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Abstract: Time series data widely exists in daily lives, attracting more and more scholars to conduct in-depth research on it. Time series
classification is an important research field of time series, and hundreds of classification algorithms have been proposed. These methods
are roughly divided into distance-based methods, feature-based methods, and deep learning-based methods. The first two types of methods
require manual processing of features and artificial selection of classifiers, and most deep learning-based methods are end-to-end methods
and show good classification results in time series classification problems. Nevertheless, the current deep learning-based methods are
rarely able to improve the network for the problem of time scale selection in time series data, and rarely integrate the network in terms of
network structure to better leverage their respective advantages. In order to solve these two kinds of problems, this study proposes a
multi-scale residual full convolutional neural network (MRes-FCN) structure to deal with time series problems. The structure is mainly
divided into the data preprocessing stage, the stage of combining the full convolutional network and the residual network. In order to
evaluate the performance of this method, this study conducted experiments on 85 public data sets of UCR and compared them with
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distance-based methods, feature-based methods, and deep learning-based methods. Experiments show that the proposed method has better
performance than other methods, and it is better than most methods on multiple data sets.
Key words: time series; time series classification; residual network; full convolutional neural network; deep learning
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®3 SHUEHIERE

Rtk it WK MR KE KRG
ElectricDevices DEVICE 8 926 7711 96 7
Computers DEVICE 250 250 720 2
ECG5000 ECG 500 4500 140 5
CinCECGtorso ECG 40 1380 1639 4
50words IMAGE 450 455 270 50
DiatomSizeReduction IMAGE 16 306 345 4
GunPoint MOTION 50 150 150 2
UWaveGestureLibraryAll MOTION 896 3582 945 8
ItalyPowerDemand SENSOR 67 1029 24 2
Lightning2 SENSOR 60 61 637 2
TwoPatterns SIMULATED 1000 4000 128 4
Mallat SIMULATED 55 2 345 1024 8
Ham SPECTRO 109 105 431 2
OliveQil SPECTRO 30 30 570 4

B, WEE I AT, AR SEOGH kB T G E A S5 Wang S AR 11K
2 2 EAIHL(MLP) A AT (2 109, Cui 25 N F2 1R 22 R 6 B 4 28 R0 £ 8 110 72 0.1%2°); Zheng %5 A (11 % 38 B %
T2 M 46 (MCDCNN)K I 0.0154; Wang % A4 (1) FCN I ResNet 5% 0.001™%; i (5 4 f% ik FH 1) 2
0.000 011, A W AM7E T 0.000 1. & 7 JEoR 17 14 NEE4E b, Ir 23 BIELE 1. 0.1, 0.01. 0.001. 0.000 1
F1°0.000 01 B, ASCHr#-H kR0 KuER 2. AR ZUE R4 nT LU EE e Ir lEA 1. 0.1, 0.01
BV 5 T A B, T PLIX 23 () 0.001. 0.000 1 A1 0.000 01, A SCSREX T 4 — FiHUE 78 X Su 505 4
[ 43 SEUERA R (10T 2418, "EA14> 515 0.783. 0.801. 0.800, JiTLL [r=0.0001 2T (5 $k.
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B R FE B I LU 2 epochs=2000 I, BIHE ORI, HorKuEmRng o T HdE . &
SCREUT G — PR EUETEX SR 4R i AR 0P IME, EA14 502 0.733, 0.719. 0.754. 0.722, 0.801,
Bt LA epochs=2000 52 5 47 115 $.

3.3.2 Xbkszig

H AT, &Fxu a7 50 14y 2 3 85k BTSNk B FRMER M TIRE M. A
Far A Hix 3 A LT LhE.

