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Abstract: Time Series Classification(TSC) is one of the most important and challenging tasks in the field of
data mining. Deep learning techniques have achieved revolutionary progress in natural language processing and
computer vision, and have also demonstrated great potential in areas such as time series analysis. A detailed
review of the latest research advances in deep learning-based TSC is provided in this paper. Firstly, key terms
and related concepts are defined. Secondly, the latest time series classification models are classified from four
perspectives of network architectures: multilayer perceptron, convolutional neural networks, recurrent neural
networks, and attention mechanisms, along with their respective advantages and limitations. Additionally, the
latest developments and challenges in time series classification in the fields of human activity recognition and
electroencephalogram-based emotion recognition are outlined. Finally, the unresolved issues and future research
directions when applying deep learning to time series data are discussed. This paper provides researchers with a

reference for understanding the latest research dynamics, new technologies, and development trends in the deep
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learning-based time series classification field.
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5 ) IR = R A S MR E . R, R
FJETSCUURMIRM 32 BIRVE, A FEINARE
JEE 252 ST A0 A A AU ) B W 23 ZE TS CHIT 5%
A RS LU . SCRR (9118 1 E T 5 i 2% (Alex
Krizhevsky Network, AlexNet )X} i1 5 ML % 1) 52
Wi, JF4E S TR AR, R SIETSCM
A B RIS 7). SCHR[10] 2 i B R R I EET
REEZ 2] TSCLriRd 2 —, BAMRKKIEW 1. 1
TR TSCHr A AR RN GRS, dlid sk
WI0AIE 1 IR PR AT R ST HEE RE RO AL, 4
7 ) ) B Y v B 2 R 4% (Residual Network,
ResNet) "2 s AEMA I TSCIR L= I AL, Bl S,
[F) —AJF 75 B BAG T B T) 3 21 7 S B BRIR P 5 AR A
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HAE N 8] 35 71 B b 2o 6 i R R A R ARG
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ARG TP N 8] B8R E X ym, I IE TE
Bl e RE E X CAd, P E L n.

TE X 1(B 8] 751 (Time Series, TS)) W [a] /7%
A = (a1,a2, -, ap) En MR RN EFITH, a; K
INAEFIAME.

7E e A, WREE T RS Ha; € A
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E X AW FH]5395)  TSCR—Fh & 3
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B, Al 7R F )X R T8 200
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o MLP % [ [ 5 AFE (10 IR b 22 4 A\ E4iE
MA % B NE Z [H R 28 R . WE2FTR,
AT B) 22 SRR S AOINAL, I HLINFE] 5 271 7 3= g
SEARER . N T RO R, SR MLP AN
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Time Warping, DTW )M, 2l 25 B[] J) 5 b 28 K] 2%
(Dynamic Time Warping Neural Network, DTW-
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2 T HASEIN (R 512 K0 2 J2 I

AR A B ) ) SeAblits, Tabassum& AR
P T — P44 S a7 B P id ] 43 B 4E K (Simple And
Fast segmented word Embedding-based, SAFE)
i, F TR EGR I 1R FP 5 AU N A5 30K

FEET AR5 RN E T TA . RE, RIEER
FIR 51, IR T PIEMLP 7> 2645 .

JRAE IR Y 2 A e ML P AR 28 I v 4 42 1
B A A5G 22 1 T, E AT T il 4 B TR AN AR R AIE
MR RN, thsh, MLPEERITEE L2 R
FE 7 SRALEE A N F A o s () 51 B 3 AR AN [ R
5 F 2 AR R ORI S5 4, K 30 24 R A 3
W3, MLPRIATEA# X S, FoNH Hig
Ab PR B AT [ 8 KR R R N o VF 2 HAMR RS
5 o) WA TE IE G A ER I 8] R A BRI R
M 4% (Recurrent Neural Networks, RNNs) fIZ& i
22 M %% (Convolutional Neural Network, CNNs),
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FE T TR LS ST I 18] 7 51 53 AT S rid 5

R B T = a5k D de, R iz M
AT A 8 0 . AR, 7E B Ab 3 5 T
(Graphics Processing Unit, GPU)HILZHI, HT
SRR B R, CNNITEIE A A B 1% .
BEEGPUR AR K, Krizhevsky®E NPASEEl 7 —
Tt R T GP U IR FE A A 20 0 28 ZE ) Alex
Net, FFE20124F mfq T R AL o 1R 1 Pk ik 2%
(ImageNet large scale visual recognition chall-
enge, ImageNet) 528, 1135 R 4 W 4% B ¥ =%
FIRIE .

MR AE S T2 ONNZEM AR, (HEA]
() 32 BLAH R 3 AEH AL, ALeCuniE A FHZE I 4%
(LeCun convolutional neural Network, LeNet-5)>’
Jl, Em3FRMEEHE: BRE. R
RIERE . BT % M ANBHE RER R
B3R 1 t-LeNet™ L8 () 228K, &2 LeNet [}
[P B R A . % BoR T BREH 2SR
AR, HTIHEARKRER . FRky, SRR
TEE BB 2 T S AT — E T R R BT —
HAHL P A TOME . B, FRMASZINERZ
BATER, IR AR A BN HTZ Jo 3 i ARGt
TR BT DLOE AR (SRR, A
(T A 2 1A A B L AN RHE B BB, IR
N BRZKRIRDEAN R E B . EALE (4,5) 4
LZ Bk AR IR AEAE B X (3) 1

Zijk = (W) A + by (3)

Foof, WRINL 4 B SR 5 kA B AL
RAREDL, AL R (,5) B B HEENRA
Y. AERUEERE Z!, BB W RGN, KE
SH LA A R 2 1 P 244 8 25 53 1 %
B JUAMR . B F() BRI MO 8. B
MEZ! , , HOSOR A

Al = F(Z) (4)

B FH B0 B B2 Sigmoid BR . XU IE D)
PR tanh FTRe LUK 2. WEI3Fs, Ak 218 5 i

ER

BEWMERZE 8], ABECAFE B ) 7 93 IR sk
WTPBAZM. LT NERNE)E, S
AN ERR, AT TR, fECNN
e —2, W2t E, % 18HSoftmax)r 2K
AT 7 AT

(a) BOHEAEFHEZ M2

F20124F AlexNet P27E TH BN b 4135k % 7>
FAL K H AT E KRR LK, CNNO& 72X
ook, lan st SE DR AR 2%, N B /INEE S A )
%, It 2 CLRRARARHAE B 42, DA ASE A
A3 m I 2R AR e ). BT ONNTEIX 26
ANEV IS R, B FEN DR R N T I (]
Fo 5 43 RI0826 RN T 2K, FATHHAR
et R[] P 21 43 2R CNNse %3507 8 1918 5
R AE A R 5 TOOAL B Bl 2 e 1k ) e e, 9
JPy oA BUR B 2 RES, B el g
T HARAFAT— A0

Z T8 R E G AR A W 4% (Multi-Channel
Deep Convolutional Neural Network, MC-DCNN)?7
A2 E K CNNRLH -1 18] 7 41 3 R ALY . %A
TUER X 2 A48 S B AR O S R FECNN AT T
ek BRI (RN ZEE ) JST R SR A
J7 30 () 4 FE AR 480 AN LA Re LU U BRI
LGRE, HEBNEREGRR— M KE N2 &
KM= o B 4E 2 e i ep BRAE — iRk i as —
MEEREE, BJEEIESoftmax sy AT 02K
FKELTMC-DCNN, A% E) R AIMC-CNNPI$E
T—/3JZCNNELA ., 5MC-DCNNAE, Z A
W 1D AR A I B T B A i NG, DU B 5 S
MY EBLIORS [] A1 25 (A 2R &R o Zhao®5 A PIFEUCRA [A]
J7 5 B2 98 5000 4R 0 e T hOAS B T PR B
ABFIMC-CNNZE . fEF LT 7HAWT 7L, LA
TEA EAS [F] 55 & 1 & AR AZ Al AL 2R B R CNIN AR Y
P RE -

2B M 45 (Fully Convolutional Networks,
FCN)®IFIResNet 2 P Fl i H T BGAI AL AR 1
RS WIREE PR A 2%, EAT & pk ot T v 21 o
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(I TE] 7 51 43 200 FONJ2CNNF —Fp A fA, %
T TR BAEE RN, T AMEAE G CNNI
FESZ [ 2 R/ NI R T 1@l 42 P2
M1k (Global Average Pooling, GAP)#& #uft 4t
ONNH (1) 442 2 DASE L. Wang®5 ANV FCON R
T AR A P51 7028, B3NSRk, B4
PO SINERE, JEERE— I ReLU B -
AP A 128, 256, 128N BRI, GRIZKE
7RIS, 5, 3. ffa — D EIRBL i GAP R
BEATSFYS, PRSI A ) Softmax 7y s . GAP
RN TN AYERE, BARE 1 EEE SRR,
IXAFH AT L5 R PE K (Class Activation Map,
CAM)PUZEEAEF,  LATE S N rhoxd $5000 28 S dt =6
B X 3

FALTFCN, Wang A ResNet H T H
A B I 8] 5 51 73 25 . ResNet g e 1) X 2% &5 16 2.
s WERIMERED, FERIDGAPZE M1 Soft-
max 7). ERFNMHILZ, ResNetff ik 2 1EH:
LAY/ N R P 2 SIS TR T R B SR AN B2
AR BRI TFONG K, WEINERE, JHER
itV — AR LUBLE R 5. R RUZ M 641
BRI, BRI HIN8,5,3. (L85 HAZ BT
7515y KBRS b, ResNet ik B2 s AT 1Y)
TREE 22 I 1) 3 4 43 R 2 S kg 22—, A, S
BR[32]3E 42 H T ¥ ResNet FIFCNZE & (1) 777k, BAFE
73 A 9 255 R AR

bR IR Gk A, — SRR BUI TE
LR LA I b 3d S I (7] 7 81 03 28455 . 7 ik
2 M 2% (Dilated Convolutions Neural Networks,
DCNNis) B2 —Fp FUph 2 N 28 1282, e
5K G BRI N IR 2% 1) RS2 B, i AN I S B E .
T ik GREEEPRZ TR ARV ERRE, T
FAUERAE,  ANTZE i N BE R X I XA M 25 g
SRS T K IR S ARBOC &R, AEEIE A N A
HI RIS R, Sy BB REA M 44 (Disjoint-
CNN)®LE7Ke L4EE BUZ 20 it 9 AN AH S AR IS T) A 2
)L AT DUEE U AN I0 T SRR fR 17 0 3 e v
Bt 2 S N A HZE I TSR, AR5 1
BEAT 25 18] 46 A rp i R) 5 AR e T i N G Y 2
&, M EERIRY S RS EUR S BT Y
JRGE KA, DL B A2 H R R

(b) I 1E] 31 B R A AL PR

FEF[A] Fp 0 g e rhy, — i WL J7 2 g I )
Fe B e A O T 8 K B R 27, T R BB
SRIG I N BIRBE S IR eh . SR, 0 TR ARAE
BCEA B I TRIARORS A B4 IS [R] 51 a3 T R

BHAPRNER) o MRIXA ] B T7 12— e K i [a]
Fe A BE R RPN R, b a2
BALA BB A B — A BuliE . XA e g
AEHE NI AR R, AR PR R, X
HLRG) “o3[m) 7 48 2 I 8] Fp B AE BN I 8] 25 o AN [R]
A i URFIEZ AR 2R

Wang 55 N BOLK A 5 i [8] 1 41 2048 2 i 9 AN
FRA G, RS CNNBEAT AL . 1X P
TR RIHESETT 6 1IN 8] F7 5178 B2 2 21 T 0108 73
3, HoAreR BUR AU RHIE TR R 2 — . 1B
SEH T PRI E) e 5 e A N R T 1%, il
M HL U 3% (Gramian Angular Field, GAF) 15 /R
A KE 3 (Markov Transition Field, MTF).
GAF ¥ 7] 5 5 Hdfs s Syt A b, 4 FH 2%
iz SR X L8 A B2 0 AR RS, T MTF A
HOHE i AN I TR) 5 21 5 — AN 1) A5 1 e i ok
PMAGFERE TR . FRAR RIN H) 5 8 B St e e iX
R EMR, JEHG R REE R . &5,
A1 FH ok (1) CIN NV B ] ik (] 7 471 R BE AT 432
FEHAAT T, 3R T ST, AR
(Recurrence Plots, RP)F7. #& 74 7 £ 37 (Grami-
an Angular Difference Field, GADF)BSFIE H7 481
M (Gramian Angular Summation Field,
GASF)l, I T-H it (] 5 e e odm N R, AR
N R AR 5] 51 v RS R R AE A X

Hatami®§ NPT 7 — ML T RPIERRTTE,
R it 18] Fp A AL v 24 AR, HF AR5 B B
RURTP A 38 45 2 RO BE CNINASE ARG A2 F KT R P
BREAT 732 BEE T AL U ) B B 5 4 1)
W 2% Za ), Al LI 25 ¥ Inception v3HOLKE
GADF BB 21— M2 0484 (1 ) & ¥ 18], A
HEA 3 FREZ IMLP,  BLK Softmax i R 2L
BEAT I 8] 51 23 2K08 . ZEAR R AUHEZE R, Chen
S NMIRH T AR B AV G G Net 2R o
e 22 B GO I 18] e 2 Bl EAT 70 26 . SRR SRR
B VR R N TS Sl R PO DA P -
IS 1) P 51 B0 e 45 g 224 RS, AT LIRS R4 HO %
RE. ZEMhML, Yang®5 NBIMEH] 1 37 K5 2w i 77
7: GASF,GADFHIMTF, 4% 745 &[] /7 51 %L
P gmhd 2 KR . B FCRET, ) B A F 26 B
LW ERAE 7 FAT S5 LHIPERE S VGGNet A4

SIS, K I 8] PR 51 s s Dy 24 B AT
RE 2 3 BUG AR 18] Fr 1) Bl Hh it 1a] ¢ R A 215 B
Wik, AT AE DLAERf T B a3 1T 4025 Chen
SGENUERR AT RR E B 477 1 (NG ASF,
GADFMMTE) H- 35 A B S o T 45 2R
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(c) Z REEM.

