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A Label Noise Filtering Method Based on Relative Outlier Factor

HOU Sen-Yu' JIANG Gao-Xia! WANG Wen-Jian"?

Abstract The presence of categorical label noise in classification tasks is a common issue in traditional data min-
ing. Currently, there is a lack of targeted methods specifically designed to detect categorical label noise. While out-
lier detection techniques can be used for noise identification and filtering, the lack of consistency between outliers
and categorical label noise renders outlier detection algorithms unable to accurately detect label noise in classifica-
tion data sets. To address these issues, a method based on outlier detection techniques, called the label noise en-
semble filtering method based on relative outlier factor (ROF) (EROF), is proposed for filtering categorical label
noise. The EROF method estimates noise probability of samples by using relative outlier factor and then iteratively
combinings multiple outlier detection algorithms for ensemble filtering. Experimental results show that this method
maintains excellent noise identification capability in most data sets which contain label noise, and significantly im-
proves the generalization ability of various classification models.
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Table 2 Classification accuracy with different noise ratios on UCI

NR 5 NoF MNN MVF RD CRF vRD Adp mCRF EROF NR 55 NoF MNN MVF RD CRF vRD Adp mCRF EROF
1 0.926 0.981 0.963 0.921 0.943 0.963 0.963 0.981 1 0926 0.981 0.981 0.895 0.888 0.926 0.907 1.000

2 0.762 0.714 0.730 0.713 0.615 0.746 0.635 0.746 2 0.761 0.762 0.746 0.745 0.669 0.762 0.683 0.762

3 0.905 0.921 0.937 0.852 0.883 0.889 0.905 0.905 3 0.778 0.937 0.921 0.753 0.852 0.778 0.873 0.937

4 0.691 0.753 0.728 0.665 0.675 0.691 0.704 0.778 4 0.704 0.741 0.704 0.688 0.695 0.704 0.716 0.753

5 0.901 0.885 0.901 0.852 0.878 0.885 0.901 0.908 5 0.878 0.794 0.802 0.851 0.836 0.878 0.855 0.924

6 0.841 0.841 0.848 0.793 0.807 0.833 0.826 0.902 6 0.818 0.765 0.765 0.795 0.792 0.833 0.826 0.841

7 0.727 0.671 0.713 0.687 0.667 0.720 0.699 0.727 7 0.678 0.622 0.650 0.659 0.693 0.685 0.713 0.715

8 0.918 0.901 0.912 0.891 0.897 0.936 0.936 0.959 8 0.825 0.830 0.865 0.825 0.780 0.842 0.819 0.930

9 0.826 0.855 0.831 0.777 0.785 0.816 0.807 0.860 9 0.758 0.787 0.768 0.746 0.720 0.763 0.749 0.855

10 0.841 0.850 0.870 0.804 0.802 0.841 0.831 0.889 10 0.773 0.792 0.739 0.750 0.751 0.773 0.768 0.845
10 11 0.654 0.610 0.646 0.630 0.578 0.650 0.591 0.606 2% 11 0.598 0.563 0.583 0.588 0.536 0.610 0.547 0.587
12 0.969 1.000 1.000 0.931 0.933 0.965 0.965 1.000 12 0.942 1.000 0.977 0.911 0.916 0.954 0.938 1.000

13 0.697 0.683 0.687 0.681 0.661 0.697 0.683 0.753 13 0.663 0.650 0.663 0.630 0.570 0.663 0.600 0.720

14 0.786 0.775 0.786 0.748 0.695 0.772 0.713 0.812 14 0.716 0.681 0.724 0.679 0.658 0.708 0.676 0.794

15 0.720 0.726 0.733 0.689 0.676 0.716 0.705 0.733 15 0.662 0.736 0.733 0.641 0.627 0.660 0.652 0.737

16 0.931 0.945 0.945 0.889 0.915 0.931 0.938 0.957 16 0.905 0.928 0.935 0.865 0.867 0.908 0.895 0.958

17 0.873 0.870 0.879 0.839 0.849 0.872 0.867 0.893 17 0.817 0.823 0.840 0.801 0.781 0.818 0.818 0.897

18 0.926 0.936 0.928 0.889 0.884 0.927 0.926 0.965 18 0.854 0.881 0.864 0.830 0.820 0.858 0.862 0.958

