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Time series classification using deep residual probability random forests

LIU Ying, LI Xu, LV Zheng', ZHAO Jun, WANG Wei
(School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China)

Abstract: Time series data widely exists in industrial, medical and other application fields. Due to its strong temporal
correlation and large feature space dimension, traditional time series classification methods generally have problems of
insufficient accuracy and complex feature engineering. This paper proposes an end-to-end unified deep learning model
based on residual networks and probability decision trees by fully considering the superiority of deep neural networks in
dealing with complex time series data and the strong ability of a decision tree method to fit data. This model uses a residual
network to extract advanced features from original time series. In order to better establish the mapping relationship
between features and labels, probability decision trees are integrated into the classification layer of the residual network.
Meanwhile, the integration strategy of random subspace is designed to alleviate the over-fitting phenomenon caused by
the deep structure of the residual network. We also give the iterative optimization scheme to jointly optimize model’s
split parameters and prediction parameters. Experiments and analysis on a large number of benchmark datasets and an
industrial case show that the classification performance of the proposed model is better than that of traditional methods
and other deep learning methods, and the generalization ability of the residual network can be improved effectively.

Keywords: time series classification; end-to-end learning; residual network; probability decision tree; random subspace
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JapaneseVoues o a0 12 e o Y. R P 2 ST AR 26 I 1] PR 810 49 2K 06 B A el T
Libras 180 180 2 4515 Hetfs B AN T BRI 2 Pk RE B T B, LA
LSST 2459 2466 6 36 14 N P = R N .
NATOPS 180 180 24 51 6 %EE,XHK{%@EE&%E‘J%;@ EE. EECGFIVCD&YS\
PenDigits 7494 3498 2 8 10 Fish.Lightning 2 S TN SRR /N E@;ﬁjﬁ%i,
Phoneme 3315 3353 11 217 39 . . o
RacketSports 151 152 6 30 4 ﬁﬁ %% H:Il *;-t @ % B H 'fjﬁ T ResNet E/:] éj\% 5‘& %9 % Eﬁ
SelfRegulationSCP 1 268 293 6 896 2 DRPRFs E/(J “ Kﬁ*ﬂ%’i_—ﬁ [‘m ” %)&%H}%ﬂ‘ﬁ&&i—mjﬁ%%%ﬁ
SelfRegulationSCP 2 200 180 7 1152 2 . " - I 3k e
StandWalkJump 215 4 2500 3 J&£ WA 2% S5 R 5 /N B a5 B RZ AR BE J). MTS 73 2K 5K
UWaveGestureLibrary 120 320 3 315 8 g{j élﬂj: % ﬁn%% 4 Fﬁﬂi\‘ DRPRFs E UEA E{J 20 /I\éj[j:E;%N 1:'31

MLSTM-FCNI?? TapNet(?*], ShapeNet?*! fl ResNet™.

FE S Bevh T 22 W 28 BRI S HOE G 2 I ER 1.1
T, AL B RHAIE 5 2] BB ) e R T EO 128,
TR RN S S IS AE, BB LR EBA A
5 BRI SRR, B PR BE TN 6. S TG N B AL 1R AT 1500
URIEAR I 25, 18 F Adam optimizer A IE LAY 225,
IR 2] 2R B8 0.001, RS KN E N 16.

9N BT T NG, H B TR A LS
VRS 2 S 5. BT UTS, MTS [ 23 REAE 56
VR ) SR 65 T T KRR A 2 (AT A 22 T
FhR 2, 1R ) it A% G2 5 VA AE fif v 22 4% B I ) 7 )
4325 I 73 H 1R 2 () 4 FE B A AR 6 B MLSTM-FCN
TapNet 15 ShapeNet iX L6 7% 45 1, DRPRFs /394 LA
PRI 7> P RE.

