%31 W R ¢ Vol. 53 No.3
2025 4E3 H ACTA ELECTRONICA SINICA Mar. 2025

BT A R E B A AR R S X S 2 R Y
Fl 5o 25k

X BRERRETREAR T, FERY
(1. PG MR A2 % 5 45 BACHRB S B, B PR P 22 71012152, JoLkil (5 515 BACHRE: R FEPRBCG HF 58 0 BePE P& 7101215
3. B EIG R IR /R T2 VE 29 5 Al HD13DH)

BOE. R R L 1RG5 SRS B A [R] Bt S 0 4 A2 Ak, RSO3 HH — iR T A A T B T AL R
FENN SR A AR Ay A . 1, T — i A AR T B AR A IR LR A ResNet34, 7850 H EMR AR 25 0L 1
L, DL R ) ) SRR B R 0 5 LV, SR BlurPool ZEARAE N RRE ot e v B 57 2585 1 252k o) IO 28 P BE 118 5 il
DA I U R 265 5 iy, A i — i AR I X ST 28 Bk, 20 0 % 18 B R 2 AR B ARSI RO 51 AR 2 (8] A 56
15615 8, DL RO 23 2 20D 00 0 2% 35 7% 31 4% 2 MobileNetV3 2425 4% . FER R BURAE b Seab 4 SR AR
SCHE OB N 4578 308 T A3 Stk RE , ELZRIRIN 05 10244 45 B A0 T LA Rl 2 g N 45, S0l T s bk i 255
fiE , BEAS B4 1 B T3 15 R0 N T IR A2 IR B S P

KER . WG Al AR s ResNet34 5 AL bR i 2P Ak

BEE£mME: HEEHABFES (No.62106195)

FESES: TP391 XERFRIREG: A XEHS: 0372-2112(2025)03-0962-12
L F % 3R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20240754

Image Classification Algorithm Based on Coordinate Importance
Pooling and Decoupled Class Alignment Distillation

LIU Ying"?, XUE Jia-hao", ZHANG Wei-dong"’, XU Zhi-jie*”
(1. Center for Image and Information Processing, Xi’an University of Posts and Telecommunications, Xi’an, Shaanxi 710121, China;
2. International Joint-Research Center for Wireless Communication and Information Processing, Xi’an, Shaanxi 710121, China;

3. University of Huddersfield, West Yorkshire HD13DH, United Kingdom of Great Britain and Northern Ireland)

Abstract: An image classification algorithm based on coordinate importance pooling and decoupled class alignment
distillation is proposed to improve the image classification accuracy of convolutional neural networks while achieving net-
work lightweighting. Firstly, a coordinate importance pooling module is designed and embedded it into ResNet34, in order
to fully utilize the positional information of image pixels to enhance the ability to discriminate important features. Secondly,
BlurPool is used to mitigate the impact on network performance due to shift equivariance during down-sampling, and to
construct the teacher network. Finally, the decoupled class alignment distillation algorithm was constructed to efficiently mi-
grate image classification knowledge from the teacher network to the lightweight MobileNetV3 network, which considers
the knowledge of target and non-target class separately and introduces correlation information between the class. The experi-
mental results on different datasets showed that the proposed teacher network effectively improves the classification perfor-
mance, and the distillation-trained student network achieves superior overall performance than other networks of the same
magnitude, making it better applicable to practical scenarios with limited computational and storage power.
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ighted Recall= — » R.- N, 1
Weighted Reca N’; N, (19)
. I <
Weighted F, = ﬁ;ﬂ .-N, (20)

4.3 XtEESLLE
SRy 56 T B A N R A 2 A R il
7E Caltech101 .BIRDS 525 SPECIES F1 CITP-CSID #( 5 45

b H At T R R A AT EL A 8 L 1) 3 B e
2 Veggl6, ResNet34, 25 2% X 4% ShuffleNetV2 . Mobile-
NetV2 ., MobileOne 45 , L J MobileViT ., RepViT % %t +
Transformer [ #4155 # #% (Vision Transformer, ViT) 45
B ORTRIAEE Y 2o a AN 1 s, Hodh ekt I 59
Ui ) 4% i 45 M E-ResNet34, 7818 J5 (124 £ N 248 4 44
D-MobileNetV3.

