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ABSTRACT

Currently, Al technology is developing and being widely used. We are interested and
have seen the capabilities of this technology. Therefore, it was developed into a sign language
translator program for people with speech and hearing disabilities because they want to help
them live more conveniently and allow people to understand sign language. This project
presents a sign language translator program that uses Google's framework called MediaPipe to
store hand and body features together with LSTM Model (Long Short Term Memory Model),
a Deep Learning Model for Learn data and use Multi-head attetion in Transformer process and
take different index values. That indicates the accuracy of each posture to compare and show
the results of posture prediction obtained in real time. Using the LSTM model in conjunction
with Multi-head attetion, the accuracy was 98.28%. There are 51 poses for the test, namely,
well, baby, hello, sorry, shaken, yesterday, understand, us, sad, thank you, easy, they, name,
where, love, want, do, man, full, laugh, eat, like, come, don't understand, cry, work, why, miss,
mom, smile, tomorrow, me, what, hungry, wonder, angry, scared, you, thank you very much,

dad, lazy, go, when? , woman, dislike, forget, happy, today, difficult, how and remember



nnRnssuUsEnA

o

Usyarfinusildnsagasldanauiiiddnvilasuan ueas. gnsun anlaifies Alel
° o A Aaa o aa a P o a a 9 Yo = o
AuuzlI0IsNsasslunakaz IS nARA I ziuUT e anes Tuadsnwdusuanislu
nsviUSyainuslvauysal wazAuuzdniews ganviveveuamyn AUt ImaeliuTyy)

Tnustiuszaumnudnsaeeninlanuidednis

o

\analy WANARAS

L% Y s

UIPUY YN

[

atlydnwal unngnssal



d13U8Y

W

UTIARTDATE T ..o see e eeeeeeeeseesese e s seeseseseeeeese st sesesseeeeeesseseseeeeens |
UNPRTDATETIING W oeeeeeeeemsssssssse s sssssss st I
B N T T UTEN N Il
BINTUR e \%
A UV 30 N D e errs st rvr-. iy VI
AREAV3Ty )| RN P OO SN | 1 77870, N, TSRO IX
U L U o Al N R S T NN 1
1.1 uflarydgasm Py < L2 S VCON I, P~ NN 1

1.2 g @pe €. TRl S, 09 ke, W0 0) P kb ZoAN 1

MR ) BT RFT 5 NRNROGH I/ s as s Sxp\ VM RONORNN 1 N § F— 1

1.0 US AT TNDEIITU. oot 1

1.5 sedgloa syl . oW C  WEZ S de @& JF. ... 2

T I 05 715 1 N U 3
2.1 Machine [aNQING. g.....c.ooommrn .. NG NG o oo cevesssssss gNers sl vvivcasassasssnsnsanns 3

2.1.1 JULUUYDI Machine Learning ... a

2.2 MIFTYUSLTIAN (DEEP LEAMNING).....orreeerrrsieerrreierssesicssssseses s sess s 6

2.2.1 lasseUseanniiionuuan (Deep Artificial Neural Networks)............ccccoooooe. . 7

2.2.2 lassrnedszamingunuudsinuinis (Convolutional Neural Networks)............. 8

2.2.3 TasstneUsvamdlennuuiusn (Recurrent Neural Network)....o o 8

2.2.4 LSTM (Long Short Term MEMOTY ... e 9



#1508y (si0)

N

2.3 1A5998UsZaMAENLUULNIEDUNAU (Backpropagation)..........coooeereereeeeeeeeeeeeeeeeeeeee 11
2.3.1 M338UFVNATIVUTTAMAGURUULHITOUNTU oo 12
2.3.2 MIATUNTEAU (ACHVATION FUNCHION) wevvvvrerrieceereecerene e 13

2.3.3 OPTIMIZET ..ttt 16

2.3.4 NANNITVIIANAIMURANA IR ..o 16

2.3.5 GradieNt DESCENT ...iivviiieiieiaieiie st seiaiasiasitessisne s snsssssssssssssthnsesstesesssssssssssssssssssasesesans 17

2.4 TransfQirgler......iccccefereee . W n R L S e B oo oo N N senacnes sureaes 19
24 ¥ Self-AbbafTlDI s LA 7.0 L BN CN L Lo g R K 20

P 8. 28FaledDatPiotdual Atleltiaibt, . & LV o). 120261 . QB .7 R4 ... .20

A4 3=Mylli-HE AT ENUON WY. . Gosi e W £5.25.2.0. 2.8 Lo e L R 20

2.5 MegiafEipe..... 4. AN . 2.5 QEREE I TARRRAE . 2. . AW Ao O 21
AN MediaPPe/delstc... ol e WL ... S I . (G . J ... 22

2.52 NedigPive Hands WA\ Z) S (SN L o) O 25
2.5.2.1 Palm Detection MOAEL ...t 25

2.5.2.2 Hand Landmark MOAEL ......cccoiieieieiiieeieeee s 25

2.5.3 MEAIaPIPE POSE ..ot 25
2.5.3.1 Person/pose Detection Model (BlazePose Detector) ........ccccevveuenne. 26

2.5.3.2 Pose Landmark Model (BlazePose GHUM 3D)........cccoovvurrirreeirinininnnnn. 26

2.6 NMTIAUTZANTAINLUNITTVUNUDIIRG oo, 27
2.6.1 PrECISION ...ttt ettt 28

2.6.2 RECAIL T30 SENSHIVITY ..o 28



Vi

#1508y (si0)

N

2.6.3 FL-SCOM ...ttt 28

260 ACCUIATY .ttt ettt ettt ettt sttt ettt et ettt b e bbb e b et et e s e sesesesesesssssesesesaseasasansees 28

2.7 EUCHAEAN AISTANCE ...t 28
2.7.1 U099 Euclidean diStaNCe...........ovveeeeeeeeeeeeeeeeeeeeee e 28

‘U‘VI‘17]I 3 UANNTTNIULAZOTTODAMUU e eeeeeeeeseeeeeeessseeseeee e s s s eees e eee e eeee e eee s ees e eeeees 31
3.1 System DLOCK dIi@grami. ... it 31
3.1.1 COUECHING Dt .cu. ieererecitiinieenesiinneneisesstssnnssobsssnsssssnsonsassnssesessessbasetbssssssessssssesssessssens 31

3. W2Extract holighE " KeYP ORI Sa: /B N e D+ Fice oo g oagersoveveesereres R e eversererssene 31

B.13 Fucligadngelisian g em@. . /. L.\ .. Bon N ghtmbmly “ o oo N 32
SRW o) o= refep S NWAANARRI W, o —————— [~ WNETETR § S 32

3. 0. SABasiararMarkalOXATAYATOWN . € T gty - o 32

3.1.4 Create and.train LSTM-modeld. ... et o 50t o8 et ee b 32

3. 141 Decp-l'earning. @\ & €. [ A o O AW ... 32

3.1.5 PREACIONGY........... R o N Lo e e <a Ny sl weererenraneosaneseanens 34
3.1.5.1 CONFUSION MEEIIX ottt 34

B.1.5.2 ACCUIBOY ettt ettt bbb bt bbb ese s s 34

3.1.5.3 Precision, Recall %158 Sensitivity, F1-SCOre......cccocovvnnnieieeeeen, 34

‘U‘VH?]I N o IRl NI AT T M A I3 o N OO OSSO O OO UU USROS 35
4.1 AUANURVBIUTUATULUANTIID oo sssessssssnssss s 35
B2 DNTVIRDD ettt ettt ettt ettt et et ettt ae et e ae et et et et et et ene et et et et et et et e et ene et et et enseaenens 35

A A TS M 11310 1 OO U ST USSR 35



Vil

#1508y (si0)

vl

0.3.1 ACCUIACY SCOTE..cuiiiieieieieietetetetetetet ettt ettt et et ettt s be st et e b tetesesetesasesssessassesesesesesanessenas 35

0.3.2 CONFUSION M@TIIX-.u kit 36

0.3.3 ClasSifiCation rEPOMt.. ... 37

4.3.4 Real time PrediCtion ...t 39

unit 5 ATURANTTVINRD ... esesess s 40
5.1 ATUNANTTVIARDN . ....ooooeeeeeoieceiiinecieniss e cesiasi e sssies e ssssesse st 40

WA TREIN T (TR ORN i A ) TR o SUE ¢ A, S oomstiiiin, . W 40
GHLRPLUNGEW A S Cell o D0 0 2 WA A S DN o, o Y TSR, N WO 41

AMARNUIN



Vil

A13UA1979
AN51991 ATy
1.1 FBUEL IR INNTIILATINU oo eeseeeseeeee e 2
2.7 CONFUSION INALIX 1ttt ettt bbb s e s s 26
4.1 WaARAIAT ACCUracy SCOTE VBN MOTEL w..vvooivoeeeeeeeeeeeeeeeeee e 34

.2 LSTM 4 MUIENEAA GEEEINTION ettt et et ettt eee e e 37



GURVETT
gﬂﬁ U
2.1 1U38UigunS0eulUSUATULUUUNRNAU Maching Learing ..o ceeeeeceeeeeeeeeeeeeeesessese e 3
2.2 UTELANVDY MACNING LEAIMING ..o 4
2.3 NMSWUNUITELANIULAZLUILUU SUPENVISEA LEAIMING ..ooveoeeveeeesie s a4
2.0 CLUSTET ANALYSIS ettt ettt 5
2.5 AMNUAAIUANNTITVINIUTDS ReINFOrCEMENt LEAMMING.......oeeeeeeceeeeee oo 6
2.6 DU sEa AT TONAOAUUNGUIAUA oo 7
2.7 MINNNUVGTUETM ... S e B 4 7 L L SOV e e ) e o BN e 9
2.8 DIAUTZNBUVDY FOIGE QAL LAYET ....oooeoiieeeeeeeeeseeveesieaaeessesseesseseseee e seesssseees e sses e eeseesenes 9
2.9 DIAUTZNBUUDY INPUL GALE LAYET .....ivooioioeeeeeeeeeeeeeecooeosiees sttt 10
2.10 mM3suRfiilece gaiellL UL e Y/ STt W, BLOLLL D 90 o B8 10
2.11 BIAUTENDOUYDT OULPUL GAEE LAYET oovveoeeeeeeeeseseee e esssssesseeses e sesesseaseeeeessss 11
2.12 HI0EI BACKPIOPAGALION ......vvvoceeeeers oo ees et eees s ss s 11
2.13 A INWEAAITRAFUIUUTTAIU oot 14
2.18 AT INUAAIHIATUBALBEO ..o eeeeeeeeseeseeeeeettseesseeeeeetseesteeeseeeeeeseseeeseeeeeeeseeene 14
2.15 AT WLEAAINIATULBUDTIUBAUTIIALAUTT oo eseeese e 15
2.16 NIUAAIHIATULBLUBSTTURAUTIIALTUI oo 16
2.17 DFUNY GIradi@Nt DESCEONT ..o s e 18
2.18 LATIAT IR TrANSTOMMET e ee s eeseeeseeeeeseseeaseesesseeeeseesseee e 19
2.19 A8819lAT98319 Self-attention WU Scaled Dot-Product AtEENtION ...vveceeeveeeeeeeecereerre. 20

2.20 Tn59ad19ee Multi-Head Attention 73 attention mechanisms

LUMUU Scaled DOt-ProdUCt AEENTION oovveooeeeeeeoeeeeeeeoeeeeeoeeeeoeeeeeeeeeeeeeoeeeeeeeeeeeeeeeeeee e 21



#1503 (5i0)

S Wi
2.21 ML sOLULIONS 1N MEAIAPIPE ....vuieiiieieie s 22
2.22 ML SOWUHONS WAFFEUUTITBITU oo seseesesseseesesseseeses ettt 22
2.23 NMISNIIUVDY MEAIAPIPE HOUSTIC .o 23
2.24 Position of hand [@NdMArKS ..o 25

2.25 Two virtual keypoints predicted by BlazePose detector in

addition to the face bouNINg DOX ....coiiiiiririiiiiee e 26
2.26 Pose landmgghs ......cccccoo Ao Wo e RLZ.. . L. F Mmoo R R eenenicnnaes 26
3.1 System blOgk diagranr™ Lol cm L v 2 L B L SN L Do) S oo A K 31
3.2 1598319 De€p Learning TNOTEL b.aii i . esmsbion eovee ks et reneddeide e s oeb et eothosbonsesseene 33
4.1 Confusion matrix VoSlutaa LSTM + Multi-head attention ..........cccccooooooeemieeeeeoeeeereeeccccecie, 36

