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Fig. 1 Overall structure of SDPNet
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Fig. 2 Comparison chart of network first-layer convolution layer before and after modification
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Fig. 3 Negative value suppression structure diagram
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Fig. 4 Comparison of feature images before and after using the
NES module
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Fig. 5 FR structure diagram
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Fig. 6 Feature extraction operation structure diagram
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Fig. 10 Four types of residual blocks. (a) Basic block; (b) Residual block;
(c) Residual block fused with SDP; (d) DFR
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3 SKWRLERSH

3.1 SLERIME

3.0.1 B BAEE A RSIESE

SLH R AR S A S BRI T . BERSE
“Jy Windows11, 44 NVIDIA RTX 3090 & (24 GB
WA, HKFHE 2249 55 Pytorch 1.9.7. CUDA 12.1 5
CUDNNS.3, 42155 N Python 3.9.13, Fr{di 1 A K dh
#4035 CIFAR-10, CIFAR-100. SVHN. Flowers-102 }
NWPU-RESISC45, VI & ZMER 25, BAR%
P BN 1 iR,

A1 SREEE

Table 1 Experimental datasets

Num. of Number of training Num. of test
Name Size
classes samples samples
CIFAR-10  32x32 10 50000 10000
CIFAR-100  32x32 100 50000 10000
SVHN 32x32 10 73257 26032
Flowers-102  96x96 102 14740 15153
NWPU-
256x256 45 27000 4500
RESISC45

3.1.2 SHWIHILSIGHES

0 265 Z B B0 4 A o A B R g R 1 28 G
PRS0 B AT S BRI R RO RS SE 1, (AT XS
HBORITE N — B 25 F R EAT ISR, AR WF TN B A
KBHR LA W IR AL e
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AT RIS . S TR F R 2 SR TR R R s
S ILLT R : X FARAFACH AR, Fs|
SRR IR SO B SE R A AR TFIRA A Y 4 R N i
DR AN R =R T .S i g €7 S 0 3
BN 2 PR,

T FORAKRAGER, MR R, A
72 2 AR S UERG R AT, SDPNet(4< SCIM%%) 1E
ZAEAREE A P RE I O0 T HA 11 Fh I 8 A
o SDPNet 119 55 = #E i 22 43 51 24 80.63% . 96.95% .
97.66%, X HHA ) 25 73 SR R R T T 3.60%
2.52%. 2.09%.

PEREIK T SDPNet AR 454 DCDENet Fl1 QKFormer,
HE T R 3 5N 80.08% . 96.56% . 97.66% 5 80.26% .
96.18% . 97.13%. DCDENet [i] SDPNet — %, #B /& 1E
ResNet 7% 22 0 2% iy F it b fin DL 2e it , DCDENet & FH XYL
IR, T ARSCHERRIE R T, R
Th T RERU H bR K38 22 (7 20%F . QKFormer %0 BT
BRAE T2 T Q-K B IHLEI, ZALflE i Ltk &2 2
1) 4 1) i A R, SICIL T3 T A Y e R
B, A0S B G E BRI RE Sy, (HE IR KL%
AU F R 25 O A e T, 16 )R ERAFE A
P AT, HIIRCRAILT SDPNet,

EfficientNets /£ CIFAR100, CIFAR-10, SVHN =4~

%2 TBER%AEIARIEE LG X EFHE
Table 2 The classification accuracy rates of different networks on
three datasets/%

Method CIFAR-100 CIFAR-10 SVHN
ResNet-34"" 78.14 95.80 96.82
EfficientNets"™” 75.96 94.01 93.32
GhostNet"™” 77.15 94.92 93.86
MobileNet-LAM"" 68.09 89.37 —
QKFormer™? 80.26 96.18 97.13
TLENet"”” 78.42 95.46 96.83
ATONet"" 78.47 93.83 94.61
Couplformer'™ 73.92 93.54 94.26
SSLLNet™ 79.32 95.79 97.04
Multi-ResNet”” 78.68 94.65 —
DCDENet" 80.08 96.56 97.55
SDPNet (Ours) 80.63 96.95 97.66

BOPE 5 A HER R 43 B 75.96% . 94.01% . 93.32%,
TR A IR . SEE MR, MR s Y
JERAE, BRSO, HEES
A = A PR, TE/NROT MG L o BER AR OR
WU 2GR0, A ISHER R Z IR

