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SORAWICH RAKPRASERTSUK : DEVELOPMENT OF MIXED-FEATURES-BASED DEEP
LEARNING FOR SIGN LANGUAGE CLASSIFICATION. ADVISOR : DR. CHATCHAI
WANNABOON, 50 PP.

Sign language classification is a challenging task due to the complexity and
diversity of sign gestures, and hand shapes. This paper presents deep learning approach
for sign language classification using a mixed-features method. Two distinct datasets
derived from a common source, i.e., a conventional image and a transformed
histogram, are used for the input of deep learning model. The image dataset serves as
input for a convolutional neural network (CNN) model, capturing spatial dependencies
and features, while the histogram dataset is adapted for input to a long short-term
memory (LSTM) model, emphasizing temporal aspects of hand gestures. This
integration not only enables a comprehensive analysis of both spatial and temporal
characteristics but also facilitates a reduction in the overall model size.

The experimental results demonstrate notable improvements in efficiency
metrics. The proposed method can achieve a reduction in model size, alleviating
resource-intensive computational requirements. Furthermore, the need for extensive
data augmentation is eliminated, streamlining the training process. Consequently, the
proposed approach significantly enhances the overall efficiency of the sign language

classification system.
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2.1.3 Convolutional Neural Networks (CNNs)[9]
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nnTusonisildsundasuinian 9 waznstadeulunwiidn

Max Pooling Average Pooling
29 | 15 | 28 31 | 15 | 28 | 184
0 |100 | 7 : 0 |100| 70 | 38
12 | 12 | S 2 | 12 |22
12 12145 6 12 | 12 | 45 6
2x2 2x2
pool size pool size

]

36

12 | 15 |

JUT 2.7 uanan1siuTeuiigusening Max Pooling wag Average Pooling [10]

C. Activation Functions:
lariduni13nszeu(Activation Functionsiinliminadnuliidudaduly
CNN %w‘iﬂﬁmémL‘%Suitﬁmm’mé’uﬁua‘ﬁ%’u%uuazﬁﬂmiuﬂaaﬁlnjL’ﬂuL%aLé’u anguns
ﬂisﬁuﬁlﬁ%’ummﬁammﬁq ReLU (Rectified Linear Unit), sigmoid ,kag tanh ReLU la5u

n19lIUDE19n11992191U CNNs 1HpsanAudsLazlsyandawlunisantiguinisla

%

syduATinglY
D. Fully Connected Layers [11]

Tumsusinevesanrdnenssy CNN Ingnaluagldalwasitausanuagid

1Y

auysalnuviaawestuluineaiiunsiiinguaseaugahigh-level reasoning) Wagnis

Andula(decision-makingm1uAnanUinuenesnyt tatgesinaldiiaudaigaduszaiy

=

(neuron) Nndlutunisiunnasuszamlutudnly Yrelviesotivaiunsaseuinisuans

(% ]
v YY) (%

Tayadunmawuuautundudouls lnanaluudiaeesiiouseiuag19auysalazanumie
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HarTuni1sidaldau softmax TuaunIT3uunUsELANLAiDas19n15LaNL IR UL LTy

wilonanaLAng
O
® . . @ - canssa
O = _Seave.
< IR O CLASS B
o "o o
N\ <N\ @ - cussc
¥ @ @
@
FLATTEN LAYER FULLY CONNECTED LAYER SOFTMAX LAYER

CLASSIFICATION

JU1 2.8 Uanan13n13vinauves Softmax layer éwsunisvitung [12]

2.1.4 L ong Short-Term Memory [13]

Long Short-Term Memory (LSTM) {uaaidnenssulasstiguseainidion
(RNN) alianilsfioonuuunniiietensuzdosiiaves RNN uuussdnlunissunmaisfienn
SzerEIkazNnnIsnslaseduanmely LSTM Suszansamduiiewlunisuszanana
waznIsisEuINTeYan LRy v livnngdmIuauene Wy n133NAme MsUTEINaNS
11555077 wazluuunvesnissuunniwiie Msunsiuasuslastansivesiin

GRTATRGY

A. 1a39a3139989 LSTM
uinnssuiddneseiots LSTM eefillassainamaduuuiivsey e
Heliiasornsaunsadoniiuniedndeyailonavimldld wad LSTM Uszneude
asAUsznounanaudIu laun UsegBunninput gate) Uszgau(forget gate) uazuseg
wadnSoutput gate) Jausdagaumualagilsitunisilaldnudnuesd(sigmoid activation

functions) wagannseuiuilandunisiUaldau Tanh Wenluaunsiavestoya
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Memo d b
gk © & ’
Forst;et I"tht Candidate Output
Q: e 9"’[' e memory T gate
' ' ¢ [lan] o[ o]
Hidden state ) }
H: i
B D
Input X,

gﬂﬁ 2.9 uanslassadnenigluves Long Short-Term Memory [14]

