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Fig. 1 Architecture of RoDeNet
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y=HRX)+x, (20)
L HR(x))FE /R RDCM AL 5 F-4 53 HGA 43R )5
HIHRFAE

3 SEWELERTIN

3.1 LWIMERSLIHIRE

ARSI R FH A3 £ 48 . Ubuntu 22.04; GPU:
NVIDIA RTX 3090 &+, BAF%4 & : 24 GB; Pytorch:
2.1.0; CUDA: 12.1.0; CUDNN: 8.6.0. & T 1/ RoDeNet
W 45 BE, A SC S5 R CIFAR-10, CIFAR-100,
Flowers-102, STL-10, Imagenette 1 Imagewoof Z(#E4E ,
HAREE B 1 s,

SEE PR TR R EUR 73 2R 73 25 E (accuracy).
TEAL R 25 rp, 3R B (epochs) A 200, CIFAR-10.,
CIFAR-100. Flowers-102 1 STL-10 %4 5 (1 41 & K/
(batch_size) A 128, Imagenette fil Imagewoof £ & 4E 1
HERFIN R 32, 220 (In) EM 0.1, 3E (momentum)
WEN 0.9, SEEEN (weight decay) B N Se-4, ik
ar W BEALES B R (SGD).

3.2 base_angles £#s18

N T WA R fr1 B2 4R 5 X 28 PERE RS2, A
FFE CIFAR-100 % 4f8 5 I 17 base_angles Z 41 55 5,
HATrs VMEES N[00, 9091, TR 2MEESH

[0°, 45°, 90°, 135°], 7% 3MELLE N [0°, 60°,
120°, 180°], 4 4 ARG N [0°, 22.5°, 45°, 67.5°,
90°, 112.5°, 135°, 157.5°], Pl 5] AshasnT
S RAS ERALE], A AT 9 2l MBS U BRI AR AL
PR TC T 95 28 T A T RERI A R4 G o AN 28 B MERA 2%
(accuracy). Z %t (parameters) FIE I 15 & (FLOPs)
2 Fim.

A, R BAREA RSB AT AR, H
HER R ALIRF] 79.88% (W IRMERT A, M5 2 M5
3TESHCE A RS M FE R SR, HERRR 53
iK% 80.73% F1 80.48%, WARTTE2EAHR, MITE 4
ESHE AR E R SR, dEfRA IR 2,
P, FETHER AR SE & tEER™ St ih g R, ik
PEIT R 2 VE R TUE Oee RS, AT 4
1 I SO (2) B/ N A s Bk,

3.3 init_scale £#s21%

init_scale 7 RDCM ] T4 il Tl x SCIe % I 25 1Y
WITRSRAE, 7RSI TR 5 8 3K 3l 7 ) Z ] g vy s A
i, BUOE TERBITERIR LT, XF i AREE 0 8 JL AT
AR IR L, B Y e 1 1V RE ) ANl RS
P, PRIASTT SZE04EXT init_scale AN [RIHBUELR R 254 e
B 52 M) 17547 S 56 43 BT o init_scale 7E 5256 H BUE TG B M
0~1, #ECIFAR-10, CIFAR-100., Imagenette F1Imagewoof
R Ly sem st e 3 s,

1 EREEERFL
Table 1 Experimental dataset information
Dataset Pixels Categories Testset Trainset
CIFAR-10 32x32 10 50000 10000
CIFAR-100 32x32 100 50000 10000
Flowers-102 96x96 102 14740 15153
STL-10 96x96 10 5000 8000
Imagenette 224x224 10 9469 3925
Imagewoof 224x224 10 9025 3929
% 2 base_angles £ # %512 8
Table 2 base_angles parameter experiment information
Method Accuracy/% FLOPs/G Parameters/M

1 79.88 1.432 25.462

2 80.73 1.463 25.630

3 80.48 1.463 25.630

4 80.69 1.534 25971
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% 3 init_scale A FHER
Table 3 init_scale parameter experiment results
Init_scale CIFAR-10/% CIFAR-100/% Imagenette/% Imagewoof/%
0.0 96.49 80.73 94.34 88.75
0.1 96.72 80.84 94.42 88.97
0.2 96.66 80.12 94.26 88.75
0.3 96.66 79.86 94.34 88.69
0.4 96.6 80.17 94.39 88.62
0.5 96.46 80.58 94.36 88.87
0.6 95.53 80.79 94.26 88.67
0.7 96.55 80.5 94.34 88.34
0.8 96.52 80.43 9431 88.69
0.9 96.49 80.43 93.88 88.26
1.0 96.56 80.39 94.29 87.96