FH 2% 1 AT 0, 76 I 28 M e O I, 3 R HlE 4R b E-
ResNet34 1 i 2 53 513k ) 79.95% . 99.41% ,90.84% ,
3 ResNet34 43 51 $2 75 1.85.1.01 F1 1.21 /> FH 43 4 5 il i
ZEMEI 245 1 D-MobileNet V3 HERH %4> H135 3 79.37% .
98.17% .90.41% , Fi#¢ T E-ResNet34 73 Bl /0 0.58 . 1.24
F0.43 A 43 i AR AT IR 28 43 51l 42 19 5.44.4.19
F 188 AN F 43 i, MERf 3 2 Tt , SR W42 th i DCAD
BT LA 351 T AR N 4 2 ) O A HR . 7R )
25 RS D5 T, 2 2E 5 B E-ResNet34 4148 T ResNet34 A~
ACSEHL T AG BE AR T, T HL AR &AM 1S 2 8, £ CIIP-
CSID %4 5 E RN F, 0 R 5 5 T HAtb CNN
2% , 15 ] E-ResNet34 Re f i D) $2 52 2 BR5E T 19 ¢
HAE B, U IR AR AL AT J% 15 o 2 AR M RRAE A R
e, g — 20 R HAE U 3 AT 55 h A Rz
etk

1 FREENHLLER

Accuracy/%
BIRDS
Algorithm Model Params/M CIIP-
Caltech101| 525 SPE-
CSID
CIES
ResNet34"! 21.8 78.10 98.40 |89.63
CNN Vggl 6! 138.4 77.75 98.21 [89.52

SCConv-R34*|  24.1 78.45 98.51 [89.84
ShuffleNetV2'® 3.5 76.59 98.02 [89.27
MobileNetV2® 3.5 76.01 97.82 |88.80
MobileNetV3®! 2.5 73.93 93.98 |88.53

Lightweight | PeleeNet'®”! 2.8 72.31 97.56 |89.26
CNN GhostNet'*! 5.2 76.36 97.87 |89.21
PP-LCNet*! 3.0 76.59 96.46 |88.85

MobileOne*! 4.8 76.94 97.83 [89.38

ConvNeXtV2! 52 77.17 97.98 |89.69
MobileViT-S*” 5.6 77.06 97.75 |89.58
ViT RepViTH! 14.0 79.25 99.01 |90.11
TransNeX(*”! 49.7 79.84 99.48 |91.00
E-ResNet34 21.8 79.95 99.41 [90.84
Ours D-Mobile-
NetV3

2.5 79.37 98.17 |90.41

Jr A B E-ResNet34 7E Caltech 101 B354
ifi B¢ =1 ; 78 BIRDS 525 SPECIES £ CIIP-CSID $ 8 4
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M, A8 T TransNeXt, HERH 2R 43 51 A 0.07 4~ H 43
SORT0.16 D 3 s B T A . XOR R T
Caltech101 B 5, E-ResNet34 A T 4% b 5 221 i
AR, BRI HE 5 000 28 XoF 245 (] (o7 8 ) J R, A ) 2 X [
& rb W i 2 [R) 45 0 B3R R BE R AE i 4 AR 2 W S A
BT DL Bl X 2 A Rk SR A T R B X R A S Ah
2 N BIEEE T, E-ResNet34 [ HERN RIS {K T TransNeXt,
Jir PRl 5k 2 B AR A S 2 M i A R, AT e R
FETEA T 2E 7, HE N ZFEPERK . E-ResNet34 3@ o
T A A B LM AR BT 51 A BlurPool Hi5 [ 9 2% 5¢
R B Y R BB A5 B 11 R0 0 2R 40 1Y
TransNeXt 48 E-ResNet34 34 i 17— Fi {5 2 R AL 7 &

BLH L R FH XS A2 18 111815 R IR A 4l kL B FIORLAR B
FRAE , 18505 R 7E WL 8¢ 2o A8 v DA JRy 8 1) 4 Jmy 114 34 22
iz 2l , A I TransNeXt XT 41 3% 22 55 0 R 8508 . 55 4h