AR R B SO A 8] P B S T 2
REERZ, & A RN T HIREE S H T
B 2 RIZEBIZE M 4% (Multi-scale Convolu-
tional Neural Networks, MCNN)*IHlt-LeNet >4
N9 - SR NN (8] 77 51 AT LAk 3 DAAE 2 RS
75T AN 2 B 6 e 41 b B P A AR AR A

MCNN#t-LeNet ({1 B¢t 52 2 1H AL 545 4
MR BT BRGNS R R e ok . X
BERIAY O] GeANE A T I A7 51 73 RAE 55, BRE AT R
RIAIL TN E 20 50 AR S5 W AR .
FE 5 R R X e R i ] 1 i AUt =, X2
BT HEA A, DL N SR RS
FAEHTER G A . SR, 48 T 18] 5 51 e
I, XA ZE A REAS A AR, I BT AR RR il AE
R TERE

MCONN&E# fii 8, A 4E 2 B A Z A 1A AL
2, G — N EEREMSoftmax/Z. A, %
TR SR AR AL EE . BfRcRuE, fElZhe
i, 7R B & BB (85 A R A, AR
Ja, TRIKEEEMU . TR 30
e, X FECERAT RN AP Z B E T
W JE . e E B A A N CNINBE RS DLl 25432
#%. t-LeNetflf FI B P4 i BE R : @ LU Ay
(Window Slicing, WS)F1 % H4H # (Window Warping,
WW), PAR7ibid G . WSH T ORI A R
FER)F A, TTWWAE 7 — Bl g BoR L e sl
FREA 5. B, 45 € K BE A LI N )7
Hl, ERBEWWIHATIZK(x2), REEETWW
AT IR (< 1/2), Wi AKE AL, 20, 1/2LK)
SN P A, IXELFF 540t WSTRIUGE K 17
FIBEAT I 25 )5, T MCNNAHIt-LeNet# 9%
KRR AT — AN 53 2848, AR 2 80%
SR REAT 5 BT 8] 7 51 (1 20 TN

Inception W £ Hh T o 3 o B 232,
B2 K & NInception-v4l”!, H A Inception 55k
FEMY G, Vat— i EtERt. %ZInceptionZt
MR R, Ling NS T — A 2B a8HHRME
W 4% (MultiVariate Convolutional Neural Network,
MVCNN), HAFMH3FRENERZ, BFE2x2,
3x3M5x5, FEIUAL A AR AH BAE HRHIE . In-
ception-ResNet' 2 B IEEZE, 2R )5 ZIncep-
tion R BRI 5L ZE 1R . Inceptionfidh H F-27 > HdE 1Y
ZARIEFZAZ, A5 25 B 08 4 IR 50 2 2% A
3o FRZEGH 57 ) P 28 N AT H 2 T] ) 5 22 B
Z 5, MIifmrERe.

InceptionTime!” 7E UCRIE vk MR ik 21 £ 56
HRERE . BRSNS R 2] 4
KA B AR, BN RS AN R
InceptiontBE 2 Bl . 18 i 75 M R LA W) 46
PCEAS, SEOL 7R B 2 R . M Inception
P S i i B KRN E IR N 1R 202 R PR AR
ZAR BN E P A RI4ERE, RN OREFAH RIS . 28
S P HREZ I A B AS [RIHK BE A 14 5 AR DLER
HANF R RIS, 38T B AR i [a] 7 2 .
HORIAL, ARG IR N S 1t . AN
BN E B —E, TR — 2
B AT, RIEHEERT —)E. 8 Incep-
tion3 2 [AIASE FH Ak 22 42 LA /D o FEE S R A0 - 5652
M nceptiondh K% £ GAPJZ f51£ A Softmax
IrRAR.

H T InceptionTimeE i [8] J¥ 71 73 25 A i A 5=
R, R TEMYE, K S Inceptiontl
A4 (ElectroEncephaloGraphy inception, EEGincep-
tion )!8I fl1 4= M Inception i ! (Inception Fully
Convolutional Network, InceptionFCN)®!, 5In-
ceptionTimeZ&fll, EEGinceptionft H £ NIncep-
tionJZ MIFR ZIERAE A HF T W% . Iakh, TR
XN SREHE BB, A SR H 1 T A5 S I i fii
MG 5 B i nm vk, T LR P S HE R
InceptionFCNI 454 T Inception B Fl 4= 45 FH X
X PR AT IR B2 ) H R . Hlnception-
TimeA[A], FRHEZEEANPEE T —F 4 82 R
W 2 A 45 B 22 W 4% (Multi-scale Rresidual Full
Convolutional Neural Network, MRes-FCN) 14
¥, SR 73N GHR R E PR N E T
W&, HAEFRE T 2RI EIUTH R 1T 2 R
B ARZAEIEA P 2 RERHE. RK2045
T E T CNNII A7 51 43 B AL

(3) TEIAHE P25 A5

(a) TEIA P2 .

RNNs&— KL 150 FH T A BRI [a] Fp 5160
L7 H1 R (AP 2 I 28 R 2 28 BE AL AT LLAR B
A AR B BN IR AR AT AR B AR . X — R A
RIS EA R 2 2 B @S S ST
FH B 18] 5 210 43 25 B RN NS 84 A 405 i H mT At o
FA P HN B HI A7 5 2 R — gt AR 2R Y (42
7~ TR H B P B BEA I RNNAR Y, RN T 77
A AN . U7, SRR
R, RSy T SR, 2 A .

EREAMA ¢, RNNsi@id BL R 5 25 #ika
L[] B
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#* 2 ETONNMEEFFIS HER DL

TR R HEN BEHEZE BARLRE R
3 B AR
MC-DCNNEI 2014 2-Stage Conv RFANEIE AL B AR
MC-CNNE7 2015 3-Stage Conv BTl IE1DER
Zhao et al.l? 2015 2-Stage Conv F AT 18 3E 1D &R
FCNM 2017 FCN EHGAPENRFCE
ResNet/!! 2017 ResNet 9 3R ZE B
Res-CNN 2019 ResNet+FCN MR ZER+FCON
DCNNs 2019 4-Stage Conv 1Y kG
Disjoint-CNN®! 2021 4-Stage Conv 53 B TR 2 45
I 1) 3 51 e 4 g RS
Wang&Oates 2015 Tiled CNN e 1 £ 37 A0 5 SR 0 e R 37 UG i
Hatami et al.?”) 2017 2-Stage Conv 146 U1 P A G i
Karimi et al. 2018 Inception V3 &AL 2 A b G Y
RPMCNNE 2019 VGGNet, 2-Stage Conv RS R VAR S S
Yang et al.) 2019 VGGNet R Z 7 k& H A A R n] R R2 17 EE g i
Z RIZABTRAE
MCNNE 2016 2-Stage Conv TESERIS . N REEAIF 1 FilsL
t-LeNet/*! 2016 2-Stage Conv PRy R AL
MVCNNH 2019 4-stage Conv % TInception VI
Inception-ResNet!” 2021 ResNet FEFInception VIHEF
InceptionTime!” 2019 Inception V4
EEG-inception*! 2021 InceptionTime EZLE S iy kit
Inception-FCN® 2021 InceptionTime + FCN
MRes-FCNI™ 2022 FCN + ResNet CUIE 2= ETE N £ TR
y'! y y" —AMEE A . WEARTR, BEEUIRAS R Al T HE
L A 1 FRNNs, L T BRA R4
s s s hl
t " t ’ t 4 ” hi=o(Whl_, +Ihi™") (7)
M B e B Forh, o Rsigmoid B . A AKS BRI 1R 4
t,ot ! RNN B A7, B0 7T LR 5 9 B o A
> — > - f IR IRV 11, ) 5 1 S bR 22 % B 1
f\ /ﬂ \ ? PR 1)K 22 OIS 2 4725 | ‘
AT — Dennis® NPt T — 17505260
" ..}gﬁg FUZRNN. (ESSLZ T, A FE8I5 5% Ak
”m\WW"ﬂwM/&' SLHJRNNs, PASE B g AT 1%, 7ES82)2 A H
Ff ) S R RO . kA, Hermans

P 4 DU IR 0 228 PO A2 A

h; = tanh(Wh,;_; + Iz") (5)

H, X={z!, - =1 2 - T VESHEWN, tanh

TR XU IE I RR3, W R 43 531l 28 7 3 DE R A 43
SCFERE, BRsBUIRAS R T AT TR0, an=(6) B

yt =os(Why_1) (6)

Hrh, o2& Softmax iR, H T4 AT BES R )4

S NPUREIR T SRR JZ IR IR PR ph 22 0 2 1] DASE 5 4%
FIN AT SS EPAT o Z A0 BE, FF LR Z IR T A AL
HF SR () 7 Z1) 454 . RN Nsil g i FH —FRFx i@
TE B 8] )2 W) 4% 7% (BackPropagation Through Time,
BPTT)KERINGTTEAT NG HAERA] g
JHR, RNNsEBLIT BALZSHIAEE RSP .

FERNN, GEAEAFRNNSIC L LA E,
B FE S AE RN )20 B RN LI SRR, Rk,
THEEAEN, BREEE B AEPESRE, HA R



FEYUH

AR AR JE TR 2 ST I 1R 51170 8 e SRk 9

BB H A5 /N T BB BT R ) R, B4 IRk
PR K5 5O FEE R F Il RS Oy T AR )
WEFREATSR N 7o T IRE SRR 2, AR
1812 M 4% (Long Short Term Memory, LSTM)P4A
I #5135 76 (Gated Recurrent Unit, GRU)FY,
(b) KEEIF T2
LSTME 51N 45112 50 AR Db HE A
IR0 28 0 5% v i PR R E T R /B R M )
LSTMAFI Bl v & h ACAZ 17 B e ofe 42 1) 3 6 1]
ARPRE L H Mt . BRI S, WEPe Bt
= (8) sl
¢ = tanh(W°h,_; + Ia")
iy =o(W'hy_y + I'z")
fi=oc(Wlh,_, + I'2")
0, = o(W°h,_y + I°z")
c=ftOc1+10¢
h; = o; ® tanh(e;)

Ho, e RYIMVRE T, 4, f Mo, 70 2 N
[T BT TR T TS . o &sigmoid i
¥, OFXRBILERRH. We, Wi, WIRIWe 435
REBETEABEIERE, I, I', ITRII 5 HIARER
S

T HA R, LSTMAES & T3 K& 251
A, s S RREET, MR R 2 S PSR
UG AR A% B 8] 51 4 2K 1) fR AN 1l o1, 3
WK BAUE S R AR 51 B 7 S R 1 4%

60]

(Sequence-to-Sequence with Attention, S2SwA )!
HHALSTM, —A 2w, 75— 12,
LA 51 30 Fr 0 i 07 s G ek, T e 51 4y
s, AR, R0 AR LSTME AT & K B i f
ANIFEFA, R RIS B, BT ix et
FR, AL ESLSTMA 2 B € KER 41, "IN
H B3 B T2 K RHE .
(c) ITHENEHETT.
GRU 53— 2 A8 FH G R AR 22 I 28 AR AR5
R GRUHE tH I [A] i T-LSTM, {H & H A 5 i #
2t . SLSTMAE, GRURGHEMANT], RIE
BITHER], XEREATE EEE R
B D AR R LIz AL, HoE SR
2zt = 0(W?hy_1 + I*x")
ry=0(W"'h,_y + I'z")
h; = tanh(W[h,_, ® I'", x!])
hi=(1—2z)0hi 1 +I*0h

FALTS2SwA LY, FTGRUKF I H 4wt &5

(9)

W T F R AL BRI 18] 3 41 43 S 1] ROV . HHGRU
PENGRis 4 FIffID A8, ACEAFRHCEE A, M
77 A ] /NI A o AR R R T bR A s B
XFSHOEAT ISR, b TR .

(d) IRARAL,

FEIS R 75 73 2K, 385 K CNNATRNN &S &
&k, FUONENTEABANOTLS, 7T AR s L
PERE. WIATHTIE, CNNARW & & WEE b2 21 %
)5 28, 451 e ) e ) v AN ] e 1) 232 ) 3 38 2 T8) £
BN . AR EATTRE N IS 18] e 1 K dls
FHMRRHIE, A TR mE o KIERE. 07
M, RNNARH & & MEHE o 22 >0 I [ AR % &
AR H RERE AN W) 5 1) B8 A B A R R kAT B
HEMIRI 222K FGCNNARNN IR L Ak, Al
UM I 8] o 70 B v ]I 2 20 2 [ MU (R RFAE, $i
I A o R P RE . BhAh, X PR AL E]
PA— IR, EENTREM AR H.5% 2] JF R m R AL )
PRMERE .