F3 UTSHASLIELERITEE

e/ ED DTW BOSS WEASEL COTE LSTM-FCN EMAN AFFNet ResNet DRPRFs
ArrowHead 0.800 0.703 0.834 0.873 0.811 0.829 0.846 0.800 0.817 0.771
BirdChicken 0.550 0.750 0.950 0.900 0.900 0.910 0.900 0.900 0.900 1.000
CBF 0.852 0.997 0.998 0.993 0.996 0.998 1.000 0.994 0.994 0.971
ClorineConc 0.650 0.648 0.661 0.728 0.727 0.803 0.796 0.862 0.828 0.847
Coffee 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Computers 0.576 0.700 0.756 0.716 0.740 0.809 0.756 0.840 0.824 0.860
DistPhalOutAgeGrp 0.626 0.770 0.748 0.777 0.748 0.868 0.860 0.741 0.798 0.798
ECG 5000 0.925 0.924 0.941 0.943 0.946 0.945 0.946 0.941 0.931 0.942
ECGFiveDays 0.797 0.768 1.000 0.996 0.999 0.989 1.000 1.000 0.955 0.963
FacesUCR 0.769 0.905 0.957 0.891 0.942 0.929 0.945 0.976 0.958 0.946
Fish 0.783 0.823 0.989 0.983 0.983 0.983 0.966 0.971 0.989 0.994
FordA 0.665 0.555 0.930 0.953 0.957 0.928 0.929 0.951 0.928 0.947
GunPoint 0913 0.907 1.000 1.000 1.000 1.000 0.993 0.993 0.993 1.000
Ham 0.600 0.467 0.667 0.705 0.648 0.791 0.800 0.829 0.781 0.791
HandOutlines 0.862 0.881 0.903 0.886 0.919 0.887 0.886 0.897 0.861 0.924
InlineSkate 0.342 0.384 0.516 0.567 0.495 0.482 0.442 0.336 0.365 0.491
ItalyPowerDemand 0.955 0.950 0.909 0.945 0.961 0.962 0.967 0.975 0.960 0.967
LargeKitchenApp 0.493 0.795 0.765 0.675 0.845 0.910 0.907 0.917 0.893 0.931
Lightning 2 0.754 0.869 0.836 0.721 0.869 0.803 0.852 0.852 0.754 0.803
Meat 0.933 0.933 0.900 0.850 0.917 0.884 0.950 0.950 1.000 0.950
Medicallmages 0.684 0.737 0.718 0.732 0.758 0.801 0.762 0.791 0.772 0.783
MidPhalOutlineCor 0.766 0.698 0.780 0.763 0.804 0.840 0.788 0.818 0.793 0.832
MoteStrain 0.879 0.835 0.879 0.950 0.937 0.922 0.890 0.899 0.895 0.942
OSULeaf 0.521 0.591 0.955 0.975 0.967 0.996 0.897 0.983 0.979 0.988
PhalangesOutCorrect 0.761 0.728 0.772 0.797 0.770 0.823 0.817 0.815 0.825 0.846
Phoneme 0.109 0.228 0.265 0.313 0.349 0.350 0.245 0.359 0.324 0.346
Plane 0.962 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
ProxPhalOutAgeGrp 0.785 0.805 0.834 0.839 0.854 0.883 0.873 0.844 0.849 0.873
RefrigerationDevices 0.395 0.464 0.499 0.544 0.547 0.579 0.555 0.552 0.528 0.552
ScreenType 0.360 0.397 0.464 0.400 0.547 0.659 0.547 0.613 0.707 0.619

