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Abstract: Sign language recognition involves computer vision, pattern recognition, human-computer interaction,
etc. It has important research significance and application value. The flourishing of deep learning technology
brings new opportunities for more accurate and real-time sign language recognition. This paper reviews the sign
language recognition technology based on deep learning in recent years, formulates and analyzes the algorithms
from two branches - isolated words and continuous sentences. The isolated-word recognition technology is
divided into three structures: Convolutional Neural Network (CNN), Three-Dimensional Convolutional Neural
Network (3D-CNN) and Recurrent Neural Network (RNN) based method. The model used for continuous
sentence recognition has higher complexity and is usually assisted with certain kind of long-term temporal
sequence modeling algorithm. According to the major structure, there are three categories: the bidirectional
LSTM, the 3D convolutional network model and the hybrid model. Common sign language datasets at home
and abroad are summarized. Finally, the research challenges and development trends of sign language
recognition technology are discussed, concluding that the robustness and practicality on the premise of high-

precision still requires to be promoted.

Key words: Deep learning; Sign language recognition; Convolutional Neural Network (CNN); Recurrent Neural

Network (RNN); Long-term temporal sequence modeling

Vol. 42No. 4
Apr. 2020

1 35§
FiER - MEEWAREREFTRETTA, 4
EEERL, REMANEYT N 8V LTy

W H#1: 2019-06-06: eiml 3 2019-11-20; M HIRR: 2020-01-18
MEEEHE: TKIBE  lindazsj@163.com

RETH: EFREHREFIES (61702295, 61672305), 1144 E
WHR TR H (2017GGX10127)

Foundation Items: The National Natural Science Foundation of
China (61702295, 61672305), The Key Research & Development
Plan Project of Shandong Province (2017GGX10127)

Ao FIH B KAPCREAMALE . T+ HHLLGE
MW BEEGRA . B RS S MBS 2T T4
s, R BURA A LIPS . T E R
AROTHTFIEME. HER. PR FIEZEEAILES
N, ARHEFAEZEE . BOANHET, AT BLh 58 21 H Ak
FHARSMRITI, WATEFH R EHTH
POI S R B HISE . T FEEEE . SE
i L AR LE A N ARAT O BAT R S AN 1, R
NRZFPOME ., R, BEh SR, I G
AR B BRI &5 2 AT REIS RIS 5 & i O


http://radars.ie.ac.cn/CN/10.11999/JEIT190416

1022 B 7 5

o

=]

2 %

42 %

BB, AEE R R TS T SR B EE (1
HAFH . H20064 Hinton 5 AN H PR 5
TR, FARRBIER T RIS

TP AE BTN A 3008 155 5 H 8Oy
SCAEGE R AR, H TR DE i E 20 42
90FA . MRAETAEIRBUT :IA ], kT HdE
FEMEE T T IE R, w0 7T P REET
H 3Gz 2 (5 BRI FARA, 285 B U TR
BEAT LB, W EER, dERf A, (HR RS
%, Mg &E s, HXHRIEE AW, WA E,
DAL 5 A0 1) T3 IR B RO L. A ST
b, ATy AR GER N T A TR A ST I AL
JHEPIRIE, I TEXT R _ESCRT 73 9 R A
Brifif). 20165 AT, BT RIS T IE IR A
ARWFFUEN) 2, VEWSCHR[3]. 1487 RS th
— BRI TR IR R, (HRVEE . 2
PerEA R, L A ) EoE i SRR SRR, Toik
B NS T FE R REE R c kB . Kk, £
AR R R A 5t R, IR 5T
FEH N ML BE -5 AR 1 T 1 TR BOR B
o MR BRI TN GUIAE, R R L 2
WS RSRAT AN, — BNEE R 2% 584
AN £ 07 3B HEAT Bt , e rp 0 48 AL R AT T
TARRIX 7 BEBOR, ANTR D 190 2% A6 ) A A ) sl
AR B i AR & 77 30 BRI, ARSCHIHOR 7y 3K
FEI LT ETMREGEN, SR ME IR,

A2 5 5 3 70 ) B IR 2k TR P 2T 1Y
PRSL IR Tl R S Sl A TE R0, SR475 T 9)
S5 T H AT A AR TR KO e,
JEERTT T WS Hb RS RK K S .
2 ETREZFINMILIEFIER7

PRNLAR] 15 0] AR R AL AR T 1) B I
SLFIERNCARXESHE AN 5, LI F-E LA
KK, 1 SCTT B, U0 32 B2 SR 0] BE A 2L

WAl FIE R RZ AL . PR AR T . AP
FERAEE L, BERITIE S AT B A M
2%, SUE B AL X 255 LA IR 2 0 45 3T IR 45 1) 3=
PRMEZE . BET5 T AT FE 1 A DA [ R} 2 B o S
I ER G BT EBEEROR RS PR
TR E BGOSR, BANAMER Tk K5, R
CSPNE S I S ER
2.1 BIRMZMLE

T B R X 25 (CNIN) 7E IR 5 2 3] 9 28 T 1)
FLAbHAL, H20134E 245 — LR LRI IEAT 1 — &
B 3T ONN B F 35 RO 78, FER A
ZRCSHIE (B . B NSRS A K
TSR RIS CERRERRESE &) 5%
FRRAACHENS,  SEHL T B IR RCR -

Kot fm N B Kt N 2% 22 i B JE R
o %G T SO TR R O R, TUAREE
BONE %, BB LR TR R . 3
BR[4-7] 52 2 T 2R HEE . A 2 RIS R
BB AFIE T CNN W 2% 5 3052 2] T 88 BB R AR
FARRBIIT i RIET AR EFFALAE T IE R
N EERRHE BBy, SCHR(8, 98 Y T — i E A
KEF R CNNM L H T T8 R0, T8
RFAIE 38 N — A i 28] i 147 55 B 0 RME SR 58 R
- BEXT /N RIS 1a] T 1 K SR 3 AT SR . Bk
A F RN ) 206 T A AT R ER B R R T
BB TT R — AN EE T, EE N T
M pRER, A HE AT . Kim&5 ADNOUE R H A5
I 4 28 508 T S S R AR BEAT ROLr F AL 2, JF:
PR SR 4R T 1 AR IEIE N CNN I 2%, 72 HETf 52
B2 e ) [ B I 2RI E) sk 1 — 2 . Kopuklu %
ANPFECVPR2018 2 L4 T —Fofiz sh{E B i
& BIES BB SR & SN, IR R E R
FHRHEIEANBICNNM 2 T 22026, B 1
G RIPONRCR . TR R LA BB R O T

o B A e

Y

PRSZA F-E R >

BT 3UEE ML M 2%

F TR ST TR

| TR 2

g RGNS SERRRARESS (el

> ELEEA TR > BUEE RN
» TR AR A

K1 Rk



44

RIS BT IR I K FIE U SRR 1023

AR E RO PR B 24 BhE . Konstantinidis%s
BT — Rl R GB35 A A - 571 32 B350 A
A B B 1 TR A 775, Devineaus A M2
T — A E TR 2 RIE N CNNA T34 & F
BRG], RAFAT BRI TS 8 A E
FPA, SRETFIERT A, B TR IR AR B .
2.2 3HEEFAM L

CNN B B A B om e R B ae 71, (HALR F
BT G EIE BTN, TAE R BIIE 7 B AR B — 293
I ot 5] AH 2 M G T v, 3RS A AR A 4% (3D-
CNN)MIETM A . 3D-CNNAJ LA [ i % 4045 25 fr)
EI R E A, DA N 2 AN I S i 2 (12 3)
58, SEEUE H AR E SRR .