MBI HRTE , init scale=0.1 7E PUNEHE4E 1Y
BUS T AR, X — G R BRI IR e Im % fig

% A O i LA S 5 5 B KB i B S L RE T . Y
init_scale BUETE 0.1~0.4 D[, 7ERf 2235 2 0 ] 35 ki
INTF 1%, %151 RoDeNet X % — S it [l P (9 1% & 2
ABAFEEEE, S HEE 0.6 I, BIEIPERETT IR
IR, X 22 5 ] BRI TS [ ECE S T L] 22
P U ANTR], IR TE init_scale=1.0 B, FEHIT5R
B LT e g5 25 7™ B il 20U A ARIE AR B N RE ST o 2
init_scale=0.0 B, I 4 42 i M RE AR A A 1A B R ALK
Ve, XIUE T AR SR A > 7E e AR o i R R
SCERFEPA, init_scale=0.1 i REMS HUAS B B i, 1B T

TE AR 3 AR HAS

3.4 HGA t=HIFEAN L E LI

T S0k HGA A8 78 5% 22 S 0 AN [6) 57 8 6 7 M)
KAYEREM R, A S IAE CIFAR-10, CIFAR-100,
Flowers-102 Fl STL-10 £(#li4E AT HE, HA (& A
i HGA B AR5 25 — B R)5, & BN
HGA fiuiir A 25k 288 — A GRUS, 7% C i HGA
PR A RIS 22, (78 D oh HGA #Ein A F5%
EHEEZIE . IAMEWE 9 PR, SRS R 4
JiR o

ZEA VUM EARAE M LB E5 R, HGA BIHURAFEN &

A B
(o (R
Convl Convl
v v
HGA Conv2
v v
Conv2 HGA
— —

C D
i Conv1l
Convl ¢
l HGA Conv2
Conv2
HGA

9 HGA #t N{zH A
Fig. 9 HGA embedding location diagram

%4 HGA BNz EFE%

Table 4 HGA insertion position experiment

Position CIFAR-100/% Flowers-102/% STL-10/% Imagenette/%
A 79.74 90.35 80.37 92.2
B 80.37 91.2 82.86 92.86
C 79.88 86.44 75.62 91.03
D 80.09 88.76 79.78 91.54
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B i £, 7E CIFAR-100. Flowers-102. STL-10
1 Imagenette $iditE 3 5iA%E] 80.37% . 91.2% . 82.86%
92.86% MMEMGR, BEMLTHMAIE, HEZT,
i ATE C B RO e 22, JUHAE Flowers-102 fl STL-
10 Bodlide FRFUA B NI A QLB A RARE S TR
2, R IIHLHIE LA SRS T H B X, 1D
I E IR A SRR LG5I OB, B LR
2. BAALERAEE B IS TR T 2%
FIzs el B, ME&—ERNE MEEE S, E A
T ITHL o AR AR, PR IR HGA B
HATE B L E .

3.5 MERBEIXIELSLT

3.5.1 ZHE. HHREERERZTHEEN LR

HATHTHAN R LR G BE S 50%, ¥ RoDeNet 5
H At ) 4% 45 7E 2 B0 (parameters) . 11 &2 24
(FLOPs) i 73 B (speed) b EATXF [ o XF H 4% 5 4n
%5 PR,

H . RoDeNet 2 4 it 4 25.65 M, 5 CAPR-
DenseNet A, {HH @ AKT HO-ResNet #1 Multi-ResNet
KAAEHEER IR 2%, AL Couplformer, QKFormer X2
Transformer #&% % , RoDeNet k¢ G T 14 & S L 47 ok
MR EREH IR, A RIS EMHRE,
RoDeNet ) FLOPs 24 5.73 G, i T ResNet-34, {Hit
{&F DenseNet £ Transformer %244 & & &, HIF T
TEVERR PR TH I [R] R e v THA AR . TEME R B2 )y
Ifi, RoDeNet [/ Speed & 1.78 f/s, H A K ResNet-34 ]
3.02 f/s, {HEEPT Multi-ResNet ) 1.62 f/s, HAIR TS
B A FLOPs B 5 A0 22 B8 A2 25 Fl Transformer 58S, &
RENSAS T 0 1) /e bERE . B4k, RoDeNet 7EAN I
FWINSHE SIFE R P TR, G

