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ABSTRACT

This thesis presents the=application~6f deep learning for object
classification. The selected deep learning architectures studied include Convolutional
Neural Networks (CNN) and ResNet18. It covers data preparation, feature extraction,
parameter tuning for accuracy comparison, and performance evaluation of the
selected models. The aim is to propose an efficient model for use in devices that
assist visually impaired individuals in classifying indoor objects and providing sound

alerts.
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[y [y

ﬂUﬂJ@U“UEN’N]QIUﬂ’]W NILUIUNITATIAIUYBUYILAAAIUTUTDUYBININIAEATSI LU NS

[

TayalATeas1d1Ay enAI0g1Y Y YBUBITAY 8INaY LAarTURUUAIY 9 Feilving

IirsreivazinnundululsdenazivssansSaiwuindu [7]



2.3 psavn8Usza ey (Neural Network)

A30U18UsEAMEunT ol unI AT oY e UsEaML e TIUT ALY (Artificial
Neural Network) {fuan1ilnenssunissunsiiandsiidfugiuananguuumsrhaiuges
anowyud Usznoudemieyszananavanevihefiiend ua (Nodes) dslvmuaimaniiay
duindeyaliiunasiu adredunsiwadusravluanesdsdyaalnilviuuasfu
ipSetneUsraiisngnldlussuunsiSouiveados (Machine learing) Baidumnnvafuas
TUsunsunenfiumesianinsniGeusislngliifesiisadsidaiau in3edrouszamiongnldlu

N3 EUSLAEN [8]

234 N15N9IUTBLASaUNUsLEMITIeN

\n3evngUsgamisuliussuuimamduteu-opnkuuin i uaa e AUaL DS
uywd Usznoumeaiss 3 Ysunn Ao, iaesiudeynn (Input,layer) Swiminnsutaya
a e | z =/ re ' P 1% s Py
AU laasngoudy (Hiddentayers) Feiluaundsenaanataganiely Lagiaasnadns
(Output layer) TilviNaawsaAIeg LanIeguv 2.6 ManupliseneunisvanUsganiieui
Waule il NsyUINMSINNUnanvesiase vilidetiunel Ao nsaedatonalutiani
(Forward propagation) #44aua 1LQnawiniiaieas e tnadszananatiagnisgaunauy
(Backpropagation) 14 lunisusupuaniniazwisiwasnreg Lo litas ounevinsuls

WU B9 _[9]

Inputs:, Weights Net input Activation
function funetion

A,

£)

N w '
Xy P\ 2/

output

W,

~

W,

%

"

JUM2:6-1a3098YTTA LTI

2.3.1.1 m3deriataya (Forward Propagation)

1) lawesiuteyaid (Input Layer)
AdnuurluwaesiuteyaidnazuanimelnualunIetng
2) Umilniaznsionsie (Weights and Connections)

1 9(‘)’ o dl

ﬂ"IU’]MUﬂSU@QﬂTﬁL“UE]ZJ(?]Ia’igﬂ'j'NL%ﬁéﬂi%ﬁ'ﬂﬂﬂ&lﬂﬂﬂﬁﬂﬂ?ﬂﬂLL%QLLﬂ'ﬁlﬂ

YIMIFeuAaTY LarAvesdmtnmaiazgnuiulfguseninmisin



3) lawesfiteuay (Hidden Layers)

wadUszamluuiaziaeifiteusgarUsznanateyalasnsnadoya
dnifurtniin saumadns wirudgiladdunisnsgdu (Activation Function) nsviududl
wgliederisannsoduigunuuiidudeuls

4) wadws (Output)

KadwSanTnevaAtotEUszamifleuAntuannsUssnanadeya

ONAHUUADLALE DT IUN TN D AR THAANS

2.31°2 NM359UNaY (Backpropagation)

1) NMSAIUINATIAINNERYESY (LossCalculation)

nadwsveneIer g gnisuidufewSoudioufuafiuviaie uas
landuaiaugeyde s galdlunisauatin Il ianeg

2) M3ann gL (Gradient Descent)

Pt wAseTgarldmsanlnsifsudiiieand e nugade Taon1sudu
Amiinmaiauiusyesata waapds LS U unusiaviaiead Ax Bilsignios

3y asUS it (Adjusting weights)

sy guUsun s es surag yalaanisldnssuaunisIuey
(iterative process) visanasdounau (backpropagation) Tisp5ad e lUNIIA U

ayn1sunaUsH (Training)

Tussrinnsinevssrnss LM sTeLavesndsdsdodoya n1sdun
Arugaldsuaenisdaunduagamintiessaatio 4 avinliiaag eannsousufuey
SeusiuuNURYa e

5).fleAdun13nsesu (Activation Functions)

nsasermildudadululinasziinanflsddunisnssdu wu

[

Rectified Linear Unit (ReLU) %38 Sigmoid nssindulainasuansuawadUszamvselitueg

v o

fudayaiidihivdnsuiuiaue

2.4 n159kunUsznn (Classification)

N33 munUszian (Classification) W unszuiun1siseusvea3eq (Machine

Learning) WuUilH@ou (Supervised Learning) InedingussasAlalikuudnassaiunse

Y

o o v i

uethemiuingnassdmiuteyanteudiun lutuneunisviiay Luudiaezgningie

Y



10

tayarnausunidhemdueguds antuazinlilseliunanmedeyanadeau Lileni1day

wiiugiiesla neufiazihlUldiudeyalwinliwemiuanneu [10]

2.4.1 USennNuaIni1sanwun

AsIUnUTEIANaINsawUseaniaidu 2 Ussinn el

2.4.1.1 M3IMUNUTLANLUUNINIA (Binary Classification)

N5IMUNE sn9geealU 2 USEamivinty onfieg1aaiu N13wUn

guniuln waznsduuafeeiUmonys WWusu
2.4.1.2" nassalunysuinnilunatunana (Multi-class Classification)

ANFIMUNYTEANTTA TANFBINITHINAIY 2 AR ENAIBEINIU NS
uuNgIeNUTa Talnaredaienig Nl unfdlauildauneaielie wagnsTwunnglu

A LuRu ]

2.4.2 FUABUNSSUIUNISUNNITIUUNYIZLAN

1) MsIRLSELTRLA

Toyaitlddnysunisin iFendn dexaynGau3 (Traning Set)ihsuonUsziny
nadwSEBmTRatheri (Abels/Class) iWinatagy Mrtuiteainnthoudaluldlunns
Anveuasesivihaustsanas indmsuatasliaanidluntsiinonaais Iasvdoyalns
vseteyatnnazey (Test Set) Wlinpaeulsydnsmmnvailung [12]

2) Azt nTeyAIUE Ty

Poyaiiusaus ezl i sumUTginanalosia Sieaaiagadestuausiieg iy
msvi i duninsgau ormalization) MsEs 6U4Mn (Resizing) uaznisiiiudeya (Data
Augmentation) titelusilaivesaimmedmsunisineusy

3) an1Unenssuvedling

msimusaandaenssuveshinanisouiliedn desmiimaidenussianvosa
B3 wuawesuazmITousszinalLes

4) flafdunisayide

nsiuuailsidunisgeyde (Loss Function) e TaAuuANASTENINIRASNET
mansaikaztheifuiiuieie iWhmnevesnssuiunsiineusuie msandnsgadeduls

v A
PREIGE
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5) MfisUsEansam

Sane3fun1sufi uUsednsam (Optimization Algorithm) 1y N15aAsERU
Gradient Descent aggnldlunmsusumsiimesvadinnanuuiug dauildlaenisduaaing
Feusvesileddumsgapdeiiduiusiumsiinesveslunanazusumsiines iiloand1ns
goylde

6) N38auUnay (Backpropagation)

Tusginsnsyuiunmsiiaszdninn agldismsdeunduiiomunannsifous
vaaileidun1sgeyide (Loss Function) a9l UseAnam Lagn1sunsnszaneniatees
HaanslUgualea sl

7) aUn1stlnausy

AszurunmaineussegRmdesiuntsteuateladidungy (Batch) iy
Tulunddn 9 AU AIANTE UETE) wazUSumnslise inglddanesiunsiiguszansam 3

ey U UINRSIATIMUAYS pAUNI LA A LT TAUS AU N U We 1R [13]

2.4.3famAnvadlaliaan1siEausiddndmivnmsainunyssian

1) augugentunisauan (Computationat Comptexity)

lunanisiFeusitanesalenineansmaiaigslunisinli lagmgiuge
Touavutug Hoseanlinadeasuusmandimudsernian vt tesdeya dso1au
nuidudieusnn

2) 7030190940 (Data Reduirements)

linpamsiFousidedndesm sifoxantnisfnthesiiuswnsnnlunisilnousy
foyamenionsanuariinttieadumsnus

3) N538UZAUAII (Overfitting)

TuinanisiFeus I dainmuisasdamnasinsiiouiiuais damnoanuilueg
Syudteyaiinevsuinniuluagliannsavhussudeyalmild Jgymiorafaanvans
ade 1wy msliluradidudouivluvdenshififeyaiineusuiteswe

4) oAf (Bias)

Tunan1si3eudiBedneratiend demuneanuinlunaeiavnisinneiunneis

LY o 1

° a v aa & v A aa =
ﬂummUﬂqmmmme\‘mu ﬁ']LVWJ@'W"Qlﬂ"ﬂqﬂ?ﬁﬂqsLﬂU%@yjaﬁiajﬁﬂqiﬁjﬂa‘UillIllLﬂa [13]
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2.5 9anaINUNT5ITEUZIBIAN (Deep Learning Algorithm)

