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Sparse feature image classification network with
spatial position correction

Jiang Wentao', Chen Chen"", Zhang Shengchong”

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

Abstract: To sparse semantics and enhance attention to key features, enhance the correlation between spatial and
local features, and constrain the spatial position of features, this paper proposes a sparse feature image
classification network with spatial position correction (SSCNet) for spatial position correction. This network is based
on the ResNet-34 residual network. Firstly, a sparse semantic enhanced feature (SSEF) module is proposed, which
combines depthwise separable convolution (DSC) and SE to enhance feature extraction ability while maintaining
the integrity of spatial information; Then, the spatial position correction symmetric attention mechanism (SPCS) is
proposed. SPCS adds the symmetric global coordinate attention mechanism to specific positions in the network,
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which can strengthen the spatial relationships between features, constrain and correct the spatial positions of
features, and enhance the network's perception of global detailed features; Finally, the average pooling module
(APM) is proposed and applied to each residual branch of the network, enabling the network to more effectively
capture global feature information, enhance feature translation invariance, delay network overfitting, and improve
network generalization ability. In the CIFAR-10, CIFAR-100, SVHN, Imagenette, and Imagewood datasets, SSCNet
has shown varying degrees of improvement in classification accuracy compared to other high-performance
networks, proving that SSCNet can better extract local detail information while balancing global information, with
high classification accuracy and strong generalization performance.

Keywords: image classification; feature extraction; space position correction; sparse semantics; symmetric

attention; global perception
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Fig. 1 SSCNet network structure
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Fig. 2 Comparison of convolution operations before and after modifying the size of the first layer convolution kernel
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Fig. 3 SSEF module
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Fig. 4 Spatial position rectification symmetric attention
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Fig. 6 Max coordinate attention structure
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WG eREL,  f € RO/ WU IR ) A B 7 1] |
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SERAYNGMERE R, HERER . X DL LR
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He %51 52 1 OR FH B BR % 22 7 17 ok s 58D, A
IR 4%, % fife 6 BE I 2R« B0 B AR 0 45 1) R
ResNet-34 5k 22 [ 45 75 1% B #2890 2 vh SRS 17 By
{HWAEFEAR R, 1 ResNet-34 5% 25 M 45 (5% 2543 S0
FHERIAE R, 7EIR 8 B ET A PR 1)
FROEIE, 30 7t FRUMZs T 3R254)
A BERAERAE, RRIEEI RS BR AR RN, &
AL AR LR SCE BRMEREAME; R4 P
TEAASREE, S ARESE, IR HLE K
B o Rtk AR ], AR SR R T 34 gk 22 A
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APM JEHH 2 1> 33 B RS 14 1x1 B
FF- 2 A 55 22 3 SCH I, APML FE 5% 22 43 S b
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W/ R ELERZ TR 4 SSEF AL /S (1)
5 BE— a2 M T, MRBREIIRER.,
AR B T = 1T RRCR . APM g KISz BF
AR 2T 2 1R UFE R, 3R AR 22 R R A I8
REJ), AREAL SPCS AL YA R SCUFE R,
5 4 SR AR (R BT RE 71 o APM ZERFEF RS R AE T Y
BT 5 LA TENARASCR , 98D i A R XU, 1 AR 7Y
ZABETT .

3 LWKRLERDMW

3.1 XIGIME

AL R I HRAE RG24 Ubuntu 18.04 B
FR45 K. NVDIA Tesla P100 . 60 GB N7, %k
3554« Pytorch 1.9.7, CUDA 12.1. CUDNN 8.3,
Y18 5 0 Python 3.9.13,

A 3C R FH CIFAR-10 . CIFAR-100, SVHN,
Imagenette . Imagewoof £ #i& 4E 1 Ay 52 56 K4 5 4
CIFAR-10 B AL E 10 42851331 60000 5K (4141

1x1Conv

1x1Conv BN+RelU ‘

BN+ReLU

.....................