BRI RO T SR P RRIESRIGE ) S o e RE
3.5.2 SrANERERT L

b T B33F RoDeNet [ 45 2 14, 7 47 55 5 ik $%
CIFAR-10, CIFAR-100, Imagenette fil Imagewoof % #
L AT I AU L LG o X L 45 4550 : ResNet-
34, FAVOR+™ HO-ResNet™, WideResnet-28-10 , Multi-
ResNet, ABNet-2G-R3"", SSCNet™ . MSMDFormer"™”
ATONet™" | Couplformer””’ . MMA-CCT-7/3x2"" | QKFormer™”
ViT-Lite-7/4"", FMDConv"” I CIARD" 3£ 16 4~ [} 2%
B o, SRIFIR AR O SE R FHXT LU I 268 B X 1
SCERAEAY SIS A IR s IR A ARG Ao 10 SRR A A TR IR AR
M, SLEZERANE 6 i,

14 6 1%, RoDeNet 7544448 1 o 2 14 e
P R, 7E CIFAR-10 1 CIFAR-100 4 |- i
W R4y ik BT 96.87% 1 81.81%, 71E Imagenette il
Imagewoof X P~ H AT & 2% JU[ AR e () 5 da de b, MR
ROHIAENT 94.72% F1 89.69%, 405t TIHABMR, H
1 HO-ResNet 3 i3 /5 i 5 A4 A5 L 14 5 1 S22 1R 3R Gk g
01, EEHARSCIh G RTE R, XIS %)
PG X LR RS 52 B R AE 5 ATONet (12 A2 50111450
TREIXEET), (B2 MR 2 B = A7 R MM AR
X201 % AR BRI AR A A AR A B R AL B RE ) 2 PR
FMDConv i # 3= ZEAR BUAEAT I 5, (2200 25 (] 2%
PSR I, X4 F4 A8 1k B I sl S It A i 1 PR
TENPEANE

XF T 3T Transformer 45 #4 B9 #5 % | MMA-CCT-
7/3x2 38 i Z PR A T MU AE 4 R g Uy T 3R
P, AR R ER R AR 4 HURE ) 55 158 5 46 TR A
MSMDFormer 454 2 REEFRHIE, (HHEE = 5 RER oL,
TE A 2 A PR B e DA R 4l AR 40 9 4544 5 ViT-Lite-7/4
& Ry %5 Transformer X 0 415 FIASE F1 43 PR A5 45858

(5 H#E. HHERAFBITRETLERER

Table 5 Comparative results for parameter count, computational complexity, and inference speed

Network Parameters/M FLOPs/G Speed/(f/s)
ResNet-34 21.33 3.61 3.02
CAPR-DenseNet 25.51 17.73 2.86
Couplformer 27.63 14.29 2.73
WideResnet-28-10 36.5 5.96 -
HO-ResNet 50.26 11.05 1.93
Multi-ResNet 51.23 11.73 1.62
QKFormer 35.62 26.39 -
RoDeNet 25.65 5.73 1.78
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k6 FGHRAMILE SR
Table 6 Comparative results for different network models
Network CIFAR-10/% CIFAR-100/% Imagenette/% Imagewoof/%
ResNet-34 96.29 78.8 89.98 84.6
FAVOR+ 91.42 72.56 88.16 77.57
HO-ResNet 96.32 77.12 87.23 79.74
WideResnet-28-10 95.87 80.50 88.34 78.71
Multi-ResNet 94.56 78.69 87.71 81.26
ABNet-2G-R3 96.08 80.83 - -
DAMSNet 96.51 80.50 - -
SSCNet 96.69 80.63 88.75 82.09
MSMDFormer 95.65 77.46 - -
ATONet 94.51 78.56 86.68 80.21
Couplformer 93.54 73.92 87.91 77.89
MMA-CCT-7/3x2 94.74 77.51 - -
QKFormer 96.18 80.27 88.42 81.67
ViT-Lite-7/4 93.57 73.94 - -
FMDConv 94.21 74.99 - -
CIARD 91.8 73.4 - -
RoDeNet 96.87 81.81 94.72 89.69

Ak = R B REE, RERHERIA IS -
3.5.3 ¥HE. BREFEM F1 980 LK

FEHAZR (precision) S 7F I A w5 A TR0 A 1F 8 (A
A, HIERIER WG], AR (recall) & 78 A 5L
PR EZERYREAS T, F1 2088 (F1-Score) S i <A1 1]
R WFPE 5L, F1-Score 15 7= BB R ZERS i 2% A1 43 1]
R AR R AT, PEREIMT HARRIL TS . A
XF T RoDeNet 5 ResNet-34, WideResnet-28-10 7 =
TiEbR AR, SCEREIRAE 7 PR,