4.2 Real time prediction and display in SENTENCE ...ttt 39



24

1.1 NUALAIUEALY

v

awioidumudmsuauymnndililunisiadedoasiu Tnserdonisuansesnnisdnii
v wagmsiedeulmsamefiosznounisioans malimwittedulilinwiainafianusaldla
AseuAguyNUsEIMA Liesannsldnuiilossunnsrsiusenlunudnuvazosnuilulssmavde
Hosduiu q fdasenidldldanuaulatunmuviievesssmalvelnoniuluiintuiedldlunns
uansoonisensunl uaziiielinisdeasvesnuymuiniiuluegsazmnuazaurluannsadilale

a [ o

$18 Fadunnbisildnszuiunisseuivesdygvszivgduniaunlulassnugul
[ I3
1.2 angUsvan

1. Anvinwenisi@eulusunsuluniwn python
2. ﬁﬂ@ﬁﬂiz&gﬂﬂ:ﬁmu machine learning WLa¢ deep learning

3. Ainwin1sdanisuazwsndeyalaganizdoyaniiuguuvuredinlensunazindg

Y

NTUIUNIT training Way testing

1.3 YBUANISANE

1. @UN30LERIANNMINEURINIEEBLA 51 Vi

2. AnuLkiugnvedlinanInnInsauay 97

1.4 Uselpwiifianadnazlasu
1. Winvinerlunsdeuluswnsudieniw python
2. Lﬁé’fﬂﬁmﬁﬂm'iLLaxﬂ’li‘lJizEgﬂm‘sl%ﬂ’msUaﬂ machine learning WLa¢ deep learning
3. Lﬁﬂﬁﬂ‘lﬁﬂi&ﬂ’]iffﬂﬂ’lﬂl@%LGI%‘EJNSEJJE]HE]G?J!QLﬁuﬁﬂwzﬁﬁ’lﬁfyﬂuﬁaﬁﬁ
a. IUiLﬁ]ﬂﬁﬁiJ’]iﬂIsgﬂ’mlﬁﬁl%ﬁL‘ﬁl@Lﬂuﬂiﬂﬁ‘ﬂﬁuﬁ&I:dlﬁaflﬂﬁiﬁ@ﬁﬁiﬁUizﬂ’jNr}ﬂ%ﬂ’]@’]ﬁ@ﬁU

HLGN1EINA
Y Y



1.5 saz9a1 luN1S11 AT

FuATuT 31 UNTIAY 2566 TTUR 25 Wwey 2566

A15197 1.1 SEeLatUNIIINiATINY

#UAN9N

[%
Y

YUADUNITANLTUIU

13

A 4

A

A
A4

1. Anwngud)

2. TIUTIUUAZITIULTEN dou
ipHG nas
3. dyuna A «—>

4. Feusenuaduanysal

A

*4k I ¢ Tudtanimeniiunslunsasdunat



2.1 Machine Learning

Machine Learning fia N13i38u3vassruUAauiamesaleiiadngliveua o
wansnsfunsenlusunsusialuimes Programming \519¢ldveya (Data) uWag Program
dluuieliile Output usl Machine Learning lallg Program lunsaqualdnislddeyauay
Haans (Output) L“?Jl’ﬂﬂLﬁ’e)‘l/i’]’gﬂLLUUﬁ%%ﬂWIﬂ@@UIU@UWﬂG]‘léﬁ’] Input WUUi Output 92

Wuszls

Traditional Programming

Data
-Output
Program
Machine Learning
Data
Program
Output
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AV

WANFIN9INNISITEUIRULENAOU Ao AzliiinsTeuranaeen1suseUssanliney nsiseuiiuuilag

fansaninglueavediiulsgy windaindunanuruniusuvegadeys wasn1sseuFuuul

faou WugdwuunisiSeusuuuniweinsieuivennsesnfugsenindeyainduasloyadieen

Y

MUTIUFIUAIEE19INNTYINNUS BN UeYadeY BaUsEnaunIeYATelafiaENg

nsrurunsinIseusidedninllglaun nsidiswauszam (Neural encoding) duilu

£

NITUIUNIMIANUFUNUSTEIINAINTEAUAUNTMDUAUDWaLTaaUssamluaNes waglunsisous

q

=

Y
Y831A789 (Machine leaming) Han1UnenIsunI1si38uU MABLUTUUNANNTVOINTITBUSLTIA N

Toun


https://en.wikipedia.org/wiki/Reinforcement_learning

2.2.1 lasevreuszamiisunuudn (Deep Artificial Neural Networks)

Hidden
Input
output

] 1 1

JUN 2.6 YgUszanmiiguniimadesseiusitungulnug

A ' = aaa a . .
wiAaenun : lassneussaniies - Inwae (wikipedia.org)

lasavgUszarmiiien (Artificial neural networks: ANN) 158 ¥1891UUsea 1N 8
(Connectionist systems) AoszuunsuRimasanlunaniadamans Watasnisinulaseig
Uszamdrinwdiegluanosesdnd lassdisuszanmifisnansnsaiousiogiauiueunngls 91n
n19i3euiHuateg1 Inglugnlusunsunlgnginasinediuuussuudnludd Tusunsulaseiy
Ussamiitsuannsausnuersunlglagunaainnsaadneunth S1dsiufioorls (017 wnduu
fyuvay fde7 fvng) wufladldanuifndn Tassedssamitearhmsssyasiulaesalusifcae
ssrydnumziany Mngededeiiineldusznana unAnsudureunaiailduiainnisine
Tassglnlfinganan (bioelectric network) Tuauesdsuszneusie waduszam (neurons) wag qm
Usgaudsean (synapses) aulumall Penudszamiinainnisideusesywinuradusyam au
Juesetieiivhausiuiu nsuszaianadig gadlasaeUszamifionintulumissUss nana
ga8 15031 nua (node) slnumdunisdrassdnvarmaieuenaneadnisdsdayain luates
finuannselunsasdayanalufisadUssamwadau 9 Adousefuiule

Tunsas1essuulasngUssamingd 11IANAYOILAaLIAR UTEAINIZUIINNITAIUIN
NaTINRsBUNM feflaidunisulad (transfer function) Ssvimthiisauadsiaaraniednnves
waaUszamiiey wavihnisanduladnezdsdyaraerdnasenivlugule feddunisuvasenaiu
HertudunsmIolifly TassingUszanmiion Usznouluse gaideuse (Connections) dsanusn

a & v = ' P a v a 19 v £ 3 Y] .
Sendu 9 1A31 103 (Edge), Lialassingyszamiinmsiseus eiad1unindu, A1umidn (weights)

' [
a =

Ao d@anleannmsiseuivedlassieuszamiiion vieisendneg1aniledn A1AN3 (knowledge) Anil
2 & W A o w A o = Y]
avgniiudurinueiieldlunsandideyadu q Neglusuuuuifeniu
TAssas19ve9lunadtganulszamsuutaulunin (feedforward) Usenaunigwanvadun
(node) Fea199zgnivualiidudndune (input nodes) Unio1sinm (output nodes) w3e Yo
SYUINNANTW58NIN Undawey (hidden nodes) HNNSIBUABDTEWINNUN (M30U50U) LAgAAUAAN

v A

Unidn (weight) Mvegilidudeunnidy evgnusuvinuarinsmmuaaliuidwdunm lag

Y


https://th.wikipedia.org/wiki/%E0%B9%82%E0%B8%84%E0%B8%A3%E0%B8%87%E0%B8%82%E0%B9%88%E0%B8%B2%E0%B8%A2%E0%B8%9B%E0%B8%A3%E0%B8%B0%E0%B8%AA%E0%B8%B2%E0%B8%97%E0%B9%80%E0%B8%97%E0%B8%B5%E0%B8%A2%E0%B8%A1

AL lAN1AINNIMTUALALNY BEINEULLESTIRAIMI9 MTena 31NTUTUNTUBUIIINTIY

v a 1

Undunmazdrlasulumududonvieen Inervdseantuzgnaniuardimtnveduizon dw
Tutudnliazsuan Fadunasiuantinatequaidesiuiunand ity Inevluagldfenduinuosn

(sigmoid function) uiddaAnlUatudnly Msmuwinduiiasiintuluses g fiagduauisiniendng

2.2.2 \psadnguszamiisunuudeinuinis (Convolutional Neural Networks)
Hulassireuszamifivamilslungs bio-inspired Tagfl CNN azdhasamsuesiiuvosuyudi

wosiiudifufidon 1 LLazﬁWﬂajmaaﬁuﬁ&Jaa qumaufuiionIndsiiiuegidueylstun nsueq

flufigosvoaywdaiinisungudnue (feature) Tasiufl uurAnues CNN Hszuunisdiui

#onAaINU Concept UBINULBILATADILIAMNANENINNT0I5U lnensAuIamuLAndldnanng

v '
a A I

Wweatuiu Aeuligdudaium (Spatial Convolution) lun1svineusnu Image Processing

ANSATUIUL ALLS UINNNTAINUAAILY fInTa9 (filter) B30 ABSLUA (kernel) Y28/

= Y

Y PN Y o a o s % ) d‘ =
Adnuaeldlunsidringesn lneunddinsevinesiuasunilasinudnuvasnaulaoeninlonils

9
v [l

9819 153 ludesiinsemaneiinsewieg WemaudnvassituivatgegeUszneuiugoytiy

A ANl waznsiniuYesd Fansiuyuwdiniuinsilildudunsmseddaiu mszuyudgge

Y

Naulalazusinuseu qUsznauiu

2.2.3 1a59018UseaMmneuuuIugn (Recurrent Neural Network)
Recurrent Neural Network (RNN) @ ® Artificial Neural Network LLUU%ﬁQ’ﬂﬁlaaﬂLLUUMW

a o

uidapmnadmsuanuiideyaidifu Sequence Tagldndnns Feed anuzneluvesluna nduundu
Input Tuy v;jﬁ’u Input Un@ 158111 Hidden State, Internal State, Memory “U"JEJGL‘iﬂaJLﬂaiﬁﬁ Pattern
Y0989 Input Sequence b RNN fn1swauisiesanludnuane Variation fduiifeuldun Long
Short Term Memory (LSTM), Gated Recurrent Unit (GRU) wiaufdlayvivas RNN #ifise sequence
8179 Yooy Maeiin1siauenistd Long Short-Term Memory %38 LSTM Junn Duwmadanis
figniiunann Recurrent neural network (RNN) & RNN tusivdnnisvineiu e n1sth Output il
mﬂmiﬁwmmmﬂiwumdawﬁﬂﬁﬂﬁwﬂ%ﬁm%yja Input vesluuadaly Feusazlnunves RNN
%ﬁ%’amﬂaﬁvﬁflm 2 g P9 Uaya Input gasluatueiu Output AHunsnantnunnewnii
Tnetoyaiis 2 gaidululminasgnauddety doussgnuonuadnsosnidu 2 duu e nadnsi
Iranlunty o waznadnsiazgnilududoua Input vesluundaly wadla RNN dumangiald

Y Y

Y Aa o < o w L4 A 1 ~ 1 [ .
QWUﬂU%@NﬂﬁWNaﬂngLﬂua’]ﬂU (Sequence) NIDVBLUANUAMUADLUBDY YU YDHADUNTULIAN (Time

Y] o

Series), Toyaides, Teyausuandony, deyanmuazinvim Judu



2.2.4 LSTM (Long Short Term Memory)

P L I

Input Modulation
Gate

I

1

i @ e
: Input Gate O

1 o CELL ¢t

| ®

l

Ul 2.7 Mavhamves LSTM

WIS : Long Short-Term Memory (LSTM). An31nans s auAAeYin machine learing...

| by Sirinart Tangruamsub | Medium

Long short-term memory (LSTM) tulasstneussan RNN gULLUWﬁaﬁgﬂﬁwmﬁﬁumﬂﬁﬁ
ArunadssuariusEavsamantu tnedivdnmeviaufe anunsauiu ‘aouy’ wiedoyaveusas
Tnunioliflefinandeundulugaslsmsuisiuvesteyamnaninnduorls waggasiuves
wuuiaes LSTM Aeflsdduiiiawiiiivinilaiioulsey(Gate) finosniunudoyafiaziiiluusazinua
Fausznoudg Forget gate layer, Input gate layer iag Output gate layer

Tudau Forget cate layer Tulasea$19awes LSTM aedl Sigmoid Layer #dliAnaeninszning 0
fu 1 azldroonin Jeviluldlunisquiy State Aoulunmendsmuaunisi 2.1 1umsusunnsld

State tinlagaziianInard1tayadnn state nountmselyl

ft= O-(Wf' [ht_l,Xt] +bf) (2.1)

U7l 2.8 9adUsZNEUY Foreet gate layer

Y

LAINL : Sirawich Smitsomboon — Medium



https://medium.com/@sinart.t/long-short-term-memory-lstm-e6cb23b494c6
https://medium.com/@sinart.t/long-short-term-memory-lstm-e6cb23b494c6
https://sirawich99.medium.com/
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drudaudu Input gate layer agfinisAuwau (ludiuves tanh) auaunsi 2.3 uaatian
Wuluauiuailaain Sigmoid Layer muaunisi 2.2 iitedarn Weight Tudayalmiwaziiisinluly

cell state
it - G(Wl ' [ht_l, Xt] + bl) (2.2)

Ct - tanh(WC - [ht_l, Xt] + bC) (2.3)

a

SUN 2.9 93AUTENBUYBY Input gate layer

Y

WAAINUA : Sirawich Smitsomboon — Medium

NUULNADIEIUNFINAULASALANIUIEIULAZ S UUNEIUNVRI ML azlaAn Cell State

AUAUNITA 2.4

Ct - ft * Ct—l + it * Ct (2.9)

Ci1

®
v

f

—

it 5
Ci

gﬂﬁ 2.10 M155UAL0N cell state

LAINU : Sirawich Smitsomboon — Medium

drugavneyiinsiial Cell State 1nAUAU (tanh) MLaun1sh 2.6 wagihAilauigaiu

91n Sigmoid Layer tiiafs Weight Tidnassnuauns 2.5 wagaglaeonunduei h(t)


https://sirawich99.medium.com/
https://sirawich99.medium.com/
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Ot - G(WO ' [ht—ll Xt] + bO) (2.5)

h; = o, * tanh (C;) (2.6)
h[_ A
Ganh>
(o e
hiy 0| ht
>

J

=

SUN

Y

2.11 8sAUsEnoUYBY Output gate layer

WAINL : Sirawich Smitsomboon — Medium

Fadnsuvannisveslieannanunldnuegiwnsnaiglunspeuiunes el n13397

Aeenn N15UTINARANTISTINGA NMI3TNAES WagTiansaumanmans

2.3 lasevnguszammnisunuunnsgaunau (Backpropagation)

TasegUsgamAsuwuunns deundutduisnisAuin gradient vese loss function @

o [y

UNUSAU weights ¥09 network Aen1sAIwIMazilunisAuialalufias layer dounduniain

layer @nvnetienaniasenisAuiuigigeulueunalsves chain rule

9

Backpropagation

Error is sent back to
each neuren in backward

Gradient of error is direction

caleulated with respect to
each weight

==

Qutputs Error - difference
Error — between predicted
Predicted output and actual
°' output output
InputLayer Hidden Layer Output Layer

gﬂﬁ 2.12 §9819 Backpropagation

WiEin : Gradient Descent vs. Backpropagation: What's the Difference?

