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Noise Estimation and Filtering Methods with Limit Distance
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030006, China

Abstract Machine learning has made remarkable progress and has been successfully applied to many fields in recent years. How-
ever,many learning models or algorithms are highly dependent on data quality. Complex label noise usually exists in a large num-
ber of datasets in practical applications,so machine learning faces severe challenges in low-quality data modeling and label noise
processing. To solve the numerical label noise problem in regression, this paper studies the correlation between label estimation
interval and the noise from the perspectives of theoretical analysis and simulation experiments,and proposes a limit distance noise
estimation method. Under the optimal sample selection framework,a limit distance noise filtering(LDNF) algorithm is proposed
based on this noise estimator. Experimental results show that the proposed noise estimation method has a higher correlation and a
lower estimation bias with the true label noise. The proposed LDNF algorithm can effectively identify label noises and reduce the
test error of the model in different noise environments on benchmark datasets and real-age estimation datasets,and it outperforms

other latest filtering algorithms.

Keywords Numerical label noise, Regression, Noise estimation, Limit distance noise filtering
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Table 1 Regression dataset information

No Dataset # Samples  # Features
1 Forest Fires 517 13
2 Energy Efficiency 768 8
3 Geographical Original of Music 1059 68
4 Airfoil Self Noise 1503 6
5 Skill Craftl Master Table 3395 20
6 Abalone 4177 8
7 Parkinsons Telemonitoring 5875 26
8 Cpusmall 8192 12
9 Condition Based Maintenance 11934 16
10 Physicochemical Properties of Protein 45730 9
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Fig. 2 Scatter plot of noise and limit distance

F2HIWT 6 FhEA 34 T CDF,RNF Fl LDNF 3 3877
R 7S Al 5 S Y Pearson Al Spearman AH 36 &
BOUA R A 0 O 22, MR A A Y DR 22 2R T 01 2R 4 4 22
JBE i

EAD=E | ¢.|— e | (1
Horf, Lo, | 220 X W 7 ey | A T, 06 22 B0 K 56 %
PR OGP B0 s EAD {8 8/IN R 7R Al T B o 1

H 2 n] 50,3 Pl s sl uk ik AE 6 MR 7R A T RS
A1 A9 Pearson {HAH 2% JC JL, Spearman A ¢ &R £ LDNF 5
RNF 722 R K, 5 m% KT CDF J7 % . LDNF B 75 {11
1) 22 {6 EAD B /N T CDF #1 RNF ik 22 1. X%
W] LDNF W75 ft i1 5 3 52 M 75 A AUAR 56 M 50 R HL 0 22 55/
R Bt fr 4 LDNF J7 6 X W 75 04 s 31 58 Ui

26 MR S ERZ MRS AT Y AR DG
Table 2 Correlation between 6 kinds of noise and label noise estimation
Noise Pearson * Spearman 4 EAD ¥
Distribution LDNF CDF RNF LDNF CDF RNF LDNF CDF RNF
Uniform 1 0.731 0.732 0.730 0.524 0.521 0.523 0.183 0.221 0.194
Uniform 2 0.832 0.833 0.834 0.600 0.596 0.597 0.210 0.268 0.254
Gaussian 1 0.862 0.861 0.861 0.555 0.551 0. 556 0.232 0.294 0.253
Gaussian 2 0.900 0.897 0. 899 0.596 0.589 0.594 0.298 0.393 0.355
Laplace 1 0. 856 0.858 0.859 0.477 0.476 0.478 0.240 0.297 0.247
Laplace 2 0.893 0. 889 0. 887 0.514 0.510 0.512 0.311 0. 394 0.320
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Fig. 3 Filtering ratio comparison
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Table 3 Mean square error of each model with different noise

ratios(NR)
NR Model NoF RegENN DiscENN CDF RNF LDNF
KNN 2,08 1.82 1.77 1.23 1.12 1.02
20% SVR 0.82 0.78 0. 80 0.70 0.71 0.68
GPR 0. 88 0.82 0. 86 0.79 0.73 0.70
RF 0.97 0.91 0.91 0.72 0.70 0.67
KNN 2.28 2.03 1.94 1.32 1.21 1.18
30% SVR 0.87 0.79 0.82 0.78 0.74 0.72
GPR 0. 90 0.95 0.91 0.82 0.79 0.77
RF 1.05 1.04 1.15 0. 80 0.76 0.75
KNN  2.56 2.27 2.16 1.57 1.56 1.56
10% SVR 1.08 0.98 0.94 0.87 0. 86 0. 86
GPR 1.24 1.07 1.12 0.91 0. 89 0.88
RF 1.45 1.27 1.31 0.92 0.91 0.90

B 4250 T 4 AR B 4R Ll iR 22 I B 22 5
(Critical Difference,CD), X}t CD B, AL AT A4S 2 7
AR B HER B T LB O Tk 22 8] 25 5 10 RN HE 24 8 5 i

BB EBN, HA L Z R AU, R CD {H R
Fler gz,

CD=13982

Py

1 2 3 4 5 6

N X N N . N
—

LDNF “— NoF
RNF RegENN
CDF DiscENN

(a) KNN

CD=13982
(ree——
1 2 3 4 5 6
L 1 1 L L

[

—_—

—

LDNF NoF
RNF RegENN
CDF DiscENN

(b)SVR
CD=13982
—
1 2 3 4 5 6
—
p—y
LDNF - “— NoF
RNF RegENN
CDF DiscENN
(c)GPR
CD=13982
i1
1 2 3 4 5 6
N X X N . )
8
LDNF — NoF
RNF RegENN
CDF DiscENN
(DRF

Bl 4 BRI R 25 CD B
Fig.4 CD diagram of model test error
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Table 4 Mean absolute error of each model on real-age dataset

Dataset  Model  Samples Test error
NoF RNF LDNF

KNN 26746 5.40+4.32  5.34+4.30 5.31 +4.28
all GPR 26746  5.52-44.35 5.4844.25 5.45 +4.26
RF 26746  5.5644.39 5.54-+4.27 5.53 +4.25
KNN 13625  8.85+4.33 8 80+4.30 8.78 +4.33
MAE>5 GPR 13708  8.8944.28 8.8744.33 8.85 +4.29
RF 13804  0.1444.41 9.0644.35 9.02 +4.27
KNN 3754 13.5144.46 13.33+4.41 13.18 +4.38
MAE>10 GPR 3822  13.554-4.37 13.36-4.34 13.20 +4.26
RF 3835 13.8244.34 13.72444.32 13.45 +4.46
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Fig. 5 Partial label noise in age estimation dataset
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