GhostnNet 1 Couplformer #8218 1< 2% #4) 544 S P =5
ROTHE, TR 4 MobileNet-LAM £ it
PET;, R AT AT A S R i B
RET1, SEWLIZIbRE AR 2%,

HoAl 26 B ARAE L3R = AN S P RE R B 1T,
RRRA G R, XTSRRI LU AR
Jo AR W ME AR 9 10 B0, SDPNet 50U fe i, MU,
SDPNet 7 3 588 Jmy F Re I B IAE J1 B A1, ORAIE T 4%
RRZACTE, BERSMERG IR AL OCHE X WURERIE , -T2
TR
3.2.2 SDPNet S¥(& . HHEBKETHEE

Sk B SDPNet £ 552 b 7 FH H ) 22 8 o] FH 14 ] 2
bk, WM RHSECR . R s T T
Feorbr, BARZER NG 3 R,

M 3ATH, 5 LR MMk, SDPNet i) 24K
5 ResNet-34 S 8 AH T, (UAH2 058 M, 5§
EfficientNets [ 53.68 M. Multi-ResNet ¥ 52.03 M UL )
HO-ResNet™ i) 51.22 M A1, SDPNet A S50 5k,
X & Kh SDPNet AR HI KRB, BT ML R 25
i, GIA TSR, R R AL

SDPNet fit5 4 7.50 G, 5T SSLLNet ) 636 G.
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%3 ZRABXNHEKE, THERETRE
Table 3 The parameter count, FLOPs and FPS of each network

Method Params/M FLOGs/G FPS
ResNet-34"" 21.35 3.67 3.01
EfficientNets"” 53.68 4.79 —
Couplformer'™” 27.74 4.47 2.83
Multi-ResNet”” 52.03 11.68 1.60
TLENet"™” 47.03 9.42 2.28
ATONet"? 29.97 9.83 1.81
SSLLNet"™ 31.62 6.36 212
HO-ResNet"™” 51.22 10.98 1.93
SDPNet (Ours) 21.93 7.50 2.55

EfficientNets ) 4.79 G LA } Couplformer {9 4.47 G,
AN, 15 Multi-ResNet 4 11.68 G #H 1, {54k
FHARIKT-, M SDPNet 3l 11 435238 JiE 1353 7 84 ok
AR RR SR T, ARELT BRI ERICR

SDPNet fi43z 17 4 £ A 2.55 f/s, 1T Multi-ResNet
i) 1.60 f/s Fl TLENet [ 2.28 f/s, 7E [ iR M %&btk T
K. RAE IR, B SDPNet [ 3 BT 4k T+
FIELTE, Wl R SCPRERE T R EROR AR
iR S N G Tl N 8

Zi Lrik, SDPNet fES4it . A DL SGs 17
FET R MEA R, BAR SEE AR ia 1 T3
B, NHAEGRZ R 5T A SEhREE pa e T IR SR,
SRS BR ) 2R 88 AT AR AT o

3.3 HRAXIY

T Pl SDP A5 Fl DFR 8 %} SDPNet 4 & 1)
Tk, ASFSEET ResNet-34 31 TH RS, @l
M S A IMAGK PRI, 5 545 ResNet-34 #E47%F
FLarre BRI n] Hebk, 7 FORPAS [R) R % g
FIFJREHIE . Ho CIFAR-100, CIFAR-10, SVHN Jy
INRST EMR BG4, NWPU-RESISC45 g K R~ E 5 8%k
Pa4E, Flowers-102 W& ZFh R0 AR KIS . hEe

R4 FINTRRERGFIRER:

— i AREE . ABFSEH Flowers-102 %038 4 0 RS AE T
AL PR BE ST — #8796 pixelx96 pixel, % T Flowers-
102 A1 NWPU-RESISC45 %4 % R ~F K T CIFAR-100.
CIFAR-10. SVHN —FgdladE RSF, SRy i R R EHE
FARFIE BRI SR, FRATTHF ResNet-34 AU LA FFE SR EUZ
PRI R T<T BRALEEH, I8 ISR )Z . X0 r3H
A ZE AN 4 Fis