(analyticsvidhya.com)



https://sirawich99.medium.com/
https://www.analyticsvidhya.com/blog/2023/01/gradient-descent-vs-backpropagation-whats-the-difference/
https://www.analyticsvidhya.com/blog/2023/01/gradient-descent-vs-backpropagation-whats-the-difference/
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2.3.1 Msissuivadlassireussamiisuiuunnsgaundu

madsuiveslasseussamitounuuunsdoundu aunsaesurelddel

1. w3sudoyadmivlilunaieud mndufuunlnunues input layer fvuslnuazes
Hidden layer AMnualnuave9 Output layer fmunsuIuuYes Hidden layer AMMUATIUIUTOU
¥99m1353813 (Epoch) uazAeuianandigosuls

2. MungnIINISLEEu3 (Learing Rate) liluina

3. duendasiminlhduiideuszuindluualuudastu feandanduadiuiuaiedidan
semine -1 B8 1 wanansaeglutaedugldmueamnzannunaadiniseenuuuveslinng

a. udhdeyag input layer iilelWluinaFeus

5. w1 Output Aldanluwawasusuatmvedunasunsesiald Output Badmaned
Svunls F938nseuamen Output Sised

nsrwadludram (Forward Pass) aunsfildlunisuinmuasiuves Input fidnluds

1y j Tu Hidden layer fleganis

xi(p) = =1 X (@)w;;(p) + bj(P)w;(p) (2.7)

So P fe dunugadeya
n A aiwmuimﬂﬁy’wmsuaq Input layer
Xj (p) Ae deyaegnaidnand Input layer fil i
w;(p) fio Acnstminfidousswietoyadad i ldluun |
b; (p) #o mluarSeramnueudes azdadlndradennmsiaansqeduileifio
AUA191989

w; (p) e Adsdmiinideusswindludatulnue |

ASANUIBLUUBLNSEBUNTU (Reverse Pass) 389NN1SANUIAMNIAIAINNARIALARDUSLIAING

[y

NAANSNAUIULA NI ANUNAAWSNABDINT LAIFIINNITAIAIAINUAAIALATDUNINATDUNEU

wdausazlnun IneiSudaws Output layer wdddwioludatuseguaslung Wennlruansiuiiam

o 1

ANURANAA 2UNAIAAIALAADUAINANUIEIUNN5E9UNNTN TneUSuAIaauI NN S allae

YuagiuAmuRaNaIn
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! A ! o ea o Vo o ea v a o
AAanupaIaedsusEtIRadnsidaldiunadnsifens (e (p)) mnmsseus

voslunailasuteyanwseuld ieldlunsusuadmiinlu Hidden layer ansnsarwialaann

ex(®) = Yax(®) — vk (@) (2.8)

G Var(p) fie dmadndidmuneiifonis

sal o

Vi (p) Ao Amadnsfdunnldanluna

2.3.2 Wandunszdu (Activation function)

flsfdunszduniaiiondndedn “Heddunsdssie (Transfer function)” 1utadtulunis
Aurnileviuneafvesdeyasen (Output) JULULATuIngauariusslovideuuuiludu
flariduannisidunss (Non-linear function) esndaymilulanauiuaseidnuausduwuvannis
Wumsetfesann Maddunseduvimhiilunsdadulainiaseumsazgnnszdunioli Tnegenasiy
vosdiayaiin (Input) uagaimmin (Weight) flaidunseduazgnurluldviluungeu (Hidden node)
wazlnundayasen (Output node) Fsitsasslnunenavgldftsitunseduiiviloundesafufily us
druunnazldfladduuuulidudadu emnlulnusdeuasinseunauuunsrimiBadu (Linear
combination) dilridunseduvedinundeuasdimsdnauuuidadudn wdunsvhauddoudty

nMsmunwuUNITINLdUlututeyasen uazszhlinadnsiieuwiivaunisonneasdasn

Handunseuaziivanvareguiuy feseluil
1) HerdunsedurUs (Threshold Activation Function) flafduilisandnvainfenduly
wisawy (Binary step function) FavgfiansanardeyaiininnnimsetesninAuusinmuall

(threshold) w3aliiiadsAsaludstudnly Jaunisaemaluil

0,x<0
f(x)—{11x>0 (2.9)
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1.0-

0.5 -

0.0

-5.0 -25 0.0 25 5.0

JUN 2.13 nsluansitanduluwiawmy

fisn: Getting to know Activation Functions in Neural Networks. | by Hasara Samson | Towards

Data Science
2) flandunsed udnueoss (Sigmoid Activation Function) v uilsfidunamdnaransfd
anwagduiiea “S-curve” #38138n1 “Sigmoid curve” AwiiANs¥nIng 0 wag 1 fadduilazldiile

o sviuenuinvzlu (Probability) vesteyaesn flaun1snail

x
o A (2.9)

e*+1

Sigmoi Function
1.0
0.8
0.6

=
0.4 1
0.2
0.0
B

JUN 2.14 nemluansilandudnuess


https://towardsdatascience.com/getting-to-know-activation-functions-in-neural-networks-125405b67428#:~:text=Binary%20step%20function%20is%20a,said%20threshold%20neuron%20is%20deactivated.
https://towardsdatascience.com/getting-to-know-activation-functions-in-neural-networks-125405b67428#:~:text=Binary%20step%20function%20is%20a,said%20threshold%20neuron%20is%20deactivated.
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3) Wendulaiasluaauneniauy (Hyperbolic Tangent Function: tanh) dn15v1191uAane

a Aa a (3

HandunseAuanueeawaliusednsninandn seliAsendng [-1, 1] Jefvesilendulawesluiaunan

¢ v Y ada 1 v v Aa Y v ] 4
LAUN AB a']ll'ﬁﬂLL‘UaQF’\I']SU@%aLGU']VINV’]']LUuaUN']ﬂ ﬂIWLﬂum@%aaaﬂwmmaUl@l LLazsUaﬂiljaVlﬂqLﬂu@u’U

£
1% 4 v A

sxgnulaadudeyaseniifialndgue (nearzero output) Haunsesil

Y

X —-X

e”—e
tanhx = —— (2.10)
et+e
Hyperbolic Tangent Function
1.00 4
0.75 1
0.50 1
0.25 1
X
£ 0.00 4
8
—0.25
—0.50
—0.75
-1.00 4
va L3 2 4

JUN 2.15 nluansitantulaiasludaunsiiaun

4) Heridusadlidduiesiin (Rectified Linear Units, ReLu) 1uilsidunidenldaiuunniian

q

Tulassrneuszamiieuwuutn (Convolutional Neural Networks: CNN) waglasaungUssanmiey

(%
f v A

99258% (ANN) WINTuilaziane

Y v Y a1 1

SEUIN [, o0) MmaﬁqmmamaLmummﬂquusﬁamaaaﬂmmﬁu

Y Y

¥
& v a

2RnaY Gi’fa;gaaaﬂ%ﬁﬁhlff]uﬂua Taun1599d

Y

]
U
&
3

0,x<0

ReLU(x) = {x 20

(2.11)
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Rectified Linear Unit Function

RelLU(x)

=4 -2 0 2 4
X

'
a

JUN 2.16 nuluansilaiduladasiudaunediaun

2.3.3 Optimizer

Optimizer fia 8anedfiunsodsn sngnldiiieanc1ves Error function %38 Loss function
Junmsifiudseansanlilunaiinugndesudiugn Optimizer iWuilaidunsndinanansnuegiu
wisdiweslunisiSuusvedluing 1y Weights & Biases. Optimizer ¥38lun15UTUAT weights uaz

learning rate voslilnalvoanAT Loss

2.3.4 KANNIVIIAIAIUNANANA

ArPURANETR %30 Loss Lumsiaranisinuvedlunalusedvges dviudeyausas
Fu 1y Feyatuil 1 seufinluainaruduaia 10 ui, Foyatufl 2 neufinly 2 wiu us Accuracy
Hunsiamansvinnuednnalunmsay wu lnswdsrndeyatmunud lueaiineugnitmue
80%

Tnen1sfionu Loss Buenvazanetuludmsulunaiianetu wy Cross-entropy loss @113
31U Classification, MSE loss @1%5U41U Regression, Wasserstein loss @115 U WGAN, Negative

sampling loss & w3U word2vec tHudu
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2.3.5 Gradient Descent
Gradient Descent A Optimization algorithm Faniladmsuldlunismen weight Fivhlek

Tawnadien Error w3e Loss sflanlnediaunisdail
8= 0; - x—=](6) (2.12)
T 7o, '
e @ fa Weight, OC fia Learning rate was ](9) fle Cost Function based on 0 #3®

- Learning rate A® Hyperparameter finauAxi19zLUdsukUase weight vasluwnaly 1 Step ¥e9

14

N13N3U A1 Learning danasianiswsulunalaedrususnniiuluasyilidnevvesiunaligiing

v

(J a =) 3 Ql' [ 1Y [ 4 a o { I o v v
ANFBUITIVITDANNBUNAITITLUU LLG\Q’]UiUU@EJLﬂUIUﬁ]%VHImMLﬂﬁsﬂaﬁLi’lfjjL“U']EjW]GIE)UGUWLLaSSLSUL'JaW

Tunswmsuwudu sgnelsimusndudefinisnaasslsual Learning Rate F1anlnumsingauiu

Tuma

¢ o

- Cost Function %38 Loss Function A8 HaAduafin1ans nAa1uIsanuRanann (Loss) S£1314

ANMBUIIINUNNTYIIUIUDILLLAA

New weight = weight — Learning rate * Gradient

'
a

Gradient Descent agldanslunisauinm weight Inaifiaau lngluseuwsnvasnisaiuam

Gradient Descent 2g13331NNNSEULAAT weight AMWINTUNINBU UazyiIN15Tm Performance 84

2
I =2 o 1

lunaftinanal weight MduAunn faeA error 310 Cost Function wazagiian error 71la 1197y

q

' (%
ralal 1

Tun1smuua weight Tninanisiy wazdian weight Jagtuinlauviwuuiiugnluses 9 aundn

(%
[

agleiAn weight Avil¥ie" error ¥e3 model fifian #4n1591ULIU0 Gradient Descent Tuusazase
ARen1sivdudnlumyaniian error siigeasiuizos o AsliuszezAINEITBINTANILABZATI 39
| | < ° v v ° vy Aaa 2 & Yy v O ~ v

danariaanusitunisAann wavinemnllonagyiluiriasyenangalunduls Asiusndades
1N15AIMUAAT Learning rate 139 538¥AIUE12V0IN15ANLULAAZATIUDY Gradient Descent 1%
Wazaunle Gradient Descent anunsavinaulavislutigmiuszinn regression waztymivszinm

classification InsuaUsULUABU Cost Function audszinnveslgmiiu 9

gn3v94 Gradient Tutlymuszinn Regression agdl Cost Function \Ju Mean Squared Error

Gradient = % MSE(0) (2.13)
]



lng MSE(G) B Mean Squared Error
gn3v94 Gradient Tulanduseinn Classification 9dl Cost Function Ju Cross-Entropy Loss

Gradient= % L(0) (2.14)
J

ng L(e) A8 Cross-Entropy Loss

Small learning rate Large learning rate

Loss Loss

N

\

Verlue of welght Vile of weight

SUT 2.17 83Une Gradient Descent

U

WIAINN ; What is Gradient Descent? | IBM

Usstnnuag Gradient descent
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- Batch gradient descent As N15UIAIAMNRANAIR (Loss) NAAINTOUADULIAIUIUAINAANG LU

'
a = a a

soudalulneidonnyauidruwialuwsazsou Batch gradient descent iudanesfiuniiuszanslu

n15anAn Loss usildszeziianlun1sAmunauiniiesninudagseunesduIneInteyannya

- Stochastic gradient descent [unsAuIMmAIANNRANAAEULREITU Batch gradient
descent wafnaiumaN Stochastic gradient descent AU ToyaINEIYARLINIAUINMIAIAIY
Ranaaluusazseu ilrldanlunisAmuiailesnin Batch gradient descent uamn Loss Alaay

wWnlaldd sedldsaulunisaulnanne

G
Y


https://www.ibm.com/topics/gradient-descent#:~:text=Gradient%20descent%20is%20an%20optimization,each%20iteration%20of%20parameter%20updates.
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- Mini batch gradient descent tJun1sihdefves Batch gradient descent Wag Stochastic
gradient descent 1153 IAEUNUNILAUINTBYANNYALUU Batch gradient descent naLies
quﬁml,wu Stochastic gradient descent. Mini batch Gradient Descent 92¥INN15ANUIMLAAETOU