19 0.972 0.984 0.978 0.942 0.931 0.970 0.969 1.000 19 0.887 0.920 0.930 0.860 0.839 0.882 0.880 0.998

20 0.929 0.920 0.941 0.896 0.905 0.921 0.925 0.949 20 0.868 0.855 0.923 0.833 0.829 0.852 0.855 0.940

1 0.833 0.944 0.907 0.743 0.686 0.759 0.704 0.963 1 0.630 0.926 0.815 0.588 0.686 0.611 0.704 0.981

2 0.603 0.571 0.587 0.580 0.603 0.603 0.619 0.635 2 0.540 0.508 0.508 0.507 0.585 0.524 0.603 0.508

3 0.841 0.952 0.921 0.772 0.725 0.794 0.762 0.957 3 0.603 0.794 0.825 0.609 0.590 0.635 0.603 0.921

4 0.407 0.420 0.395 0.394 0.580 0.407 0.605 0.618 4 0.457 0.481 0.457 0.458 0.423 0.469 0.444 0.580

5 0.710 0.649 0.672 0.652 0.639 0.672 0.664 0.870 5 0.580 0.550 0.511 0.580 0.649 0.603 0.664 0.718

6 0.750 0.765 0.795 0.720 0.692 0.750 0.720 0.818 6 0.629 0.674 0.667 0.617 0.591 0.644 0.606 0.727

7 0.580 0.594 0.594 0.576 0.597 0.601 0.622 0.601 7 0.573 0.497 0.503 0.561 0.550 0.573 0.573 0.524

8 0.684 0.737 0.731 0.666 0.621 0.684 0.649 0.860 8 0.632 0.655 0.661 0.621 0.639 0.643 0.667 0.766

9 0.647 0.696 0.696 0.617 0.585 0.643 0.604 0.807 9 0.507 0.531 0.512 0.491 0.490 0.512 0.507 0.565

. 10 0.676 0.647 0.657 0.656 0.649 0.676 0.667 0.773 ., 10 0.551 0.556 0.546 0.547 0.565 0.575 0.589 0.700
0 11 0.531 0.543 0.524 0.502 0.487 0.520 0.512 0.587 o 11 0.453 0.476 0.472 0.415 0.459 0.429 0.476 0.555
12 0.811 0.961 0.927 0.774 0.794 0.815 0.826 0.973 12 0.683 0.776 0.757 0.669 0.631 0.699 0.656 0.764

13 0.637 0.633 0.647 0.629 0.586 0.643 0.603 0.693 13 0.580 0.620 0.627 0.539 0.551 0.567 0.573 0.577

14 0.651 0.601 0.627 0.627 0.632 0.641 0.649 0.713 14 0.633 0.576 0.582 0.608 0.598 0.622 0.622 0.641

15 0.605 0.712 0.722 0.541 0.546 0.562 0.562 0.705 15 0.545 0.739 0.720 0.480 0.465 0.494 0.483 0.703

16 0.834 0.922 0.896 0.782 0.777 0.815 0.805 0.948 16 0.688 0.885 0.874 0.677 0.646 0.694 0.680 0.929

17 0.740 0.780 0.778 0.717 0.706 0.744 0.739 0.891 17 0.646 0.713 0.707 0.638 0.634 0.653 0.651 0.884

18 0.736 0.764 0.747 0.727 0.721 0.744 0.749 0.924 18 0.603 0.618 0.615 0.571 0.593 0.600 0.613 0.701

19 0.778 0.870 0.857 0.747 0.752 0.774 0.776 0.950 19 0.652 0.766 0.740 0.614 0.626 0.640 0.645 0.781

20 0.791 0.855 0.896 0.747 0.764 0.782 0.784 0.930 20 0.675 0.852 0.857 0.640 0.642 0.666 0.671 0.922
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Table 3  Noise recognition performance on MNIST
TN TEFR MNN MVF RD CRF vRD Adp_ mCRF EROF
Acc 0.664 0.732 0.791 0.780 0.801 0.844 0.872
NfAce 0.372 0.436 0.489 0.545 0.563 0.651 0.713
Re 0.582 0.669 0.739 0.761 0.763 0.816 0.851
Spec 0.993 0.985 0.998 0.858 0.951 0.956 0.957
Pre 0.997 0.995 0.999 0.964 0.987 0.988 0.991
F1 0.735 0.797 0.850 0.837 0.851 0.885 0.916
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