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640920030 : Major (ELECTRICAL AND COMPUTER ENGINEERING)
Keyword : Lip Reading, Convolutional Neural Network, Long Short-Term Memory

MR. Aekapob JITTAKOTI : Development of Lip Reading Method From Video
Using Deep Learning Thesis advisor : SOPON PHUMEECHANYA, Ph.D.

This thesis presents a method for improving the efficiency of lip reading
through the analysis of keyframes using CNN and LSTM working together, which
combines the characteristics of image-based learning with sequential learning
features. When attempting to enhance lip reading performance using the entire raw
dataset, satisfactory results cannot be achieved. Thus, the selection of an
appropriate number of frames and frame selection for learning directly affects the
model's efficiency. The frame selection method is proposed through the Mediapipe
face detection library 'in Python. The study divides experiments into three main
groups: selecting 3, 5, and 10 frames. Additionally, the frame selection includes full-
Lip image frames and half-Lip image frames options, based on the hypothesis of the
symmetry of human body parts, both left and right. Furthermore, it demonstrates
the reduction of input size by half and compares the performance of the obtained
results. This proposes a lip reading method that has not been conducted before. The
purpose of lip reading is to aid in speech retrieval from heavily corrupted audio-video
files and also to facilitate communication for hearing-impaired individuals. In the
database part, the AVDigits database, an English language database consisting of
participants who are native and non-native speakers of English from 16 nationalities,
is used. The results of this study show that the proposed models, including the
crucial frame selection process, significantly improve lip reading performance for

both full-Lip image and half-Lip image, achieving high and comparable results.
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2.2.3 %’uﬁauimaugiai (Fully Connected Layer)

Jutuiisuednavastunauniilaeunfndifedungds iiunvin Pooling Feature
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(28x28x 1) (24 x24 x n1) (12x12xnl) (8x8xn2) (4x4xn2) ., OUTPUT
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SUN 2.1 Iaseingussamiieuiuunauligiu
11 https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-

networks-the-eli5-way-3bd2b1164a53

2.2 Tasevnedssanmiisunuusnagn (Recurrent Neural Network) wag #128a214918U

811 (Long - Short Tearm Memory)

2.2.1 laserneUszamieuwuusing (Recurrent Neural Network)
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i https://medium.com/@sinart.t/long-short-term-memory-lstm-e6cb23b494c6

E‘U‘ﬁ 2.2 Recurrent Neural Network

Uy manauas RNN AsnisA1uaian weisht 1ngn15AIUIUAT Gradient U89 Loss
function fiATugssinnndumudFuisudimn Wesinenaiilddulildunandasand
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INNITANNUYIAT derivative TuInEATIAnAUET Lz INAIMINAT Gradient
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2.2.2 KI8AUINFULII (Long — Short Tearm Memory)
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g‘dﬁ 2.3 N5V LSTM

fian https://medium.com/@sinart.t/long-short-term-memory-lstm-e6cb23b494c6
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NM59N91U4V9 LSTM azdasisendn cell state 1udainu state 989 memory cell
1AgAIMIUANNITINNUAISENTY Gate TneFsniazuAIuay cell state U gate 69 9 &
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2. Write Woddunaluditan Junnaingriasyinnisdmanidnluly cell state

A Y @ L [ 14 1 d‘ 1 -] [ = 1
301l D1oNANIEARISNANAI8AIDELS N1INAEUTENIaNAINLINNIToNIAN NI B LAY
AIUANNTIU Input Gate N15AAEUTR31Y Sigmoid Function M1nAeIn1seNANTBYA N3
WBONAENWLANEUTEUIANATN Input Modulation Gate lagldn1sandulanuu Tanh

Function
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2.3 n1315293ulunii (Face Detection) waz n1sfnuaausiaalunta (Face

Localization)

2.3.1 nsnsaaulunin (Face Detection)
A111 Face Detection Tuu19asIanu15aldA111 Facial Detection Ala 1w

JayeyrUszavgsuuunila [Wdwsuaumluniveswyedandeyasluuvluszuuiinea
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WA W19 3deirlAo Ui es (Computer Vision) lutagduilunuimdnAg fuay
wargnainUszianlidnezidu niseniusesluntn (Face Tracking) n13331lunin (Face

Recognition) NM5ALATI¥MLuMUT (Face Analysis)
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g‘d‘ﬁ 2.4 Face Detection

fian https://sightcorp.com/knowledge-base/face-detection/

2.3.2 Msfmunaausialunin (Face Localization)

nsimuagausalungndunisiissuunisessdvluniunsdesenlunsian

Auuriea1squsnalumimeel3endnegglain Face Landmark 1Wunisiinuadiwnus
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sl Library ided1 Mediapipe [25] unlusinsuniwn Python Tumseusuiluinayldidie
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g‘d‘ﬁ 2.5 Face Localization

i https://www.analyticsvidhya.com/blog/2021/07/facial-landmark-detection-

simplified-with-opencv/

2.4 Data Augmentation

vV
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gﬂﬁ 2.6 N15%11 Data Augmentation Iug‘UmWLLm

i https://nanonets.com/blog/data-augmentation-how-to-use-deep-learning-when-

you-have-limited-data-part-2/

2.5 U eNN8IVe

2.5.1 A novel'lip reading algorithm by using localized ACM and HMM:Tested

for digit recognition (Sunil'S. Moradea , Suprava Patnaik(2014)) [2]

v
o

Nuidsdidnausnisleisnisenusuiuinuuy non-deep learning laansld
wuudtaekanfinasuITdmsunTTsysEUInuardtauansidnsuenaudn v N
sU1Aanlun1581USHRUIN KavesnuanTRudaretnazgnilSeuWisuiy Usenaumeaiy
1A mnue1 ez NgwesuiiIn uazAAdN YA INTlIIN ke sANe ATIE
war Augesniu lunrsundndudunslidusuudiass wuudiaes Ergodic Hidden

Y

markov (HMM) gnldiduds wenUsznmnsaas Inefivuuinassaes Markov dnunldlunis
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FRNKRNRIRNITZ R e

x y-k) oW % yiky T
A gl ™" Gl OLN)
X
‘7
JUT 2.7 MInnusegFuriinandanasiu ACM
Database Feature set 3 state HMM R.R. (%) 5 state HMM R.R. (%)
Cuave H 44 58
W 33 37
A 40 45
W+H+A 66.3 78.33
In-house H 35 49
W 26 33
A 33 43
W+H+A 64.7 76.6