SC G 45 L K, RoDeNet 78 — T 45 #5 I ¥ B 45
TIRAERM, HKE %R 08191, 4 %% 0.8181
FIF1 7350 0.8180, 45 25 T 55 Ah WIS XS LAY
Hr ResNet-34 i@ i hnfE G RUZHES ik 224, L
AFX T3 B0 [ 22 1) 45 4 7E 52 85080 43 A 1 PT BESZ PR
WideResnet-28-10 HLA[ 14 il vi B B AR $R T+ T RE AU 25 5
HWEFIATHEZHNSE, HAEREAZIR ., SRR T

RoDeNet 7E/rJAL 55 A a5z ek, A
ACRENS S ERR A TEREAS TR R, iy EL AR S 127
T S ARSI, BRSBTS Ik e

3.6 JHRLSKIG

T XFEE RDCM Fil HGA FEHe7E 0 25 v 59 A5 30k
ATTE CIFAR-10, CIFAR-100, Imagenette Fll Imagewoof
i LT RoDeNet ML . £ 10 R4 itk
FEVUAN B A IR R G R L, SCIas Rk 8
s, o 7 R R

SCERLE SRR, 551 A RDCM Fl HGA Bk
BAIMEREAT & T B 242 TF. RDCM $4EAY 7 1 SRR AF
B IHURARAE T 5 RJZRE, HGA WE AL
HPHC S RDCM $2 U F0 M Ty R AE, 8 B Al
(I PERE PR T AT A B H B PERE ST RCR , —H DB RIfE
FHAERASE e 5 i P 1 ] S 3 PR I 1 1 3 i 1

X7 WAE. FEElF1 8T R s

Table 7 Comparative results for precision, recall, and F1 score

Network Precision/% Recall/% F1-Score/%

ResNet-34 78.31 78.28 78.20
WideResnet-28-10 80.51 80.42 80.39

RoDeNet 8191 81.81 81.80

250307 (Page 11 of 16)


https://doi.org/10.12086/oee.2026.250307

F20HE, 4 OLHL T, 2026, 53(4): 250307

https://doi.org/10.12086/0ee.2026.250307

a 107
0971

0871

Accuracy/%

0771

061

( — RoDeNet

0.5

0 50 100 150 200

09t

0.8

Accuracy/%

0.7

0.6

— RoDeNet

0.5

0 50 100 150 200

Epochs

107

(op

0871

06

Accuracy/%

0471

02t |

— RoDeNet

0 50 100 150 200

081

061

Accuracy/%

04r |I

021

— RoDeNet

0 50 100 150 200

Epochs

B 10 ##FHF%E. (a) CIFAR-10; (b) CIFAR-100; (c) Imagenette; (d) Imagewoof

Fig. 10 Accuracy line chart. (a) CIFAR-10; (b) CIFAR-100; (c) Imagenette; (d) Imagewoof

%8 HEREIHRLZR
Table 8 Ablation study results
Network CIFAR-10/% CIFAR-100/% Imagenette/% Imagewoof/%
————— 96.29 78.8 89.98 84.6
+HGA 96.86 80.37 92.86 85.26
+RDCM 96.71 80.84 94.42 88.97
RoDeNet 96.87 81.81 94.72 89.69

5i, (AR R LA 7 1) SRR SRR AR B R P

3.7 AR

R T #E— WK RoDeNet X JCHEAFAE LU A RICR:
AT 520 BEHL DenseNet, ResNet-34 1 WideResnet-28-
10 =~ M 45181 5 RoDeNet 47 AT 9LAL /B xF He o 52
B8 1R Imagenette 30455 I BEMLZEE 1 5K A [F] 2
B, WA 1) Bros, 2% M2 a AL X L 45
e 11 R

DN £ o T2 s <9 V1E = L o 3 B =
DenseNet Fll ResNet-34 (#4743 A A£ 76 W I i 1 200 43
BOLE, Rl ETEab i Jeg st OISR B2 XK
AL G, 2 B 3 X 2 Pk LA v o o7 S B ) 0 e

fiE. WideResnet-28-10 F 8K JE I HE AH XS A (38006 DX 45,
TEATR AR TS S W7 PR A ZASE A (Rl L, AL
T, RoDeNet A 38 1 I B[] 2 GURFAE ) DTRRA R (1)
T B ELAARS W SRt , 7R IREA RS i SR A2 3k
TOOCHERRIE, 7RIy S rh e e iR S5 MR 3, FEE 4
s RS A A S T

4 & i

B RE JLARTZ5H R BUZAE IR e . Rl as L
AT AR $ R ALE B HRARE AN JE LA B A% e I 238 M LAAT 551X 70
HERHAE 5 T SR Y IR, AR SCHR H AYTERE i) AR A
UGB M, i 5 | TS ] A B U &
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B 11 &RaER TS LA, (a) R4 B (b) DenseNet; (c) ResNet-34; (d) WideResnet-28-10; (e) RoDeNet