NG S i W SRR o= W b | K Y W
3D-CNN A& T 3455 AL 2% F 15 IR B 7T 13 K 58
s AFTEIRAE T, FHER SR 2 A
BHEIAT R G RUEm A, 1ZmA 77
% . BEE T LR JIWLHITE 2 AT 55 i B
i, 3D-CNNHIMAE S IHLH B R Z
i 2%V 2 S AL RE Sl T AB A A B o B T
IIE, REBR RS . XA3D-CNN & —Ff
A B 1 25 2 2T 5, JE O A B X 3D-CNN,
SIS o R A3 4y Bl . NVIDIAWT 5T
MolchanovZ ASHECVPR2015< I EERIRE T
¥ 3D-CNNH T & TFA WG, K2 RIEFWEEN
WA 28 N, A4 B T B T IR 4% FH T B BT A O e o
IEEEE, Bar i nRe R R oms, £
8 s ST B R B RUR . WusE ARG
P T —MET 2 EE RS I3D-CNNAH T3
BFHRRA, BRCBAE RSN — ik
A3D-CNN, 5] NHMM# A 347 50 7 s, 78
Charlearn 5 £ BT T ANEE 1R 1) 25

obt [5 B} 25 R K2 Huang®s A\ 171811201544t
X Rl A i T — R R T 2 ES AR N T
3D-CNNM . 20184F X & H —FpdE TH TiER
ML I3D-CNN W 48 FH F R & 1 F 15 R 5, 78
WZE3D-CNNHHFEIS FRFAERT, 25 (B3 7= ST
W2, AN TR, RIS, FIH
I 1) AL AT B B AR SE 35, TR T
RHE R 22T LSS T B IR 1 — R BB 7T #R A2
5¢3D-CNNREI I, 1E2BEHEm A i
5 g S B T 114 32 6 THD A A T I 2 ORI A AR
B, fE20164E. 20174EChalearn LAP [ R K H R
ML F AR B TE R A HI R . CER[19-21]7E
ICPR2016 L, &4 T —F2 T3D-CNNM 2 F1K
M RGB-DEIE TR B H I, BROBARE

P4y 531l 36 N B C3IDAE B A S BB 2= REAE, ¢ Jim
SVM#EAT 732K, KA TEChalearn T # L 28 7 DA
56.9% FIHERI RIS 514 . {ETCSVT2017 EMiao
S NPURE W T — Pl B35 MERFIE 5 3D-CNN &S & 1
FHAU IS, I FE AT AR 6 A= pl 11 42 35 PR3 5
HREE, 7EChalearn £ 4 IR A BEiA $159.43% .
4, fBAIEICCV EFgH T —F2E T ResC3D M 4%
TR A 5k, Hock B R —MEEInG
BRI IR IR T4, SR A 28 X 4 R PP (B 08
SEAATUIE 5 A SR S B B N AT 1 s B A g
A, IR A T — SR W o ST A TR . TE
M b, 45 A3DRZEML, T —FETIE
DU 2 23 BT B ARF AAE ik A 77 7 - RUAIURRAE () $2 B
F ChalearnZ ¥ 5 _FHERIZRIAF67.71%.

ElBadawy%E NP2 H T — M tHRGBEE ¥
A HI3D-CNN M 2% FH T B F7AH - 38 9IS 3] (1 3291
T HWE R N TAE R RS, Sl 7 — R AR
M. Ye& NS I T —Fihdh 3k F 15 A0 4
Fr Brp s 8] A= Al 4E B 3DRONN M AR Y, fE
% VR RN E LA R AT B S B R, 32T T8
ANEE . Liang®E NP 7 — 5 T 2 A S
FI3D-CNN L4 [ FAB R A Sk, IRxd 2 Fh g it
ITHEREE, 15 RMEEE S B I0E 7 A 2k,
HAZTE R Z A HRGBEEH B 1) F s 4 4 Lz
AR
2.3 {EIFREMLE

AHEGT DA B R R X 28 2240, G AP 42 D)
2% (RNN)Z&—KH T AH 75 3R s Mg, 3
H TR TR A B SCE UER . Fk, kR
TR L BT FAE R B A S AR i o

Cate: N\ 25UF) FIRN NS T 15 AR 11 338 47 i
FPEEAE, SEIL T X5 TR IR A . Chai%s
ANPBOF20164F 52 T — F WAL FIRNN B 4% (2S-
RNN), B ESF A EIRICLFH, KBRGB
B T W2 B — BN, RS R BRI AR
B ERHE, SR 5 K PR U R AE Al A s N ) — %
RNNWZ%, PHERMZ TR0 A, 75295 Chalearn
FHRUENPE TR HER S —

o [ R} F R K T 20164F R T RNN M 2%
HHAT T — RPN FE RO, EER AP %
oo B ZROCHT BRI R ST DL K e
G5 T SCHR[27) 6T X6 TF WAL O R B
P, KR TR L SUE B K ER 2 (LSTM)
W& NN B FE R A BRSO, FER A B AR ey
RSP N 2 N, LE A IR B
e EHUAR TR R AR o B XS FER R



1024 B 7 5

o

=]

2 %

42 %

—HHEFN S, Ligg NEF201 TR T BT
RURRTE, HX X LR AT 2 T LSTM I 7
AL, E10028 0 E FE L LSBT R R
AEER, (R SR EE R I L B R A . Huang %5
NI 20 1 851X T AR AR J2 52 M R A B 1) i) Rt
PR T BT BT B (1 B R R, R
WU IR BIRNN M 2%, T 78 VF 5 i AN 5L
WAT AR CE, S 7 BERAR. b T
MK 2= T 201 T4EST A B AR IR BEAT T ARSI AL,
F BRI FHRNNXT FE AT 7 @8, EH
O A E R 45 E IS 7 ANEE IR AR . Yang
S NBOSIER Y T CONN S LSTMAME &, IF#
RGBADEREIEE AP, I)a AT i i
EHIRLE, Hi e R, AR/ B
e BT 7O, R R N R B RS
SERF DR

Lin%E A\ BAF-20184F$2 Y 1 — Mt a5 A H8 5 (1)
Res-C3DM £ F1FH T 2L 504 @ A I LS T M 2% AH
it FIRAERGB-DLAIAYE, 7EChalearn#l
P S T 68.42% MR ARG, A SOK 43 B 5k
5B o G — R TF BN T, 5
TOARGBIKERE, (E 2 AT D I Tk FE O FERT .
Halim%s A P31t —Fh T SIBTIA & 48 4k 1 XU [i)
RNNM 2%, T E0Je &I ia iR s, Ik
WA R R 2 A% &, BN R .
R [34] FISCHR [35]42 T — P FE T Inception A 1)
RNNM% H T FiEIR 5. Konstantinidis®s A PO
H TR T RGBAE 2L 5085 FIRNN M 4% 1) F- 15 1)
FEZE, F i 2 AN B FABRE T, HiT o0
TARMESERA TR, WUE T 528 8dE T FiE
PO &R SCER[37]H CNNAILSTMZ: & T
Z B FENCLE 0N, R —Fh g P
R BB 18 B B AR SR ek P 4 B AR (92 A 1 . Liao%%
NBSF-20194FE$2 H T —Fh T BLSTM M 4% (1) F-15
WUMAESE, Sl PRSI X 2 5 -3 AT o0 8, AR
J& B 4 E JE I TR AE 5 R A RGB AR — ik A
FILSTM, SEIBNASKE PRAEEAL, &&afmh o)
ey, SEPLT AR A R E B A B s
ERIHERRR B