A ~ ~ o cav vo % Y % en'
E‘UVI 2.8 miNmﬁL‘UiEJ‘UWIEJUNaaWﬁVILLﬂﬂ‘UﬂWwUEJ;J‘Ja Cuave ﬂUE']uGUEJﬂ;IJa‘V]
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2.5.2 Improving the Recognition Performance of Lip Reading Using the
Concatenated Three Sequence Keyframe Image Technique (Lap Poomhiran , Phayung

Meesad, Sumitra Nuanmeesri (2021)) [20]

Tuanuddeiliinauedsnisnldluniseusudtuinainnisldnisiseuiidednuy
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19 lngsstawmallaildiin C3SKI (Concatenated Three Sequence Keyframe Image)
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96x32 finwwa JuN15anULIAYeBUNaNEIAliUsEanEAnAtuNT3I1AmRINN58 1Sy
Aunldd ABdenanlauiluneasuiugiudoya AvDigits Tudugudeyadiiavaina

Usenousieian 0 - 9 Tuniwidinguuaylaadiegiudeyavesdiies 19aed1 THDIgits 7
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90
85.23 85.53 85.62 86.03
85
80
£ 75
~ 71.77
oy
g
3 70
g 66.74
65
60
55.00
50
MDBN MDAE RTMRBM am-LSTM alm-GRU C3-SKI C3-SKI
[34] 135] [25] [36] (19]
AVDigits THDigits

JUT 2.10 nsmkansUseivsnmvedisninaueiuisnisneumi

2.5.3 End-To-End Low-Resource Lip-Reading With Maxout CNN And LSTM (lvan
Fung, Brian Mak (2018)) [13]

(%
o 1 a

unaNudiauaaantdnenssuntglunisonusuiiUinlagld CNN saudU LSTM W1y

Activation unit #i3e MAX-OUT netdadetesudifiusunaties ludiuves MAX-OUT 1y

Y

= a

Activation 7ifmnuideuieuazivszansnim vauldadleldsusu Dropout awnsadiag
T4unu Activation ReLu l¢f uazgrudeyafiianfiansaniidein ouLUVS2 meluuszneuly
Fudn 52 AU 18 39 w13 wseenidu 3 d dwil 1 fuaw 0 - 9 dwil 2 K@Rlives
10 f1 dawil 3 Uszloadiltionmnaingiudeya TIMIT Seidullviunaiidosdefisuiu

gutayasg1s LRW ludruvesanrdnenssudunisldauves CNN Au LSTM Usznaudae

£
v A

ConV 8 layer uag BLSTM 1 layer lajﬁ%y’usuaq pooling layer nani1snaaswudail

WUUTIRBY MAX-OUT Mediuwed CNN wag LSTM lvidseaniamgenitwuudiasduadil

I =

87.6 % usinifinufieszeziaaInsinaougafiand 7.8 Walus@anninluildfs 3 wih uaz

q
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NN IVIUTUTDY MAX-OUT tuanusaiiindsednsainls wadnuiutuiuiniululy
aunsaIiuseansnnlaaadukasiuiaiuu lun1sveassmaiiudnuiuty Useansam
NAfanag 4 1 87.6% nisiiinlu 5 du lanusaiiuuszansnmlauntu 86.3% uagly

LANUNSHNEDUNINDY 10 F2la

Method (k£ = 4 for maxout) Accuracy (%)
Auto-encoder with tanh-BLSTM [3] 84.5
ReLU-CNN with tanh-BLSTM 84.6
ReLU-CNN|with maxout-BLSTM 84.4
maxout-CNN with tanh-BLSTM 85.6
maxout-CNN-BLSTM 87.6

JUN 2.11 msunsilSeuifiguanusiugivesiiduunlulsiazuuudnged

Method (k = 4 for maxout) Time (hr)
ReLU-CNN with tanh-BLSTM 2.4
ReLU-CNN with maxout-BLSTM 2.5
maxout-CNN with tanh-BLSTM 7.8
maxout-CNN-BLSTM 7.8

JUN 2.12 msumsilSeuiiiguszesanildinaeuluudagiuudnaes

maxout-CNN-BLSTM | Accuracy (%) | Time (hr)
k=2 85.6 4.2
k=3 86.1 6.2
k=4 87.6 7.8
k=5 86.3 10.0

JUM 2.13 915190150 euiigun1siiiednuiu Feature maps (Maxout)
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2.5.4 End-To-End Visual Speech Recognition With LSTMS (Stavros Petridis,

Zuwei Li, Maja Pantic (2017)) [11]

unenuiinaueaannenssuildlunisenusuiiuinlagld Deep Learning ludu
193 LSTM iflosannludasnadunuideluiFosmesnisgusuiivndnisldem LSTM
Aoudnsten wuuassiifuuuudassusniiannsodeuifesatnandnuureonunain
fnwaldlnensiazauisaiinissisunlandeng i Sadunsiauidanuiamilunis
gnisaElunlutieaniiy ImaLLUUf\i’ﬁaawzgﬂufu'aaaﬂLTJuamz‘huﬁ%ﬁﬁmuMW%@uﬂf"fuiu
nsafaudnvaraIngunmvesUInkazgUn miiiiuns Diff lnsvsassdauiadianin
LSTM 138191 Bidireactional LSTM (BLSTM) nansdvesdanesfiuuansla aegy Tudiu
auteasiiunisainnudnwugananusnasudvintaessaludeyauuy static Tudu
fuvnazdunsatnaudnynyanamiiLng Diff iloifurudnvaznsadoulndly
vngiufuteyauuy Dynamic negudogaiilfasdassgiudoya 1) Ouluvsz 2) CUAVE
giufioya OuluvS2 Usznauelin 52 e 10 /1 3 adsianun 156 adilunsya 1 é de
1 au LHufniwndangy uaggrudoya CUAVE fiaunn 36 Au waan 0 — 9 $1uau 5 ads Tu
usiazAu anuaagil 180 ﬂ%ﬂuﬂ’]im@ 1189 s 1 AU 3UnWEHUNTIgndneentazgnan
VWIALNRD 30x50 HNLea Iumifwmaawzmaaaﬁ%amgmﬁﬁagaLU%ULﬁ&JUNaé’WﬁuLLﬁiag