ASCHEH ) MRes-FCN 5 FLBR AT R FH 43 28 255 SR 2 A 10 225 - B 1) B 1) 2 31 0 R GR0VE AT L i, o
# DTWES, DDTWES, MSMES, wDTWET, cID_DTWEE, LWDTWE?, shapeDTWE. [ 9 BoR T kA
SCOTVEAE N1 9 Bl 2 (Kl 5 22 40 . A SR HE 1 75 vk L BT 10 56 B8 88 1) D7 R T N k.

cD

9 8 7 6 5 4 3 21
| I I P [ I

Tl
pDTW 56118 . 39235 \Res-FCN
DTW BATOR 4.3471 $hap$DTW
CID-DTW 48235 | 4381 pgm
WDTW 4.9235 |‘ 4. 6118 LWDTW
4.7941 LCss

B9 T ) 5 2K 2% 1l 722 2 1]

553 TR (00 B 18] 7 51 43 2R 5 VR AT AR AR SC 228 A AT EL BRI 32 BURETE 9 7 15 5 AL MRes-
FCN #E4T 2047, B3G5 4 A L0 & 23 [ R (SAXVSM) L, Hesd shapelet(FS)MH. 23] shapelet(LS)®22,
FERAL(BOP)IEL, i ] 5 51 AR MR (TSF)A2, I ] 12 F1 A AE AL (TSBF)MS. P 10 JEIR 73X 7 2605 5 (B AR 2 1) i
G224y B, MRes-FCN b TiX 2675 1) 0 007, R A SCH 7 VR B0 TR IE I 4 K88 10 5, 0 SRR, T AL
FEA T B TR 4 2 BB D IR, A2 ity 310 11 43 2R 5%

CD
—

7 6 1
| - J
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| I
FS 5.3059 J T 30588 MRes-FGN

SAXVSM 46176 33765 g
Bop 4.6 34529 TggF
35882 TgF

B10 BT HEHE 20 38 1 e T2 40 1

AR 5 5T IR SR A7 5] 5 2R BP0 2 B AN MLP. &5 & M 4 FCN. 5k 2 W 4%
ResNetl®l, £ REEHMLZ M4 MCNNPY, B 4545 Encoder®, {3 FH 355 11 25 I 25 33047 I B0 3 70 0 2%
t-LeNet!®®, %238 18 7 B B AP 4 0 46 MCDCNNE2 i ] - 35 AR 28 0 2% time-CNINBA. K S T A2 4 45 A0 %
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FIEAT A
£ 4 REEALEBSH

Method epochs  batch  Learning rate  Decay
MLP 5000 16 1.0 0
FCN 2000 16 0.001 0
time-CNN 2000 16 1 0
MCNN 200 256 0.1 0
ResNet 1500 16 0.001 0

MCDCNN 120 16 0.01 0.000 5

Encoder 100 12 0.000 01 0.005
t-LeNet 1000 256 0.01 0
LSTM-FCN 2 000 128 1 0
MRes-FCN 2 000 256 0.000 1 0

B4, &30 Encoder. t-LeNet. Time-CNN. MCDCNN. MCNN. MLP Bl A2 MRes-FCN ix 7 2%
THE A R F e T IR A =0 B, Wi 11 s, WA 11 e DL B HE B, AR S J5 7% (MRes-FCN)
Encoder. t-LeNet. Time-CNN. MCDCNN. MCNN UL MLP [4r 2K2300 5R 247

cD
7 6 5 4 3 2 1
[P B B P A |
F
MLp 64882 - LEBAT MRes-FCN
MCNN 60882 ! 26 Encoder
MCDCNN 4-0588 32647 1| eNet

36353 Time-CNN
B 11 ETREEIFIENIER R ZE5E

RNTEH— ST TR, B 12 JEoR T IX 1A MRes-FCN SV ARG R . — &4t E 4k
B ANFRER 3 Fr B L. AL LM E=AMBEL T F =M. HL LN ARKRIZITES MRes-
FCN 170 LM 32 — R, E=AM KA 0 SRR y Bl Iri6 Mk —) o RuEfEEm, =M K
AR x i1 7715 (MRes-FCN)7r 8 #E A % 58 1. AHELT t-LeNet AT MCNN J77%, MRes-FCN DL 81 ¥ 1 £
SR X P AR T, XA TR R — AR S S AR SCI T A AR B, YA T B4R b, i b E
P S TEAE N =M X4, 4T MLP. time-CNN. Encoder 1 MCDCNN 5%, K#MEHRE SIELE T T=AKX
B, RA 10-20 MR SVEAE T E=48, X35 MRes-FCN B &4 T MLP. time-CNN. Encoder 1 MCDCNN.