= ] ° Y1 & ad = Y 44' a ¢
nsBsuiddnansanmualaiduisnsiseusvennIoar Uy useiivg
lngdannnsinuvesaussuyudiiaidndulalieg1aisydnsua danesfiun1sisousivs
dngnasetusuulaundniievinauriuguneg veun3etielsyam Faduiissgnves
A v a v vo o v v o o w ° o ~ o %
wseremsaedulaniasunisinlidrmdy dunumddglunmsimunnudnue Juseus
AeafugunmlaedaiuaeesiniedisUseamudasiaiees dadlauligddunisnsiadu
ANYYIEAUAYRITUA M IWuvsttarfintra-eanluawesnsuiuavideyatiuazasng

nsuanawuuasATIdlagnastSyuguiutoyaneuvin 114]

2.5 anvdaenssuvuas Convolutionalt-Neural Netwarks (CNN)

TunsiFesidedn CON s adhorldAumadigalunissiwnnm deléuuse
Tuanalgannsyuymine sivtiesyst taslandisannsanesiunsandiguuudue Tag
wamwawuﬁgﬂmiaﬁmﬂmé’ﬂwmz (Feature Extraction) aznasinnunusziny (Classification)
Usenaugan 5 fawges el saadauma (Input Layenatgasaauligdu (Convolution
Layer) LaLaa‘fﬂ@Ja?{ﬂ (Pooling Layer) LaLﬂai‘L%amiaasi’Nauyiiﬁ (Fully Connected Layer)
LaslalTsle A (Ottput.Layér) Kenamssui 2.7, [ngnasannausnyalz Fauialess Input
Convolution kag Pooling YusfinIsnunUsEInniiiaees Futty=Connected Lay Output
12193 InpUt szyruIRRidmiuAm dsaziinisaeulngduseinesiaiiliouivate
Aoufiiawes Pooling sranyuinnmadiiesnudoyali wnmandnvasilfagniilusiua
was Fully, Confected Tnafitiisan Output-L.fadmsvlansvyanviyluiaiees Output G
HadWEFoNITITNLMSgN At edRpANaNYLRE IR U Wz Tiawosranety

WU ANS AT [15]

Fully

Convolution Connected

Pooling .-~~~

\ N )

Feature Extraction Classification

. Output

U7 2.7 anilmenssuves CNN [13]

a01Unen33uv8s Convolutional Neural Network (CNN) uansiagudi 2.8

TIUIUTULALEDI VT 9ruA 10 T (3 Convolution Layers, 3 Max Pooling Layers, 1 Flatten
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Layer, 1 Fully Connected Layer Wag 1 Dropout Layer) mmﬂﬁuwmﬁiuma CNN T9fa (640,
480, 3) Tneit 640 AeAunia, 480 ABANEY Uag 3 Artaadnyayas RGB Iy Convolution
Layer L9 atnasvuin 3x3 Anlwa wazgnasniuuuliie1fnnved Feature Map dvu1a
WU faen15lY Padding Wuu Same Taeil Max Pooling Layers @1un28 Flatten Layer‘ﬁ
wlastayaan 3 fndu 1 95 wezdeusoluds Fully Connected Layer g Dropout Layer
fionsnsasey 0.5 Wiietasiunisiiin Overfitting @ slunaii ldwsu3$a PyTorch Tunns

PRI

Dlosoun e [
Dropo: Mar2-06

JU71 2.8 lagsarsdlateny CNN

2,51, 1 nsasnsaneie (Feature Extraction)

ARGUTRUYEY CNN agiﬁszwmﬁﬁwmmﬁ@qﬁwé’ﬂmsﬁugmﬁuaq
Tnssthen)seanmiilon il dndianmeansses U NN Idudnnisaoulgdudsiiud (Spatial
Convolution) Junisuszanasanin TnsBuannnsdondadiiingad (Filten) v3eiaosiua
(Kernel) LigRsAnudnuasdfigaInmm-{16Ji17)

1) SN WUEYRIAWDS

Tawn e33R un1519-2 87 0un 3x3aEetaagUil 2.9 Aldlunsis
Audnvurd1Ayveann Ingizdeuluiasaniinawtiadnsilade unuiinudnuue

(Feature Map) LLﬁméT@gUﬁ 2.10

Ix1|1x0|1x1| O | O

0x01x1|1x0| 1 [ O

Ox1(0x0|1x1| 1 | 1

U7 2.9 dnvugvesilawmasvinng 3x3
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JUN 2.10 unuRaAaN YL

2) Stride
) HagvinnsiAeu Heotaduinlng wansdsgud 2.11
Dunsiedeudeds Stnd\\\\\‘ / ////
e —] //4’
— Z

= , &

2 QKGN L sinaubigduua il
HAAN \1@}(\1 zespadyuInL waneAsgui 2.12 wyseanilu 2 Ussim
A9 Vali d%g,mzwu a5ty ing-4h dding i % 297U Padding

......

Stride 1 with Padding Feature Map

U7 2.12 fhegrevesnsiiia Padding

4) Pooling

1899 T2UIUN1IABUlgTY Tn9eiin13via Pooling LiteanvuInves

¥ o & A
VoA ?LI’N]Q‘U? E‘NﬂLW@aW\]']U’JUW’]i']QJLﬁlaﬂumiaﬂl’]ﬁl Ydrvanszeziianlunsiniuliing

(o=
‘,_

a a]@‘l;amm“ﬂ U OV

z ting lagnN15¥INauYey P olm 1E AT AN
onansdu A E D Y R D A T AR 998 anm T AR AN A 5@

o

lsinsdllag adu Sndteiudlidaudantlevuasdesdrdaiaudmesenamnadsiifinistiluld
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NIsveslanuanNYy (Feature Map) widinasnwiaa1udn (Depth) Liwmidowdu lnenald
135 Pooling &l 2 WuuA® Pooling A18A1gdA (Max Pooling) wag Pooling AgALade
(Average Pooling)

lunsalffean1s Pooling AI8A1ggA (Max Pooling) A18814n13

a

Muualisinsesduunn 2x2 wag Stride 2 lagagyinnisidenefigaianluusias Pool ignmu

Y 9

MEAINTBY Lagn159i1 Pooling MieA1Lade (Average Pooling) Uandsiaguil 2.13 9e¥i1n1sm

Aadeluwsiay Pool Nignniusiesiinses

—ull |
2.%2
519 “\\\ pool size R 9
s ToOORAN | ||| /Miax Poolinig_—F10 (12
'm"tm-: S0
A A Z
7 2X2
.79 ) pool size
1 P Average Poolingi

U1 2.13 938813591 Max Pooling was Average, Pooling

2.51.2-ng53guzananvilsazialg sl CNN

1) Convolution Layer
yiaasuatnm Ty wlatsunamliduiines Afmnalidu 0-255
o ¥ I Sa o/ = (2 & v
ws1egUNnAtA T U Nl RGB AiYosd a3 & wasvanduldnseuiunismig
adinAand lngnsihzunvisunsnt UNawaivsatagsiuavivida st nuard Ag lugy
sonuIuwNURI A NYuE. (Feature Map)
N15A 71U UV YUIAEB AV Convolution Layer a1u15am1lARq

AunSh (2.1), (2.2) waz (2.3)}18]

N 2
? S

_ H;-F+2P vy (2.2)
? S

D2=K (23)

Wl W) xH;xD; i yu19ue38unn
K @9 Prunuvesilames

F @9 9u1nva9ilawmas
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S #e adivlunsindeuresilawes

P flo dhuiignifisndnluludums

Faaunsovnanwes P ldanaunsd (2.4)
F-S (2.0)

2

wldrmvunvesdneingu W, xH, xK
2) Activation Layer
Tuneudidaivialilasredszamdiouninnsseusandeyaiiii
11970 Convolution Lager Insnnsid sudpyalvidinaulali@adu (Non-linear) suilsidu
n3ziu (Activation Function) @silsitunteulilulassingtszamidedn loun
2.1) W duised e s (REctified Linear Unit : RelU)
ReLU (Régtified Lirear Unit) 1 uilardunis@eld anuiildly
\AotngUservifion el sty Aua e neiiudus mind unalAwiosn ieus uazay
AudnpsBumaleniinnnaanialiadugud Lansdsadnaat (21s)

0 for x =0 (2.5)

f(x) = max(0, x)= {x S0

Lageuns DerivativeRelLU function = 1 Luamﬁ’aaumsﬁ (2.6)

0 forx <0 (2.6)

£1(x) = max(0, x) = { x/for x>0

=

flerid RelU defidanuldibudadilulingg wasiideonfe
nsFualiisentSs BneBstanantimagsiie Vanishine-Gradiert lusgwinsnsilniedetng
Uszamiio [49]

2.2)) it -SoftMax

Builadduililuntsidasinmesvesdladn (Logit) S1umu
239l umnuinandu (Probability) Fanasauvesrimtasduimuaavyiiy 1 defdud
Paglunisduunuszanlnenisiiudiigaigalunnmesuazandiiaini wansdaaunisi
(2.7)

e (2.7)
oEN = =15

e o(z)i A NWSBUNN

z;  P® NWBTBUNAIN i 1l i=1—>n
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Y e nasmvednInmeidunnfildlunisvin Normalization Litelvirnednnves
flarduilaeanunidAnvindu 1 1ag z; =z e i =j [20]
3) Batch Normalization Layer

Wumadan1sUsuaUInue9n15v1974 (Activation) nnelu Hidden

a

Layer Weglussauiimunzay neuhluiludunavesawesdaly vilwlu Neural Network
ansaisouslddmoitesediadudass annsyndnduiaieesduiilolinisiinluinad
UsvAnBnmuazatestely [21]

