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Continuous Sign Language Recognition in Complex Background
Based on Attention Mechanism
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Abstract: In this work, an attention-based 3D convolutional neural network (ACN) is proposed for continuous sign language recognition
in complex background. Firstly, the sign language video containing complex background is preprocessed with the background removal
module. Then, the spatio—temporal fusion information is extracted by 3D-ResNet (3D residual convolutional neural network) based
on spatial attention mechanism. Finally, the long short-term memory (LSTM) network combined with the time attention mechanism
is used for sequence learning to obtain the final recognition result. Extensive experiments show that the algorithm performs well on the
large—scale Chinese continuous sign language dataset CS1.100. The algorithm shows good generalization performance facing different
complex background, and the spatio-temporal attention mechanism introduced by the model is effective.

Key words: continuous sign language recognition; complex background; attention mechanism; long short-term memory(LSTM)
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Fig.1 Overall block diagram of algorithm
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Table 1 Statement type sign language data set summary

ETES RATAEA A T 3 B B R A
RW TH-Boston-104"%" 2008 English 104 201 RGB/HE A K
GSL S1%! 2007 Greek 310 10 290 RGB-D
SIGNUM™! 2012 German 455 19 500 RGB
RW TH-Phoenix-2014T"" 2018 German 3000 8 257 RGB
CSL100% 2018 Chinese 178 25 000 RGB-D/H %2
How2Sign!®! 2019 English 16 000 38 611 RGB-D/H# %2
R T W B AN R B P R SR IR R R E W B R R R A

WER FIHAER 2 Ace VE HIEM T8 45
#Subs + #Del + #Ins

2.2 MBEBSH

a0 1. 2795 g , ACNR AT P/ B B0E F 2

WER = - X 100% (7)
FZwords in target
Rights
Acc——TRIENS 00 ®)

Zwords in target
Horpr, Subs AR 3R T A 7 4 46 1) T IR B, Del
718 SR AR - oA U 3 (1 S R A Tns 2 TN 45
B oh s B 7 1) BiE |, Rights 26 78 Fi 25 55 ob 1E o
T 38 1 4. WER F8 AR B AIE , Ace 75 45 =

B KF Bt fTF Wi, 2% IE BB s 4 N a) 7k h 4~
8™ 1) 2 1) S ), 26 2 PSR T 6 AN BN KF £t
TER S . [RIEE, SA 7 e A 7 9 U SR S iz Ak fig
J1, 3 IS A AL TF o9 B 5256

& 2 iRl DL Y B A SR FE A B
WER & 8 635 1 19 a3 (Ace IE4FAH ) , Y KF
=200}, WER Fl Acc #J U3 i A4, 4 KF=16 i},
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T B % U 23 SR 5 ) S B 2 S A R MBS
. ACHRAWTF=0.5,
2.3 CSL100%iF st36

TEGE A S 80U, ACN B 76 CSL100 %
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Table 2 Comparison results of hyperparameter

KF i WER Acc || TFLf]  WER Acc
8 10.42  92.87 0.20 8.92  94.91
12 8.37  94.52 0.35 7.26  96.13
16 6.74  96.81 0.50 6.74  96.81
20 6.69  96.90 0.65 7.91  95.74
24 6.78  96.80 0.80 8.68  94.98
28 9.14  93.96

E MR FOR R R

B L AT R SC B, 7 S5 R P 4 R . DA
Hy L ACN B 75 1] 25 4 0 3k 4 L 2l 0 ek o
88, LA K M 5 WER bR 78 M5 1 , 22 94508 £ 31
YR AT

B4 CSL100 ik 52 5 i £ 4]
Fig.4 CSL100 verification curve
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Table 3 Comparison of algorithm indexes on CSL100

J7 ik WER/% Ace/ %
DTW-HMM" 28.4 71.6
([ WRES SgvThy 25.5 74.5
HANU? 20.7 79.3
LS-HANP" 82.7
W2k SubUNet™ 11.0
ACN (Ours) 3.6 98.3

HE RLRROR e

(HAN J7 ) & 1 29 5 4%, Lo P Re fe A my R 27 )
75 (SubUNet Jr i) #2774 1729 24% , Jle it 7 ACN Uy
R TERE
2.4 B2EBIR

T UE BM B E A RO A SCHERT T &
TH B 0T L S5, 52 50 v FH 2 9 55088 43 3 Sk 1 A
ST T A WA TR CSL100
5B LAY 21875 ST U DL & CSL100 I3 4 i
TG H AT S T . R SR A BM LY
ACN BRI E S ACNn, 5 58 B 19 ACN LAY 3 47 %F
Fb L 75 51 A TR 50 25 JE U P 5 T, He v R ) Al R Y G
RO AFIRER

M S AT LLE B, BM 155 8 B8 98 4 200K 2 42
T oAk PR 2 s, B WU R B T TR R IR
MR ek HLI A BRI . MBS ROk E 1
A7 6F 4l 6 5P (0 S5 i T U A, ACN S AR A
ACN 152 A4 15 5 i 8 F0000 5 105 X 347 A 2 2% 5Ly
TIE AT, ACNN #5570 HY 3 3H ) 45 45, ACN H 5 fig
fig P50 TE A, 1B BMORE B 1 in AR & 1Y i e 1 52
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tial attention) BB | B [6] 7 3 77 (time attention ) %4k
DA K i 38 {3 2 7 (channel attention ) B8 Xof 55 7 7 A
B s, ik = AL AL . 1) B+ S:baseline + spatial
attention; 2) B-+S+T: baseline + spatial and time
attention; 3) B-+S—+T-+C: baseline + spatial, time
and channel attention, &%) 4f 2% K K 2E— 3,41t
WK /NH 128(4 B Tesla V100 GPU), 2k ] Adam 11
e AT DAL N 25 I3 B E Sy 100 8, S B 45
RuLE65F£4,

DA ol S5 55 1 45 2R AT DU, 78 R AE 2 A B Bt
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Fig. 6 Box diagram of ablation experiment

R4 EFENVNHPEMIEER

Table 4 Ablation results of attention mechanism

Model WER / % Acc/ % Loss
Baseline 6. 74 96. 81 0.31
B+S 4.53 97.03 0.27
B+S+T 3. 66 98. 28 0.18
B+S+T+C 4.63 97. 17 0.26

MR RN

eI i 41 TR E A 35T B A2 1 M e
IS TR T 14, 3 LS T G A
T 195 B A B0 2% T S0 1 AR AE £ 8 I T
S0 T % 26000 W 1 T R £ 0 L B
PERE T -
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