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Univariate time series classification approach using MHAGRU-MCCE

Lin Hong' Liu Guixiong' Ge Yanhong® Cui Huaifeng'
(1. School of Mechanical and Automotive Engineering, South China University of Technology,Guangzhou 510640, China;
2. Guangdong Infore Technology Co. , Ltd. ,Foshan 528322, China)

Abstract: In univariate time series classification tasks, effectively utilizing the multi-scale and time-dependent features
of time series is crucial for enhancing classification accuracy. Addressing the limitations in existing models regarding
the comprehensive use of multi-scale and time-dependent features, this paper introduces a new hybrid model
MHAGRU-MCCE that combines the multi-scale conditional convolution and enhancement (MCCE) module with a
multi-head attention mechanism based GRU (MHAGRU). MCCE captures rich temporal features across different
scales, while MHAGRU f{ocuses on extracting the dependency relationships within the time series data. On 85 public
datasets from UCR, comparative validation with six mainstream deep learning-based time series classification models,
including MACNN, AFFNet, OS-CNN, LITETime, MLP, and LSTM-FCN, demonstrates that MHAGRU-MCCE
achieves respective improvements in mean accuracy (MA) of 0. 66 % .2. 04% .3.45%.2.70% .12% and 2. 89%. It also
achieved the highest arithmetic mean rank ( AMR) = 2.45 and geometric mean rank (GMR) = 1.98, fully
demonstrating the effectiveness and superiority of MHAGRU-MCCE in handling univariate time series classification
problems.
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Table 1 Comparison of Top-1 accuracy results for 7 models on 85 UCR datasets

. MACNN AFFNet OS-CNN  LITETime 2 21 MHAGRU-
BEREH (2021) (2022) (2022) (2023) MLP LSTM-FCN MCCE
Adiac 0.812 0. 831 0. 835 0. 834 0.752 0. 862 0. 880
ArrowHead 0. 855 0. 800 0. 838 0. 840 0. 823 0. 897 0. 897
Beef 0.907 0. 833 0. 807 0.767 0. 833 0. 800 0. 833
BeetleFly 0.995 0. 850 0. 815 0. 900 0. 850 0. 900 1. 000
BirdChicken 0.990 0. 900 0. 885 0. 900 0. 800 0. 950 0. 900
Car 0.910 0. 900 0.933 0.933 0. 833 0. 950 0.933
CBF 0. 999 0. 994 1. 000 0. 999 0. 860 0. 996 0. 997
Chlorine 0. 882 0. 862 0. 839 0. 848 0.872 0. 803 0.871
CinCECGTorso 0.877 0.761 0. 827 0.873 0. 842 0. 879 0. 867
Coffee 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
Computers 0. 814 0. 840 0.707 0.812 0. 540 0. 836 0. 836
CricketX 0. 854 0. 844 0. 855 0. 831 0. 569 0.782 0. 823
CricketY 0. 863 0. 869 0. 867 0.877 0.595 0.777 0. 826
CricketZ 0. 870 0. 869 0. 863 0. 862 0.592 0.818 0. 849
DiatomSizeR 0.970 0.941 0.977 0.961 0. 964 0. 944 0. 954
DisPhxAgeGp 0.762 0. 741 0.738 0.712 0. 827 0. 833 0.784
DisPhxCorr 0.775 0.764 0.766 0.761 0. 810 0. 807 0. 826
DisPhxTW 0.682 0. 698 0. 664 0.712 0. 747 0.788 0.719
Earthquakes 0.748 0.748 0. 670 0.734 0.792 0. 804 0. 784
ECG200 0.915 0.920 0. 908 0.920 0.920 0. 870 0.910
ECG5000 0. 946 0.941 0. 940 0.943 0.935 0.943 0. 946
ECGFiveDays 0.997 1. 000 1. 000 0.998 0.970 0.992 0.929
ElectricDevices 0.691 0.743 0.724 0.703 0. 580 0. 747 0. 764
FaceAll 0. 869 0.918 0. 845 0.793 0. 885 0.922 0. 951
FaceFour 0. 956 0.943 0.951 0. 955 0. 830 0.943 0.932
FacesUCR 0.976 0.976 0.967 0.962 0. 815 0.936 0. 955
FiftyWords 0. 862 0. 815 0. 816 0. 807 0.712 0. 802 0. 815
Fish 0. 989 0.971 0. 987 0.977 0. 874 0. 954 0.983
FordA 0. 950 0.951 0. 955 0.958 0.769 0.932 0. 965
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Continuation table 1