B 7 =MELAkR, (@) ZEA: (b)FgEHEEE; (o) FHeE AR
Fig. 7 Three types of residual blocks. (a) Basic block; (b) Residual block; (c) APM
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1%, Bk EMGRI RN 323213 %, B IEEE H
TN ARG S PEBE . CIFAR-100 $4E
fEJE CIFAR-10 (¥ i, a5 100 2650, Hrb s
AAINLE 600 TR EME, XS4 R 20 KK,
AR E SN, BRKEBRE S HER D2
32x32 {8 %, CIFAR-100 Zdlnf sn Bk iet:, HTIT
XS T AR B UG AT 55 R M B . SVHN 25040
LS LIRS R S EGR, EEER
H Google fi7 5t EUR ¥ &, TTRBIG R
Y%, SVHN Bl iy BUS o Al gede . ik
MBS, BREBRAE AT,
If B B AR 1 4 B A CIFAR 208 48 o & .
Imagenette . Imagewoof i #& 4 J& ImageNet H $2 L1
INBLF-4E, 7E ImageNet ZUE4E A9 3Ll k4T 1A
fRp AR . FAABER AR BRI 2 FK,

k2 ZhidE%k

Table 2 Experimental datasets

Dataset Size Classification ~ Trainset  Testset
CIFAR-10 32x32 10 50000 10000
CIFAR-100 32x32 100 50000 10000
SVHN 32x32 10 73257 26032
Imagenette  224x224 10 9469 3925
Imagewoof 224%224 10 9025 3929
3.2 ST ML IERERI RN

3.2.1 AFESREEE AL BN P& RRATR
AR SSCNet MIZEHEREZ LI T S HUENT . APM
B A B0 B 5% . SSEF #BEHR I O i 6

bR 22 W 25 55 — 2 5 U RS kM4 2 356 Iro T4
32332 P PEREG, WEE-EEPRERT N 3, %
RN 0.1, HACKECH 300 4. KT 224x224 4
REME, 5 EARARFEZREFERS R 7, SRR
AR, EARRECH 260 5, AT HTA RGBT
X AUERR RN, B LR 8 454, b
ANTRISSHIT AL . AN R B X A3 SR 2 11
S, PRI 28 S50, ResNet-34 7k 22 X 45 5
RIAT 3 hh R4 5% 22 5 (basic-block) it i LB, f#i
FEAEsR 22 FEUR B BRI, LARKHRIE R 42
JRAFGRREN A, IR R, ASCRH APM
FiHe (APM-Block) it N LA, 7E#{A Y ResNet-34 7%

ZRIZ R SSEF Bl SPCS AL, 4R TR 4%
MIMEREFNFRIRRE S . W AFAFSY APM-Block il SSEF
R (37 B RS X A R UE R R A5, A SCieT
8 iRl B,

AT ) SSEF B FUAS [a) B S A TR B 11
APM-Block 7E 3 848 48 b X 73 28 Mo 252 (19 5% 0 4
23 Fan. AR 3 iR, #HR5J720 H 7 CIFAR-10,
CIFAR-100, SVHN, Imagenette, Imagewoof £ ¥ %
B S HET R 5 Bk 96.72% . 80.63% ., 97.43% .
88.75%. 82.09%, ¥ Rifm{H. Kk, 7E SPCS &
A SSEF £t HAE 3 MFEFELEAL 53 5l i A APM-
Block SR -

3.2.2 BRI X R RB R0

W 245 55— 2 B AU RS X TR SR ERE ) G
B, CEPE T S AT LG BRI TR SR, 7E
FT SSCNet (88, XiF b 1 A [] RS () 5 1

| | | | | | | | | |

[SPCS}[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCS}[SPCS]
! | ! ! | | ! ! ! | |

[SSEFJ[SSEF][SSEFJ[SSEFJ[SSEFJLSSEFJLSSEFJLSSEFJL LA1 M LA1 M LA1 }
| [ | | [ l [ | [ [ [

[ LB1 N LA1 M LB1 M LB1 M LA1 M LA1 M LB M LA1 MSSEFM LA2 N LA2 }
| | | | | | | ! | | |

[ LB2 M LB2 ][ LA2 M LB2 M LA2 M LB2 M LA2 M LA2 M LA2 MSSEFM LA3 }
l l l l l l l l l l l