HH 7S 4 MRS ZE v, fE2 D EdREE L, 5l
A SDP 5 DFR Bl 1%} ResNet-34 (1943 KM fig =4 T
WEHR T, BRI S, ResNet-34+SDP 7E CIFAR-100,
CIFAR-10, SVHN. Flowers-102 Fl NWPU-RESISC45 %
e E R RUE RS T 1.72%. 1.03%. 1.61%.
4.14% T 1.99%; ResNet-34+DFR 73 %] $2 7+ T 1.40% .
0.13%. 0.12%. 2.65% F1 1.66%; i [5] i fl & SDP 5
DFR HHe i 52 8 4 %0 (SDPNet) 42 FHc b B 35, ERRR
SRR ET 2.11%, 0.53%. 0.39%. 7.59% F1 2.38%.
SDPNet AHXJ T Ji 458 U £ T i B8 Je K, U HAE S 015K
H £ CIFAR-100., Flowers-102 Fil NWPU-RESISC45
B LRI . X RIIBIRIARGE T =5 126
Sl o) e ELADI I AR 2R, DT ok B 2 1
fietzs . M2 F, CIFAR-10 Fl SVHN $34E B R FE
PSS A N S B3V i DO E S N N = 8 £ 3 R R AR =
RNl BN UE SR i o]

R Lk, TR B s AR RN i o 2 D,
DFR 5 SDP B84 58 A7 242 F+ ResNet-34 1 73 ZS fEH
R, I HPEH A SDPNet 78 A IR 400 F 4
I EAAILRETERE

3.4 FEENNHIXTEL LI

JHGUE SDP 5%} ResNet-34 FPEREIR TR, &
WS T A E B LR AT X LG, f4E SE.
SCConv (Li %", 2023), CA (Huo %"", 2021). CBAM
(Woo 1" 2018) 5 ADWM (Huang %, 2025) % H
()RR I HLE R AN e 5, 8 5 Rl = s AL 43 1)

DREFHE (12 %)

Table 4 The experimental results of introducing different modules: the classification accuracy rates (Unit: %)

Method CIFAR-100 CIFAR-10 SVHN Flowers-102 NWPU-RESISC45
ResNet-34 78.14 95.80 96.82 82.73 90.07
ResNet-34+SDP 79.86 96.83 97.23 86.87 92.06
ResNet-34+DFR 79.54 95.93 96.94 85.38 91.73
ResNet-34+SDP +DFR 80.25 96.33 97.21 90.32 92.45
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e AZ| ResNet-34 [ #51, 3f-7F CIFAR-100. Flowers-
102, STL-10 =ANEHE4E AT IIZR, DX oo br ek
REZES

i F Flowers-102 Fl1 STL-10 [ J5L i B8 R <F KT
CIFAR-100, xRS BRI RS- IR K, A5
1 ResNet-34 B JZFHIESREUZ L 77 BRI L5
AN AL, H AR IR AZ B ARG SR R E 4R
RET1. SEHRESIANE 6 ik, H, SDP bk fiPERE R
e, FE B =ABEEEE s SaEr R T A 5 R
FEWALTIN Y85

Y SEERZE AT, SE REH i 51 AGE I 2 L
il ol DO £ AR TR ) MRS SR B R R T, R R A ) B
TE N PEPERE ST, DO THRAE ) 4 312 S5 A ) B {3
KRBT o (HJRHLE G REAT 55 T A SCHE H ) SDP A5
B, RORPR SE il ad 4 i Bz 2 AR BT A I ) 1 42 )R
WKHFOCZR, (B FFEE B AT 030 P R 2 (RIS AE A OCHG, 3X b
P E A S BAT R AR B ey, RO At
JCI B SE A AU s 51 SCConv #5EH 1Y N 45
1E Flowers-102 ¥4l 4 L WUS T L0002tk ne, HuE
W R {UR T SDP, lad 745245 [A] 74 5 1 R AR R i O X
B, P e ST, PRl AR, HaR
SR E , A B TR A B X AR B S R e

SCConv [ 3UH 454 AR R o, (55 8 4 AR a7 o
HERNYLHA L, 5] ABIMETHEIFH ; ADWM
T AR S 3 AL, A S SRR ] e g
I e S R T M= 2 1L G O T U s PO Tk 9 S S O
I 265 9 38 1 b DR A R s T I8 2 4 ey R S, AT
PR BN [ RN A, (HE5G ADWM [1Y5R 253
B hREGR 2SR AT e, SIS S,
K A Y 2 2] R BE RN K I ZRE ] . CA 5 CBAM 1
Rl T EE S s R LR, HEAR LT SDP 7E =4
B FHERRAY MK 1.18% ., 1.16% . 2.26% i1 1.13% .
2.48%. 0.11%, =LA EPIFRER 1Y 23 E
DR T UME AP, YRR A M 2%
HREE, ATl ) REE R ST R 24 A B RS
KFR, 425 [P FE E R I DTBR AP AR 25 i), 28
()3 T RNE T T ) 2 B TR AR R e T

