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Abstract: In view of the lack of effective understanding of complex scenes in image classification methods, which
leads to the limited ability of models to capture key features and thus affects the classification accuracy, this paper proposes
an image classification network of background perception mechanism (BPMNet). Firstly, the background perception (BP)
module is proposed. Through a dual-branch structure, the foreground and background information are processed respective-
ly, the contribution degree of the input features is dynamically adjusted, and the context support role of the background in-
formation on the foreground features is strengthened to enhance the model’s perception ability of background information.
Then, combined with the BP module, the background perception attention (BPA) module is designed. While considering the
local feature information and long-range dependency relationship, it also pays attention to the relationship between the fore-
ground and background of the image, and dynamically regulates the influence degree of the background information on the
features of the subject target and enhances the discriminability and positioning ability of key target features. Finally, the
background perception module and the background perception attention module are embedded in the residual block to
achieve feature transfer from shallow details to deep semantics, and the feature representation ability of foreground targets
in complex scenes is enhanced by combining local details and global semantics. Compared with other mainstream networks,
the classification accuracy of BPMNet achieved on the image data sets such as CIFAR-10, CIFAR-100, SVHN, Imagenette
and Imagewoof, are 96.95%, 80.85%, 97.68%, 90.10% and 81.70%, respectively, which increased by 2.39%, 3.17%, 2.36%,
2.30% and 2.67% on average. Compared with the current advanced network models, the proposed method can enhance the

model’s understanding of complex scenes, improve the ability to express key regions, extract key features more effectively,
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and further improve the robustness and generalization ability of the model.
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ST PR S B L T Python Z PR IE 5 L IRME R S
8 ] Windows 11, 5 {4 2735 0. #§ NVIDIA Tesla P100 .
.60 GB NAE. 1L+ S ME AR A N L g s 45 , 43501

A CIFAR-10, CIFAR-100, SVHN , Imagenette #l Image-
woof. CIFAR-10 J& —> " {Z i F T R 53 2R AT 55 1 4K
AL RS T 1020, KL R E VS5 Ik
T, CIFAR-100 9" & T 2845 i, JL A7 100412851, 5328
FEAR S D AT 55 o Bk . SVHN J& — A5 7 11 51 %L
PR R BRI S 1 SE bR B, 625 1026 . Imagen-
ette /2 ImageNet ) — > T4 , & 1015 5 7 L0 28
LB PR (R 3 Imagewoof;Ell: ImageNet Y 55 — A4~
T, LHETRIEN 10420 . i T2 50 RIAE L
e AT S5 T E PR R . A B A AR Bk 1R .
TESC I Rk A B AR HE U ORI Ry 128, 1 25k 5
%} 200 (Epochs) , 2k FH SGD AL 2% , ¥ fif 2 2] %
F1 ZRHEE

| R | A Ug{f ””‘gf
H =2

CIFAR-10 32x32 10 50 000 10 000

CIFAR-100 32x32 100 50 000 10 000

SVHN 32x32 10 73 257 26 032
Imagenette 224%224 10 9469 3925
Imagewoof 224%224 10 9025 3929
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AR S B A R A Y RO 1 S Y B 4R
11, R R 53 25 I F6 br B0 UE 5 10 20 JE e B
TR R .
4.2 FMMMEHENEZE

SN BMNet PEREMY 2 KA :BP RIS H o
HIERE (BP ik A BPA BUECE M &  BPA fx A Bk 25 8k 32
TsE g H R BB R .
4.2.1 BPEIRH S o B 1E 3 3 BPMNet 14 B &

A

IR AMFFE BP BB Xt BPMNet A4V BE 520 |, £ %t
BP H (1 ] 24 5] H A1) 2R 58 o W) U BB JE T 52 56 . X 1
sof BRI, T 7 P A A BB R B (AN 4223 0) 1T B
2 PEASEAD T A5 B B Z A, AT AR % 5
P ok v Y H B R B (3230 1) AT R4 B BT s B A
RUAG 4, BT B AR B el .

