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Thishesis presents a method for improving the efficl
through the analysis of keyframes using CNN and LSTM
combines the characteristichagkedmagening with sequent
features. When attemptinggdigmbading performance using
dataset, satisfactory results cannot be achieved. Thus,
appropriate number of frames and frame selection for lear
model's efficiency. The frame selestmopuosédibthrough the |
face detection library in Python. The study divides exper
groups: selecting 3, 5, and 10 frames. Additionally, the frar
Lip image frames il ihadye frames optos) theesshypothesis
symmetry of human body parts, both left and right. Furthe
the reduction of input size by half and compares the perfol
results. This proposes a lip reading method that tealshadt teee
purpose of lip reading is to aid in speech retrieval from -k
files and also to facilitate communicatiopdoetheadngduals
database part, the AVDigits database, an Englisbnsistjng
participants who are nativeatind spaakers of English from 1
is used. The results of this study show that the proposec
crucial frame selection process, significantly improve digo
both fdllip image andlipathage, achieving high and comparal
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h;(x' y-K) _h;(* 2] h;(x, ¥k OLN)
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O
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
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Method (k£ = 4 for maxout) ] Accuracy (%)

Auto-encoder with tanh-BLSTM [3] 84.5

ReLU-CNN with tanh-BLSTM 84.6

ReLU-Cl\'N| with maxout-BLSTM 84.4

maxout-CNN with tanh-BLSTM 83.6

maxout-CNN-BLSTM 87.6

K®® RKRWEENKS| KAT T 8T AJ T

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

K@ ®RKKWEENKS| KAJ T 5l

¢

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
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234 EABEENd Visual Speech Recognitidibisitios FEMSis,
Zuwei Li, Maja Pant{@a 12017))
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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

K@ @ RKROEENKOG] Kinj 7] KNLELNT T Ni
g NT Guevs2 Ok

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
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235 Lipeading Word Classification (Abiell&ugile iRehetbe

(2016)2]

TTéel NIJTART SNOLT FENKFNQNT KNJ I |
CN® STl KOJ OT 7 T nNEf OOk Nl I SENETN\KGE] SKNi
OT nkNOT T &SNk ET nr L KCENNHESFTMIRIT MOR TKGNN
Deep layered CNN + LSTM 3) ImageNE Pestrarasd-\LGEM 4) Fine
tuned VMB&S+ LSTM h & © - MIRACUG 1) GEaNe JHE g IKeNKED iy N
el NJTNDRT knE&FEj] O61 OhT ARElI Jh O/ 3¢«
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El OT nk NKO|] OENK1 Oh @I I HAriNeSiNé NE |
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Oc —

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
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i KENKI hkl ES6)] RT el hnET iR

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 | 58.84 | 56.07
MILRW+LP]+Aug2D | 83.08 | 79.53 | 59.60 | 56.78

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

K@)O® RKRMEENKOG] Kinj i ] KNLNT T

o171 & SN I E

¢

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 |
K@O® RKOEENKS | KAJ T 6 ILRI2AE] QN
Al

Models




Models _ Accuracy (%) on d_ifferem 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
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Data training

Database —> Data preparation Model CNN and LSTM| —» Classification
Data Testing
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JNEMEON N T NEST J EDENK] CRngh B 81® IN.
Repetitibrd N] T nE& SNIR /1 BBOEED OT §NENRBOO
I Oh OEI OT n k NCSNIK BTh I+ Kiam BI§ Ell B a IE& & i
I Oh T A RIitimesté@nipdiiKNdg 10 KK T N B N PeCHN 56 NEI
|.
|

Oldkohl KAl el Gi a1 EnT 0 I1Jk 0 hAS®,|P & INIP |
OLhEel NJLAJ I AT 1T Q& E gont ELoH EodrEGH r

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
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3.3.2 Face Detection and Face [Mediaaitien
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Start