A S ApE R IHLEIAE L, SDP 7 =484
BT 0.6% . 1.27% . 1.56%., PiIIA SCHE i
23 RIS BRI SDP RS AE S Fhgcia g 4R (LT i
Mo ERR 4 SDP SEBL T ARl iE vk, 1
THHEZREME, — 7 R R A E BRI, 5 —
T RlG 22 B 1R 30, B S s 8 5 5 5 (Al A RRAIE
EH 5

',

k5 ZMEZBAMNFEA

Table 5 Introduction to various attention mechanisms

TERHLH fiif
SE SESE—Fh ML RSE I TR R U], 8 B A o) A T ) AN, RS OCEFAE IR O AR R
SCConv SCConv&—FI BT (4 ULk e s AL, S A 2 (R RGBS R BE I RHE AR AL, SEBL T s R AR 1
AWM ADWME—F S G AUTE R IHLE] , @A AN AR R A REAE ] F IS ROINAL, A MRS T4, IFSh e RERI I EAME R, 3R
. CAULSE— R AR TEZ MU, B AR R AR, TR W G R A B 25 MR, TEABEI ST s oL, $27H T
%23 [ 45 A0 B A RERE )
CBAM CBAMZ— 28 ML R B 2 O LA, 3ok S G T 0 s [ AR B A R bk, SR THONNRYRRIE IR PRRE ) -
%26 IATRREENMAGERER: 5 REHE ($12: %)
Table 6 Experimental results of introducing different attention mechanisms: the classification accuracy rates (Unit: %)
Method CIFAR-100 Flowers-102 STL-10
ResNet-34 78.14 82.73 69.88
+SE 79.26 86.43 70.62
+SCConv 79.45 87.60 72.09
+ADWM 79.19 87.04 73.42
+CA 78.68 86.77 71.60
+CBAM 78.73 85.45 73.75
+SDP 79.86 87.93 73.86
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3.5 BERAHEIREUERSIIE

BT XFEE ResNet-34 P45 565 — 245 U R SF R/
LSRR, ARG T R R U H S
564 ResNet-34 45 B 2 & FIGHY 727 KNI &
BUEHCH 333 K/NWERZ, FHMBRERHibZ, Pl
R AR 5 O 5 W BRITE CIFAR-100 £dli 48 i
B, Al 11 FR.

o o o
~ 0 o

lassification accuracy

I
w

—— ResNet-34
3x3+ResNet-34

C
o o o
L N

0 50 100 150 200
Epoch

B 11 R R d EEPSTERENT R

Fig. 11 The impact of modifying the first layer convolution of the network

on classification accuracy

P 11 AT, SO R ARRERG R 77.6%, J5U6
BRI HERR N 75.4%, TEIEXHESCIREER, KB/
RSF SR RERS 3 35 S5 SR AR A SR IRCRE T, b St TR
SERPR IR B SR, R B oA )=
REAS F R BE O B B 2 A R BURUA (R L, AT T2
ZERIUER

3.6 SDP #&RHRs1IG

3.6.1 SDP R

SDP 53 rf (1) 52 e 55 S0y 45 SR AER 5 10 S 850CR WA
FRVERIE A RERE f B . LUK o B X A S50 T
SR S

1) R TR R X AR 0 52, KR [ R
LRANK E RN T, AN R R E B 7E CIFAR100

B4 LB UERG R (accuracy, ACC), Wik 7 FixR, 4
FEH T E BUE N e *~0.0025 I, B fE4 I o hn 4
B IUREIE,  H 2R ER R