R, 78 A AR S — B R LT F%F CTIFAR-
10, CIFAR100.SVHN , Imagenette F1 Imagewoof {4 4 ,
K H (o, 1-0) B 8 BRI LR(E AL & T NHEAT 5255, 20 51 oh
A (0.74,0.26) . B(0.72,0.28) . € (0.70,0.30) . D (0.68,
0.32) .E(0.66,0.34) . F(0.64,0.36) .G (0.62,0.38) .H
(0.60,0.40) , Hort o FR/m AT 5045 BT & i RRAE B A9 L
], 1 — o R TF S5 BT o i R AR T A L A8 . X T
LI, o (R IR A B Ry [T L A9 AEAE DI il
o, ol S ARG S AR AL, LA IS R 5 T
SRR DUBRAN R . WA X R 7 5, v E o T A )
PEAUTAEAS [FIRT 46 Ak 25 A4 T 5 A U e AN [R) 5500 S i
SRR, TR AN E 8 IR

1% 8 W] %1, 7E CIFAR-10 . CIFAR-100 .SVHN , Ima-
genette Fl Imagewoof £UHE 5 A9 70 R UET R 5 (0.1 -a)
FHEA . Y (o 1 — ) FILREE M (0.70,0.30) B, 7E
SVHN £ 44 1 1 ME 0 28 85 = 5 W AR BU(E R (0.66,0.34)
i, 7F CIFAR-10 1 CIFAR-100 30445 b A i 8 5t i
¥ UE BUAE 4 (0.64,0.36) i, 7 Imagenette F1 Imagewoof
BAEAE b B HER R . KSR IR T AN R B 4
1 (o0 1 — o) B0 B U X BPMNet B HE T RH — & 5%
W, AR —E R FRME REE HAS L
kTG AR B 45 S . B G 4E SVHN  CIFAR-10 1
CIFAR-100 . Imagenette Fll Imagewoof 7F 15 5 {5 B &2 74 &
JE 2R 1 R I o ) G BRI 2 320 38 D Y , 3 [ s
HLIGAIE 2.1 /N o 2 o A (BN, 1 — oK, 75 5K
VBT UG TS S DG T AR B 2 2y VAR LA & o 11 B
A2E 28 ) KX 5 b e 3 e

—8—CIFAR-10 —®—CIFAR-100 —A—SVHN —¥—Imagenette —$—Imagewoof |

100
97.68

o5 m

90.1

85
81.7

| ﬁ
75k
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IrHUERIZE/ %%

A B C D F F G
B8 AIF LA A 7 0 43 i 2 5

4.2.2 BP# N\ BPA B = K {iL & X BPMNet 14 ¢ &
A1)

T S B B O B Gl I FRE R A 5 S BERAE,
A5G SR TR A B ¢ R i[RI, B
AT RO 5 B 5 B AR AR R G, 42 ¢
HEX IR RRE S, LRI B AL E S w T
FAY P AR AE 2

Jg S 43 AT BP 4 A BPA Y I AL X432
HERR R A2, AR A S BURFE— B IE N TR T8
PSR B BPA 445 =X, W& 9 fir s, Hiv A_C-Block
FEIR W53 S AL T DFEEHATE . A 2N ANTE BPA IR A
BP, HAB S 53 51 R i A [R)£5CE: AL & BP () BPA. H:
TE SBT3 2 Eaf R 2 ma An & 10 s

SCE g R R 45 2D 7 BE 5 CIFAR-10,
CIFAR100.SVHN .Imagenette g ImagewoofJ:ﬁ’j”y'JEX%Ef T
96.95% .80.85% .97.68% .90.10% 1 81.70% K15 =5 7325 i
iR R, 75 2x2 B2 5 B A2 BP RENS i & 2
PR 32508 T IR B EAR A BE R I . A543 i BP
M JREL, WA TR B3 2 SR &2 2 FE L 2 AH N HG
P R R 2R S BT A B 0 B, SE T 52
MRz ALRE ST . R IL, 2 BE RGN BP JZBOUF AN B R
Frek MR IR T, ROmi il eS| Rz ABE T TR .
4.2.3 BPA#AZZEF THE =K L E X BPMNet

3=z 0pAl

T I e B 28 R 2 Hh A o AL B A
X 43 AT 55 PR RE 25 7™ AR AN [ B2 BE (R 52 Wl ik A7
FVECE 1 78 £b BB A5 5% i) RRAIE (1) 38 36 A5 BL R 8l , T
RSy ARG R . N T IR AFGY BPA 7E5% 22 W 4% =+
i A R B RS X FEHERA SR 1 52, FE AN &
AR BRI SEIE LT T 6 AN [F] A A
ERUER NV