F1uteya

| Softmax | Target

| BLSTM (250) |

LSTM (250) LSTM (250}
Encodlng
Layers
1000 1000
t i
| 2000 | | 2000 |
— I — I
Image Diff Image

5UN 2.14 aanUngnssuminaue
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Method Classification
Accuracy
End-to-End (Raw Image) 78.0
End-to-End (Diff Image) 75.8
End-to-End (Raw + Diff Images. Fig. [I) 84.5
DCT +HMM [22] ¢ 74.8
Latent Variable Models [22] T 73.0

JUN 2.16 msen1sdSeudseaninmannuudugiveinisdnwuntulsasiuudnaedves

F1utaYAOUlUVS2
Method Classification
Accuracy
End-to-End (Raw Image) 71.4
End-to-End (Diff Image) 659
End-to-End (Raw + Diff Images. Fig. [1) 78.6
Deep Autoencoder + SVM [4] 68.7
Deep Boltzmann Machines + SVM [23]] 69.0
AAM +HMM [24] 1 75.7
Patch-based Features + HMM [25] * 77.1
Visemic AAM + HMM [26] 1 £ 83.0

JUN 2.15 ansamsidSeuiigudseansaineanuusiugvesmsiuunlunsazuuudnaasves

g1utaya CUAVE
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2.5.5 Lip Reading Word Classification (Abiel Gutierrez, Zoe-Alanah Robert
(2016)) [12]

unanuitiaueniseuiaiiuinannsinunisiinusiuiuresanidnenssy
CNN wag LSTM Tuguuuusingg uagihuiuieuiisunaansvasuseansninveenisdniuniy
uiazLUUSIaesfiad sty Usenaudie wuusiaesiiadnenin 1) CNN+LSTM wuuiiugiu 2)
Deep layered CNN + LSTM 3) ImageNet Pretrained VGG-16 Features + LSTM 4) Fine-
tuned VGG-16 + LSTM aateyaiildiidoin MIRACL-CV1 Tnsneluusznouludne amaddl
Aruiudnveswnvianun 15 au lasflusnuazagyinniseondesdinm 10 f1 uag 10 73 10

ATl ULAALSOU ANUAZLDR 640x480 NNLYa IRLaRWSULSNA 15 WS U7 Jn1sitinsy

9
Ya v a

FALA 4 — 27 1SU F1e819 A1 Lag @NLEIAYE | am sorry, start, begin, Nice to meet you
@ v v a A o a ° . %
Jusu melugadeyaiinisitudmiudunalaenisviv Data Augmentation Usenaulusae
M3 Mafisvuevesguady 3 winluwulns Ensndusinuguain wagdunisiia noise
Tuwsasgu nsyalunsazarazudiluusiazsududunaiuueynsulaeilifinisidenisy

[

wazi Nk uuInasiiavinniIsiinaauLas lanadwssall

Model Training | Validation | Test
Baseline 85% 64% 39%
Deep CNN + 52% 39% 25%
LSTM
Frozen VGG + 100% 76% 55%
LSTM
Fine-tuned VGG + | 100% 79% 59%
LSTM

JUN 2.17 ansamsidSeuanudseansannanausiugimsiuunlugliuuvesnisilngeu

N1SHTIVFBULALNITNAADUVDILUUINABIMULARLLUUINGD
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2.5.6 Towards Pose-Invariant Lip-Reading (Shiyang Cheng, Pingchuan Ma,
Georgios Tzimiropoulos, Stavros Petridis, Adrian Bulat, Jie Shen, Maja Pantic (2020))
[15]

unANNELelUUTIa0IN1IeUsHEUININATHNARUYBIiNnluFULUUANGY
mn%’ayjaﬁé’mmwﬁﬁumLaqt,mumilﬁuam’m wuSaesiiaueiivssansniniuiy
pgannnnuiiaueifeumihlusuvespmesmtilitunss uasdsnsdiuszdnsam
fiwdlonindunuildluyuuesiivunsmdenuuesiléunuseuqsuiluin lnonsld

wuus18999931 3D Morphable Model (3DMM) fugrudioya LRW wasgudeya LRS2

Original frame Frame fitted
3 landmarks detected) with 3DMM

Original frame Rotated mesh Synthetic profile image

E‘U‘ﬁ' 2.18 119911 Data Augmentation 970 3DMM

Tudiuvean1s¥in Pose Augmentation t1WunI15a599uuUdaes 3D Wipdulasaitiuuuai
ffngudeya LRW wazn13vin Augmentation Tukuy 2D Aianis 1) n1sifiuvseanuin
970 0.8x - 1.2x 2) N13%1 downsampling ¥89NIMUIIUUIN 0.4-0.8 V83VUIALULAAZAIN

NUUA upsampling NAUNTUYLINVBIFUA WAL 3) d1NT156AY noise U3HIasaulIN

og T
o0
= A
00
¥
= = o 00 2 L
Mouth ROls 3D Conv. ResNet-18 Z2layer Bi-GRU Softmax

JUN 2.19 anUngnssuiiaue
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guteyailtlunsisuiisunsmaassszneuluse 2 rudoya
1) LRW Hugrudoyaiifidoyaneninuasidosiifl 500 dArfluandisiu nnely
Usznausiegne 1000 A Tuudazniseendesasd 29 wisu grudeyagnuuseanidu n1s
Anaeu 800 AluusiazAand wazn1snTIIdeULazN IdeULUean Y 50 Aluudazaaid
2) LRS2 Wugnudeyanvuninuasidssuasdenuanluniigyaiusiusivain
BBC TV flauuUsusiurendue1ilun1snaiin uagyimiasiuniadsyvegnm In1swus
sonundumililumsiinaeu

nan1snaasadulusiail

Accuracy (%) on different test sets

Models LRW | LP | LRS2 | LRS2-Ba
M[LRW] 82.78 | 69.86 | 57.05 | 5439
MI[LP] 81.67 | 79.08 | 5725 | 5443
M[LRW+LP] 83.08 | 79.38 | 58.86 | 56.02
MILRW]+Aug2D | 83.20 | 72.14 | 5884 | 56.07
MI[LRW+LPJ+Aug2D | 83.08 | 79.53 | 59.60 | 56.78