TR IE 2 ST R ANSL ] T8 SR B R B AR R
TAEMRIFIR.
3 ETREZFIMNEEEFFIERA

AT IRSL 1] FAE ), 7 28] R ) 7 2
LT AT AE B B AR . BT S AR
AR TE AL R 1 Ak EREATRE T, T

BP0 BIAR R, (Bl TP e
Hev RFREEENE, EERFENZHSEIT T
JF 8], e 15 R RS P 6 55 B9 B G g Y 5%
T ARG, HhafEEFCTCr FHE
FUFH TR 5 A dm AR I 2%, 7 I Al 1 sl
BB TR
3.1 WEHKEEATE I MR EY

EEE A FIE RN E AT SR, KEET
PEELR T 5, 1 I A R BT 0] K A I E 2 R 4%
(BLSTM) & 5 4F H % F 15K i 7 e 13047 2R 5
B SE B, RIS T &8s h)
FIE A T FE

IR Tolk K22 Camgoz S NBITEICCV 2017431
FERH T —Fh R FHBLST M 48 S fif ke vt 31 i (1) -
TR A A, BLSTMA RN — RHTM%, KRG
XA - ) 4% 2 (8] 4T 2 T BLSTM W 2% 1 B 3 5%
REER, I8 H T8 S IR CTCHE T A0
FiAE %S, ERWTHEHE S St 7 AR AR .
AT VA S R ) IR AL E R 4 25 (CTCO) &
T FEESAE AR PR X 55, SeF T 7
o, PR TR, EREVESIIRN R k.
HHEKRFECuiZe NI F20184E 2 T —Fh 3T
BLSTMMFiERAIHESE, FERA . RGB-D#L
W, RS SR ) B SR LIS T AT
RO . Shi%e NMITF 20184542 H T — R 7EAR i Al
MAARF M T R FER ST FILSTMM 4 1%
SRR, TEEEESTIESWEE LIS T B
MIRR . AR T HE R Rz e, v DLE:
TEMMA T IEAE, RO . Ko%s ANU2EE
T BT LSTM I AR S s A I (1) 18 551
Trid, R NG T30 B 4 3 A7 412 BN A4 5% Bt
R, FART—EBFEHERNARS, I NRICH A
I B I L DG B A S AT R HEAL, SRS R B
R AT N BILSTM M 2% b, g5 R 1 HAR
BB G . Zhang® A1) MittalZE AR
H— Rt I BLSTMAR RS, Fl T4 FiEA) 71
Wle ETERESA) T o iR N A &, fEIESE
TEA) B FE B S LS I T HERR RIS
3.2 3HELETAMLEZIRE

AL T BLSTMM BB () R I B, T34
TR 0 28 5 70 1) 32 28 T 15 U 3B T T BLSTM M 2% (1)
BN, TERFEREIE T P B ) SR A T
BRI HEE,

WER T K2 CamgozZE NP T —Fh T
SYELG AP N 28 () IE S T iR RN B AL, 1% N 4%
H34EEF, MWRGBEE SIS 25 4 O HFAE, @



4 TRIRES: BETRESINTFE R 1025
# 1 ETFREFINMIRAFIEZRAIBARARREETIE
=LA F4 FIARE THEHIZ (%) G/ FEAR I
B A2 (FETRGB-DI X - American Sign "
2013 AT %) B )W 98.12 Language(ASL) 507001
Tang Ao, Li HouQiang, 2015 SYEBEFMN I 2 (Z RS H N )1 94.20 Chinese Sign 252K
Huang Jie, Li Xiaoxu, 2016 FEERFNLE 0 2% (I N BZE R ) 27 85.60 Language(CSL) 5002
Huang Shiliang/ [ £} ,
2017 RS IHEAZ 2 I T B3 R 4 ) 2 86.20 1002
SRR K S ( e
2018 AEIRIPEE X 285 (SR ML 41) i a2k ) 291 91.18 3102
SYEEFA W45 (I TR JIHLA]) 88.70 5002
X 2014 B LML 91.70 Chalearn 202
Pigou L/MHFK 2% o S =
2016 SUE TN 2% (2 A A B )RR AIE i £ ) O 81.00 2014
Molchanov P' Garcia 2015 32&%&%%25(%){&&%)[15] 7750 VIVA Dataset
B, Hardie Cate/#H4g I 22 Y 2% 2] 90.80 [ %N 2 € TE 952
PSS 2016 2 RN 2 X 24510 91.63 ASL fingerspelling
Kang B /K 2015 2 R 22 o 254161 99.99 ASL fingerspelling 313
2016 3YEB R A4 (- FRGB-D) W 56.90 Chalearn
Miao Qiguang /7% H [ ;
T B2 A HEFIRGB-D) R0 59.43
R 17 (BT B2 S A )
(FET 2 A B AN TR R RAE 1 588 2 67.71
Koller O/TE T K% 2016 RS (e TR () Danish Sign o 473002
Language
Chai Xiujuan/H Rt . N . Chinese Sign .
RNN (e -3 43 31 52 47 ) 20 )
. 2017 Het TRNN O 38 73 %1 58 A7) 99.00 Language(CSL) 402
RNNHICNNAHZE & B 98.43 CSL 402
Yang Su/dbnt TolR% 2017
RNN (¥ Fiab 28 ) 51 99.00 CSL 402
Hossen M A / R S LA [ 2517 100.00 Kinect 3 102
TAE5Br
ElBadawy M /3% K& 3R b A R 22 TR "
B o2 2017 SYUEEAN A 2 98.00 (ETRISEAE/TE S 252
2017 2 RPN X 285 (1o ] SR A ) 1O 86.00 gL RE 202
Kim S /85E &R K2 O SR =
2018 5 RPN 28 X 285 (T30 4 1)) 1 98.00 122
[ 5 ) B 96.28
Koiuklu O/BERE 2018 BRI WX 2% (] S ARl A 12 Jester Chalearn
o 57.40
% £ JEL Jin [13) ]
Konstantinidis D /7% s AL R 2% (RGBAI 22 54w ) 19 98.09 Mfﬁﬁfiﬁgﬂ
K e 89.50 ”XTI‘I“T)
Devineau G /E2EEXK BRAPHZE N 2% (B S8 . N T8 571 iz ,
201 4. DHG D 28 %
HORTT o2 018 B Al 84.35 G Dataset 8 K
it - -
Ye Yuancheng /AR, o SHEB B4 (AR ) 69.20 American Sign o7k
PN Language
i‘;ng Zhijie JERITE o010 s SOBE. TRENEE)Y 83.60 Chalearn
2
) ) L s
Zr;ﬁcm/ PHERRERAS o018 M ResCIDM% SRNNHIZ £ 68.42 Chalearn
TEFRANZZ PR 2% (H A A
Halim K /612 2 2018 TEIARARLE %(%?S;;;ﬂ MEAR AL T 34 BRFAE 06,15 T
Masood S /HifEHE K% 2018 TG IR 22 90 28 1 45 R4 28 X 4% AR 4 4 Y 95.20 R AR AL K45 SELS A 64 462
Bantupalli K /ZEHE#H 2 ” - American Sign .
- 2018 TR ) 2ot IS AR 22 P 208 A 5 1 93.00 Language(ASL) 10028
Hernandez V /7 540k N - . S American Sign ”
oot 2019 LA W 2 54 Jot e 2 R 2% AH 45 89.30 Language(ASL) 193
Lino YanQiu/B K% 2019 2o 20 0 40 1 342 B 9 4 299 86.90 Chinese Sign 5002

Language(CSL)




1026 B 7 5

o

=]