Hk, BT A5 ResNet. FCN LA K LSTM-FCN iX 3 fh 5 ik Bfg — & ISRl t:, Arbifix 3 fiorik 54
SCHITTVEAE 22 AN ERAE BT T VRS A, SRR 5. AR 5 WTLUR L ASCTIATER A B B S
ResNet. LSTM-FCN LA K FCN JiEB B T — R 70 K ECR, o T — S8l 48, A7 AR T ResNet,
LSTM-FCN BL & FCN J73%, Etin DiatomSizeReduction t#E £ A1 Wine #5442, DiatomSizeReduction #5 4 J&
F IMAGE 28!, W SLBIEH 16 4, MASEBIECE 306 4, LB 345, A 4 MRA, 55 RA R
HIEEEE. Wine £¥i4E )8 T SPECTRO KA, IZRSeW A 57 A, MIASLEI%E 54 A, SLHHKCAER 234, F 2
AR, RFE LG RAGRAF 0 2 PR A &, & 13 JEoR T X WM EE AN Coffee $4E 45 52 28048 TiAk
T A bt Ak 2 A R A AR AL A . BT DL 2 HE HY - DiatomSizeReduction £ E £ A1l Wine £ £ 52 3098 Ak
HE5Z I LK, 1M coffee BI04 5 AN 52 B0 FUACHL A 52 . Itk 2 S bR b AR 5 B 4R 13— 2D SR, Brblix R
AL T R X T 52 B T R S A 5K ) 09 45 2L B 0 1R R
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MRes-FCN vs. MCDCHN
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N 03
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MRes-FCN v MLP ¥ MRes-FCN vs t-LaNet .
el /
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gos _/' 2 /. . LY
4 V4 b s
RV _ o s . ' .
(] 0z 0.4 08 ] o o4 08
MRos-FON MRes-FCN
()
K12 TR I 2548 5 MRes-FCN AR #ERf %
®5 TInLiR
a4 KA MRes-FCN  ResNet LSTM-FCN  FCN
Coffee SPECTRO 1.000 1.000 1.000 1.000
DiatomSizeReduction IMAGE 0.892 0.301 0.306 0.313
DistalPhalanxOutlineAgeGroup IMAGE 0.845 0.717 0.748 0.710
DistalPhalanxOutlineCorrect IMAGE 0.810 0.771 0.758 0.760
DistalPhalanxTW IMAGE 0.715 0.665 0.707 0.690
Earthquakes SENSOR 0.820 0.712 0.728 0.727
ECG200 ECG 0.940 0.874 0.874 0.889
ECGFiveDays ECG 1.000 0.975 0.991 0.987
FordA SENSOR 0.925 0.920 0.924 0.904
GunPoint MOTION 1.000 0.991 0.998 1.000
Ham SPECTRO 0.771 0.757 0.711 0.718
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®5 SEIREIR(%)

pe kS KR MRes-FCN  ResNet LSTM-FCN  FCN
MiddlePhalanxOutlineAgeGroup IMAGE 0.713 0.569 0.563 0.553
Plane SENSOR 1.000 1.000 1.000 1.000
ProximalPhalanxTW IMAGE 0.823 0.780 0.791 0.767
ShapeletSim SIMULATED 0.861 0.779 0.766 0.724

Trace SENSOR 1.000 1.000 0.250 1.000
UWaveGestureLibraryAll MOTION 0.964 0.860 0.918 0.817
UWaveGestureLibraryY MOTION 0.686 0.670 0.679 0.639
Wine SPECTRO 0.963 0.744 0.675 0.587
WordSynonyms IMAGE 0.661 0.622 0.661 0.564