E-ResNet34 ANV FE AR 8 2 505 5 1 JE 45 & TransNeXt
fY) 43.86% , 1 H. 7£ BIRDS 525 SPECIES 1 CIIP-CSID
B TR AL 2R a5 R . 28 BT, rd i i
E-ResNet34 B ag 3 225V RE R &5 R B |

P17 S S SC T P 7 g AR AR () P RE X LG, OO
M BT AT S RO FER R A R B B 7 R
D-MobileNetV3 4% F E-ResNet34, 75 {8 /N b B f1 2< 1Y)
RT3 T AR D 9 45 1 S 500 s MR TF VIT AT, R
D-MobileNetV3 ()2 %5t e RepViT fil TransNeXt 4351 [
11 82% F11 95% , {H = & WE R B + 43 &34 . B, 7F
Caltech101 % #% £ -, D-MobileNetV3 7 44 FE |- It
TransNeXt WA 0.47 4~ 43 o5 (B2 BEAU R H 1720, %
IR B 25 A PERE , TR BH T AR SO 194 A
AR SCE AR T D-MobileNetV3 (232568 11, il
HAE S hiy 4 5% vh 2R T i B 5 4 S T

0.5 F 100.0
53‘5’ 3 b @ ResNet34 :}?'5 % ® ResNess4 L0 0 ® ResNewd4
790 b * Vegl6 99.0 | L] * Vegl6 * Veglée
85k 2 A SCConv-R34 985 | é A SCConv-R34 5675 A SCConv-R34
780 b ° ® ShuffleNetV2 el ® ShuffleNetV2 | * ] ®  ShuffleNetV2
775 F 4 MobileNetv2 | % ] ? ¥ MobileNetV2 ¥ MobileNetV2
~70F F ™ MobileNetV3 & o ® MobileNetV3 g <900 L ™ MobileNetV3
S765F 9 @ PeleeNet ] = o0l @ PeleeNet ] 5y ' @ PeleeNet
2760 F * *  GhostNet ] & 65l GhostNet 1 & 2 o GhostNet
IS5 @ PP-LCNet @ T PP-LCNet Hgos > ® PP-LCNet %
75.0 | ® MobileOne 96.0 - ® MobileOne - Y @ MobileOne
745 F @ ConvNeXtV2 9551 @ ConvNeXtV2 L] L] Con\.'Ne)FIVZ
740 | m P MobileViT-S P MobileViT-S 89.0 P MobileViT-S
351 RepViT 95.0 B RepViT : B RepViT
73.0 | TransNeXt 945k TransNeXt TransNeXt
725 b - *  E-ResNe34 saof . *  E-ResNet34 5l - *  E-ResNe34
720 | D-MobileNetV3 D-MobileNetV3 D-MobileNetV3
715 : : 93.5 . : — L . —
0 50 100 150 0 50 100 150 0 50 100 150
S /M ZHR/M SHi/M

(a) Caltech101

(b) BIRDS 525 SPECIES

(¢) CIIP-CSID

7 AR REELE LR TEREXT L

252 P — 25 XS 1 2 Precision . & [8] 3% Recall Fll F,
B3 RARAR AT IR, DAE T 4 1 A A AR
BE. 20T, A SCH H AY E-ResNet34 7E £ 504 42 |-
FPRE 2% A3 WIS P B0 LT oAt CNN, FREH LR
P50 e 1 HL 41 . A % T MobileViT-S 1 RepViT,
E-ResNet34 £ 804 A9 PERE , U HUZ7E Caltech101 3
PR I E-ResNet34 #H Lt At 2 R IR AE F 4355 153531
HA 4220 EH S M1L26 40 H A MG 35 . H 2
J5L PR & MobileViT-S Fl RepViT 2 4K 1 1 4% Fh 1% 11 P A%
TR A SR BT ORI 2R B
Caltech101 B8 5 I ShbE AR B D, RBOLTE R 700
RAFMH . LI B85 R i — L i E-ResNet34 fig 18 H 41
Hb3E O ECHE BN OO A Tz B N R A, G
TEBCHE AR B 1) 3 57 P RE S W S B TR AL M . kA,
D-MobileNetV3 F¥ i % A1 A [BURAHYT , HLAE F, 70507
T 22 B0 R4, Ud BB R B A R A1 o S R R Rz Ak
P . R4 D-MobileNetV3 A5 i % A & TransNeXt, {H7E
3B o 91A%] 79.12% .98.48% F1190.19% , 454