Uit (Input Gate): Usendunmagnmuainuiudaualyafniazeunyn

dhganuzivas tngvzsindeyaanndunstagiunazanusitoustnouniin lngdilaya

A a v Y s A o 13
‘1/|Lﬂﬂ’lﬂ@ﬂlﬂﬁlﬂﬁﬂﬂugL‘UaaL‘W@f\]@LﬂU

Uszndu (Forget Gate): Usgauvzdnduintoyalaainaniuzvesaadney

nihasgnazitavisedy lagariarsanvdunntagiuuazanusigeusgiouniil vl

£% f
a all

Weyanliineteswseaaiylyd

Y

LSTM mmamﬁaﬂLﬁuﬁagaﬁﬁﬁ@mmzﬁaz
anuziwad (Cell State): anuzvesvadvimihiluaen uddosiii
Hoyatrutumeuresnan IWsunsudlulneUssgunpuasdsendu ilelitulaideyad
Reteslasumaiuinwiwazmeunslumuniana
Useanaans (Output Gate): Uszaradnsnivaunisivavestoyaainanius
wadlufanuzfideustlutiagiu Tnsegimunindiulnvesanuzivadinsilawese

wnalagiansanndunadagiuiavanius Ngeued neumi

2.2 N1NUNIUITIUNTIU

o
Aav aa

A38lAIM MU ningItedlagn1smdeyaang uleyauInsgILe1ee

(Y

WAZYIINTMIUNANLANGY AfiuFiungtesiutenuide delanuneidemneives asy

1A 1un15199 2.1 sasaluil
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aov o4

M591 2.2 agdaideiiineldes

aeu LG T Poi30s

=a

1 M. M. Hasan et al. [15] 2020 Classification of Sign Language
Characters by Applying a Deep

Convolutional Neural Network

2 B. P. P. Kumar and M. B. | 2017 A Hybrid Gesture Recognition

Manjunatha [16] Method for American Sign Language

3 | A Mannan et al. [17] 2023 Hypertuned Deep Convolutional
Neural Network for Sign Language

Recognition

4 | S.RAVI et al [18] 2018 Sign language recognition with multi

feature fusion and ANN classifier

M. M. Hasan tagauz[15] lavinsuuziilunalaseneU seaniiieaudsdn (CNN)
dmsunsiinniwile Teewdiuluinisfieuvueistu (ASD) Tnsianiz deyndeyaues
vimaiasnes ASL luwmaiivnausldsuauudugilaesauditiussiulats 97.62% Fadl
UseAvS nnnileninianisneunting wu CNN, Support Vector Machines, Random Forest
wag Capsule Networks am{‘]maﬂsimLLUUﬁwaaﬂUizﬂaUﬁw%u Convolutional uﬂ%y’u M3
Fretusuaudu Tneiinsldiaridunsilaldau RelU wdatrgldsunsilneusudunan
50 a%a lneldiadoafiawiiuyszAvaain Adam dednsnaiioud 0.0001 wagnsgydeioy
sty mMsUszananaamifgdestunisulasnin RGB Wusedudmuasusu
swadurunaci 28x28 finwa finsldnisesnnansiuiietestuldlifinshadenniiuly
Nan1sNAaBsRandliiuiUszaninavesuusians CNN fauslun1sansiviinieiasnes
ASL eehagndies dedldruilmAnanuivilumeluladnmsisinwile

B. P. P. Kumar uazaaiz[16] lddnwiAsifuszuunmsidmimmatiowuulmidniu
nenlouuveisiu (ASL) tneld35lausatisnaidd Local Binary Pattern (LBP) super pixels
(SP) uaz35 Speeded Up Robust Features (SURF) 53UU5ﬁﬁ;mjmmEJLW@U%’UU':;qms%ami
sEnnAuLINLasy INBuHudaIMIvMe TdduenUsenn K-Nearest Neighbor (KNN)
WAy Support Vector Machine (SYM) 4195001590891 719828628 nw54h 87 SEOEED|

WNEIVBINUNNTUTLUIANAA WAL AL NITHUIEIU NITHTIIIULALAAAINLD N1FINTIVINNIY
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flo wazn13unInIe AuTmslunsansIviantesnianisiUasunlasuesuuin
AWMLY N1519UUD N5ERIETNS Lasiunds stuuiiauedamsiuauTmematlng
mMsunAudnyazaee wazldinadanisdunyssnnifiuszdniniw nammeaosuandli
WiutaUseansnavesdinsiinann Inedinauwiuvgigelunisandiviinig ASL aantnenssu
YBITFUUTINNTTUN ML UL Ha LN n1sUTEInarad Tl n1skenauaudi n153nnuInmy
Laznshansiinisiiansals wsfimesuseansan wu auuiugt Al auusugn
$nsmaauadt (FNR) waednsnniseunuans (FOR) lisunsussfiufieUssifiudszansam

VDNILUU

Y a

A. Mannan hazauz[17] 1aviin1s@neinuinianisisousideanlineldlasadne

Y

Usraniiiguliiedn (DeepCNN) 1@3INT1MIMN19AIBN BTN IHBBIIS AU (ASL) N13TU3 ASL
IWTYAUAILTIINIBIEDIINANNARIUARILAL AT ULDUTENINNARE L3LAa DeepCNN 9

