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Abstract: In order to introduce semantic correlation between labels into multi-label image classification model, traditional
methods, such as ML-GCN, transform label conditional probability matrix into label co-occurrence matrix by using single
threshold value. However, it is difficult to sum up all semantic relationships of all labels by using single threshold value.
To solve this problem, a method of multi-label image classification with fusing powerful semantic correlation, MGAN, was
proposed. By setting multiple thresholds, the traditional conditional probability matrix of labels was divided into multiple
subgraphs according to different degrees of correlation. Meanwhile, in order to improve the performance of multi-label
classification, image region spatial correlation was also introduced. In addition, the traditional “CNN+GCN” method
regards the fusion tensor of label and feature as the lack of interpretability of the predicted fraction. To solve this problem,
MGAN regards the labels and feature’ s fusion tensor as the attention score. Compared with other mainstream multi-label
image classification methods on MS-COCO and PASCAL VOC datasets, the mAP were 94. 9% and 83. 7% respectively,
which were 0. 9% and 0. 8% higher than traditional ML-GCN model. And MGAN performed well in both “Binary” and

“Re-weighted” adjacency matrix mode, which verified that the new fusion method can alleviate the influence of graph
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convolutional neural network” s “over smoothing” problem on multi-label image classification.

Keywords: multi-label image classification; semantic correlation; graph convolutional network; attention mechanism;

regional spatial correlation
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Table 1 Comparative experimental results on PASCAL VOC 2007 dataset 1

i ik aero bike bird boat bottle bus car cat chair cow table
CNN-RNN'® 96.7 83. 1 94.2 92.8 61.2 82.1 89. 1 94.2 64.2 83.6 70.0
ResNet—101" 99.5 97.7 97.8 96. 4 65.7 91.8 96. 1 97.6 74.2 80.9 85.0

HCP'' 98.6 97.1 98.0 956 753 947 958 97.3 731 90.2  80.0

ML-GCN( Binary) (o] 99. 6 98.3 97.9 97.6 78.2 92.3 97. 4 97.4 79.2 94.4 86.5
ML-GCN( Re-weighted) -’ 99.5 98.5 98.6 98.1 80. 8 94.6 97.2 98.2 82.3 95.7 86.4
MGAN( Binary) 99.8 98.2 97.6 98.4 81.9 93.3 97.1 97.8 83.2 94.9 89.1
MGAN ( Re-weighted ) 99.7 98.1 97.7 98.5 81.9 94.1 97.2 98.0 82.4 93.8 89. 1
MGAN-FLAP ( Re—weighted) 99. 8 98. 4 98.0 98.2 81. 1 94. 8 97.2 97.9 82.5 95.0 89.9
MGAN-cut( Binary) 99.6 98.6 97.9 98.7 80.9 94. 4 97.8 97.7 82.9 96.0 92.2
MGAN-cut( Re—weighted) 99.6 97.6 97.9 98.2 83.1 95.6 97.9 98.7 81.8 95.4 90.9
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Table 2 Comparative experimental results on PASCAL VOC 2007 dataset 2

F ok table dog horse motor  person  plant sheep sofa train tv mAP
CNN-RNN™ 70.0 92.4 91.7 84.2 93.7 59.8 93.2 75.3 99.7 78.6 84.0
ML~-GCN( Binary) [’ 86.5 97.4 97.9 97.1  98.7 8.6  95.3 80 98.6  90.4  93.1
ML-GCN( Re-weighted ) *’ 86.4 98.2 98.4 96.7 99.0 84.7 96.7 84.3 98.9 93.7 94.0
MGAN( Binary) 89.1 97.5 98.0 96. 1 99.0 83.5 95.5 86.4 99.0 93.1 94.0

MGAN ( Re—weighted) 89.1 97.8 97.8 96. 2 99.1 93.1 95.3 87.8 99.1 92.7 94
MGAN-FLAP ( Re—weighted ) 89.9 98.0 98.0 96.7 99.0 84.6 96.9 86.6 99.1 93.4 94.2
MGAN-cut( Binary) 92.2 98.5 98.5 97.8 99.1 86.2 95.9 88.2 99.2 95.4 94.8
MGAN-cut( Re-weighted ) 90.9 98.5 97.7 97.5 99.0 87.6 97.2 88.8 99.1 95.8 94.9
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FEH AT Re — weighted ™ 150 2 (1 4B 42 5 B X MGAN A5
RURZIRAR /N, He 9 i R R 25 55 A A Al B R
RS T T BRI M 45 5 MGAN #5571
BEMS2 I, PR, RIS SR B R 4R 9 < 0— 17 JL 30 AR B AE
F TR 2 26 B A WA RGP PERER BL