Foldername = all folder name

read csv file

for loop in fordername

265 say

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

Tauums 2
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64
En
‘-‘§“\g’ M ﬁE‘
SRS =1
«6\ 64 g
S i
> (e
~ ’ %
4 S
_ g
- g
- o
| ¢ |
h 4 A 4
§ Conv2d (64, 3x3 Input: 64,64.3)
CNN Block1
Maxpool21D(2x2 Output: 32.32.64)
. v
v »n
b1
' ™ ‘:_.
‘onv2d (64, 3x3 $32,32,6 z
CNN Block? Conv2d (64, 3x3 Input 32.64) ;
Maxpool2D(2x2 Output: 16.16,64) =y
. ¢ "y ?
~
. _| Conv2d (128, 3x3 Input 16,16,128)
CNN Block3
Conv2d(128, 3x3 Output: 16,16,128)
v

v

Flatten(32768) ]

v

Dense( 1024, Input: 32768)
Dropout(0,2, Output: 1024)

pajaatoy A
NND

 A——

{Timcdislribuled(hpuL: 1024 Qutput: 1i11165[ep5.1024)’

v

LSTM(256. Input: timesteps, 1024 Qutput: 256)

o e WIST

\ 4 -
N E
Dense(256, Input: 256) f- b
Dropout(0,2, Output: 256) = g
\. A 8
i' =
o
- N
Classily( 10, Digits Recognition)
\
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{ CNN Framel } [ CNN Frame2 } e o o [ CNN Frame9 } [ CNN Framel0 }
vy l , v

e N

Time-distributed layer

\ J/

v

LSTM 256 Cell Unit

Classify

10 Classes
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AENKT Ak EINOT T 3SIKIF ET Ar hal farLnt

El ENKLKONEOT T 6 SNkl E&lF EENKOS K]
ENKeSNIT I HENK] KAT én NI SRNI'TAnEeél E
& loftimiz&rdos$on | ok N ET Ar hal ArLnhé&Ngn
ITArtnhdognl EAT O6h] & OT nk NENT oJ n.
= NT Ok NEEI & #1

E N Kaptmix@&dodon RT1 | ] OnEni E

NEEKARE&SNOG] RITOFET hkl E6kNDIETT
& EENT | NoptimjzZesMNIIK T REoablikaieitEadfaldd iataim i
Adamax FTRL NadanORSSIEPS | J E i ToS€H HEahifikid 1IN = N
h NBiharyCR$SeMaveyoricalCrossBategmyical@®ergaAbsoluteError
MeanSquare@Ex@hatseCategoricalCr@Bdeirdpi T h k | ET A1 R
g0l JOkT ©1 GT ni 6 hrpid i E J BOBERSRNES KA i O
proce€s k208 S IVdlidgtion poBess EES NI T h e SNT 1 T ¢
ExkRBEIN&EDOOT 6T RI| NES I POKEBONIT 6a ERK «
enNGEN CSNLETMgh BhOF EOh] T Ar 61 KOEK
ENKLKONEOT T & SNMNAG NEE EINKA K Ell O 101 # N
cnnlayerl cnnlayer2 coMakie@By@rk k 1 7. QT nr € NT SNJ 1T
OENRO)] RITKOJ KR NEOK NJ | KINE SN K INK dNE
OKNnj] I KOB&NaeInl SNINOL hE

—(

model = Sequential()

model.add(Conv2D(cnnlayerl, (3,3), activation="relu’, input_shape=(64,64,3)))
model.add(MaxPool2D((2, 2)))
model.add(Conv2|

model2.add(LST!
model2.add(Den:

model2.add(Dropout(0.2))
model2.add(Dense(n_labels, activation="softmax")
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4.2.1 Optimizer Adagds@®Categoricaldinge R | K Q]
 KAEENEENKI hklF ERAEEKNNI j KKAI

E N K opkinfizér En@egréds 1 lass nClithgtricalidingg E1 g n | E
HE [

ESNIT h & ©6J i ERINNRK RJ BB K kel FAEES &y

128 B8O J T nEEusmmmmm&é Brg @1 E

r
EknnJdél EKOJ] ij NI TN h 8 NKOKIESO-6 BN NEKI § K
OTTéSNK4-.1E4'51I8hE09hGhnEKO[O