[ M[LRW+LRS2-Ba] | 8273 [ 69.62 | - | 5939 |

JUT 2.20 msensideudseansnimanuuiugianyanaaeulunsazynluudag

LUUINADY

Accuracy (%) on different poses
0°-15°15°-307|30°-45°|45°-60°|60°-90°
M[LRW] 58.11| 55.18 | 49.62 | 41.73 | 23.07
M[LRW]+Aug2D |60.26| 55.64 | 50.55 | 44.64 | 2041
M[LRW+LP] 59.19 | 55.77 | 50.67 | 48.16 | 38.99
M[LRW+LP[+Aug2D| 59.69 | 56.24 | 52.86 | 49.54 | 39.68

| M[LRW+LRS2-Ba] |63.42] 59.24 | 54.29 | 49.34 [ 35.76 |

Models

JUN 2.21 msuemsilSeuiiigulsgavsnimannafiudeyanageu LRS2-Ba Tuusiayyuveenis

Y

N



Accuracy (%) on different poses
0°-15°|15°-30°(30°-45°|45°-60°|60°-90°
M[LRW] 55.77| 4486 | 28.22 | 952 | 7.89
M[LRW]+Aug2D |57.35| 47.2 | 3278 | 9.52 | 10.53
M|LRW+LP] 57.08 | 48.28 | 38.59 | 30.16 | 23.68
M[LRW+LP|+Aug2D| 57.77| 49.95 | 37.34 | 26.98 | 21.05

MILRW+LRS2-Ba| | 60.79| 51.6 | 34.44 | 22.22 | 10.53

Models

JUN 2.22 ansunsilSeuiieudseansninainadudeyanaaau LRS2-Ba luwsiay

HUYDINIINUNLN
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A = N Y o Y o o Ay Y v
15199 2.1 MSIUSYUNYUVDALALZYDINNAVDIINUIREYIRU

YAUNAINUINY

Y a
YA

S hoRlG

HMM:Tested for digit
recognition (2014)

A novel lip reading algorithm

by using localized ACM and

Wudsnnsiualugnananiiv

TIN5t HMM model

Wudsnsian Taelu
TagUuly Deep
Learning T¥Usg@nsnw

= 1
NI

Improving the Recognition
Performance of Lip Reading
Using the Concatenated
Three Sequence Keyframe

Image (2021)

14 CNN aziiausiatia
nstaenmsudAgNoan

Juugunn

End-To-End Low-Resource
Lip-Reading With Maxout
CNN And LSTM(2018)

Activation Unit Max-out

\inUseansamleg

Tgnanlunsinasuuu

End-To-End Visual Speech
Recognition With LSTMS
(2017)

dinuseansamlagle LSTM

W11 Raw and diff image

Lip Reading Word
Classification (2016)

Uszansnmuesnsly pre-

train model ﬂ'ausﬁngfl

\fim overfiting AugUAM
Tnuidlamediu vl
Useansnmilbeainnig

NAFDULDY

Towards Pose-Invariant Lip-

Reading (2020)
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a = 3 1% [ ! L a aa N o w
Anufleuuaziianuiluaina lnedeyasinaieglusuwuuvesnduinle viieaduvesgunn
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] a IS
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Y
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[ Ao [ P 1 fm— v ) av o d'
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3.1 AMMWSIUVBIIDNITASUUVINABINTITEUIUEUIN

Data training

| }

Database —> Data preparation Model CNN and LSTM| —» Classification

| ]

Data Testing

JUT 3.1 NI URaUNNTASIHUUTIARIN1TEUSHRUN

aenlananaluuadluauideiilduagudeyandedn AV Digits u1ld laglaminue
= o P Y] = N A A a A gy Y
YoulwavasuReyadayafidusiuay 0 it 9 lunwilneddndeniiuiiudelddoyanngyn

wuunihaseneglugudeyadinanity Inedeyanind1nu1anEdnsINNITNARRINILA
AN Y v

53 AU 16 dguianinadivesnnekaglilaidnzesnw Gstieindudeyaiinunainvane

kY

dounldgruteyansouiwoniunusinisnaassueaininds doyanmunazdewiiunis
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ué’qmﬂﬁu%ga%waaamﬂu 2 nga Ao NaNYes Training Lileadatuudiass uavnguves
n13 Testing iiesgiiumuannsafivusaessdousld eld 2 dwdudrfoyaazdaty
wuudnaedlu block 13831 Model CNN-and LSTM Ingdeyafiazdadiuuuiiansazgn

SeeEAUWTHag19QNABL L ILAINNIINIUWSUAINMINARRY LUUTIABIREYIINITSUS
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Toyailduguninluneuaduissuianuduiusyesnisiudsunadunsas sunmidad
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3.2 MIAsENnNsUaya

3.2.1 g1udeya Av Digits
aelugnudeyan¥edn AV Digits Wudugiudeyaniasisuiiensnyiieiiunis

g1usuRUInlagiamzlagnislulseneulumedeyanaunsatiunldieniseusuiluin

v -

o 1% o/ 1% I [ Y [
mmuimalmamama;ﬂawﬂ’s 2 0 AD GUWZJ@llﬁ‘VlLIJUGYJLa‘USLUﬂ’TH’]ENﬂE]H 0-9 LaSYR

9 Y

mauﬂamﬂmaam 10 ']ﬁiﬂﬂ'TliﬂENﬂf]“l%]ﬂﬂﬂﬂﬂmi%ﬂﬂﬂﬁiﬂuﬂiﬁmaﬂaﬂ 3 Inuatiufe 1uun

[
= v

Uni Tnuadsansgdu waslnualufiides suludsundeweinisaevinvianun 3 yu fe v

¥ v
¥ (Y

a ¥ ¥ a Y 1 ¥ ¥ =
#1939 LB8Y 45 B3AN WATAIUUN Iﬂsmsglﬂmmms‘wmaaqaswgwmamauwwm 53 AU 31N 16

