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Abstract: In order to solve the problem that the ordinary convolution is not robust to lip deformation and the
accuracy of lip recognition is not high because it cannot effectively extract temporal information, a lip recognition
method based on spatiotemporal enhancement network and multi-scale temporal convolution network is proposed
in this paper. Firstly, an hourglass convolution block (FCB) is designed to enhance the robustness of the network
to lip deformation. Secondly, a gate-shift-fuse module (GSF) is used to improve the ability of extracting time in-
formation from the front-end network. Then, based on FCB and GSF, a hybrid 3D and 2D convolutional spa-
tio-temporal augmented block network STABNet is designed. Finally, using STABNet as the front-end network
and multi-scale time convolution (MSTCN) as the back-end network, the lip recognition model is designed. Ex-
periments show that the proposed method outperforms the baseline model by 4.15 percentage points on the LRW
dataset, reaching 89.45%, and the number of model parameters increases by only 3.17M. An accuracy of 97.45%

was achieved on the GRID dataset, surpassing the performance of most existing models.
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MSTCN 7E AR YR A HERR R 8R = T Hofth 2 Fhorik,
HE5 97 501 e A 22 e K
3.6 GSF &I E I = AYIEEN

7£ STABNet J:Rl#iE STAB H, Xt GSF itk

2 STABNet TA[E Gk M L% A M REXTEE

i Vi P 4% /% SRk
BiGRU 88.50 62.60M
TCN 86.45 18.17M
MSTCN 89.45 39.54M

T RSN A (.

90

881
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84

WA/ %

82

8o/

20 30 40 50 60 70 80 90 100
grsesk

P9 ANIR] I i 199 265 (8 B RO JBE X L

A A7 B ISR XA 8 1 8 %) 52 T 0 A 7 S

R T %%¢ GSF REH A0 B X 1 BE Al 52 i),
PRl GSF v B HR AL RE R T 525, A B
R 10 ArR. GSF B 07 B R ) P i B 52 i
e 3 pin. Hor, GSF ALH 5l i A 2 FERE B
BB a, fLE b ML E ¢ 4b (3R A5 AT b M 2%
STABNetl, STABNet2 Hl STABNet), i it %} b4
7B TR RE R e U AR I AL . R 3 T L
F i, GSF il AFLRIABE ) 5 00 8, B
chb, BRI EAH RN ERE. B 11 FiRAh GSF
L B X PERE A . T LB S, 7B b
TR B WA 2%, A E ¢ BHERRh&kFaE FTt.
R, ASCHEFEANLE ¢ i GSF BLEL ) ik A

Xt 2 GSF FEHEC R B AP REEA TS5, 2
GSF ¥t 4 i, 44> stage [ FHZ5H 1, 01& 12a

FCB |
v 2 v
EREREES

Kl 10  GSF B pgim AL E R K

& 3  GSF R E XIR 7 1% BERYF2 0T

I ity 1) 2% & HETI R/ % E2ien
STABNet! a 89.30 39.54M
STABNet2 b 88.76 39.54M
STABNet c 89.45 39.54M

. MERRRAE.
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90 r

86

WA/ %

84

8r R b
— fiEc

80 C 1 1 1 1 1 1 1 1
20 30 40 50 60 70 80 90 100
VB
Kl 11 AK[E GSF e A E TR AER RN

Stage i Stage i
i FCB
FCB v
t: GSF
FCB l(:
L FCB
GSF ¢
GSF
a. £5H1 b. Z5#42

E 12 GSF Wi A=

fi7n; T GSF £k 8 B, B4 stage {54 2,
AR 120 PR X860 — R FRE5H. 2 GSF £
4 6 B, stagel Fil stage3 i 45 H4 1, stage2 Fll stage4

i s M 2: X2 —FhIEX FREEH. GSF b fi it
SR AER R R AR 4 Fis. vJLEH, X4
GSF %y 8 W, RBE RIS T Hedy iR sk
W 5 GSF Ui 4 F 6 IEAE LG, MERA R0 BRI
235 ANE A3 272 AN E AR .

4 GSF HENREERHERNFM

GSF % TR /% E 26
4 87.10 39.54M
6 86.73 39.54M
8 89.45 39.54M

TE. HARZRRALE.

3.7 EEXRFAEHNRAMEREXTEL

7 LRW 1 GRID iX 2 ME4E b, WA CH
S T ST AR O 12| & o €17 Y S L e
B SCHR[710E S SR LA

TE LRW Bl 45 L, 16 Ry kiR i aE an e
SR, ATLLEH, ARSCTiEIR S 89.45% 1) 1 i
B, PESCHR[71 415 T 40 5, B SCRR[20] 5
0.75 NAET A HYhim Mgl 3D Conv+ ResNet34
F, SCER[21777 %48 BiGRU & MSTCN () #:fig
e F SCHR[3]/9 BILSTM; 24 )5 It X 45 2 4 BiILSTM
i, SCHR[3]77 15 B IR 3D Conv+ResNet34 %A
BAS LG SCHR 20158 i ARG B, 2 DR Ry B R 1Y) X 4% 25
Sy BG5OSR
(7R SCHR[22] 77 32 HP I A & 35 ¢ 4iF (multi-head  vis-
ual-audio memory, MVM){#i {JU1| ER R 8 =7, 1L
ZFRE A AR AL AME B, BRI R AR ) R Gk

