[N s -~ S/
S 1t F A F
COMPUTER SCIENCE

EFHFSHRENEESITES MR
RIB%R, REE

5|FEA
KIBZR, REE. BETHADMRKNEGSIFED LRI HEHRIE, 2022, 49(6): 210-216.
ZHU Xu-dong, XIONG Yun. Study on Multi-label Image Classification Based on Sample Distribution Loss[J].

Computer Science, 2022, 49(6): 210-216.

HUEEE (SERXINE IENEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ETRB- 1 R-ERNEG KIS ARG iEEY

Stylized Image Captioning Model Based on Disentangle-Retrieve-Generate

TTENRIE, 2022, 49(6): 180-186. https://doi.org/10.11896/jsjkx.211100129

ETF BRI S NEIE R
Remote Sensing Change Detection Based on Feature Fusion and Attention Network

TENAEIEE, 2022, 49(6): 193-198. https://doi.org/10.11896/jsjkx.210500058

£937 RA REMERAEE GRS EHRINA
Multi-branch RA Capsule Network and Its Application in Image Classification

THEHNREIEE, 2022, 49(6): 224-230. https://doi.org/10.11896/jsjkx.210400087

MERF IESRETEN PRI R FLRE
Application of Machine Learning in Financial Asset Pricing:A Review

THEHNREIEE, 2022, 49(6): 276-286. https://doi.org/10.11896/jsjkx.210900127

EF IR0 EERERERNNAS K
Text Classification Based on Attention Gated Graph Neural Network

THEHRIEE, 2022, 49(6): 326-334. https://doi.org/10.11896/jsjkx.210400218


https://www.jsjkx.com/CN/Y2022/V49/I6/210
https://www.jsjkx.com/EN/Y2022/V49/I6/210
https://www.jsjkx.com/CN/Y2022/V49/I6/180
https://doi.org/10.11896/jsjkx.210300267
https://www.jsjkx.com/CN/Y2022/V49/I6/193
https://doi.org/10.11896/jsjkx.210300267
https://www.jsjkx.com/CN/Y2022/V49/I6/224
https://doi.org/10.11896/jsjkx.210300267
https://www.jsjkx.com/CN/Y2022/V49/I6/276
https://doi.org/10.11896/jsjkx.210300267
https://www.jsjkx.com/CN/Y2022/V49/I6/326
https://doi.org/10.11896/jsjkx.210300267

http: /www. jsjkx. com

DOI:10. 11896/jsikx. 210300267

St A 2
COMPUTER SCIENCE

ETHADGRANBEGZIRESLXHR

KIEFR RE &

EEAFHENMFERAFER Lk 200433
tETHEHFER LR E(RELF) L 200433
(18212010052@ fudan. edu. cn)

i E L5-BRARSES T THHESARALRR . EBR SRESEPNAAG T T . ARAFLEENZAGEESRBESHF
FHB, Y ERBENBTEERSBHAKZTOERL, T EAFER R MAFITAA L, B L 54745 TF B KRGS
WAL BE s HF kR SRR AR EREP AT REBRBERTHO TR T EESREYRTRAEAKER., PR
BT —AATERSFEG R THASARARREF I ET%, AASERERERHES A XELNMLETRRM
K, FBEDEFIFRXG L SHEEFA, R R T ESHTHERFIMRE RIS ERHF R BEFRGRE S TR A, R
BABMHEAFIRERTEEEL, MEARBEVERE R I RAFEMERSGEREIFRAESF THHRAFEIN
IR T ARAF R AR,

KBRS HFEREXRZ; TR, REF T BES £

FEZESES TP391

Study on Multi-label Image Classification Based on Sample Distribution Loss

ZHU Xu-dong and XIONG Yun
School of Computer Science and Technology, Fudan University, Shanghai 200433, China

Research Center of Dataology and Data Science, Fudan University, Shanghai 200433, China

Abstract Different from the data distribution in general image classification scenarios,in the scenario of multi label image classi-
fication,the sample number distribution among different label categories is unbalanced,and a small number of head categories
often account for the majority of sample size. However,due to the correlation between multiple labels,and the distribution of diffi-
cult samples under multiple labels is also related to the data distribution and category distribution, the re-sampling and other
methods for solving the data imbalance in the single label problem cannot be effectively applied in the multi label scenario. This
paper proposes a classification method based on the loss of sample distribution in multi label image scene and deep learning. Firs-
tly, the unbalanced distribution of multi label data is set with category correlation,and the loss is re-used,and the dynamic lear-
ning method is used to prevent the excessive alienation of distribution. Then, the asymmetric sample learning loss is designed,and
different learning abilities for positive and negative samples and difficult samples are set. At the same time. the information loss is
reduced by softening the sample learning weight. Experiments on related data sets show that the algorithm has achieved good re-
sults in solving the sample learning problem in the scene of uneven distribution of multi-label data.

Keywords Multi-Label, Label relation, Re-sample,Deep learning, Image classification
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Fig. 1 DAB model structure
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Fig. 2 Result of DAB ablation study
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