Y

(% [%
Y

doyey i {iinsamagyinistuiinnisuavesiiesilasuneuninenmun 5 a3a lagluusaz

1%
o o

Asarlifinselrunadunisunagaiu wazldda space bar WiewunusazAmauantiiouen

=3

wakazdufinaslid excel dsny landeansldtoyaainita 53 fidrsan waglinings

p 2
[ U U

Tuiiaw 0 - 9 Tunwdingy 15agiideyananun 2,650 faegeazdunly

a

NYAToyaL

lunsnseuteyadmiuasiuuuingnedi
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JUN 3.2 Wawmesilandininaniuilvandeyaaingiudeya AV Digits

dieanulrantayanifenisuiwa tsnvsladeyadagun 3.2 Instevedlnamesay
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11971 Condition wanefialvualuniswagadeyatiu CO1 vuneddluunund wag R §a1131n

RV

(%
(Y |

Repetition vsnfiednuIusauviinIsuaiinaus RO1 84 RO5 luudazgyavasuiazluuanis

[

no Tuwsaglnlanesddmlinnfelngd .CSV Nuanfiagisianvesiavinawazanuveuauiy

'
a

:.’1 G| a 1 . . A 1 o I % v A o Y = 1
AU NAYIBLTENI timestamp file lngdasingg Tuludesiivevinisidnfimeg

1%

19999849
Waweiauatuivlvawmesvatenisiennugnissuestoyadiiagisvesiad .CSV Mdiie

wansAdTUSYRIgIIANiuA i UNISIAvRILsaiaunslurfUIRlewanalaRIIUN 3.3

Relative_Start_Time Relative_Stop_Time Absolute_S Absolute_St Utterance

0 18310000  1.5E+16 1.5E+16 9
18310000 35870000  1.5E+16 1.5E+16 5
35870000 54510000  1.5E+16 1.5E+16 0
54510000 71000000  1.5E+16 1.5E+16 6
71000000 87900000  1.5E+16 1.5E+16 7
87900000 108200000  1.5E+16 1.5E+16 2

108200000 123450000  1.5E+16 1.5E+16 4
123450000 142500000  1.5E+16 1.5E+16 3
142500000 161120000  1.5E+16 1.5E+16 1
161120000 180160000  1.5E+16 1.5E+16 8

U 3.3 Time stamp file dmTulanIANUEITLSY0LIAAUATUNITNATDINITYA

savnelunduinle

JUN 3.4 mTuvesduneunsingalun
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3.3.2 Face Detection and Face Localization U Mediapipe
luwsiaglnaweivesyadeyavzUseneulumeniuinledmsuniserusuiuinnioy
Aulng time stamp LilossyInIa1dIna1 lutunaunisadaiensusuiun Wamasyn
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sendndgyaviinsye sunmeessrunflduntuaslinivauanseazideavesuiluin
wnnulinazlduavauueshiiunisinfoulmdiud us vamseua3uRUIn feg1eanisly

laus13 Mediapipe Tutunauvesmsanagunwsaluinuanslansgun 3.4

3.2.3 Junounliu@steyasuliin 10 insuanving
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[

TyavldgnveINslisulusunsliveasagntayankunIsne Ll il Tunaudiil

1519ENseuisvedlnameiIngIuteya AV Digits M51A131lranwn Lieyiin
suwgumaiieyanielulaeteganelulszneulume 2 llandanuddgyiude Tid
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YoulsuARN1sIARINa1lUMSME 107 Wagameie 30 fifurveansuisnvesnduinle
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tfugnym uazdn 1 column de Utterance Hunsduveniwiuaviiridmalurmedulagly 1
Faviinafisuiumsuinninesusindnavauiménfesisy Welddoyadaavia 10 1
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time stamp fie1usniiufie 10 sou Tuusiagsouazyhnndendeya Utterance fudidumisy
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Start

Foldername = all folder name

read csv file o o
Tusunsuaasu

flin

for loop in fordername

265 say
furinauuvsuionuanas

A AARIUNSELIUNISLEaNUN

ual

u = [list avaAUNMSHALAT]
s = [list 2091 WsHBueY] <

t= [list zassugaving]

keepallimg = [lish uavivlsu

auua]

for loop in 10
no .
FHOAILALAL 0-9 )

total frame pernum
wilu list 4@ AstAvEITUIULYSY
Vouun Tan sudusu +2
wsugavine -2 wlsuassnateay
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model = Sequential()

model.add(Conv2D(64, (3,3), activation="relu’,padding="same’, input_shape=(64,64,3)))
model.add(MaxPool2D((2, 2)))

model.add(Conv2D(64, (3,3), activation="relu’,padding="same"))
model.add(MaxPool2D((2, 2)))

model.add(Conv2D(128, (3,3), activation="relU’,|
model.add(Conv2D(128, (3,3), activation="relu’,|

model.add(Flatten())

model.add(Dense(1024, activation="relu"))
model.add(Dropout(0.2))

model2 = Sequential()
model2.add(TimeDistributed(model,input_shape = (10,64,64,3)))
model2.add(LSTM(256))

model2.add(Dense(256, activation="relu"))
model2.add(Dropout(0.2))

model2.add(Dense(n_labels, activation="softmax"))
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LATLUUTNRBIN WALl UST SN 2 3 w5y

1IN
Acc/Loss | Val Acc/Loss | Checkpoint
wuusaesiinauiluszesd 1 sy | 0.985/0.026 | 0.710/0.179 281
wuuaesiinauiluszesi 2 Wsy 1,000/0.010 | 0.715/0.170 140
wuudaesfiimuluszesd 1 a3ansy | 0.838/0.098 | 0,644/0.172 285
wuuaesfiimuluszesd 2 a3ansy | 0.998/0.011 | 0.698/0.182 244
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Acc/Loss | Val Acc/Loss | Checkpoint

wuUSaesinauluseesd 1 @Sy 0.997/0.009 | 0.755/0.151 292
meﬁ’waaqﬁﬁwuﬂmwzﬁ 2 L@y 1.000/0.003 | 0.788/0.149 204
wuuSansiivaulusees 1 Asansy 0.959/0.043 | 0.722/0.152 297

wuusansiinauiluseesd 2 Asansy 1.000/0.005 | 0.764/0.159 241
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Temporal Keyframe Technique Based on CNN and
LSTM for Enhancing Lip Reading Performance
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Abstract—The purpose of this research is to present a
method for improving lip reading performance through the
analysis of temporal keyframes using CNN and LSTM. The
performance of the model is determined by employing the input
data from the data preparation process. The lip image data is
divided into three groups for development: 3 frames, 5 frames,
and 10 frames, which include half-lip image data. Lip reading
research has mnever been conducted before based on the
assumption of a typical human body shape with left and right
symmetry, as in this study. When the unseen test set was
evaluated, 10 frames achieved the best recognition rate, with
results of 0.879% accuracy for the full lip image dataset and
0.868% accuracy for the half lip image dataset, exhibiting
comparable performance.