2) N T HRITIERE F1 SO0 I AR R HETT R AR
W S AURRIIER: i BESH, BRI % 1 ANel .
Tr%E 2 Tk 90°. J7 % 3 JiEh% 180°. 7 4 TiEk 270°.
555 AR BERE T . ITEE 3 MBI, JEkk 180°%K
TR 283k B AR B 1 o0 A R AE L AT 180° A iR
HRRAE B AR P54 5 R oD X BRI RS B
RUAE S A TR PR, S As I RGO
FE AR ERE M B, SR IR IRIE 5 ROy o BilTE
CIFAR-100. CIFAR-10. SVHN ¥t 172,
JUTA S0 off FH AR 1) 50 1 e 0 15 200 A AREE TR,
A ITE R Ff1 B S BOR A o e B R U

% 8 J AR ER% £ S B0 SDPNet W 2545 1 7 =
AR LRSI EE R I AT LU R A AN 2
S ol AN . R B £ R 2 B0 SO
W, BEEZRGAGNIEAXI, SIAMS, H e
RS ] R N BTG A R 2 A i e BEARARL B ARFAE
T BB DL I SRR R FUBE R RAAE S I i 8L
MERE, TR AT N .

75 % 3 Jigh% 180°, 1£ CIFAR-100, CIFAR-10, SVHN
R Ay S 79.86% . 96.83% . 97.23% Y4y
Wi, BN REE. 25 ETA, 180 it e kk 1,
REFEIG SR B 2 REE RO R RAAE AT S50 2 IR A e T
5, MR SR R M s, SeE R 254155
o B LA AS PR 5 5 Sl AR A I .

3.6.2 SDP AN LK

SDP #ik iy A E AR XM i (NES) . FHIESES: (FR).
Y 5K (DE) LA SGRIEIRVE (CS) BR43 Iriktb g, x4k
IR I MARIERI ] . 25 (A4S | shAS R Rz BY LU K
A TE S 8 (4 AS () 2 B B s AR AL (Y TR BE 7, (AR
TER A AR 545 A stk AR, T A
AR, ASCRTET N —InE B2 A A1 14 FiAS
R A A, XS A\ w5 T T A T RERY
HENEIE, BRSATRBU T 45 J7 1 W 20 37 5T kR 1 ) 28
N, ARG AN 9 s,

k7 AR EMATHEAF

Table 7 Accuracy rates at different E values

E e7=0.0497

e”=0.0067

€°~0.0025 e”’=0.0009

ACC 73.29 75.93

78.96 76.32
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K LA 14 B4l & 50 5I7E CIFAR-100, CIFAR-10,
SVHN ¥4 Lt A7 JaEmn 2 ik, Frfs Sce 4k M
YIRS S S5, UBREs R0l etk . Bk
ST LEANE 12 FiR .

HPE 12 AT, R —T5 ik, Bl NES ik
HIHERR R 7 9 78.79% . 95.38% . 95.92%, ViWliZAE
Bz A R0 9 NES J i, 38 2 46 %) b 38 A4
O, AR B A S R, B SR AR X LB
NIGEEFTA 4y AT PR A TE T, ads
7R WERG R B 79.86% . 96.83% . 97.23%, XFP4
BB 24 ShAS s A, TE RS
NEAFFIEE AR, DB TSR ) et A2 fh AR
PEFE o AEE R AU

£8 FRKEA MY LRAEG YR (Sl %)

Table 8 The impact of different rotation angles on classification accuracy

(Unit: %)
Method CIFAR-100 CIFAR-10 SVHN
Method1 78.96 96.22 96.93
Method2 79.39 96.34 97.05
Method3 79.86 96.83 97.23
Method4 79.42 96.60 96.58
Method5 79.09 96.72 96.47

R 9 BIp ks X

Table 9 The combination methods of each part

Combination NES FR DE CS
1 \ - - -
2 — v — —
3 — — v —
4 — — — v
5 \ v — —
6 \ — v —
7 \ — — \
8 — v v —
9 — v — \
10 — — v \
11 \ v v —
12 \ — v \
13 — v v \
14 \ v v \

3.6.3 SDP FHANLELR

TER I HLHIFE CNN ol A7 8 20t HAaR 38 1k
R, AFENE ST FERERRE T AR Z RN
TEFTR, ANE 4 04E AN E R T TR S B I pLH 4
RBEIAT B FEUERR RSN, B gES = IMY
SRR AT IR, REAUBORE R B, K 2652 0 B A
K, T EEAR R ELAARAT 55 A R IR ) A A A v = S AL
AR ADLE . ASCETT T 6 MORIRIE A T 23k hig SDP
TE R IHLH A AL B DL SRR G R SR A s, nfE] 13
[z

RN ESE—BON T, 2T ResNet-34 ¥
257 CIFAR-100, CIFAR-10, SVHN Fill[Z:fIgeiE, 52
IEESRANE 10 FR .

