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Abstract : Label noise usually misleads classifier training and negatively impacts classification performance. The use of clustering tech-
nology can assist cluster distribution-guided label noise detection. However, there exists the problem of inconsistency between feature
semantics and label semantics,and the noise identification is too sensitive. In order to explore the data distribution information fully
and improve the accuracy of noise detection, this paper proposes a cluster distribution-guided label noise detection and cleaning { CDG-
DC) method. The method develops an adaptive fusion of feature semantics and label semantics through the category attribute enhance-
ment mechanism , constructs the feature curve of the nearest neighbors to further screen out the true label noise,and finally carries out
targeted cleaning for the detected noise to improve the data quality. Experimental results show that the proposed method can accurately
identify the label noise and improve the model generalization performance on simulated and real-world noisy datasets.
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based on cluster distribution
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Fig.3 Framework for label noise detection guided by cluster distribution
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15 Splice 3175 60 2
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19 EEG Eye State 14980 15 2
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21 Seeds 210 7 3
22 Glass Identification 214 10 6
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25 Vehicle 846 18 4
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Fig.4 Detection accuracy at different noise ratios
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Fig.5 Noise detection in the ROC space
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Table 2 Predictive accuracy of each classifier after binary data cleaning
Noise model Nothing ANN CF IPF MVF CRF DRNC CDGDC
SVM 0.805 0.803 0. 807 0. 806 0. 808 0.596 0.797 0.806
KNN 0.801 0.798 0.793 0.808 0.809 0. 607 0.798 0.812
NR =10% DT 0.775 0.793 0.768 0.796 0.799 0. 606 0.771 0. 806
RF 0.834 0.832 0.827 0.836 0.841 0.589 0.827 0.842
NNet 0.796 0.810 0.794 0.810 0.808 0. 602 0.797 0.825
SVM 0.3803 0.801 0.801 0.805 0.804 0.605 0.792 0.805
KNN 0.784 0.786 0.775 0.787 0.797 0. 609 0.775 0.807
NR =15% DT 0.745 0.772 0.737 0.781 0.777 0.618 0.752 0.79%4
RF 0. 809 0.820 0.802 0.821 0.825 0.602 0.798 0.839
NNet 0.780 0.794 0.773 0.793 0.791 0.609 0.773 0.811
SVM 0.793 0.793 0.796 0.793 0.797 0.616 0.790 0.794
KNN 0.755 0.761 0.748 0.778 0.782 0.619 0.755 0.792
NR =20% DT 0.710 0.738 0.702 0.764 0.754 0.629 0.717 0.782
RF 0.786 0.797 0.777 0.810 0.811 0.615 0.780 0.823
NNet 0.753 0.773 0.756 0.779 0.772 0.626 0.757 0.800
SVM 0.772 0.768 0.773 0.778 0.780 0.628 0.763 0.774
KNN 0.663 0.678 0.658 0.722 0. 696 0.645 0.705 0.741
NR =30% DT 0.640 0.676 0.636 0.716 0. 684 0.648 0.670 0.750
RF 0.721 0.737 0.709 0.755 0.751 0.637 0.739 0.791
NNet 0. 699 0.726 0.693 0.728 0.722 0.651 0.713 0.764
S 4y 0.761 0.773 0.756 0.783 0.780 0.618 0.763 0.798
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Table 3 Predictive accuracy of each classifier after multi-class data cleaning

Noise model Nothing ANN CF IPF MVF CRF DRNC CDGDC
SVM 0. 690 0.693 0. 696 0.692 0.697 0.635 0.702 0.709
KNN 0.703 0.711 0.713 0.708 0.717 0.654 0.701 0.731
NR =10% DT 0.685 0.723 0.705 0.691 0.725 0.650 0. 684 0.706
RF 0.710 0.672 0.648 0.587 0.726 0.579 0.711 0.730
NNet 0.709 0.729 0.735 0.722 0.731 0.677 0.713 0.730
SVM 0.6%4 0.683 0.697 0.692 0.684 0.615 0.698 0.706
KNN 0.675 0.692 0.711 0.710 0.708 0.628 0.676 0.725
NR =15% DT 0.664 0.699 0.709 0.692 0.711 0.619 0.681 0.707
RF 0.700 0.651 0.654 0. 640 0.701 0.590 0.702 0.714
NNet 0. 688 0.709 0.723 0.716 0.719 0.642 0.684 0.725
SVM 0.690 0.689 0.682 0.679 0.691 0.613 0. 696 0.701
KNN 0.642 0.678 0.697 0.700 0.695 0.618 0.646 0.716
NR =20% DT 0.652 0. 681 0. 688 0. 681 0.706 0.619 0.642 0. 698
RF 0.686 0.653 0.646 0.599 0.687 0.582 0.702 0.707
NNet 0.655 0.690 0.713 0.702 0.709 0.638 0.674 0.713
SVM 0.641 0. 664 0.672 0.642 0. 669 0.623 0. 668 0.680
KNN 0.577 0.637 0.671 0.672 0.652 0. 604 0.591 0. 685
NR =30% DT 0.569 0.643 0. 650 0.653 0.661 0.596 0.584 0.671
RF 0.654 0.631 0.630 0.566 0. 669 0.566 0. 656 0. 686
NNet 0.616 0.645 0.658 0.673 0.670 0.635 0. 631 0.679
M 0. 665 0.679 0. 685 0.671 0. 696 0.619 0.672 0.706
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Fig.6 CD diagram of prediction accuracy for each classification model
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Table 4 Classification accuracy of real gender data sets with different classifiers