Keywords—Ilip reading; convolutional neural network; long
short-term memory; temporal keyframe analysis

I. INTRODUCTION

Reading lips in general is the capacity of humans to
understand communication without sound, but it can be seen
in the way the lips move. Later, humans developed
mathematical equations for modeling the transformation of
words spoken into text by lip detection using various methods.
Inimage processing, lip reading is one of the applications used
to build models that can learn and recognize words, phrases,
and sentences by analyzing the visual information around the
lips. Lip reading can be known as speech recognition in some
research and may provide both images and audio. The process
is referred to as Visual Speech Recognition if only images are
used. Similar to this, if sound is added to the information, it is
referred to as Audio-Visual Speech Recognition. Lip reading
is a difficult task because many spoken words are
accompanied by lip and facial movements. For instance, a lip
movement may signify a different word depending on the
sentence's context. There are many applications that take
advantage of lip reading’s capabilities, such as recovering lost
audio information due to noise disturbances in video by
transferring lips movements into words, communicating with
the hearing impaired [1] and so on. It is obvious from the
aforementioned advantages that lip reading research is
constantly improving and advantageous to education and
development.

In this paper, we design a novel architecture for lip reading
using Convolutional Neural Network (CNN) to extract
features from images and Long Short Term Memory (LSTM)
to classify targets, which can produce better results. A larger
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and more recent audiovisual database [2], which contains
normal, whispered, and silent speech but only normal and
frontal visual information, was used for all these experiments.
According to the large number of databases that are
accessible, including those that contain words, phrases, and
sentences, we would like to restrict the scope of our research
by defining all the data utilized as pictures of speaking the
digits 0 to 9 in English from the database stated.

II. RELATED WORK

The model building of the lip reading process has three
main parts: first, input selection; second, an extraction of
features method from the lip image that mostly provides video
data; and third, a classification method to classify targets. Due
to technological constraints and the low efficiency of image
feature extraction, the early research work was difficult and
resulted in a low performance recognition rate. Duchnowski
etal. [3], used a traditional mathematical linear transformation
method named Linear Discriminant Analysis (LDA) and
presented it. Shortly after, Principal Components Analysis
(PCA) [4] was published with a similar method and improved
slightly in efficacy. Thereupon, Discrete Cosine Transform
(DCT) [5], Logicality Discriminant Graph (LDG) [6], and
Action Contour Model (ACM) are all results presented that
had the potential to produce higher recognition rate
performance, respectively. Hidden Markov Model (HMM) [7]
has been widely used for speech recognition and has been
presented by these studies above as a classifier. Another is
Support Vector Machine (SVM) [8] also received attention
during that time. These are a few examples of how to build
model lip reading using different methods early in the research
development.

Presently, lip reading research is also becoming
increasingly popular as a result of the effective development
of deep learning models. Numerous studies have developed
different deep learning techniques. At the beginning of the
neural network process, N. Rathee [9] approved lip reading
using the Back Propagation Neural Network as a classifier and
the Local Binary Pattern (LBP) as a feature’s extractor. CNN
is one of the most popular and is used to perform feature
extraction from images, which is a trademark of CNN’s. S.
NadeemHashmi et al. [10] designed twelve-layer CNN with
Batch Normalization investigation. T. Ozcan et al. [11]
demonstrate the design architecture of CNN compared with
CNN pre-trained models such as AlexNet, GoogleNet and the
number of minibatch sizes used. N. P. Akman et al [12]
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proposed the architecture of a dilated CNN. The underlying
concept behind Concatenated Three Sequence Keyframe
Image, or C3-SKI [13], which we are going to discuss in the
next part, is the technique to select three frames that are crucial
for learning the model. Another is LSTM. which has drawn a
lot of interest for its capacity to classify time-related data.
There has been a combination of CNN and LSTM architecture
[14], [15], [16], and [17], which use CNN as a feature
extractor and LSTM as a Classifier.

Choosing input data is a crucial component of the system;
the model's effectiveness may simultancously increase or
decrease as a result. The data must be accurate for the
system's performance to be at its best. The model learns
slowly because there is too much redundancy in the data,
which doesn't give 1t any learning value. The majority of that
information comes from sizable, unnormalized databases
(some databases are in-house) and is stored as video clips on
platforms of varying lengths, depending on the length of the
words or sentences spoken. silence moments. and mouth
movements that influence the next speech. To get the best
results, more diverse databases need to be organized more
precisely. Many researchers have offered their own data
sorting to compare outcomes. The usage of these approaches
has been covered in the research that has previously been
mentioned, whether it be the conventional CNN method or
the combination of CNN and LSTM. P. Sindhura et al. [18]
crated a 4x4 matrix of concatenated images, including 16
frames. that can be used as a demonstration of how they fed
this type of image information to the system that is most
commonly used in the CNN model. There might be more or
less than that in some literature.

The database serves as a platform for comparing
algorithms that have been published in various research
articles. The database contains video clips, picture, or other
forms of data for cach database. Grid Corpus [19] is a
database that contains audio-visual information about
sentences spoken by 34 people (18 males and 16 females) and
totals more than 34,000 sentences in 2006. AVletters [20], the
Avletters database has collected 10 speakers (5 males and 5
females) who pronounced each letier from A o Z three times
in 2002. MIRACL-VC1 [21] was published as a database.
including both depth and color images. There are ten words
and ten phrases both uttered by 15 speakers (5 males and 10
females) 10 times in this database in 2014, In this study, we
use a database called AV Digits [3] which has been available
since 2018 and has been cited by a few researchers. This
database contains normal. whispered. and silent speech.
There were 53 participants from three different perspectives
(frontal, 45, profile) and uttered five times digits and phrases
in three modes. The number of digits is utilized from 0 to 9
which is essentially used in the accustomed dataset. The AV
Digits database is arduous and sophisticated enough to
investigate and develop lip-reading system algorithms,

I1I. THE PROPOSED METHOD

This section describes the content of a proposed
framework for lip reading that was used lo learn the English
digits dataset O - 9 from the database, which includes three
key sections: Datasets, Data Preparation, Model Architecture.