Ingldtoyadnuiugnnuiiaivue

2.4 Transformer

Transformer tulanafigneenuuuanlddmivmuiiidu sequence to sequence @130
wisnsviaueentallu 2 dufe encoder wag decoder unagdauazil Multi-Head Attention 1Hu
wlandnlunisineu fegranislden Transformer wu nsulaniw a¢5U input My sequence

wag Transformer 2w@319 sequence TulTUNMISHS decoder

Qutput
Probabilities

Add & Norm  J=
Feed
Forward
I Add & Norm ﬁ
(A St Mult-Head
Feed Attention
Forward J ) Nx
\,
Nix Add & Norm
r—»l Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
A2 A )
o J \ Z)
Pasitional BN Positional
Encodi ) & ‘
ncoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)

gﬂﬁ 2.18 1aseas19luma Transformer

WiaTian : Attention is AWl you Need (neurips.cc)



https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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2.4.1 Self-Attention
Self-Attention A® attention mechanisms AuilaNvITRUINNIAUFURUSVDY sequence
° | = ° = & A ° ° = N [ & v
a euunlantlesia sequence duusdurieaziluAwiaiollasun198s sequence Uulwil

Usungevusald

2.4.2 Scaled Dot-Product Attention

Scaled Dot-Product Attention funszuaunisii attention nilswas Self-Attention lnes]
input Usznausie queries (q) (U keys (k) 1ufii d, was values (v) Wi d, nsveuduainnis
AR dot products 581319 q WagnneAves k ntuhng scale Tnewseae vd, uarldilerddu

softmax wiafiazliilaen weishts T4y v Fudulufsauns
: QKT
Attention(Q, K, V) = softmax( \/T)V (2.14)
k

t

MatiMul

e

1
SoftMax
1
Mask (opt.)
i

Scale

t
MatMul

INEA

Q KoV

'
a Y 1

EU‘W 2.19 fneg9lAseasy Self-attention kuUU Scaled Dot-Product Attention

wiasiiun ; Attention is AU you Need (neurips.cc)

2.4.3 Multi-Head Attention
Multi-Head Attention {uluganiisd iy attention mechanisms 7iviia1ulae sy attention
mechanisms MaMERIUUUIUIL outputs YaensEUIUNsHIzgnideiuLainsindulalivge

uAYALAEY waz Multi-Head Attention Uulugafidrdgylunisvinuniulassasiaves Transformer


https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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Multi Head(Q, K, V) = [head,, ..., head,,]W, (2.15)

Tne head; = Attention(QWiQ, KWK, viw")

INAUNITTHU W AD weight TLA1191NN558UFVR Multi-Head Attention
Multi-Head Attention Tngunfiudavzgninluldiunuuseian sequence to sequence 38

sequence to vector

Linear

Concat

]

o
Scaled Dot-Product J& »
Attention N

kil L ,
[ﬁ@[ﬁnear],] [ﬁ;@

Vv K Q

g‘d‘ﬁ 2.20 1A59851909 Multi-Head Attention ﬁﬁ attention mechanisms LulUy Scaled Dot-

Product Attention

wiaeiiun ; Attention is AUl you Need (neurips.cc)

2.5 Media Pipe

Media Pipe 1 uunannesu Al lng Goosle WUy Open source fid1unsaldidu Pipeline
avradunariuilunii flo wazvimadisiaududou TasldnsisanuiilunisszyuasUsziana
ﬁﬂaaﬂmﬂui%qﬁﬁ’uﬁLLaiusJ’WLLazi’am%’J Tgfunuuasuisasldauldiu Android, i0S, waniviey/

3 [
AAIR, LIULEE loT


https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
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Face Detection Face Mesh Iris Hands Pose Holistic

-

Instant
Box Tracking Motion Objectron KNIFT
Tracking

Hair Object
Segmentation Detection

5U# 2.21 ML solutions in MediaPipe

49147 : Home - mediapipe (google github.io)

Android

ios Cev Python s

Face Detection
Face Mesh
Iris
Hands
Pose
Holistic
Selfie

v z = @ ]
Segmentation = = = = g
Hair

v 7
Segmentation g g
Object

7] - 7
Detection g a g
Box Tracking
Instant Motion

s
Tracking =
Objectron
KNIFT
AutoFlip
MediaSequence
YouTube 8M

U 2.22 ML Solutions agszuuiisesiu

WAINNN: Home — mediapipe (google.sithub.io)

2.5.1 MediaPipe Holistic

MediaPipe Holistic e legdulanunsansiadurimis fle uazlunihwesyudlunafeity
uazdulegiuuuy end-to-end Tagduiiazld Pipeline wuulmifiusznousensnsiaiurimis nin
wagilefiuuusdviafianiiolivihanldiZoal Tagldnnsloudrenieanudiszning interference
Backend @4 Pipeline 9z5au3ULuumMsufAnsuaznsUszananaiunnaaiunmunisnsadunm

wiazdudveiu wararlidulsgtunuuasuiasildnuliuuuGealnivasaiiays


https://google.github.io/mediapipe/
https://google.github.io/mediapipe/
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MediaPipe Holistic 1¥n1sviausaniUfsuiuseninen1snsinduiisauyn nedsednsam
109N13911UETURE UM ILaEAMA MTeIN skanAsutoya Wesaun15nsIaduvivay

% [ Y & v A o 1 [ < = a [ . a 4
LUIMIBNU ?\]3197LiJTJI‘UQ‘UUVWI’N’]US’MJﬂ‘LlL‘U‘LWi‘Ll\‘iL@IEJ’J laga1u15n3u Keypoints ?Jaamwmaaulmlm

f19 540+ 90 (Fwvewimie 33 9a Jet1ay 21 90 wazdluni 468 90)

1) N15M19UVBY MediaPipe Holistic

MediaPipe Holistic Uszananalnenisilumavosvitnie Tunih wazileunsaufy §wiseny
dldsunmsufuaunmilidiiulasnvemuesiign uidesandnvurnshauanzvosamdu
fisnaifu vilvidoyaildlaffudruniioraliirfududu sndregradu lumanisszyvima en9ae
FosnsilsuAnlefifiauazideaiion uiilledosindiuveaiionazntiiannmiedsdeludiluina
sioly mnuazdoavosnmiensazsuiuluaulianinsnyssinanaldutiug) daewg il MediaPipe
Holistic FepanuuunluzUuuuLes Pipeline Afivanstuney Teuszanaluusazdulnsldaay

ALLDYANINNLANANU

How MediaPipe Holistic Work

W -~

Ul 2.23 mshanuves MediaPipe Holistic

Whas¥un : MediaPipe Holistic gunsaiitansnsadunmsiadeulmvadunt fle wagvitmalalunian

WWeafiu | by Sertis | Medium

v v

guAuLIN MediaPipe Holistic agszynmavesywdlagldlunansiaduviimaiagluing
32y Keypoint #di91ntuia Keypoint Aiszylauuusesnidu 3 9eaula (Region of Interest: ROI)
aseusinduidunau 2 99 wavdrumi udrddlddmiinseUsenuuuiiaiinauaziBenvedyn

11 N1y Pipeline agvihmsaseUilsuninnuazidungianvesan RO Nsaegn uadddldiulung


https://sertiscorp.medium.com/mediapipe-holistic-%E0%B8%AD%E0%B8%B8%E0%B8%9B%E0%B8%81%E0%B8%A3%E0%B8%93%E0%B9%8C%E0%B8%97%E0%B8%B5%E0%B9%88%E0%B8%AA%E0%B8%B2%E0%B8%A1%E0%B8%B2%E0%B8%A3%E0%B8%96%E0%B8%88%E0%B8%B1%E0%B8%9A%E0%B8%81%E0%B8%B2%E0%B8%A3%E0%B9%80%E0%B8%84%E0%B8%A5%E0%B8%B7%E0%B9%88%E0%B8%AD%E0%B8%99%E0%B9%84%E0%B8%AB%E0%B8%A7%E0%B8%82%E0%B8%AD%E0%B8%87%E0%B9%83%E0%B8%9A%E0%B8%AB%E0%B8%99%E0%B9%89%E0%B8%B2-%E0%B8%A1%E0%B8%B7%E0%B8%AD-%E0%B9%81%E0%B8%A5%E0%B8%B0%E0%B8%97%E0%B9%88%E0%B8%B2%E0%B8%97%E0%B8%B2%E0%B8%87%E0%B9%84%E0%B8%94%E0%B9%89%E0%B9%83%E0%B8%99%E0%B9%80%E0%B8%A7%E0%B8%A5%E0%B8%B2%E0%B9%80%E0%B8%94%E0%B8%B5%E0%B8%A2%E0%B8%A7%E0%B8%81%E0%B8%B1%E0%B8%99-e1185469e111#:~:text=MediaPipe%20Holistic%20%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B9%82%E0%B8%97%E0%B9%82%E0%B8%9B%E0%B9%82%E0%B8%A5,%E0%B8%96%E0%B9%88%E0%B8%B2%E0%B8%A2%E0%B8%AB%E0%B8%99%E0%B9%88%E0%B8%A7%E0%B8%A2%E0%B8%84%E0%B8%A7%E0%B8%B2%E0%B8%A1%E0%B8%88%E0%B8%B3%E0%B8%A3%E0%B8%B0%E0%B8%AB%E0%B8%A7%E0%B9%88%E0%B8%B2%E0%B8%87
https://sertiscorp.medium.com/mediapipe-holistic-%E0%B8%AD%E0%B8%B8%E0%B8%9B%E0%B8%81%E0%B8%A3%E0%B8%93%E0%B9%8C%E0%B8%97%E0%B8%B5%E0%B9%88%E0%B8%AA%E0%B8%B2%E0%B8%A1%E0%B8%B2%E0%B8%A3%E0%B8%96%E0%B8%88%E0%B8%B1%E0%B8%9A%E0%B8%81%E0%B8%B2%E0%B8%A3%E0%B9%80%E0%B8%84%E0%B8%A5%E0%B8%B7%E0%B9%88%E0%B8%AD%E0%B8%99%E0%B9%84%E0%B8%AB%E0%B8%A7%E0%B8%82%E0%B8%AD%E0%B8%87%E0%B9%83%E0%B8%9A%E0%B8%AB%E0%B8%99%E0%B9%89%E0%B8%B2-%E0%B8%A1%E0%B8%B7%E0%B8%AD-%E0%B9%81%E0%B8%A5%E0%B8%B0%E0%B8%97%E0%B9%88%E0%B8%B2%E0%B8%97%E0%B8%B2%E0%B8%87%E0%B9%84%E0%B8%94%E0%B9%89%E0%B9%83%E0%B8%99%E0%B9%80%E0%B8%A7%E0%B8%A5%E0%B8%B2%E0%B9%80%E0%B8%94%E0%B8%B5%E0%B8%A2%E0%B8%A7%E0%B8%81%E0%B8%B1%E0%B8%99-e1185469e111#:~:text=MediaPipe%20Holistic%20%E0%B8%84%E0%B8%B7%E0%B8%AD%E0%B9%82%E0%B8%97%E0%B9%82%E0%B8%9B%E0%B9%82%E0%B8%A5,%E0%B8%96%E0%B9%88%E0%B8%B2%E0%B8%A2%E0%B8%AB%E0%B8%99%E0%B9%88%E0%B8%A7%E0%B8%A2%E0%B8%84%E0%B8%A7%E0%B8%B2%E0%B8%A1%E0%B8%88%E0%B8%B3%E0%B8%A3%E0%B8%B0%E0%B8%AB%E0%B8%A7%E0%B9%88%E0%B8%B2%E0%B8%87
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finadudiuveslumiuasiloifossymumiis Keypoints aadansig 4 LLaz%umauqmﬁw%Lﬁumi
11 Keypoint 7il§un5uiu Keypoint vaslunarimslumeugiu saufudu 580 keypoint+
n3aeviilnnssey RO fiusednsamiudy deddssuuamaduuuiensussuudildly
gunsaifinsadulumihvieusuiissegiafier dsagldnmseyunuiningiinsaduliildfinisuduann
tin Tngagldilsuneuntinfieannisaimsssysiumisvesinglumsusioly sgralsfiniu f1ngu du
SuAuly fafenuduisenafianann dwhliiesatuerafemmatusunddunmlnignads
MediaPipe Holistic agldn1smanisaiviinisluyn 9 wsuarmdhliiduaiiougn ROI waSuld
fouRususnifioanszznalunismevauastes Pipeline narfinumsedoulmisiaiuiuly
uananiisddmaelilumaausadnsnruaenndestuldviitasuiuar dostulsilfiAnei
Fuauszrisilotonaziiovn videduirnsiuvesstamelundagiisy
uennilasUniudinrmasdenuesnsunsadurimstiuagduiuluviliga ROl vomih
warfletuiiauusdugifesly auldannseliuuamislunisaseudaduduld silidoddunaly
msnseUdndunthuazileffvuinidnususiug ieflavandosinsluiFosmnuuwsiug seninsdud
wazduvesetulunth lumafiflvnadnazsmiiidushulasiufl (Spatial Transformer) wawd