SR 7 &My RS, A8 KEhd
124G R M 4 (Multivariate Long Short-Term
Memory Fully Convolutional Network, MLSTM-
FCN)%2, 2 RUZE B AE = ALK R B e i s
(Multi-scale Convolution and Attention mechanism
based Long Short-Term Memory, MCA-LSTM)®),
IS 8] 5 413 3 7 JE AL 2% (Time series attentional
prototype network, TapNet )04 H1 2 4% & i 8] 5 7]
()2 s B I 23 R 5% ) B A (Semi-supervised spa-
tio-temporal representation learning on Mul-
tivAriate Time Series, SMATE)% - 4b B i [8] Ff
5% . MLSTM-FCN¥ #A4Z B LSTM-FONAE A
JREZEEEN. SLSTM-FCNER, Z4E
A HLSTMBFI 58 e AR e,  HI T MW7
HI R 3R EURRE . IEAEFCNER AN T — AN B A
JilER, AT DAFE G — 2 A AR AE B AT — b B
B IRAED . MCA-LSTMISIAY A A i 5 Fy B e
R T A S DAIRIDURRAIE ) 22 S 343 v = AL
H, W HAH T2 REEEREISERF 5 2 RE
RRAE. 5 Ah WA T 2 AR BN 8] 7 51 23 2K 1K 77 V2 )
8] 7 B3 7= 77 I Y ) 2% (TapNet ) £l i B ) 23 94
25 (SMATE) 065155 & 3l B R F A% G 5 T BE 25 1Y
TIEANR BE o7 2] 7 iR EAL S

MLSTM-FCN, MCA-LSTM, TapNetfISMATE
PR AU 2% B BT o i N 53 ) i N B C NN
RNNERI g, EA R e e e 2 AT AT R
M T BR&RAES. /T, fERFERBGERE S, —
NS TREF I 53— SCRIRERUR S, By
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) oy st R ik TR AN 43 S 0B A R
R TAFREAR 2R, EECNNARNN
R 2 [T IR R i GORNNESAICNN-
LSTMI,

SO G I 22 ) 24 38 FH 1B 1) e B ), {2
FE I 8] 5 51 43 25 07 1 B RNN A 7T 2, E 8
HLLFANE A

ORNNTE K I 8] 5 51 L1 25 ) 38 5 2 38 2 86
JEE Y O RIS P B A A ) . 3 TR N RNINE KB
B8 BRI ZRrb, BREE AT RS ARAR R /N E R
K, SEEAIME LIS

@M TN FHATILF A, RNN KR A
w, B RN SARAME R BT

O PR B = BT T M B 8 o 2
>, DMEMCH ST AR T . X A KE S
B FH i (8] 7 51 49 S 1)

@RNNE Y AT G T 15 A R B2 AR H K
Bl KRR 5 &R

(4) FEFER PR,

WHTATIA, CNNIEBEE I ENME. HARE
5 A RIS U TE PN )T R AR TR N K
IR E # S RESE 2 — . BARCNNEL AT DLl 3k
JREBI AR OO, BTGV kA SRR R FH A B S
Wl R . BEAh, CNNH 2% & Hdn & 5 B,
A FREAKINT . Ik, VF2 &L T 7B RNN
WILSTMs5 CNNZ, A FH DU $E X e {5 S5 10264681
PRI, RNNEAEHE LR B S, HHAER
PR B B A 7 T PR e A PRS0

AAXFI S, R I AT DU 2K B 2 1 e
R, HEZMEZHRETEZ ERXUEE, A
M TR R ST RE fr. R N B 7R o6
T BRFAE SR A AN 0 B R SR 2 = I 24 1 KR
RE 1. ER AL [ ARG 5 A HE AT O 4 KA AR
L6070, R byt A5 V2 Bt 90 S5 K R T H EL
PR TSR (] 3 47 43 Ay 11814 TSR A

h,

R e A
hE EFXER

/N

0.2 0.1 0.5 0.2

Kl 5 BIERJIHLH

(a) VR SINLS]

B TP B W) /& H Bahdanau®s N PHE H,
FH T St 4 48 ) 2 L 245 B 9 v 1) 9 L) 2% - A 10 28 152
ROWERE . FEPHZ AL EN R, i 2K JR T
) i RGP 7 B R R [ B, T AR R T A [ B
figetid il B bRiE ) . S ET R, TR IHLE] SRR
P28t bR S & ey VR A LR . 0T
AL, R 1) B o RS 2 T B AREEGECIRES hy
HEANERBURES ], AT BT, HtE AR

o (5) = exp(score(hy, hy))

= - (10)
Z exp(score(hy, hy))

Horp, scoreil4r R H T4 B brBRBOIR &S by 55
MIRBSECRES AT BB, RIS SRR HEAL LIAS 21
TR E, scoreit 7 BREE XN

score(hy, hy) = hf Wh (11)

(1), PRI RS S A8 — AR
Mz, SR A H A AL iR ATE
ke BB RYIER ), @ 5K R Em
BREEREAT S 1) A 48T

Y ETER IR, R SR e X AT R
PR I BCT Bk 5, tH ARy

Ct = Zatsﬁs (12)

B, THEEEANR — o — e — ilt , RJE
{8 FH Softmax bR £k A7 w0 77

TR AL SHGE AL S I B ARG 5 A FAE %
AR ARG BN BN 1l 4 SCAS A RO O
RO SRR FCBUE W T AE I 18] 7 5 3 R AT 5%
HER A RS 20 IE AR B, EREIERE
RN 21 2 15D 25 - AL A i A 20 v DA v R TR 1
SR, H AT R A it 38 A 3 A T Ik (8] 7 41
K. BRI R RS RERR A T 5 B RES
Ak PR ACLIR) B T 2540, IR RT3 TR 3 A
A, #IIRNNBU GRUPSFILSTMS S5} 4y N\ 5 1) 33k
179, Flan, ZAEER M4 (Multi-view At-
tention Network, MuVAN){EREAN N 4E R F T
R T XA GRUAE gt e, JER BT A R fe A
—ANEER P,

ETONNERE W CMERE, 2R SRE
IO FH R A7 22 A NN I 18] 3 813304 T 4 48]
X FE B IR B A M 4% (Cross Attention
Stabilized Fully Convolutional Neural network,
CA-SFCON) A 53 6 8% S0 AT fif e 25 ARE 38 ) W 4%
(Locality Aware Explainable Convolutional AT-



HY UM (ERAIEHET

FE T TR LS ST I 18] 7 51 53 AT S rid 11

tention network, LAXCAT)™iz H Ty &ML
JAHM K 28 R b HE 22 AR B I [ J7 51 43 R AE 55 . CA-
SFCN&5 & 1 FCNAPR A E AL il [8)E m ) Al
BRER T, EATH EAE R U R R B RO &
FMAELHAEH. LAXCATHAL A 1 B [a] f s &
TR IR S SRR & DL T2 R HE
SR B [ ) 5 o

CAFRH T LR R AR DGR = X 2% P e 0T,
£ $ESqueeze-and-Excitation(SE) ™, H &k il
TEER ], HFEHE X a7 20 s 247 4 2K,
SERR R VFBEA WA ARG S, DLk #EvE
RVEA 5 B AFHE B A B 2R R Y
ANREAE B AR EAE Y 25 1 4 — R 02 H 35 T 1,
M SEY AT DAKG 5 A Y 2% Hh (K RFAE X 40 BE T . 2
FEFZE S BRI & M 4% (Multi-scale Attention
Convolutional Neural Network, MACNN) i@ it
A8 R AS [R) R /)N R A5 R DA SV BT 1)t P AN [ RUBE
S S, FFERARREZRRER. R, M
SEYE I 5 B 2% 2] BN RHAE B 2 Sk 1 5 A
FH IR Pl ST 00 ) A 3 22 PR AR AR 1

(b) Transformers.

IT4ESK, TransformerfE H2AE 5 AL FE LA K it
FHRLSEAT S rh AW EAS TE0,  ORTR 2 = A
(R EEAA A . R b 28-S AR A b, B2 TR
TS W AE NN, IR R E ARE S B
L6902 AR fiA AL s S Eh 22 A AH [R] AR ASE B 4 Al
B I 1 25 AL 22 Sk BV 0 A5 HR R 45 IR 9%
(position-wise Feed Forward Network, FFN)4
B TR MRS S AL 22 Sk FE R IR FFN
ZIAHEN T A2 XE R . 5IEF A2 W 25 A
7], Transformerfsf F {7 B ALK EBF (5B .

"

Add&Norm

Add&Norm

S S
B ——p
4\
Embedding

A
LITPN

Transformer 44 & T SUREAE R FH SN
B2 A R BRE A S& . 6 A Transformer () %
SKER L, BFE ) \MMER L, AT
AEFED . 6N, TransformerH (173 & 718
PE N ;3N AN R 2R PR IR ) &, 23 K
HNEW g~ Bk FEv;

q; = Wyx;, ki=Wix;, v;=W,x; (13)

Hrr, W, W, RIW, J& m % S B R RS . i
)& 2z R AN

T
z; = Zsoftmax 9 k; v; (14)
(2 : /7dq K3

J

T EE B A, H A= BB s T B
AW S0 By FEEN &k, B A ML .
B A S AN BN 3K, SRR BB 2 3G
HH T Softmax B UM AR A JEH BUR, FE T
R 3 e A 1A ) A B [ A PR ) T AR AT 4
e A TTRAE S Z AN EREMHERER,
AT Re 2 52 T LA 2 FhOAS [R5 07 X4k B e N\ £k
#io Nk, BINT Z2AEE Tk, eI T E—
WNHATERAE, IR BB EEEW,, W, A
W, SRR B A\ B0 2 18] A [ 2 IR (P A o

T4 258 Transformerif & K FH & 5 1) 2 i
SREEN), BIFEEJIEMATRZE . SAnDSIZE
YR AT F5 E Transformer® ) £ i & J1#L
T I PR IS [8) PP 530 AT 73 2 o 2 A5 B[R] s fs FH A B
ot R FERR 25 AL B N B, 5 B R N R s 27
S 85— WRENE 5 o A L A 0, A A
R ZHURN 5 B A8 BL AR 6 (STF T ) A0 45 B A0 RF AIE
YE A% NN Btransformersd . &H —HiRET 2
SkvEE A AN TR 4R s 22 TR R (8] 51

XL
X 0 Q)
4 y W k, %
Y
5 25

K 6 2 ks ik



12 o5 fE

2 %

443

%, KM R E AT, AR TG
AN A N IR LF PRI . 13 Transformer
W 2% (Gated Transformer Networks, GTN) i
TN R Sk R R B R R S
B, B — A Ngating ) AT 2% S HE R AN
% 5 JF . v 7 s Transformer E N /] F¢ 51 43
FA R JREREAIRE T, RIERIZ Gt E = 1(FMLA)
GG TR BRI AEZR AR 2T DL A BN LA RS
DAY g 7 104 i ek 22 )RR AR SR R ) Rl N 4%
(TFFormer ) i 8] Fp 51 i 551455 1% 7 57143 A\ Trans-
former, {3 FH B AU AS X3 = BLH NG I (] 7 51
B A AT 2 B A5 B A L, AR 24 B VR 2 IR
MIREIE, A& S 1B 20 R FE . ik 22 R
JEAE SRR LA 4% (TFFormer ) K 1 8] 7 41
) I AU 7% 7 1) 4 A\ 2 Transformert, 381 5 43
WA X B IR S 5 I [A] 7 51) |4 B 33 A e 2
() A5 S A L, AT 2R R 8 472 4 B8 IR 2 R R RR
AEFFHR = o B L

(c) A EER AL,

H IR B2 2 — M Zad F2 A B shriE
TR N TARVE R SR AT A 5 2] (W k. 4 F
BbRvEECE R B A =, B A K& ] s
TGRS, XROEAEE A M. FERE T8 75 2807
50N, ATLGEIT H 3h Az B 1] 510 B0 0 bR 2k 8L
BB filhn, o] DLIZRAsE 8 Sk il 5 41
S50 Nt I N 1 = Y B i a1 P A i R ST S =
SR G AT DA FH X SE AR 28 R 2R, DA ] 7 271
Hdm H2E 216 FHBRHE, AT $E m H 2Rt .

B % T Transformer (1) B W& 5 ) A (U
BERTIN IR JE, V2 0F 70 22 F A A 1 45 1
S AL RIS 8] 7 51 43 2K 1) @7 . BENDERI™ %t 1
— P T E) A B dm b gs B AR T wav2vee, DUF
PR 7] £ 45 # A BRI 18] J3° 51 504 . BENDER [
AR, WRFENERKEMNEEGETE, WL
RYAT DA Rhchoor B A RS A iE & I EE G 51 it
ATERME, R, 2T Transformer 115 & I [H]
J¥ 5 (Voice-to-Series, V2Sa) 445 B KU T Il 2k
{100 T 25 Ak B Y SR g RN ) 7 271 2 SIS 55 U i OO0
FH—IF LGN T — A% T Transformer [ HE 22
(TranSformer-based framework, TST), FFrifE
Transformer . [H T £ 245 & i} 8] 7 51 454101, TST
R AfFH Transformer 4w Ag 28 56 7, F LAJG I BF i)
77 2O AT PSR, A0 H LU g ) £« B
S, TR TR 43 R0 0] A 55 R EAT 45 Hh -4 7
W i, TESTETE L & i1&H T KiE 5 B
(Large Language Models, LLMs) FIHJ [8] 7 51 # A

* 3 ETEENNEFTISFEREDE

HETY LAY Embedding FEH
Epeivy st
MuVAN[™ 2018 Bi-GRU R
Channel Att/®! 2018 RNN R
GeoMAN® 2018 LSTM R
Multi-Stage-Attl* 2020 LSTM HES
CT_CAMBY 2020 FON + Bi-GRU R
CA-SFCN! 2020 FCN ES
RTFN®I 2021 CNN + LSTM HEN
LAXCAT™ 2021 CNN ES
MACNNE 2021 Multi-scale CNN Ey=wil
Transformers
SAnDP) 2018 2k Embedding ES -9
T20 2021 e EDSEN il
GTNMI 2021 £k Embedding ZkEREN
TRANS _tf*! 2021 A AURFAIE ESTEN vl
FMLAPY 2022 AR A ZER S
TFFormer” 2023 2 ¥ Embedding ZIGEE S
BB
BENDER™ 2021  Wav2Vec 2.0+ HIE £LidEl
TST 2021  ZMEEmbeddin+H B £%3EH
TARNet 2022 ZMEEmbedding+ [ B £ k&)
TESTY 2023  ZkMEEmbedding+ H B £33k &

FiiE, SRIEOE LLMXT I [8] B 41 £ 48 1 Ak 3 e
V& SEIG #E AR HZ T A TCvk W B 2 B N TSC
T 5% e Il 0 B AR AR Y, (HE et B RO, K LLM
S a] 7 5 FRE AT XL, 5] S LLMGE B R[] 7
G, ARG AR U TOINAT 25 0 T 1) 13— 2 s A it 47
T, A A AR T B A B G 3 3 FE FC A5 SR A R 4 A
P R AR N UHAT S R, BAWORAIR 1,
TER A P20 2, A7 K E ] EE 0
FIARERMERT, BB R —ME RN . A
M, BT A3 BEIFREE AT R T 1E v A S e b
B SEYETE R R, BT ST WRFAE AN TR 5 & ] BEAS
s B 2E S PR A I . TARNet "M/ 7 3@ 2028
T4 2 S B M IS B E R 118 0 A, LABEE [a]
Bk, TR R LI S5 N T A e TR B . R34
BT (T 18] 5 91 43 00
4 NH

