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Image classification algorithm based on lightweight group-wise attention module
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Abstract: Aiming at the problem that the existing neural network models have insufficient ability to characterize the
features of classification objects in image classification tasks and cannot achieve high recognition accuracy, an image
classification algorithm based on Lightweight Group-wise Attention Module (LGAM) was proposed. The proposed module
reconstructed the feature maps from the channel and space of the input feature maps. Firstly, the input feature maps were
grouped along the channel direction, and channel attention weight corresponding to each group was generated. At the same
time, ladder type structure was used to solve the problem that the information between the groups was not circulated.
Secondly, the global spatial attention weight was generated based on the new feature maps concatenated by each group, and
the reconstructed feature maps were obtained by weighting the two attention weights. Finally, the reconstructed feature maps
were merged with the input feature maps to generate the enhanced feature maps. Experiments were performed on the Cifar10
and Cifar100 datasets and part of the ImageNet2012 dataset with using the classification Top-1 error rate as the evaluation
indicator to compare the ResNet, Wide-ResNet and ResNeXt enhanced by LGAM. Experimental results show that the Top-1
error rates of the neural network models enhanced by LGAM are 1 to 2 percentage points lower than those of the models
before enhancing. LGAM can improve the feature characterization ability of existing neural network models, thus improving
the recognition accuracy of image classification.
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Tab. 1 Module generalization verification

o) 245 A BHR100 Top-1 #1RH/%
ResNet 18 11.22 23.52
ResNet 18+LGAM 11.25 22.94
ResNet 34 21.33 22.45
ResNet 34+LGAM 21.39 21.36
WRN 16-10 17.43 22.54
WRN 16-10+LGAM 17. 48 21.55
ResNeXt 29 24.26 22.59
ResNeXt 29+LGAM 24.34 21.47

M 1R IR — s TT LR AR SCHR B LGAM
R 5 (T 5 ol 20 TR 4 R A A5 B 119 Top-1 £5 1R AR T IR
P 25 P 28 AR ERREAIR T 1% 2247 o LGAM MARAIE [E1 3 38 2
(B A~ o) 1o 3 L, R T A M S0 R R
T R 45 A5 (19 53 FEVEBE L3R 43 BT T 43 E A AR SO 1492
etk
3.1.2 AXHES5EtEE A

X LGAM A5 e 55 Al ) 38 S SO HE 286 o R 45 b
TR SRS 5 A 1 ResNet18 [ 48 HE 42 (1) 551 4% 2% Herh
JHT 25, X6 b B 7R 3 F B 43 i SEN SGE™! .CBAM™ |
BAM"7”, %udiE%H Cifarl10 F Cifar 100 40354 . HAK M 2 HE
B2 2, %% 2 AM (Attention Module) 878 VE & i, 52
Yl L L3 3,3 3 R AR 840 R I 45 AR AR (1% S 4
AR 4325 Top-1 451

LGAM 5 HAt i3 2 M He i %) b 25 5055 3 B« 2407
I, 7 Cifar100 £ 5 I, A SCHE N 19 LOCAM B3 5 RseNet18
R RN EE A T BRI S8 ol 11, 25% 100, 1M1 R 2R ResNet 18 4 21
ZHR N 11, 22%10°, /X34 A0 1 0. 03x10°, i SE,CBAM . BAM
=R IS I T 0. 09%10°,0. 09x10°,0. 07x10°, P4 H A5 H
4598 LGAM (5 0 W 45 FF RS 5/, R —Fh R i g i e .
LGAM 55 AR 1] 308 308 A1 23 0] g0 5 A A , ] el R 4321 4
TR REAR IR (R TR Y, SR TH 25 A PR R . SR AEASEERL )

TR T WS S T SGEBLH , (H LCGAM BB 11 43 28 MEAf 4 55
F SCEALHL, A2Mefe Iy, SE BT IM A VE R JIHLE L SGE
S JR 25 ) VE R T LR, A SCR FH R A 3 T HLRI AR 45 6
7, SR EE W, LGAM RO P Fh i 2 ALl 454 07 i
YRR T SE A SGE (W BRI HLwI Sk . B o Bk
SR SOK LGAM #5555 ResNet 18 #EZRAAZE &, 158 T HeAIK 11
O ISEEIRAR T IE AR SRR A R
F2 EENEBR+ResNet 18 MEHELR

Tab. 2 Network framework of attention module + ResNet18

Layer Output Size Block Type
Convl 32x32 [3x3,64]
Conv2_x 32x32 F S 64} x2

- 3x 3,64
AM 32x32 AttentionX 1
R [3%3,128]
Conv3_x 16 X 16 [3x3, 128_X2
AM 16%x 16 AttentionXx 1
Convd_x 8x8 _3X3’256_x2
- 3% 3,256 |
AM 8§x 8 AttentionX 1
[3x3,512]
Conv5_x 4x4 73x3,5127><2
AM 4x4 AttentionX 1
Average Pooling 1x1 4x4
FC, Softmax 10(100)
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Tab. 3 Comparison of different attention module results on Cifar

Cifar10 Cifar100
) £45 A5 7 ZHm/ Top-1%451%  S8E/ Top-1551R
10° /% 10° /%
ResNet 18 11.17 5.68 11.22 23.52
ResNet 18-SE! 11.26 5.54 11.31 23.32
ResNet 18-SGE!3! 11.17 5.33 11.22 23.35
ResNet 18-CBAM!'¢! 11.26 5.41 11.31 23.23
ResNet 18-BAM!'7) 11.24 5.25 11.29 23.21
ResNet 18-LGAM 11.20 5.16 11.25 22.94
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Tab. 4 Comparison of different attention module results on

ImageNet2012
RS ZHE10° Top-1 AEIRR %
ResNet 18 11. 19 25.57
ResNet 18-SE!! 11.27 25.26
ResNet 18-SGE!' 11.19 24.38
ResNet 18-CBAM!'¢! 11.27 23.74
ResNet 18-BAM!!7) 11.25 23.57
ResNet 18-LGAM 11.22 23.14
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