#x5 7ELRW BUEE L 16 #5 ARIR A MEREXTEE

Jik B RAR T ity D) 2% S it D) £% TR /%
SCHR[1] 2017 VGGM 61.10
CHK[3] 2017 3D Conv+ResNet34 BiLSTM 83.00
SCik[21] 2018 3D Conv+ResNet34 BiGRU 83.39
SCHR[26] 2019 Multi-grained BiConvLSTM 83.34
R[] 2020 3D Conv+ResNet18 MSTCN 85.30
SCHk[27] 2020 3D SEResNet BiGRU 85.50
SCHK[23] 2021 3D Conv+ResNet18 DCTCN 88.36
SCHk[20] 2022 3D ResNetl8 BiLSTM 88.70
SCHik[24] 2022 3D Conv+ResNet18 MDTCN 85.70
CHik[22] 2022 3D Conv+ResNet18+MVM MSTCN 88.50
SCHik[28] 2023 3D Conv+iGhost Bottneck BiGRU+AIZE A FIiHZE 1R 87.30
SCHR[30] 2023 ResNet50+LPA+Transformer 84.90
CHR[29] 2024 85.20
SCHR[31] 2024 3D Conv+DSTE+GhostNet+ME Transformer+MS-TCN 89.21
SCHR[25] 2025 3D Conv+Transformer BiGRU+weight distillation 88.30
K3 (STABNet+MSTCN) 3D Conv+STABNet MSTCN 89.45

T RSN A (.
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BE 1, MSCHR[7,23-2415X 3 Tl ik At FHAH [R] A9 i )
%%, Jaum Mg AR TCN ASFpEsE, Hefs T % m i e
W%, DEIIEET TCN R i o 9 465 AT LA R0 b 2R
FP B SCHR[25]2R FHTR 28 08 46 07 16 e 4 1L 7
W R TE AR, (HBLRL AR BB T R R S5
A Transformer J&iF KRR 25 FEAE A9 SCHR[3114H EL,
ARSI EARAS T B = WO ERR R, 10 BH A Fi i G T B
23 IR HU I S O 1 B 2 R IR B A 4K

76 GRID B4k I, 8 Ayt iyl B REXS
nk 6 P, Hrp, LIikES LRW £aE 5
SHFE. FTRVE W, RSO E MR R85 3 4,
FESCHR[30107 34K 1.45 N E 205, A 2 441K 1.25
ANE A i, B R AR SO R ) T G R
TIXREFEERAE, G E IR T X SRR, LR
AR SC 7 % BT G R A TR B B AR e, ELX )
T HE R UM RE A T .

#* 6 7f GRID HiE& £ 8 #75 A80IR B MEREXTEL

Ttk 1 T it ) 2% 5 i 19 4% HE2/%
SCHR[32] 2018 3D Conv+highway network BiGRU+cascaded attention-CTC 97.10
SCRK[33] 2019 3D Conv+2D CNN BiLSTM+w-CTC 98.70
SCHR[34] 2019 STCNN+STPP+ResNet50 BiGRU+Hybrid/attention CTC 97.30
SCHR[35] 2020 3D Conv+Transformer 3D Conv+Transformer 95.50
SCHR[36] 2022 User-dependent Padding+CNN GRU 92.80
SCHR[30] 2023 ResNet50+LPA+Transformer ResNet50+LPA+Transformer 98.90
CHk[37] 2024 3D Conv+EfficientNetB0 BiLSTM 96.70
AL (STABNet+MSTCN) 3D Conv+STABNet MSTCN 97.45

T RSN A (.

3.8 AEMHFEAXEEBIRAEE SIxTEL
TEANFIMEREREAR A |, WFIELRARY 5 S 9 2%
3 BiGRU(El STABNet+BiGRU J7 %), 7E4 & a %
A GSF #ie(El STABNetl+MSTCN J7 ) FIA Sy
2 0 UM R R AT SC g, S UEAS SO R AE
LRW Hdi 4 AN [RIAEAS o B2 iR B RE . ARA
SMERE BB E A0 R DAFEZR AR R X AR AR AR
SR R OIS, BREAD NE S . B 1
S5 PRI ME S 4, BRI 100 285, 7 LRW
Bl b, X S AR REA U HE B R A T S0,
S5 13 R, ATLLE R, RSO T45 5 F
B ohiX 2 R RN F 5 AR AR R, EX T
Hol 3 HAEAR, A SO B RN ER RAT SR PR TR
BRI KA, e R R R A 1 R R i HeAt 3
Py .
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K 4 Ty 0 BEALEE B EREA TR Y 11 4
IR EAT PN SR, SRR 7 PR, AT LA
(1) “sense™fE 4 I ATUIRTUR, AT RER RN H

C FVRVRAR /N, B O ik X A Al ARz R i A
FHIE. (2) BRASCO RSN, HAb 7 245945 “sector 1
5 H KR O AR Y 1R “second” B “attacks™; [F)FE
Mo, Al T 2k 38 “report” R B S & & AH LY
“support” I “reports”. SZHGLE R KM, ARCTTENTIX
O3 R B BRI A AR, XA A5 T R
TR TR AR R A = R AR IRE ) A R .

RT AMTFEI 11 MR RIREIRAIE RIS

T3 i
trying trade trying trying trying
hours areas areas hours hours
million million million media million
sense social businesses state sensor
sector second second attacks sector
report support support reports report
areas Greece areas areas areas
thing think tonight thing thing
spend spending spend spend spend
bring pretty pretty bring bring
because build because parts because
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AR SC DA 58 5 i S O A 114 P AR v 5 R A
HIREEET) 2 M EAT, $#2£H STABNet+MSTCN
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