XL 208 1 A BPA B AL B R 2 R 2
ZZAE) , LA B T AL AEAS [FZ2 R E R
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2 SR 2 TR 5 S 2 SR 2 S 25 SRR 2 R 2
A_C-Block . BP | AC-Block | A_C-Block ! BP || A_C-Block | | AC-Block i BP :
e taate [ i | s | i i (e | S
2x2 Conv i A_C-Block i BP E 2x2 Conv i A_C-Block i BP E BP E A_C-Block i
" T P T T R T P e R P
Sigmoid ! | 2x2Conv | | | 2x2Conv | | BP H BP ! BP | 2x2Conv | | | 2x2Conv | |
[ R N S N S 2N S 2 2
Sigmoid ! | Sigmoid ! | Sigmoid | ! | 2x2Conv = ! | 2x2Conv | ! BP ! BP !
e e e g = = g
Signoid | 1 | Sigmoid | i | Sigmoid | i | Sigmoid | .
I
&9 BPi AfLEFIE R 1 HES 25k 14
P 2 e ) i | 1 I, I e R 3 B 1A AR5 e HERG 53 KR
e ikl Nt — A WLEE R BPA [R5k 22 B R A1 52 2% JiE 11
. B, 5200 % He T B B R 4 BUR SE R RO TR %
. hm (ResNet-34, fil FX Ry) 5 A BPA J& i 5% 22 (0 % (i Fx
£ SOTE L AFRAE E I a2
=7 TR 2 IR . 4545 PR 12 P 2 A 1
< AR LS ML A PEREAR LT R 28 X047 1 35 4
o Th, ELAERE £ T A R J32 28 KT I 8] i A4 15, 2 10
BPA BE 5B A% LU/ 0 31 55 AU A H O =25 9 P RE 4

CIFAR-10  CIFAR-100 SVHN

F10 AR B FTECR BP X 70 2R R A0 5200

XA AL B KA [R50 (9 3 2 T PLHRIAE 545
P LA 2R R A 12 TR

B & 12 7] DLF 1, )7 % C 7E CIFAR-10., CIFAR-
100,SVHN , Imagenette Fl Imagewoof #5451 73 731 B A5
T 96.95% .80.85% .97.68% .90.10% #1 81.70% A fz =4
O RUER . X R IR )2 4530 5 B 58 1
SGURFIERINBE T, M B VE B ML AE 0% T A b Al 42
PR Z R B A 8 . X R, M4 BENSAE
Y5 T8 v [ 20 Hl G v 21 5 i #2214 RRAE DX 8, 17
Z WA BB TUATHOARAE . DR, BPA B T
ZCIALE , mT LA R B 5 W 28 08 SC SRR A 47l 12

Imagenette  Imagewoof

A 1-Block B 2-Block e 3-Block
femensacy fogiaiians |
BPA 3x35H 3x3EM
v v v
Ix3EM 1x1 BPA 1x1 3x3HH 1x1
v v v
3x3HBH 3x3EH BPA

It AR S A A
4.2.4 BHEHBMRZRT 3 BPMNet 1488 89 %

D) £ i A J2 B RRAE T /N XA 1) 43 e b R LAY
FESLW . AR 26U K/ BPMNet 23025 PE g
B SE ), AR SCHE 5 AN EAE 4R B 23 3R ] 3%3.5%5 . 7%7
9x9 A1 11x11 K/NAY S FAL AT 5280 . X T CIFAR-10,
CIFAR-100 F1 SVHN 31X =A™ 73 3250 A1% 1) G i 4
Rkt URRE ARG RS R T i AR 2 5 X F Imagen-
ette Fll Imagewoof 1~ 224x224 K /N G5B 46, th T
5 RST AR, BB FH 7x7 .9%9 Fl 11x11 K/ R
TFOR B S5 b A 2 DA/ REAE I ) 25 (R 4R 3. SR 2%
SRANE 13 fok .