=@ [liatomSizeReduction =—=Wine coffes

Bl 13 AN [ B8 4 57 30 50008 T4k BRI B 2 ) 1) 43 S v A 2

3.3.3 MEREAHT

AL 515 R B Ay SR B T A B R 4 A AR X 4% 5 R 2 I 45 4 A I B, AT R Y R 6 AR S VR AT
ST, LIRS RN 14 FroR, 3X 4 PG AR KR A O AR BRI B 1) R 4 A R 4% 5 R 25 X 45 4 G B
) Res-FCN. RAKRZMZ ) ResNet. R 3 MEREMEEN FCN LA £ RERESEFR WL
FI4% 1) MRes-FCN. A J: 7EiX 12 N #dE4E b, MRes-FCN J732%, BRS04 T7 AL BE AN 4 45 B X 48 5 5k 2 I 4% &5
LEAIELE NI T, BB A I04r K R0R, T Res-FCN J7vERiX 4 Fhog ke & 22 10, 60150 kb 5t A%
of P 6% 1) 3 2R3 R e % 7 R AR K IR 5

&— Res-FCN ResNet #—FCN —8—MRes-FCN

14 JHEEAS B SRR S

AN, AT AR R TR AR AR LR DLEAT TR, WK 6. K 6 BR TEXT UCR M —2840dE
£, IX 9 FPOTVE 4 K UERR R0 BT AL AL MRes-FCN 5 4E7E BT A 28 R30I 4 398 T CNNLMCNN.
MCDCNN. MLP. t-LeNet 1 Encoder J53%; 7E SIMULATED. SPECTRO #1 ECG ¥4 I, B &AL T FCN
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JivE; fE ECG #¥ide b, T ResNet 5. H4b, 3R 5 WTLLE B AL J7¥E4E ECG200. ECGFiveDays %
P4 b AR T BT 1 A A R A%
*6 KRR
Data type MRes-FCN  ResNet FCN CNN MCNN  MCDCNN  MLP  t-LeNet Encoder

DEVICE 6 3.771 4.377 4.342 3.339 2.312 2.918 2.781 2.076 3.335
ECG7 6.648 6.501 6.549 6.004 2.960 5.847 6.249 2.528 6.466
IMAGE 29 22.175 23.141 22962 21.050 10.414 20.120 21.29  10.206 21.731
MOTION 15 10.236 10.756  10.477  8.345 4.477 7.831 9.007 3.909 9.725
SENSOR 16 13.286 13.723 13493 12298  7.251 11.590 11.87 7.019 12.718
SIMULATEDG6 5.464 5.588 5.356 4.959 2.200 4.831 5.016 1.913 4.921
SPECTRO 7 5.855 6.034 5.550 5.248 2.889 4.840 5.497 3.107 4.936

4 RESRE

ASCEEH RS 53 TR R 7% BT RHE A 7 iR T IR B 5 ) B 5 VAT LU, R AR SO
R B S R R 2, BT B S PG, U B AL B B R A B 45 5 R 2 4 B B S e
oS AL, A SO PR AN B 4 BRI SR T 2 SRR
SR, BRATR B ERE —E W o RMEmmEE. B2, ASCRE I ESEE OB TR S, Tk
WAHARIR 2 A7, RFEERAE IR T I I RIS (M S AR B 5o b, 8 TR B 2% 23 W IR 1) )32 9 7 SR B (M R e 1k —
BHR— AU BAAUREE S ] BUE e A th i s, (HRRZ%F KB T AR S
HE, XEEE N R TR S AT VR AR 5 AR, R A S G M EE MR, UL, A SUS ST TAE
ET:
(1) X TR B 2% ) VR T TR 3 41 43 S8 R, AR VA R AR O R A 00 (R I, RV B SR T A
BEME;
(2) ASCTTHAAE R HUEE AT TR RUIRAE, J5 S H i — AT B T N BT
(3) BEENLAIE KRS T, Br T K F X 8] 7 20 B4 AT VR 2 4, SR 75 7T LASE B e 0 i () ) 7
FIE BEAT R AL, IR 0N I 8] 7 50 B0 1) A A PR i)
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