Unauslasunisusulsemienisiiiudeya lngveneyndeyanisHnousuLUULe Kan1s

' ¥ '
a a = 1 oA

nnaednansliiuislszansamiiivduegwiolies Ineln1susuliennuuwiugigegnis

' v a 9

19.84% il uiuuuImeniled gnteyanldiduyadeya Modified National Institute of

Y 9 q

Standards and Technology (MNIST) Zsfifadnus ASL a@anilnenssy DeepCNN Usznausie
multiple convolutional layers, max-pooling, dropout, Wag dense layers ANSHNBUSUWAY

n13A3IvdeUkansbmiudIn1sUsuUTIed1sdaLilas taedl validation accuracy Tunis

4

ASIVADUGIGANT 99.96% N1snadeutoyaiiuesliiuliniuuwiugl 99.67% n153AT1ed

™ a v o] e a a A A oA a =~ v aa & i a
LUiEJ‘ULV]'EJULLﬁ@ﬁIMLVUOQ‘Ui%ﬁWﬁﬂWW‘WLﬂu@ﬂquN@L‘Uﬁﬂ‘ULWSUﬂU?ﬁﬂWiWUﬁWUGﬂQ‘] I@]E’Jll

'
o v o o

AL RNTUR S 3.26% B9 19.84% wuameiithiaueuandlidiuisnd dyrdmsu
3503 ASL fiufsunss Tnedamsivenavimelunsldnuludinage

S. RAVI uazamz[18] leviin1sAnwinisandinisiadoulmidudouveuyyd
Tnsianzag1983vimng Indian sign language (ISL) andduiale lauesanasiunsuusdin
ﬁiauﬂmauﬁamﬂ discrete wavelet transform (DWT) wag local binary pattern (LBP) e

[y LY

LgngUTIalioansuIAlendelesiu AnaulRnuensanuilasunisnsisaeulngly

a o A

artificial neural network (ANN) &silUszansainmilendnauaudfaiadedus 1wy HOG,

£
N o v Y

SIFT waz SURF 38 siidnausiliisnsinisiuine 92.79% luyadeya ISL damilondnauii
8¢ I5n15vesunamuilifgttesiunissrudacny nsuenAuanwaelagld DWT uay LBP
NSHANKNATUAMANYAEVRY Haar Uay LBP uazmsiawunuszinvlagld ANN nan1smaass

wansliiutssyavsnavesuuavneiiinaue laeflaes DLBP fidnsinissuiasani 95.49%
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TuunilfideareSurefetunaunisaniunisideludunouunazuuininis
audunisiielviussainguszasnresnisfine drulilviresuielauazidenielaiunis
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Azt lunIsIve

3.1 BWAUNISANLUIIUIRY

uni 3

A19197 3.1 LAUIULAESEEIalun1SALTEUeIY

A5n15ATUIU

VDI

2567

1.@&nwtleynn uazmalulad

2. AnymeeiLazauivey

3.99NLUUTEUUNITVINIU

4.89UlASITIINYTRNUS

5 WRIUNSEUUAITHNIU

6.NPABUTTUUNISYINGIU

7.AA VA NLA

8. agUnauagyinLaNIne NS

9. gautaInuINeLNUS

10. UNAUDNAITUNINIVINT
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3.2 YUABUNITAILIUIY

[
Y

AIeleviMIfineg wagmdeyavesuide Tneditunounisaniliuaunadl

fAnudayalvkiua:s
maluladgno:unntd

l

finvdanadwkiua:s
malulagnozdunts

l

Jlnvunisnaasv

!

HNS22nNUUUS:UU

l

NQdauUS:uUNISIiIvIU

|

S1AS1:HUAa
msnadau

dsdpamisnaasv

Tiiuiiu

JUN 3.1 uruslsdunaunisaniiuay
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3.3 N1992NLLUUISUY

£%
P v o

TumsiufiuaAdedmedaildhmaniouyedeyansounguvinmaiadnusi
wanvanglun wiilosliFiu (ASL) entiusmidnes ' uay 'Z' 31U 27,455 5U 980U
sandugnnisineusu(traininguazyansdvaau(Validate) yarnUsznaudie 80% 281
fhoghavianan Turefivansiaaeutsznaudae 20% etoyaillivaasu(Test) tuazuen
P8NNNIUIU 7,172 U Fansvhasuiiagyinsiae Accuracy, precision, recall, kag F1-
score.
3.3.1 Accuracy

Judeuusiugrannsmagevdaduiouldiuinniiaalutagiulunis

nndau Model 89 Machine Learning sineq uulanil Asfiazdenldafilundniievsda

Useansnmued Model NlanmuITy

True Positive+True Negative

Accuracy =
y True Positive+True Negative+False Positive+False Negative

lag#1en True Positive Aa 31uIuteyangniwunlasgrsgnasslunguves

a o ¥

UsElAnninisIfednis wagen True Negative Aig 31uiudeyagnitiungneeslunguves

Y

Usznnilalatdmne

3.3.2 Precision
Wuriauudugfildlunsdfiamanisal False Positive SUSuaauin
lasanziumanisalil traffic uu server ge usvlu traffic wuudnAsssuamatulalenis
o % . =3 o I % dyu 1 dyd [ 1
nse9i1 §3 Precision Aaganniatundudi®¥inil model Wlansaltunisnsiadudn False

