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Multi-Label Image Classification Algorithm Based on Transformer

ZHANG Zhen, WANG He’, SONG Hongxu
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: Image classification is a basic and important direction in image processing. Since there is not
only a single label value on an image, the current image classification can no longer meet people’s needs,
and multi-label image classification came into being. This paper proposes a multi-label image classification
framework using Swin Transformer for feature extraction and a two-layer routing attention module for fea-
ture processing. Swin Transformer extracts multi-scale information through a hierarchical structure, and is
superior to Vision Transformer in terms of multi-target and finer-grained image recognition. The dual-
layer routing attention module enables more flexible computation allocation and content awareness. The
dynamic attention mechanism adaptively adjusts the attention weight according to the characteristics of the
input image, so that different positions or features can be given different levels of attention, and the inten-
sity and range of attention can be flexibly controlled by adjusting the dynamic attention. The average preci-
sion of the model on the COCO dataset is 87.3, and the average precision on the VOC2007 dataset is
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96. 7, which improves the accuracy of multi-label image classification to a certain extent.
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Tab.1 Indicators of each algorithm on the COCO 14 dataset i, %
All TOP3
o
Pm.’\ PL‘ R(f FC] P() R() F()] PL‘ R(f FCl P() R() F()]
SRN 77.1 81.6 65.4 71.2 82.7 69.9 75.8 85.2 58.8 67.4 87.4 62.5 72.9
ResNet-101 78.3 80.2 66.7 72.8 83.9 70.8 76.8 84.1 59.4 69.7 89.1 62.8 73.9
ML-GCN 83.0 85.1 72.0 78.0 85.8 75.4 80.3 87.2 64.6 74.2 89.1 66.7 76.3
MCAR 83.8 85.0 72.1 78.0 88.0 73.9 80.3 88.1 65.5 75.1 91.0 66.3 76.7
SSGRL 83.8 89.9 68.5 76.8 91.3 70.8 79.7 91.9 62.5 72.7 93.8 64.1 76.2
STMG 84.3 85.8 72.7 78.7 86.7 76.8 81.5 91.6 51.9 66.2 92.7 61.8 74.1
C-Trans 85.1 86.3 74.3 79.9 87.7 76.5 81.7 90.1 65.7 76.0 92.1 71.4 77.6
ADD-GCN 85.2 84.7 75.9 80.1 84.9 79.4 82.0 88.8 66.2 75.8 90.3 68.5 77.9
CSRA 86.9 89.1 74.2 81.0 89.6 77.1 82.9 92.5 65.8 76.9 93.4 68.1 78.8
ARSI RY 87.3 87.2 77.0 81.8 88.0 79.0 83.2 91.0 67.5 77.5 92.5 68.8 78.9

2.3.2 £ Pascal VOC 2007 |
1F Pascal VOC 2007 $4l5 4 [ 47325, I3

%2 REPAEVOC 2007 $ii4E FryfehR

H T 204285148 B BRI A K i ST 240RS 1Y
i, W 2 pis.

Tab. 2 Indicators of each algorithm on the VOC 2007 dataset
; KEBE/ %
el T
VGG+SVM  FeV+LV HCP RDAL MCAR CCD-R101 A SRR
aero 98.9 97.9 98.6 98.6 99.7 99.9 99.9
bike 95.0 97.0 97.1 97.4 99.0 98.2 99.5
bird 96.8 96.6 98.0 96.3 98.5 98.4 99.4
boat 95.4 94.6 95.6 96.2 98.2 98.9 99.0
bottle 69.7 73.6 75.3 75.2 85.4 84.9 87.5
bus 90.4 93.9 94.7 92.4 96.9 97.7 97.9
car 93.5 96.5 95.8 96.5 97.4 97.8 98.7
cat 96.0 95.5 97.3 97.1 98.9 99.0 99.1
chair 74.2 73.7 73.1 76.5 83.7 86.4 85.4
cow 86.6 90.3 90.2 92.0 95.5 98.8 98.9
table 87.8 82.8 80.0 87.7 88.8 90.2 92.9
dog 96.0 95.4 97.3 96.8 99.1 99.2 99.3
horse 96.3 97.7 96.1 97.5 98.2 98.9 99.1
mbike 93.1 95.9 94.9 93.8 95.1 97.8 98.8
person 97.2 98.6 96.3 98.5 99.1 98.8 99.3
plant 70.0 77.6 78.3 81.6 84.8 87.3 89.3
sheep 92.1 88.7 94.7 93.7 97.1 99.4 99.6
sofa 80.3 78.0 76.2 82.8 87.8 88.8 89.5
train 98.1 98.3 97.9 98.6 98.3 99.7 99.7
tv 87.0 89.0 91.5 89.3 94.8 96.6 97.1
Pounl %
VGG+SVM  FeV+LV HCP RDAL MCAR CCD-R101 A

89.7 90.6 90.9 91.9 94.8 95.8 96.7




418 il

(EVE 5 S NI S 4

2024 45 4 )

F 2 AT LI, B i A RE 2R AR 19 42 1)
R T, T E TR A B T X s Ty
B, B RE TR R A R . T
T F RO REA R D, 17 LB 2 B LE 0 1 A
DR, BEAR R 2, B UL B8ORS 7 RORS AR T
CCD-RI01 LAY a5 1 (A5 2

2.4 HBhSCIS

KT B UEAS SCRE A R O (O BB XS A
AHEREATIH BRSS9 0 2 1Dl Vision
Transformer AT ZAR% E 5732, 2) (i Swin
Transformer 47 Z AR % IR 5036 3) (] Swin
Transformer F1XUZ e 1 1E & I BERIEAT 20750
%5325 7 COCO 14 HI VOC 2007 Hodi 4 L4351

WATSEI . R Tk G LA PR 2R S, I S
o AR S HEAR I AR . e 3ERIN T Bk 3Ry
B FRG T o

MF 3R LIA W, Swin Transformer {E 8T
M 2& . 5 Vision Transformer #H I, 764k E 42
LAE M FE AR T B R T, X RN
Swin Transformer i 15 43 )2 45 ¥ $2 BUERAE , AT DL
Ui b A AR PG b 08 JRy B RN A R AE B . FE R TE] |
Swin Transformer # k¢ Vision Transformer $t T 1R
%, TEMMABRA J5 , PEH 4645 XA T 4k 2L 1 42
T, XSRS BRA GBS 52 I 2 3 13155 43 e A
PR SRR T L3 O A B A ok RS M
il 3 s E RS L . 2R A WS D AR
UG ER T 5 i o A B

3 {ECOCO 14 FMVOC 2007 Kt e b HEA7 I fi 5256 1 245 51

Tab. 3 Results of ablation experiments on COCO 14 and VOC 2007 datasets i, %
. MS COCO14 VOC2007
Tk - - - -
Poa Fe Fo P Fe, Fo
Vision Transformer 80.4 74.5 78.6 92.5 83.9 86.4
Swin Transformer 85.5 79.8 82.1 95.4 88.2 89.7
Swin Transformer+BRA 87.3 81.8 83.2 96.7 90.6 91.4
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Tab.4 The number of parameters and running time of various methods on the COCO 14

VRS SR ZHt /M BATHTE] /h Poa/ %
Vision Transformer 224X 224 88 22 80.4
Swin Transformer 448X 448 90 15.5 85.5
Swin Transformer+BRA 448X 448 91.9 17 87.3
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Fig.6 Model visualization
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