STuG4E RN, K SDP MEBLH ALENL B 1 _E R,
7E CIFAR-100, CIFAR-10. SVHN %dfifE /2
W, 9l 79.86% . 96.83%. 97.23%, %4 UL
SDP fibk b5 5 )2 M 245 45 A R R AL SR, alad w2 )
25 S S PR () B B N SCARAR IR R AR e 1, SLBLR)
TRANT R 4 s B R SCHZ AR, SETTT SDP ALK v
W E e ) 5ilEsC B, 51 RS ER
BRI, AIMTSESRARIER AN, R, F% SDP Fib e
TAOLE | e T R R B 5 e, AR
TG (R R R 2

3.7 DFR #&IRKLG

T 5T DFR 5825 B A7 & 550Xt SDPNet 14
REMYSEIN, AT 5¥ 76 5k 255 He kb ik A DFR FR 258 (fific
4 D-Block), RIUKF )5 4f ResNet-34 454 5k 22 1%
R (fA7iC 4 C-Block) #3117 8 MHEFIAL & =,
14 7R

3k 8 Fh )74 4E CIFAR-100, CIFAR-10, SVHN %
PRAE 110 73 2R M EE R & 15 Fos . R IE 15 1]
M, #0477 H7E CIFAR-100. CIFAR-10. SVHN
P4 L ZAER R 43 A 80.63% . 96.98% . 97.63%,
PERER A . X RIALEFR 2B bk A 3 > D-Block Hif fig
PAFIAER PR
3.8 FHERTAR L4

TR AR SDPNet FURFIEREELT R, ASBFEXT L

BT T AT T, AN R 2534745 e . MobileNet
V2. EfficientNet, ResNet, 7F CIFAR-100 %44 I bifi

250376 (Page 12 of 18)


https://doi.org/10.12086/oee.2026.250376

0V, 4 OLHL T, 2026, 53(6): 250376

https://doi.org/10.12086/0ee.2026.250376

Position 1
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—m— CIFAR-100
| 79.86
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79.15 _m__ 79.13 79.07 :
78.79 - T~m—_ o —u 789/
L 78.69 W 7856
-\78'30/. 78.14 \. 78.34
| | \. Tnm
L L L L L L L L L L L L L L L
1 2 3 4 s 6 7 8 9 10 11 12 13 14
CIFAR-10
96.83
- 9662 g6 45
96.23
9587 95.62
95.38 9529 9534 9524 >0 9545 L7 95.4495:52
| | | | | | | | | | | | | | |
1 2 3 4 s & 7 8 9 10 11 12 13 14
SVHN 97,06 97.23
96.73
— 96.53
96.42 96 78 96.27
95.92 g5 gg 96.03
n 9551 95.68
9539 gc oy O
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B 12 &3 7 ikmb 7 Xt o £ AEHE Ik

Fig. 12 The influence of the combination methods of each part on the classification accuracy rate

Position 2 Position 3 Position 4 Position 5 Position 6
A 13 SDP-Block 1z & A=k = 69 47| B
Fig. 13 Arrangement structure diagram of SDP-Block position and quantity
%10 ARz EMAHEGH R (12 %)
Table 10 The impact of different positions on accuracy (Unit: %)

Position CIFAR-100 CIFAR-10 SVHN
Position1 79.86 96.83 97.23
Position2 78.97 95.62 96.71
Position3 79.05 96.26 96.93
Position4 79.82 96.33 97.20
Position5 79.64 96.04 96.89
Position6 78.72 95.41 96.73
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BLEEH 5 R EIE, HA T BT8O il 16 Bs o
2 AR BRAB AT R0 2 2T AN [ 28 ) S D PR AT 52
BRS¢ S U S B o A A DA S I DEA R AP '
AR 1 i AR, Xl X A 7R g I DG B A
T €, DX B0 375 A o AN, ] B 4 T 285 SR 1) BT
HRAERTE /N

mi€ 16 A %0, MobileNet V2 52 R T H 4% & 1L 1y
MR L& 25K, X QAN TR AR A B B A 5s , BT
P b A 210 IR R 6 A EL AR 1 OB RRAIE
T e DA SE — 20 20 Ak 22 SEORS A0 04 R R 45 4 o TEvR e 3
A FRAE . EfficientNet B T H 20 R 19 & A 46 i L
51 & RO A B AR, 4% AN BB OC 1 B 2 IX B

