wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

Partition-Time Masking:—MEi5iRpI&iEILE 5 X
B, BRUKM

SIRAAX

tAF, BRI, Partition-Time Masking: —MEiEIRBIEIEIEIESAJ]. HHENRE, 2024,
51(11A): 240300139-6.

HU Yu, YIN Jibin. Partition-Time Masking:A Data Augmentation Method for Lip Reading[J]. Computer
Science, 2024, 51(11A): 240300139-6.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
NAWRNAINEE S ARSI EIERAR

Text-driven Generation of Emotionally Diverse Facial Animations

HEHNRIE, 2024, 51(11A): 240100094-8. https://doi.org/10.11896/jsjkx.240100094

ETFUUAKREM BRI A B RMRIRBAR
Study on Identification of Concrete Sand and Gravel Aggregate Types Based on Improved Residual
Network

HENRIE, 2024, 51(11A): 231000082-6. https://doi.org/10.11896/jsjkx.231000082

EFME-ResNet ABMERBRBGETL

Face Micro-expression Recognition Method Based on ME-ResNet

HEHNRIE, 2024, 51(11A): 231000053-7. https://doi.org/10.11896/jsjkx.231000053

ETHHEERREBN IR ETE

Feature Interpolation Based Deep Graph Contrastive Clustering Algorithm

HEHNRIE, 2024, 51(11): 157-165. https://doi.org/10.11896/jsjkx.231000209

THEEFIAESEN LR RITEE

Domain-adaptive Entity Resolution Algorithm Based on Semi-supervised Learning

HENRSE, 2024, 51(9): 214-222. https://doi.org/10.11896/jsjkx.230800102


https://www.jsjkx.com/CN/10.11896/jsjkx.240300139
https://www.jsjkx.com/EN/10.11896/jsjkx.240300139
https://www.jsjkx.com/CN/10.11896/jsjkx.240100094
https://doi.org/10.11896/jsjkx.240100094
https://www.jsjkx.com/CN/10.11896/jsjkx.231000082
https://doi.org/10.11896/jsjkx.231000082
https://www.jsjkx.com/CN/10.11896/jsjkx.231000053
https://doi.org/10.11896/jsjkx.231000053
https://www.jsjkx.com/CN/10.11896/jsjkx.231000209
https://doi.org/10.11896/jsjkx.231000209
https://www.jsjkx.com/CN/10.11896/jsjkx.230800102
https://doi.org/10.11896/jsjkx.230800102

http: /www. jsjkx. com

DOI:10. 11896/jsjkx. 240300139

Sy THHF

Partition-Time Masking: — i [ 1& iR 7l ${ #5128 58 77 7%

tH F OBRE%W
EHEIAF¥EREIRSENFRK
(1786702137@qq. com)

B B 650500

W OE RET—MBEERANEIEN R G & Partition-Time Masking, ZF & AR THhAKE BFHMHAXN > A S AT
B30 B 5 A 24T Mask 834 %6 BH & T 5 9042 5 3t AR AR A st 30 - Ml B RGO I N LA B 3% 69 S i b, K i 3 322 1L 4k
B. FERWARER SO T AKX EHEBAERRAR MEITT 5 AMEBRE. FE5BERNALFTREZGHBEE RS &
Time Masking #47 T sF b 23, 236 £ LRW 438 £ 4/ LRW1000 # 3 & Lt 47, 5 & 4 R & ¥ Partition-Time Masking 7 %
x 45 A M g 4R A 69 2R B4 T Time Masking sk, - F 59 2B 4 3. AL F & T 5 9] F 3 Wb 4 4 K, i Kk A
B 3 AR 49 B3R AR A DC-TCN &9 M AL M 89. 6 %042 % % 90. 0%,

K B35 75 3 Time Making ; # 4% 3 3% ; AL 5% & & 12 #) ; DC-TCN

HESES TP391

Partition-Time Masking: A Data Augmentation Method for Lip Reading

HU Yu and YIN Jibin

Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China
Abstract This paper proposes a new data augmentation method for lip-reading called Partition-Time Masking. This method
operates directly on the input data, dividing it into multiple subsequences,each undergoing a separate masking operation before
being sequentially reassembled. This approach enhances the model’s robustness to inputs with partial frame loss,thereby impro-
ving generalization. Five augmentation strategies are designed based on the number of divided subsequences and the source of the
mask values. Comparative experiments are also conducted with the Time Masking method,a pivotal data augmentation technique
in lip-reading research. Experiments are carried out on the LRW and LRW1000 datasets. The results indicate that the Partition-
Time Masking method surpasses the Time Masking method in enhancing model performance. The optimal strategy is identified as
using an average frame of each subsequence for masking,with the number of subsequences set to three. This approach improves
the performance of the state-of-the-art lip-reading model DC-TCN from 89. 6% to 90.0%.

Keywords Lip reading recognition, Time Masking,Data enhancement, Visual speech recognition, DC-TCN
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Table 4 Performance of different strategies on LRW dataset
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