I 18] F 310 73 AL 2 AT T2 R,
NRIEBRG % LTI 25 1R 0l AN AT 2R g 0 4%
ARERIR e RTE I 18] 2 81 7 AN SEE SR AN =
ST 2 W i FL PR 15 R R, e I 8 QR
BB R AR EGEEAT T T ZERA



HY UM (ERAIEHET

FE T TR LS ST I 18] 7 51 53 AT S rid 13

(1) NS B3 d5 8 12 e APk

HAR A 8 o 6 A 828 ol L At A 28 USC 4R 1) 254
BEAT 43 A SRR BRI N JRyE 300 ARk, W]
ZF B AR TP I W 1A R R AN 5 B0 sh B 1
KE W AN, A R X S R ok st N8R
115 1) 22 4R o S 1) oL P R 8 3 A 49 B i 2 & 10
Rk, HARZ—ANEERHE 5, HN TS
Doy ORfe . fe By . R R SR 2 DA R Al B AR g 10
%o T WAEHAREE 1344 7] LA N 38 13 %
oI TAL IR B & o FE TR IR B 1R & T Lt
— 350 N GAL IS (B iR A\ B AR I RFID)
IEIAL IR A (BRI g . [ 5E AL B I WIiFisl i 4
W% ) DA R AT G s AR 0, AR, K2 BHARMF
FUAH AT 5 AL B A B B R A% I B 02,
b, IR A E AT N AR B U 7 A
RSP ERA, BT ARZGRMER. ik,
AT B L T ] 2 AL AR T HAR T

TET] 2 QL& T, 5B AL A AL FE ik
FETE FERRACRN AL B2 101, REAML B 3S 7E I (]
SR 3 Yk (R H s . I R G (IMUs ) /2 43X
IMME ARG B TE— DL T R &0, d
W IEAT AT g SR I B 2 A B RS TR R A
IZANTIMUsSKRIAEN, 7 G 283E A T HAR AR
IECHEAE, Ak B B Bl o il Gl s A2 25 KN ) B
B 7 005, RIS, AT 4522 ) — AN AN A &
111 22 T A% B a4 2 0 i B 3 — VG sh I ek 4. A
U, BRI T Z4emt (a5, nlLAS ] 4
I RTT

W T ARLER BTG, AR T X
R 2 ST THARBE AL 8 2 A . F THARM)
TRFE 2 ) T FECNNARNN,  PAA IR A FICNN-
RNNFEA, R — SR A FE R R, (HA
SOV A BT A 58 47 E B 18 Transformer s
AU 5E

(a) BAIFHE LS,

HTFHARMIGBRZ T, 5 I —ME x 1
Mo ZBFIK LB RS — G, RKIKHTE R
NRFAE A RSB 8] 72 51082 2 100, [R] i B SR AN R
TEMINFHEZ B3, (HYHEZ & H R A . ®a
—MNEREM R, el eER T A
L, ARGEIITREIE. RonaoZ: NTIHTHAR
ICNNAE AT 7 AP, PPl T 22
LRI E NGBR3 . %
B A IR RE AL IR n o B2 R B RS A Jes
WA . Ignatov!™MFEH T —ANHRZFCNN, FHAE
33 B 4 T 2 2 2 B0 S8 THREAE B o T SR A R

fEo AZZEMNS TR A P51 (1 ) AEE AR Fxs
TSEmE SRR A H . Lisg NPOSUER 7 —F
BA RGP A 2 ) — 45 A 2
%% (One-Dimensional Convolutional Neural Net-
work, 1D-CNN)#EATRHESRI. 2R)5, fifiTd et Hf
AR BB AL, IR A 42 2 AT Ry
fEfLE . Ha, AiTEEsoftmax i BT 709K

IR TV AN R SR SR AE T N RHE
Z A SR . SR AEAE 2 A R e
AR I FERXFEILT, "R
S A CNN, X R A] DU R AE BE AT B2 8
o [FIRE,  HI TR A R =, "IN
FEAN AL B CNNEYL, SRS, AN CNNFZEL
PARFER RGOk, IRl e R eE = )
S MOEAT b

Dl T 3R A e WL 12 S, DONNE!Y
o ) R S AR R TRUAL B A% R A Kt e
BRI 5T (IMU) B e 4o 5, SR fE
FH2AE ARSI S IR R FIARARAE . LeeS AN
X I B BE AT T IRAC R, RO IE 1A
B, ARG IAT AN FAZ R/ B CNIN R 2 HUAS [F]
FRPEFAE . XufE NMITE2LE BRI Z2 9 2% (Two-
Dimensional Convolutional Neural Network, 2D-
CNN)FIResNet#B R ip i ] T AR TEER, KX
LEAROR R I L AR AT AR T G AR A S

(b) TEHHPE N 25

FEHARSUS, CZH 7 ZFLSTMEAL, Mura™
Wi R T 3R 2 ELSTMAL AL, 43 il J2& B i)
LSTM. M A LSTMHMZBKLSTM (1) LA,
HIERNHA) . RGN T, Bra RS K
H FHE D B2 BN . Zeng® N'IEELSTM A
WINTHANERTE, BILSTMZ J (44 481 &
JEFLSTMZ JG I [ E = I 2 . At e s 1
— AP CIELERTT” WIENLIT, DR
FIRE 22 (A B . Guan!" ' OlE i 7E BRI 2R 3
TRAFIEAY, SR JE AR IO R AR 1 25 SR B A = 1
B, BT —AMERLSTMAR, DLk R )
Uk

(c) TREHA,

R RITIHT R EP RS |, 456 TCNN
FIRNN. Deep-ConvLSTM!"! iy 4/~ ] 45 FH 2 Al
PIANLSTMZ A B, AF 3 K e 1 A e 45 250
CNN(HLSTME&# N4 E 8 2) Elif. i TLSTM
EHISH 4 EEE D, DeepConvLSTMAE Y
B/ Singh % A MTE FH CNNX 2 [ H4fE 347 4w 5
(RPN AV RR AR R A1 8, SR AN LSTM
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JZ R ) B AR SN B A . Challa®f NS AR
F3AN B AN FEAZK/NIFEATID-CNN, AR 5224
WALSTMZE 144 2 . Nafea®s N AT H]
T HAAFERE KNI ELSTMsH1D-CNNs. 4R
M, AT NCNNALSTMs 7S50, %
B SRR IE A R Bl IR A M TR E
Mekruksavanich™ 7 — /N2 FICNN-LSTM
R 5 — NN CNN-LS TMA AU A LS TMAR 7Y,
RILFANBRZ T DA = fE . Chen®s A 121
RH—ANZEEM, BEHIFTHID-CNN, &4
HEA AR S RFAZ AL KN, PAERECS AR R
RGBS R A R B R AE . EBEIL R e — A
HAEM1ID-CNN, AJE2EWALSTM/Z. Mekruk-
savanich!"24H & T AR AE R —ACNN, —
AMLSTM, —ANCNN-LSTMAHI—4ConvLSTMIE
B ZAER A RERS U P IETE AT 096 3, 18
R BUNHPITIE SIS 54 .

— R AR FIGRUs T A ZLSTMs.
ICGNet!"2FJCNNHS 4 R A K H 3 4 [ Incep-
tionfiE . B HANIATIE R KAk, B
SCEE A AR RS BB TE 2 A R ERIR%L
FHIEE. SRR E SR, N
MESMGRUE . f&Ja, @idsoftmax g ik £k
A G R A I ZR A, BB REE R At-
tnSens i P L AR A TR FEAE, AR5 4y
SRR B AT A . VEE SRR T XL
BRAFAERATINBL . ARG, IR SSRRAE I L 5 A 1 [a]
EEJIPGRUZE AT AR, DL B 8] 85 1F o
CNN-BiGRUM i F CNN JZ MAL J8 35 F0dE 32 B
G, 25182 ANGRUJZ FEHU (A FF1E o
RETY F) d J B 40 e — AN e, 1A E
A @i B A1 Softmax i =

(2) Fii v P 17 8 1R oot FE R P

TEEXTT NI e, Mk AR A0 A O B
REMERE D REZEMEM . NS T LlE
ZFORIERING], WEREE . BT T NEE R
fF5 0200, i I AR HAE 5 AT DU 9 s 28 18U 1 1 2 W
PEFIRTSENE . H5AMNEAEB G S, B E(EEG)
e MEHER AR ARG S, THEBENERHIRS
TR E 120, EEGE 5 B A B E ) 1] 2 3
ORI B RAERALRE T, DL ARG RR
Ao WA, EEGRE—MEKMIEEMKEEES,
AT DL UL s e N 2 A 2R A 1T, TR AE 1R 4
Qb e Sk P 5 I == R 2 E SR E | i <

PEL ARZRMERRME DL K SZ LA 5 sh A R 3 AN WL 5
DSz eI, 32 Mo F R 0 1 & 1) LA WK T
Phik . EEGAS 5 AR 1) 2 4 (8] 7 41, Al LA
Y Bf 18] 1) 43 28 D7 3 i o PR A 4 )

BT ARGRMB TG, A H ARt
TR PR A ST AT R E P AR 2 R A I A T
NER o [RIFE, T Fi el P17 8 R R R B 2 ) 7 v
Al BL4r NCNN. RNNLL KRG CNN-RNN
R, R ER A ST AE B Transformer 5284, {HAH G
OIS = iIE 5

(a) BRIFHEMILS,

R RN R T, EEGE 5% £ 145
5, ATUEH1ID-CNNZEK 1B E R AL . B
EEEE R g REER, "TLRAEEGH
SR, kA, WAL ZERIFCIE H T R 4ER(E
S ERARFRZEIFEABE AP A, Chen
A NS 7 —Fh 3 F1D-CNN I Borderline-
SMOTEZHE 1 5% 77 v 1 175 B B . A 35 13k
ok B {8 L I AR e SR IUSIECREAE , I 5] ABorderline-
SMOTE## 1 5 /7 i K- FEEGE 5 i . &
Jei > AT F 1D-C NN B o) 17 J8% 1 7 A 48 B (i
P PRI M B P ) AT T =4 ML %5« GaoSE N4
T — B B S GO R AR ek B AL AL
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FEHESE . Maheshwaril"01%5E A2 H 7 —Fh & T 54
HEFE1D-CNNEE A J Tl H] 2 i IEEEGAS 5 34T
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FEHAL R . 4N HIRIT— 12 . 342 [Edro-
pout/Z. 2/-dropout/Z. 14M14E4 51402
3N Z AL T 73 KB softmax)z . 52D-
CNNZERJHI L, 1D-CNNZEK) EA E S H,
DRl I B 25 5 7R R A R R A BRI I 0 R S8 B, | T
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SE RN IR A I SE . B, SR e
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2D G AT 035, WangZe NP H 7 —Fh LT i
L B BT R IR P AP R I 2 T 8 00 2%, AT i 1)
2D-CNNAH FH AN A [ KN B 45 AR A% 1 4 B (8] 77 1)
Az 8] 75 A B U B SRR AE « Khare®5E NS4 H
T FH AN A B CNNs#EATRFAE B H shHE B 432
Tiike W96, ZJ5 R I AR R U S 1
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FUE S o EG, AR5 X G B il &
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Tk, LI RER, WHEMNCNNTER ¥
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AR, BEAE A AU PR T Bl R R ok
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() — A 3 LR R AR TN & 2% H v BE AR s
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(b) AP ML .

RNNE — B FH 11 6] 77 510 23 A1 (R IR B 2 )
B, FEEPRNNEMAFERNN,LSTMAGRU.
C 4 IR 2 Rt FRNNREEG/S 515 B AH 51
R, N T IR EE T EEGAS 5 k47 1 AR ) A 7Y
IPERE, Algarni®e NS T —FhJE IR B 2% 5
MEEGAS 5 1 BN 3 7 vk %7 B 36 5 ik
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T AREAIE R EURT 9% 24 A B I P B0 o B2 U1 4 A8 A R
fE, FTELEE IR . s ma 24, &
HREHENE . WALSTME . &iERZ . soft-
max 7 RE . R2G-STNN3IZE-E 7 4% [a] A1 i) [a] 4
2 gAY, It oy R 5 2] i AR SRR B AR 6] - 1 [
EEGHFE. R FHIBILSTMIM 4% 3k 34 i X P 355 A0 i
X 2S5 2R, I 51N X3RS 2 R 1 A (7] v
XHITTHR. S S 2 s AR AP A, B EE S
W EEMEEEE, EHRMEMETT IR
F R HEw A #H . SR, RNNTEEEG(S 5%
e A ek R B AE I 0 R 4 R
K. HTEEGS 5 5 6 & & 44 1 (a4 46
KFH, RNNMXLRE] MRS HENEEEGHE 5
I3 FAT S AR RE T BE o