— MACNN AFFNet OS-CNN  LITETime  Z4Lfy ééﬁﬂﬂ@‘ MHA‘G‘RU—
(2021) (2022) (2022) (2023) MLP LSTM-FCN MCCE
FordB 0. 868 0. 856 0.838 0. 853 0.629 0. 895 0. 865
GunPoint 0.998 0.993 0.999 1. 000 0.933 1. 000 1. 000
Ham 0.822 0. 829 0.704 0.714 0.714 0.733 0. 819
HandOutlines 0.938 0. 897 0.929 0. 954 0. 807 0. 865 0. 957
Haptics 0.532 0. 506 0.510 0. 565 0.461 0.487 0.532
Herring 0.675 0.672 0. 608 0.766 0. 687 0. 656 0.719
InlineSkate 0.483 0. 336 0.429 0. 551 0.351 0. 489 0.515
InsectWing 0.643 0.652 0. 635 0.633 0.631 0. 657 0.653
ItalyPower 0.968 0.975 0.947 0.967 0. 966 0.962 0.975
LrgKitApp 0.915 0.917 0. 896 0. 891 0.480 0. 885 0.912
Lightning?2 0. 803 0. 852 0. 807 0. 754 0.721 0.787 0.787
Lightning?7 0. 841 0. 849 0.793 0. 836 0. 644 0.795 0.904
Mallat 0.975 0. 958 0. 964 0.959 0.936 0.973 0.974
Meat 0.978 0. 950 0. 947 0.933 0.933 0.983 1. 000
Medicallmages 0.774 0.791 0.769 0.786 0.729 0.789 0. 811
MidPhxAgeGp 0.609 0. 545 0.536 0.513 0.735 0.753 0.656
MidPhxCorr 0. 829 0. 818 0.814 0. 849 0.760 0.832 0. 849
MidPhxTW 0. 581 0. 500 0.519 0. 500 0. 609 0. 609 0.597
MoteStrain 0.910 0. 899 0.926 0. 883 0. 869 0.930 0.915
NonInvThorl 0. 945 0.952 0.963 0. 960 0.942 0.962 0.972
NonlnvThor2 0.953 0.952 0. 960 0.961 0.943 0. 957 0.968
OliveOil 0. 850 0.767 0. 787 0. 800 0. 400 0.733 0. 833
OSULeaf 0.971 0.983 0. 940 0. 955 0.570 0.983 0.992
PhalCorr 0. 826 0. 815 0. 830 0. 840 0. 830 0. 828 0. 841
Phoneme 0. 336 0. 359 0. 305 0. 337 0.098 0.325 0. 361
Plane 1. 000 1. 000 1. 000 1. 000 0. 981 1. 000 1. 000
ProxPhxAgeGp 0. 847 0. 844 0. 844 0. 854 0. 824 0. 868 0. 883
ProxPhxCorr 0.916 0.918 0.908 0.918 0. 887 0.911 0.921
ProxPhxTW 0.787 0. 800 0.773 0. 805 0.797 0. 818 0. 829
RefrigerationDevices 0.579 0.552 0.503 0. 496 0.371 0.523 0.589
ScreenType 0. 635 0.613 0.526 0. 589 0.408 0.619 0.672
ShapeletSim 0.994 1. 000 0.799 0. 750 0.483 0.983 0.994
ShapesAll 0.933 0.937 0.920 0.913 0.775 0. 897 0.920
SmlIKitApp 0. 796 0.795 0.721 0.771 0. 389 0.747 0.779
SonyAIBORobot1 0.979 0. 895 0. 980 0. 835 0.727 0.958 0. 950
SonyAIBORobot2 0. 959 0.967 0. 954 0. 941 0. 839 0.973 0.979
StarLightCurves 0.976 0.978 0.975 0.977 0. 957 0. 966 0.981
Strawberry 0.973 0.976 0.982 0. 984 0.967 0.962 0.978
SwedishLeaf 0.961 0.976 0.971 0.962 0.893 0.976 0. 987
Symbols 0. 975 0.975 0.961 0. 983 0. 853 0.983 0. 980
SyntheticControl 0.999 1. 000 0.999 1. 000 0. 950 0. 987 1. 000
ToeSegmentationl 0. 966 0.974 0. 954 0.978 0. 601 0. 982 0. 965
ToeSegmentation2 0. 939 0.923 0. 946 0.938 0.746 0.908 0.931
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Continuation table 1

— MACNN AFFNet OS-CNN  LITETime Z ééﬁﬂﬂ@‘ MHA‘G‘RU—
(2021 (2022) (2022) (2023) MLP LSTM-FCN MCCE
Trace 1. 000 1. 000 1. 000 1. 000 0. 820 0. 250 1. 000
TwolLeadECG 0. 999 0. 998 0. 999 1. 000 0. 886 0. 995 1. 000
TwoPatterns 1. 000 1. 000 1. 000 0. 998 0.853 0. 999 1. 000
UWaveGestAll 0. 956 0.951 0. 942 0.912 0. 954 0. 840 0. 841
UWaveGestX 0. 835 0. 853 0. 822 0. 829 0.768 0.756 0. 779
UWaveGestY 0.779 0.776 0.757 0.762 0.703 0. 765 0. 787
UWaveGestZ 0. 784 0.791 0. 764 0.781 0. 705 0. 958 0. 965
Wafer 0. 999 0. 999 0. 998 0. 999 0. 996 0. 998 1. 000
Wine 0. 839 0.722 0. 744 0. 667 0.796 0.722 0. 889
WordSynonyms 0.758 0.726 0. 742 0.718 0.594 0.671 0.712
Worms 0. 849 0. 831 0. 765 0. 818 0.343 0.591 0. 896
WormsTwoClass 0. 859 0. 857 0. 657 0. 766 0.597 0.779 0. 844
Yoga 0.916 0. 879 0.911 0.918 0. 855 0. 907 0. 896

WL Win 18 16 10 15 3 15 38

®2 7T MEELNEMIERE R
Table 2 Comparison of results for evaluation

metrics across 7 models

BT MA AMR GMR
MHAGRU-MCCE  0.871 6 2.45 1.98
MACNN 0.865 0 3.07 2.62
AFFNet 0.851 2 3.62 3.05
OS-CNN 0.837 1 1.32 3.77
LITETime 0.844 6 3.80 3.24
MLP 0.751 6 5.94 5. 46
LSTM-FCN 0.842 7 3.91 3.24
—
A S S S Y Y
MHAGRU-MCCE MLP
MACNN OS-CNN
AFFNet LSTM-FCN
LITETime
Kl 5 Nemenyi dES G T T B 3F 12 7K

Fig. 5 Nemenyi non-parametric statistical test significance

difference diagram
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