Tk, BoZINAHEE TR, P el K
Pl FEY BN % . #H%S T MobileNet V2 Fil EfficientNet,
ResNet-34 (1) [ 25 2B B, ] DL B3 B 20 B0
fiE, (HRAE R ERAFAEFI 4 Ry R e A S R BB A, B
DA B rh 210 X el SR B A i LR b ) AR AR, (H
FEAEXE LA 2 A8 R R Ay, 3B A O B
B2

FHRFE FT AL 23 AT AT LA 21, SDPNet AT L1 il 1
FRITUAG B, BRI U IR, 7E 3R A X] & o 4
TESCHE R RIS, A B8 ORI OGBRRAE , AH L T A )
%%, SDPNet Ji& 9Lt BOAS 4 Fl 4= T A AR RS ILGE 7, M
TR T 2R Rl (5

A B C D E F G H
| | | | | | | |
[ Layerl ] [ Layerl ] [ Layerl ] [ Layerl ] [ Layerl ] [ Layerl ] [ Layerl ] [ Layerl ]
EDEE *
[ Layer2 ] [ Layer2 ] [ Layer2 ] [ Layer2 ] [ Layer2 ] [ Layer2 ] [ Layer2 ] [ Layer2 ]
[ C-Block ] [ C-Block ] *
1 1
[ Layer3 ] [ Layer3 ] [ Layer3 ] [ Layer3 ] [ Layer3 ] [ Layer3 ] [ Layer3 ] [ Layer3 ]
|
[ C-Block ] [ C-Block ] [ C-Block ] *
!
[ Layerd ] [ Layerd ] [ Layerd ] [ Layerd ] [ Layerd ] [ Layerd ] [ Layerd ] [ Layerd ]
! ! ! ! ! ! ! !

) 14 # N\ D-Block & 8 #4847 X
Fig. 14 Eight combinations of embedding D-Block
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Fig. 15 The impact of 8 combination methods of embedding D-Block
on accuracy

4 LERIE

BT RG] AR H s R IR A ST BEARESS
23 [A) A (8] 1SS AR ANE FE A5 R0, A SR T
23 6] B AN 1 B 53 5 2% SDPNet, T2 5Tdkan T
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Abstract

Objective Image classification serves as a fundamental task in computer vision, aiming to automatically assign semantic labels to input
images through algorithmic models. Although deep learning, particularly convolutional neural networks (CNNs), has achieved remarkable
progress in this domain, existing approaches still face significant challenges. Traditional attention mechanisms often overemphasize global
relationships while sacrificing the perception of local fine-grained features and textures. Furthermore, these methods struggle to adapt to
variations in object scale and spatial relationships, failing to fully integrate global spatial contextual information. The residual connections
in deep networks can amplify noise and adversarial perturbations, leading to feature dilution in identity mappings. Additionally, most
current architectures lack dynamic weight assignment capabilities, resulting in limited interpretability and flexible adaptability. To address
these limitations, this paper proposes a Spatial Dynamic Perception Image Classification Network (SDPNet) that enhances the dynamic
perception of critical features, strengthens spatial-channel interactions, improves robustness to geometric transformations, and increases
overall network generalization capability.