Positive UALALAY

True Positive

Precision = — -
True Positive + False Positive

lae?iAn True Positive Ap I1utudayangniuwunlaetegnaaslunguues

'
al

UsElAninanisnfeanis, A1 True Negative A S1ududeyaignitiungnseslunguves

Y

al

Usznnitladlgidanuny wazen False Positives Aadiuiudayanigniinuneinlunguuass

Y Y

Usennisaula
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3.3.3 Recall
Recall \JuAranuusiugnlalunsdliiia False Negative SuUSunaudiuau

11N¢)

True Positive
Recall =

True Positive + False Negative

'
a

lag#ien True Positive A 31uIutayangnIwunlasegragnaaslunguves

Y

Uszinniininisifenns, A1 True Negative A 31ududeyaigniuungnaedlunguves

Y
Uszianiildlaidananeg wazan False Positives Apdnuauteyangnituigialunguves

Usennisaula

3.3.4 Fl-score
F1-score 1HuANiin Recall way Precision 119131usufulaeNaziiunisin

A1 AL U True-Negative (undn

Precision * Recall

F1 =2
* Precision + Recall

Tnef Precision Wumanuuwiugdldlunsdilfiaummnisel False Positive

uwazen Recall tuArmuaiudnlalunsdlilin False Negative SUSunaduauung

3.4 N1SNINISNAAD9

aeluszuunisfianuil azuusnsvinnueendu 3 @ fe N1533UTINTEYA N9

'
o o

FIAINISNARDY LAaTNITHMUILUUTIa09 tneluni1siTeua1dIun Software as a

[

Service(SaaS) U84 google colab FsarasurLTILaLIOLARIL

3.4.1 N1359UTYRYA
unanuilliimssiusingadeya MNIST awnile swudiwunasdoyaainiy
led Kaggle Tnainausinldlumsidenyadayauaztunsunisusziianaamtildnaliuula

TimEnzauiuingUszasanisiae
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3.4.2 N15AIAINISNAADY

=

= = o o = a
if]EJagLE)EJ@LﬂEJ'Jﬂ‘Uﬂ']ifﬂﬂﬂ']ﬂ75V|®aE]QV|IGﬂUﬂ']3NﬂE]U33JLLa%UﬁgLllu

Y
av A =

Luudtaean sTwunn e dulaeludiuniweinsidel fesuidoyadiniy
YDIFISALIT FANTNLINADUTDNALIS WAZNINYINTNITANUIUN M TANNTUNITHAIULUUINEDS

A1SHNBUTY WaLNISNAADY

3.4.3 NISWAIUILUUIIADY

A. Convolutional Neural Network (CNNs)
= i o a £ = o =
NNTANINUIY model NTUsEANBANNgluNTIweHaLazinIY
feungario Aa Tuma CNNs Iagagyinisiham dataset 7ilsianyinas train fu model 4
fou Ingis1agymsiausuaumiiivesvedling CNN ielilseansnmasnan lagih

N1598NLUUBRNUN 4 E‘ULL‘U‘U fatl

CNN_01 CNN_02 CNN_03 CNN_04
Image Image Image Image
[28x28x1] [28x28x1] [28x28x1] [28x28x1]
Conv2D 28x28 16, Relu Conv2D 28x28 ,16, Relu Conv2D 28x28 ,32, Relu ’ Conv2D 28x28 16, Relu
MaxPooling2D \ MaxPooling2D i " MaxPooling2D MaxPooing2D
Conv2D 14x14 .32, Relu PConvZD 14x14 32, Relu ’ Conv2D 14x14 64, Relu Conv2D 14x14 32, Relu
| MaxPooling2D MaxPooling2D MaxPooling2D  MaxPooling2D
Flatten \ 1 Conv2D 7x7 64, Relu ‘ ‘ Conv2D 7x7 ,128, Relu Conv2D 7x7 64, Relu
v MaxPooling2D MaxPooling2D MaxPooling2D
l Dense 512, Relu * * +
’—L | Flatten ’ ’ Flatten ‘ Conv2D 7x7 128, Relu
Dense 24 softmax
v Y B \ 2 MaxPooling2D
Dense 512, Relu ‘ L Dense 512, Relu E + -
Alphabet L 2
Sestines ‘ Dense 24, soflmaxi k| E ‘ . ‘
’ Dense 24, softmax !
v v Dense 512, Relu ‘
Alphabet Alphabet 7
Gestures Gestures i
Dense 24 softmax
Alphabet
Gestures