(*cnnlayerl,2 =64, 128 Istmlayer =", '128") ('cnnlayerl,2 =64, 128 Istmlayer =", '256')

- 0.7 i
105 train loss 10 train loss 10
— val loss Foe —— val loss
VNNWA A Los
100 Las 08 '
Fo4 06
s 0.95 £, 06 g
" =) 3
k=) v} o
o3 o o
04 Fod4
0.90 Loz
.-;_.A e 0.2 A Foz
— trainacc ol = train acc
0851 — val acc s —— wal acc
: : : . - . . - F00 001 : . . T T T T 0.0
o 20 40 &0 80 100 120 140 1] 20 40 60 80 100 120 140
epoch epoch
(cnnlayerl,2 = 64, 256 Istmlayer =, '128') ('cnnlayerl,2 =64, 256 Istmlayer =", '256')
train loss o8 train loss
101 — valloss 10 { — wval loss o8
FoF
09 09 Fo7
e 06
08 0.8 [
Fos
w 0T Ff‘« 07 05 &
s Foa g4 loa 2
] 06 4
o6 L
03 F0.3
05 0.5 1 .
. Foz L
ik 04 0z
0.4 1 — train acc oy — train acc o1
— wal acc 031 — valacc
031 : . . . . . —00 . . . . . : : —o0
o 20 40 60 80 100 120 140 o 20 40 60 80 100 120 140
epoch epoch
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(‘cnnlayerl,2 =128, 64 Istmlayer =", '128')

("‘cnnlayerl,2 =128, 64

Istmlayer =", '256')

Sl

; F1o : F10
101 train loss 104 train loss
—— val loss — val loss
rog k]
0.5 1 0.8
Foe | F0.6
w06 E , 08
8 g8
04 KR ro4
0.2 Foz 0.2 F02
= train acc = train acc
= wval acc = valacc
00 h T T T T T T T T -O-U DU L T T T T T T T T _00
0 20 40 60 80 100 120 140 0 20 40 &0 80 100 120 140
epoch epoch
(’cnnlayerl,2 =128, 128 Istmlayer =", '128") (‘ennlayerl,2 =128, 128 |Istmlayer ="', '256')
101 train loss R train loss Lo
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(‘cnnlayerl,2 = 256, 64 Istmlayer =", '128') (‘cnnlayerl,2 = 256, 64 Istmlayer =", '256')
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(‘cnnlayerl,2 = 256, 256 Istmlayer =", '512’)
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('cnnlayerl,2 = 64, 64 Istmlayer =", '256')
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('cnnlayerl,2 =128, 64 Istmlayer =, '256') (‘cnnlayerl,2 =128, 128 Istmlayer =", '256')
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{('cnnlayerl,2 = 256, 128 Istmlayer =, '256') {‘conlayerl,2 =256, 256 Istmlayer =, '256')
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("cnnlayerl,2,3 =64, 64, 128 Istmlayer =", '256')
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('cnnlayerl,2,3 =64, 64, 256 Istmlayer =", '128')
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(cnnlayerl,2,3 =64, 256, 64 Istmlayer =", '256')
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('cnnlayerl,2,3 =128, 64, 128 |stmlayer =", '128')
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(‘cnnlayerl,2,3 =128, 128, 128 Istmlayer =", '128') (*cnnlayerl,2,3 = 128, 128, 128 Istmlayer ="', '256')
F10 -
104 train loss 10 1 train loss 10
— val loss 3 — val loss
F08 Foa
0.8 4 0.8 1
roe Fo6
w 06 g ., 061 &
g g 2 g
Hog ® loa ®
0.4 1 0.4 1
Foz2 \ roz
0.2 4 i -
0.2 1 — train acc — train acc
— wvalacc — val acc
T T T T T T T T _00 T T T T T T T T
o 20 40 60 80 100 120 140 o 20 40 60 80 100 120 140
epoch epoch
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