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Lip-reading model based on multi-feature fusion

Zhang Tianyu Lyu Bo Zhou Rong Wang Lin Pu Mengyang
(School of Control and Computer Engineering, North China Electric Power University, Beijng 102206, China)

Abstract: Mainstream word-level lipreading models, based on three-dimensional convolutional neural networks and
residual networks, struggle to capture the geometric dynamics of lip movements. Their reliance on pixel-level texture
details makes them highly sensitive to noise and facial variations. To address these limitations., this paper proposes an
end-to-end word-level lipreading model that integrates pixel-level texture detail features, geometry-level contour shape
features, and word boundary features, achieving comprehensive multi-feature fusion across temporal, spatial, pixel-
level, and geometric-level dimensions. The proposed model incorporates the spatial and channel squeeze-and-excitation
mechanism into 3D CNNs and ResNet-18 to enhance texture feature extraction, while an improved spatial-temporal
graph convolutional network integrates a global context network to strengthen global geometric relationships.
Additionally, word boundary features further guide the model to focus on relevant temporal frames, reducing noise
sensitivity. These features are fused and processed by a back-end temporal module to complete the recognition task.
Experiments show that when the input is grayscale video, the accuracy of this paper’s model on the publicly available
large-scale word-level lip recognition dataset LRW reaches 89. 3% , which is improved by 1. 3% ~3. 9% compared with
single or partial feature models under the same conditions, and higher than most existing models, which verifies the
validity of the proposed model; at the same time, experiments find that, when colorful video is used as the input, the
accuracy of the model further improves to 89. 7%, verifying the effect of color information on lip recognition.

Keywords: word-level lipreading; multi-feature fusion; texture detail features; geometric contour features; spatio-

temporal graph convolutional neural network
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Fig. 2 Structure of texture detail feature extraction network
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Fig.5 Structure of geometric contour feature extraction network
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Table 2 Details for geometric contour feature extraction

2% 2 LN (357 i Hh A S
ST-GCN N X2XTX20 NX64XTX20
ST-GCN N X 64X TX20 N X64XTX20
ST-GCN N X 64 XTX20 N X64XTX20
ST-GCN N X 64 XTX20 N X64XTX20
ST-GCN N X 64X T X20 N X128 X T X 20
ST-GCN N X128 X T X 20 N X128 X T X 20
ST-GCN N X128 X T X 20 N X128 X T X 20
ST-GCN N X128 X T X 20 N X256 X T X 20
ST-GCN N X256 X T X20 N X256 X T X20
ST-GCN N X 256 X T X 20 N X256 X T X 20

Mean Aggregation N X 256 X T X 20 N X256 X T

FC N X256 X T N X512X T

2 TWERSSH

2.1 HiE&E
AT ) B 4R R LRW BdR 4k,

TREBIE R

W 5T SR B e ) A B R 2 — . B A4 5 500
AR RS T2 ME RS BT . A SR 4 1 Rl 4
T DU, B 500 A5, 44 H 4 800~1 000
APAREEAR . 2)BRUESE . A5 500 A BA], AN SR 50
AATREAS . 3 E 500 AR, BN BLIR A 50 A HLATRE
AR, BUE S BTT 538 766 R REAS , A BE AR G K B Y
29 Wi, 1. 16 s, T ECHE AR T AT 5 B OR UR T
UG WET 2T AR AR ZAREN I
B RSCH RO T BRSE P g 3 R, U P4 s B R AR Ak
SAF LG R UL AN B U o P R,
Aii AR AR LB K Y T S e SR L A A AL —
A H bR ] %?A%@EEE’JE%NEXC#%QHEIE%Tn’%’l\E
i BALTR] (4 5 S5 B AL, X 8 AR E BRI L R R BRI T
WA

LRW B8 440 & T AN [ 4F % B 1) 35 &, LA I 2 4
AT 5 AR AIE L Sk T RS LSRR L Sk A L U T T R AR IR
S AT LR 55 T ISR TR P A5 P g B BRI o IR
BAEEIAT IS, mT DR Az ke . LRW B
59 3 & 7 11438 43 L300 B T an 1l 6 TR

QEICIF QAT SR T80 540 OEGEF
!Eﬂﬂlﬂl-llilﬂﬂmiﬂ.ﬂil

Bl 6 LRW %4k 42 3 4t v i) it R
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