Fig. 11 Comparison of visualizations of various network models. (a) Original image; (b) DenseNet; (c) ResNet-34; (d) WideResnet-28-10; (e) RoDeNet

FRECR AR, S B LA T Il BB R S LA
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T ELRRAE A G R RO M A, BT T ARRIE R
HORGHERE . SZERI6IE T RoDeNet FOAG SCEFILHME, AH
b F £k W 45 458 ResNet-34, 7£ CIFAR-10. CIFAR-
100, Imagenette 1 Imagewoof (a5 I [ HERH 20 5112
BT 0.58%., 3.01%. 4.74% F15.09%, Z5RFE0EW T
RoDeNet 7£ JUf AR # 55 (4F T )8 Bt AR IE S BE ) o
AR H ) RoDeNet (1 ARFE 2 FEHERHE 45 T LS
TR E VRS T: , AR TR SR R, e,
FETHARCR T, ek nl AR SR R AL T TSR
FIEER NN Z 5 LB T HSMOTT BT, Hik,
IR A DU A [ 8 e M EE (0°, 45°, 90°, 135°) A&
SRABNE T 55 20 LA He , (RRFEgeas Ml BT vl

REASHAAE IR AR YIS BE A R Aok TARR 21
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RIS, 2 Fe TR AR Az AL RE

& STk
LW, HER . ICROREONEE . A, SERABOT S e,
WIEE, 8RS, RSB K. 15 SIESCE
WX,

FFE s
A P TR £ R

S 3CRK

1. LiuY, Pang Y L, Zhang W D, et al. Active learning based image
classification technology: status and future[J]. Acta Electron Sin,
2023, 51(10): 2960-2984.

250307 (Page 13 of 16)


https://doi.org/10.12263/DZXB.20230397
https://doi.org/10.12086/oee.2026.250307

2 30HE, 4. S TR, 2026, 53(4): 250307

https://doi.org/10.12086/0ee.2026.250307

XU, FEP R, SRAZR, 45, 6T F 302 ) MRS SR BUIR 53k
[J]. 24, 2023, 51(10): 2960-2984.

Zhu L Z, Wang J Z, Lee W, et al. Incorporating simulated spatial
context information improves the effectiveness of contrastive
learning models[J]. Patterns, 2024, 5(5): 100964.

Krizhevsky A, Sutskever |, Hinton G E. ImageNet classification with
deep convolutional neural networks[C]/Proceedings of the 25th
International Conference on Neural Information Processing Systems,
2012: 1097-1105.

Simonyan K, Zisserman A. Very deep convolutional networks for
large-scale image recognition[C]/Proceedings of the 3rd
International Conference on Learning Representations, 2015.

He K M, Zhang X Y, Ren S Q, et al. Deep residual learning for
image recognition[C]//Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition, 2016: 770-778.
https://doi.org/10.1109/CVPR.2016.90.

Zagoruyko S, Komodakis N. Wide residual networks[C]/
Proceedings of British Machine Vision Conference (BMVC), 2016.
Xie S N, Girshick R, Dollar P, et al. Aggregated residual
transformations for deep neural networks[C]//Proceedings of IEEE
Conference on Computer Vision and Pattern Recognition (CVPR),
2017: 5987-5995.

https://doi.org/10.1109/CVPR.2017.634.

Abdi M, Nahavandi S. Multi-residual networks: improving the speed
and accuracy of residual networks[Z]. arXiv: 1609.05672, 2016.
https://doi.org/10.48550/arXiv.1609.05672.

Huang G, Liu Z, Van Der Maaten L, et al. Densely connected
convolutional networks[C]//Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition, 2017: 2261-2269.
https://doi.org/10.1109/CVPR.2017.243.

Tan M X, Le Q V. EfficientNet: rethinking model scaling for
convolutional neural networks[Cl//Proceedings of the 36th
International Conference on Machine Learning (ICML), 2019:
6105-6114.

Dai J F, Qi H Z, Xiong Y W, et al. Deformable convolutional
networks[C]//Proceedings of IEEE International Conference on
Computer Vision (ICCV), 2017: 764—773.
https://doi.org/10.1109/ICCV.2017.89.

Zhu X Z, Hu H, Lin S, et al. Deformable ConvNets V2: more
deformable, better results[C]//Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2019:
9300-9308.

https://doi.org/10.1109/CVPR.2019.00953.

Wang W H, Dai J F, Chen Z, et al. Internimage: exploring large-
scale vision foundation models with deformable convolutions[C]//
Proceedings of IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), 2023: 14408-14419.
https://doi.org/10.1109/CVPR52729.2023.01385.