A. Datasets

First, it is critical to show the database's details. This
database. known as AV Digits, was released in 2018. Both
digits and shorl phrases are present in the database. There are
three independent speech modes—normal, whispered, and
silent—as well as three different viewing angles: straight face,
45 degrees, and 180 degrees away from the three camera
recorders. We primarily offer the straight face and normal
condition form digit datasets that were utilized in this
research. All participants were asked to utter the English
numbers 0 to 9 five times in the digit section. This indicates
that among five videos of one individual speaking in each
single mode, different numbers will be mentioned. The spoken
numerals are uttered in a random sequence. Participants who
were not native speakers were asked to complete the identical
objectives as those who were. The average age and standard
deviation of the 53 people participating (41 males and 12
females) from 16 different nationalities were 26.7 and 4.3
years, respectively. The recordings were made in a laboratory
environment utilizing three cameras with a resolution of
1280780 at 30 frames per second at three different angles.
Audio from the camera's connected microphone was also
included in the video clip at a sampling rate of 44.1 kHz. The
speaker records each digit that is responsible, and the space
bar follows by being used to separate each digit in the video
to provide a timestamp for each utterance.

e P\ 4
= = =
Fig. 1. Example of face landmark 468 for lip extraction on the dataset.

B. Data Preparation

Each time a number is spoken, the length of the duration
varies based on the uttered digit or the person speaking it; for
instance, number 0 has two syllables and number 1 has one
syllable. The number of frames utilized in capturing speech
varies depending on the pace of the speaker. Speech
recognition is challenging since the same lip motions might
result in distinct words, as was mentioned in the preceding
section. Therefore, to identify the most useful frames for
learning, the visual information allowed by the model lip
reading system for analysis must be normalized. Choosing
the most appropriate number of frames for speech is the one
that fluctuates, identifies lip movements, and cnables the
model to learn as well as recognize uttered digits more
effectively. The steps for data preparation are as follows:

* Face landmark 468 point proposed in [22] was used in
this section via Mediapipe [23] on the library Python
language program and can set the spot around the lip
to be more precise. The following points were taken:
57, 164, 200, and 287. As shown in Fig. 1.
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® A timestamp is an indication of the time that digits arc
uttered in a video. All speaking numbers of digits have
between tens and hundreds of frames. The speech's
starting and ending frames arc moved slightly toward
the center in the next two frames, and the middle
frames are preserved as variables by skipping two
frames at a time. The sections of the frames that
indicaled lip movement were then manually selecled
from the collected frames. In the end. 10 frames are
selected randomly to represent a spoken number with
complete lip movement

e Because the data is compiled randomly from the
beginning, there arc many factors that dictate that the
same scquence of frame in cach uticrance is not the
same frames in every utterance. As a result, we
configured the frames to be utilized in this experiment
as [rames 2, 5, and 8 [or three [rames and 2, 4. 5. 7. and
8 for five [rames.

C. Model Architecture

The proposed model, which consists of 3 CNN blocks
with a total of 6 layers and utilizes “same”™ padding, 2 Dense
layers. | Flatten layer. 2 Dropout layers, Timedistributed 1
layer and LSTM 1 layer, combines both types of CNN and
LSTM for development. All Tayers use the activation function
as RELU, except for the classification layer applied by
SoftMax. The shape of the input and model archilecture are
shown in Fig. 2.

Conv2d (64, 353 Inpul: 64.64.3)
MaxpoolZD(252 Output: 32.32,64)
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Dropout(0,2, Output: 1024)

CNN B

i
1
]
1
]
1
1
1 CNN Block
1
1
1
1
]
1
1

1 sdupy amieag

patasTe AfIg
NND

e

{T.m:um.mum(mlnn 1024 Output: timesteps, mzn] r

1
3 =
1 @
1 1 2
1 c
1 g
1

"

[LSTM(JSh. Input: timesteps, 1024 Output: 25&;}

Dense(256, Input: 256)

Dropout(®,2, Qutput: 256)

WIST

pawouue) An

Tig. 2. Inpul image sequence and Purposed model.

() Full lip image sequence (b) Half lip image right side sequence

Fig. 3. Example of input with full lip image sequence and half lip
image right side sequence.

IV. EXPERIMENTS

In order to determing the best performance, we separated
the experimental into three groups in this section: 3 frames, 5
frames, and 10 frames, with half-lip image datasets included.
This dataset is offered to examine the experimental
performance under the presumption of a typical human body
shape with left and right symmetry, which has never been
done previously in lip reading rescarch. Fig. 3 depicts the
shape of the input sequence, which includes full and half-lip
images.

A Trainning Setting Information

Because the input labels contain a one-hot encoder, we
usc an Adagrad optimizer with a learning rate of 0.001 and a
loss function of binarv cross-entropy to train the model with
ong balch size. In order (o save the training's best value, the
function ModelCheckpoint is called for an epoch of 300. The
(otal speech data is 26350, and 2120 were utilized for the
training process, with 80% being used for the training set.
20% for the validation set, and 330 for testing. The
dimensions of 64x64 for the full lip image sequence and
64x32 for the half lip image right side sequence are presented.
B. Results of Each IFrame Sequences on Ouwr Famework

The outcomes from the model we proposed across
different frame sequences will be investigated using full
frame¢ and half frame lip data in this cxperiment. Frame
sequences or full/half frames are trained and tested separately
in all cases 1o obscrve the performance oblained by 1) halving
the size of the input and 2) the number of frames used. As 4
conscquence, the greatest number of [rames used. which is 10
frames, is the most accomplished. In the last checkpoint of
the full lip image datasets, the model achieved the best score
for recognition rate from the unseen data, with 0.879%
accuracy at 136 epochs from the full lip image dataset. The
madel was able to adjust to 0.868% accuracy at 268 epochs
from half-lip image dataset in the meantime. When
compared, it was discovered that 10 lip image frames may
deliver a litlle supcrier performance. Other metrics are shown
in Table I for the full lip image and Table 11 for the half lip
image.