42 %

2 %

IHVC R A 2 SR B R AE AT I S AR Y . 7
Chalearn2016F- 3 UM 1] Hk dik 28 A0 122 [ 15 $o b 42 b
RIS B TR E AR RS B . R E RS EOR KA
Pufs NUSIF201 8- FE HY 1 — Pl 3 T- 348 Bk 22 I 265 A1l
BEMK B AR X 2% B S A) F IR A HESE, R T
— ML T CTCHEIEMIEAR M NS, 7078 [ L ok
s LU T 7RI SR R . X DA
R TAEMA L, Huang® NTIEAAAI2018%:
W BT — BT i I8 75 i8] 43 1 LG A A 2 )
(53 2157 1M 4 (LS-HAN) Fl T FiE R 51, #3L
T BLEE AP 22 W 48 H T SLiB A R, IR
AT T AN BEA 101 2K o BOon R B s, 76
FABBHEE LIUE T Ok a2t F4EWang
S5 NVSIBRE 7 —Fofr o S RO L XU U BT
PR ARG AR B IR SR 2 S50, Wit T —
Fh2E T OTCH R B A AL 7 IR —Fl 3 TR B
3RO B A SRS R AR R R X B A), I Al
I 3 A RS ERL A R 10 A3 A F B REAIE b (1) J B B
JFAS RT3 U B O AR B B IR 1A) 4 FF E K R S
AR, 152 TR RS RCR, (2 W4 424
BN A, SRR DL A T ) SR A
3.3 BREER

AR T AL R TR R A0 R, SR TIR A
W 28 B (K A8 ) AR R B TN 32, 784
FIFH T 6 B2 X 45 (R RFAE B HURE 1 FIIG 340 28 )
LRI Py AR, SEELTE AR 1R

Koller %5 A #9548 3= 1) 48 [ W7 2R Tlk K24 75
2009~201 24 % T4 [F FiE I LT T — R
BT E RN, FFTE2016EBEA Y R4
T — AR T ONNATHMM [V & A R T4t [ 3%
SEFAENRA, FEPAS A TF IR SR U 15 508
£ FIUS TIRG IR, HeES A, &
STEE LA A, AT F 201 74ERR I T — Rt
CNN+BLSTM+HMMBE&#A, BT iEsFiER
FRIRIE OO, ZSCHR T — R s AR EE 5 v
FF @ e WA ) bR 2 B N o &R, B e
CNN+BLSTMllZk— MG A, S8 58 g 42
H i Re-alignment FiEA W AT 8O, &5
AHMMAER A T R Rt . 3 T20184F &
RAETHENAGE E bR EPY, Szl T FiBESE
A E Bh iR

Pigou&s A\PIFEICCV20174x i FHEH T —Floks
SYUETR 7 W 4 5 LS TMAR 45 & A T 3% 82 F15 1 iR
A, fEChaLearnT-# K B K FEH ELIS T8 57 (1 Bk
%, Cui%s NPIECVPR20174: 1 _F AT R FE 41
AR5 7 51 (P 6] 55 1) 8, $ T — A FCNN+

BLSTM+CTC+DetectionNet /X 4% 32 4L F-1E 1 51
S B AL HE Y . Ariestaf AP T ¥ 3D-
CNNSRNNMZAHEE A, F TR (1) 22 F1E
P, 3D-CNN M EUG W FEHUCRFE, XURIRNN A
PR ) 5047 A TR R U R AE . GuoZs AT
AAAT2018 W B3 T —F 43 2 BFIHLS TM Z fi
T, ARSI, BT AL ER H G (R =S
BRSO [FDRLFE ) TFE R . B SR 34k
TR A2 AT B 20, AR5 R &
A AR AT 2 S Fr B 7 VIR IO B R B, It
FEH T — B TRy T IASUTL i Sk P i AN 3 o
ZIEFINTER R ffa, MW ELSTMIEEATfES
W26, ZFVEREIREE T IR AREIE, A3 T &
TUREAE, 7R B FEEE A U TR IR
B, (HERE R, A5l

TR 2 S RSB A) Tl R BAR R ARER
PETAE IR 2R
4 FIBREEHNAREER

FIE A AR RN TR Reium, AT
BREMISRAZ OIS S FE: B HEA K
o BB KB EIE, RS S ks ek R %
HMAEH. ik, HEFRESIMFIERIHEA
()R AR SRR BT R ) B H 4, DAREAT
FOUERETC . W LE AT SERAETEAS . BEE TR AT
FIAWIRN, FIEHIEEN T REAWY A, H
P AN AR RIRS 5 0 TP B B SRR S . A
BEEH AR K ZE T 201540 42 H il 1 B FE IR E,
FEEANIL AR FUELSRER), FET2017THEAFH EF
TEHIESE, EANCLER Tl K2 A3 8 [ T
HHEE H 2009 A A, NE W AMRZ FiE R BT
AR T B i . FAEBOR SR IEEUEE: ST
PLor NRGBEE . IREEEUE . B3R5 . s
PEFRA BIESE . W RFERAME 7, K
5 F 8 U ORI T AR e T b B FiE (CSL) . 1l
E 15 (RWTH) % . T 5 8E R vEa0 7y K k3
TNo TR E SRS R B R4, A2
I BHFAB A VA AR o
4.1 RWTH-PHOENIX-Weather

JIF64E % (2009~2014), f#[E W.ER Tk K27
il TRWTHFEE M E, T E KR AL
&R H ¥ RS TR B B AR . sk
I FIEARAREFS25MT, 43 7 T-20124F . 201447 3L5%
H A IRAS, 201442 X201 24F I B4 ¥ 78 -
20145 IR A LA 190 R, A0 759659401, FE
H1558 MV H A K6861 M ESEIER], Hrh369Mmi



HaW SIS TS TR R 4R 1027

* 2 ETREFINESEFANFIHFRANRARKRMEIE

(= yA-X A Ehy FARFRE R WAt ARIE (%) LA S FEARKAN
- N ) J A&
016 SIS (MRGBEIHRII P j Chalearn
2016  FET AN Z R 2% FITHMM [ 18 & s A 1] WER:39.7
Camgoz NC, Koller O/ Tk 50
et 2017 }FCNN. HMM. CTC WER:38.8 RWTH.PHOENX. e
_ e
2017  XUFIK S 4 BLSTM(3 FOTCHI%)®  WER43.1  Weather ;jooowo
2018 #:TCNN. HMMKRNN fiR A 4% 510U
. L, . et A g " Jaccard &
Pigou L /HHFK% 2017 E:T34EMZALSTMIR A A (RGB-D)PP . 316 Chalearn
e RWTHPHOENIX- 4%,
: ) 2017 FETCNNMBLSTM (F T CTCH% )5 WER:38.7 P
Cui Runpeng /{54 K Weather 16000x20
2018 WL AH I P9 45-BLSTM (25 #A5 Hicdfi ) 0 WER:46.9
N o _ , AmericanSi
Shi B /3E 2 k2 2018 TV B AW - S ) 25 01 WER:ALY o st
Language (ASL)
Ko S K /8 [E HL-FHF 52 2018 JEIRHNZE L (I B2 5617 5 a2 Acc:89.5 KETTH EFiEHIEE 1002
e o ,A ‘ AmericanSi ,
Zhang Qian/ L3558 K2 2018 WK A4S -BLSTM Acc:93.1 fencansish 1002
Language(ASL)
- s s RWTH-PHOENIX-
Li Houqgiang, Huang Jie /‘:F‘ EE 2018 32’&‘%%}{M?@(Hﬁ[ﬂﬁ%ﬁﬁﬁﬁﬁ‘&)w WER:37.3 Weather
R UL 3LE RN & (I ALSTM) 47 Acc:82.7 ChineseSign Language 1003%
YA A 4 (WA, CTCHIE., Gl WER.37.8 RWTH-PHOENIX-
Guo Dan/& BT K, FEE 2018 e i o Weather
2R K SYEL M 4 FIRNNA S & (B G R KAE LR K Acc92.9 ChineseSign 100K
N . CC: .
BT B S D) ) Language(CSL) 7~
Ariesta M C /HEINIE RS 2018 3YEEFNLFIRNNAL & (FFCTC)PY SIBI 303
Mittal A /ENRRHE K2 2019 SRR AR EIZ P L Acc:72.3 ENEFEHHAEISL)  9422%
+* 3 FIBHEENL
E4 s B e B X e Wt MR R R A Al
RWTH-PHOENIX-Weather i [] 1200 9 45760 RGB H) 1 NI
Chalearn” 2 249 7 50000 RGB/ix HLIA] o AF
DGS Kinect 4059 i ] 40 15 3000 Z A P ]
CSLH i 500,100 1 25000 REE /B4 /RGB I SAE VSIS ATF
SIGNUMbP i ] 450 25 33210 RGB CINS ANTF
GSL 20 7 It 20 6 840 RGB 2|
Boston ASLLVDIU e 3300+ 6 9800 RGB | ATT
PSL Kinect 300 W 30 1 300 RGB/IRE LR NFF
LSAG4(%] [ R 4 64 10 3200 RGB B ANTF
DEVISIGN-GI%4 i E 36 8 432 RGB 2|
DEVISIGN-DI64 500 6000
DEVISIGN-L® 2000 24000
CUNY ASL® % 8 RGB f) 1
SignsWorld Atlas!® [GEDA]E] 32 10 RGB FAL{E] NI
ASL Fingerspelling!®” E[H 24 5 131000 RGB/IRE LR NFF