SonyAIBORobSurf 1 0.696 0.725 0.632 0.892 0.845 0.982 0.923 0.895 0.985 0.995
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EAE/TES ED DTW BOSS WEASEL COTE LSTM-FCN EMAN AFFNet ResNet DRPRFs
SonyAIBORobSurf2 0.859 0.831 0.859 0.940 0.952 0.978 0.919 0.967 0.962 0.972
StarLightCurves 0.849 0.907 0.978 0.976 0.980 0.976 0.968 0.978 0.975 0.979
Strawberry 0.946 0.941 0.976 0.978 0.951 0.987 0.974 0.976 0.958 0.981
SwedishLeaf 0.789 0.792 0.922 0.965 0.955 0.979 0.933 0.976 0.958 0.979
SyntheticControl 0.880 0.993 0.967 0.993 1.000 0.997 0.997 1.000 1.000 1.000
ToeSegmentation| 0.680 0.772 0.939 0.974 0.974 0.987 0.961 0.974 0.965 0.996
Trace 0.760 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
TwoLeadECG 0.747 0.905 0.981 0.998 0.993 0.999 0.993 0.998 1.000 0.993
TwoPatterns 0.907 1.000 0.993 0.989 1.000 0.997 1.000 1.000 1.000 1.000
UwaveGestLibZ 0.650 0.658 0.695 0.738 0.750 0.797 0.760 0.791 0.755 0.728
Wafer 0.995 0.980 0.995 0.999 1.000 0.999 0.999 0.999 0.997 0.997
Worms 0.455 0.584 0.558 0.805 0.623 0.702 0.630 0.831 0.619 0.805
WormsTwoClass 0.610 0.623 0.831 0.818 0.805 0.785 0.757 0.857 0.735 0.844
Yoga 0.830 0.837 0.918 0.885 0.877 0.911 0.874 0.879 0.858 0.898

FEME 0.727 0.772 0.837 0.853 0.859 0.881 0.862 0.878 0.866 0.885

MR 0.022 0.111 0.133 0.155 0.244 0311 0.156 0.289 0.178 0.333

T4 MTS 3 ARLIERIILL

PETE S ED DTWp WEASEL+MUSE MLSTM-FCN TapNet ShapeNet ResNet DRPRFs
ArticularyWordRecognition 0.970 0.987 0.990 0.973 0.987 0.987 0.977 0.993
BasicMotions 0.675 0.975 1.000 0.950 1.000 1.000 1.000 1.000
CharacterTrajectories 0.964 0.989 0.990 0.985 0.997 0.980 0.994 0.992
Cricket 0.944 1.000 1.000 0.917 0.958 0.986 1.000 1.000
Epilepsy 0.666 0.964 1.000 0.761 0.971 0.987 0.978 0.994
ERing 0.133 0.133 0.133 0.133 0.133 0.133 0.133 0.878
FingerMovements 0.550 0.530 0.490 0.580 0.530 0.580 0.560 0.590
HandMovementDirection 0.278 0.231 0.365 0.365 0.378 0.338 0.405 0.311
Handwriting 0.200 0.286 0.605 0.286 0.357 0.451 0.629 0.566
JapaneseVowels 0.924 0.949 0.973 0.976 0.965 0.984 0.957 0.995
Libras 0.833 0.870 0.878 0.856 0.850 0.856 0.956 0.983
LSST 0.456 0.551 0.590 0.373 0.568 0.590 0.634 0.561
NATOPS 0.850 0.883 0.870 0.889 0.939 0.883 0.972 0.994
PenDigits 0.973 0.977 0.948 0.978 0.980 0.977 0.985 0.992
Phoneme 0.104 0.151 0.190 0.110 0.175 0.298 0.349 0.298
RacketSports 0.868 0.803 0.934 0.803 0.868 0.882 0.921 0.927
SelfRegulationSCP 1 0.771 0.775 0.710 0.874 0.652 0.782 0.785 0.724
SelfRegulationSCP 2 0.483 0.539 0.460 0.472 0.550 0.572 0.428 0.461
StandWalkJump 0.200 0.200 0.333 0.067 0.400 0.533 0.267 0.400
UWaveGestureLibrary 0.881 0.903 0.916 0.891 0.894 0.906 0.866 0.863