4) Dropout Layer

Wunaiiadildla Neural Networks iatlasfunisiin Overfitting Tng
n3duln (Drep)miieuszaiana (Neurons) Wrsgiuluseninansindu, lunadsdoasoudi
wwvhelaghifiarvniomant e lunodeasaufoluns Genaralization l¢ATy
Tuusiagspunsiln (Training Epodh)asdimsaslniingdssinanalusnsdaudiimun vVl
TuialiaeisaldieaeinmheignUelunsdnfulastuinemaions vlvieamnududou
voslulnakazdaeiisssdyBowlut eganlsiiaeiusnneu 38154 Dropout Aennsaiig
Boolean matrix GRMART Matfixagd Activation) figaerishd Dropott lneguA1 Yes/No 1y
dndhuiitnue uansieEUT 2,14 endaegtsia danualitia 25% Aelsvie-Matrix A7 True
75% A1 False 25% drntui Dropout matrix ﬁl‘df_]mLLUU Element-wise 41U Activation
matrix fiagle Activation matrix Ingifiuad Element fid i fugudlupauntafedduily
Dropoutimatrix 41T False AU AR AT LUrSuUY Elerentwise panann

Activation matrix vl iie¥inns Normatize [229123](24]

O X

d ’,\\/- X\ "‘\\‘ M
) PAS 24

Qo0 B e
\~7 : v
-

No Dropout With Dropout

g“dﬁ 2.14 n13911 Dropout Layer

5) Flatten Layer
vimihiudasteyaanguwuunaneTalilunnnesuids wewsey
idayaidndiawes Fully Connected dnly lngagliiuasunlasrvesdoya uiliieauausu

sUwuulimsnzaniunsUszanana wanaagui 2.15 [25]
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Flattenin,

(||

Vector

Pooling layer

U7 2.15 M3¥iauves Flatten [26]

6) S
Duaioeitidoudalnuannvuslutimaloesvilsiunnlvualuaies
folu w3efiSumatull W% .

e 2

= Z)
. "
. $ — '.
A\CAA -
2l l. \ \ \
- N/ \
ense De @
- =~ ~ 3?
9 . f‘f 33
= y e uﬁ
ehERNA 14-Dense Layer (i

AR M gl o
N15ADULRE ”u{?mi Pooll ‘{Qﬁ: 1930) ﬁi wzymggilﬂ
N Ly -~ b i =3 &5 1 [y
WINSANNTOIRA ww@ awaus;{ﬁu WAAEAANE WEARNIAY

U 2.17 [27] tagia A 31(3«3_3 D Mmstﬂa']imem% na,
V8 and
\

%

1

]

'//

\\\\N\

‘g‘d‘ﬁ 2.17 mMsuenuesuaazAaglu Fully Connected Layer

«:941 [ al' Y o o v A = 1 gj 1 Y o v ¢ v [
nanstiluwenansianubidmiunisidaunenisfinyintu leygslmilUldusslovinunisa

laddnsdllas vieau dnvienudlividaudadllonmwaziase1sddisdvesenarsynaseinisiluly
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2.5.2 d@a1Unenssuvad Pre-Trained Model

Tuaaiisiunisiineusuaianii (Pre-Trained Model) manedis luinain3atie
Uszamilld§unisilneusuaingateyavunlugiifleduiunisesrsnisduuning luea
wanilaunsindulnglininensnmssunanasteyadiuunn dwmalidlasuuuuuas
ﬂmé’ﬂwmzﬁugmmﬂu%@yjaLLazﬁéfﬂaﬂﬂwiuﬂWiU%’ULLGiQLﬁmLau (28] msldnatia Transfer
learning tleaanalunisiinlunauazanysuanslidoyamenislilunaiiiunsiineusy
dremtigaelaunsaiiundlawetmi-po) lnsUs g inusdidonldaadnenssy
Resnet-18

2.5.2. 10 Unenssuvsy ResNet

ResNet %38 Residual Network Auaandaesnssmpiouneuszamyia
vils 1§ eenwuumaianitam Vanishing eradients TuirSevaeyszamiiioundadnlag
Lilgvildmaiwefiiatn amiagnssy ResNet anangsuauy diResNet: 18, ResNet-34,
ResNet-50, ResNet-101 tag ResNet-152 91unnlulsas sukuuavaannaesiudnuiuaLeos
TuiAS o8 fegadu ResNat=50 & /50 (alges Tuvneil ResNet-152.81-152' iatens [30] Tne
Taseas 590 Residual learming uandfeguit 2.18 T Residual Network 8unpuesudonay
gnuiinlludaodmussudoniieaiie Residtal conndction 1asmm Hi) dinsakandldwsi

H(x) = () 4 %8 F(x) waaaia Residuatl mapping ﬁLﬂ%@‘dﬁEJL%EJui [31]

| weight layer I
lrelu

weight layer

R
identity

;J‘Uﬁ 2.18 Residual Learning

1) Resnet-18

a01Ununs50U09 ResNet-18 wansfaguil 2.19 ffuiutuiaiees
V';jﬂmm 18 La1e®3 (17 Convolution Layers, 1 Fully-Connected Layer uag SoftMax Layer
P4 lunsswun) mum@uwmﬁ ResNet-18 wanldide (224, 224, 3) e 224 Ao
LA¥ANEY 3 AYasdyayad RBG lag Convolution Layer ldHlaimasvuin 3x3 inwauas

lassnegneaniuuilendnmves Feature Map uunawiniu 3 Residual Blocks 311w 4
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4n IneurazyaUsznaunlg Convolution Layer 3113u 2 Funou Skip Connection el
Nedenisdaitoyaludatunanasly & Average Pooling m1usae Fully-Connected Layer

1% SoftMax Layer WiSudanesriuvesninuiiazidu delamailldsnsuiisa PyTorch [32]

507 2.19 anilnpnssuves REsNet18

2.5.3 Loss-Function

Loss Function nFeiandumsgandenldlunisusuria ndaminveduna
5enINAIRN Lagn il ang et el limaina Loss iwaatouign 99 Loss Function &
nannaeUsziavianaasald onlglnmuanuutzadnullyna anshegnau Cross-entropy

by MSE

asea-taulval (Cross-entropy) il uilsdtunisaqdenlduenyszansninues

wuudaetufsEn-daesnATs Crossentropy Multi-class Landsadun159 (2.8) [33]
C

(2.8)
DS Z tlog(s:)

1

2.5.4 Hyperparameter tunning

MsusUumglaosmisdaes (Hyperparameter Tuning)AonseUIUNTNAaDY
Aleasinaiinasing, 2 iemadivhlilinadiyseavsaiaran neldnisiiasesimg
afi wu fleddunsgadeiayssidunadns [34)

1) Grid Search

Jumsvegeunnaridululdmuyalawesnisiiwesidvualiasmii e

|
= 1

Aunanvinlilueareuleanan gerielnnisusuusslaasnisiwesidulusgraidu

9

SYUULAbLIa1U1A [35]
2) Bayesian Optimizer

litoyannnisnaaeuneuniniiennnsalAinngalunmaasnsssialy ¥ie

andnwIun1snaaedlagliufsamnaaaunnan onfieg1ugu Grid Search uiiumauslunis
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AU way Optuna Wulaus13Ald Bayesian Optimization lunisidenAfiaininaglinadns

Afign Hwannisneaeslidndusaziiuyszdnsamlunisuiuusa [36]

2.6 WsuL3sAdUTUNTS3EUSB9EN (Deep Learning Framework)
2.6.1 PyTorch

PyTorch A® Machine Learning Framework LLamiugUﬁ 2.20 g@runsalglunig
asnslaaa Machine Learning#a. Neurat-Network Ia-dlipsosilaliaunsanmuaunisvinny
yalunadinainranesadldinednygsaunsounlunaluldsanaie luteagUudy Open

Source MelALintx Foundation-JiAanudniisavaesmsienisuseiiaananie GPU [37]

O PyTorch

5171.2/20 &nydnival Py Torch

2.7 mMauUszansainvadluna

FLaUsEENs N (Optimizers) Wuflendunendinatensineysutuas usnmin
VBUATOVYIY QNAT WY UIINUUIAAVEINATANTLH Y- Gradient FaLi uUTEdNnTamNAnINee

PUSWULAZIIUSZANSA W
2.7.1-Gradient-Descent

Gradient Descent A Optimization algorithm7¥aq3Usur 1w fiimesly
TuinaLit eandve :L0ss function lsiiiei 1 soitqm 99 Gradient Descent 9x19gnslunns
AUIUAT Weight Tyl f 3 I@EJL??J‘O’mﬂ’ﬁqlaJmﬁﬂlﬂ Weight AU UUULEITN5 TR
Performance waslaaasiaa Error 910 Loss Function wazaziien Error fildungaglunis
fmnmen Weight lusdfianinia vougiludess auninagleen Weight 7ivilsien Error veq

Model 6‘1;7171'?;{@ [38]
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gﬂﬁ 2.21 n3¥UIUNTT Gradient Descent

2.7.2 Stochastic_Gradient Descent«(SGD)

SGDAeR LUK T9eI8ane3 N Gradient Descent 1 LY @13 U131
Usgansnnldisanisitousveaated T SCDAminizldyntayanaviuad1vsunsiudusag
ATY Azlimeidondaesnasiinuyinie e nadiva-LipaA1wIiunsLlassAuLars Uinn

s fiwasveslumaunsunasfuguylilunssvaunisisdssdnsaim [39]

2{7:3 Adaptive Moment Estimation (Adam)