Woo S, Debnath S, Hu R H, et al. ConvNeXt V2: co-designing and
scaling ConvNets with masked autoencoders[C]//Proceedings of
IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2023: 16133-16142.
https://doi.org/10.1109/CVPR52729.2023.01548.

Sun R, Tao L, Zhang W C, et al. TEC-Net: Vision Transformer
embrace convolutional neural Networks for medical image
segmentation[EB/OL]. arXiv:2306.04086, (2023-11-20) [2025-04-
25]. https://doi.org/10.48550/arXiv.2306.04086.

Bahdanau D, Cho K, Bengio Y. Neural machine translation by jointly
learning to align and translate[C]//Proceedings of the 3rd
International Conference on Learning Representations, 2015.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need[Cl//Proceedings of the 31st International Conference on
Neural Information Processing Systems, 2017: 6000—6010.

Hu J, Shen L, Sun G. Squeeze-and-excitation networks[C]/
Proceedings of IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2018: 7132-7141.
https://doi.org/10.1109/CVPR.2018.00745.

Li W X, Guo Y C, Zheng J L, et al. SparseFormer: detecting objects
in HRW shots via sparse vision Transformer. [C]// Proceedings of
the 32nd ACM International Conference on Multimedia (MM '24),
New York, USA, 2024, 4851-4860.
https://doi.org/10.1145/3664647.3681043.

Yuan JY, Gao H Z, Dai D M, et al. Native sparse attention: hardware-
aligned and natively trainable sparse attention[C]//Proceedings of
the 63rd Annual Meeting of the Association for Computational
Linguistics, 2025: 23078-23097.
https://doi.org/10.18653/v1/2025.acl-long.1126.

Reza A, Leon N, Michael H, et al. Beyond self-attention: deformable
large kernel attention for medical image segmentation[EB/OL]. arXiv:
2309.00121, (2023-08-31) [2025-04-25].
https://doi.org/10.48550/arXiv.2309.00121.

Ashtekar A. Black hole horizons and their mechanics[Z]. arXiv: 2308.
08729, 2023. https://doi.org/10.48550/arXiv.2308.08729.

Worrall D E, Garbin S J, Turmukhambetov D, et al. Harmonic
networks: deep translation and rotation equivariance[C]/
Proceedings of IEEE Conference on Computer Vision and Pattern
Recognition, 2017: 7168-7177.
https://doi.org/10.1109/CVPR.2017.758.

Serre J P. Linear Representations of Finite Groups[M]. New York:
Springer, 1977. https://doi.org/10.1007/978-1-4684-9458-7.
Choromanski K M, Likhosherstov V, Dohan D, et al. Rethinking
attention with performers[C)//Proceedings of the 9th International
Conference on Learning Representations, 2021.

Luo Z B, Sun Z T, Zhou W L, et al. Rethinking ResNets: improved
stacking strategies with high order schemes[Z]. arXiv: 2103.15244,
2021. https://doi.org/10.48550/arXiv.2103.15244.

Daliparthi V. S S A. ANDHRA Bandersnatch: training neural
networks to predict parallel realities[Z]. arXiv: 2411.19213, 2023.
https://doi.org/10.48550/arXiv.2411.19213.

Jiang W T, Chen C, Zhang S C. Sparse feature image classification
network with spatial position correction[J]. Opto-Electron Eng, 2024,
51(5): 240050.

FEOCHE, W, SRR, 2 )7 B I AR BT MR A 2B M 26 [J]. O
LT, 2024, 51(5): 240050.

Yang Y T, Li L L, Liu X, et al. Multiscale and multidirectional transformer-
based image recognition[J]. Chin J Comput, 2025, 48(2): 249-265.
WEEE, 28, X, 5. 5T 2 REZ-2 751 Transformer f 1R
B AR, 2025, 48(2): 249-265.

Wu X D, Gao S Q, Zhang Z Y, et al. Auto- train-once: controller
network guided automatic network pruning from scratch[C)/
Proceedings of IEEE/CVF International Conference on Computer
Vision and Pattern Recognition, 2024: 16163-16173.
https://doi.org/10.1109/CVPR52733.2024.01530.

Lan H, Wang X H, Shen H, et al. Couplformer: rethinking vision
transformer with coupling attention[C]/Proceedings of IEEE/CVF
Winter Conference on Applications of Computer Vision, 2023:
6464—6473. https://doi.org/10.1109/WACV56688.2023.00641.
Konstantinidis D, Papastratis |, Dimitropoulos K, et al. Multi-
manifold attention for vision transformers[J]. IEEE Access, 2023, 11:
123433-123444.