ME3 AT LA BN B B AR /N R ST B S
BARAE T HA A28 PERE , Hirp 3x3 B R A 32x32

D 4-Block E 5-Block F 6-Block
t --------- t --------- t ---------
BPA 3x3ER BPA
v v v
3x3%H 1x1 BPA 1x1 3x3%H 1x1
v v v
BPA 3x3%H 3x3EH
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CIFAR-10 CIFAR-100 SVHN  Imagenette Imagewoof

12 R[RM & U BPA X4 HER 2R A 5 )

%2 BPAXTR I ZET BRI s s
FEEE N i)
W | CIFAR- | CIFAR-
SVHN Imagenette | Imagewoof
10 100
Ry 41 42 61 23 25
Sy 67 71 99 32 32
[Fm—CIFAR-10 ——CIFAR-100 —A—SVHN —¥—Imagenetic —&—Imagewoof]
100 97.68 97.25
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90 e 8924 91.16
. v\vaﬁ

s

¥ 85
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70
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> ; 7 5 ¥
BRI /px
FI3 B R B R T X B A 3

PR Kt b A de v YA 23 5 T X T 224224 (Y 1R
B TXT BRI B HER R L dE— 2 Bk
W, A K R A B RO I R A AR T 53 5K
FE ] BERR AN OCHERRIE AR B RE 0 . X R K
KA BUALTE SR IR 23 BER R Y SR AR A0 15 I 25 5
FRAF S0 ak BT, DT 52 M D) 24 Xof T B AR AT 7 47l 42
AET) BRI T Jr2RHG
4.3 XtLEELE

o %5 U BPMNet f 5E #E 4 , 78 CIFAR-10, CIFAR-
100 .SVHN  Imagenette v Imagewoofﬁﬂi’iﬁj_‘i&'fﬁﬁ' ke

X H 2326771 : ResNet-34"* |, EfficientNet ™,
GhostNet'"”" | CAPR-DenseNet'" QKFormer "
TLENet' % s Couplformer“s' , FAVOR+ (Fast Attention via
Positive  Orthogonal Random Features Approach)'"” |
MMA-CCT-7/3x2"*, WideResnet-28-10""", DAMSNet**' ,

SSLLNet' ', GAC-SNN"**' | UPANets'?"’, ATONet *', CCT-
6/3x1'2, 7 SCH X 43 2 A R A X Fb S 56 B e W
T (D)X F AR TFUE A AR, 856 2R FH X L 19 45 i Xof iz
WSCHR AL A S8 45 5 (2) 38 3 18 38 SCHR LAY TR AT
AT A B

S ML TE S AN BHRAE B0 SR R a3 3 iR,
T AR R B UE , “—" TR AR MG R

T 3 6T R 3 e i A AR R Y 43 28 o A R R AT
BPMNet 75 A [/] (4 43 28 55048 48 b Y908 T HoAth 16 T 1 4%
RS R v ME A 232 530 96.95% . 80.85% . 97.68%
90.10% . 81.70%. X bk H:Ath 16 Ff W 2% , -3 F T
2.39% .3.17% .2.36% .2.30% . 2.67% , % iE T 7 3CJiF i
tH Y BPMNet 76 40 31 RS 03 84T 55 05 T A — i 1 58
FHPE A 850

g ik — 56 UF BPMNet (1) 4 %% P , ResNet-34 Fll
BPMNet 7E CIFAR-10(32x32) Fil Imagewoof (224x224 )
PEAE L B4 2R VE SR MR Q& 14 TR, B T 45426 51
FIER SR AR E . N 4h e IEH, 5
ResNet-34 At , BPMNet 76 P40 45 &R0 A H 211
T 43 ZEAE AR /D (R 7 SRR AR . X R B, BPM-
Net ZTEZ N X 43 HE 71 EAL T ResNet-34, Ji& B0 H B 5 1 43+
JPEfE.

4.4 HRELEIG

R T I UE AR S £ T £5 BT o S R SR A T Y
BTk , 7E CIFAR-10., CIFAR-100., SVHN , Imagenette Fl
Imagewoof ZU4E 4 1 FEA7 1 Rl 52 56 , 3 3o % o w2 foe 4
FERLHRL, PEAS LG IR 1H: E A) S PRt i)

FE SUANTT (45 < Net, 2878 7 BPMNet H 25 b 5% 22 2
T B BPREH , Net, /5 7E BPMNet Fh 22 45i5% 2% 31 h
f) BPA 15 , Net, % 75 7E BPMNet AN TE B )2 8 BUR 1R
Jin BP A , Net, 26 /R £ BPMNet HANE M 2 4 B
S A2 ELAARTY Al S 56 4 SR N 3R 4 BT R kL
RN A .