Tdnanlunisuszananalunatiosas 10 wWasigus

2) Yseansnmnisineu
4 L ) . o <) t4 £ o 1 [y 1 1 1 1<
MediaPipe Holistic 3T umaeldn1sviausuiusening 8 lunadewlsy wiadu luws
M3139UIM4 1 laaa 1nans193u Landmark ¥e9iinng 1 luiaa Tauea re-crop Liveaseusulval
3 luma wazluwalun1ssey Keypoint dmsuilowagluniingn 3 luwma Feluseningm Google W
lggduil wanlaldy's Machine Learning wag Algorithm lun1sAIUIMN 4N BULAENH NS
Uszanawa Fslasun@uainisuseananadzlinainsutaunniiesninanudugauues Pipeline ualu
nslues MediaPipe Holistic wannladnenssuaunisnismuingsneusuaniduaunwmualulin
GPU 1l Pipeline anunsaviaulaisidulaeinde 1.5 w1 usenvazuandnsiuluinsluusazgunsal
A9l MediaPipe Holistic 3sanunsavinaulaiiavazisealnyl winsendlugunsalseaunatsuasluy
3 s
USRS
AnauURveY Pipeline NUsznaumenIsinauvatsdunsutudisiiuysednsamlunisla
Tu 2 dw nilsRallosanlumadiuunndulumaivinanuuuudass Jeawnsaldluwanestuiidnas
= X oy v X (Y ! o a a v = a & @V v
semauils Fuegivanuwiugiuasussansainiinenis vieasUalumatulumeils wageaos
Aollegunsalanunsansiaduvinnmild Aaganmnsamaaldindeduniegluiuiimsuiidouseiu

v = 1 o v o, . v & ! & v
mevaalil vl Pipeline aunsatiutuneunissyydmatiulule



25

2.5.2 MediaPipe Hands

MediaPipe Hands t¥u solution n1sAnauiiondauieswmsegs 14 machine learing Tu
nsasuadang 21 galuguiuu 3 TAvesiieainisuisen

MediaPipe Hands 14 machine learning wuuvinausauiu laun palm detection model %
) A o v A A o d‘ Y
Duleaninanulunsnsiadudiile uag hand landmark model MUy nigNAnIINVa UL

al' . A o o a Aada PN
GU@Qﬂ']WV]QﬂGﬁ'J‘UW‘UI@IEJ paLm detection LLaSaQﬂUﬂqﬂﬂﬁqﬂiysﬂ@ﬁN@LLUU 3 NWWN@?W@JLWSQ@?QQQ

®
ge 2 e 0. WRIST 11. MIDDLE_FINGER_DIP
s 1T L 1. THUMB_CMC 12. MIDDLE_FINGER_TIP
7 I 15 2. THUMB_MCP 13. RING_FINGER_MCP
6 107 ¢., 20 3. THUMBLIP 14. RING_FINGER_PIP
. oy P19 4. THUMB_TIP 15. RING_FINGER_DIP
4 >\ 9 3 M 5. INDEX_FINGER_MCP  16. RING_FINGER_TIP
3® \ 17 6. INDEX_FINGER_PIP 17. PINKY_MCP
/7 / 7. INDEX_FINGER_DIP 18. PINKY_PIP
\ / 8. INDEX_FINGER_TIP 19. PINKY_DIP
1 9. MIDDLE_FINGER_MCP  20. PINKY_TIP
Y0 10. MIDDLE_FINGER_PIP

'g‘dﬁ 2.24 Position of hand landmarks

WiaeTian : Hands - mediapipe (google.github.io)

2.5.2.1 Palm Detection Model
UUUIN train palm detector W1y hand detector 1AgN15UTEaNUYDUIAVRIING

(%
U

wisudhlensertu Fellfedrfyniinisiunmiaduidlenfidiuusenevvesiniodunaie i

[%
A IS £

Aodhfletuduingiidnnda the non-maximum suppression algorithm 3avhaulafudinssiansdl

a o P v o | | Y a ¢ Sl .
Nsaesdiounteiuiesegrsrunisivile 8elunintdudndeanunsaeenuuulalag square bounding

boxes azLIUINTIAIUTDININDUS NmATATINAILIAZIAANLLNUE LAY 95.7%

2.5.2.2 Hand Landmark Model

184970 palm detection 3NFUNIMUARIUAIE hand landmark model ALunTg

ATIFUAIIENARYUesen 21 9ALUU 3 TF aeausiug

2.5.3 MediaPipe Pose
n13UsTIINAIIIMIUBIIYEEIINIAladiunumdiAglunsldnuseunITmUTIIinTg

20NAFINNY NFFINTHAL UAXNITAIVANMEYIMNITIIHT


https://google.github.io/mediapipe/solutions/hands.html
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2.5.3.1 Person/pose Detection Model (BlazePose Detector)
AANTSaland1Asy 2 YaLiledudugaAudnaavesiNIBuy L N1V Wagaualy
JURUUTRINAY YINsiwnganaudnatsilneasanarsvesaslnnuyyd Salveiinauiidensey

V967 uazldunsaudeamigensessnitvilnatuganatsesaginn

g‘dﬁ 2.25 Two virtual keypoints predicted by BlazePose detector in
addition to the face bounding box.

WaIN : Pose - mediapipe (google.github.io)

2.5.3.2 Pose Landmark Model (BlazePose GHUM 3D)

Landmark model yinunga1uniaues pose landmarks ¥4 33 9a

ss2 123 0. nose 17. left_pinky
0N T 1. left_eye_inner 18. rlght_,pmky
s 2. left_eye 19. left_index
10 9 i
2, . ¢ Y ® 3. left_eye_outer 20. right_index
ax] - . [ Wal 4. right_eye_inner  21. left_thumb
. :,// '\. / \%;’ - 5. right_eye 22. right_thumb
/ 6. right_eye_outer ~ 23. left_hip
7. left_ear 24. right_hip
\ [ 8. right_ear 25. left_knee
248 - 923 N
J \ 9. mouth_left 26. right_knee
y \ 10. mouth_right 27. left_ankle
/ . 11. left_shoulder 28. right_ankle
2
“4 12. right_shoulder 29. left_heel
13. left_elbow 30. right_heel
\ / 14. right_elbow 31. left_foot_index
?f“ a4 15. left_wrist 32. right_foot_index
2% % &% em 16. right_wrist

5U7 2.26 Pose landmarks

Y

WAL : Pose - mediapipe (google.github.io)



https://google.github.io/mediapipe/solutions/pose.html
https://google.github.io/mediapipe/solutions/pose.html
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2.6 N15IaUszaANS A lun1sIUNVaIlLLAE

Confusion Matrix tJuip3esiodAglunisuseifimadwsveanisviiunewie Prediction ves

v
LY a =

TuLAaRn b as 197U TaeAIUIAINNISIAINA 99 LuAavinule (Prediction result) AU IR LAATURT

(Actual result) Hdndruduadnals Faiinrsiruadindslnelunisne confusion matrix fawandly

AN519N 2.1

A1519% 2.1 Confusion matrix

Actual class
Positive Negative
Precision:
2 o
- & TP: True Positive FP: False Positive P
o & (@ypelEMOR/E | S W
s (TP +FP)
a
5
egative Predictive Value:
2 Negative Predictive Val
o > 4
= FN: False Negative 4
© .
g, (Type Regos) TN: True Negative ™
(TN+FN)
Recall or Sensitivity: Specificity: Accuracy:
TP TN TP+ TN
(TP + FN) (TN + FP) (TP + TN + FP + FN)

Lma'&‘ﬁm : Performance Evaluation Measures of Classification model (analyticsvidhya.com)

True Positive (TP) ABA11NAINYINUI8ASINUAINLAAYUDSI TUNSHYINUI8I195 Az daR
WARTUARD 254

False Positive (FP) AaAnannasnyinuieliasetudsniiandu Tunsalviiunginaswsdsniindu

Ao ldase uavgnilenidn Type | Error

True Negative (TN) AoA191n@NYIUIEaTINUdsIAnt W Tunsalvinuieanliassazden
a é{ @ I a
REIRIELNEER

[
= 1

False Negative (FN) Aoaianndsiviunelanssiuiiintiuase Tunsaiviineinlidass unded

\NnTuAe 939 wazgnisendn Type Il Error

paINAlnasureA1lumIs1e Confusion matrix lUkaduu Tuwwaniussansainlunisvinune

'
a

7fesfiazdian FN waz FP idoy usazifiaanina FN lulunatdutiosfigaiiiosninan FN 1uaid

q

S

lunaiuyiung1193e wiAfignaesaelaiase tsaiunsaly Confusion Matrix unAruIun1sUseLiiY

Usgansnmvesmsvingagliaavausituguuuuesine lavatgen loun


https://www.analyticsvidhya.com/blog/2020/12/decluttering-the-performance-measures-of-classification-models/
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2.6.1 Precision

Junsiseudisumsiunedigndes (Positive prediction) 31 939 waztinduass (TP) fiu

ASYINUNYIN 939 WHASTLAATU Ao 1939 (FP) Farmuwindlaann Precision = TP / (TP + FP)

<~ g0 .
2.6.2 Recall #39 Sensitivity
ANLGNABITBINITIIEIzlY 939 WisuiuTuuasveamsNIsalieyiniwe wasiintu

11 Wuass Auadleann Recall = TPATP+FN)

2.6.3 F1-Score
F1-Score 1JuAnadswuy harmonic mean $$%ing precision uay recall 9aUsaIAvINTT
#5719 F1 Juan Ao el single metric Adaanuaiuisavesiana Awiadlaann F1 = 2 x

(Precision x Recall)/(Precision + Recall)

2.6.4 Accuracy
Juranugnaesinunelanssiuamiiatuasaunnualng MEorasIueIflaTuEuNLE
lqlﬂﬂ‘um’]i’]ﬂ Confusion matrix a8 confusion matrix #13Ldusn5199u1A 3x3, 4x4, nxn Alauiu

$1unu class Aisragyhune Jauaaildann Accuracy = (TP + TN) / (TP + FP +TN + FN)

2.7 Euclidean distance

Euclidean distance Ap szazmsUnissninsanaegaluiuidunss ae1aannsainldde
lifussvin ffananngquiuniinilnga wgfliFondn uwugeda ilesanidunisinszeznsluliad
wuuyadn (Feusiuduigiinananiely) Aolifennulfauarliannsnyhlilése waensligesiia

a

o v < aa ! o N a ¥ < a 1® ! o
szgymavilinaneluuinideseegnie Ausedn (norm) Migatesiasisenindu Arseduuuee

=3

[y

am (Euclidean norm) WiUAY (SMULIPUELENIUSENNITINBYN9TIN SLEENLUUNNLINSA)

2.7.1 Uy1uva9 Euclidean distance
JLYENNLUVYARATENINNAABIRA p kA q ABAIINLIVBIEIUTDAEUAST pg 81 p = (pl,
P2, .., pn) kay q = (ql, g2, .., gn) luszuuiidaa1siideu lugeaesgauuligiandn n a6

JLEENNTENINGA p AU g Aadleann
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d(p,q) = J(pl- a,’+(p,- q,)+.+ (p - q )* = 1/2{‘4 (p- @) (2.16)

AUTEANUUEATR ARTYeENRINAntlegn p lUEwanin (0, 0, ..., 0) uuUInlieAdn

llpll= \/(pl- a,) + (P, a,) + ..+ (p -q) (2.17)

Feaunsimdunetosiunanngn Wuruavesinees p 911n9anun ssegnauvenin

[

F9enteule Nl uUNT el

llp - all= Vo- ) = G-y =/ llplI? + llall? - 27q (2.18)

Tunilaflifl 52e¥N19TENingnaBIRAUENTILILASIARAENY TIYDINAR 19V B IATIY
AIUA p war q 1TugREIn (M3991IUADITIUIL) VILEUTIUNIUTTINAT SYBEVNITTWIN p

way g JsAwadlaann

d(p,q) =,/(p1— ql)2 = |p—q| (2.19)

Tuasslifiuuvendn 01 p = (pl, p2) kaz g = (g1, g2) WA TLUTNNITWIN p ey g @150

9

Vv

Analansll Felgnsmlouniunguuniinilnga

d(p.a) = /(p,- )% + (p,- q,)? (2.20)

MNRYIULUUTEDITBITTEENMULYEAGA 71910 p = (r1, B1) waz q = (2, B2) Tuszuy

(%
[ [ o

NAPLTIT? ﬁ]%ﬁ’]lﬂiﬂﬂ?ﬂ’)ﬂﬁgSzﬂﬂﬂléjﬁl’lﬂﬁjﬁiﬁ

llp - ql| = \/rlz + 1,2 - 2r,r,cos (0,- 0,) (2.21)



Tuanufifuuugndn S28sn95EIN p wag g NAe

d(p.a) = /(- a,)% + (B,- 4, + (p,- q,)?

alAdiiuTu warneluARuun NI 1uIuns wuilisesld

(2.22)
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WANNISTNIIULAZNITDINUUY