LAY Nothing ANN CF IPF MVF CRF DRNC CDGDC
LR 0. 601 0.688 0.669 0. 696 0.748 0.743 0.719 0.770
KNN 0.670 0.668 0.656 0.676 0.735 0.738 0.708 0.763
DT 0.616 0.639 0.605 0.630 0.698 0.711 0.657 0.757
RF 0.751 0.739 0.734 0.754 0.764 0.760 0.757 0.780
T IREL 0 0 0 0 4 4 0 4
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Fig.8 CDGDC cleaning results of noisy gender labels

4 HFRIE

EL A MRS T B8 7 ¥ A (S RE A% TR Hh 048 46 R s 4 1R
AR RS TE— EFREE BRI BN IE X SEIR . SRT X 26 07 7 3%
B REAR A S, S ERF B A S . A S
R — AL TR B PR R A IG5 3, B R
BB THRAEAR IR A, SR 5 A ISR B R PRI 58 07 # 42
THRARBERNAEHE Z 18] 1 78— B, (7 8 P 300 <R ARAE b 2%
WA IRERE. TRAERRNEBERATHNR

TEPEFIE R, BRI AEAS (Rl s /K- T B HE T TR 5 A 2
A RIS AR B AT A A R AL

A SCTEAR TR AR R 75 Ty 1 A 2R B, XA ] 28
A 45 2R FH i 8 R 21 TE 45 5 O 8 7 SRR IR S AR AR AT Ak
B, SRS RIE W T R BOR R4, [ I i 5 HEBR Dl R 7
BER L BEEUE. T 40, AT LR A ST AR 28 e A Al 5 7
B ER R R IR R AL S 5, #— S B IE
GRS PR 7 15 A TR B SR, LA TR 1Y B AN 0 ey
MzAhe S



23 LR L BB NT RIS R 5 335

References:

[1] Song H,Kim M, Park D, et al. Learning from noisy labels with
deep neural networks:a survey [ J]. IEEE Transactions on Neural
Networks and Learning Systems,2022,34(11) .8135-8153.

[2] Jiang G X,Wang W J,Qian Y H,et al. A unified sample selection
framework for output noise filtering; an error-bound perspective
[J]. Journal of Machine Learning Research,2021,22(18) :1-66.

[ 3] Kovashka A,Russakovsky O,LI F F,et al. Crowdsourcing in com-
puter vision[ J]. Foundations and Trends in Computer Graphics and
Vision,2016,10(3) ;177-243.

[4] Chen Q Q,Jiang G X,Cao F Y,et al. A general clevating frame-
work for label noise filters [ J]. Pattern Recognition, 2024, 147 ;
110072 ,doi;10. 1016/j. patcog. 2023. 110072.

[5] MEN C Q,MENG X C, JIANG G X, et al. Active label noise
cleaning method based on spxy sampling [ J]. Journal of Chinese
Computer Systems,2021,42(9) :1865-1870.

[ 6] Lienen J,Hullermeier E. Mitigating label noise through data ambig-
uation[ C]//Proceedings of the AAAI Conference on Artificial In-
telligence 2024 ;,13799-13807.

[7] Jiang G X,Zhang T,Bai X, et al. Which is more effective in label
noise cleaning, correction or filtering? [ C ]//Proceedings of the
AAALT Conference on Artificial Intelligence,2024 .12866-12873.

[8] ShuJ,Xie Q,Yi L X, et al. Meta-weight-net; learning an explicit
mapping for sample weighting[ C]//Advances in Neural Informa-
tion Processing Systems, Cambridge, MA : MIT Press,2019.1917-
1928.

[9] JIANG G X, WANG W J. A numerical label noise filtering algo-
rithm for regression[ J]. Journal of Computer Research and Devel-
opment,2022,59(8) :1639-1652.