[ LB3 N LB3 M LB3 M LA3 M LB3 M LA3 M LA3 M LA3 M LA3 M LA3 NSSEF}
| | | | | | | | | | l

[SPCSJ[SPCS][SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCSJ[SPCS][SPCSJ
| | | | | | | | | |

B 8 APM-Block #» SSEF A3k B Ak & 0945 7 X
Fig. 8 The arrangement of APM-Block and SSEF module positions and quantities
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%3 XRFxEFsF SSEF 423k 5 APM-Block x4~/ #4 F 44 %k

Table 3 Influence of different positions and numbers of SSEF modules and APM-Blocks on classification accuracy

CIFAR-10/% CIFAR-100/% SVHN/% Imagenette/% Imagewoof/%
A 94.79 77.22 95.63 86.76 80.56
B 95.19 77.86 96.37 87.17 81.17
C 95.13 77.63 96.25 87.09 80.86
D 95.27 78.03 96.35 87.12 81.06
E 95.89 78.79 96.97 87.79 81.35
F 95.76 78.57 96.56 87.64 81.29
G 95.69 78.63 96.89 87.72 81.41
H 96.72 80.63 97.43 88.75 82.09
| 96.37 80.12 97.26 88.39 81.71
J 96.13 79.81 97.19 88.27 81.63
K 96.46 80.52 97.31 88.51 81.76

¥ (3x3 . 5x5. 7x7, 9x9 fil 11x11) iz, HE2
BAORFFAAE [ 9 JoR T AN RSB B 4 2
AR, AR 9 AER, WA RIS BB T
MBET, AAOERRIFECA T, ROmifE RS 3%3
R LR R E . P RERRR T S5
SAERERE J1iR ML, 45 2l R TR, I,
JSE S 3x3 B B AR E S BURE 1 Ao 2R UERf 2R
[ A-SEEN

3x3 —a— CIFAR-10

—e— CIFAR-100
—a— SVHN

1Mx11 - 5x5

9x9 <7

B9 FRABERT4EAEHEGH
Fig. 9 Influence of different convolutional kernel sizes on
classification accuracy

2 ) BN S X R A T R A S, I
XA S, A SCAEH BRI REAE ST,
PepE— ORI 2 Y5 Hl. 78 CIFAR-10, CIFAR-
100, SVHN. Imagenette, Imagewoof #(#E%E [, ¥
G2 2] HAR R 0.01~0.5, FEVIZRFE iz ik 2E >
K, XF CIFAR-10, CIFAR-100, SVHN f£ 60,
120, 160 3R = JF R K 0.2 %, &1 %) Imagenette |

Imagewoof 7£ 100, 180 3eR&IN 2R 0.2 /%, [FIAT
WLEL I FENE BE AR AL o AN [] 2 2] 8% I3 R UERf R (1)
SEMANE 10 i, W] HI2: 2 3 LRS 9] bh 2% )
4 0.1 BF, 7F CIFAR-10, CIFAR-100, SVHN .
Imagenette . Imagewoof %% 4l 42 - 43 2% Ui 4 2K 3 Jill
96.72%. 80.61%. 97.43%. 88.75%. 82.09%, K
ISZ)RIER

Ol OL23a L3 JLr4 3@ Lr5 I Lr6é @3 Lr7

100 - ——
< 80 o I=nh
E‘ 1 -
Y
3
8 60 H
©
c
S
8 40n
::7_)
a
O 20H
0 Q N N )
A\
& @ o o
@) c,\Q \6‘% \(“‘a
B 10 KB FJExto L Em Gk