250307 (Page 14 of 16)


https://doi.org/10.12263/DZXB.20230397
https://doi.org/10.1016/j.patter.2024.100964
https://doi.org/https://doi.org/10.1109/CVPR.2016.90
https://doi.org/https://doi.org/10.1109/CVPR.2017.634
https://doi.org/https://doi.org/10.48550/arXiv.1609.05672
https://doi.org/https://doi.org/10.1109/CVPR.2017.243
https://doi.org/https://doi.org/10.1109/ICCV.2017.89
https://doi.org/https://doi.org/10.1109/CVPR.2019.00953
https://doi.org/https://doi.org/10.1109/CVPR52729.2023.01385
https://doi.org/https://doi.org/10.1109/CVPR52729.2023.01548
https://doi.org/10.48550/arXiv.2306.04086
https://doi.org/https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1145/3664647.3681043
https://doi.org/https://doi.org/10.18653/v1/2025.acl-long.1126
https://doi.org/https://doi.org/10.18653/v1/2025.acl-long.1126
https://doi.org/https://doi.org/10.18653/v1/2025.acl-long.1126
https://doi.org/10.48550/arXiv.2309.00121
https://doi.org/https://doi.org/10.48550/arXiv.2308.08729
https://doi.org/https://doi.org/10.1109/CVPR.2017.758
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.1007/978-1-4684-9458-7
https://doi.org/https://doi.org/10.48550/arXiv.2103.15244
https://doi.org/https://doi.org/10.48550/arXiv.2411.19213
https://doi.org/10.12086/oee.2024.240050
https://doi.org/10.12086/oee.2024.240050
https://doi.org/10.12086/oee.2024.240050
https://doi.org/10.12086/oee.2024.240050
https://doi.org/10.12086/oee.2024.240050
https://doi.org/10.11897/SP.J.1016.2025.00249
https://doi.org/10.11897/SP.J.1016.2025.00249
https://doi.org/https://doi.org/10.1109/CVPR52733.2024.01530
https://doi.org/https://doi.org/10.1109/WACV56688.2023.00641
https://doi.org/10.1109/ACCESS.2023.3329952
https://doi.org/10.12086/oee.2026.250307

FOCUE, & OB TR, 2026, 53(4): 250307 https://doi.org/10.12086/0ee.2026.250307

33. Zhou C L, Zhang H, Zhou Z K, et al. QKFormer: hierarchical spiking 35. Zhang TY, Wan F, Duan H R, et al. FMDConv: fast multi-attention

transformer using Q-K attention[Cl//Proceedings of the 38th dynamic convolution via speed—accuracy trade-off[J]. Know/-Based
International Conference on Neural Information Processing Syst, 2025, 317: 113393.
Systems, 2024. 36. Lu L M, Pang S C, Zheng X, et al. CIARD: cyclic iterative
34. Tan J H. Pre-training of lightweight vision transformers on small adversarial robustness distillation[C]/Proceedings of 2025
datasets with minimally scaled images[Z]. arXiv: 2402.03752, 2024. IEEE/CVF International Conference on Computer Vision (ICCV
https://doi.org/10.48550/arXiv.2402.03752. 2025), 2025: 350-359.
EEE T

%30 (1986, B, B, MR, BULESIE, &
ST PR SR 3B B
S L LA EITFRAEEOR T AL T8 AR
AT LI, RRASCERIEL 30 RE, HX
RIS

E-mail: Intuwulue@163.com

[EfEEH ] E4 R (2000-), B, B, £58
WFFEI7 1 AR B 24 ) SRR AR FE | BRI 5 A T

E-mail: 1606592672(@qq.com

Image classification network with rotating
deformable convolution

Jiang Wentao!, Dong Jinliang'’, Zhang Shengchong?

! College of Software, Liaoning Technical University, Huludao, Liaoning 125105, China;
2Key Laboratory of Optoelectronic Information Control and Security Technology, Tianjin 300308, China

Abstract

Objective Image classification serves as a fundamental component in computer vision and supports a wide range of applications including
object recognition, scene understanding, and intelligent perception systems. Deep convolutional neural networks have made substantial
progress through hierarchical feature learning and residual architectures. Despite these advances, conventional convolution operations rely
on fixed sampling grids and rigid kernel geometry, which limits their ability to adapt to geometric transformations such as rotation, scale
variation, and orientation changes. When object orientation varies, features extracted by fixed convolution kernels become spatially
misaligned, leading to inconsistent representations within the same category and reduced classification robustness. Deformable convolution
partially alleviates this limitation by learning adaptive sampling offsets, yet fully data-driven offsets lack explicit geometric constraints and
often result in offset divergence, unstable sampling patterns, and weak sensitivity to directional structures in deeper layers. In addition,
existing convolution-based networks tend to assign similar importance to foreground and background features, which amplifies the
influence of noise and reduces discriminative capability. The objective of this work was to construct an image classification network that
simultaneously enhances rotation robustness and improves feature selection stability under complex geometric variations.