JUN 3.2 uanalyiea CNN 1viin1susugunisiiiines
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a. luma CNN 01 fivzadns 2 convolutional layers, 2 pooling layers, 2
dropout layers uag 2 fully connected layers lng
e Convolutional layers Vmihiifs features 8onan input images,
e Pooling layers Fmthiianuuin dimensionality U84 feature maps,
« Dropout layers vhuditlessiu overfitting
e Fully connected layers Fanthil classify images
b. Taiaa CNN_02 a¥eadeiulanna CNN 01 usaeyiinisidiu 1 layer
c. luma CNN_03 asnmaieduluma CNN 02 usiazvinnisuiluan filter
Tnewiudu 2 wihne layer Wawisuduluna CNN_02
d. laaa CNN 04 a¥1epdnefuluina CNN_02 udagsinnisiiiu 1 layer

(%
€ v A

PN ULABAINAILIYIINTS train wad AElanadnseadl

AT 3.2 mINuansUTEANsA WaLAazliea CNN 91 epoch = 50

Model Model size (Mb) Total params Accuracy
CNN 01 1.26 820440 0.97
CNN_02 2.65 331032 1
CNN_03 2.65 695320 1
CNN_04 0.69 175512 0.93

wadnsAliaziiulaidn CNN 02 wag CNN_03 1 accuracy g4iis 1 usilanaa CNN_02
fufifwnumnime mundesniiliea CNN_03 fuiuSudenluma CNN_02 Wuluinail
MNsneeaay
B. Long short-term memory
i519gimsiUTUgUsdmesvetlieg LSTM ieliussansnings

dl o L2 C’"
Nen TngvinnIseenLuueenun 4 E‘ULL‘U‘U PNU
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LSTM_01 LSTM_02 LSTM_03 LSTM 04
Histrogram Histrogram Histrogram Histrogram
(Bin=40) (Bin=20) (Bin=40) (Bin=40)
Bidirectional Bidirectional Bidirectional Bidirectional
LSTM, 50 LSTM, 50 LSTM, 50 LSTM, 50
Bidirectional Bidirectional Bidirectional Bidirectional
LSTM, 50 LSTM, 50 LSTM, 50 LSTM, 50
v v v v
Bidirectional
Dense 24 softmax Dense 24 softmax Densze 24 softmax LSTM. 50
v v A v Y
Dense 24 softmax
Alphabet Alphabet Alphabet
Gestures Gestures Gestures v
Alphabet
Gestures

5UN 3.3 uandluina LSTM Minnnsusugumsiilines

A1flglunns train model LJudoyaniniiuvaseanuilugy
a0 ad & 1 1
Aua(histogram) UBSANLUIUNINLUY grayscale Bg3g11I19 0-255
a. Wma LSTM_01 v1n13 normalize Foyaundnain 255 u 40 uagiiay
@57199¢ 2 Bidirectional LSTM ,uay 2 Dropout Tng
« Bidirection LSTM vfinaeafiAns \iaiseuiveyansanannlleuian
WAZANBUIAANTUEDRAN
« Dropout Lagunynn15v191uYeInIglssatanauIniasly
| = A ) ° P a ' a )
se139MINnaY iedasiunisandrgunuudeyaunniiuliuaseiiiuamnuaunsamluves
Tuma
b. Tuwma LSTM 02 eankuuaaieiu LSTM 01 wsA171n15 normalize
Waswain 40 1Wu 20
c. lupa LSTM 03 eanuuumaieiu LSTM 01 wsiA191%1n15 normalize
Wagu batch size 910 32 1Hu 128

d. lama LSTM_02 sanuuuadiediu LSTM 01 ust Andiviinisidiy 1 layer
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A15199 3.3 MTNNERsUSEAVS A NRsLsiazluaa LSTM 91 epoch = 50

Model Model size(KB) Total param accuracy
LSTM 01 326.66 83624 0.61
LSTM 02 326.66 83624 0.53
LSTM 03 326.66 83624 0.5
LSTM 04 562.59 144024 0.63

nadnslaazLituladn LSTM_04 §i accuracy gudis 0.63 aausine LSTM 01 egdlsh
A1 YUATslUAE LSTM 04 Juunailnguasduiunsndinasiuinninlunadu fatu
NuIelILEen LSTM 01 Tun19vinnis train

C. Mix model

‘ image _>| histrogram

‘ p Mix
model

output

JUT 3.4 uansnnsIuveslunanay

n13591a03luLna Deep Learning MinaunaIw Convolutional Neural
Network (CNN) fiu Long Short-Term Memory (LSTM) lassasadidnlaluaniunisalitoya
ANsEnuUBNUN (Adenm) LaiBelal (@) uazaINnaaeslsugumiinesveud

aglunatuaglalunaanniensil
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a. luwaa CNN (Convolutional Neural Networks model)
qUsvasAliteAsnaau TR doyadunn Jsdulivgruinduniw 2
fRfiTvedya e
> lalos:
o« Conv2D (3 LaLeas):

o ldfilawwes Convolutional Asgunuuiamzilunm

o filters: nuIuTamasluLmazialeas (16, 32, 64) A1run
Aududeuned features 7iFs@anan

o kernel size: yuAvRIMENIamas (3x3 lunniatees)

o padding="Same": \fisl padding l¥fuBumnmde zeros Lite
Snwfifideiuilfaniundeain Convolution

o activation="relu": ToW9A¥U activation ReLU (Rectified

Linear Unit) &%35U non-linearity

MaxPooling2D (3 Lalyes):

o aATUIN feature maps LBAAAIIUTULDULTINUNLAL

A lglunsAIUIN
. v 1 . gj (2
o pool size: VUIAUBINLUAN pooling (2x2 Tuisaesialyes)
o strides=(2, 2) aneluawasnasg):
» 19 stride 2 ¥n18A71077 output AVUIAATINELVDS
input