Fig. 10 Influence of different learning rates on classification
accuracy

3.2.3 BOERISH RS M EHERE IR
ASCHE Y SSEF Bk j& SSCNet [ 4% 2 4l /b
BB R, S O RIS S5 R R
SRUGUE SSEF BB s/ DS RIS B | FRIRERNFLESE | 5
FEAFIESE IO 4 s e R R
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KBRS CIFAR-100, 7F ResNet34 4% 5% 22
JZ Z R A TR B S AR ST 82, 83, il
SSEF 5 H b i) DSC # Ji % a8 & . K &
(dilated convolution, DC) FI{iE &4 (mixed depthwise
convolutional kernels, MDC), SZE& %5 404 4 iR .
HH < 4 AI A1, SSEF A8 i) S 80t Al O i e /D I H
R R, ATIHEH 11 B RUER IR I BOJA R i
VRT3 T 5 DT R AR A B sk N F i, 483 DSC 5 SE
R BB, /NS Y 285 D HGH T8 BB AR
fE, FEU /DS [R]RHE m AER A vEAf R

A 4 SSEF Ak st Rl Ae fe o 5 09350

Table 4 The impact of SSEF module on parameters and accuracy

Module Param ACC/% Loss
S1 45696 78.12 0.82
S2 45696 78.53 0.79
S3 49920 78.19 0.81

SSEF 13504 78.96 0.76

Ohy B8 ME S TR 2 R ol /0 o 248 1SRRI
TEAHIR B SRR I MR EE T, R Z MR bRk gk
AR ZERRIFGPERE, Hoh Speed FR M 45T,
AEAE B it M 451217 AU PE , Params Ron S5, g
g f 2K Y2 [A] S A4, FLOPs R mlis H8L,
REASHT R A TH RS AR . SEIRZE R AL 5 s

A5 TRMSTAYERY A AE Yo
Table 5 The impact of parameters reduction on computational

efficiency under different networks

Network Speed/(f/s) Params/M FLOPs/G ACC/%
Multi-ResNet”” 1.62 51.23 37.93 78.68
ResNet-PSE" 2.23 40.56 27.56 72.81
ResNeXt-PSE" 2.07 47.29 31.34 77.32

SSLLNet™ 257 31.57 20.86 79.23

ATONet™ 2.88 30.12 16.91 78.54

SSCNet 3.05 21.36 11.71 80.63

FH# 5 A1, SSCNet M 4% /Y Speed ¥ THE
M2, H Params B FHE ML, U/ DS
Y A 4 TR A S AT R B, SSCNet I 44 )
FLOPs HEPE T HE M4, I H ACC HI{H ik 3] i
W, UERA T A SO SSEF AR A S, SSEF
PR RENS HE = AR R (T IR, ELRBHE 4%
RN ) R

3.3 FFEEXI L

A LS SPCS BEHAE [ 2% P SCR: , i i
Xt SPCS LB HYAFAE R BEA Tl B4, I AT
XFEE AT, B RS R [ SR B SPCS BBk
ORI 10 BRS04 S BEATLEE R 1 5Kk 22
AN ALE AR, A [RIOZ BT X L PR AN )Rk P
ZERNE 11 fon. WA 1 ATRAE AR R, K&
it SPCS e B FE R A5 AL 1] S AR TRCRr Ak A BE 0 488
25, X RRA R AL EE BRMBE AR, =
Xt bR SCRYBAIRE S, S EC MR RIRGIRE A R
WEELid SPCS BB i M BIRHIEIEI AT &, EE24E
AEDCER I AR5, BN B RS2 B AR . ERORE B AN
JE 1 LB R Z R RS2 BB P B G AR R AL B RS AR 5
ViWTiE i SPCS MBI i R AR 121 0T 4 J) 5 6] 07 5 F) 3L
it naEoes EE AN AR A BRI, AREEXS R AT A
HOALBE bR SOCHEE R, XA T B AT A AHERR T
RAGE, TRIBOCHEN B AHFE o