TABLE L RESULTS OF EACH FRAME SEQUENCES WITH FULL LIP
TMAGE DATASET 0N PROPGSED MODEL
Number of frame sequences
Metrics
3 frames 3 framres 10 frames

Training Accuracy/Loss 1.000/0.010 | 1.000/0.003 | L.000:0.007
Training Val AcUmey’ | o 750 170 | 0.788:0.149 | 0.849/0.102

Val Loss
Model Last Checkpoint 140 204 136

“lesting score (unscen data) 0775 0.832 0.879
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TABLETI RESULTS OF BACH FRAME SEQUENCES WITH HALF LIP TABLE TIL EVALUATING THE PERFORMANCE OF METHODS BASE ON
IMAGE DATASET ON PROPOSEL MODEL THE AV DIGITS DATABASE WITH THE UNSEEN DATA
Number of frame sequences Recognition rate on number of frame
Metrics Method ip i
3 frames 3 frames 10 frames - (full lip images)
3 frames 3 frames 10 frames
Training Accuracy/Loss 0.998/0.010 | 1.000/0.004 | 1.000:0.002 N -
Tramma Val & . C3-8KI[13] 0.645 0.717 0.734
raining Val Accuracy’ 5 5 | 23
Val Loss 06980182 | 0.764/0.159 | 0.823:0.126 Proposed Method 0.775 0.832 0.879
Maodel T.ast Checkpoint 244 241 268
Tesling score (unseen data) 0.757 0.817 0.868 C. Comparison

According to the confusion matrix in Figs. 4 and $ for 10
full and half lip image frames, the information demenstrates
that the true label and prediction label from the evaluation data
contained a total of 530 utterances due to the 53 utterances in
each class. Each square illustrates the number of responses.
Numbers colored in purple indicate a small percentage of
accurale answers, while numbers colored in yellow indicalc a
substantial nmumber of correct predictions. The highest
recognition accuracy was reported from 1 and 5 in 10 full lip
image [rames, with 32 times, whereas 51 times were reporled
[rom number 1 m 10 hall lip image [rames. The recognition
accuracy for number 3 in 10 full lip image frames and number
0 in 10 half-lip image frames was the lowest, with 41 and 42
correct answers, respectively. The history graph clearly
indicates that both graphs exhibit highly similar and closely
aligned learning curves, suggesting a strong degree of
comparability between them, This illustrates that a lip reading
model can be effectively constructed using only half of the lip
image data, as evidenced by the observed performance
oulcomes.

b | train loss. 10
— val loss
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0201 06 >
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000 — val ace
[ > 00 150 200 230 0
epoch
() The history graph obtained from model training of 10 full lip image frames

True label

zero one two three four five six seveneight nine
Predicted label

(b) The confusion matrix of 10 full lip image frames

Fig. 4. The history graph obtained from model training and the confusion
matrix of 10 full lip image frames

‘When compared to other models, the quantity of data used
lo (rain or lest is the same as in the preceding scetion but
ditferent based on the proposed method. L. Poomhiran et al.
[13]presented a concatenated image approach that introduces
three keyframes by choosing the beginning, middle, and end
frames of the speech. The same as in this experiment, except
with the addition of 5 and 10 frames for evalualing
performance. As a result, increasing the number of frames
can significantly enhance the model's performance. Our
proposed model approach has achieved a remarkable peak
accuracy of 0.879, surpassing the performance of [13], which
achicved an accuracy of 0.734 wilth the samc numbcer of
frames. When conipared to the performance of our proposed
model using only hall-lip image [rames, as preseniced in Table
11, the utilization of three half-lip image frames consistently
proves Lo be the superior choice across all scenarios, as
indicated in Table I11. This demonstrates the effectiveness of
our model in capturing eritical visual informatien for accurate
lip reading, outperforming the previous approach [13] by a
significant margin
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(a) The history graph obtained from model training of 10 half lip image frames
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(b) The confusion matrix of 10 half lip image frames

Tig. 3. The history graph obtained [rom model training and the conlusion
matrix of 10 hall-lip image [rames
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V. CONCLUSION

The approach for lip reading described in this research
utilizes a detailed analysis involving the examination of a
specific number of frames, specifically focusing on half-lip
image frames from the right side. This analysis is conducted
using CNN and LSTM networks, which are well-suited for
processing sequential data like lip images.

The database employed is AV Digits; although it offers
multiple options, the research utilized only the straight-face,
normal option, with 53 participants individually uttering the
English numerals 0 to 9. This dataset contains a total of 2,650
speech samples, making it a substantial resource for the
study. One of the critical aspects of achieving good
performance in lip reading is the selection of an appropriate
frame for analysis. This is particularly important due to the
wide range of information contained in lip movement, which
can vary depending on the individual's personality
characteristics. Therefore, the method for frame selection
used in this research is presented accordingly.

In this experiment section, we independently train and
evaluate different numbers of frames, including full lip image
and half lip image, based on the hypothesis that human
bilateral symmetry may be relevant, to determine the optirnal
configuration for achieving the best performance. Moreover,
we closely monitored the model's progress by examining the
training graphs. Remarkably, our model exhibited highly
similar learning curves for both 10 full lip image frames and
10 half lip image frames. This similarity in training progress
underscores the versatility of our approach, as it demonstrates
consistent performance regardless of the lip image type used.
The experimental results reveal that our proposed model
achieved the highest recognition rates, with an accuracy of
0.879 for 10 full lip image frames and 0.868 for 10 half lip
image frames when tested with unseen datasets.

These results clearly indicate the superiority of our model
in improving lip-reading performance compared to other
approaches. Furthermore, the findings suggest that the
performance of lip reading using only half-lip images has the
potential to be comparable to traditional datasets. This
highlights the significance of our approach in potentially
reducing the data requirements for effective lip-reading
systems while maintaining high accuracy.
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