« Dropout (3 LaLes):
o d@uWau activations U19&IU (25%) \ietlosiu overfitting
o Flatten:

o Wawu feature maps 3 fAlunnnes 1 Tadmivoudng
fully connected layers
e Dense (2 lalwo3):
o Fully connected layers ﬁL%EJui features izﬁugjdmﬂ
output ﬁgﬂ flatten
o units: 39U neurons Tuumazialwas (512, 24)
o activation="relu" (la1e83usn): 14 RelU activation

o activation="softmax" (+aLe85NaD1):
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» 14 softmax activation @msua31e probabilities
- uumae classes (24 lunseli)
b. Tuma LSTM (Long Short-Term Memory model)
fnqUszasd Liledu dependencies LFaauazdayadfuain input
data A® 5’141313@'114’5%@14 time series, 40 timesteps, Wag 1 feature #19 timestep
> e
e LSTM (2 Bi-Directional layers):

o units: 911U memory cells luisag LSTM layer (50 Tusia

GRN)
o return_sequences=True (luisaouaieos):
»  @9AU output sequence MmndvSunsUsTanana
ST
e Dropout (2 LaLyas):
o AU activations U19dIU (20%) Lilatiesiu overfitting
c. lumasiu(Mix model)
o Concatenate:
o T flattened output 983 CNN U output qﬂﬁwum
LSTM

o NAUNAT features TiFsEONIN
 Dense (2 Lalup3):
o Fully connected layers ﬁL%EJuimﬂ features
o ﬁgﬂmammu
o units: 99U neurons TukAaziaLLas (128, 64)
o activation="relu":
» 14 RelU activation

= @93V non-linearity

o Fully connected layer qﬂﬁw
o units: 9IUIW neurons WNAUIUIU classes (24)
o activation="softmax":

» @319 probabilities
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= F@usuwsiay class

=
o = =
E E 3 | |%
=) 1| a2 =2 2 &
g | of [ o ~ | N U &=
2SI B IR el K] |2
Image ﬁ" 2 T—"? % | B = ﬁ :
psesd) | & (212281127
a5 = al= B & y %
alsl |al&| (88 AREIEIRE
oS a - = | = ) P ra E
2 2 g al |4 = (& |%
S S ) %‘ NN 0 L, Alphabet
(N By ) D B — . a3 Gestures
gl | 8| | g
N 5| 18] |2
E al el &
) £z | | I &
Histogram =] 2- g g
(bin=40) [ | EE 7] EE [T &
in 0 -
SO = %
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Accuracy Plot
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Alphabet Accuracy Precision Recall F1-score
A 1.00 0.96 1.00 0.98
B 1.00 1.00 1.00 1.00
C 1.00 0.99 1.00 1.00
D 1.00 1.00 1.00 1.00
E 1.00 0.96 1.00 0.98
F 1.00 1.00 1.00 1.00
G 1.00 0.99 1.00 1.00
H 1.00 1.00 1.00 1.00
I 1.00 1.00 1.00 1.00
K 1.00 1.00 1.00 1.00
L 1.00 1.00 1.00 1.00
M 0.99 1.00 0.99 0.99
N 0.93 0.99 0.93 0.96
O 1.00 1.00 1.00 1.00
P 0.97 1.00 0.97 0.98
Q 1.00 0.94 1.00 0.97
R 0.85 0.99 0.85 0.92
S 0.92 0.99 0.92 0.95
T 0.93 1.00 0.93 0.96
U 1.00 0.90 1.00 0.94
V 0.94 0.90 0.94 0.92
W 1.00 0.94 1.00 0.97
X 1.00 0.94 1.00 0.97
Y 0.88 1.00 0.88 0.94
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AN5199 4.2 WS UMgUUTLANSNINUBINISANWINDY

Authors Works Accuracy(%)
[10] Transfer learning with data augmented 93.30
[11] 25-CNN model on ASL dataset 92.08
[12] CapsNet with augmented 95.08
[13] Inflated 3D ConvNet with BLSTM 89.74

This Work Mixed-Features DL Model 97.54
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from google.colab import drive

drive.mount(/content/drive')

import os

names = os.listdir('’/content/drive/MyDrive/TNI/new')

import numpy as np # linear algebra

import pandas as pd # data processing, CSV file 1/0 (e.g. pd.read csv)
import seaborn as sns

import matplotlib.pyplot as plt

import warnings

warnings.filterwarnings("ignore")

import os
for dirname, _, filenames in os.walk(/content/drive/MyDrive/TNI/new):
for filename in filenames:

print(os.path.join(dirame, filename))