Xf R AT BEAT 1 bR, WER2PTR . 2R A H 20154F &M H Kinect RAE K o [H F1EHHE, €

RS BANERAT R . 25 Kb AL, A 8 1004 I AL
4.2 CSLEIEE A, SONEAEE A, BN ERIEEEESR, OF

o 5 H e 2 (CSL) o | o [E BF ROoR K2 RGB. IR AL BT m Bl 70 AL A Al



1028 B 7 5 &

2 %

542 %

2 RWTHZE E F1EH 3R £

% 4 RWTH-PHOENIX-Weather£#j

2 20124E ) 20144
# HAEE R 7 9
# FEf 190 645
# Mk 293077 965940
# BR R 1980 6861
# LR 911 1558
# R 210260 720x576

HESEEA], HA iR 50028, RS 250N R,
BB 21N E BE R AR BRI s A A 100, 3t
H5000 A, BE—AA) TP A A4~ 84 HL i .
B — N PLAT S A8 i B b b TS 2 T BT bR
. BAARMCSLEIRES HmRsFn, HiEERF
B E3HTR .

4.3 Chalearn#{{E&

ANFET UL E2F bR fE F1EH A, Chalearnsg HH
— RINEBW S F AU FREIEE, HbT
FARIERGER T, H AT Chalearn A A F1E L5
WF 50 B B 4 o 1% B R e 347933 AN A,
S RGBIE L, HAPHRGB-DAL ALK —
ANFH, BH2UMEEF AT« B I Wi A
77 2 E4FTR .

#= 5 CSLEIRESH

SRR HE
RGBZ#% 1920x 1080
REEH P 512x424
AT K (5) 10~14
SR AL 7
SRR 25000
# PRIEE SR 50
WL 178
BB R 21
fps 25
S K 100+

FPHRSES AOHR
614 414
613 748

614 414
613 748
614 414

K 3 CSLH 1B Hdf -1

- | “ “ \(L.
AL
Lﬂ A \ L

Bl 4 SR 77 3K

4.4 FEBESITHINE
BT FREERE, FEANRE T FE U
ITEVEREMIFR R, VRS MEARFI EIE R PP ARAE
(1) ISR A BB B 2 T A R a3 AT VP
fili, BB —. MERZE SR X IREARL S A
FEARZ LB, (1) prw. \E R, #EMRR
FO T =IPRIAVH ey iy S
(TP + TN)
(P+ N) (1)
H A TP A8 IE R K 43 8 IR A5, B SEBrRoAy
1B B 20 25 4 X1 2 o JE 61 1 S 4 80 (R AR50

Acc =

TN A JE i 23 S8 7 i /S 5, B SRR Sl 47461
B B8R R B RS2 3G PoRIEREARSL,
N AFFEARLL .

(2) HLEARA) I BIREAREEIREZRE, A
SR SR 1) T 15 1] P B R AR 2 1] T B AR R — R
AT B e MIBRBLE RS A . RS
TS R AU B A VA R PR AT VY, Hoh
BRI (WER) ., BREFHHR R (TER) %,

FIA R % (WER) /2 HLevenshtein B 255 H 1
FMprkRe R, AR —ANRIR AR 7 — N BA
TR iR (RN BRI ) B /N,
R PR, MH KU, WERBUN, RBIPERGHAL.

I+D+S

WER = ———= (2)

Horb Loy bR e Fr 51 SR 2 A% 1, DALS 73 4R
FABAN IR R e )3 S



44

SIS TS TR R 4R 1029

PREFFER R (TER) RIIR SR 2, $RATARIER &
S H bR E S H SR ER R I ALE 2 18] 1T 3 R
Z=, M) . @KU, TERBK, Rk
R,

T
1
TER:7f2;570“Fy

lf
54mm={%Lﬁ (3)
o, (m) AR 24 AL KR, T R R 2 R
B, 1 A9t ZIRRATMURE 7] A4 FR o

5 REE5RE

5.1 EBMREFENCIR

FAB RN T EYA R . BERH . AN
B RIS AR B EE P AME, R
L ERIRIE IR CEIR KR B3 s 7 FiE
RIS B ST, (HPE B E RS, S, Rk
FIE RSB REN H B bR, BF 2,
F PRI

(1) FiEAT ARG REE S Fib
M BT E I AT AT 5, T30 Nk A
RIEMIEAE, HAsh. IE/&. FEE B AEE. f
FEUL R AR ENESS, #X F BB AWM. o
FABIRW K& R R IE WAL S . Rk, R 50
B R 5 SR 2 B R B SR 1 H b

(2) FEATAZE =TI, Bl WEME R
BAEE IO LR . H AT BE e, #1E
HEE AR LA, RF LTz s,
BN AR RE 5. 2 NER. BRE
AR BREE A BB 4T TABE A bR 45 &
T, IR SR B KA

(3) FELETE ) v K I I 7 56 2R % ST 0] 2 [
W E R AR TR T R
AN, FEARmt, DAMEERSTAE M, BN 55 & M
23 1A SR PR 55 2% E DA R A S 3] 2 )i 98 o ) ) e
L.

FOREAE. ATYRE . EEetE. SERP R R
AT AR ST R R TFEAE TR A 7T o BT T I ) 2R R Bk
0%, [RIEE,  Wfalfs E A R S T SEBRAE TR . SEE
PGB, SRR )

5.2 RBE

T IRE AR L TR, ETIRE
5 ) FE R ER B E KR E AR 5IRAZ
W, BESHRBHERE. ARFIERIEHE
FIEARG R UL R 5L = AL
WO Z TR, IS5t

ml| <7

(1) BEANIIG ST 3] T 5 45050 T [ o e
Wi bR ERAL, TSR S 2 T
B ARE AR LR AU
JEEIRITT v G A LTS £ (O B RHEAT B8«

(2) B B AT (MO0 B ST bR R S8 7 i
B, 5% M B b e 0 I B (3 F A 7
VERIMRAG . P TIY B O A — e S B i
HlmAe, (HE SR T T8 WU S R AR
B2, i HHCR SRR 1B I — TP % 010 5
S5

(3) B TRIE2E S BT ST RN, VLS R
5434 190 B B A R K A R TR 0 f
S, LA E TR R R 90 46 20 th 5 T Ak S ER
S P e R S SV AL, R X 2 B
B OR B E W B T A SL A T8 R T
2, SUEBRUNL I R SR AT BT
B 17 R GPUSE R, 762 IRIOBEME &1,
FEIB 3R M08 0 26T ek 1 2 2

(4) TREES STHARMM G T 5, 5%
FEJE . GPUSSEECF M 006 R 0N 5%, 151
0 6 1 S TR L IS TH O, e 2 A S
A5 PP AR I, o S, T B AT
FESTF ¢ 5 B0 B4

KT R BB R AT A8 S 2 27
BT RIRIE. WIS 2 105 % M TAE R B 5T
ok, AT R B TR A0S B IE IR S5 T K
Do AR S O RS AL AT

CERE

(1] HINTON G E, OSINDERO S, and TEH Y W. A fast
learning algorithm for deep belief nets[J]. Neural
Computation, 2006, 18(7): 1527-1554. doi: 10.1162/neco.
2006.18.7.1527.