3.4 JHRLKIG

S REHE AR A S, AR SCFEAR R B 4
X} SSEF il | SPCS Bk, APM BLHEfTiHml L L .
f£ CIFAR-10, CIFAR-100, SVHN. Imagenette %4
£ I Y ofE B R 4> B ich ACCL, ACC2, ACC3,
ACC4, HERLZFTHEIC A Speed, 7512 H KD
9 FLOPs, %5 141 Net 13 7/~ £ SSCNet 1 % &
SPCS 5 Ht , 45 2 2 Net 2 3 /K 7E SSCNet 1 % &
SSEF #i B, %5 3 4 Net 3 % 7/~ 7E SSCNet 1 % [%
APM B, 25 4 2 Net 4 JEAC SSCNet M 4%, JHfl
SEAERANTE 6 P, R A RAE . ZEDY
A EEE LRSI AE R 12 Bk,

H ¢ 6 FIIEl 12 %01, SSCNet M 4% 143 2 MR 5 |
AL 2 B RN S R B A T 5 IR AE
SSCNet M 45K F| SPCS R SL I T 22 )2 K 1142 1]
B, BRAER A B RIRRAE , XPRHIE 2SS ()7 B R I
Bl g T BT 20 B BN RE T, SR TR RE
SSCNet W £ 4570 ()3 470 e R, V7 138 B0 U B
ik, HETMIYIE SSCNet W 2% % ] SSEF #5iH7E 18 /%
Fogce: 0 [ I SR AL AR A B ERAE 7, 3R 45Tk
2, SSCNet M 5R 225 P APM BEdR, fig
S S R ey 14 35S - WA N1 N (= S R o=l i iU o=
R, H AL, 7E SSCNet P 2% v [a] i) fdi ] SSEF
PR | SPCS BB Al APM BibR , BEAG &b 2 i X 4%
IPERE

240050-11



FECVE, & GHL TR, 2024, 51(5): 240050 https://doi.org/10.12086/0ee.2024.240050

H _ Original image
3 | i
|83 s | Ak

Feature map without SPCS module header

Feature map passing through the head of the SPCS module

Feature map without SPCS module tail

o
I'IﬂEIIE
=

Feature map passing through the tail of the SPCS module

Ll

B 11 21T SPCS ik ey 4E B A7 5 2T b
Fig. 11 Comparison of feature maps before and after SPCS module
A6 BAERZ A RF B R L6 R

Table 6 Ablation experiments between different modules on different datasets

Group SPCS SSEF APM ACC1/% ACC2/% ACC3/% ACC4/% Speed/ (fis) FLOPs/G
1 - v \ 90.23 69.63 92.89 83.67 2.85 13.93
2 V - J 92.36 75.51 94.17 85.23 2.32 26.67
3 V \ - 95.67 77.34 96.56 87.09 2.96 12.36
4 V \ J 96.72 80.63 97.43 88.75 3.05 11.17
3.5 MIZEHEEINTEL 200 P AR
JWUESE SSCNet W 2% 1 G i ¥, 7F CIFAR-10, TPk ResNet [M454544, 4N Multi-ResNet £l HO-

CIFAR-100, SVHN, Imagenette, Imagewoof (¥ % ResNet, It M %% £ Cifarl0, Cifarl00, SVHN,
PEATXT HOSEEG . SEEEFERT L 02T . ResNet-  Imagenette A1 Imagewoof b 1 HE R 5 43 31l 94.56% .
34, HO-ResNet, CAPRDenseNet”' — MobileNet-  78.54%. 94.58%. 87.69% . 81.21 £196.32% . 77.12%.
LAM. Multi-ResNet™ | Couplformer”™, ResNet-PSE,  95.69%. 86.23%. 79.64%. Multi-ResNet [ 34 ik
ResNeXt-PSE., ATONet™, QKFormer””’, TLENet™ 2ok sBnsiis, IR TR, ¥k
FI SSLENet™ W45, AR SCORAMERRAUXT LI 22T IS 2 E BT A M ok
P43k A FXF R SCRRAR ALY S IR 245 A IRARAS A HO-ResNet X454 H — 3 1 i S S50 (8 7 s B I 4%
B, MR M AP IS A BE, SIRISCHR SR, XM ORI S 2R B HERR T, 3 ek
SEGEER AL ELA BRI S Sk, IRLSERTE SIS A e . B AR AR T A O AR TR A S T
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Fig. 12 Classification accuracy of each network on different datasets. (a) CIFAR-10;
(b) CIFAR-100; (c) SVHN; (d) Imageneete