3.1 System block diagram

Collecting Extract holistic
Dataset keypoints

Euclidean
distance

Create and Train
LSTM + Multi
Head Attention
Model

Prediction

E‘Uﬁ 3.1 System block diagram

3.1.1 Collecting Data

(% (%
Y

Tutumeunsnyinsiivdeyariminiwile Tuntiiurisun 51 v vinaz 120 36le 3dle 60

W sauvianun 6,120 3ate wuslutayadwmiulilueaiseus 4,896 3dle dwiunadeu 1,224

3.1.2 Extract holistic keypoints

v
v =

910 MediaPipe Holistic @1115069 keypoints 9840 wagvinielaasdudsldviinisas
landmarks U893 891 9@09U196aL landmarks ¥89¥11919M19UUS 198 nu LR a1 bl AU

Euclidean distance
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3.1.3 Euclidean distance

3.1.3.1 Hand landmarks

A4 landmarks vaeleranuviesvuaileas 11 yalaun Yangilavesilang 5 tasionss
na199999994 5 wazdile 1 pdudugadisdaidesaindanuvisuslasiosfigadaiiisudiu

landmarks 9991 9NUuuEaZA1NTIe 10 9A1791 Euclidean distance fudidefidugneneda

3.1.3.2 Pose landmarks
o : : g v Xy X
A4 landmarks vewimdludiuvesuvuesnuauadeay 6 yalaun 9710s 173
{afiey daile Tomen wazialva lnglvialuaidugesnede anndutusazgnainis 2 9auIm

Fuclidean distance ﬁuﬁﬂma'ﬁtﬂuagmé’n%q

3.1.4 Create and train LSTM + Multi Head model

3.1.4.1 Deep Learning

4314 Deep learning model 91nluga LSTM muaigluga Multi-Head Attention lagin
features Mu sequence 1L91 input layer mﬂﬁf‘udw}'ammm% LSTM 93 80 units Lialuluiaa
a PR a & ' ° ] v . X a a
LIEUFVRYANLUY sequence 7eluyi1n1s normalize layer msﬁ,m%a LayerNormalization LWaLWa

Usgansnnlunisgidnves gradient 910 Relu activation function Wifgsiu a1ntudssiedoyaluds

luga Dropout ey saudeyauiseiumudandunnmualuvusnluwamauseus 3an15v

¥
=] 1

wuuilagtsanloniants overfit vaslinnald antudsdedoyaludsluga Multi-Head Attention
Tugatagyinsmanuduiusfusevinamn sequence 99 sequence Mavin uasLfisnszAnsnn
n13guinves gradient faeluga LayerNormalization 9ntiudnntsdeyaneutilugnsiadulaves
lunalaeni1sin sequence ﬁgjwmmmmmaﬁ'aﬁwimqa GlobalAveragePooling1D wazanyiig

lunasdnaula classify Yeyasie Dense layer
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U

U

o
]

input: | [(None, 60, 30, 1)]
InputLayer
output: | [(None, 60, 30, 1)]
input: | (None, 60, 30, 1)
Reshape
output: | (None, 60, 30)
input: None, 60, 30
LST™M P ¢ )
output: | (None, 60, 80)
input: | (None, 60, 80)
LayerNormalization
output: | (None, 60, 80)
L input: | (None, 60, 80)
Activation
output: | (None, 60, 80)
input: None, 60, 80
Dropout P C )
output: | (None, 60, 80)
input: | (None, 60, 80)
MultiHeadAttention
output: | (None, 60, 80)
e input: | (None, 60, 80)
LayerNormalization
output: | (None, 60, 80)
input: | (None, 60, 80)
Global AveragePooling1D
output: (None, 80)
input: | (None, 80)
Dense
output: | (None, 128)
input: | (None, 128)
Dense
output: | (None, 100)
input: | (None, 100)
Dense
output: | (None, 64)
input: | (None, 64)
Dense
output: | (None, 51)

3.2 1338519 Deep learning model
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3.1.5 Prediction

NsNgkasUsEansAmlun1ILUN AW ATl UAaINt AN UL UL NLA LAY T9lu

¥
v A

TAssuisazlaiaadlanall

3.1.5.1 Confusion Matrix

THipSosile confusion matrix 910 library 489 skleamn wdavhn1sivuansdmessening
AasstuA v ldanluna confusion_matrix(actual, predicted) aglaidun1519 confusion
matrix 88ANNYUIALITUTIUIY class AaFIuIL class TLs1fmun wazagldiadesdediulima

deep learning filgag1atu fie LSTM ua Multihead attention

3.1.5.2 Accuracy
19p3098® accuracy score 970 library W89 sklearn KaIVIIAIIANUUANITIALADSTEWINAT
a3eiuAvuelaannluea accuracy score(actual,predicted) aglarisanuiurisosazues

ANLLLugUesluna deep learning N18519UULY

. e = oriyedy e
3.1.5.3 Precision, Recall 198 Sensitivity, F1-Score
19\n3esile classification report 310 library ¥4 sklearn LAIAAUANITILABS TERIN9A
Fauaiiwelaainlues wasdmun output dict=True wodndoyalvisglusuuuy dictionary

azlean Precision, Recall 58 Sensitivity, F1-Score GUENLwiazﬁﬂaaﬂmLﬁamQUszﬁm'ﬁmw
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U 4

N13INNADNLLASNANTINA D

4.1 AnusuUAvaslusunsawlan1wile

£%

1). @NUN5OLARIPNUNINEVRINYLBLA 51 Vgl aunef, win, aYaR, velny, v, Wieu
Wl wanee, 1, vaua, 41g, Wwank, e, kv, $n, deens, v, ue, B, Waee, A, ey,
wn, Lnla, Sealdl, o1u, virly, Aedls, wal, By, wiell, du, avls, i, asde, Inss, nda, A, veuR
1 d’l a dl v a 1 S a o d’j 1 o v
wn, We, e, W, Wisls, guds, livey, Au, darwar, Jul, v1n, egrdlsuazdnls
2). @NSOLARIANUTINEURINIEEBRRnu I TuUsEleAlamuiRBINng

3). seafunsidauuusEUUUURn1g Windows

4.2 N1INNa9g
1). Train luwma LSTM wavrludnduluima Multi-head attention

2). Predict test dataset sgluma LSTM + Multi-head attention

3). USLLaUHaLuLma

4.3 Nan1INAad9g

4.3.1 Accuracy score

A19197 4.1 uaAsA Accuracy score 99 model

Accuracy score

LSTM + Multi-head attention 0.9828




True label

4.3.2 Confusion matrix

Angry -27 i

child

Come

Cry

Dad

Diligent

Dislike

Do

Don't understand
Easy

Eat

Happy
Hard

Hi

Name
Remember
Sad

Scare
smile

sorry
Thank you
Thank you very much
They
Today
Tomorrow
Understand

Want

0

0

0

00

.o 00
0. 00

0

0

0
0

B

o

C () 00
00 . 0

o] o

00

00

0

00

0

00

Diligent

Remember

Thank you

Thank you very much
Today

Tomorrow

When

Where

Don't understand
Understand

Predicted label

g’dﬁ 4.1 Confusion matrix vadlaaa LSTM + Multi-head attention

Yesterday

36

-30



4.3.3 Classification report

GI’]‘J'N‘T/'; 4.2 LSTM + Multi-head attention

37

dU1eh in avan volny ) dlou Wla WINLT
Precision 1] 0.862069 1| 0.961538 1 1 0.956522 1
Recall 1| 0.961538 1 1 1 1 0.956522 | 0.954545
fl-score 11 0.909091 11 0.980392 1 1 0.956522 | 0.976744
Support 26 26 26 25 26 28 23 22
WS VBUAL gld WINKY 3o v $n ABINT3
Precision | 0.933333 1 11 0.931034 1 0.913043
Recall 1 0.954545 1 1 1 11 0.913043
fl-score 0.965517 0.976744 1| 0.964286 1 0.954545 | 0.954545
Support 14 22 22 27 24 27 21 23
ik R 3y RICRE Au U 11 Taiidla
Precision 1 1 1 1] 0.964286 | 0.954545 1 1
Recall 1 1 0.96875 | 0.894737 11 0.913043 1 0.956522
fl-score 1 110984127 | 0.944444 | 0.981818 | 0.933333 1 0.977778
Support 17 23 32 19 27 23 24 23
Sodl | viheu ily ARD wal B ‘Wiq'af‘j du
Precision 1 1 1 1 1| 0.961538 1 1
Recall 1 0.95 | 0.90625 1 1 1 1| 0.896552
fl-score 1| 0.974359 | 0.95082 1 1| 0.980392 1| 0.945455
Support 25 20 32 21 21 25 30 29
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avls e GAGH N5 N AR YBUARAIN 1o
Precision 1] 0.966667 1| 0.931034 1 1 1 0.96
Recall 0.966667 | 0.966667 1 1 1 1 1 1
fl-score | 0.983051 | 0.966667 1| 0.964286 1 1 110.979592
Support 30 30 30 27 24 29 23 24
e W | dlels | gudge | liveu GHY fAuae ull
Precision | 0.954545 1 1 1 11 0971429 1 0.956522
Recall 1 1 1 1 1 1 1 1
fl-score | 0.976744 1 1 1 1] 0.985507 1] 0977778
Support 21 22 26 i 23 34 15 22
871 ae19ls dld
Precision 1 1 1
Recall 1 1 1
fl-score 1 1 1
Support 19 25 10
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4.3.4 Real time prediction

(W1 Frame

KMITL

amuuinaiulag
/  WSzDauinal

qunKisarans:Uy

| Miss You

Au Aany ANU

g‘dﬁ 4.2 Real time prediction and display in sentence
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uni 5

dyunan1vnaas

5.1 @3unan1imnay
NNINAFaUliea LSTM + Multi-head attention Wu3nilan accuracy score agiuszana
0.9828 1138 98.28 % 21N confusion matrix WU LULAAA NISVIUIERANAIALBEUIN 27N

classification report agWui1d MU precision ANAAgATIAIUTELN 0.862 AN child dmsu

a

recall A1idignslAnUszan 0.895 A3 laugh d1w3U fl-score AdiaaUsyan 0.909 FnI1
child

5.2 3130INANTNAADY

5.2.1 SNAITNAAOUKUY real time prediction wuirlumaiiinsyiuneldudugannusivn
muBaveulumsUftR esanmsiivaneaanadsursranaiidnvarsiiinsiiadeadstusnn
Fednduiiezdonivinlilndidesfudeyaiiviinsmsulilunaunniigaiefiaslvlunaviunsaana
ganulingagneies

5.2.2 lumswsudagaanaszdaddinalunisvivivings 60 wsy yilnnstedviune
faudunBessenoviuliduvssloadululnglideilesdulvaniniag

5.2.3 mavivmsiaglilsunsuuingeuuiienazdrndua ez llflunsinnglidaiau
WoAuusiug1veanisviiung

5.2.4 @msuluea LSTM + Multi-head attention ‘ﬁlﬂu“[uLmaﬁiﬁfj’ﬁ’m%’umuﬁ%’u%ga input
Ju sequence 1ld arnBuazld output Fidu vector sonu wdathly classify sonundue
aavietmusazdudeidseiuliiiuuselen wifanuduldldi ssiaulunaseludy
Transformer Tngnsa¥rsdauilifu decoder inanlumaiiuidu encoder agnouuda dsluiaa

Transformer faganunsosudoya input My sequence warad™e output 1u sequence ¢ Feaw

WnAMULuSURInITaselselealaannsyinauiuUsEANS A U9 attention mechanism
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Source code (Python)

import cv2

import numpy as np

import os

from matplotlib import pyplot as plt
import mediapipe as mp

import seaborn as sns

import pandas as pd

from time import sleep

import mediapipe as mp

reate a function to draw and extract keypoints
mp_holistic = mp.solutions.holistic
mp_drawing = mp.solutions.drawing utils

mediapipe_detection(image, model):
image = cv2.cvtColor(image, cv2.COLOR_BGR2RGB)

image.flags.writeable = False

results = model.process(image)
image.flags.writeable = True

image = cv2.cvtColor(image, cv2.COLOR_RGB2BGR)
return image, results

draw_styled_landmarks(image, results):

mp_drawing.draw_landmarks(image, results.pose_landmarks,
mp_holistic.POSE_CONNECTIONS,
mp_drawing.DrawingSpec(color=(80,55,10),
thickness=2, circle_radius=4),
mp_drawing.DrawingSpec(color=(80,255,121),
thickness=2, circle_radius=2)

)

mp_drawing.draw_landmarks(image, results.left_hand_landmarks,
mp_holistic.HAND CONNECTIONS,
mp_drawing.DrawingSpec(color=(121,22,76),
thickness=2, circle radius=4),
mp_drawing.DrawingSpec(color=(17,17,2590),
thickness=2, circle_radius=2)

)




mp_drawing.draw_landmarks(image, results.right_hand_landmarks,

mp_holistic.HAND_CONNECTIONS,

mp_drawing.DrawingSpec(color=(245,117,66),

thickness=2, circle_radius=4),

mp_drawing.DrawingSpec(color=(245,17,17),

thickness=2, circle_radius=2)