“MGAN-cut” 78 MGAN 326 M 2% Resnet—101
TEZ 3T cutmix Y IR 5 A imageNet ™" BG4 o )
PR AT ML-GCN #5510 MGAN #4717
“Binary” 4B # 5 FE 4 T, OF YRS #E R (mAP) M
93. 1% 42T+ 94. 8% , 3K 1% T 1. T% IR R 5L Tt ; 7£“ Re
—weighted” #F 22 50 FERL X T, °F 485 1 % (mAP) M
94. 0% 273 94. 9% , A E] T 0. 9% W RIET, H

., AT LIER MGAN 5 125 098 4k

7 3 HAE MS-COCO Eidase [ Hy s L, MS—
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Resnet — 10137 7E cutmix'® ¥ 32 18 58 &b 2 /5
ImageNet" > $C 4 45 o 1031 25, I L4 mAP .CP . CR . CF1
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PR UER M 80. 3% 4 T15 83. 4% , 153 3. 7% HEM F 4%
Tt 7E “ Re —weighted ” SR 4555 PR AL 0T, S 205 ME R
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PASCAL VOC 2007 ##i4E I S2 56 AH 6L, 7E MS-COCO
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Table 3 Comparative experimental results on MS—-COCO dataset
5 All Top-3
S

mAP Ccp CR CF1 op OR OF1 cp CR CF1 op OR OF1
CNN-RNN'® 61.2 — — — — — —  66.0 55.6 60.4 69.2 66.4 67.8
SRN [ 77.1 81.6 65.4 71.2 82.7 69.9 758 852 58.8 67.4 8.4 62.5 72.9
Resnet—101 ' 77.3 80.2 66.7 72.8 83.9 70.8 76.8 84.1 59.4 69.7 8.1 62.8 73.6
Resnet—101-cut"* 82.1 86.2 68.7 76.4 889 731 80.3 887 61.3 72.5 92.1 652 76.3
ML-GCN( Binary) [’ 80.3 81.1 70.1 75.2 83.8 74.2 787 849 61.3 71.2 888 652 752
ML-GCN( Re-weighted ) *’ 83.0 851 72.0 78.0 8.8 754 80.3 89.2 o64.1 746 90.5 66.5 76.7
MGAN-cut( Binary) 83.4 84.9 71.7 77.8 88.1 752 8l.1 88.0 63.9 740 091.9 66.4 77.1
MGAN-cut( Re—weighted ) 83.7 84.8 72.6 782 87.9 76.1 8l.5 880 o64.4 744 O91.7 67.0 77.4
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Table 4 The effectiveness of different components

on MGAN networks

voc 07 MS-COCO

% #%  Resnet—101 Resnet—cut Resnet—cut
mAP mAP mAP CF1 OF1
MGAN-SLAP 94.1 94.9 83.2 77.3  80.7
MGAN-FLAP 94.2 95.0 82.5 77.6  8l1.1
MGAN-Both 94.0 94.9 83.7 78.2  81.5

MGAN J7 % i1 SLAP 5 8 (9 J2 45 45 19 1 SCAH ¢
PEXT ARG A VE R, I FLAP 3808 ) J2& 25 ] X
BAHDCHEX Z 45 28 R A 2 E L, IR 4 PR 7
PASCAL VOC 2007 Z#ls 4 L, A 23 ] IX 3l A OGP Y
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Table 5 The influence of graph convolution layer multiplicity

and layer number on experimental results

=¥
% L4 £ £ 3 E
MGAN 2F 92.3 94.0 93.9
(Reweighted) 3F 92.6 94.0 94.0
MGAN-cut 2F 94. 4 94.9 94.5
(Reweighted) 3E 94.3 94.7 94.6

4 Yk

RSP Y — bl 5 b 25 (1] 5 AR S B 220 265 5
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BRI A TR, T8 i S e B 5 i 1 K 45
FRUZ B3 - 18 ) 8 MGAN J7 ¥k B2 i 4/, X 245
SRR RIS B — 2 S MH,

Z}%iﬁiﬁ(f{eferences) :

(1] RIS T w0 P R RS Y 18 2R R E5E [ D .
PR HEPRHEHL R, 2021.

ZHU Run-sun. Research on image classification algorithm for
myopic funfus diseases| D]. Chongging: Chongqging University
of Posts and Telecommunications, 2021.

(2] AU, Bk, XIUER, A5, kT R4 BRI 2% 1 22 5 26 2 TR
B[] THHLRLINESE, 2021, 38(11): 3439—3445.
YANG Min-hang, CHEN Long, LIU Hui, et al. Multi-label
remote sensing image classification based on graph convolutional
network[J]. Application Research of Computers, 2021, 38 (11):
3439—344s.

[3] HE K, ZHANG X, REN S, et al. Deep residual learning for
image recognition|[ C|// Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. 2016: 770—
778.

[4] HUANG G, LIU Z, VAN D M L, et al. Densely connected
convolutional networks [ C ]// Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.

2017: 4700—4708.