Adarn optimizer iU optimizer TianunsaUsu teaming rates dv§unnsnines
Tuusiazasaldiazsannsaudlam decaying ot sradients iUuiadawiotiutszavsnmd
lATURIILT o U NANN AN UT ¥R 19 Stochastic Gradient Descent with‘momentum Lag
RMSprop s?fqﬁﬂﬂumahjwqm%ui Sniiedislandn Gradient Descent waraatlymn1swnis
YoaM5 1516845 l6 S ez [40] Tnel AdanT AL ilaunTsuan s aaunsi (2.9) maziinnmed m
way v iouangt an15aleosi in U First OrderGradient-wazfrd s@adves First-Order

Gradient aniidasy Wamssiaunasit (2100 ua¥ (2:11)
n

HH‘] :Ht- — My (29)
Jvite
cL
=B it B, = 210
t

oL ° (2.11)
V= ﬁgvt-l—'_(]'ﬂz)(a_w}t)
Tuaunsfi (2.9) waz (2.10) nwes m, wae v, 9¢d Bias Wintios Tned
A1YR3 By waz B, ediAaglugie 0-1 \Wioflazuitymil Adam asfiaunslmiuasdaunisd
(2.12) waz (2.13) sudeu [41]
(2.12)
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(2.13)

2.8 NM59AUSLANSNINVDIDaNDINY
2.8.1 Confusion matrix

Confusion matrix filan151eldUseidiusEaninmuaslunawuy classification
Aun13UsELliuA19S B Ui ARt IINHaF NSveslunaviuiele waasuateenunly
JURUUVBINNTIUVSATUARINITUN 2,22 wagps1auvisad Multiclass wanedagui 2.23 4

a3rUsENaURati[42]

1%
=< A a

1) True Positive (TP) @MW1 19939 haZ a9 N AT UAD 5

[
= A

2) True-Negative (TN) @sivinuoadalalade dazdsmiadiumeluasa

' [
a

3) Falsé Positive (FP)247N711N 83103 i aeinnau U eluas

J A

4) False Neeative (FN) 847w a5 wAdsihntvd o a3, [43]

Confusion Matrix

Actually Actually
Positive(1) | .Negative (0)

Predicted %3 Fisa

. Positives Positives
Positive (1) (¥Ps) (FPS)
Predicted falsp prue

Negatiyes Negatives
Negative (0) (FNs) (TREY

E‘Uﬁ 2.22 Confusion Matrix

Estimate
Co---C; O Cagtlc,

N

= R <
VBN EO e
O

k5 B e vosine
3

S e e
3 ="

2 Bl o
o

c

=4

«©

[

gﬂﬁ 2.23 Multiclass Confusion Matrix [44]

2.8.2 Precision

Precision fiaAauuduglunisvinunelunguidmunensefiansaanizidu

True Positives (TP) Tnganunsasunallasaunisi (2.14)
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P (2.14)

Precision= m

2.8.3 Recall

Recall Ao uaninsavedlilnalunsngiaduaugnAes Beredndiuves True
Positives (TP) fiutoyafiasey Wu Positive vianun Tnsanunsadnaldnaunisi (2.15)

P (2.15)

R =
ecall TPEN)

2.8.4 F1-score

F1-Score-AaANLaasuwuy harmaonic mean 321394 Precision wag Recall iy

single metric ATnAELIsAYRdlAe TnsgauasaA R lanIEuN1SN(2i16)
Precision>Recall (2.16)

FI=2x
Precision+Recall

2.8.5 Accuracy

finfAccuracy A Twindndudndauveselatianaangnduungnieday

SeUU GeRmunalldeeainn s (2117)
TPHTN (2.17)
(ITP+TN+EP+FN)

Accuracy =

2.9 Mswdastanuduides (Text-to-Speech: TTS)

m3L1J?1'8u%’ammﬁ%ﬁaiﬁlﬁmﬁammi@siﬁ?ﬂzyjzgwﬂsgﬁwiuazmsﬁauiﬁmmLvﬁ'aq
Tun1suvastemilyfidudsedaiasigs iunszuaninsUssutandnelaseineusyainiieu
WUUAN (Deep Neural Networks)r@ululasiasisivsgnavielvunnsiumaiiionlouas
19U INAY Imqsdwﬂiza'mLﬁsmmd’rﬂﬁ%’umiﬂﬂNuéhaiaaﬂalﬁsﬂwmmmamm
sudsdnides szaudes (Pitch) wasszauausa (Volume) wisliausauvasdonnundu

dosyainfinnudusssufuagindfiesiudesywd [45)(46]
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2.9.1 nannsnauvesnsulastaanuludes

nsvhauesnauasterududes uiseendu 4 dw il

1) MINATIEVTOAIY

Busussmnneilasainaarhonsalvestomuidsia wevianudile
ATNBUazATIIABUNTIAEEIUTElER MAnaY wazlAomINEITIARDUILgNTEY eI
Inszilvulselealignasauasiinudilading

2) MsUszaananI1nawa-(inguistic.Processing)

fsine Tudopativzgnuuandulaiuy (Phongmes) dudunmioidoudniigaly
aiild anist s U R id s gadiagldgudoyaidouas
walulagnasa1a99La 83 (Synthesis Technology) Lﬁ@iﬁLﬁﬂﬂﬁﬁ%ﬂﬂ%’uﬁﬂ’JWMQﬂ(;]JENLLaB
anunsneanidedlaagisliusssuif

3) Msa¥IePRUAE (Vocodan)

SlalWwngnutasasnnd [URRuEes, S0t Vocoder axliToyaiiioansndu
Fown sevuadlimaienisadaseideuitoadsady daeineusionedonniuaiviacme
Hoswndiarnnsaitilale

f)-nasdatassildetne (Synthetic Speech)

Wunszuiuaisasiugesantiiug levagldmatdeni5i3au3i9ean (Deep
Learning) Mifiunmmniasa i dusssiuivedes silvinasiainesdansndade oy

JamnunIvalneg1eiuseanSaiwiaz iRy [47]

2.9.2 lausnsnlddnsunasudastaanuduides

'
aa

lauTs eSpeak fig randuisduasziagannlotwileesa wanasisguin 2.24 7l
VUIANLYIATAFIMTUNITUAANBAI Y9N Baz N8B U dmTusEuuUURAN1IN Linux
uwag Windows ldnanni1sn1sduasgdinasiialus (Formant Synthesis) virlvildsayai sl

AnudnaukazaNIsaUszIIaNalinen S [48]

eSpeak

2.24 dyanuol eSpeak. [49]

=D.

sU

hY)
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N1399NLUUKAZNITINVINUT YY1 TNUS

3.1 N1999NLUY
3.1.1 N139AUUUIZUY

Usyarinusiilunisfinundanesiiunsdeudi@ednluguuuusingg aldluns
Uszananagunmiveldnuluguasaldmstitismasgdaauunnsomisaenilunslidin
Melue1ns lnefiudentnezunsunaniizui 24 Ingssuuassisannstufindeyannain

N8 89 WebcamdiUszaianalagld Raspberry pilun1saiununagvinauvesssu

hO)

nsrviungsgeswamslusun 3.2 Tnedinsnsauteganiain dula Uses a6 wasded

'
A [

Y4 vianTsinuan visvetdeyauagdiltimerlaglidanasnunisiseuiifedniieduun
Toua i ndoudeyn warin1susudAanIsEaesyasdan a3 InasiTous L adniiNe

= = 1 o a P =l a a o o 1% o v
WiguliiguanaiuguasdaneTiy Waldlumaniiuszdniannseuldanundianiluld

v Unsaldmsutaemaaiia uans s enT T IENIR A vaAe oY

Raspbearry pi
Webcam Objaat Audio output
> Image data | Image processing: —» P
m classification ‘:))
Y i ““““ ]
I
l |
i Image analysis E
|
| i
1 o T W |
- =3 a a I3
JUN 3.1 vianleaesunsilansamsinvesUIyaniinug
: I
! l
: Feature Performance I
: Pre-Processing > | Deep learning !
I extraction evaluation :
| |
| |
| |
| |
| |

Image analysis

(3

U7 3.2 vdenlaasunsudindnszigunn

Y
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3.1.2 N159NUUIUMARNEDY

nseenuuulunarnaeu Svayadunaduzunin vinsulssendu 3 galag
msgudeya léun yadeyaiilidmiviinasu (Training set), gndoyaiilinaaaunugnios
vaugnaou (Validation set) wazyndoyaillidmiunaaeu (Testing set) Inefidaduiy
70%, 20% war 10% auany Tegadunnazgnusvruialimangauiulina luuIyan
dnusidenldanidnenssy CNN waz ResNetl8 daiinnsiiiu Prediction layer vinl#luina
annsnduundoyauuy Multiclassbe-laeiaasdivun Neuron Tiivindusiuaunaanly
#ud 6 Aana antuimsw s inefuasSuiuiaeeifiwmzausulunaiiden 44l
mnsusiuggiaadwinsiinesdilagduaualssimargatuuiasiupaazinsmsulunaseu
anvnouiolilaTuinafindenldeiy azthudsvidudsyavs nmusapauusiudivedlung

lngurusiauannsinsiuveslulnafinaayLansfiegu® 3.3

v iModel training

Trainifg\dmaces Validation images
5 - - / Add preglietion
Pre-processing Pre-processing

\ayer

Tuning

!