FHME 0.636 0.685 0.719 0.662 0.708 0.735 0.740 0.776

JiE 2% 0.000 0.050 0.250 0.050 0.100 0.150 0.300 0.450

B4, A SR Y Nemenyi £ 45 K {5 i 418 HH AR
5 A S ARG ER AR R AR
FACT o = 0.05 (261 T 2l i i 722 5 I, T 5
Fios. ZE 5 B 3T T & SRR 2955 97, R — 7K1
LB & NI RBEA G LN EEEZE SR,

CD

] LUE H, DRPRFs 7E AN f7 ZERFAIE T2 (1 S Bl b 3
T, HeAR G 7 VAR AE B 2 RO $E T, RE 5 COTE.
LSTM-FCN. EMAN. AFFNet. ResNet [f] [{] 2 57 A~ &
#, {0 2, DRPRFs 15 2R B 43 T HE 4 56 1 19 -F 25 %k
3.933.

3.933
4.067
4.533
5.400

DRPRFs
LSTM-FCN
AFFNet

pTw 5378 |
6.556
BOSS (133
WEASEL 0133
ResNet i

5511 COTE

El5 XERBENEFES

EMAN
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N T B b LA T3 5 7 (E ResNet (1) 2 il
oy R RE IR T B, B 6 45 T ResNet 5
DRPRFs 7£ 65 > TSC 4 5= b (1K B2 T bb i s .
T RO 3 REE— NS L2 KGR, X
F28 F 77 1 5 7 7 DRPRFs 78 % 3 5504 45 11k 7t
T 5 v R R 40 K P S5 f [] DRPRFs A5 Y,
TE 2 N HUR 4R BRI PERE IR T ResNet, % B BT #2 Hi A5
RUAT 3 T ResNet 7E TSC AT 45 1 (0 K80 R, X £ H
7525 T Bl ML AR PR b 4 3% 4 2 o w] SR 4 9588, HL
“CBEAL TS E) AT IR A2 A BE T A ORI

win/tie/loss

% 1.0 42/9/14
f”ﬁK 0.8
& 0.6
% 0.4
Qo.é 0.2

0

0 02 04 0.6 0.8 1.0
DRPRFs 732k &

6 DRPRFs 5 ResNet#8  xf bb B = [E]

3.1.4 T

ResNet (1 J&) FRTE T~ LI J2 W 4 45 44 5 37 X6 /)N
FIAS (1) ) 18] PP B 3EAT 53 250 5 ik #0045, 1T DRPRFs /£
ResNet [ 5:fili I fil A\AEZR BEHLAR MRORSE iz A P fe.
K| 7 & ResNet Al DRPRFs 7F ERing - [ Il Zx A 451
I i 2k, B SR U 30 M UINERFEA. Bl I 26458 2%
(1) F%: ResNet 1R R AAE A W B 728 10 A 1, 7
A= 3 404 B4 ; 1T DRPRF's [ 35 R AN K R B U

ST 0.5 F2 A0 AR bRy 1 2% (172 AL RE
20

UES
150 | WS
B |
5 ‘\
oL
0 500 1000 1500
EARIEL
(a) ResNet
15 — &L
' I SE
Fou |
&® 1.0
35
0.5 R
0
0 500 1000 1500
AR EL
(b) DRPRFs

7 H#ES ERing BN GRFLNIR 5

gy AR I BCR AN L 70 SR AR VE RE (1 92 55 %) T £&
BSR4 RE T O B il ) SwedishLeaf > 73 17 1
{10 0B RS 3 X R P i R 52, 0 1) 8 () o 4%
) B8 1) 5 09 5, DRPRFs B3 452 2% Bl 5 A 110038 P52
A W 3G 0T PR ARG, 3K A T R AR AE AR R SR 5 5T 2
RIRFAES (2" — 1) BEAE 4 IR FE h 24550 I, AT
FETE T I F AT RE. 1B 8(b) 45 tH T AR B %
N DRPRFs (U308 2%, £E R HOVR L 4 HORTEE T,
I K 2 D3 DRPRFs [ 43 2P RE. /> g
P B R TR BRI AN AL, s 1 SRk
BE. DA, PT i H B R SR w3 o e A2 A 1) A R
FEA Rt e TR R AE A B iz AR B