P, (HRREE WL )JZ R ING, Params F1 FLOPs
EhRRRIEN, 23k 52.06 M, 51.23M F135.69G.
37.93 G, it T SSCNet, HBBEETIC . BhEE IR
oA B8 AR P R B U SRR I T A A A5 A A
AT IIPLHI ML, U7E MobileNet HIIA
LAM, MobileNet-LAM 7£ Cifar10, Cifar100 [ i ffg
% 89.37% . 68.09%. LAM A5 [a] i % [& i i 1T 7%
RPN ZS R R, R P PRI A 38 1 2 [ 4
BE R AE L 4R TR A Y 3R G AR ) R RE
QKFormer #} Q-K & HHLl, 1t AT Ltk
O 2 1 I 1] DR A ARk ) T T 4 A T A
WM EE(EE . 7 Cifarl0, Cifarl00, SVHN,
Imagenette Fl Imagewoof |- i MEHH K 4351 A 96.18% .
80.26% . 97.13%. 88.32% # 81.65%. 7E ResNet Al
ResNeXt H1 it A PSE#E B, 5] AT PSigmoid 1E 4
SE MG pRAL, a3 5| AT S B IL S50 45
G, PEmEUE g FRIRGES) . 7E Cifarl0. Cifar100.,
SVHN, Imagenette Al Imagewoof [ A #E i & N

93.22%. 73.03%. 96.14%. 85.09%. 79.13% Fl
94.25%. 77.48%. 96.54%. 86.27%. 80.66%. il A
TR IIHLH Y 2% RS SRAFE o3k | 4R SRR &
YRz AGRE ), R ARG B AELS, JTR
HERT g e AT AR RE T, (R I T 2
AT FUA 18 XU o

AR LS R 25 O PEBE , ATONet 42 1
Auto-Train-Once J7 %I 2k HAREIRY, 5 5 HARBIAY
Y E LS I A PN S ST 3y ] I =y i e
A, TLENet 4211 TA-DFKD J5 38 B AR 1 &
FEE, HETRARAE R, SSLENet 32— R ag &)
oA TR, 8 2o A B A Bl B Do 45 v e —
ok A HIGEEMLE 2, ST A2 B B M4,
P2 AR ME A % . ATONet, TLENet Al SSLENet 7
Speed #545 [ FY(E MR T SSCNet 4%, 7E Params Fll
FLOPs f{H 47 T SSCNet %%, i1 SSCNet % 4%
eI/ SR I A B i S T T RRCR . B
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7£ CIFAR-10, CIFAR-100, SVHN,
Imagewoof £ 4 I, SSCNet M 4% 5 H & 0 4% () v
W BT . SHCE AR TS BB a4
BN 7 W~ WA 7 A, 5 IELE 4% ResNet-34
AHEL, SSCNet 4% 1 2 45 i AT iU SRS H 2k
P24 ResNet-34 [ 45 FEACKE -, (H HERH SR IRAE T
HHE MG, SSCNet W45 1 FIr A 15 b5 134 31 it

Imagenette

W, RTHEMZ, hacmiat fin] i, SSCNet M4
WD S BRI, e TR, IR
PETF TR HER R
3.6 N[EMKHIH S ERTHLL

H i — 2 B SSCNet 1978 &bk, S [R] /9 2% 78

CIFAR-10 £ - iy# s BT AR an &l 13 s,
AVEAEHINELE], MobileNet %% H T4 82 Sk,

AT BWM%AE S5 NHIEE Y TEIF

Table 7 Different metrics for each network on five datasets

Network CIFAR10  CIFAR-100/%  SVHN  Imagenette/%  Imagewoof/%  Speed/(fls) = Params/M  FLOPs/G
ResNet-34" 87.82 68.92 91.39 84.91 78.86 3.02 21.32 11.63
HO-ResNet™ 96.32 77.12 95.69 86.23 79.64 1.93 50.26 35.69