)

lh _euclid(ref_©, thumb_3, thumb 4, index 6, index_ 8, mid_10, mid_ 12,

ring_14, ring_ 16, pinky_18, pinky_20):
thumb_3 1ist L]
thumb 4 list []
index 6 list []
index_8_ list L]
mid_10 list = []
mid_12 1list = []
ring 14 list []
ring 16 list [1]
pinky 18 list = []
pinky 20 list = []

euclid_thumb_3 = np.sqrt((thumb_3.x
ref_0.y)**2 + (thumb_3.z - ref 0.z)**2)
thumb_3 1ist.append(euclid_thumb_3)
euclid_thumb_4 = np.sqrt((thumb_4.x
ref_0.y)**2 + (thumb 4.z - ref 0.z)**2)
thumb_4 1ist.append(euclid_thumb_4)

euclid_index 6 = np.sqrt((index_6.x
ref 0.y)**2 + (index 6.z - ref 0.z)**2)
index_6_list.append(euclid_index_6)
euclid_index_8 = np.sqrt((index_8.x
ref_0.y)**2 + (index_8.z - ref_0.z)**2)
index_8 list.append(euclid_index_8)

euclid mid_10 = np.sqrt((mid_10.x -
+ (mid_10.z - ref _0.z)**2)

mid 10 list.append(euclid mid 10)

euclid mid_12 = np.sqrt((mid_12.x -
+ (mid_12.z - ref_0.z)**2)

mid_12 1list.append(euclid_mid_12)

euclid_ring 14 = np.sqrt((ring_14.x
ref 0.y)**2 + (ring_14.z - ref_0.z)**2)
ring 14 list.append(euclid ring 14)
euclid _ring 16 = np.sqrt((ring_16.x
ref 0.y)**2 + (ring _16.z - ref _0.z)**2)
ring 16 list.append(euclid ring 16)

ref 0.x)**2 +

ref _0.x)**2 +

- ref_0.x)**2

- ref_0.x)**2

(thumb_3.y

(thumb 4.y

(index_6.y

(index_8.y

(mid_10.y - ref_0.y)**2

(mid_12.y - ref_@.y)**2

+ (ring_14.y -

+ (ring_16.y -




euclid pinky 18 = np.sqrt((pinky_18.x - ref 0.x)**2 + (pinky_18.y -
ref 0.y)**2 + (pinky 18.z - ref _0.z)**2)

pinky 18 list.append(euclid_pinky 18)

euclid pinky 20 = np.sqrt((pinky 20.x - ref 0.x)**2 + (pinky 20.y -
ref 0.y)**2 + (pinky 20.z - ref 0.z)**2)

pinky 20 list.append(euclid_pinky 20)

lh euclid = np.concatenate([thumb 3 list, thumb 4 1list, index 6 list,
index 8 list, mid 10 list, mid 12 list,
ring 14 list, ring 16 list,
pinky 18 list,pinky 20 list])

return 1lh_euclid
def rh_euclid(ref @, thumb_3, thumb_4, index 6, index 8, mid 10, mid 12,
ring_14, ring 16, pinky_18, pinky_20):

thumb 3 list []

thumb_4 1ist []

index_6_list []

index 8 list []

mid_10 list = []

mid_12_1list = []

ring 14 list []

ring 16 list [1

pinky_ 18 list = []

pinky 20 list = []

# euclidean thumb fing

euclid _thumb_3 = np.sqrt((thumb_3.x (thumb_3.y
ref_0.y)**2 + (thumb_3.z - ref _0.z)**2)

thumb_3 1ist.append(euclid_thumb_3)

euclid_thumb_4 = np.sqrt((thumb_4.x (thumb_4.y
ref_0.y)**2 + (thumb_4.z - ref_0.z)**2)

thumb_4 1list.append(euclid_thumb_4)

# euclidean index fing

euclid_index_6 = np.sqrt((index_6.x (index_6.y
ref_0.y)**2 + (index_6.z - ref_0.z)**2)

index_6_list.append(euclid_index_6)

euclid_index_8 = np.sqrt((index_8.x (index_8.y
ref_0.y)**2 + (index_8.z - ref _0.z)**2)

index 8 list.append(euclid index_8)

# euclidean mid fing

euclid mid 10 = np.sqrt((mid _10.x - ref @.x)**2 + (mid 10.y - ref 0.y)**2
+ (mid_10.z - ref _0.z)**2)

mid_10 list.append(euclid _mid_10)

euclid mid 12 = np.sqrt((mid _12.x - ref @.x)**2 + (mid 12.y - ref 0.y)**2
+ (mid_12.z - ref _0.z)**2)

mid_12 list.append(euclid _mid_12)

# euclidean ring fing




euclid _ring 14 = np.sqrt((ring_14.x - ref_0.x)**2 + (ring_14.y -
ref 0.y)**2 + (ring 14.z - ref _0.z)**2)

ring 14 list.append(euclid ring 14)

euclid _ring 16 = np.sqrt((ring_16.x - ref_0.x)**2 + (ring_16.y -
ref 0.y)**2 + (ring _16.z - ref _0.z)**2)

ring 16 _list.append(euclid_ring_ 16)

# euclidean pinky fing

euclid pinky 18 = np.sqrt((pinky_18.x - ref 0.x)**2 + (pinky_18.y -
ref 0.y)**2 + (pinky 18.z - ref 0.z)**2)

pinky 18 list.append(euclid pinky 18)

euclid pinky 20 = np.sqrt((pinky_20.x - ref 0.x)**2 + (pinky 20.y -
ref 0.y)**2 + (pinky 20.z - ref 0.z)**2)

pinky 20 list.append(euclid pinky 20)

# concatenate

rh_euclid = np.concatenate([thumb 3 list, thumb 4 1list, index 6 list,
index_8 list, mid_10 list, mid_12_list,

ring 14 list, ring_16_list,

pinky 18 list,pinky_ 2@ 1list])

return rh_euclid
left_pose_euclid(ref_11, elbow_13, wrist_15, pinky_ 17, index_19,
thumb_21):

elbow 13 list L

wrist_15 list L]

pinky 17 list L

index_19 list [1]

thumb_21 1ist []

euclid _elbow_13 = np.sqrt((elbow_13.x - ref 11.x)**2 + (elbow_13.y
ref_11.y)**2 + (elbow_13.z - ref_11.z)**2)
elbow 13 list.append(euclid_elbow_13)

euclid wrist_15 = np.sqrt((wrist_15.x - ref 11.x)**2 + (wrist_15.y
ref_11.y)**2 + (wrist_15.z - ref_11.z)**2)
wrist 15 list.append(euclid wrist_15)

euclid pinky 17 = np.sqrt((pinky_17.x - ref 11.x)**2 + (pinky 17.y
ref 11.y)**2 + (pinky 17.z - ref 11.z)**2)
pinky 17 list.append(euclid pinky 17)

euclid_index_19 = np.sqrt((index_19.x - ref 11.x)**2 + (index_19.y
ref_11.y)**2 + (index_19.z - ref_11.z)**2)
index_19 list.append(euclid_index_19)




euclidean_thumb_21 = np.sqrt((thumb_21.x - ref_11.x)**2 + (thumb_21.y -
ref 11.y)**2 + (thumb_21.z - ref_11.z)**2)
thumb_21 list.append(euclidean_thumb_21)

1 pose euclid = np.concatenate([elbow 13 1list, wrist 15 1list,
pinky 17 list, index_19 list, thumb_21 list])

return 1 pose euclid
right _pose euclid(ref_12, elbow 14, wrist 16, pinky 18, index 280,
thumb_22):

elbow 14 list []

wrist 16 list []

pinky 18 list []

index 20 list 4l

thumb_22 1ist [

euclid_elbow_14 = np.sqrt((elbow_14.x - (elbow_14.y
_12.y)**2 + (elbow_14.z - ref_12.z)**2)
elbow 14 list.append(euclid elbow 14)

euclid wrist 16 = np.sqgrt((wrist 16.x - (wrist 16.y
_12.y)**2 + (wrist _16.z - ref _12.z)**2)
wrist 16 list.append(euclid wrist 16)

euclid pinky 18 = np.sqrt((pinky_18.x - ref_ 12. (pinky_18.y
~12.y)**2 + (pinky_18.z - ref 12.z)**2)
pinky 18 list.append(euclid _pinky 18)

euclid_index_20 = np.sqrt((index_20.x - (index_20.y
ref_12.y)**2 + (index_20.z - ref_12.z)**2)
index_20 list.append(euclid_index_20)

euclidean_thumb_22 = np.sqrt((thumb_22.x - ref_12.x)**2 + (thumb_22.y -
ref_12.y)**2 + (thumb_22.z - ref_12.z)**2)
thumb_22 list.append(euclidean_thumb_22)

r_pose_euclid = np.concatenate([elbow 14 list, wrist 16 1list,
pinky 18 list, index 20 list, thumb_22 list])

return r_pose_euclid




DATA PATH = os.path.join('newdata')

actions = np.array(['Angry', 'Child', 'Come', 'Cry', 'Dad', 'Diligent’,
'Dislike’,

'Do', "Don't understand", ‘'Easy', 'Eat', 'Forget', 'Full',
'Go',

'Happy', 'Hard', 'Hi', 'How', 'Hungry', 'I', 'I am fine',
"Laugh',

Man', 'Miss', ' '

‘Lazy', 'Like', 'Love', Mom', 'Name',
'Remember',

‘Sad', 'Scare', 'Smile', 'Sorry', 'Thank you',

"Thank you very much', 'They', 'Today', 'Tomorrow',
'Understand’,

'Want', 'We', 'What', 'When', 'Where', ‘Why', 'Woman',
'Wonder',

"Work', 'Yesterday', 'You'l])

no_sequences = 40

sequence_length = 60

for action in actions:
for sequence in range(no_sequences):
try:

os.makedirs(os.path.join(DATA PATH, action, str(sequence+40)))
except:
PERS

ollect Keypoint Values for Training and Testing

with mp_holistic.Holistic(min_detection_confidence=0.5,
min_tracking_confidence=0.5) as holistic:

k =8

for sequence in range(no_sequences):
cap = cv2.VideoCapture(9)

for frame num in range(sequence length):




ret, frame = cap.read()

image, results = mediapipe detection(frame, holistic)

draw_styled landmarks(image, results)
leftHandLandmark = results.left _hand_landmarks
rightHandLandmark = results.right_hand_landmarks
poseLandmark = results.pose_landmarks

if leftHandLandmark:

lh wrist @ = leftHandLandmark.landmark[@]

1h_thumb_3 leftHandLandmark.landmark][3]
1h thumb 4 = leftHandLandmark.landmark[4]

lh ift 6 = leftHandLandmark.landmark[6]
lh_ift_8 = leftHandLandmark.landmark[8]

lh_mft_10 = leftHandLandmark.landmark[10]
lh_mft_12 = leftHandLandmark.landmark[12]

lh_rft_14 = leftHandLandmark.landmark[14]
1h_rft_16 = leftHandLandmark.landmark[16]

lh_pinky 18 = leftHandLandmark.landmark[18]
1h_pinky 20 = leftHandLandmark.landmark[20]

left_hand_euclid = 1lh_euclid(lh_wrist_©, 1lh_thumb_3,
lh_thumb_4, 1h_ift_6, 1lh_ift_8, lh_mft_10,
lh_mft_12, 1lh_rft_14,

lh_rft_16, 1h_pinky 18, 1lh_pinky 20)
else:
left _hand euclid = np.zeros(10)

if rightHandLandmark:

rh_wrist @ = rightHandLandmark.landmark[0]




rh_thumb_3 = rightHandLandmark.landmark[3]
rh_thumb_4 = rightHandLandmark.landmark[4]

rh_ift 6 = rightHandLandmark.landmark[6]
rh_ift_8 = rightHandLandmark.landmark[8]

rh_mft_10 = rightHandLandmark.landmark[10]
rh_mft_12 rightHandLandmark.landmark[12]

rh_rft_14 = rightHandLandmark.landmark[14]
rh_rft_16 rightHandLandmark.landmark[16]

rh_pinky_ 18 rightHandLandmark.landmark[18]
rh_pinky_ 20 rightHandLandmark.landmark[20]

right_hand_euclid = rh_euclid(rh_wrist @, rh_thumb_3,
rh_thumb_4, rh_ift_6, rh_ift_8, rh_mft_10,
rh_mft 12, rh_rft 14,
rh_rft_16, rh_pinky 18, rh_pinky_20)
else:
right_hand_euclid = np.zeros(10)

if poselLandmark:

left_shoulder_11 = poselandmark.landmark[11]
left_elbow 13 poseLandmark.landmark[13]
left_wrist_15 = poselLandmark.landmark[15]
left_pinky 17 = poselLandmark.landmark[17]
left_index_19 = poselLandmark.landmark[19]
left_thumb_21 = poselLandmark.landmark[21]
right_shoulder_12 = poselLandmark.landmark[12]
right _elbow_14 = poselLandmark.landmark[14]
right wrist_16 = poselLandmark.landmark[16]
right_pinky 18 = poselLandmark.landmark[18]
right_index_20 = poselLandmark.landmark[20]
right_thumb_22 = poselLandmark.landmark[22]