(c) TREHA,

VF2 BT A FO R AR TR A Y, I e Y
A T CNNAIRNN & H AL . XiaodF NS00 46
1 FEAT 5 e i g A o 7 ) - B - I [ R . 1 ol
FH CNN &b 5 F0 73 (845 S, FF 78 25 (8] FA i 4
J&E b P 3 7 AL ) DA B 5 1) Kl X sl A AT
Mo SR JE A I BILS T MK B 42 plg bif 8] 4 2 3 AL,
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BERY, AR5 R I 35S [ TN &5 SR 3k AT 45 R 15 21
BRAT SR . Kim & AR B A M5 321
BT R IHUHILS TM M 48 F1ICNN 437l #2 ;XEEG
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T35, AT LRI R A AT BT &R
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5N T —F BAESENHIPCNN, HTERR
PR 478 70 2% 1) FR AT Bl S T 5230 f s BRI E
% . EEGFuseNet!"!il i 4 5 ONN, RNNFIA S%f
P24 (Generative Adversarial Networks, GAN)
KIS AN FERIFEEGRIE S B Bk, CNN
MIFIEEEGE 5 3R BURAE, RNNIE TR Z I [A]
AR AL (P TERFAIE ¢ R R R IE R IR . N T 3
WZrikfE, GANBEGY N IE I T IR B 7 R sh & B
e B CNN-RNN /2% (Kl 2R 72
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BAVEM . Transformer =2 %5 F T 5 225045 119 4 #1
3, AR T AT DR R AT Transformer b 84
KON MNEEGAS 5 iR G & M k. —Fg7Em
7S AE AL FE Y BOK EEGAS 5 8 o v 2D $dis
SR J5 N Transformerfi 284, 1 4 #1 5 Transformer
(Vision Transformer, ViT)M2gE471% 251151
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16 B 7 5

f&

ny
B %

i 44 %

B ) 1) g 0 B 45 2 ) o P b ) A8, e 7E s
ot A 32 T B 0 285 2R A4 VT 2 TR BUCA £ P B
Jith, DA AR B[R] 51 4y SRR Rk, R ESEE
=N

(2) W& T B 4 484 . IRE S 2] H il
152 TSCHIF 78 H B i BRI i3k . A 25 W RTR BE2
S0 B RN A Ak ) 52 e T B 2 7E TSCHIF 7L
R AR, 3 DA AR S AT TR B 2 ST
B E AR B IR R 2 4, A JHL B 3 S [a] 5 51
PE IR, AT B T 1] 7 81 43 SR AR R (1) P R
ARA AT TT 1

(3) Wil B FHA Y () ] R 1 R ST AR Y
e “BEMR7 , MHRFES R ZFERM. R
M, TEBRZ A E RS S i A0,  IXFh AN B 4 v
e FEA T EZ A R . Rk, BT AT R
(IR i 2 SRS TR DI, R ek FH AT ARAL B R 58 HY S 7R
R[] 7 270 PR A A58 o} T 45 s 2 31 R ) 1 o ik
AR — AN J7 1

(4) Wi A R b B R A . Har, K2
B 1] 7 5] G SRR TR 1) )1 AR A8 FH 21 1)~ 18 0 240
. BRI, TEVF 2L ST, AR R 5
BAERNAFE RIE, FlnEEsk, Tk &
R, Jodd (s B kA5 5 1A UL & iR VR
R A4k . Y, FELLIR B A E I B DT
HA S, X0 RE 3 B R I ZRATPEAS B H B
Zo Kk, Wa A AL ER SR AS -1 a) U7 B R
By R dEE EE, EESFEN— N,

(5) W R FH KIS 5 A28 A (] 7 4. F)|
SGKANE S B A5 KRR 6801, Bk,
— BB T 5T 4R S Qi e] 1) A I e K R E S AR Sk Ak
FREFE 751, R R NF I I Pl ZRiE H
Ti 1) 7 2 R LA R, SR JE AR T Ui AT 45 XA
RUBEAT RO, B BT A SLHLH X I (8] 7 51 354718
fo, fHHEREEATIAMIESHEM. ik, T
A [PIVE 5 A2 A ER ) ] 7 210 1 4% 2R R IR 45 R
KRR S —

(6) FE RAE AR SE: X AT 5L
PL5E Ak ) TmageNet £ 4 4, A& 21000428
b1 1S 71 i o A S T 675 R M R 27 95
BRI = — AN KA ARG . A T B RS
B 7 2 0 VR P 2 ST, 3B Y)) 7 B 3 — A (1]
5 5 R0 AR 2 A 4
6 ZRIB

AR T (] 51 KA, R T
JZ B I TR 81 o3 SR T ) S HE AR B . AR

Ja, WZJREFINL. BRI R JRIAMZE M 2%
AR 73 AL AR DY A 190 2% R0 ) R 20T 224 T o D It
(8] Fp 31) 73 FAE T BEAT 73 IR AL B 45, R EAN
HHBG A BEAh, W TR R A 2 2R AR AR
7 STV A AR e 17 48 R3] 7 A 5% B A e T
FO PR fJE, M6 MERES TR TIRE
5 ST 8] Fp 51 73 SRR AR SR I R et %y o 4K
M5, FERS AP 51 ) SRATK,  58 FHER P 19X 2% SR A
HOt a7 B, ISR R B SLbR
[ P Ak S A AR . A A B RS SRR e s
HEBHIR L 2 I BORAE I 18] Fr 371 73 ek 7E v i) it — 20
R o
& £ x|

1] YANG Qiang and WU Xindong. 10 Challenging problems
in data mining research[J]. International Journal of
Information Technology & Decision Making, 2006, 5(4):
597-604. doi: 10.1142/S0219622006002258.

2] BAGNALL A, LINES J, BOSTROM A, et al. The great
time series classification bake off: A review and
experimental evaluation of recent algorithmic advances[J].
Data Mining and Knowledge Discovery, 2017, 31(3):
606-660. doi: 10.1007/s10618-016-0483-9.

(3] ZHANG Shibo, LI Yaxuan, ZHANG Shen, et al. Deep
learning in human activity recognition with wearable
sensors: A review on advances[J]. Sensors, 2022, 22(4):
1476. doi: 10.3390/s22041476.

[4] CHEN Kaixuan, ZHANG Dalin, YAO Lina, et al. Deep
learning for sensor-based human activity recognition:
Overview, challenges, and opportunities[J]. ACM
Computing Surveys, 2022, 54(4): 77. doi: 10.1145/3447744.

(5] KHADEMI Z, EBRAHIMI F, and KORDY H M. A
transfer learning-based CNN and LSTM hybrid deep
learning model to classify motor imagery EEG signals[J].
Computers in Biology and Medicine, 2022, 143: 105288.
doi: 10.1016/j.compbiomed.2022.105288.

6] ABANDA A, MORI U, and LOZANO J A. A review on
distance based time series classification[J]. Data Mining
and Knowledge Discovery, 2019, 33(2): 378-412. doi: 10.
1007/s10618-018-0596-4.

(7] DAU H A, BAGNALL A, KAMGAR K, et al. The UCR
time series archive[J]. IEEE/CAA Journal of Automatica
Sinica, 2019, 6(6): 1293-1305. doi: 10.1109/JAS.2019.
1911747.

8] BAGNALL A, DAU H A, LINES J, et al. The UEA
multivariate time series classification archive,
2018[EB/OL). https://arxiv.org/abs/1811.00075, 2018.

9] ISMAIL FAWAZ H, LUCAS B, FORESTIER G, et al.


https://doi.org/10.1142/S0219622006002258
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.1007/s10618-016-0483-9
https://doi.org/10.3390/s22041476
https://doi.org/10.1145/3447744
https://doi.org/10.1016/j.compbiomed.2022.105288
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1007/s10618-018-0596-4
https://doi.org/10.1109/JAS.2019.1911747
https://doi.org/10.1109/JAS.2019.1911747
https://arxiv.org/abs/1811.00075

FEYUH

AR5 55 -

FE T TR LS ST I 18] 7 51 53 AT S rid 17

(10]

(11]

(12]

(13]

(14]

(15]

[16]

(17]

(18]

(19]

Inceptiontime: Finding alexnet for time series
classification[J]. Data Mining and Knowledge Discovery,
2020, 34(6): 1936-1962. doi: 10.1007/s10618-020-00710-y.
ISMAIL FAWAZ H, FORESTIER G, WEBER I, et al.
Deep learning for time series classification: A review[J].
Data Mining and Knowledge Discovery, 2019, 33(4):
917-963. doi: 10.1007/s10618-019-00619-1.

WANG Zhiguang, YAN Weizhong, and OATES T. Time
series classification from scratch with deep neural
networks: A strong baseline[C]. 2017 International Joint
Conference on Neural Networks (IJCNN), Anchorage,
USA, 2017: 1578-1585. doi: 10.1109/IJCNN.2017.7966039.
ZHOU Haoyi, ZHANG Shanghang, PENG Jieqi, et al.
Informer: Beyond efficient transformer for long sequence
time-series forecasting[C]. The 35th AAAI Conference on
Artificial Intelligence, 2021: 11106-11115. doi: 10.1609/
aaai.v35i12.17325.

WEN Qingsong, ZHOU Tian, ZHANG Chaoli, et al.
Transformers in time series: A survey[J]. Proceedings of
the Thirty-Second International Joint Conference on
Artificial Intelligence, Macao, China, 2022: 6778-6795. doi:
10.24963 /ijcai.2023/759.

HAO Yifan and CAO Huiping. A new attention
mechanism to classify multivariate time series[C]. The
Twenty-Ninth International Joint Conference on Artificial
Intelligence, Yokohama, Japan, 2020: 1999-2005. doi:
10.24963 /ijcai.2020/277.

ZERVEAS G, JAYARAMAN S, PATEL D, et al. A
transformer-based framework for multivariate time series
representation learning[C]. The 27th ACM SIGKDD
Conference on Knowledge Discovery & Data Mining, 2021:
2114-2124. doi: 10.1145/3447548.3467401.

SERRA J, PASCUAL S, and KARATZOGLOU A.
Towards a universal neural network encoder for time
series[C]. Artificial Intelligence Research and Development
- Current Challenges, New Trends and Applications, CCIA
2018, 21st International Conference of the Catalan
Association for Artificial Intelligence, Alt Emporda, Spain,
2018: 120-129. doi: 10.3233/978-1-61499-918-8-120.
BANERJEE D, ISLAM K, XUE Keyi, et al. A deep
transfer learning approach for improved post-traumatic
stress disorder diagnosis[J]. Knowledge and Information
Systems, 2019, 60(3): 1693-1724. doi: 10.1007/s10115-019-
01337-2.

ASWOLINSKIY W, REINHART R F, and STEIL J. Time
series classification in reservoir-and model-space[J]. Neural
Processing Letters, 2018, 48(2): 789-809. doi: 10.1007/
s11063-017-9765-5.

IWANA B K, FRINKEN V, and UCHIDA S. DTW-NN: A

[20]

21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

novel neural network for time series recognition using
dynamic alignment between inputs and weights[J].
Knowledge-Based Systems, 2020, 188: 104971. doi: 10.1016/
j.knosys.2019.104971.

TABASSUM N, MENON S, and JASTRZEBSKA A.
Time-series classification with SAFE: Simple and fast
segmented word embedding-based neural time series
classifier[J]. Information Processing & Management, 2022,
59(5): 103044. doi: 10.1016/j.ipm.2022.103044.
FUKUSHIMA K. Neocognitron: A self-organizing neural
network model for a mechanism of pattern recognition
unaffected by shift in position[J]. Biological Cybernetics,
1980, 36(4): 193-202. doi: 10.1007/BF00344251.
KRIZHEVSKY A, SUTSKEVER I, and HINTON G E.
ImageNet classification with deep convolutional neural
networks[C]. The 25th International Conference on Neural
Information Processing Systems, Lake Tahoe, USA, 2012:
1097-1105.

LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-
based learning applied to document recognition[J].
Proceedings of the IEFE, 1998, 86(11): 2278-2324. doi: 10.
1109/5.726791.

LE GUENNEC A, MALINOWSKI S, and TAVENARD R.
Data augmentation for time series classification using
convolutional neural networks[C]. ECML/PKDD
Workshop on Advanced Analytics and Learning on
Temporal Data, Riva Del Garda, Italy, 2016.

LI Zewen, LIU Fan, YANG Wenjie, et al. A survey of
convolutional neural networks: Analysis, applications, and
prospects[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2022, 33(12): 6999-7019. doi: 10.1109/
TNNLS.2021.3084827.

ZHENG Yi, LIU Qi, CHEN Enhong, et al. Time series
classification using multi-channels deep convolutional
neural networks[C]. 15th International Conference on Web-
Age Information Management, Macau, China, 2014:
298-310. doi: 10.1007/978-3-319-08010-9 _33.

YANG Jianbo, NGUYEN M N, SAN P P, et al. Deep
convolutional neural networks on multichannel time series
for human activity recognition[C]. The Twenty-Fourth
International Joint Conference on Artificial Intelligence,
Buenos Aires, Argentina, 2015: 3995-4001.

ZHAO Bendong, LU Huanzhang, CHEN Shangfeng, et al.
Convolutional neural networks for time series
classification[J]. Journal of Systems Engineering and
Electronics, 2017, 28(1): 162-169. doi: 10.21629/JSEE.
2017.01.18.

LONG J, SHELHAMER E, and DARRELL T. Fully

convolutional networks for semantic segmentation[C]. 2015


https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-020-00710-y
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1007/s10618-019-00619-1
https://doi.org/10.1109/IJCNN.2017.7966039
https://doi.org/10.1609/aaai.v35i12.17325.
https://doi.org/10.1609/aaai.v35i12.17325.
https://doi.org/10.24963/ijcai.2023/759
https://doi.org/10.24963/ijcai.2020/277
https://doi.org/10.1145/3447548.3467401.
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.3233/978-1-61499-918-8-120
https://doi.org/10.1007/s10115-019-01337-2
https://doi.org/10.1007/s10115-019-01337-2
https://doi.org/10.1007/s10115-019-01337-2
https://doi.org/10.1007/s10115-019-01337-2
https://doi.org/10.1007/s10115-019-01337-2
https://doi.org/10.1007/s10115-019-01337-2
https://doi.org/10.1007/s10115-019-01337-2
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1007/s11063-017-9765-5
https://doi.org/10.1016/j.knosys.2019.104971
https://doi.org/10.1016/j.knosys.2019.104971
https://doi.org/10.1016/j.ipm.2022.103044
https://doi.org/10.1007/BF00344251
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/TNNLS.2021.3084827
https://doi.org/10.1109/TNNLS.2021.3084827
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.1007/978-3-319-08010-9_33
https://doi.org/10.21629/JSEE.2017.01.18
https://doi.org/10.21629/JSEE.2017.01.18

18

G

o

=]

¥k

443

(30]

(31

(32]

33]

(34]

[35]

(36]

(37]

(38]

(39]

IEEE Conference on Computer Vision and Pattern
Recognition, Boston, USA, 2015: 3431-3440. doi: 10.1109/
CVPR.2015.7298965.

