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1Round 2Round 3Round

Drop(D) Loss Train Data Test Data
D

Test Data
D

Test Data
D

Features MAE Max Mean F1 TaP TaR F1 TaP TaR F1 TaP TaR

P1_B2004 3.754 0.062 0.008 0.918 0.978 0.864 0.925 0.979 0.876 0.919 0.975 0.868

P1_B2016 3.707 0.061 0.008 0.915 0.978 0.860 0.909 0.947 0.874 0.916 0.949 0.886

P1_B3004 3.749 0.061 0.008 0.909 0.971 0.854 0.916 0.976 0.862 0.911 0.977 0.853

P1_B3005 3.749 0.062 0.008 0.899 0.976 0.833 0.907 0.973 0.850 0.907 0.971 0.851

P1_B4002 3.836 0.061 0.008 0.918 0.974 0.868 0.921 0.971 0.875 0.916 0.960 0.876

P1_B4005 3.736 0.061 0.008 0.920 0.976 0.869 0.920 0.966 0.878 0.919 0.975 0.870

P1_B400B 3.705 0.061 0.008 0.922 0.969 0.880 0.925 0.978 0.878 0.934 0.976 0.896

P1_B4022 3.713 0.062 0.008 0.909 0.956 0.866 0.924 0.975 0.878 0.923 0.972 0.878

P1_FCV01D 3.768 0.061 0.008 0.920 0.977 0.869 0.927 0.978 0.881 0.921 0.971 0.876

P1_FCV01Z 3.719 0.061 0.008 0.921 0.977 0.871 0.922 0.968 0.880 0.912 0.955 0.872

P1_FCV02D 3.644 0.061 0.008 0.925 0.978 0.878 V - - - - - - - V

P1_FCV02Z 3.760 0.062 0.008 0.911 0.967 0.862 0.922 0.971 0.878 0.919 0.952 0.889

P1_FCV03D 3.725 0.062 0.008 0.887 0.968 0.819 0.901 0.956 0.852 0.923 0.972 0.879

P1_FCV03Z 3.726 0.061 0.008 0.907 0.973 0.849 0.920 0.978 0.869 0.924 0.981 0.874

P1_FT01 3.739 0.061 0.008 0.909 0.952 0.869 0.912 0.950 0.877 0.914 0.957 0.875

P1_FT01Z 3.701 0.061 0.008 0.909 0.965 0.859 0.923 0.981 0.871 0.927 0.964 0.892

P1_FT02 3.723 0.061 0.008 0.914 0.961 0.872 0.921 0.974 0.874 0.930 0.972 0.891

P1_FT02Z 3.739 0.060 0.008 0.919 0.974 0.869 0.923 0.975 0.876 0.924 0.976 0.877

P1_FT03 3.725 0.061 0.008 0.906 0.959 0.859 0.919 0.970 0.874 0.923 0.978 0.874

P1_FT03Z 3.726 0.061 0.008 0.900 0.962 0.846 0.917 0.969 0.871 0.924 0.978 0.876

P1_LCV01D 3.716 0.060 0.008 0.904 0.979 0.840 0.903 0.964 0.850 0.914 0.982 0.856

P1_LCV01Z 3.733 0.061 0.008 0.918 0.976 0.867 0.909 0.958 0.865 0.915 0.962 0.872

P1_LIT01 3.730 0.061 0.008 0.915 0.979 0.859 0.925 0.986 0.872 0.929 0.986 0.878

P1_PCV01D 3.716 0.061 0.008 0.914 0.975 0.859 0.921 0.970 0.877 0.920 0.977 0.869

P1_PCV01Z 3.710 0.061 0.008 0.913 0.978 0.857 0.915 0.976 0.862 0.907 0.953 0.865

P1_PCV02Z 3.683 0.061 0.008 0.913 0.975 0.858 0.921 0.965 0.881 0.920 0.973 0.872

P1_PIT01 3.735 0.060 0.008 0.914 0.965 0.868 0.929 0.982 0.883 V - - - V

P1_PIT02 3.699 0.062 0.008 0.919 0.977 0.867 0.933 0.979 0.890 0.928 0.970 0.890

P1_TIT01 3.706 0.061 0.008 0.919 0.971 0.873 0.914 0.958 0.874 0.913 0.959 0.872

P1_TIT02 3.706 0.061 0.008 0.910 0.961 0.864 0.924 0.975 0.878 0.930 0.973 0.889

P2_24Vdc 3.030 0.060 0.007 0.902 0.956 0.854 0.925 0.976 0.879 0.920 0.969 0.877

P2_CO_rpm 3.500 0.060 0.008 0.879 0.959 0.811 0.875 0.959 0.805 0.885 0.975 0.811

P2_HILout 3.295 0.060 0.007 0.915 0.974 0.864 0.926 0.980 0.878 0.921 0.967 0.880

P2_SIT01 3.529 0.057 0.008 0.921 0.980 0.868 V - - - - - - - V

P2_SIT02 3.543 0.057 0.008 0.914 0.975 0.860 0.902 0.959 0.851 0.925 0.980 0.876

P2_VT01 3.509 0.055 0.008 0.913 0.978 0.856 0.913 0.954 0.875 0.919 0.972 0.871

P2_VXT02 3.590 0.054 0.008 0.919 0.976 0.869 V - - - - - - - V

P2_VXT03 3.632 0.052 0.008 0.918 0.982 0.862 0.930 0.977 0.886 0.925 0.974 0.880

P2_VYT02 3.592 0.055 0.008 0.919 0.974 0.870 V - - - - - - - V

P2_VYT03 3.650 0.051 0.008 0.905 0.963 0.854 0.904 0.925 0.884 0.931 0.978 0.887

P3_FIT01 3.668 0.062 0.008 0.914 0.973 0.863 0.924 0.973 0.880 0.927 0.978 0.880

P3_LCP01D 3.709 0.063 0.008 0.910 0.955 0.869 0.930 0.983 0.882 0.925 0.975 0.880

P3_LCV01D 3.697 0.061 0.008 0.912 0.961 0.867 0.917 0.976 0.865 0.921 0.975 0.872

P3_LIT01 3.727 0.062 0.008 0.917 0.973 0.867 0.920 0.962 0.882 0.928 0.980 0.881

P3_PIT01 3.702 0.065 0.008 0.913 0.971 0.862 0.914 0.956 0.876 0.930 0.982 0.883

Result 3.407 0.042 0.075 0.917 0.980 0.862 0.929 0.982 0.883 0.929 0.982 0.883
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