&l 15 7T, 7E 28 33 BPMNet , Net, . Net, | Net, ,
Net, 5 FhAS [R] (4 T8 fil 52 56 22 Ji5 43 2 00 SR AR T B
AT 560 7 5% 22 32 1 Hh i A BP BB RE A5 A5 008 75
S B PR TE AT S OGN | DA 1 5 A5 U X} A 2%
Yy 0 PRAR . AE5R 25 TR FH BPA B8, AT DL [ 16
D7 Ml S 7 EAS G T DX, 4 5 SO B DX IURRAE 1Y)
DUk, E— b om A 26 X B BLE B PR R T . B
J2 3838 45 BUS 0 45 8 8 e o BP BB H, Wl LA I 45 Rig
fi TR b A R OC BRI, (AR ) SR 2 R A8 A0 B R
B A0 SRR AE R s, DT 8 T ABE 7R %) 3 OKS B R X & 2%
IS E R B 28 B RS, wT DURE RS i 1
7RI S (1 K S (| I S = R )
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R3 BEMEESNHIEE LS RERE W %
EES CIFAR-10 CIFAR100 SVHN Imagenette Imagewoof
ResNet-34 88.10 72.35 91.74 87.24 77.82
EfficientNets 94.01 75.96 93.32 88.01 77.93
GhostNet 94.92 77.15 93.86 87.83 78.22
CAPR-DenseNet 94.24 78.84 94.95 87.72 77.91
QKFormer 96.18 80.26 97.13 88.32 81.65
TLENet 95.46 78.42 96.83 87.62 80.57
Couplformer 93.54 73.92 94.26 87.91 77.89
FAVOR+ 91.42 72.56 93.21 88.16 71.57
MMA-CCT-7/3%x2 94.74 77.50 - - -
WideResnet-28-10 95.83 79.50 95.21 88.34 78.71
DAMSNet 96.51 80.50 97.60 — —
SSLLNet 95.51 79.23 96.91 87.93 80.89
GAC-SNN 96.00 80.23 96.17 — —
UPANets 95.32 80.69 96.64 — —
ATONet 94.51 78.54 95.21 86.67 80.19
CCT-6/3x1 95.29 77.31 96.83 — —
BPMNet 96.95 80.85 97.68 90.10 81.70
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GESRIES
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SVHN | Imagenette | Imagewoof
10 100
BPMNet 96.95 80.85 97.68 90.10 81.70
Net, 96.23 79.83 96.52 89.24 79.67
Net, 94.44 78.54 95.74 88.15 78.57
Net, 91.32 77.79 94.45
87.24 77.82
Net, 88.10 72.35 91.74
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4.5.2 BPARHL ST

Ry ik — 2 WLEE BPA XA SC IR 28 (A 280HE L BN
T PURR R BLEN TS A AT - EMA (Efficient Multi-
Scale Attention)™ , FCA (Frequency Channel Atten-
tion) ! , SA (Split Attention )" , LA (Lightning Atten-
tion-2) "%,

WA 17 Fi7R , JE7R 1 A & I HLEI7E CIFAR-10
Fl Imagewoof B4 5 Ay AT LALKCR . Horbai =5k IE
K A o B 32x32 1B £ CIFAR-10, J7 =K &1 1
K H A HER N 224%224 FEFEEE Imagewoof.

AR P17 (9 nT A2 2R 78 CIFAR-10 Bdls v

BPA F 30 i () L 1 B, 5 A 2 O HLRI AR L
BPA fig 1% 57 4> [ b Al 412 5 v 1) SCBRRRAIE |, [R] B %o 4
TR B T A U . AN RS 2 FE AR X
M BE A RCHE U Y B 2 S5 30 2% RV SRR, DT S5 B0
TFURE VE 1) 4R IR $2 BORURR1E 323K . 7E Imagewoof B3 42
o, BPA [RlFERE NS i 25 SR AE T A HR A | 5 55 B
fIE , i BE 20 B0 Hb 46 HUCH 2% | R 0 4% 300 2% DX ) 4 1 e
HE, SEVE XK . Ak, BPA 3R BEAS X 75 5 v Y S Bk
PG B AT & B, b S Z v e B T 40 25 5
SRR SR A £ A B AT J b7 SR, RE A% T T 42 1 M
PPCARUE B, R TR 2 Re Az fhhe

() BPA
17 ORTRE R HLE AT % L
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