HE Kaiming, ZHANG Xiangyu, REN Shaoqing, et al.
Deep residual learning for image recognition[C]. 2016 IEEE
Conference on Computer Vision and Pattern Recognition,
Las Vegas, USA, 2016: 770-778. doi: 10.1109/CVPR.
2016.90.

ZHOU Bolei, KHOSLA A, LAPEDRIZA A, et al. Learning
deep features for discriminative localization[C]. 2016 IEEE
Conference on Computer Vision and Pattern Recognition,
Las Vegas, USA, 2016: 2921-2929. doi: 10.1109/CVPR.
2016.319.

70U Xiaowu, WANG Zidong, LI Qi, et al. Integration of
residual network and convolutional neural network along
with various activation functions and global pooling for
time series classification[J]. Neurocomputing, 2019, 367:
39-45. doi: 10.1016/j.neucom.2019.08.023.

LI Yuhong, ZHANG Xiaofan, and CHEN Deming.
CSRNet: Dilated convolutional neural networks for
understanding the highly congested scenes[C]. 2018
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, Salt Lake City, USA, 2018: 1091-1100. doi:
10.1109/CVPR.2018.00120.

YAZDANBAKHSH O and DICK S. Multivariate time
series classification using dilated convolutional neural
network[EB/OL]. https://arxiv.org/abs/1905.01697, 2019.
FOUMANI S N M, TAN C W, and SALEHI M. Disjoint-
CNN for multivariate time series classification[C]. 2021
International Conference on Data Mining Workshops
(ICDMW), Auckland, New Zealand, 2021: 760-769. doi:
10.1109/ICDMW53433.2021.00099.

WANG Zhiguang and OATES T. Encoding time series as
images for visual inspection and classification using tiled
convolutional neural networks[C]. AAAT Workshop Papers
2015, Menlo Park, USA, 2015: 40-46.

HATAMI N, GAVET Y, and DEBAYLE J. Classification
of time-series images using deep convolutional neural
networks[C]. SPIE 10696, Tenth International Conference
on Machine Vision, Vienna, Austria, 2018: 106960Y. doi:
10.1117/12.2309486.

KARIMI-BIDHENDI S, MUNSHI F, and MUNSHI A.
Scalable classification of univariate and multivariate time
series[C]. 2018 IEEE International Conference on Big Data
(Big Data), Seattle, USA, 2018: 1598-1605. doi: 10.1109/
BigData.2018.8621889.

YANG C L, CHEN Zhixuan, and YANG Chenyi. Sensor
classification using convolutional neural network by

encoding multivariate time series as two-dimensional

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

colored images[J]. Sensors, 2019, 20(1): 168. doi: 10.3390/
s20010168.

SZEGEDY C, VANHOUCKE V, IOFFE S, et al.
Rethinking the inception architecture for computer
vision[C]. 2016 IEEE Conference on Computer Vision and
Pattern Recognition, Las Vegas, USA, 2016: 2818-2826.
doi: 10.1109/CVPR.2016.308.

CHEN Wei and SHI Ke. A deep learning framework for
time series classification using relative position matrix and
convolutional neural network[J]. Neurocomputing, 2019,
359: 384-394. doi: 10.1016/j.neucom.2019.06.032.
SIMONYAN K and ZISSERMAN A. Very deep
convolutional networks for large-scale image recognition|[C].
3rd International Conference on Learning Representations,
San Diego, USA, 2015. doi: 10.48550/arXiv.1409.1556.

CUI Zhicheng, CHEN Wenlin, and CHEN Yixin. Multi-
scale convolutional neural networks for time series
classification[EB/OL]. https://arxiv.org/abs/1603.06995,
2016.

SZEGEDY C, LIU Wei, JIA Yangqing, et al. Going deeper
with convolutions[C]. 2015 IEEE Conference on Computer
Vision and Pattern Recognition, Boston, USA, 2015: 1-9.
doi: 10.1109/CVPR.2015.7298594.

SZEGEDY C, IOFFE S, VANHOUCKE V, et al.
Inception-v4, inception-ResNet and the impact of residual
connections on learning[C|. The 31th AAAI Conference on
Artificial Intelligence, San Francisco, USA, 2017: 4278
4284. doi: 10.1609/aaai.v31i1.11231.

LIU C L, HSAIO W H, and TU Y C. Time series
classification with multivariate convolutional neural
network[J]. IEEE Transactions on Industrial Electronics,
2019, 66(6): 4788-4797. doi: 10.1109/TIE.2018.2864702.
RONALD M, POULOSE A, and HAN D S. iSPLInception:
An inception-ResNet deep learning architecture for human
activity recognition[J]. IEEE Access, 2021, 9: 68985-69001.
doi: 10.1109/ACCESS.2021.3078184.

SUN Jingyu, TAKEUCHI S, and YAMASAKI I.
Prototypical inception network with cross branch attention
for time series classification[C]. 2021 International Joint
Conference on Neural Networks (IJCNN), Shenzhen,
China, 2021: 1-7. doi: 10.1109/IJCNN52387.2021.9533440.
USMANKHUJAEV S, IBROKHIMOV B, BAYDADAEV
S, et al. Time series classification with InceptionFCN[J].
Sensors, 2021, 22(1): 157. doi: 10.3390/522010157.

IKRMESE, EXME, XPEVE, & T 2 RERZFCNIIN A7
B4y R EE[T]. A2, 2022, 33(2): 555-570. doi: 10.
13328/j.cnki.jos.006142.

ZHANG Yawen, WANG Zhihai, LIU Haiyang, et al. Time

series classification algorithm based on multiscale residual


https://doi.org/10.1109/CVPR.2015.7298965
https://doi.org/10.1109/CVPR.2015.7298965
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.319
https://doi.org/10.1109/CVPR.2016.319
https://doi.org/10.1016/j.neucom.2019.08.023
https://doi.org/10.1109/CVPR.2018.00120
https://arxiv.org/abs/1905.01697
https://doi.org/10.1109/ICDMW53433.2021.00099
https://doi.org/10.1117/12.2309486
https://doi.org/10.1109/BigData.2018.8621889
https://doi.org/10.1109/BigData.2018.8621889
https://doi.org/10.3390/s20010168
https://doi.org/10.3390/s20010168
https://doi.org/10.1109/CVPR.2016.308
https://doi.org/10.1016/j.neucom.2019.06.032
https://doi.org/10.48550/arXiv.1409.1556
https://arxiv.org/abs/1603.06995
https://doi.org/10.1109/CVPR.2015.7298594
https://doi.org/10.1609/aaai.v31i1.11231
https://doi.org/10.1109/TIE.2018.2864702
https://doi.org/10.1109/ACCESS.2021.3078184
https://doi.org/10.1109/IJCNN52387.2021.9533440
https://doi.org/10.3390/s22010157
https://doi.org/10.13328/j.cnki.jos.006142
https://doi.org/10.13328/j.cnki.jos.006142

FEYUH

AR5 55 -

FE T TR LS ST I 18] 7 51 53 AT S rid 19

[51]

[52]

[54]

[56]

[57]

(58]

[59]

[60]

[61]

(62]

full convolutional neural network[J]. Journal of Software,
2022, 33(2): 555-570. doi: 10.13328/j.cnki.jos.006142.
DENNIS D, ACAR D A E, MANDIKAL V, et al. Shallow
RNN: Accurate time-series classification on resource
constrained devices[C]. The 33rd International Conference
on Neural Information Processing Systems, Vancouver,
Canada, 2019: 12896-12906.

HERMANS M and SCHRAUWEN B. Training and
analyzing deep recurrent neural networks[C]. The 26th
International Conference on Neural Information Processing
Systems, Lake Tahoe, USA, 2013: 190-198.

PASCANU R, MIKOLOV T, and BENGIO Y. On the
difficulty of training recurrent neural networks[C]. The
30th International Conference on International Conference
on Machine Learning, Atlanta, USA, 2013: 1310-1318.
HOCHREITER S and SCHMIDHUBER J. Long short-
term memory[J]. Neural Computation, 1997, 9(8):
1735-1780. doi: 10.1162/nec0.1997.9.8.1735.

CHUNG J, GULCEHRE C, CHO K H, et al. Empirical
evaluation of gated recurrent neural networks on sequence
modeling[EB/OL]. https://arxiv.org/abs/1412.3555, 2014.
KAWAKAMI K. Supervised sequence labelling with
recurrent neural networks[D]. [Ph. D. dissertation],
Carnegie Mellon University, 2008.

SUTSKEVER I, VINYALS O, and LE Q V. Sequence to
sequence learning with neural networks[C]. The 27th
International Conference on Neural Information Processing
Systems, Montreal, Canada, 2014: 3104-3112.

DONAHUE J, ANNE HENDRICKS L, GUADARRAMA
S, et al. Long-term recurrent convolutional networks for
visual recognition and description[C]. 2015 IEEE
Conference on Computer Vision and Pattern Recognition,
Boston, USA, 2015: 2625-2634. doi: 10.1109/CVPR.
2015.7298878.

KARPATHY A and Fei-Fei L. Deep visual-semantic
alignments for generating image descriptions[C]. 2015
IEEE Conference on Computer Vision and Pattern
Recognition, Boston, USA, 2015: 3128-3137. doi: 10.1109/
CVPR.2015.7298932.

TANG Yujin, XU Jianfeng, MATSUMOTO K, et al.
Sequence-to-sequence model with attention for time series
classification[C]. 2016 IEEE 16th International Conference
on Data Mining Workshops (ICDMW), Barcelona, Spain,
2016: 503-510. doi: 10.1109/ICDMW.2016.0078.
MALHOTRA P, TV V, VIG L, et al. TimeNet: Pre-
trained deep recurrent neural network for time series
classification[C]. 25th European Symposium on Artificial
Neural Networks, Bruges, Belgium, 2017.

KARIM F, MAJUMDAR S, DARABI H, et al.

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

Multivariate LSTM-FCNs for time series classification[J].
Neural Networks, 2019, 116: 237-245. doi: 10.1016/].
neunet.2019.04.014.

KA, T, REE. BT 2 RESRMER I K
LSTMA 8 55532 [J]. THENRH, 2022, 42(8):
2343-2352. doi: 10.11772/j.issn.1001-9081.2021061062.
XUAN Yinglu, WAN Yuan, and CHEN Jiahui. Time series
classification by LSTM based on multi-scale convolution
and attention mechanism[J]. Journal of Computer
Applications, 2022, 42(8): 2343-2352. doi: 10.11772/j.issn.
1001-9081.2021061062.

ZHANG Xuchao, GAO Yifeng, LIN J, et al. TapNet:
Multivariate time series classification with attentional
prototypical network[C]. The 34th AAAI Conference on
Artificial Intelligence, New York, USA, 2020: 6845—6852.
doi: 10.1609/aaai.v34i04.6165.

ZUO Jingwei, ZEITOUNI K, and TAHER Y. SMATE:
Semi-supervised spatio-temporal representation learning on
multivariate time series[C]. 2021 IEEE International
Conference on Data Mining (ICDM), Auckland, New
Zealand, 2021: 1565-1570. doi: 10.1109/ICDM51629.
2021.00206.

LIN Sangdi and RUNGER G C. GCRNN: Group-
constrained convolutional recurrent neural network[J].
IEEE Transactions on Neural Networks and Learning
Systems, 2018, 29(10): 4709-4718. doi: 10.1109/TNNLS.
2017.2772336.

MUTEGEKI R and HAN D S. A CNN-LSTM approach to
human activity recognition[C]. 2020 International
Conference on Artificial Intelligence in Information and
Communication (ICAIIC), Fukuoka, Japan, 2020: 362-366.
doi: 10.1109/ICAIIC48513.2020.9065078.

KARIM F, MAJUMDAR S, DARABI H, et al. LSTM fully
convolutional networks for time series classification[J].
IEEE Access, 2018, 6: 1662-1669. doi: 10.1109/ACCESS.
2017.2779939.

VASWANTI A, SHAZEER N, PARMAR N, et al. Attention
is all you need[C]. The 31st International Conference on
Neural Information Processing Systems, Long Beach, USA,
2017: 6000-6010.

DEVLIN J, CHANG Mingwei, LEE K, et al. BERT: Pre-
training of deep bidirectional transformers for language
understanding[C]. The 2019 Conference of the North
American Chapter of the Association for Computational
Linguistics: Human Language Technologies, Volume 1,
Minneapolis, USA, 2018: 4171-4186. doi: 10.18653/v1/N19-
1423.

LIU Ze, LIN Yutong, CAO Yue, et al. Swin transformer:

Hierarchical vision transformer using shifted windows[C].


https://doi.org/10.13328/j.cnki.jos.006142
https://doi.org/10.1162/neco.1997.9.8.1735
https://arxiv.org/abs/1412.3555
https://doi.org/10.1109/CVPR.2015.7298878
https://doi.org/10.1109/CVPR.2015.7298878
https://doi.org/10.1109/ICDMW.2016.0078
https://doi.org/10.1016/j.neunet.2019.04.014
https://doi.org/10.1016/j.neunet.2019.04.014
https://doi.org/10.11772/j.issn.1001-9081.2021061062
https://doi.org/10.11772/j.issn.1001-9081.2021061062
https://doi.org/10.11772/j.issn.1001-9081.2021061062
https://doi.org/10.11772/j.issn.1001-9081.2021061062
https://doi.org/10.11772/j.issn.1001-9081.2021061062
https://doi.org/10.11772/j.issn.1001-9081.2021061062
https://doi.org/10.11772/j.issn.1001-9081.2021061062
https://doi.org/10.1609/aaai.v34i04.6165
https://doi.org/10.1109/ICDM51629.2021.00206
https://doi.org/10.1109/ICDM51629.2021.00206
https://doi.org/10.1109/TNNLS.2017.2772336
https://doi.org/10.1109/TNNLS.2017.2772336
https://doi.org/10.1109/ICAIIC48513.2020.9065078
https://doi.org/10.1109/ACCESS.2017.2779939
https://doi.org/10.1109/ACCESS.2017.2779939
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423

20

G

o

=]

¥k

443

[72]

(73]

[74]

[75]

[76]

[77]

78]

[79]

(80]

(81]

2021 IEEE/CVF International Conference on Computer
Vision, Montreal, Canada, 2021: 9992-10002. doi: 10.1109/
ICCV48922.2021.00986.