(2] AT P E TR B A T D). [ g, meOR
TR, 2000.

ZHOU Yu. Research on signer adaptation in Chinese sign
language recognition[D].[Ph.D. dissertation], Harbin
Institute of Technology, 2009.

3] CHEOK M J, OMAR Z, and JAWARD M H. A review of
hand gesture and sign language recognition techniques[J].
International Journal of Machine Learning and Cybernetics,
2019, 10(1): 131-153. doi: 10.1007/s13042-017-0705-5.

[4] TANG Ao, LU Ke, WANG Yufei, et al. A real-time hand
posture recognition system using deep neural networks[J].
ACM Transactions on Intelligent Systems and Technology,
2015, 6(2): 1-23. doi: 10.1145/2735952.

[5] PIGOU L, DIELEMAN S, KINDERMANS P J, et al. Sign

language recognition using convolutional neural


http://dx.doi.org/10.1162/neco.2006.18.7.1527
http://dx.doi.org/10.1162/neco.2006.18.7.1527
http://dx.doi.org/10.1162/neco.2006.18.7.1527
http://dx.doi.org/10.1007/s13042-017-0705-5
http://dx.doi.org/10.1007/s13042-017-0705-5
http://dx.doi.org/10.1145/2735952
http://dx.doi.org/10.1145/2735952
http://dx.doi.org/10.1162/neco.2006.18.7.1527
http://dx.doi.org/10.1162/neco.2006.18.7.1527
http://dx.doi.org/10.1162/neco.2006.18.7.1527
http://dx.doi.org/10.1007/s13042-017-0705-5
http://dx.doi.org/10.1007/s13042-017-0705-5
http://dx.doi.org/10.1145/2735952
http://dx.doi.org/10.1145/2735952

1030

G

o

=]

¥k

42 %

(6]

[7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

[16]

networks[C]. European Conference on Computer Vision,
Zurich, Switzerland, 2014: 572-578.

KANG B, TRIPATHI S, and NGUYEN T Q. Real-time
sign language fingerspelling recognition using convolutional
neural networks from depth map[C|. The 3rd IAPR Asian
Conference on Pattern Recognition (ACPR), Kuala
Lumpur, Malaysia, 2015: 136-140.

HOSSEN M A, GOVINDAIAH A, SULTANA S, et al.
Bengali sign language recognition using Deep Convolutional
Neural Network[C]. The 7th Joint International Conference
on Informatics, Electronics & Vision (ICIEV) and 2018 2nd
International Conference on Imaging, Vision & Pattern
Recognition (icIVPR), Kitakyushu, Japan, 2018: 369-373.
KOLLER O, BOWDEN R, and NEY H. Automatic
alignment of hamNoSys subunits for continuous sign
language recognition[C]. The 10th Edition of the Language
Resources and Evaluation Conference, Portoroz, Slovenia,
2016: 121-128.

GARCIA B and VIESCA S A. Real-time American sign
language recognition with convolutional neural networks[J].
Convolutional Neural Networks for Visual Recognition,
2016, 2: 225-232.

JIY, KIM S, and LEE K B. Sign language learning system
with image sampling and convolutional neural network[C].
The 1st IEEE International Conference on Robotic
Computing (IRC), Taichung, China, 2017: 371-375.

KIM S, JI Y, and LEE K B. An effective sign language
learning with object detection based ROI segmentation[C].
The 2nd IEEE International Conference on Robotic
Computing (IRC), Laguna Hills, USA, 2018: 330-333.
KOPUKLU O, KOSE N, and RIGOLL G. Motion fused
frames: Data level fusion strategy for hand gesture
recognition[C]. 2018 IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops, Salt Lake City,
USA, 2018: 2103-2111.

KONSTANTINIDIS D, DIMITROPOULOS K,
DARAS P. Sign language recognition based on hand and
body skeletal data[C]|. 2018-3DTV-Conference: The True

and

Vision-Capture, Transmission and Display of 3D Video
(3DTV-CON), Helsinki, Finland, 2018: 1-4.

DEVINEAU G, MOUTARDE F, WANG Xi, et al. Deep
learning for hand gesture recognition on skeletal data[C].
The 13th IEEE International Conference on Automatic
Face & Gesture Recognition (FG 2018), Xian, China, 2018:
106-113.

MOLCHANOV P, GUPTA S, KIM K, et al. Hand gesture
recognition with 3D convolutional neural networks[C]. 2015
IEEE Conference on Computer Vision and Pattern
Recognition workshops, Boston, USA, 2015: 1-7.

WU Di, PIGOU L, KINDERMANS P J, et al. Deep

[17]

[18]

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

dynamic neural networks for multimodal gesture
segmentation and recognition[J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2016, 38(8):
1583-1597. doi: 10.1109/TPAMI.2016.2537340.

HUANG Jie, ZHOU Wengang, LI Houqiang, et al. Sign
language recognition using 3D convolutional neural
networks[C]. 2015 IEEE International Conference on
Multimedia and Expo (ICME), Turin, Italy, 2015: 1-6.
HUANG Jie, ZHOU Wengang, LI Houqiang, et al.
Attention-based 3D-CNNs for large-vocabulary sign
language recognition[J]. IEEE Transactions on Circuits and
Systems for Video Technology, 2019, 29(9): 2822-2832. doi:
10.1109/TCSVT.2018.2870740.

LI Yunan, MIAO Qiguang, TIAN Kuan, et al. Large-scale
gesture recognition with a fusion of RGB-D data based on
the C3D model[C]. The 23rd International Conference on
Pattern Recognition (ICPR), Cancun, Mexico, 2016: 25-30.
LI Yunan, MIAO Qiguang, TIAN Kuan, et al. Large-scale
gesture recognition with a fusion of RGB-D data based on
saliency theory and C3D model[J]. IEEE Transactions on
Circuits and Systems for Video Technology, 2018, 28(10):
2956-2964. doi: 10.1109/TCSVT.2017.2749509.

MIAO Qiguang, LI Yunan, OUYANG Wanli, et al.
Multimodal gesture recognition based on the resc3d
network[C]. 2017 IEEE International Conference on
Computer Vision Workshops, Venice, Italy, 2017:
3047-3055.

ELBADAWY M, ELONS A S, SHEDEED H A, et al
Arabic sign language recognition with 3d convolutional
neural networks[C]. The 8th International Conference on
Intelligent Computing and Information Systems (ICICIS),
Cairo, Egypt, 2017: 66-71.

YE Yuancheng, TIAN Yingli, HUENERFAUTH M, et al
Recognizing American sign language gestures from within
continuous videos[C]. 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops, Salt
Lake City, USA, 2018: 2064-2073.

LIANG Zhijie, LIAO Shengbin, and HU Bingzhang. 3D
convolutional neural networks for dynamic sign language
recognition[J]. The Computer Journal, 2018, 61(11):
1724-1736. doi: 10.1093/comjnl/bxy049.