%5 KHEE, % — R AR E BB AR KW S AR W o 7 15

[5] SIMONYAN K, ZISSERMAN A. Very deep convolutional 2016, 25(12): 5678—5688.
networks for largescale image recognition| C|//In International [17] ZHU F, LI H, OUYANG W, et al. Learning spatial
Conference on Learning Representations(ICLR), 2015: 1—14. regularization with image-level supervisions for multi-label image

[6] ANTONUCCI A, CORANI G, MAUA D D, et al. An ensemble classification [ C]// Proceedings of the IEEE Conference on
of Bayesian networks for multi label classification[ C]// Twenty- Computer Vision and Pattern Recognition. 2017: 5513—5522.
Third International Joint Conference on Artificial Intelligence. [18] XU J, TIAN H, WANG Z, et al. Joint input and output space
2013. learning for multi-label image classification [J]. IEEE

[7] LI Q, QIAO M, BIAN W, et al. Conditional graphical lasso Transactions on Multimedia, 2020, 23: 1696—1707.
for multi-label image classification [ C]// Proceedings of the [19] HE K, GKIOXARI G, DOLLAR P, et al. Mask R-CNN[C]//
IEEE  Conference on Computer Vision and Pattern Proceedings of the IEEE International Conference on Computer
Recognition. 2016: 2977—2986. Vision. 2017: 2961—2969.

[8] WANG J, YANG Y, MAO J, et al. CNN-RNN: a unified [20] LI P, CHEN P, XIE Y, et al. Bi-modal learning with
framework for multi-label image classification[C]// Proceedings channel-wise attention for multi-label image classification[]J].
of the IEEE Conference on Computer Vision and Pattern IEEE Access, 2020( 8): 9965—9977.

Recognition. 2016: 2285—2294. [21] ZHENG H, FU J, MEI T, et al. Learning multi-attention

[9] CHEN ZM, WEI X S, WANG P, et al. Multi-label image convolutional neural network for fine-grained image recognition
recognition with graph convolutional networks|C]// Proceedings [C]//Proceedings of the IEEE International Conference on
of the IEEE/CVF Conference on Computer Vision and Pattern Computer Vision. 2017: 5209—5217.

Recognition. 2019: 5177—5186. [22] HOCHREUTER S, SCHMIDHUBER J. Long short-term

[10] NGUYEN H D, VU X S, LE D T. Modular graph transformer memory|[J]. Neural Computation, 1997, 9(8): 1735—1780.
networks for multi-label image classification| C]//Proceedings [23] VANSWANI A, SHAZEER N, PARMAR N, et al. Attention is
of the AAAI Conference on Artificial Intelligence. 2021, 35 all you need[C]// Advances in Neural Information Processing
(10): 9092—9100. Systems. 2017: 5998—6008.

[11] KIPF T N, WELLING M. Semi-supervised classification with [24] LINTY, MAIRE M, BELONGIE S, et al. Microsoft coco:
graph convolutional networks|[ C]//In International Conference common objects in context [ C|// European Conference on
on Learning Representations (ICLR), 2017. Computer Vision. Cham: Springer, 2014: 740—755.

[12] ZITNICK C L, DOLLAR P. Edge boxes: locating object [25] EVERINGHAM M, VAN GOOL L, WILLIAMS C K I, et al.
proposals from edges[ C]// European Conference on Computer The pascal visual object classes ( VOC) challenge []].
Vision. Cham: Springer, 2014: 391—405. International Journal of Computer Vision, 2010, 88(2): 303—

[13] UILINGS J R R, VAN DE SANDE K E A, GEVERS T, et 338.
al. Selective search for object recognition [J]. International [26] PENNINGTON J, SOCHER R, MANNING C D. Glove:
Journal of Computer Vision, 2013, 104(2): 154—171. global vectors for word representation| C]// Proceedings of the

[14] WEI'Y, XIA W, LIN M, et al. HCP: a flexible CNN 2014 Conference on Empirical Methods in Natural Language
framework for multi-label image classification [J]. IEEE Processing (EMNLP). 2014: 1532—1543.

Transactions on Pattern Analysis and Machine Intelligence, [27] DENG J, DONG W, SOCHER R, et al. Imagenet: a large-
2015, 38(9): 1901—1907. scale hierarchical image database| C]//2009 IEEE Conference
[15] LI'Y, HUANG C, LOY C C, et al. Human attribute recognition on Computer Vision and Pattern Recognition. LEEE, 2009:

[16]

by deep hierarchical contexts [ C]//European Conference on
Computer Vision. Cham: Springer, 2016: 684—700.

WANG M, LUO C, HOMG R, et al. Beyond object

proposals: random crop pooling for multi-label image

recognition [J]. IEEE Transactions on Image Processing,

[28]

248—255.

YUN S, HAN D, OH S J, et al. Cutmix: regularization strategy
[Cl/
Proceedings of the IEEE/CVF International Conference on
Computer Vision. 2019: 6023—6032.

to train strong classifiers with localizable features

SRS : 2R