Train model to get

final model

l

Model evaluation

JUT 3.3 unuianisesniuuliinaingay




%

AN5197 3.1 Feg1nluLsazAana

3.1.2.1 Mswwseudaya (Pre-processing)

28

Adnvilatinsdmeieugunimidudiuau 6 aana laun Usee and e

11d Tulatu wazdulaas TngdegannlugadeyaveusiarAanawaninanisnen 3.1

Validation

set 20%

Test set
10%

Datasets | Training
set 70%
(Images)
Uszg 25
e [}
-
’/;
’ B
@
D AZZIEL
i 10—
- ] %_QH
oS

dy [ Q‘ 2 o [ ¥ A = I g—J/ 1 Y o 1 v 4
nanstiluwenansianubidmiunisidaunenisfinyintu leygslmilUldusslovinunisa

ladnnsallas vieau anvienuiividaudadlioniuagiase19ddiadivesenarsynaseninisinluly

Sample picture

3d

¥

= 3
It o)

i
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AN5199% 3.1 Fegrannlulmazaana (se)

Sample picture

Datasets | Training | Validation | Test set
set 70% | set 20% 10%
(Images) | (Images) | (Images)
i 259 74 38
Suledy | ~251 72 37
Tulaas 247 70 37

1) M3venedoya (Augmentation)

Junsvenedvestoyaduns dreg1stayadunmuaninegui 3.4

wislidayaiinuvainuaty Weliuauaisavedaealunisiseuianteyaniainy

wannwateuntu Jagaeanlym Overfitting Tunsinlumamedeyavuiadnle daenisld

¥aNN13 Image processing lagdinsguyivianun 4 sUwuu baua nisndnamlubuiueuuans

795UN 3.5 N5V

U

3

UNNAETUYI -10 B8 +10 991 WaARIRIIUT 3.6 N1sATBUAMNTVUIA

WANE9UTENING 80% 89 100% Wanswagun 3.7 MIUSUAIYRE Lanaiaguil 3.8 uagusu
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AMNaYeInIn (Normalize) welviaiinigasglugiswnsgiuneunazinamdilues lng

Idanunsguresyadoya ImageNet Faduyndoyaves Pre-trained model

JUN 3.7 fegrmsnseunm
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U9l 3.8-sregnn1sUTumIved

2) MsanaanaNume (Feature extraction)

lunnsaneandnwaitandogasuiaiidusumzgnuasduguuuy
vospadnwalziainsotUlglumsSoudsanesiadsanta Tnonsldlaseneussamidion
Lﬁ@lﬁlﬁamé’ﬂwmzs?fﬂﬁﬂﬂgjmiﬁmwLLazmiaﬁﬂLLuﬂUizmwﬁLLaJ'uE]’mm%u nanUnenssy

[

fifdovinaenTd Tuantinenssa CNN - Convelution Layer s fiadagaudnuazain
sun legdinsanuuneeu MaxPooling wazdossady FullyConnected Layer wiavinas
vhung Megnmmsitimesvalassaiy CNN uanifegli 3.9 nagtuag Uasnssy ResNet1s
fifl Convolution Layerviminilaranaisnwaizaon sun iyt wazlaseasiefinng
FHourouy Residual Connection Anelilaaaa mysidstoyad wtuviethariuun layer

1 ot dines-1 block Tu ResNetl8 wanwgui 310

BatchNorm2d-9
RelU-10©
BasicBlock-11

U7l 3.10 fhegramsiimes 1 block lu ResNet18
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3.1.2.2 M3@eulUsunsunsseuiiean

madeullsunsuaindlassadions 2 aninenssu lulassadis ONN az
Usenause Convolution 2 fifvanstuifiawiiuusyansnniaidoudvedinmg 2ndurings
Fousiedeyaluds Flatten Layer itoutasdoyalifunnimes 1 A deuwdeudeluds Fully
Connected Layer (Dense Layer) wagludiulassasne ResNet18 3¢ viin1sanuluanliing
ResNet18 wioumsilinesiignilnunneuud (pretrained) vugndeya ImageNet sinlaus s
PyTorch Uun191 Python wazianasusulassas 191U Fully connected layer LA Y9
ResNet18 faolassasadlmifiosnuuuniliinnzdanfunsiuundeyaly 6 aada e
Flatten layer, Dense layer iag Rrediction layer Falu-Prediction layer Iuﬂgﬂ 2 TAseasnadl
6 vueUsyudanad s uIIRunNTea 67 AaId aaNTEN15YIUq8, output 19 9 Fu
CrossEntropyLoss azstanrsudasailad a \dunnaaauuaazidusie SoftMax neluyvila

A113958Y Output-ta

3.1.2.3 mswanlusensumisusunnalitng

D\lAsasweNN

danld Bayesian Optimizer #ulava3 0ptuna lun1smien
lowlesnisadnasiuin vaudinsunisusasunsiindeulding CNN fendsasislasadiaa
wosiiunnetsiy nednlaieswsaiwmesdmsunisiinle ki Leaming rate = 0.0001, Batch
size = 4, \Dropout rate-=-0.23y Epochs =100, Patience ‘=5 azQptimizer Ao Adam
dielannnso TarnanmuaaasiidnannsUsulas iassaisiie sdeaaiien Tnedinas

MUALARZIABR SRR ITUT 3:1T - 3,14 Al

fage 224x224x3

v
Conv2D, 3x3, 16, 1

v
Conv2D, 3x3, 32, 1

U7 3.11 Tasaa1s CNN Tiaadi 1



Dropout 0.23 MaxPooUngZD, 2X2, 2

v
Dense, 128

v

Dense, 5

v

Conv2D, 3x3; 16, 1

+ Relu + MaxPooling

v
Conv2D, 3x3, 32, 1

+Relu + MaxPooling
v

Flatten

v

Dense, 128 + Rel.u

Dropout 0.23

v
Dense, 5 , SoftMax

Suil 3111 Tazeasnd CNN nipadi 1-(vle)

Image 224x224x3
v
Conv2D, 3x3,16, 1
v
Conv2D, 3x3, 32, 1

v
Dropout 0.23 MaxPooling2D, 2x2, 2

5U7 3.1 Tnssa$ha CNN Tanadt 2



Dense, 128

v

Dense, 5

v

Conv2D, 3x3, 16, 1

+ Relu + MaxPooling
v

Flatten

v
Dropout0.23 Def'se; 128+ Reliu

v
Dense, 5 , SoftMax

11312 Tasaasne CNN/ Taiiiadl 2 (o)

Imasge 224x224x3

v
Conv2b, 3x3,-16, 1

v
Conv2D,.3x3; 32, A

v
Conv2D, 3x3, 64,1

v
MaxPooling2D, 2x2, 2

Dropout 0.23

v
Dense, 256

U7 3.13 Tasaadns ONN Tanadi 3
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v

Dense, 128
v

Dense, 5

v
Conv2D, 3x3, 16, 1

+ Relu + MaxPooling
v
Conv2D, 3x3, 32,.1

+ ReLu-+ MaxPooling
v
Conv2Db, 3x3,.64; 1

+ReLu + MaxPooling
v

Flatten

v

Dense, 256 + Rel.u

Dropout0.23

v
Dropout-0,23 Dense, 128 4+-Relu

v
Dense, 5+, SoftMax

Uil 3.13 Tasdadis NN Tanadt 3.60)

Image 224x224x3

v

Conv2D, 3x3, 16, 1

5U7 3.14 Tassa¥na CNN Tainadl 4



Dropout 0.23

Conv2D, 3x3, 32, 1

v

Conv2D, 3x3, 64, 1

v

Convz2D, 3x3, 128, 1

v

MaxPooling2D,.2x2, 2

U7 3.14 Tasaad1s CNN Tanadi 4 (vie)

v

Dense; 256

N

Dense,-128

v

Dense, 5

¥

Conv2b; 3x3,16,:1

+ Relu + MaxPooling

v

Conv2b, 3x3,32;, 1

+ RelLu + MaxPooling

v

Conv2D, 3x3, 64,1

+ Relu + MaxPooling

v

Conv2D, 3x3, 128, 1

+ RelLu + MaxPooling

36
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\

v

Flatten

v
Dense, 256 + Rel.u

v
Dense, 128 + Relu

4
Dense, 5/, SoftMax

Dropout 0.23

Dropout 0.23

SUT3.1¢ 1aseas1e CNN Tansiadl 4-(vle)

2) 1A35@579 ResNet18
vaenliA s Grid search tunisnigataives nis1dines 7
iz dudmsuluing ResNet18 lngrdavinlodienla Optimizer tin Adam Tneinundd
Snsnmsieus, (Leaming rate) WWurid Default Lol 0:001 wazrimmunea Epoch fiunnsaiy
3 60 1aid 15,20 kas 30 hazd miuAa Batch size Mg lundsinapuusLsayn13Iug
Fonld 2.6 eun16. uas 32 TnefimssoniuulnssadniResNet18 Wenwiiguil 3.15
nmswasusiweslursnaeustienntu 6 asdl laun
- ﬂiiﬁ‘ﬁl 17: Optimizer:= Adam, Epoch =15/ Batch size,= 16
- ﬂiiﬁﬁ 2 : Optimizer = Adam, Epoch-= 20, Batch size =/16
. N3ifi3 Optimizer= Adarn, Epoch = 30, Batch size’ =16
SN sdin 4 Optimizer = Adam, Epoch = 15;Batch'size = 32
- miﬁﬁ 5+.Optimizer'= Adam; Epoch = 20yBatch size = 32
- n3difi 6 : Optimizer=-Adam;EPoch-="30, Batch size = 32

Image 224x224x3
v

ResNet18

U7 3.15 Taseanslaina ResNet18 fildlunisvnaes
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Flatten

v

Dense, 512, ReLu

v
Dense, 128, SoftMax

Dropout 0.5

033715 Tassa¥adlilng Résivér18 Mldluntsiinass (o)

3,1.2.4 AMsguluswnsudseiiuna

olerwngiine s saniapdmiusazluna §aavildinis
Anvig il LR Ul o 030 U5e0 TeANS e I s Sakun s Un a1 nufuluimagn
N Us B deyaradouieUszidunaissiug luniss wungUnamdildine o wag
TunngU sz upnuningIve sssUUas Useiduniau - Classification Report 4198 hanIHanIs
FnTTIE Precision; Recall, F1-score #ag Support ﬁm%’mwﬁazﬂmmazﬁqszw niou

ylawgAs Confusion Matrix

3.1.3 N5ELlYsuAsFIvTUIILEANg

INasviNsUseiiuRavesliaagolaangsy CNN wae ResNetl18 Hinyinay
= a a a o XY ¢ o o AL v ]
Wenldlunandl Useans nnasaniiisuralinuguniala miudiomasunnsameagn
laeflunuian13919quYe9Unsaluaninagun 3.16 ISuAUIINNABIWebcam Fun I unm
AMAEQNUINNTINTEUINADS Préspracessing navinisusuatinilu 224x224 finiga vin
13 Normalize wagvinn1sustwas.a Nt Ut luaantinuil naaurinnsussulananiniive
MUEHA LAAINANITIUIgUUTIlenauilnes uazynisuduieulusluuuidedsing

WioufuITHEIURdng
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Webcam

capture image

Load trained

Pre-processing

gg:

model

Makeprediction

Display

predicted result

!