CATE H, DALVI F, and HUSSAIN Z. Sign language
recognition using temporal classification[EB/OL].
http://arxiv.org/abs/1701.01875v1, 2017.

CHALI Xiujuan, LIU Zhipeng, YIN Fang, et al. Two streams
recurrent neural networks for large-scale continuous gesture
recognition[C]. The 23rd International Conference on
Pattern Recognition (ICPR), Cancun, Mexico, 2016: 31-36.
LIU Tao, ZHOU Wengang, and LI Hougiang. Sign language
recognition with long short-term memory[C]. 2016 IEEE


http://dx.doi.org/10.1109/TPAMI.2016.2537340
http://dx.doi.org/10.1109/TPAMI.2016.2537340
http://dx.doi.org/10.1109/TCSVT.2018.2870740
http://dx.doi.org/10.1109/TCSVT.2017.2749509
http://dx.doi.org/10.1109/TCSVT.2017.2749509
http://dx.doi.org/10.1093/comjnl/bxy049
http://dx.doi.org/10.1093/comjnl/bxy049
http://arxiv.org/abs/1701.01875v1
http://dx.doi.org/10.1109/TPAMI.2016.2537340
http://dx.doi.org/10.1109/TPAMI.2016.2537340
http://dx.doi.org/10.1109/TCSVT.2018.2870740
http://dx.doi.org/10.1109/TCSVT.2017.2749509
http://dx.doi.org/10.1109/TCSVT.2017.2749509
http://dx.doi.org/10.1093/comjnl/bxy049
http://dx.doi.org/10.1093/comjnl/bxy049
http://arxiv.org/abs/1701.01875v1

44

SIS TS TR R 4R

1031

28]

29]

30]

(31

(32]

(33]

(34]

35]

(36]

(37]

(38]

International Conference on Image Processing (ICIP),
Phoenix, USA, 2016: 2871-2875.

LI Xiaoxu, MAO Chensi, HUANG Shiliang, et al. Chinese
sign language recognition based on SHS descriptor and
encoder-decoder LSTM model[C]. The 12th Chinese
Conference on Biometric Recognition. Shenzhen, China,
2017: 719-728.

HUANG Shiliang, MAO Chensi, TAO Jinxu, et al. A novel
chinese sign language recognition method based on
keyframe-centered clips[J]. IEEE Signal Processing Letters,
2018, 25(3): 442-446. doi: 10.1109/LSP.2018.2797228.
YANG Su and ZHU Qing. Continuous Chinese sign
language recognition with CNN-LSTM|[J]. SPIE, 2017,
10420.

YANG Su and ZHU Qing. Video-based Chinese sign
language recognition using convolutional neural network[C].
The 9th IEEE International Conference on Communication
Software and Networks (ICCSN), Guangzhou, China, 2017:
929-934.

LIN Chi, WAN Jun, LTIANG Yanyan, et al. Large-scale
isolated gesture recognition using a refined fused model
based on masked Res-C3D network and skeleton LSTM][C].
The 13th IEEE International Conference on Automatic
Face & Gesture Recognition (FG 2018), Xi’an, China, 2018:
52-58.

HALIM K and RAKUN E. Sign language system for Bahasa
Indonesia (Known as SIBI) recognizer using TensorFlow
and Long Short-Term Memory[C]. 2018 International
Conference on Advanced Computer Science and Information
Systems (ICACSIS), Yogyakarta, Indonesia, 2018: 403-407.
BHATEJA V, COELLO C A C, and SATAPATHY S C.
Intelligent Engineering Informatics[C]. The 6th
International Conference on FICTA. Singapore: 2018:
623-632.

BANTUPALLI K and XIE Ying. American Sign Language
recognition using deep learning and computer vision[C].
2018 IEEE International Conference on Big Data (Big
Data), Seattle, USA, 2018: 4896-4899.
KONSTANTINIDIS D, DIMITROPOULOS K, and
DARAS P. A deep learning approach for analyzing video
and skeletal features in sign language recognition|[C]. 2018
IEEE International Conference on Imaging Systems and
Techniques (IST), Krakow, Poland, 2018: 1-6.

VINCENT H, TOMOYA S, and GENTIANE V.
Convolutional and recurrent neural network for human
action recognition: Application on American sign
language[EB/OL]. http://biorxiv.org/content/10.1101/
535492v1, 2019.

LIAO Yangiu, XIONG Pengwen, MIN Weidong, et al.

Dynamic sign language recognition based on video sequence

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

with BLSTM-3D residual networks[J]. IEEE Access, 2019,
7: 38044-38054. doi: 10.1109/ACCESS.2019.2904749.
CAMGOZ N C, HADFIELD S, KOLLER O, et al.
SubUNets: End-to-end hand shape and continuous sign
language recognition[C]. 2017 IEEE International
Conference on Computer Vision (ICCV), Venice, Italy,
2017: 3075-3084.

CUI Runpeng, LIU Hu, and ZHANG Changshui. A deep
neural framework for continuous sign language recognition
by iterative training[J]. IEEE Transactions on Multimedia,
2019, 21(7): 1880-1891. doi: 10.1109/TMM.2018.2889563.
SHI Bowen, DEL RIO A M, KEANE J, et al. American
Sign Language fingerspelling recognition in the wild[C]. 2018
IEEE Spoken Language Technology Workshop (SLT),
Athens, Greece, 2018: 145-152.

KO S K, SON J G, and JUNG H. Sign language recognition
with recurrent neural network using human keypoint
detection[C]. 2018 Conference on Research in Adaptive and
Convergent Systems, Honolulu, USA, 2018: 326-328.
ZHANG Qian, WANG Dong, ZHAO Run, et al. MyoSign:
Enabling end-to-end sign language recognition with
wearables[C]. The 24th International Conference on
Intelligent User Interfaces, Marina del Ray, USA, 2019:
650-660.

MITTAL A, KUMAR P, ROY P P, et al. A modified
LSTM model for continuous sign language recognition using
leap motion[J]. IEEE Sensors Journal, 2019, 19(16):
7056-7063. doi: 10.1109/JSEN.2019.2909837.

CAMGOZ N C, HADFIELD S, KOLLER O, et al. Using
convolutional 3d neural networks for user-independent
continuous gesture recognition[C]. The 23rd International
Conference on Pattern Recognition (ICPR), Cancun,
Mexico, 2016: 49-54.

PU Junfu, ZHOU Wengang, and LI Houqgiang. Dilated
convolutional network with iterative optimization for
continuous sign language recognition[C]. The 27th
International Joint Conference on Artificial Intelligence,
Wellington, New Zealand, 2018: 885-891.

HUANG Jie, ZHOU Wengang, ZHANG Qilin, et al. Video-
based sign language recognition without temporal
segmentation[C]. The 32nd AAAI Conference on Artificial
Intelligence, New Orleans, USA, 2018: 2257-2264.

WANG Shuo, GUO Dan, ZHOU Wengang, et al.
Connectionist temporal fusion for sign language
translation[C]. The 26th ACM International Conference on
Multimedia, Seoul, Korea, 2018: 1483-1491.