Methods The proposed SDPNet is constructed upon the ResNet-34 architecture with three key innovations. First, the Negative Exponent
Suppression (NES) module is introduced as a novel nonlinear feature transformation technique. This module applies an absolute value
transformation to remove polarity differences while preserving feature continuity, followed by an exponential decay suppression operation
that replaces negative values with their absolute values multiplied by a decay factor of exp(-6), compressing negative responses to
approximately 0.25% of their original magnitude. This approach enhances feature contrast, highlights edge information, and strengthens the
network's ability to learn discriminative features while maintaining a balance between information preservation and discriminative
enhancement. Second, the Spatial Dynamic Perception (SDP) module is developed, integrating the NES module with three parallel
processing branches: Feature Rotation (FR), Dynamic Expansion (DE), and Channel Shuffle (CS). The FR branch performs 180-degree
center-symmetric rotation of feature maps followed by 1x1 depthwise separable convolutions and Tanh activation, capturing spatial
symmetry and improving robustness to object orientation changes. The DE branch employs convolutional and deconvolutional operations
with 3x3 and 2x2 kernels respectively, dynamically expanding receptive fields while preserving spatial resolution through nearest-neighbor
interpolation upsampling, thereby capturing both fine details and holistic contours. The CS branch utilizes two 1x1 convolutions with
channel shuffling between them to break fixed channel connection patterns, enhancing feature diversity and enabling cross-channel
information exchange. These three branches are fused through spatial and channel average pooling followed by Tanh activation, enabling
adaptive feature enhancement and dynamic selection of discriminative spatial information. Third, the Dual-Dimension Fusion Residual
(DFR) module is proposed, which embeds the SDP attention mechanism into residual blocks and incorporates conditional convolutions into
the dimension-reduced residual branches. The conditional convolution dynamically adjusts kernel weights based on input features through
a routing function, transforming static convolution into dynamic, condition-dependent operations. This design enhances spatial and channel
interactions, optimizes feature representation, reduces overfitting, and improves generalization capability. Additionally, the initial feature
extraction layer is modified by replacing the 7x7 convolutional kernel with a 3x3 kernel and removing the max pooling layer to better
preserve local details and original spatial information.

Results and Discussions Comprehensive experiments were conducted on five benchmark datasets: CIFAR-100, CIFAR-10, SVHN,
Flowers-102, and NWPU-RESISC45. SDPNet achieved classification accuracies of 80.63%, 96.95%, 97.66%, 90.34%, and 92.46%
respectively, outperforming eleven state-of-the-art models including ResNet-34, EfficientNets, GhostNet, QKFormer, TLENet, ATONet,
Couplformer, SSLLNet, Multi-ResNet, DCDENet, and MobileNet-LAM. Compared with these competing methods, SDPNet demonstrated
average accuracy improvements of 3.60%, 2.52%, 2.09%, 7.29%, and 2.36% across the respective datasets. The model's parameter count
(21.93 M) remains comparable to ResNet-34 (21.35 M) while being substantially lower than EfficientNets (53.68 M) and Multi-ResNet
(52.03 M). The computational complexity (7.5 GFLOPs) and inference speed (2.55 f/s) demonstrate practical deployability in resource-
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constrained scenarios. Ablation studies confirm the complementary contributions of each module: SDP alone improves ResNet-34 by up to
4.14% on Flowers-102, DFR alone improves by up to 2.65%, and their combination yields synergistic gains of up to 7.59%, validating the
effectiveness of the integrated design. Attention mechanism comparisons against SE, SCConv, CA, CBAM, and ADWM across CIFAR-
100, Flowers-102, and STL-10 datasets show that SDP consistently achieves superior or comparable performance, with average
improvements of 0.6%, 1.27%, and 1.56% respectively. The 180° rotation angle in the FR branch was empirically determined as optimal
through systematic parameter analysis. Experiments on SDP module combinations reveal that the full NES+FR+DE+CS configuration
achieves the highest accuracy, with NES identified as the core effective component. Position sensitivity analysis indicates that placing SDP
at deeper network layers (position 1) maximizes its effectiveness by leveraging larger receptive fields for hierarchical spatial-channel
interaction capture. Optimal DFR module placement involves embedding three D-Blocks within the residual connections. Visualization
analysis through heatmaps demonstrates that SDPNet effectively suppresses noise and redundant information while focusing on critical
regions, exhibiting more refined and comprehensive feature extraction capabilities compared to MobileNet_V2, EfficientNet, and ResNet-34.

Conclusions This paper presents SDPNet, a novel image classification network that addresses fundamental limitations in existing
approaches through three synergistic contributions. The NES module enhances spatial feature perception through nonlinear feature
transformation, the SDP module dynamically captures discriminative spatial information through integrated rotation, expansion, and
shuffling operations, and the DFR module optimizes spatial-channel interactions through conditional convolutions. The comprehensive
experimental validation across multiple datasets demonstrates SDPNet's superior classification performance, robust generalization
capability, and practical efficiency. Future work will extend this spatial-domain approach by incorporating frequency-domain perception to
further enhance classification performance.

Keywords: image classification; feature-selective inhibition; feature rotation; dynamic expansion; residual network
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