Atert the

predicted rasutt

and distance

JU3:16 LnuRalansn 3y vegunsal

3.1.4 N152NWUTINASATNSUNISAIUINS L

HAGNEYRINTYINUVRIRUNTEMTUNILNT R UNNTBINEINTUBNAINTLEN

= v A = o a & ] d' v al ° Y o a Y
LﬁENLL"NLm@uaﬂ'ﬂmq‘ﬂLUUQUaiﬁﬂm@ﬂqiLﬂaQUIV'JG\iﬂ‘mu’]‘mi&lL@aaqﬂiqiﬂmquﬁlﬂlﬂ GUNTITLLAY

f v o

Wieudaszervineseninagunsaliuing lnegdavilaidaentd Ultrasonic sensor Tuniseuam

Y

o [y 3

JreeNInanmMIinuAeszdadeanssusguyudlilady uasnadudsasioun

a

danduuniiliaidssazviousanaininaneglndtfse antuazldainusivesdeaiomulu

9 Y

JLUEUINIAG
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nseenuuultn1sideuneduiiu GPIO 983 Raspberry pi dmsufiu Echo Tai@n

AU 330 109 wag 470 vy WievinnIswuAng il n1sausie Ultrasonic sensor AU

OO,

Raspberry pi LLamﬁ'ﬂgﬂﬁ 3.17

gﬂﬁ 3.17 nnaweuse Ultrasonic sensor ity Raspberry pi

3.1.5 msaaniuvaunsal

guRsaldmMIUNIiRILUnNsNaten e sun seeniuUl IR UL INAY

fon laeldlasasnosasdnaostulugud mivisriaaynsalsny A uangisguil 3.18 Fedu

(%
[ g a v

a19U52nauUA8NA 8 Webcam RAFIUSIUANUAL NG NOTIENTIDIVING a1 LNIFA AR

q

USNUAIUNT IR LI TN MAdAA50 LD ULE 8 99t A o TR 0 8 19TAL AU WAL US N U UNAIUDY

FUANAAAINTIIEF LUV I T U e e 19 TU098 UNS 0l nile dauduuulsenaud ae

(%
v a Y

Ultrasonic Sensor. ANFIU3 LA TUNT A oI 9197 U528 3D I 9AAVAN UaZATUNA ARG
Raspberry Pi FsponkUuliaduisalionnoiunainosiuinlodzein nsiioudevedtniesde

VIVUALERIRITUN 3.19 uareunsaiussnaulasaatysalitandlusui 3.20
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d‘ K] v val }
E‘U’Vl 3.18 ﬂqiﬁl@ﬂLLU‘U@qﬂﬂimﬁ?ﬁi‘Uz}lllﬂ’J'ﬁJUﬂWiaﬂVﬂ\‘iﬁ’]EJGH

» w700

JUT 3.20 gUnsalass



42

3.2 1Asaslantglun1snnany
3.2.1 Raspberry pi 4 model B

Raspberry Pi 4 Model B 1Jululasaaulnsaiaasnldlunisuszaiananazaiuny
N15v191uv03UnIaln 199 AnulsUszatanan dusednsainuazaiunsold eusenuy
gunsaliasulavainuaie lawn d1lne nde3 Webcam Lagn1IL93huIAdI%sUNI5918

P

3.2.2 naagy'Webcam

a

ndgyWebcar gnldflunasiivsausaidoyaguninuasdalefiieatasdunis

nnaes lngilanuazideaiieawadvusunsussaralayn1siasivvivedasely

3.2.3 Visual Studio Code

IodmSumadeuldsinsulagldang Python @nsunisuidasUanniidesnis
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# CNN

import os

import torch

import torch.nn as nn
import torch.optim as optim

import torchvision.transforms as transforms

from torchvision.datasets import ImageFolder

= (Y|
Confusio MatrixDisﬁ ay

def load_data(data_dir, val_split=0.1):

transform = transforms.Compose([
transforms.Resize((img_height, img_width)),
transforms.ToTensor(),

)

} dataset = ImageFolder(root=data_dir, transform=transform)
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val_size = int(len(dataset) * val_split)
train_size = len(dataset) - val_size
train_dataset, val_dataset = random_split(dataset, [train_size, val_size])

return train_dataset, val dataset

class CNN(nn.Module):
def _init_ (self, dropout_rate=0.5):

super@N;self). init ()

self.convl =nn.Conv2d(in’ channels=3, out channels=16,
kernel size=3, padding=1)

selficonv2 = nn.Conv2d(in channels=16, out_channels=32,
kernel/size=3, padding=1)

self.pool/ = nn.MaxPool2d(kernel size=2; stride=2)

self.dropout = nn.Dropout(dropout rate)

self.fcl = nn:kinear(32 *(img| height //4)-*(img width // 4), 128)

selfifc2 = nniLinear(128; num' classes)

def forward(self; x):
x £ self.pool(Frelu(self.convi(x)))
x = self.pool(F.relu(self.conv(x))
x'= torch.flatten(x, 1)
x'= self.dropout(F.relu(self.fc1(x)))
x = self.fe2(x)

return x

model = CNN().to(device)

summary(model, input_size=(3, img_height, img_width))

train_dataset, val_dataset =

load_data(r'C:\Users\DELL\Desktop\ProjectdT1\datasample\train')
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class_counts = Counter(train_dataset.dataset.targets)

class_distribution = {train_dataset.dataset.classes[i]: class_counts[i] for i in
range(len(train_dataset.dataset.classes))}

num_files = len(train_dataset)

num_classes = len(train_dataset.dataset.classes)

print(f"Found {num_files} files belonging to {num classes} classes.")
for class_name,.count in class_distribution:items():

prnt(f'{class_name}: {count} files")

class EarlyStoppine:
def _nit™ (self, patience=patience; verbose=False):
self.patience = patience
self.verbose = verbose
self.counter = 0

selfibest toss = None

defcatl | (self,val, loss, model):
if self.best loss.is None:
self.best loss = val loss
elif val_loss.>-selfbest _loss:
self.counter += 1
if'selfiverbose:
print(f'Validation-toss did not improve. Counter:
{self.counter}/{self.patience})
if self.counter >= self.patience:
print("Early stopping!")
return True
else:
self.best loss = val loss

self.counter = 0



67

return False

# HendunsinuazUszidiuna T99mAU Optuna

def train_and_evaluate(trial):
# Optuna ANYUAAI hyperparameters
learning rate = trial.suggest categorical('learning rate', [0.001, 0.0001])
batch_size = trial.suggest_categorical('batch_size', [4, 6])

dropout.rate.=-trial.suggest uniform(drepout rate’, 0.1, 0.5)

train_dataset, val ,dataset =
load data(rC:\Users\DELL\Desktop\ProjectdT1\datasample\train’)

train_loader = DatalLoader(train \dataset, batch size=batch size,
shuffle=Trae)

val loader, ='Datakoader(val dataset, batch size=batch_ size,

shuffle=False)

model = CNN(dropout rate=dropout_rate).to(device)
optimizer = optim:Adam(modet:parameters();ili=learning rate)
criterion = nn.CrossEntropylL oss()

early stepping = EarlyStopping(patience=patience, verbose=True)

for epochensrange(num_epochs):
model.train()
running_loss = 0.0
correct = 0

total = 0

for inputs, labels in train_loader:
inputs, labels = inputs.to(device), labels.to(device)
optimizer.zero_grad()

outputs = model(inputs)
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loss = criterion(outputs, labels)
loss.backward()

optimizer.step()

running_loss += loss.item()

_, predicted = torch.max(outputs.data, 1)

s = criterion(out L@S:aléb

vag
|||I'E\?a?:lcknﬁ/al loss:itemn(

_, val_pre d-=-torch.max(outputs.data, 1)

val_total += labels.size(0)

val_correct += (val_predicted == labels).sum().item()

val_epoch_loss = running val loss / len(val_loader)

val_epoch_accuracy = 100 * val_correct / val_total

) print(fEpoch [{epoch+1}/{num_epochs}], *
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fTrain Loss: {epoch_loss:.4f}, Train Accuracy:
{epoch_accuracy:.4f}1%, '
f'Val Loss: {val _epoch loss:.4f}, Val Accuracy:

{val_epoch_accuracy:.4f}%")

if early_stopping(val_epoch_loss, model):

break

import torchvision.transfo as transforms

import torchvision.models as models

from torchvision.datasets import ImageFolder
from torch.utils.data import DatalLoader
import numpy as np

from sklearn.metrics import accuracy score

) train_transform = transforms.Compose(
wnastiluwenasiianulidwsumsldnuiensanyirinuy ldeygalihlUldussTerdaiunism
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transforms.Resize((224, 224)),

transforms.RandomHorizontalFlip(),
transforms.RandomRotation(10),
transforms.RandomResizedCrop(224, scale=(0.8, 1.0)),
transforms.Colorlitter(brightness=0.2, contrast=0.2, saturation=0.2,

hue=0.1),

- )

A =

\/ /0. //
%

NOXOY A

transform=train_transform)
test_dataset = ImageFolder(root="D:/test resnet18/dataset/val’,

transform=test_transform)

epochs_list = [15, 20, 30]
batch_sizes = [16, 32]
optimizers = ["Adam"]
patience = 5

dy [ dl Y o o [ A = 1 gj 1 Y o v ¢ v [
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best loss = None
trigger _times = 0

results = []

for batch_size in batch_sizes:
for epoch in epochs_list:

for opt in optimizers:

device = torch.device("cuda" if torch.cuda.is_available() else

llcpull)

model = model.to(device)

criterion = nn.CrossEntropylLoss()

dy [ c" Y o o [ A = 1 gj 1 Y o v ¢ v [
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if opt == "Adam":

optimizer = torch.optim.Adam(model.parameters(), lr=0.001)

start_time = time.time()
train_losses = []
val_losses =[]

model.train()

3N
= loss.ite %Qf\
skﬂaﬁ Ln"

ain L

model.eval()

val loss = 0.0
y_true_train, y pred train =[], []
with torch.no_grad():
for images, labels in train_loader:
images, labels = images.to(device), labels.to(device)

LE)ﬂ?ﬂ3ULUUL8ﬂﬁW§VIﬁ\‘1’Ju1’J?ﬂMiUﬂ’]ﬂ%ﬂ?ﬂLW@ﬂ?iﬂﬂ‘l&ﬂL‘VI']‘U‘LJ ISJE)”LJE‘U'1G\IWUWIUI%TE”IEJ%MW]UWW@’]

lmﬂmaﬂm ‘1/]\‘1?1‘1,4 BﬂVN%’l?,J?,JEL‘ViGW]LLU@QLU@VWLL@S@@Q@’N@GQQLf’\]’]“UENL@ﬂﬁ’]ii/qlﬂﬁiﬁi/lllﬂ’]iﬂﬂ‘ﬂi%



73

outputs = model(images)

loss = criterion(outputs, labels)
val_loss += loss.item()

_, preds = torch.max(outputs, 1)

y_true_train.extend(labels.cpu().numpy()

y _pred_train.extend(preds.cpu().numpy()

fin..accU acy = accura ysCOTe true_train, y _pred train)

print(f"EarlyStopping counter: {trigger times} out of
{patience}")
if trigger times >= patience:
print("Early stopping triggered!")
break

model.train()

dy [ dl Y o o [ A = 1 gj 1 Y o v ¢ v [
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# Usziliuwayn train
model.eval()
y true train, y pred train =[], []
with torch.no_grad():
for images, labels in train_loader:

images, labels = images.to(device), labels.to(device)

outputs = model(images)

oreds = torch.max(outputs, 1)
‘

& X cpu()
%?g'-_ged test.extend Rredaéb@ ‘/
0SS = cﬁfle’?oﬂoﬁput .J/
test o 0

test_accuracy = accuracy scorely true test,y pred test)

elapsed_time = time.time() - start_time
results.append(
{

"batch_size": batch_size,

"epoch": epoch,
L@ﬂﬁ?314LUUL@ﬂﬁWiVIﬁQ’JU1’Jﬁ’M§Uﬂ’]{Lt’NWULW@ﬂWiﬁﬂ‘Eﬂ L‘VI’]‘LJ‘L! lzuaum1mimmlﬂl%ﬂiviwumumim
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"optimizer": opt,
"train_accuracy": train_accuracy,
"test_accuracy": test_accuracy,
"train_loss": avg_train_loss,

"test_loss": test loss / len(test loader),

"time_elapsed": elapsed_time,

agf [ ct' Y o o [ A = 1 gj 1 Y o v ¢ v [
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# CNN

import os

import torch

import torch.nn as nn

import torch.optim as optim

import torchvision.transforms as transforms

from torchvision.datasets-import.dmageFolder

from torchiutits’data import Dataloadef;«random split

import“matplotlib.pyplot as plt

import numpy-as np

from collections import Counter

from terchsummary import summary.

from sklearn metrics import classification report;*confusion_matrix,
ConfusionMatrixDisptay:

from PIL,import Image

deviee = toreh.device('cuda" if torch.cuda.is. avaitable() else "cpu”)
learning, rate = 0.0001

img_heighty img-width\= 224, 224

batch. size = 4

valisplit'= 0.2

num “epoechs =100

dropout rate.= 0:2311959186265376

num_classes = 6

# a313luma CNN
class CNN_FourConvLayers(nn.Module):
def _init_ (self, dropout rate=0.2311959186265376, num_classes=6):
super(CNN_FourConvLayers, self). _init_ ()
self.convl = nn.Conv2d(in_channels=3, out_channels=16,

kernel_size=3, padding=1)
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self.conv2 = nn.Conv2d(in_channels=16, out_channels=32,
kernel size=3, padding=1)

self.conv3 = nn.Conv2d(in_channels=32, out channels=64,
kernel size=3, padding=1)

self.convd = nn.Conv2d(in_channels=64, out channels=128,
kernel size=3, padding=1)

self.pool = nn.MaxPool2d(kernel size=2, stride=2)

self.dropout = nn.Dropout(p=dropout rate)

self.fct=-nn.Linear(128 *(img_height 77 16) * (img,width // 16), 256)
selfifc2=nn.Linear(256, 128)

self.fc3 =nn.Linear(128, num’ classes)

def forward(self, x):

x = self.pool(nn:ReLU(self.conv1(x)))
x.= self.pool(nnReLU)(self.conv2(x)
x = self.pool(nn:ReLU()(self.conv3(x))
%= self. poolinn.Rel U()(self.conva(x))

x =toreh.flatten(x; 1)

x = self.dropoutinn.ReLUO(setf.fc1(x)))
X2 self.dropout(nn.Relt()(selffc2(x)))
x =selffe3(x)

return x

model = CNN_FourConvLayers(dropout_rate).to(device)

summary(model, input_size=(3, img_height, img_width))

transform_train = transforms.Compose([
transforms.Resize((img_height, img_width)),
transforms.RandomHorizontalFlip(),

transforms.RandomRotation(10),
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transforms.RandomCrop((img_height, img_width), padding=4),

transforms.ColorlJitter(brightness=0.2, contrast=0.2, saturation=0.2,

hue=0.2),
transforms.ToTensor(),
transforms.Normalize(mean=[0.485, 0.456, 0.406], std=[0.229, 0.224,
0.225])
)
transform val test-=transforms.Compose([
transforms:Resize((img height; img. width)),
transforms:ToTensor();
transforms.Normalize(mean=[0.485, 0:456, 0.406], std=[0.229, 0.224,
0.225))

fullctrain_ dataset =
ImageFolder(root="C./Users/DELL/Desktop/Projectd T 1/datasample/train’,
transform=transform_train)

test dataset=
ImageFolder(root="C:/Users/DELL/Desktop/ProjectdTt/datasample/test",

transform=transform’ val test)

train_loader = Dataloader(dataset=train_dataset, batch size=batch_size,
shuffle=True)

val_loader = DatalLoader(dataset=val_dataset, batch_size=batch_size,
shuffle=True)

test_loader = DatalLoader(dataset=test dataset, batch size=32,

shuffle=False)

criterion = nn.CrossEntropylLoss()

optimizer = optim.Adam(model.parameters(), lr=learning_rate)
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# Early Stopping Class
class EarlyStopping:
def _init_(self, patience=5, verbose=False):
self.patience = patience
self.verbose = verbose

self.counter = 0

return False

# 13un1swsulueg
train_losses, train_accuracies, val_losses, val accuracies =[], [1, [I, [J

early stopping = EarlyStopping(patience=4, verbose=True)

for epoch in range(num_epochs):

model.train() .
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running_loss, correct, total = 0.0, 0, 0

for inputs, labels in train_loader:
inputs, labels = inputs.to(device), labels.to(device)
optimizer.zero_grad()
outputs = model(inputs)
loss = criterion(outputs;-tabels)
losssbackward()

optimizer.step()

runnine—toss_+=loss.item()
+ predicted =‘torch.max(outputsidata, 1)
total + = labels.size(0)

correct += (predicted == labels).sum().item()

epoch loss.=running loss / tenltrain.loader)
epoch accuracy = 100 correct / total
train- losses.append(epoch 0ss)

train ‘accuracies.append(epoch:accuracy)

# Validation
model.eval®)

running_Vval, loss;.val _correct, val=total="0.0, 0, 0

with torch.no_grad():
for inputs, labels in val_loader:
inputs, labels = inputs.to(device), labels.to(device)
outputs = model(inputs)
val_loss = criterion(outputs, labels)
running_val loss += val_loss.item()

_, val_predicted = torch.max(outputs.data, 1)



val_total += labels.size(0)

val_correct += (val_predicted == labels).sum().item()

val_epoch_loss = running val loss / len(val loader)
val_epoch accuracy = 100 * val correct / val_total
val_losses.append(val epoch loss)

val_accuracies.append(val-epoch_accuracy)

print(fEpoch-[{epoch+1}/{num epochs}], '
fTrain-toss: {epoch loss:Af}, Train-AcCuracy:
{epoch_accuracy:.4f}%,; -
fVal Loss: {val-epoch loss:.af}, Val Accuracy:

{val epoch accuracy:.4{}%))

if early; stopping(val .epoch loss, modeb):

break

print("Training completed!”)

model.eval()
test, pathe=
r'C:\Users\DELL\Desktop\Projectd] 1\test\chair\.INEXALBUM® chairrr 241013 60.jpg'

class_names+= ['Chair, 'Door’, 'Lift,.'Stair',Fable']

image = Image.open(test_path)

image = transform_val_test(image).unsqueeze(0).to(device)

with torch.no_grad():
outputs = model(image)

probabilities = torch.nn.functional.softmax(outputs[0], dim=0)
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predicted class = torch.argmax(probabilities).item()
predicted score = probabilities[predicted class].item()
print(f'Predicted class: {class_names[predicted class]} with confidence:

{predicted_score * 100:.8f}%")

img = Image.open(test path)

plt.imshow(img)

plt.title(f'Predicted: {class names[predicted ‘class]} ({predicted score *
100:.4f1%)")

plt.axis('off")

plt.show()

# ResNet18

import torch

importitorch:nn as nn

import torch.optim as-optim

from-torchvision import datasets, transforms, models
import os

import matplotlib.pyplot as plt

import seabornsas sns

from sklearn.metrics import confusion matrix;\elassification report

data_transforms =+
'train”; transforms.Compose([
transforms.Resize((244, 244)),
transforms.RandomHorizontalFlip(),
transforms.RandomRotation(10),
transforms.RandomResizedCrop(224, scale=(0.8, 1.0)),
transforms.Colorlitter(brightness=0.2, contrast=0.2, saturation=0.2,
hue=0.1),

transforms.ToTensor(),



transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])
D,
'val': transforms.Compose([
transforms.Resize((224, 224)),
transforms.ToTensor(),
transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])
D,
}
data” dir = 'D:/test resnetl8/dataset’
image_datasets-= {x;/datasets.IrageFolder(os.path.join(data_dir, x),
data_transforms(x]) for x-in-['train’y ‘val'l}
dataloaders = {x: torch utils.data:Datal oader(image_datasets[x],

batch size=32,shuffle=True, numy workers=4) forxiin {train’<valT}

# ResNet-18model
medel = models.resnetl8(pretrained=True)
numzfeatures = modelfcin features
modelfc = an.Sequential(
nn.Flatten(),
An.Linear(num features, 512),
nn.Rel U0,
nn:Drepoutp=0.5),
nn.Linear(512,°128),
nn.ReL V),
nn.Linear(128, 6)

# Freeze all layers except the final classification layer
for name, param in model.named_parameters():
if "fc" in name: # Unfreeze the final classification layer

param.requires_grad = True

84
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else:

param.requires_grad = False

criterion = nn.CrossEntropyLoss()

optimizer = optim.SGD(model.parameters(), lr=0.01, momentum=0.9)

ccccc

L

A'A'A
'AA'N

T XXX
o (2 CREGLRN

if phase == 'train":
model.train()
else:

model.eval()

running_loss = 0.0
running_corrects = 0
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all_labels =[]

for inputs, labels in dataloaders[phase]:
inputs = inputs.to(device)

labels = labels.to(device)

optimizer.zero_grad()

with torch.set-erad enabled(phase == 'train’):

prec
- )
&w (L labe
Wse

epoch_acc = running_corrects.double() / dataset_sizes[phase]

if phase == 'train":
train_losses.append(epoch_loss)
train_accs.append(epoch _acc.item())
else:
val_losses.append(epoch loss)

val_accs.append(epoch_acc.item())
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if epoch_loss < best val_loss:
best val loss = epoch_loss
patience counter = 0

else:

patience_counter += 1

# Plotting train loss and val loss
plt.figure(figsize=(12, 5))
plt.subplot(1, 2, 1)

plt.plot(range(len(train_losses)), train_losses, label="Train Loss')
plt.plot(range(len(val losses)), val losses, label='Val Loss')
plt.title("Train and Validation Loss')

plt.xlabel('Epochs’)
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plt.ylim(0, max(max(train_losses), max(val_losses)) + 0.1)

plt.legend()

# Train and Validation Accuracy Plot
plt.subplot(l, 2, 2)
plt.plot(range(len(train_accs)), train_accs, label="Train Accuracy’)

plt.plot(range(len(va s)), val_a label="Val Accuracy')

Plotting Cont

plt.show()

# Save the model

torch.save(model.state_dict(), 'project_model.pth’)
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# CNN
test data path = r'C:\Users\DELL\Desktop\Projectd4T1\test'

model =
CNN_FourConvLayers(dropout rate=0.2311959186265376).to(device)
model.load state dict(torch.load('model four weight.pth’))

model.eval()

# nashdasn A UYRnAdeU
test transform-=,transforms.Compose(l
transforms:-Resize((224, 224)), v# TUARAWALLAAR DINS
transforms.FoTensor(),
transforms.Normalize(mean=[0:485, 0.456, 0.406], std=[0.229, 0.224,
0.225]) # Normalize
)

# Wianamacou

test dataset = datasetsiimageFolder(root=test data path,
transform=teést,_transform)

test_loader'=-Dataloader(test.dataset, batch size=32, shdffle=False)

class_names test = test.dataset.classes

# Uszuiiunaluga
all labels =[]

all_preds =[]

with torch.no_grad():
for inputs, labels in test loader:
inputs, labels = inputs.to(device), labels.to(device)
outputs = model(inputs)

_, preds = torch.max(outputs, 1)
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all_labels.extend(labels.cpu().numpy()
all_preds.extend(preds.cpu().numpy())

#Classification Report
print("Accuracy of the model on the test set:")
print(classification report(all labels, all_preds,
target names=class_names_test))
accuracy.="np:mean(np.array(all_preds)'== np.array(all_labels)) * 100

print(f@verall Accuracy: {accuracy:2f1%")

# Confusion-Matrix

cm = confusion matrix@@ll" labels;.all_preds)

plufigurelfigsize=(8,6))

sns.heatmaplcm, annot=True, fmt='d', cmap="Blues’,
xticklabels=class_ names; test, yticklabels=class 'names, test)

plt.title(‘Confusion Matrix’)

plt.xlabel(Predicted)

plt.ylabel(True)

plt.showt)

# ResNet18
def evaluate modelimodel, test loader, device):
model.eval()
all_preds =[]
all_labels =[]
with torch.no_grad():
for images, labels in test_loader:
images, labels = images.to(device), labels.to(device)
outputs = model(images)
_, preds = torch.max(outputs, 1)

all_preds.extend(preds.cpu().numpy()
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all_labels.extend(labels.cpu().numpy())

# Classification report
class_names = test dataset.classes
report = classification_report(all_labels, all_preds,

target_names=class_names)
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nn.ReLU(),
nn.Dropout(p=0.5),
nn.Linear(512, 128),
nn.ReLU(),
nn.Linear(128, 6)
)
state_dict = torch.load('project_ model.pth’)

- model.load_state_dict(state_dict)
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device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

model.to(device)

test_transforms = transforms.Compose([

transforms.Resize((224, 224)),

transforms.ToTenso
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import torch

import torch.nn as nn

from torchvision import models, transforms
import cv2

import numpy as np

from PIL import Image

nn.Linear(num_features, ,
nn.ReLU(),

nn.Dropout(p=0.5),
nn.Linear(512, 128),

nn.ReLU(),

nn.Linear(128, len(class_names)),

)
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# Load the pre-trained model's state_dict
model.load state dict(torch.load("project model.pth’,

map_location=torch.device("cpu"))

# Move model to the appropriate device (CPU or GPU)
device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu”)
model = model.to(device)

model.eval()

# Define image-transformations for preprocessing
data_transforms = transforms.Compose(
[
transforms.Resize((224, 224)),
transforms.ToTensor(),

transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225]),

# dmageprocessing functions
defadjustbrightness(image, factor):
hsv="av2.cvtColor(image, cv2. COLOR _BGR2HSV)
h,'s, Va= cv2splitthsy)
v = cv2.multiptyly,. factor)
v = np.clip(v, 0, 255).astype(hsv.dtype)
hsv = cv2.merge([h, s, v])

return cv2.cvtColor(hsv, cv2.COLOR_HSV2BGR)

def sharpen_image(image):
kernel = np.array(([0, -1, 0, [-1, 5, -1], [0, -1, OI])

return cv2filter2D(image, -1, kernel)
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# Initialize the webcam

cap = cv2.VideoCapture(0)

if not cap.isOpened():

print("Error: Could.not-open-webcam.")

frame = adjust_brightness(frame, 1.5)

# Sharpen the image

frame = sharpen_image(frame)

# Convert image to PIL format for transformation
pil_image = Image.fromarray(cv2.cvtColor(frame, cv2.COLOR_BGR2RGB))

Py 4 input_tensor = data_transforms(pil gmage).unsque;ge{O).tﬂg)(device), y y
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start = time.time()
# Run the image through the model
with torch.no_grad():

outputs = model(input_tensor)

end = time.time
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stop = time.time
ult = stop - start
distance = ((ult * 343) / 2)
#time.sleep(0.5)

# Display the predicted class and confidence on the frame if
confidence > 0.8

if confidence.item() > 0.8:

%4
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text = " #TTS
d - nn
cv2.putText(

frame,

f'Predicted: {predicted class}",
(10, 30),
cv2.FONT_HER

item():.2f},

os.system(fespeak "{text}" -v en)

print(f'Speaking {text}")

# Display the resulting frame

cv2.imshow("Webcam Object Classification”, frame)

# Break the loop with 'q'
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break

# Release the capture and close windows

cap.release()

cv2.destroyAllWindows()
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