SRR LI ) LR A P RE R

2% 1R 3R 2 I S B0 5 SR T A AR SR IR AR B 2
B A AbERE L RBUELF . X e T HAERRAEFE I
B 3870 R SR 3 1 A A {5 ., 8 i T S R0 ) i 2
PR XSG , HPEHE B S A R T4 & o
JEUEN B B T ZR IR T 4300 2% 1 H AR JSR R H AR
P F T4 @ 28R RCR s W, Bl T T 2850 %) 55
DA A 35 ) 00 I 2 R, A R b 4R T T 40 2
Bt . 28185 8272 2% D-MobileNetV3 7E - IE 247
SR RE/NR TR T A LS AR, RIS AR T
AEGEIRAT R AN BE (KPR 7
4.4 HERICIE

kT I8 UE O ) 4 B A A SR A U L AR S
O3 AE 3B B X A Ay B B M 3 A AT BlurPool 1
AT, PR FLXT L 43 SRR VR R . TH Rl S g6 25
W3 R .

F 2 3 AT, 7 3 N EUHE4E |, DA ResNet34 Sy FE4E
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*2 BHWEELNEMEILER AN : %
Mol Caltech101 BIRDS 525 SPECIES CHP-CSID
Precision Recall F, Precision Recall F, Precision Recall F,
ResNet34" 78.18 78.10 77.23 98.65 98.40 98.38 89.37 89.63 89.44
Vggl6* 77.83 77.75 76.43 98.51 98.21 98.17 88.92 89.53 89.09
SCCony-R34"! 79.53 78.45 77.57 98.75 98.51 98.50 89.44 89.84 89.54
ShuffleNet V2! 78.02 76.59 75.73 98.35 98.02 98.00 88.57 89.28 88.75
MobileNetV2® 77.06 76.01 75.08 98.22 97.83 97.80 88.71 88.80 88.51
MobileNetV3" 73.99 73.94 72.93 94.93 93.98 93.89 88.28 88.54 88.13
PeleeNet ! 72.56 72.32 71.14 98.00 97.56 97.55 88.76 89.27 88.88
GhostNet* 77.13 76.36 75.75 98.20 97.87 97.80 88.97 89.21 88.86
PP-LCNet™! 78.22 76.59 76.02 97.04 96.46 96.36 88.37 88.85 88.37
MobileOne! 77.34 76.94 76.05 98.20 97.83 97.80 89.09 89.38 89.06
ConvNeXtV21! 78.63 77.17 76.45 98.30 97.98 97.95 89.21 89.70 89.25
MobileViT-547 76.51 77.05 75.15 98.15 97.75 97.73 89.19 89.58 89.30
RepViT 79.58 79.26 78.11 99.16 99.01 99.00 89.73 90.10 89.74
TransNeXt*) 79.47 79.83 78.47 99.73 99.48 99.44 90.93 91.00 90.71
E-ResNet34 80.92 79.96 79.37 99.65 99.42 99.39 90.51 90.84 90.53
D-MobileNetV3 79.12 79.37 78.12 98.48 98.16 98.14 90.19 90.42 90.17
3 HTMEBRRBER % T DCAD REHSHE S 4 BT a2 31 S, e
Accuracy S e 2 3 24 B (A S R T A4 2 L
HE | O | Blubool | BIRDS 525 | CIIP- I 3 A B4 9 T S 6 24 SR mT AR B AR Sk Oy R Y Rk
SPECIES | CSID  JR b0 5525 2 4% 1 43 S i %2
i 7810 | 9840 | 8963 B4 FERMEREHRIRGER s %
N N 79.14 99.01 90.26
N J v 79.95 99.41 90.84 Accuracy
Model BIRDS 525
7 1 B0 3 £ SRS 5 9 TIVR A 5 , L0 2 49 CaeelOl 1 gppes | PO
FEUER R 3k 2 79.14% ,99.01% F190.26% , #4 T LM 73.93 93.98 88.53
SEZE IO 2% 45 B B 1.04.0.61 F10.63 T 4045, 1 1561 KD 77.98 95.77 89.58
AR A B T 43 B PR {5 5 L {7 o +DKD" 7849 97.60 90.00
FEOE ST RAR RSP . 51 BlurPool (TR 5 +DCAD L il Ll