[10] Jiang L, Zhou Z,Leung T,et al. MentorNet; learning data-driven
curriculum for very deep neural networks on corrupted labels
[ C]//Interational Conference on Machine Learning , Proceedings
of Machine Learning Research( PMLR) ,2018;2304-2313.

[11] Zhang W N, Tan X Y. Combining outlier detection and reconstruc-
tion error minimization for label noise reduction| C]//IEEE Inter-
national Conference on Big Data and Smart Computing ( Big-
Comp) ,2019:14.

[12] Huang J,Zhu Q, Yang L,et al. A non-parameter outlier detection
algorithm based on Natural Neighbor[ J]. Knowledge-Based Sys-
tems,2016,92(15) :71-77.

[13] WANG M,WU W J,LIU H Y, et al. Confidence prediction meth-
ods for noisy label identification and correction [ J]. Journal of
Northwestern University ,2022,52(5) ;857-867.

[14] Xia S,Wang G,Chen Z,et al. Complete random forest based class
noise filtering learning for improving the generalizability of classi-
fiers[ J]. TEEE Transactions on Knowledge and Data Engineering,
2018,31(11) :2063-2078.

[15] Cao J,Kwong S,Wang R. A noise-detection based AdaBoost algo-
rithm for mislabeled data[ J]. Pattern Recognition,2012,45(12) ;
4451-4465.

[16] Saez J A,Galar M, Luengo J, et al. INFFC:an iterative class noise

filter based on the fusion of classifiers with noise sensitivity control
[J]. Information Fusion,2016,27;19-32,doi;10. 1016/j. inffus.
2015.04.002.

[17] HOU S Y,JIANG G X, WANG W J. Label noise filtering method
based on relative outliers [ J ]. Journal of Automation, 2024, 50
(1) :154-168.

[18] FAN R X,JIANG G X,WANG W J. An outlier detection algorithm
for personalized k-nearest neighbors[ J]. Journal of Chinese Com-
puter Systems,2020,41(4) .752-757.

[197 Yi K, Wu J X. Probabilistic end-to-end noise correction for learning
with noisy labels[ C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition( CVPR) ,2019,7017-
7025.

[207] Bhandari K,Kumar K,Sangal A L. Data quality issues in software
fault prediction:a systematic literature review[ J]. Artificial Intelli-
gence Review,2023,56(8) ;7839-7908.

[21] XU M L,JTANG G X,WANG W J. A label noise filtering frame-
work based on anomaly detection[ J]. Computer Science,2024,51
(2).8799.

[22] Lee D,Kim K. Improved noise-filtering algorithm for AdaBoost u-
sing the inter-and intra-class variability of imbalanced datasets[ J].
Journal of Intelligent & Fuzzy Systems,2022,43(4) .5035-5051.

[23] Zhang J, Jiang X, Tian N, et al. Label noise correction for
crowdsourcing using dynamic resampling[ J]. Engineering Appli-
cations of Artificial Intelligence ,2024,133.108439, doi; 10. 1016/
j- engappai. 2024.108439.

[24] Yuan W W ,Guan D H,Ma T H, et al. Classification with class noi-
ses through probabilistic sampling [ J]. Information Fusion, 2018,
415767 ,doi;10. 1016/j. inffus. 2017. 08. 007.

[25] Rothe R, Timofte R, Van G L. Deep expectation of real and appar-
ent age from a single image without facial landmarks[ J]. Interna-
tional Journal of Computer Vision,2018,126(2) ;144-157.

[26] Muhammad U, WANG W ,Chattha S P,et al. Pre-trained VGGNet
architecture for remote-sensing image scene classification [ C]//
Proceedings of the 24th International Conference on Pattern Recog-
nition(ICPR ) ,2018,1622-1627.

MRS E 3R

[5] MAH, TRM, LRE, % —FHFH SPXY RAMmERH
FRIFVE TR LT]. NB B B LR 4, 2021,42(9) 1 1865-
1870.

(9] EWE, 7 3C8l. | 1 M- AT 55 1 S00E B AR W o S g B vk
[T]. HEVgE S 52,2022 ,59(8) :1639-1652.

(130 ¥ 8, AHSCHE, XM B, 4. M= bR SR 0 A5 2 TF I 1 B )
FE[T]. Padb k24 ,2022,52(5) :857-867.

[17] 3208, £RE, T8 ST BN T AR S MRS 18
$H[T]. HEMESER,2024 50 (1) :154-168.

[18] #E4iE , Bm R, L8 —F AL k JE 48 MBS #E R 7k
[T]. /NIRRT [ SR HL R 45,2020,41(4) 1752-757.

[21] % le, RWE, T8I 3T 70 R I 5 hr 4 e 75 1 I HE 22
[T]. PRS2 2024 ,51(2) :87-99.



