fe 5 3. 171 — 2, 52
A R AN E O MR 5 Frs . I SEgR 45 R T A, CE B
BAE 5 ARG AR 1 2 R AR D B (L, R W]
CE A HRAR FE T H AR 8 LB e 25 ) O s 4 4
Jai MRy R ) BN SCAF . Ta] i 3k A S UM 3 B
Wi 4z 5 B 4R T or R PERE

SE R B b o A 308 1 AR HEAT 3 I
JE S BLIE I 22 8] ) B A5 A R (H B = 23 (R B
AL . AHILZ T, CE RSN 5 J i 1 7] A4 A
PHRE 30 BEAE 4 412 3 P 5 b 2 AL 1 22 [8] A AH B 5C
R REOEH A AT ZR Y b SR SR RRE

NLB SR i 4342 JRy F = it s [l
Z B AR G 28, X T B B AR OC R R I R 4, (5.
HEAMER AR RN S BGR B R
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100 96.71% 97.78%
93.48%

gi; Ml < 85.65%
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19 5ABLETE RDCNet 43 2SR %
Fig. 9 Classification accuracy of 5 modules in RDCNet

Imagenette Imagewoof

R5 STEIRAIEREITLE
Table 5 Comparison of the performance of

the five modules

” I HMER R %
i

CIFAR-10  CIFAR-100 SVHN Inette Iwoof
+SE 96.55 81.28 97.35 93.09 85.14
+NLB 96.13 81.10 97.58 91.80 85.39
+CCA 96.00 80.15 97.26 93.07 85.11
+GCB 96.48 80.59 97.66 92.97 84.58
+CE 96.71 81.75 97.78 93.48 85.65

¥ : Inette: Imagenette ; Iwoof : Imagewoof I FARFE IR 4541
BLE R

ST . CEBIHGE o 17 Ak 0 BB BIL A A ey 3 34
R PRI SR AR H 1 LR SCBAITRE 77, 8 NLB AR
B AR 3R 5 AR 3 22 B 4 1 e A L AR s
B P RE A [ Bt B 0 T NLB AR ER A 8 1 Bl AR

CCA BRI K il 15 77 1] 9 8 5 ) ML 4
PERFAE P P OR [R] 25 [R5 B 2 0] AR DG 2R o BRI,
CCABEHAEAAR A SR O G 22 7 THI A7 AE— 3 1 JRy B
Mo T CE ML AL BE &I RFB 4 25 [R5, i BEAR
o G P9 25 E 58 I b A B2 4 e b SOfE 8 PR
I BT L COA RSB B AT A3

GCB LY 1 42 Jm th (LR AR HE I R 1 42 Js) |
T SCME B IER X S A5 B AL B AT AR N 1Y
PR . CEBLHRA 56 M4 Js b T 3¢, T2 il it
TR SCH R AL ) A 3 A A [ R L A R
BRI RE IR B A R 5 B, o BE e R A B i i
T, LT BE G GCB B B vl B H B A9 3 B 4 R ik

[

2.5 AEIMLE R HHNE S 3T WL R

R T B UEAS [ B I 28 2 B00F RDCNet MR Y 52
Wi, 4% 3 % #& RDCNet18, RDCNet34 . RDCNet50.,
RDCNet101 4 Fp 7 [6] () 9 4% 2 3F 47 X b, o #%
CIFAR-100 B 4 3128 1 2. 1 /N1 v (1 S 56 20 558 1k
T4 B 4 Fh 2% 1Y 43 25 E 1 °% | F1-Score il X-
entropy Q138 6 JUT 71 , 4 F 0 265 1) 73 28 M 52 4 2 141 o
10 FT7R o

Fz6 ATHMEHSHTLL

Table 6 Comparison of parameters for four modules

% 28 I UETR R % F1-score X-entropy
RDCNetl8 79.39 0.793 7 0.231
RDCNet34 81.75 0.817 2 0.151
RDCNet50 80.11 0.800 9 0.234
RDCNet101 79.43 0.794 0 0.230

L AR FRIR 45 S R AL 45 2R
90
.70k
2
'El.i S0k
ﬁ( — RDCNetl8
30k —— RDCNet34
—— RDCNet50
10 . . — RDCNet101
50 100 150 200
BRI Ese

FL10 028 JZ2HOAN [RDRS 732 B 25 4 52 1)
Fig. 10 The impact of different network layers on

classification accuracy
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2021) .FAVOR+ (fast attention via positive orthogonal

random features) (Choromanski %%, 2020) \MMA-CCT-
7/3%2 (multi-manifold attention with cascaded cross-
scale transformers ) ( Konstantinidis 2¢ ,2023) . ATONet
(auto-train-once network) (Wu &5, 2024) . QKFormer
(query-key spiking transformer) (Zhou % , 2024) |
DAMSNet (double-branch multi-attention mechanism
based sharpness-aware classification network ) ( 2% 3L
2%, 2023) £l SSCNet (sparse feature image classifica-
tion network with spatial position correction) ( Z& 3 %
45,2024)
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Table 7 Classification accuracy of different networks on
5 datasets
1%

S CIFAR-10 CIFAR-100 SVHN Inette Iwoof

ResNet-34 88.87 7149 9551 87.72 78.04
HO-ResNet 96.32 77.12 9569 87.23 79.74
Xi_‘i%Resnet' 95.87 80.50  96.58 88.34 78.71
gfil;et 94.24 78.85  94.97 87.72 80.78
Multi-ResNet  94.56 78.69 9458 87.71 81.26
EfficientNet 94.02 75.98 9334 88.06 77.95
GhostNet 94.92 77.17  93.86 87.83 78.35
Couplformer 93.54 73.92 9426 87.91 77.89
FAVOR+ 91.42 7256 9321 88.16 77.57
?X%A'CCT'W 94.74 7751 9429 - -

ATONet 94.51 7856 9521 86.68 80.21
QKFormer 96.18 8027  97.13 88.42 81.67
DAMSNet 96.51 80.50  97.60 - -

SSCNet 96.69 80.63  97.43 88.75 82.09
RDCNet(A ) 9671 8175  97.78 93.48 85.65

7 : Inette : Imagenette ; Iwoof : Imagewoof T AR R K41
I EE A - R MG TAEAR SRS .
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Table 8 Results of ablation experiments on RDCNet
1%
™ 2% CIFAR-10 CIFAR-100 SVHN Inette Iwoof
RDCNet(4< ) 96.71 81.75 97.78 93.48 85.65
Net, 96.38 81.16 97.41 92.58 85.14
Net, 95.46 79.78 97.03 90.75 81.06
Net, 95.23 78.35 96.65 - -
Net, 88.87 71.49 95.51 87.72 78.04
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