5
| (5.3)
S (5,4)
£ — .5)
= —(5,6)
IL_A
O ullltl
0 500 1000 1500
EARIREL
(a) B AR P2 A 2R 2 B T 52 M)
5
(1,4)
4t (5,4)
® | —(10,4)
O T — (15.4)
1 PNl Lt
0
0 500 1000 1500
IEARIREL

(b) A E R X P A )

8 HEELZHWRIMMELER S
3.1.5 AREIFRMFLAE

N T 5 AIF ResNet A % [ HL #% #K (probability

random forests, PRFs) 7EAE Y d iy 45 R4 14 A Y, A1
W SR [9] 7 I MILP A1 FCN 5 M 52 [ L AR AR AH 45 4
i A MP Al FP, 43 ) E BirdChicken 2 6 ™ ¥ 4 L3
A7 SIS, SEIG A5 RNk 5 B s,

x5 EREMHIIEINER

Ktk MLP FCN ResNet MP FP DRPRFs
B.C 0.800  0.950 0.900 0.600  0.950 1.000
Fish 0.874 0971 0.989 0.880  0.931 0.994
LS 0351 0411 0.365 0313 0422 0.491
M.I 0.729  0.792 0.772 0.539  0.758 0.783

S.ARS 0727  0.968 0.985 0.651  0.945 0.995
W.T.C 0.597  0.729 0.735 0.636  0.779 0.844

3 51%F b MP 5 MLP.FP 5 FCN LA J2 DRPRFs 5
ResNet, K3 F 25 7Efl N\ PRFs Ja 70230 K2 H
Fr$2 7+, 8L 7 PRFs ) K47 0 25tk fe. I T MP 5
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FP, DRPRFs 7t 5 M a4 FHUS T SR, X £ %
JA 2 F ResNet t MLP . FCN iX 2 ¥ J2 [0 2% 5 714 T fig
8 ¥ 4 AR I 18] 5 51 B 282 B IR JZ R AEAS B A
BirdChick 1 InlineSkate 1X 95 4™ )il 25 S AL AR /)N 1) %k
54 b, ResNet H1 T3 00 & [ @ 22 Lt 25 T FCN 1)
Iy AN BE, (H 2, PRFs [ RN BRI B3R T T 18 5 ) 4%
192 1k BE 771, 1815 DRPRFs 7E X /5 N fi 2 S 1
T FP B 50 FRE .
3.2 BERGRIESPEIS T

AT BT A S R R G R 2 T
X — Tl &, LLE— 5 5 1F DRPRFs 1 84 GE 65 45 2%
fif R SRR Tl AR = vh 22 AR BRI [E] 2 471 43 2 ) 7L

R R & W R 4t (hydraulic
monitoring system, HCMS) /& —2R3JE2ktE. Z AR 1)
HRRG, BH 2 THNZEHRE 28RN E S %
REAIE, TR 0t X DA SR E i e L 28 HCMS A2, 75 B UK
AR T R G, A H 2% RS WITTRE fE
FERIE R G0 € W] SR I8 AT A% O BB A, 12 W G4 oo
PRI R SRR T 49 UE R B A B ISR
. B AL R A AR R B, HCMS /17 T K& 1
JE R R A IS I, DRt 7T 25 F HCMS 4 2 Jo i
J 000 12 9 5 B R AE 5 P 2 B R S G R A
RGMAEIREE L R J7 S IR B H TR
H ML I 2R 25 17 AN A I8 38 2L R, SR B A R Y [ A
100 Hz ~ 1 Hz. J & 4% 35 W B B I 745 5 —
SE R AR To A R e S TR SR B LR A ] ) R LT
2, 53 5 P45 5 TEAS [F) B 2 2 %A B 2 1 7
1k, B9 o HE T J14% 2% PS 1 5 & Re % A [R] ™ L AE
JEE P 55 O B 5 2 SRR, AR B — B P45 S R IR
RRAE 2 M DURA i MR 2R B ), DR b, R LR A B R
A RS I 4 (1 B A 2.