# read training data
train=pd.read_csv('/content/drive/MyDrive/TNI/new/train_new.csv")
print(train.shape)

train.head()

# read testing data
val=pd.read_csv("/content/drive/MyDrive/TNI/new/val_new.csv")
print(val.shape)

val.head()

# read testing data



test=pd.read_csv("/content/drive/MyDrive/TNI/new/test_new.csv")
print(test.shape)
test.head()

Y train_pic=train["label"]

Y val_pic=val["label"]

Y test pic=test["label"]

X train_pic=train.drop(labels=["label"],axis=1)
X_val_pic=val.drop(labels=["label"],axis=1)

X _test_pic =test.drop(labels=["label"],axis=1)

oo histrogram

Y _train_his=train["label"].to numpy()

Y _val_his=val["label"].to_numpy()

Y test his=test["label"].to_numpy()

X _train_his=train.drop(labels=["label"],axis=1).to_numpy()
X_val_his=val.drop(labels=["label"],axis=1).to_numpy()
X_test his=test.drop(labels=["label"],axis=1).to_numpy()

from sklearn.preprocessing import MinMaxScaler
def images to _normalized histograms(images, num_bins=40):
normalized _histograms = []

scaler = MinMaxScaler()

for image in images:

hist, = np.histogram(image, bins=num_bins, range=(0, 256))

normalized_hist = scaler.fit_transform(hist.reshape(-1, 1)).flatten()

normalized_histograms.append(normalized_hist)
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return np.array(normalized_histograms)

norhis_train = images to normalized histograms(X_train_his)
norhis val = images to normalized histograms(X val his)

norhis_test = images to_normalized_histograms(X test_his)

print(norhis_train.shape)

X_train_pic=X_train_pic/255.0
X val_pic=X val pic/255.0
X test pic=X_test pic/255.0

print("x_train_pic shape: "X _train_pic.shape)
print("x_val pic shape: ",X val pic.shape)
print("test shape: "X _test pic.shape)

num_images = 5

fig, axes = plt.subplots(1, 5, figsize=(20, 4))

for i in range(5):
axesli].bar(range(40), norhis_train[i])
axeslil.set_title(flmage {i+1} Normalized Histogram")
axesli].set_xlabel('Bin’)

axesli].set_ylabel('Normalized Frequency')

plt.tight layout()
plt.show()

from sklearn.preprocessing import LabelBinarizer
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label_binrizer = LabelBinarizer()

Y train_images = label binrizer.fit_transform(Y_train_pic)
Y val _images = label binrizer.fit_transform(Y val pic)

Y test images = label binrizer.fit_transform(Y test pic)
print(Y_train_images.shape)

print(Y_train_images)

from sklearn.preprocessing import LabelBinarizer
label binrizer = LabelBinarizer()

Y _train_hist = label _binrizer.fit_transform(Y_train_his)
Y val_hist = label_binrizer.fit_transform(Y_val his)

Y test_hist = label binrizer.fit_transform(Y_test_his)
print(Y_train_his.shape)

print(Y_train_his)

from sklearn.preprocessing import LabelBinarizer

from sklearn.model_selection import train_test split

X_train_images = X _train_pic.values.reshape(-1, 28, 28, 1)
X val_images = X val_pic.values.reshape(-1, 28, 28, 1)

X_test images = X test pic.values.reshape(-1, 28, 28, 1)

X_train_hist = norhis_train
X val_hist = norhis_val

X_test_hist = norhis_test

print("X_train_hist shape:", X_train_hist.shape)
print("X_val_hist shape:", X val_hist.shape)
print("X_test_hist shape:", X_test hist.shape)
print("Y_train_hist shape:", Y_train_hist.shape)
print("Y_val_hist shape:", Y val hist.shape)
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print("Y_test hist shape:", Y test hist.shape)

print("X_train_images shape:", X_train_images.shape)
print("X_val images shape:", X val images.shape)
print("X_test images shape:", X_test_images.shape)
print("Y_train_images shape:", Y_train_images.shape)
print("Y_val_images shape:", Y_val_images.shape)

print("Y_test_images shape:", Y_test_images.shape)

from keras.models import Sequential, Model

from keras.layers import Input, Concatenate, Dense, Flatten, Conv2D, MaxPooling2D,
Dropout, LSTM, Bidirectional

from keras.optimizers import Adam

from sklearn.metrics import confusion_matrix, classification report

from keras.callbacks import ModelCheckpoint

import pickle

cnn_model = Sequential()

cnn_model.add(Conv2D(filters=16, kernel _size=(3, 3), padding="Same",
activation="relu", input_shape=(28, 28, 1))
cnn_model.add(MaxPooling2D(pool _size=(2, 2)))
cnn_model.add(Dropout(0.25))

cnn_model.add(Conv2D(filters=32, kernel_size=(3, 3), padding="Same",
activation="relu"))

cnn_model.add(MaxPooling2D(pool _size=(2, 2), strides=(2, 2)))
cnn_model.add(Dropout(0.25))

cnn_model.add(Conv2D(filters=64, kernel size=(3, 3), padding="Same",
activation="relu"))