CAPRDenseNet”” 94.24 78.84 94.95 87.56 80.79 2.86 25.51 17.73
MobileNet-LAM" 89.37 68.09 = s eeme e e e e
Multi-ResNet™” 94.56 78.68 94.58 87.69 81.21 1.62 51.23 37.93
Couplformer®” 93.54 73.92 94.26 85.13 79.08 2.73 27.63 14.29
ResNet-PSE! 92.89 72.81 96.14 85.09 79.13 2.23 40.56 27.56
ResNeXt-PSE" 93.92 77.32 96.54 86.27 80.66 2.07 47.29 31.34

ATONet*" 94.51 78.54 95.21 86.67 80.19 2.88 30.12 16.91
QKFormer®” 96.18 80.26 97.13 88.32 81.65 2.36 35.62 26.39
TLENet™ 95.46 78.42 96.83 87.62 80.57 2.19 46.67 30.57
SSLLNet™ 95.51 79.23 96.91 87.93 80.89 2.57 31.57 20.86

SSCNet 96.72 80.63 97.43 88.75 82.09 3.05 21.36 11.71

Original image

MobileNet

ResNet

EfficientNet

Multi-ResNet

SSCNet

B 13 R W %69 # ) B =T A0 B &

Fig. 13 Visualization images of heat maps for different networks
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Sparse feature image classification network with
spatial position correction

Jiang Wentao', Chen Chen"’, Zhang Shengchong’
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Overview: To sparse semantics and enhance attention to key features, enhance the correlation between spatial and
local features, and constrain the spatial position of features, this paper proposes a Sparse Feature Image Classification
Network with Spatial Position Correction (SSCNet) for spatial position correction. Firstly, a Sparse Semantic Enhanced
Feature Module (SSEF) module is proposed, which combines Depth Separable Convolution (DSC) and SE (Squeeze and
Excitation) modules to enhance feature extraction ability while maintaining spatial information integrity; Then, the
Spatial Position Correction Symmetric Attention Mechanism (SPCS) is proposed. SPCS adds the symmetric coordinate
attention mechanism to specific positions in the network, which can strengthen the spatial relationships between
features, constrain and correct their spatial positions, and enhance the network's perception of global detailed features;
Finally, the Average Pooling Module (APM) is proposed and applied to each residual branch of the network, enabling
the network to more effectively capture global feature information, enhance feature translation invariance, delay
network overfitting, and improve network generalization ability. This article used CIFAR-10, CIFAR-100, SVHN,
Imagenette, and Imagewood datasets as experimental datasets. The CIFAR-10 dataset contains a total of 60000 color
images from 10 categories, each with a resolution of 32x32 pixels. This dataset is commonly used to test and compare
the performance of image classification algorithms. The CIFAR-100 dataset is more challenging and used to evaluate
model performance for finer grained image classification tasks. The SVHN dataset contains real-world street view house
number images, which contain digital images from Google Street View images used to recognize numbers on house
signs. The images in the SVHN dataset are divided into training, testing, and additional training sets, each containing
one or more numbers, and the resolution of the images is also higher than that of the CIFAR dataset. The Imagenette
and Imagewof datasets are small scale subsets extracted from ImageNet, which have been streamlined and adjusted
based on the ImageNet dataset. This article compares the network model with 12 other network models on 5 datasets. In
the CIFAR-10, CIFAR-100, SVHN, Imagenette, and Imagewood datasets, the classification accuracy of SSCNet is
96.72%, 80.63%, 97.43%, 88.75%, and 82.09%. Compared with other methods, SSCNet in this paper can better extract
local detail information while balancing global information, and has higher classification accuracy and strong
generalization performance.
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