1 pose euclid = left_pose euclid(left_shoulder_ 11,
left_elbow_13, left_wrist_15,left pinky 17,left_index_19,left thumb_21)
r_pose _euclid = right pose euclid(right shoulder 12,
right_elbow 14, right wrist 16,right pinky_ 18,right_index_20,right_ thumb_22)
else:
1 pose euclid = np.zeros(5)
r_pose_euclid = np.zeros(5)




if frame_num == O:
cv2.putText(image, 'STARTING', (120,200),
cv2.FONT_HERSHEY_SIMPLEX, 1, (0,255, @), 4,
cv2.LINE_AA)
cv2.putText(image, 'Collecting frames for Video Number
'.format(actions[k], sequence+40), (15,12),
cv2.FONT_HERSHEY SIMPLEX, 0.6, (@, @, 255), 2,
cv2.LINE_AA)

cv2.imshow( 'OpenCV Feed', image)
cv2.waitKey(500)

else:
cv2.putText(image, 'Collecting frames for {} Video Number
".format(actions[k], sequence+40), (15,12),
cv2.FONT_HERSHEY_SIMPLEX, ©.6, (0, @, 255), 2,
cv2.LINE_AA)

cv2.imshow( 'OpenCV Feed', image)

keypoints = np.concatenate([left_hand _euclid, right_hand_euclid,
1 pose euclid, r_pose euclid])

npy_path = os.path.join(DATA_PATH, actions[k], str(sequence+49),
str(frame_num))

np.save(npy_path, keypoints)

if cv2.waitKey(10) & OxFF == ord('q'):
break

cap.release()
cv2.destroyAllWindows ()

reprocess Data and Create Labels and Features
from sklearn.model_selection import train_test_split
from keras.utils import to_categorical
label map = {label:num for num, label in enumerate(actions)}
sequences, labels = [], []
for action in actions:
for sequence in np.array(os.listdir(os.path.join(DATA PATH,
action))).astype(int):
window = []
for frame_num in range(sequence_length):
res = np.load(os.path.join(DATA PATH, action, str(sequence),
.npy".format(frame_num)))
window.append(res)
sequences.append(window)
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labels.append(label map[action])

np.array(sequences)
y = to_categorical(labels).astype(int)
x_train, x_test, y train, y test = train_test_split(X, y, test size=0.2,
random_state=101)

from keras.models import Model

from keras.layers import LSTM, Bidirectional, Dense, Conv2D, MaxPooling2D,
Flatten, Input, Reshape, Dropout, MultiHeadAttention, GlobalAveragePoolinglD,
Activation, BatchNormalization, LayerNormalization

from keras.optimizers import Adam

from keras.callbacks import EarlyStopping, CSVLogger

from keras import Sequential

from keras.models import load_model

input_layer = Input(shape=(60, 30, 1))

reshape = Reshape((60, 30), input_shape=(60, 30, 1))(input_layer)

lstm = LSTM(80, return sequences=True)(reshape)
norm = LayerNormalization()(1lstm)

actv = Activation(activation="'relu')(norm)
dropout = Dropout(©.1)(actv)

mul = MultiHeadAttention(num_heads=30, key dim=5)
output_mul = mul(dropout, dropout)

norm = LayerNormalization() (output_mul)
ff = GlobalAveragePoolinglD() (norm)

hidden = Dense(128, activation="relu')(ff)
hidden = Dense(100, activation='relu')(hidden)
hidden = Dense(64, activation='relu')(hidden)

output_layer = Dense(51, activation='softmax')(hidden)

model = Model(inputs=input_layer, outputs=output_layer)
model.summary ()

model.compile(optimizer=Adam(),
loss="categorical_crossentropy",
metrics=["accuracy'])
callback = EarlyStopping(monitor="val loss', patience=10, mode='min')




csv_logger = CSVLogger('log.csv', append= , Sseparator="';")

history = model.fit(x=x_train,
y=y_train,
batch_size=80,
epochs=2000,
verbose=1,
validation_data=(x_test, y test),
callbacks=[callback, csv_logger])

*Evaluate model**
from sklearn.metrics import accuracy score, classification_ report

model_pred = model.predict(x_test)
model pred = np.argmax(model pred, axis=1)

y_test = np.argmax(y_test, axis=1)
scores = accuracy_score(y_test, model pred)
print(“Scores: {}".format(scores))

report = classification report(y test, model pred, output dict=True)
pd.set_option('display.max_columns', None)

report _df = pd.DataFrame(report)

column_map = {"{}".format(num):name for num, name in enumerate(actions)}

report_df = report_df.rename(columns=column_map)
report_df.to_csv("report-97-79.csv")
report_df

ollecting thai word

th_word = {}

for i in range(@, 50):
filename = 'Thai word edit/{}.jpg'.format(i)
img = cv2.imread(filename)
img = cv2.resize(img, (img.shape[1]-50,40))

var_name = f"image {1

th_word[var_name] = img

sequence_length




flow thres =
gesture_thres 0.95
scale = 20

sequence = []

time = []

mean_mag = []
mean_magnitude = 0@
res_1lst = []
res_arr = 0
act =

words =
sentence = []
thsentence = []

cap = cv2.VideoCapture(9)

imgb = cv2.imread('Interface/b.jpg")
imgb_resize = cv2.resize(imgb, (1280,800))
imgborder = cv2.resize(imgb, (660,500))
imgline = cv2.resize(imgb, (1280,140))

kmitl = cv2.imread('Interface/KMITL.jpg")
kmitl resize = cv2.resize(kmitl, (220,120))

imgb_resize[960:590,310:970] imgborder

imgb_resize[600:740,0:1280] imgline
imgb_resize[20:140,40:260] = kmitl resize

cv2.putText(imgb_resize, 'Hand Sign Detection', (490,60),
cv2.FONT_HERSHEY_SIMPLEX, 1, (@, ©, ©), 2, cv2.LINE_AA)

with mp_holistic.Holistic(min_detection_confidence=0.5,
min_tracking_confidence=0.5) as holistic:
while cap.isOpened():

ret, frame = cap.read()

image, results = mediapipe detection(frame, holistic)

draw_styled landmarks(image, results)

leftHandLandmark = results.left_hand_landmarks
rightHandLandmark = results.right_hand_landmarks
poselLandmark = results.pose landmarks




if leftHandLandmark:

lh_wrist_© = leftHandLandmark.landmark[0]

lh_thumb_3 = leftHandLandmark.landmark[3]
lh_thumb_4 = leftHandLandmark.landmark[4]

lh_ift 6 = leftHandLandmark.landmark[6]
lh ift 8 leftHandLandmark.landmark[8]

lh mft 10 = leftHandLandmark.landmark[10]
lh mft 12 leftHandLandmark.landmark[12]

lh rft 14 = leftHandLandmark.landmark[14]
lh_rft_16 = leftHandLandmark.landmark[16]

lh pinky 18 leftHandLandmark.landmark[18]
1h_pinky 20 = leftHandLandmark.landmark[20]

left hand euclid = 1lh euclid(lh wrist @, 1h thumb_3, 1lh thumb 4,
lh ift 6, 1lh_ift 8, lh mft 10,
lh_mft 12, 1h rft_14, 1lh_rft_16,

1lh_pinky 18, 1h pinky 20)
else:
left_hand_euclid = np.zeros(10)
if rightHandLandmark:

rh_wrist_@ = rightHandLandmark.landmark[0]

rh_thumb_3 = rightHandLandmark.landmark[3]
rh_thumb_4 = rightHandLandmark.landmark[4]

rh_ift 6 = rightHandLandmark.landmark[6]
rh_ift_8 = rightHandLandmark.landmark[8]

rh_mft_10 rightHandLandmark.landmark[10]
rh_mft_12 = rightHandLandmark.landmark[12]

rh_rft_14 = rightHandLandmark.landmark[14]
rh_rft_16 = rightHandLandmark.landmark[16]

rh_pinky 18 = rightHandLandmark.landmark[18]
rh_pinky 20 = rightHandLandmark.landmark[20]




right hand euclid = rh_euclid(rh_wrist @, rh_thumb 3,
rh_thumb_4, rh_ift 6, rh_ift 8, rh_mft_10,
rh_mft_12, rh_rft_14,
rh_rft_16, rh_pinky 18, rh_pinky_20)
else:
right_hand_euclid = np.zeros(10)

if poselLandmark:

left _shoulder_ 11 = poselLandmark.landmark[11]
left_elbow 13 = poselLandmark.landmark[13]
left_wrist_15 poseLandmark.landmark|[15]
left_pinky 17 = poselLandmark.landmark[17]
left index 19 = poselLandmark.landmark[19]
left thumb 21 = poselLandmark.landmark[21]
right_shoulder_12 = poselLandmark.landmark[12]
right_elbow_14 = poselandmark.landmark[14]
right wrist_16 = poselLandmark.landmark[16]
right _pinky 18 = poselLandmark.landmark[18]
right_index_20 = poselandmark.landmark[20]
right_thumb_22 = poselLandmark.landmark[22]

1 pose euclid = left pose euclid(left shoulder 11, left elbow 13,
left_wrist_15, left_pinky_ 17, left_index_19, left_thumb_21)
r_pose euclid = right pose_euclid(right shoulder 12,
right_elbow_14, right_wrist_16, right pinky 18, right index_29,
right thumb_22)
else:
1 pose _euclid = np.zeros(5)
r_pose_euclid = np.zeros(5)
keypoints =
np.concatenate([left_hand_euclid,right_hand_euclid,l pose_euclid,r_pose_euclid

D

sequence.append(keypoints)

image resize = cv2.resize(image, (640,480))

imgb_resize[100:580,320:960] = image_resize

if len(sequence) ==
cv2.circle(imgb_resize, (640,130), 10, (@, 255, @), -1)
if len(sequence) == 60:
res = model.predict(np.expand dims(sequence, axis=0))[0]
print('LSTM [{}] : Softmax [{}]'.format(actions[np.argmax(res)],
np.max(res)))
if np.max(res) > gesture thres:




sentence.append(actions[np.argmax(res)])
thsentence.append((th_word[ "'image {}'.format(np.argmax(res))])

sequence = []
print(sentence)
print(len(thsentence))

if np.max(res) > gesture_thres:
cv2.rectangle(imgb_resize, (320,110), (460,150), (90,0,0) , -1)
cv2.putText(imgb _resize, '{}'.format(actions[np.argmax(res)]),
(330,140), cv2.FONT_HERSHEY SIMPLEX, 0.8, (@, ©, 255), 2, cv2.LINE_AA)

if np.max(res) < gesture_thres:
cv2.rectangle(imgb_resize, (320,110), (460,150), (9,0,0) , -1)
cv2.putText(imgb_resize, 'None', (330,140),
cv2.FONT_HERSHEY_SIMPLEX, 0.8, (@, @, 255), 2, cv2.LINE_AA)

if sentence.count('They') > 1:
cv2.putText(imgb_resize, 'Found "They" reduplication', (440,3490),
cv2.FONT_HERSHEY_SIMPLEX, 1, (@, @, 255), 3, cv2.LINE_AA)
cv2.imshow( 'Frame', imgb_resize)
cv2.waitKey(2000)
sentence = []
thsentence = []

if sentence.count('Smile') > 1:
cv2.putText(imgb_resize, 'Found "Smile" reduplication', (440,340),
cv2.FONT_HERSHEY SIMPLEX, 1, (@, ©, 255), 3, cv2.LINE_AA)
cv2.imshow( 'Frame', imgb_resize)
cv2.waitKey(2000)
sentence = []
thsentence = []

if len(sentence) > 5:
sentence = []
thsentence = []
cv2.rectangle(imgb_resize, (870,120), (955,160), (90,0,0) , -1)
cv2.putText(imgb_resize, ‘Clear’,

(880,150),cv2.FONT_HERSHEY SIMPLEX, 0.8, (@, 255, 255), 2, cv2.LINE_AA)

cv2.imshow( 'Frame', imgb resize)
cv2.waitKey(2000)

cv2.rectangle(imgb_resize, (870,120), (955,160),(0,0,0) , -1)




cv2.putText(imgb resize, 'Start', (880,150),cv2.FONT HERSHEY SIMPLEX,
0.8, (0, 255, 0), 2, cv2.LINE_AA)

if cv2.waitKey(10) & OxFF == ord('s"'):
for i in range(len(sentence)):

if i == @:
r = 330+(thsentence[i].shape[1])
imgb resize[660:700,330:r] = thsentence[i]

elif i != o:

imgb_resize[660:700,r:r+(thsentence[i].shape[1])] =
thsentence[i]
= r+(thsentence[i].shape[1])

cv2.putText(imgb_resize, " '.join(sentence),
(330,630),cv2.FONT_HERSHEY_SIMPLEX, 0.7, (@, 0, @), 2, cv2.LINE_AA)

cv2.rectangle(imgb_resize, (870,120), (955,160), (9,0,0) , -1)

cv2.putText(imgb_resize, 'Wait',
(880,150),cv2.FONT_HERSHEY SIMPLEX, 0.8, (255, 255, @), 2, cv2.LINE_AA)

cv2.imshow( 'Frame', imgb_resize)

cv2.waitKey(5000)

sentence = []

thsentence = []

imgb_resize[600:740,0:1280] = imgline

if cv2.waitKey(10) & OxFF == ord('d"):

sentence = []

thsentence = []

cv2.rectangle(imgb_resize, (870,120), (955,160), (90,0,0) , -1)

cv2.putText(imgb resize, 'Clear’,
(880,150),cv2.FONT_HERSHEY_SIMPLEX, 0.8, (@, 255, 255), 2, cv2.LINE_AA)

cv2.imshow( 'Frame', imgb_resize)

cv2.waitKey(2000)

if cv2.waitKey(10) & OxFF == ord('q"):
break
cv2.imshow("Frame", imgb resize)

cap.release()
cv2.destroyAllWindows ()