condition

Lo Eyy
= 0.8)| T ST
< | — R A
ﬁ 0.6f| — AR
’i | et
% 0.4
0.2

00

t/s
9 A[EHEELARPS 1 BFEFHIRIY

AL UL UCTHL & 27 3] e o A9 s 28 G R
HHR ) g B R, 73 0l 5 o £ VBUE A  WRTT AN
B LA 4 %L T HEAT B2 W s 0, FLMORAS
EANZR 6 JTo. 75 18 B A% K 45 18] KA 8 A HLAL
B AS — 20, AR SO 17 A% IR 1 SR AR I ol 3t

A7 B SRR — AL AL BE . FAL 3 A0 AT 2%
li] b SRR 3 B KSR AE R 100 Hz, 2R J5 38 1 0 4% 2% 3%
(1) 6 A LR AP YA SR AT B R A, [7] B 4 1%
RSB — LB 0 ~ 1YEH . K52 205 25 M H 4
157 3 LI BER LRI 20 A SR ge AR 4, Hoh A 5%
55 A 5 17 ZE B T3 51K A 1000 [ B T3 4
. AF B2 i s 56 v, o Eb 7 Y 4 SCHR [26] 95
TP P 25 (CNN) SCHR [27] BT 1926 H gD 48
(GCAEC). MLSTM-FCN F ResNet. SZ46 &5 sk 7
JJr7~. DRPRFs 7E3 52 IR [T AN & R 2% AR s e A
W R EAS T B KS 2. DRPRFs 7E HCMS F %8 T
1 B2 i 2R 100 Yo, 1R 1 i 2 1 S B ol A 7=
HH A 2 B )

®6 BERGHIERESR

[ TS WERAS FEAREY

SEARA 732

HHIA SRR 732
% TAE 741

R 492

R B 492
Jo itk 1221

SEARE 360

Wi T EIR 360
R UREIR 360
RSV IEH 1125

JUFE4A R 808

o R PR 399
e T ST 399
wAEE T 599

®7T MEEISETREEXTEL

GCAEC MLSTM-FCN ResNet DRPRFs

#msef - CNN

W 0996  1.000 0.998 0.998 0.998
WHEZE 0969  0.995 0.991 0.998 0.998
w0 1.000  1.000 0.994 1.000 1.000
EHed 0982 0977 0.664 0.939 0.998

4 & ®

BT 4 RIS 8] 1 510 0 S TEAFAE I 1), AR S 2
HY T T D S 0 S £ S TR] P 81 93 SR E AR A, A
OS5 1 522 W 2% HURFAE SR HUAE 77 LA K BELARAR
(1300 BOHE AN VZ AL R 0. A5 AR FH B 22 9 4% 1) R
J2 WA 4% 5 A 1 HJER A B ) e 270 08t ) ey 2 P ) 1
fiE, I K WA BE ML AR AR BN 45 1 73 28 2, S 07 3
S SRR R AL 5 AR R TR R 0% AR I E X —
A4 JR H b R B Bk 72 I 28 0 BT AP 1) 45 4 2 40
AU RA S [ A3k 1) 7 AT BB A A4, A “RENL T
Z16) 7 B BRI SR A T IR JREA 2 I 48 A I [ 1 51
DRAES PRI E IR, e T IRE Sz LR
71, K SE56 R B, DRPRFs H A 3 1 73 K 14 6e, )
I 5 /N ARSI P e B b BAT B Rz AL g
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