Methods A rotational deformable convolution-based image classification network, named RoDeNet, was developed on the basis of the
ResNet-34 backbone. The core component of RoDeNet was the rotational deformable convolution module (RDCM), which integrated
explicit geometric priors with adaptive offset learning. Instead of relying solely on unconstrained learned offsets, RDCM introduced
predefined rotational offsets corresponding to four base orientations, namely 0°, 45°, 90°, and 135°. These offsets provided stable
directional references for convolutional sampling. A compact offset prediction network was employed to generate dynamic offsets from
feature responses. The predefined offsets and learned offsets were combined through element-wise addition, which constrained the
deformation process within a geometrically meaningful range while preserving data-driven adaptability. RDCM adopted a dual-path
structure. One path employed standard convolution to preserve stable base features and ensure consistent low-level representations. The
other path applied rotational deformable convolution to capture orientation-adaptive features through direction-aware sampling. Feature
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outputs from both paths were concatenated along the channel dimension to form enriched representations. To prevent information loss
during feature enhancement, a feature preserve module (FPM) was integrated after feature fusion. FPM consisted of an attention-guided
enhancement branch and a feature retention branch. The attention branch amplified discriminative spatial responses, while the retention
branch maintained the original structural information, ensuring balanced feature optimization. To further improve feature discrimination
and noise suppression, a hierarchical gated attention (HGA) mechanism was incorporated into residual blocks. HGA divided feature
channels into multiple groups and processed them through two cooperative branches. The spatial pooling branch extracted horizontal and
vertical contextual information to model long-range spatial dependencies. The depthwise separable convolution branch focused on local
spatial patterns with reduced computational cost. The outputs of the two branches were fused to generate adaptive attention weights, which
were used to reweight feature responses across spatial and channel dimensions. In the overall architecture, RDCM replaced the initial
convolution layer and the first residual block of each stage, while HGA was inserted after the second convolution within residual blocks to
avoid interference with early geometric correction.

Results and Discussions Extensive experiments were conducted on CIFAR-10, CIFAR-100, Imagenette, and Imagewoof datasets to
evaluate classification accuracy, robustness, and efficiency. RoDeNet achieved classification accuracies of 96.87% on CIFAR-10, 81.81%
on CIFAR-100, 94.72% on Imagenette, and 89.69% on Imagewoof. Compared with the baseline ResNet-34, accuracy improvements of
0.58%, 3.01%, 4.74%, and 5.09% were achieved, respectively. The performance gains were more pronounced on Imagenette and
Imagewoof, which contain significant orientation variation and background complexity, indicating improved geometric robustness.
Parameter sensitivity experiments demonstrated that moderate predefined rotation offset strength produced the most favorable performance
balance. Excessively strong geometric priors constrained adaptive learning, while purely data-driven offsets failed to provide stable
rotational modeling. Ablation studies confirmed that RDCM and HGA each contributed independently to performance improvement.
RDCM enhanced direction-sensitive feature extraction, while HGA improved discriminative feature selection and suppressed background
noise. Their combination produced greater performance gains than either module alone, indicating complementary functionality.
Computational analysis showed that RoDeNet introduced a moderate increase in parameter count and computational complexity compared
with ResNet-34, while remaining significantly more efficient than many Transformer-based classification models. Visualization analysis
further revealed that RoDeNet focused more accurately on object regions and structural contours, whereas baseline models exhibited
dispersed or background-dominated activation patterns. These observations confirmed the effectiveness of the proposed geometric
adaptation and hierarchical attention mechanisms.

Conclusions A rotational deformable convolution-based image classification network was presented to address the limitations of fixed
convolutional structures under geometric transformations. By integrating predefined rotational priors with dynamically learned offsets,
RDCM enabled stable and direction-aware adaptive sampling. The feature preserve module balanced feature enhancement and information
retention. The hierarchical gated attention mechanism improved multi-level feature discrimination through grouped attention modeling.
Experimental results demonstrate that the proposed network achieves superior classification accuracy and robustness under rotation and
orientation variations while maintaining acceptable computational efficiency. The method provides an effective solution for rotation-
sensitive image classification tasks. Future work will focus on reducing computational overhead and extending the framework to
continuous rotation modeling and to scenarios involving non-rigid geometric deformations.
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