cnn_model.add(MaxPooling2D(pool size=(2, 2), strides=(2, 2)))
cnn_model.add(Dropout(0.25))
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cnn_model.add(Flatten())
cnn_model.add(Dense(512, activation="relu"))
cnn_model.add(Dropout(0.25))

cnn_model.add(Dense(24, activation="softmax"))

n_timesteps = 40

n_features = 1

lstm_input = Input(shape=(n_timesteps, n_features), name='"lstm_input)
x = Bidirectional(LSTM(units=50, return_sequences=True)Xlstm_input)

x = Dropout(0.2)(x)

x = Bidirectional(LSTM(units=50))(x)

x = Dropout(0.2)(x)

lstm_output = Dense(24, activation="softmax')(x)

merged = Concatenate()[cnn_model.output, lstm_output])

merged = Dense(128, activation ="relu’)(merged)
merged = Dropout(0.2)(merged)

merged = Dense(64,activation = 'relu’)(merged)

final_output = Dense(24, activation="softmax')(merged)

combined_model = Model(inputs=[cnn_model.input, lstm_input],

outputs=final_output)

model checkpoint =
ModelCheckpoint('/content/drive/MyDrive/TNI/new/best_model1.h5',
save_best only=True, monitor='val accuracy', mode='max/, verbose=1)
model_checkpoint2 =
ModelCheckpoint('/content/drive/MyDrive/TNI/new/latest_modell.h5',

save best only=True, monitor='accuracy’, mode="max’, verbose=1)



optimizer = Adam(learning rate=0.001, beta 1=0.9, beta 2=0.999)

combined model.compile(optimizer=optimizer, loss="categorical crossentropy",

metrics=["accuracy"])

history = combined model.fit(

a6

[X_train_images[:X_train_hist.shape[0]], X train_hist.reshape((X_train_hist.shape[0],

n_timesteps, n_features))],
Y _train_images[:X_train_hist.shape[0]],
epochs=50, batch_size=64,

validation_data=(

[X_val_images[:X_val_hist.shape[0]], X_val_hist.reshape((X_val_hist.shape[0],

n_timesteps, n_features))],
Y val images[:X val_hist.shape[0]]
),
steps_per_epoch=X_train_hist.shape[0] // 64,

callbacks=[model checkpoint, model checkpoint2]

with open('/content/drive/MyDrive/TNI/new/training_history.pkl', 'wb’) as file:
pickle.dump(history.history, file)

combined_model.summary()

import matplotlib.pyplot as plt

from keras.models import load model

import pickle

latest model path = '/content/drive/MyDrive/TNI/new/latest model 98%.h5'

combined model = load _model(latest model path)
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with open(/content/drive/MyDrive/TNI/new/training_history.pkl', 'rb') as file:
load_history = pickle.load(file)

print(load_history.keys())
n_timesteps = 40

n_features =1

history = load_history

plt.figure(figsize=(8, 6))

plt.plot(history['accuracy], label="Training', color="blue’, linestyle='"-)

plt.plot(history['val accuracy'], label="Validation', color="orange’, linestyle="-')

plt.xlabel('Epoch))
plt.ylabel(‘Accuracy’)
plt.title('Accuracy Plot')
plt.legend()
plt.grid(True)

plt.show()

plt.figure(figsize=(8, 6))

plt.plot(history['loss'], label="Training', color="blue’, linestyle="-"

plt.plot(history['val loss'], label="Validation', color='orange', linestyle="-')

plt.xlabel('Epoch’)
plt.ylabel('Loss')
plt.title(Loss Plot)
plt.legend()
plt.grid(True)



plt.show()

Y pred = combined _model.predict([X_val images,

X val hist.reshape((X val hist.shapel0], n_timesteps, n_features))])
Y pred classes = np.argmax(Y_pred, axis=1)

Y _true = np.argmax(Y_val images, axis=1)

confusion_mtx = confusion_matrix(Y_true, Y_pred classes)

f, ax = plt.subplots(figsize=(15, 12))

sns.heatmap(confusion_mtx, annot=True, linewidths=0.01, cmap="viridis",
linecolor="gray", fmt=".1f", ax=ax)

plt.xlabel("Predicted Label")

plt.ylabel("True Label")

plt.title("Confusion Matrix")

plt.show()

print(classification_report(Y_true, Y pred classes))

Y test pred = combined model.predict([X test images,

X_test hist.reshape((X_test hist.shapel0], n_timesteps, n_features))])

Y test pred classes = np.argmax(Y_test pred, axis=1)

Y _test true = np.argmax(Y_test images, axis=1)

confusion_mtx_test = confusion matrix(Y_test true, Y test pred classes)

f, ax = plt.subplots(figsize=(15, 12))

a8
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sns.heatmap(confusion_mtx_test, annot=True, linewidths=0.01, cmap="viridis",
linecolor="gray", fmt=".1f", ax=ax)
plt.xtabel("Predicted Label")
plt.ylabel("True Label")
plt.title("Confusion Matrix - Test

plt.show()

print(classification_report(Y classes))
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