CARON M, TOUVRON H, MISRA I, et al. Emerging
properties in self-supervised vision transformers[C]. 2021
IEEE/CVF International Conference on Computer Vision,
Montreal, Canada, 2021: 9630-9640. doi: 10.1109/ICCV48922.
2021.00951.

KHAN S, NASEER M, HAYAT M, et al. Transformers in
vision: A survey[J]. ACM Computing Surveys, 2022,
54(10s): 200. doi: 10.1145/3505244.

KOSTAS D, AROCA-OUELLETTE S, and RUDZICZ F.
BENDR: Using transformers and a contrastive self-
supervised learning task to learn from massive amounts of
EEG data[J]. Frontiers in Human Neuroscience, 2021, 15:
653659. doi: 10.3389/fnhum.2021.653659.

BAHDANAU D, CHO K, and BENGIO Y. Neural
machine translation by jointly learning to align and
translate[C]. 3rd International Conference on Learning
Representations, San Diego, USA, 2015. doi: 10.48550/
arXiv.1409.0473.

CHO K, VAN MERRIENBOER B, GULCEHRE C, ef al.
Learning phrase representations using RNN encoder-
decoder for statistical machine translation[C]. The 2014
Conference on Empirical Methods in Natural Language
Processing (EMNLP), Doha, Qatar, 2014: 1724-1734. doi:
10.3115/v1/D14-1179.

LUONG M T, PHAM H, and MANNING C D. Effective
approaches to attention-based neural machine
translation[C]. The 2015 Conference on Empirical Methods
in Natural Language Processing, Lisbon, Portugal, 2015:
1412-1421. doi: 10.18653/v1/D15-1166.

YUAN Ye, XUN Guangxu, MA Fenglong, et al. MuVAN:
A multi-view attention network for multivariate temporal
data[C]. 2018 IEEE International Conference on Data
Mining (ICDM), Singapore, 2018: 717-726. doi: 10.1109/
ICDM.2018.00087.

HSIEH T Y, WANG Suhang, SUN Yiwei, et al.
Explainable multivariate time series classification: A deep
neural network which learns to attend to important
variables as well as time intervals[C]. The 14th ACM
International Conference on Web Search and Data Mining,
2021: 607-615.

CHEN Wei and SHI Ke. Multi-scale attention
convolutional neural network for time series
classification[J]. Neural Networks, 2021, 136: 126-140. doi:
10.1016/j.neunet.2021.01.001.

YUAN Ye, XUN Guangxu, MA Fenglong, et al. A novel

channel-aware attention framework for multi-channel EEG

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

seizure detection via multi-view deep learning[C]. 2018
IEEE EMBS International Conference on Biomedical &
Health Informatics (BHI), Las Vegas, USA, 2018: 206-209.
doi: 10.1109/BHI.2018.8333405.

LIANG Yuxuan, KE Songyu, ZHANG Junbo, et al.
GeoMAN: Multi-level attention networks for geo-sensory
time series prediction[C]. The Twenty-Seventh
International Joint Conference on Artificial Intelligence,
Stockholm, Sweden, 2018: 3428-3434. doi: 10.24963/
ijcai.2018/476.

HU Jun and ZHENG Wendong. Multistage attention
network for multivariate time series prediction[J].
Neurocomputing, 2020, 383: 122-137. doi: 10.1016/j.
neucom.2019.11.060.

CHENG Xu, HAN Peihua, LI Guoyuan, et al. A novel
channel and temporal-wise attention in convolutional
networks for multivariate time series classification[J]. IEEE
Access, 2020, 8: 212247-212257. doi: 10.1109/ACCESS.
2020.3040515.

XIAO Zhiwen, XU Xin, XING Huanlai, et al. RTFN: A
robust temporal feature network for time series
classification[J]. Information Sciences, 2021, 571: 65-86.
doi: 10.1016/j.ins.2021.04.053.

JADERBERG M, SIMONYAN K, ZISSERMAN A, et al.
Spatial transformer networks[C]. The 28th International
Conference on Neural Information Processing Systems,
Montreal, Canada, 2015: 2017-2025.

WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional
block attention module[C]. The 15th European Conference
on Computer Vision (ECCV), Munich, Germany, 2018:
3-19. doi: 10.1007/978-3-030-01234-2 1.

HU Jie, SHEN Li, and SUN Gang. Squeeze-and-excitation
networks[C]. 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition, Salt Lake City, USA,
2018: 7132-7141. doi: 10.1109/CVPR.2018.00745.

SONG Huan, RAJAN D, THIAGARAJAN J, et al. Attend
and diagnose: Clinical time series analysis using attention
models[C]. The AAAT Conference on Artificial Intelligence,
New Orleans, USA, 2018: 4091-4098. doi: 10.1609/aaai.
v32i1.11635.

JIN Cancan and CHEN Xi. An end-to-end framework
combining time—frequency expert knowledge and modified
transformer networks for vibration signal classification[J].
Ezxpert Systems with Applications, 2021, 171: 114570. doi:
10.1016/j.eswa.2021.114570.

ALLAM JR T and MCEWEN J D. Paying attention to
astronomical transients: Photometric classification with the
time-series transformer[EB/OL]. https://arxiv.org/abs/
2105.06178v1, 2021.


https://doi.org/10.1109/ICCV48922.2021.00986
https://doi.org/10.1109/ICCV48922.2021.00986
https://doi.org/10.1109/ICCV48922.2021.00951
https://doi.org/10.1109/ICCV48922.2021.00951
https://doi.org/10.1145/3505244
https://doi.org/10.3389/fnhum.2021.653659
https://doi.org/10.48550/arXiv.1409.0473
https://doi.org/10.48550/arXiv.1409.0473
https://doi.org/10.3115/v1/D14-1179
https://doi.org/10.3115/v1/D14-1179
https://doi.org/10.3115/v1/D14-1179
https://doi.org/10.18653/v1/D15-1166
https://doi.org/10.18653/v1/D15-1166
https://doi.org/10.18653/v1/D15-1166
https://doi.org/10.1109/ICDM.2018.00087
https://doi.org/10.1109/ICDM.2018.00087
https://doi.org/10.1016/j.neunet.2021.01.001
https://doi.org/10.1109/BHI.2018.8333405
https://doi.org/10.24963/ijcai.2018/476
https://doi.org/10.24963/ijcai.2018/476
https://doi.org/10.1016/j.neucom.2019.11.060
https://doi.org/10.1016/j.neucom.2019.11.060
https://doi.org/10.1109/ACCESS.2020.3040515
https://doi.org/10.1109/ACCESS.2020.3040515
https://doi.org/10.1016/j.ins.2021.04.053
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1109/CVPR.2018.00745
https://doi.org/10.1609/aaai.v32i1.11635
https://doi.org/10.1609/aaai.v32i1.11635
https://doi.org/10.1016/j.eswa.2021.114570
https://arxiv.org/abs/2105.06178v1
https://arxiv.org/abs/2105.06178v1

FEYUH

AR5 55 -

B TR BE 2 S I 8] P 81 73 Tt e 4504 21

[92]

93]

[94]

[95]

[96]

[97]

98]

[99]

[100]

[101]

[102]

[103]

RASMUSSEN C E. Gaussian processes in machine
learning[M]. ML Summer Schools 2003 on Advanced
Lectures on Machine Learning, Tiibingen, Germany, 2003:
63-71. doi: 10.1007/978-3-540-28650-9 4.

LIU Minghao, REN Shengqi, MA Siyuan, et al. Gated
transformer networks for multivariate time series
classification[EB/OL]. https://arxiv.org/abs/2103.14438,
2021.

ZHAO Bowen, XING Huanlai, WANG Xinhan, et al.
Rethinking attention mechanism in time series
classification[J]. Information Sciences, 2023, 627: 97-114.
doi: 10.1016/j.ins.2023.01.093.

2k, T, X, S UK S RUE R R R RS B
[BF 5143277 JOL). MU 1-9. http://www.joca.cn/
CN/10.11772/.issn.1001-9081.2023060731, 2023.

WANG Mei, SU Xuesong, LIU Jia, et al. Time series
classification method based on multi-scale cross-attention
fusion in time-frequency domain[J/OL]. Journal of
Computer Applications: 1-9. http://www.joca.cn/
CN/10.11772/j.issn.1001-9081.2023060731, 2023.

YANG C H H, TSAI Y Y, and CHEN P Y. Voice2Series:
Reprogramming acoustic models for time series
classification[C]. The 38th International Conference on
Machine Learning, 2021: 11808-11819.

SUN Chenxi, LI Yaliang, LI Hongyan, et al. TEST: Text
prototype aligned embedding to activate LLM's ability for
time series{EB/OL]. https://arxiv.org/abs/2308.08241,
2023.

CHANG C, PENG W C, and CHEN T F. LLMA4TS: Two-
stage fine-tuning for time-series forecasting with pre-
trained LLMs[EB/OL]. https://arxiv.org/abs/2308.08469,
2023.

CHOWDHURY R R, ZHANG Xiyuan, SHANG Jingbo,
et al. TARNet: Task-aware reconstruction for time-series
transformer[C]. The 28th ACM SIGKDD Conference on
Knowledge Discovery and Data Mining, Washington, USA,
2022: 212-220. doi: 10.1145/3534678.3539329.

GUPTA N, GUPTA S K, PATHAK R K, et al. Human
activity recognition in artificial intelligence framework: A
narrative review[J]. Artificial Intelligence Review, 2022,
55(6): 4755-4808. doi: 10.1007/s10462-021-10116-x.
ORDONEZ F J and ROGGEN D. Deep convolutional and
LSTM recurrent neural networks for multimodal wearable
activity recognition[J]. Sensors, 2016, 16(1): 115. doi: 10.
3390/s16010115.

ARSHAD M H, BILAL M, and GANI A. Human activity
recognition: Review, taxonomy and open challenges[J].
Sensors, 2022, 22(17): 6463. doi: 10.3390/s22176463.

LI Yang, YANG Guanci, SU Zhidong, et al. Human

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

activity recognition based on multienvironment sensor
data[J]. Information Fusion, 2023, 91: 47-63. doi: 10.1016/
j.inffus.2022.10.015.

CHENG Xin, ZHANG Lei, TANG Yin, et al. Real-time
human activity recognition using conditionally
parametrized convolutions on mobile and wearable
devices[J]. IEEE Sensors Journal, 2022, 22(6): 5889-5901.
doi: 10.1109/JSEN.2022.3149337.

LARA O D and LABRADOR M A. A survey on human
activity recognition using wearable sensors[J]. IEEFE
Communications Surveys & Tutorials, 2013, 15(3):
1192-1209. doi: 10.1109/SURV.2012.110112.00192.

WANG Xing, ZHANG Lei, HUANG Wenbo, et al. Deep
convolutional networks with tunable speed—accuracy
tradeoff for human activity recognition using wearables[J].
IEEFE Transactions on Instrumentation and Measurement,
2022, 71: 1-12. doi: 10.1109/TIM.2021.3132088.

RONAO C A and CHO S B. Human activity recognition
with smartphone sensors using deep learning neural
networks[J]. Expert Systems with Applications, 2016, 59:
235-244. doi: 10.1016/j.eswa.2016.04.032.

IGNATOV A. Real-time human activity recognition from
accelerometer data using convolutional neural networks[J].
Applied Soft Computing, 2018, 62: 915-922. doi: 10.1016/j.
asoc.2017.09.027.

ZENG Ming, NGUYEN L T, YU Bo, et al. Convolutional
neural networks for human activity recognition using
mobile sensors[C]. 6th International Conference on Mobile
Computing, Applications and Services, Austin, USA, 2014:
197-205. doi: 10.4108 /icst.mobicase.2014.257786.

ZHANG Haoxi, XIAO Zhiwen, WANG Juan, et al. A
novel IoT-perceptive human activity recognition (HAR)
approach using multihead convolutional attention[J]. IEEE
Internet of Things Journal, 2020, 7(2): 1072-1080. doi: 10.
1109/J10T.2019.2949715.

JIANG Wenchao and YIN Zhaozheng. Human activity
recognition using wearable sensors by deep convolutional
neural networks[C]. The 23rd ACM international
conference on Multimedia, Brisbane, Australia, 2015:
1307-1310. doi: 10.1145/2733373.2806333.

LEE S M, YOON S M, and CHO H. Human activity
recognition from accelerometer data using convolutional
neural network[C]. 2017 IEEE International Conference on
Big Data and Smart Computing (BigComp), Jeju, Korea,
2017: 131-134. doi: 10.1109/BIGCOMP.2017.7881728.