KOLLER O, ZARGARAN O, NEY H, et al. Deep sign:
Hybrid CNN-HMM for continuous sign language
recognition[C]. 2016 British Machine Vision Conference,

York, UK, 2016: 1-2.


http://dx.doi.org/10.1109/LSP.2018.2797228
http://dx.doi.org/10.1109/LSP.2018.2797228
http://biorxiv.org/content/10.1101/535492v1
http://biorxiv.org/content/10.1101/535492v1
http://dx.doi.org/10.1109/ACCESS.2019.2904749
http://dx.doi.org/10.1109/ACCESS.2019.2904749
http://dx.doi.org/10.1109/TMM.2018.2889563
http://dx.doi.org/10.1109/TMM.2018.2889563
http://dx.doi.org/10.1109/JSEN.2019.2909837
http://dx.doi.org/10.1109/JSEN.2019.2909837
http://dx.doi.org/10.1109/LSP.2018.2797228
http://dx.doi.org/10.1109/LSP.2018.2797228
http://biorxiv.org/content/10.1101/535492v1
http://biorxiv.org/content/10.1101/535492v1
http://dx.doi.org/10.1109/ACCESS.2019.2904749
http://dx.doi.org/10.1109/ACCESS.2019.2904749
http://dx.doi.org/10.1109/TMM.2018.2889563
http://dx.doi.org/10.1109/TMM.2018.2889563
http://dx.doi.org/10.1109/JSEN.2019.2909837
http://dx.doi.org/10.1109/JSEN.2019.2909837

1032 B 75

o

=]

¥k

42 %

[50]

[51]

53]

[54]

[56]

[57]

(58]

[59]

[60]

KOLLER O, ZARGARAN S, and NEY H. Re-sign: Re-
aligned end-to-end sequence modelling with deep recurrent
CNN-HMMs|[C]. 2017 IEEE Conference on Computer Vision
and Pattern Recognition, Hawaii, USA, 2017: 4297-4305.
KOLLER O, ZARGARAN S, NEY H, et al. Deep sign:
Enabling robust statistical continuous sign language
recognition via hybrid CNN-HMMs[J]. International Journal
of Computer Vision, 2018, 126(12): 1311-1325. doi:
10.1007/s11263-018-1121-3.

PIGOU L, VAN HERREWEGHE M, and DAMBRE J.
Gesture and sign language recognition with temporal
residual networks[C]. 2017 IEEE International Conference
on Computer Vision Workshops, Venice, Italy, 2017:
3086-3093.

CUI Runpeng, LIU Hu, and ZHANG Changshui. Recurrent
convolutional neural networks for continuous sign language
recognition by staged optimization[C]. 2017 IEEE
Conference on Computer Vision and Pattern Recognition,
Honolulu, USA, 2017: 7361-7369.

ARIESTA M C, WIRYANA F, SUHARJITO, et al
Sentence level Indonesian sign language recognition using
3D convolutional neural network and bidirectional recurrent
neural network|[C]. 2018 Indonesian Association for Pattern
Recognition International Conference (INAPR), Jakarta,
Indonesia, 2018: 16-22.

GUO Dan, ZHOU Wengang, LI Houqiang, et al.
Hierarchical LSTM for sign language translation[C]. The
32nd AAAT Conference on Artificial Intelligence, the 30th
innovative Applications of Artificial Intelligence (IAAI-18),
and the 8th AAAI Symposium on Educational Advances in
Artificial Intelligence, New Orleans, USA, 2018: 6845-6852.
FORSTER J, SCHMIDT C, HOYOUX T, et al. RWTH-
PHOENIX-Weather: A large vocabulary sign language
recognition and translation corpus[C]. The 8th International
Conference on Language Resources and Evaluation,
Istanbul, Turkey, 2012: 3785-3789.

ESCALERA S, BARO X, GONZALEZ J, et al. Chalearn
looking at people challenge 2014: Dataset and results[C].
European Conference on Computer Vision, Zurich,
Switzerland, 2014: 459-473.

ONG E J, COOPER H, PUGEAULT N, et al. Sign
language recognition using sequential pattern trees[C]. 2012
IEEE Conference on Computer Vision and Pattern
Recognition, Providence, USA, 2012: 2200-2207.

VON AGRIS U, ZIEREN J, CANZLER U, et al. Recent
developments in visual sign language recognition[J].
Universal Access in the Information Society, 2008, 6(4):
323-362. doi: 10.1007/s10209-007-0104-x.

EFTHIMIOU E and FOTINEA S E. GSLC: Creation and

[61]

[62]

(63]

[64]

[65]

[66]

[67]

[68]

[69]

RIRE: %, 198044,

ik
%

annotation of a Greek sign language corpus for HCI[C]. The
4th International Conference on Universal Access in
Human-Computer Interaction, Beijing, China, 2007:
657-666.

NEIDLE C, THANGALI A, and SCLAROFF S. Challenges
in development of the American Sign Language lexicon
video dataset (ASLLVD) corpus[C|. The 5th Workshop on
the Representation and Processing of Sign Languages:
Interactions between Corpus and Lexicon, Istanbul, Turkey,
2012: 1-8.

OSZUST M and WYSOCKI M. Polish sign language words
recognition with Kinect[C]. The 6th International
Conference on Human System Interactions (HSI), Sopot,
Poland, 2013: 219-226.

RONCHETT F, QUIROGA F, ESTREBOU C A, et al.
LSA64: An Argentinian sign language dataset[C]. The 22nd
Congreso Argentino de Ciencias de la Computacién (CACIC
2016), San Luis, USA, 2016: 794-803.

CHAI Xiujuan, WANG Hanjie, and CHEN Xilin. The
DEVISIGN large vocabulary of Chinese sign language
database and baseline evaluations[R]. Technical Report
VIPL-TR-14-SLR-001, 2014.

LU Pengfei and HUENERFAUTH M. Collecting and
evaluating the CUNY ASL corpus for research on American
sign language animation[J]. Computer Speech & Language,
2014, 28(3): 812-831. doi: 10.1016/j.¢s1.2013.10.004.
SHOHIEB S M, ELMINIR H K, and RIAD A M.
Signsworld atlas; a benchmark Arabic sign language
database[J]. Journal of King Saud University-Computer and
Information Sciences, 2015, 27(1): 68-76. doi: 10.1016/
j.jksuci.2014.03.011.

PUGEAULT N and BOWDEN R. Spelling it out: Real-time
ASL fingerspelling recognition[C]. 2011 IEEE International
Conference on Computer Vision workshops (ICCV
Workshops), Barcelona, Spain, 2011: 1114-1119.
PRABHAVALKAR R, SAINATH T N, WU Yonghui, et al.
Minimum word error rate training for attention-based
sequence-to-sequence models[C]. 2018 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP), Calgary, Canada, 2018: 4839-4843.

KOLLER O, FORSTER J, and NEY H. Continuous sign
language recognition: Towards large vocabulary statistical
recognition systems handling multiple signers[J]. Computer
Vision and Image Understanding, 2015, 141: 108-125. doi:
10.1016/j.cviu.2015.09.013.

IR, BT S

B 2, 19944E4, Wik, BEFEJT NN
W 55, 198444, EIHEER, BEFTTIRNTHEAAL S


http://dx.doi.org/10.1007/s11263-018-1121-3
http://dx.doi.org/10.1007/s10209-007-0104-x
http://dx.doi.org/10.1007/s10209-007-0104-x
http://dx.doi.org/10.1016/j.csl.2013.10.004
http://dx.doi.org/10.1016/j.csl.2013.10.004
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.cviu.2015.09.013
http://dx.doi.org/10.1007/s11263-018-1121-3
http://dx.doi.org/10.1007/s10209-007-0104-x
http://dx.doi.org/10.1007/s10209-007-0104-x
http://dx.doi.org/10.1016/j.csl.2013.10.004
http://dx.doi.org/10.1016/j.csl.2013.10.004
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.cviu.2015.09.013
http://dx.doi.org/10.1007/s11263-018-1121-3
http://dx.doi.org/10.1007/s10209-007-0104-x
http://dx.doi.org/10.1007/s10209-007-0104-x
http://dx.doi.org/10.1016/j.csl.2013.10.004
http://dx.doi.org/10.1016/j.csl.2013.10.004
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.jksuci.2014.03.011
http://dx.doi.org/10.1016/j.cviu.2015.09.013