15 R R — A HE 5 0.81.,0.40 F110.58 4N F 43 15, 43
WK F] 79.95% .99.41% . 90.84%. ik &% 2 17 , ok ik
Ji 1 E-ResNet34 H ) 2 A4~ S 5 25 ] 45 g 09 2 114 732
PERE.

N T ST DCAD BN 22 A W 2 o SR RE I 52
K FH D-MobileNetV3 1E k2 A [ 4%, F4d FH KD ik %0
Rz (Decoupled Knowledge Distillation , DKD) i1 NS
07 ¥k UEAT ZE T Rl S 06 X FE L 745 B 45 B AR B s
ok RANR 4 s . 24 AT, A SCIR A DCAD 5
Pl A5 A 4% 1) 40 JSHERR R AE 3B 4E 4y ik
#]79.37% .98.17% F190.41% , A% T Hifth 2 Rz i 1k
K B I S 3R TR TR B A R MR T R
VEAT AR AL PR DKD 335, DCAD 78 38 is 46 1 i i
B3 B TH 0.88.0.57 Fl10.41 4N F 43 45, B AiE 1 FIrik

4.5 A4 EIE

S T B W B SIE D-MobileNetV3 i &b, 45 3¢
{8 F GradCAM Az 15l AT R AL 3845 1% 2 4% 19 4% (Mobile-
NetV3) 1 D-MobileNetV3 #E47 rl #4627, 4 &l 8 fr s,
H B R RE A K [ Caltech101 BHR4E . B 8, 45 147
B FEAS IR 56 247 Ry HE A I 2 1 TR R, 56 34T
k1 D-MobileNetV3 437G ], 351G &1 Hh 2t 60 il e 6 7y X
I 2 R R EL A FE RN T, R 2% i AR AT 4 2SIt
T JE 4 M () X g . ph PR 8 ML, M AT LR M 4
D-MobileNetV3 {4 i 7 5 £5 19 JER 480 DX 35 RS o HLOE
SERE BN S 150 (0 T AR T, B2k X 4% 1 1 2 IX A
TEWURHEATER4Y , 1 D-MobileNetV3 I 14 25 S 4 th 1
T A DX, 8 T LA ) AR AT A2
K5 3E T D-MobileNetV 3 5L Y E 15 40 2t fE
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&8 i GradCAM A7 ] YALRT [

5 it

TR R B 2 2% TE R o AT 55 T RS
JE R B S0 00 4 5 b Ak, AR SO — Bl L T AR AR R
S A R A R S X 5 AR R Y R A SR A i
B3 A bR HZE M i b S B AN BlurPool 243 I 1Y
E-ResNet34 1 4 300 % 4% , 18 HUE 72 94 MobileNetV3
VB2 2 3 3 4 1 — P R S 0T 5 2R IR AR
VBT A2 A R 0 3 2B 43 ok EBR 2R R 2R R
Ak BARIEFIIR RN 2 5055, IR 2ER H 3 o A T 2 X
T, o8 I 45 YR ] DA AR S 22 (R 5C R i i A AR
) 286 T LA B 4 M 2 500 0 285 11 L e 2R AR I
52 G 2 4E M 4% D-MobileNetV3 #% ] T B4 4325, 12
T A3 2N B B TR S B T I 45 e Ak . AR S TR B 46
A S 2 R, AR SR VL E-ResNet34 76 6 % |
KR H R AF 5807 1 25 A e T A
Fo gAY R A A 3G S B0 2R AR S 1 2E R
2% D-MobileNetV3 7E 8K 1 S 80 T HA H Ao 2%
PERE , A A TR Z BR ) S b
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