XU Shige, ZHANG Lei, HUANG Wenbo, et al. Deformable
convolutional networks for multimodal human activity
recognition using wearable sensors[J]. IEEE Transactions

on Instrumentation and Measurement, 2022, 71: 1-14. doi:


https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://doi.org/10.1007/978-3-540-28650-9_4
https://arxiv.org/abs/2103.14438
https://doi.org/10.1016/j.ins.2023.01.093
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
http://www.joca.cn/CN/10.11772/j.issn.1001-9081.2023060731
https://arxiv.org/abs/2308.08241
https://arxiv.org/abs/2308.08469
https://doi.org/10.1145/3534678.3539329
https://doi.org/10.1145/3534678.3539329
https://doi.org/10.1145/3534678.3539329
https://doi.org/10.1007/s10462-021-10116-x
https://doi.org/10.1007/s10462-021-10116-x
https://doi.org/10.1007/s10462-021-10116-x
https://doi.org/10.1007/s10462-021-10116-x
https://doi.org/10.1007/s10462-021-10116-x
https://doi.org/10.1007/s10462-021-10116-x
https://doi.org/10.1007/s10462-021-10116-x
https://doi.org/10.3390/s16010115
https://doi.org/10.3390/s16010115
https://doi.org/10.3390/s22176463
https://doi.org/10.1016/j.inffus.2022.10.015
https://doi.org/10.1016/j.inffus.2022.10.015
https://doi.org/10.1109/JSEN.2022.3149337
https://doi.org/10.1109/SURV.2012.110112.00192
https://doi.org/10.1109/TIM.2021.3132088
https://doi.org/10.1016/j.eswa.2016.04.032
https://doi.org/10.1016/j.asoc.2017.09.027
https://doi.org/10.1016/j.asoc.2017.09.027
https://doi.org/10.4108/icst.mobicase.2014.257786
https://doi.org/10.1109/JIOT.2019.2949715
https://doi.org/10.1109/JIOT.2019.2949715
https://doi.org/10.1145/2733373.2806333
https://doi.org/10.1109/BIGCOMP.2017.7881728

22 BT 5 fF B % M 544 %
10.1109/TIM.2022.3158427. electronics10141685.

[114) MURAD A and PYUN J Y. Deep recurrent neural [125] CHEN Xun, LI Chang, LIU Aiping, et al. Toward open-
networks for human activity recognition[J]. Sensors, 2017, world electroencephalogram decoding via deep learning: A
17(11): 2556. doi: 10.3390/s17112556. comprehensive survey[J]. IEEE Signal Processing

[115] ZENG Ming, GAO Haoxiang, YU Tong, et al. Magazine, 2022, 39(2): 117-134. doi: 10.1109/MSP.2021.
Understanding and improving recurrent networks for 3134629.
human activity recognition by continuous attention[C]. [126] GU Xiaoqing, CAI Weiwei, GAO Ming, et al. Multi-source
The 2018 ACM International Symposium on Wearable domain transfer discriminative dictionary learning
Computers, Singapore, 2018: 56-63. doi: 10.1145/3267242. modeling for electroencephalogram-based emotion
3267286. recognition[J]. IEEE Transactions on Computational Social

[116) GUAN Yu and PLOTZ T. Ensembles of deep LSTM Systems, 2022, 9(6): 1604-1612. doi: 10.1109/TCSS.2022.
learners for activity recognition using wearables[J]. 3153660.

Proceedings of the ACM on Interactive, Mobile, Wearable [127] MAITHRI M, RAGHAVENDRA U, GUDIGAR A, et al.
and Ubiquitous Technologies, 2017, 1(2): 11. doi: 10.1145/ Automated emotion recognition: Current trends and future
3090076. perspectives[J]. Computer Methods and Programs in

[117) SINGH S P, SHARMA M K, LAY-EKUAKILLE A, et al. Biomedicine, 2022, 215: 106646. doi: 10.1016/j.cmpb.2022.
Deep ConvLSTM with self-attention for human activity 106646.
decoding using wearable sensors[J]. IEEE Sensors Journal, [128] CHEN Yu, CHANG Rui, and GUO Jifeng. Effects of data
2021, 21(6): 8575-8582. doi: 10.1109/JSEN.2020.3045135. augmentation method borderline-SMOTE on emotion

[118] CHALLA S K, KUMAR A, and SEMWAL V B. A recognition of EEG signals based on convolutional neural
multibranch CNN-BiLSTM model for human activity network([J]. IEEE Access, 2021, 9: 47491-47502. doi: 10.
recognition using wearable sensor data[J]. The Visual 1109/ACCESS.2021.3068316.

Computer, 2022, 38(12): 4095-4109. doi: 10.1007/s00371- [129] GAO Zhongke, LI Yanli, YANG Yuxuan, et al. A GPSO-
021-02283-3. optimized convolutional neural networks for EEG-based

[119] NAFEA O, ABDUL W, MUHAMMAD G, et al. Sensor- emotion recognition[J]. Neurocomputing, 2020, 380:
based human activity recognition with spatio-temporal 225-235. doi: 10.1016/j.neucom.2019.10.096.
deep learning|[J]. Sensors, 2021, 21(6): 2141. doi: 10.3390/ (130) MAHESHWARI D, GHOSH S K, TRIPATHY R K, et al.
$21062141. Automated accurate emotion recognition system using

[120] MEKRUKSAVANICH S and JITPATTANAKUL A. rhythm-specific deep convolutional neural network
LSTM networks using smartphone data for sensor-based technique with multi-channel EEG signals[J]. Computers in
human activity recognition in smart homes[J]. Sensors, Biology and Medicine, 2021, 134: 104428. doi: 10.1016/j.
2021, 21(5): 1636. doi: 10.3390/s21051636. compbiomed.2021.104428.

[121] CHEN Ling, LIU Xiaoze, PENG Liangying, et al. Deep (131] WANG Yuqi, ZHANG Lijun, XIA Pan, et al. EEG-based
learning based multimodal complex human activity emotion recognition using a 2D CNN with different
recognition using wearable devices[J]. Applied Intelligence, kernels[J]. Bioengineering, 2022, 9(6): 231. doi: 10.3390/
2021, 51(6): 4029-4042. doi: 10.1007/s10489-020-02005-7. bioengineering9060231.

[122] MEKRUKSAVANICH S and JITPATTANAKUL A. (132] KHARE S K and BAJAJ V. Time-frequency
Biometric user identification based on human activity representation and convolutional neural network-based
recognition using wearable sensors: An experiment using emotion recognition[J]. IEEE Transactions on Neural
deep learning models[J]. Electronics, 2021, 10(3): 308. doi: Networks and Learning Systems, 2021, 32(7): 2901-2909.
10.3390/electronics10030308. doi: 10.1109/TNNLS.2020.3008938.

[123] SALEEM G, BAJWA U I and RAZA R H. Toward human [133] ALGARNI M, SAEED F, AL-HADHRAMI T, et al. Deep
activity recognition: A survey[J]. Neural Computing and learning-based approach for emotion recognition using
Applications, 2023, 35(5): 4145-4182. doi: 10.1007/s00521- electroencephalography (EEG) signals using bi-directional
022-07937-4. long short-term memory (Bi-LSTM)[J]. Sensors, 2022,

[124] MEKRUKSAVANICH S and JITPATTANAKUL A. Deep 22(8): 2976. doi: 10.3390/522082976.
convolutional neural network with RNNs for complex [134] SHARMA R, PACHORI R B, and SIRCAR P. Automated

activity recognition using wrist-worn wearable sensor

data[J]. Electronics, 2021, 10(14): 1685. doi: 10.3390/

emotion recognition based on higher order statistics and

deep learning algorithm[J]. Biomedical Signal Processing


https://doi.org/10.1109/TIM.2022.3158427
https://doi.org/10.3390/s17112556
https://doi.org/10.1145/3267242.3267286
https://doi.org/10.1145/3267242.3267286
https://doi.org/10.1145/3090076
https://doi.org/10.1145/3090076
https://doi.org/10.1109/JSEN.2020.3045135
https://doi.org/10.1007/s00371-021-02283-3
https://doi.org/10.1007/s00371-021-02283-3
https://doi.org/10.1007/s00371-021-02283-3
https://doi.org/10.1007/s00371-021-02283-3
https://doi.org/10.1007/s00371-021-02283-3
https://doi.org/10.1007/s00371-021-02283-3
https://doi.org/10.1007/s00371-021-02283-3
https://doi.org/10.3390/s21062141
https://doi.org/10.3390/s21062141
https://doi.org/10.3390/s21051636
https://doi.org/10.1007/s10489-020-02005-7.
https://doi.org/10.1007/s10489-020-02005-7.
https://doi.org/10.1007/s10489-020-02005-7.
https://doi.org/10.1007/s10489-020-02005-7.
https://doi.org/10.1007/s10489-020-02005-7.
https://doi.org/10.1007/s10489-020-02005-7.
https://doi.org/10.1007/s10489-020-02005-7.
https://doi.org/10.3390/electronics10030308
https://doi.org/10.1007/s00521-022-07937-4
https://doi.org/10.1007/s00521-022-07937-4
https://doi.org/10.1007/s00521-022-07937-4
https://doi.org/10.1007/s00521-022-07937-4
https://doi.org/10.1007/s00521-022-07937-4
https://doi.org/10.1007/s00521-022-07937-4
https://doi.org/10.1007/s00521-022-07937-4
https://doi.org/10.3390/electronics10141685
https://doi.org/10.3390/electronics10141685
https://doi.org/10.1109/MSP.2021.3134629
https://doi.org/10.1109/MSP.2021.3134629
https://doi.org/10.1109/TCSS.2022.3153660
https://doi.org/10.1109/TCSS.2022.3153660
https://doi.org/10.1016/j.cmpb.2022.106646
https://doi.org/10.1016/j.cmpb.2022.106646
https://doi.org/10.1109/ACCESS.2021.3068316
https://doi.org/10.1109/ACCESS.2021.3068316
https://doi.org/10.1016/j.neucom.2019.10.096
https://doi.org/10.1016/j.compbiomed.2021.104428
https://doi.org/10.1016/j.compbiomed.2021.104428
https://doi.org/10.3390/bioengineering9060231
https://doi.org/10.3390/bioengineering9060231
https://doi.org/10.1109/TNNLS.2020.3008938
https://doi.org/10.3390/s22082976

FEYUH

AR5 55 -

B TR BE 2 S I 8] P 81 73 Tt e 4504 23

[135)

[136]

[137]

[138]

[139)]

and Control, 2020, 58: 101867. doi: 10.1016/j.bspc.2020.
101867.

LI Yang, ZHENG Wenming, WANG Lei, et al. From
regional to global brain: A novel hierarchical spatial-
temporal neural network model for EEG emotion
recognition[J]. IEEE Transactions on Affective Computing,
2022, 13(2): 568-578. doi: 10.1109/TAFFC.2019.2922912.
XIAO Guowen, SHI Meng, YE Mengwen, et al. 4D
attention-based neural network for EEG emotion
recognition[J]. Cognitive Neurodynamics, 2022, 16(4):
805-818. doi: 10.1007/s11571-021-09751-5.

KANG J S, KAVURI S, and LEE M. ICA-evolution based
data augmentation with ensemble deep neural networks
using time and frequency kernels for emotion recognition
from EEG-data[J]. IEEE Transactions on Affective
Computing, 2022, 13(2): 616-627. doi: 10.1109/TAFFC.
2019.2942587.

IYER A, DAS S S, TEOTIA R, et al. CNN and LSTM
based ensemble learning for human emotion recognition
using EEG recordings[J]. Multimedia Tools and
Applications, 2023, 82(4): 4883-4896. doi: 10.1007/s11042-
022-12310-7.

KIM Y and CHOI A. EEG-based emotion classification
using long short-term memory network with attention

mechanism[J]. Sensors, 2020, 20(23): 6727. doi: 10.3390/

[140]

[141]

[142]

$20236727.

ARJUN, RAJPOOT A S, and PANICKER M R. Subject
independent emotion recognition using EEG signals
employing attention driven neural networks[J]. Biomedical
Signal Processing and Control, 2022, 75: 103547. doi: 10.
1016/j.bspc.2022.103547.

LIANG Zhen, ZHOU Rushuang, ZHANG Li, et al.
EEGFuseNet: Hybrid unsupervised deep feature
characterization and fusion for high-dimensional EEG with
an application to emotion recognition[J]. IEEFE
Transactions on Neural Systems and Rehabilitation
Engineering, 2021, 29: 1913-1925. doi: 10.1109/TNSRE.
2021.3111689.

PARVAIZ A, KHALID M A, ZAFAR R, et al. Vision
transformers in medical computer vision—a contemplative
retrospection[J]. Engineering Applications of Artificial
Intelligence, 2023, 122: 106126. doi: 10.1016/j.engappai.
2023.106126.

BRI 5, WEA, BT ANE RS AT S e b B

PIRFH:

2, RIEER, BEUTIRONE SR

Fils: 55, ¥R, W5 E SR A
ETF: L BIEER, BRITNEEME.

TAES: &

%


https://doi.org/10.1016/j.bspc.2020.101867
https://doi.org/10.1016/j.bspc.2020.101867
https://doi.org/10.1109/TAFFC.2019.2922912
https://doi.org/10.1007/s11571-021-09751-5
https://doi.org/10.1007/s11571-021-09751-5
https://doi.org/10.1007/s11571-021-09751-5
https://doi.org/10.1007/s11571-021-09751-5
https://doi.org/10.1007/s11571-021-09751-5
https://doi.org/10.1007/s11571-021-09751-5
https://doi.org/10.1007/s11571-021-09751-5
https://doi.org/10.1109/TAFFC.2019.2942587
https://doi.org/10.1109/TAFFC.2019.2942587
https://doi.org/10.1007/s11042-022-12310-7
https://doi.org/10.1007/s11042-022-12310-7
https://doi.org/10.1007/s11042-022-12310-7
https://doi.org/10.1007/s11042-022-12310-7
https://doi.org/10.1007/s11042-022-12310-7
https://doi.org/10.1007/s11042-022-12310-7
https://doi.org/10.1007/s11042-022-12310-7
https://doi.org/10.3390/s20236727
https://doi.org/10.3390/s20236727
https://doi.org/10.1016/j.bspc.2022.103547
https://doi.org/10.1016/j.bspc.2022.103547
https://doi.org/10.1109/TNSRE.2021.3111689
https://doi.org/10.1109/TNSRE.2021.3111689
https://doi.org/10.1016/j.engappai.2023.106126
https://doi.org/10.1016/j.engappai.2023.106126

	1 引言
	2 背景和定义
	3 深度学习模型
	4 应用
	5 基于深度学习的时间序列分类研究趋势
	6 结束语
	参考文献

