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Abstract

Abstract

Traffic accidents are among the leading causes of fatalities worldwide,
posing a significant threat to human life on a global scale. As vehicle density
continues to rise and traffic systems grow increasingly complex, the risk of
such accidents has escalated significantly. As a result, it has become es-
sential to find effective solutions to reduce the risk of accidents. One of the
most important solutions is the development of advanced and intelligent sys—

tems to accurately recognize and interact with traffic signs.

Recent studies have demonstrated the significant role of artificial intelli—
gence technologies, particularly machine learning and deep learning, in en-
hancing various fields, with a notable impact on traffic safety. This is
achieved through the development of systems based on these technologies
to recognize and interact with traffic signs, thereby significantly enhancing

road safety.

To this end, this study aims to develop a traffic sign recognition system
based on a deep learning model, Convolutional Neural Networks (CNNs).
The model was trained and evaluated using a large dataset of traffic sign
images. The results demonstrated that the proposed model outperformed

traditional machine learning methods.

Keywords: Traffic signs, image processing, deep learning, artificial neural

networks, machine learning, artificial intelligence, traffic sign recognition.



Résumé

Résumeé

Les accidents de la route figurent parmi les principales causes de mortalité
dans le monde, représentant une menace importante pour la vie humaine a
I’échelle mondiale. Avec I’augmentation continue de la densité des véhicules et la
complexité croissante des systémes de circulation, le risque d’accidents s’est
considérablement accru. Par conséquent, il est devenu essentiel de trouver des
solutions efficaces pour réduire ce risque. L’une des solutions les plus impor-
tantes consiste a développer des systemes intelligents et avancés capables de
reconnaitre et d’interpréter avec précision les panneaux de signalisation routiére

avec une grande précision.

Des études récentes ont démontré le role des technologies d'intelligence artifi—
cielle (IA), notamment I'apprentissage automatique et I'apprentissage profond,
dans divers domaines, notamment la sécurité routiere, en développant des sys-—
temes s'appuyant sur ces technologies pour reconnaitre et interagir avec les pan-
neaux de signalisation, contribuant ainsi a améliorer de maniére significative la

sécurité sur les routes.

A cette fin, la présente étude vise & développer un systéme de reconnaissance
des panneaux de signalisation basé sur un modéle d’apprentissage profond, les
réseaux de neurones convolutifs (Convolutional Neural Networks — CNN). Le mo-
dele a été entrainé et évalué a I’aided'un vaste ensemble de données contenant
des images de différents panneaux routiers. Les résultats ont démontré la supé-
riorité du modele proposé par rapport aux méthodes d'apprentissage automatique
traditionnelles.

Mots—clés : panneaux de signalisation, traitement d'images, apprentissage pro—
fond, réseaux de neurones artificiels, apprentissage automatique, intelligence arti—

ficielle, reconnaissance des panneaux de signalisation.
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Al: Artificial Intelligence.

ML.: Machine Learning.

SL.: Supervised Learning.

DT: Decision Tree.

RF: Random Forest.

SVM: Support Vector Machine.
ANN: Artificial Neural Network.
USL.: Unsupervised Learning.
RL.: Reinforcement Learning.
SSL.: Semi-Supervised Learning.
DL.: Deep Learning.

CNN: Convolutional Neural Network.
DNN: Deep Neural Network.

RNN: Recurrent Neural Network.

GAN: Generative Adversarial Network.
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Nethravathi et al.2022 [13]. SVM Loy el iy sac s 98.33
HOG + SVM 79.05
Sugiharto et al. 2022 [9]. | HOG + Random | GTSDB (German 79.64
Forest Traffic Sign Detection
HOG + KNN Benchmarks) 81.65

Geand) aleilly ) g5al) LA o il B Ablud) clulal 2.5

] alellls g pall L) o cipndl 5 dobedd] Slagfal] : 3.2 05

dyall gal3a Gkl byl sas18 dad
Y043l
Nethravathi et al.2022 [13]. CNN gy cidal iy sac s 96.40
' iall 28
Ghouse et al. 2025. [16]. VGG19 GTSRB 99.64
EfficientNetB7 99
ASNet 99.72
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(Gand) alzillg Q,JY\ alzil) :e,.'\li'd\ Jadd)

llyass et al. 2025. [15]. CNN TT100K+Augmentation 99.06
TT100K 99.62

GTSRB 98.90

Song et al. 2025. [14]. E-MobileViT GTSRB 99.61
BTSD 99.26

TSDR 97.34

Y el Glaylea o (3.2 Jsaalls 2.2 Jsaall) dnlidl Ciluhall Gans ekl
Basy Ay sliialy ¢ € IS Ylad (K ol Lgaany o)) Can dgliie il culae] (gl
O e A8y ciluhl) el a3 ¢ Gaend) abeill Jlae 3 Ll Lo 283 dawd i
558 at)y .E-MobileViT 3 VGG19 (s lasue dijreg Biala zilai o ciadicl ledel
AL lelaay Lo cclial) 555 Ll uad Wiy (e cage 5o Lgd O V) oz alaill o3
L 6 38 Ane bbbt Con Lghiaad o S LBaganall a)gadl il 53gaY) e

Ly aig cdas (CNN) dlal) dac A0 ol o Wa)yy cadiel) «(Jilaal) <
Gis el alaill o ays 258 43 e gginn Sl GTSRB wilily sxcld JulS e
Bawy e Ly of V) gipla 23l Caeadial Al Glaball Gy 4lie J8 48
Alia) c)lgall Bagane Gl an aSill o 5aally ¢ Gadall Agguy dlaleal] lgia cciilgn
cJaxilly agall AL 3 gaill Ay () LS L lge sty Ladiiiuaal) L) e gan duadly clly )
ookl Apaeil) (mheSU Labie alany lea cBghady dohad alae diph A (Sag
Nebes dipph agh Cunay 38 Saiee et ) Salal) zilaill e e Lo ¢ Ll

—
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el 3 Jien A ol by ellaaY) oIS agghe Ledh (Joadl) 138 b
L) o clgale aaiay Al Gl calalye ¢ M) alaill Caupaty Wy« Gaaall alailly V)
4 daxiieall dpeanll ISl plgil el ) Upaly cadiyan el Cus ¢ aanll ol )
o S ae by elihal) U G 3D Ll WS alee AT madag ae
Uans Lidayind cduadll alia s . rand) alailly VI aledll Gn Lulul) @iy
aeilly V) Al @l aladialy ed) chla) e Gl Jea Al @l

 Gaanll

el e adiey 53 by alald) AUl My aseead ) e i) Jeadl)
LA;W@J\eM\wMB)&EW ”)A\wal&suﬂ\gw\
Ol ¢ V) aleill Al 3ylall ey dijaty asiice 23 "CNN" LAEN) duasll 4Sua)

ol zasadll Guy Lein G4
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-

dariall
Il Gleial sl Jadyes Hseal) dadledd daaleld) maliall Lo (oY) Joadll b
atly oellaa¥l o\SA Caupety Lidd clld amy . lgelsil aaly g pall cahlal Canpell Cuils
c S Jaadl) A Lagad Jradil) ma ¢ aand) alailly SV bl Al aslas
) e gana Chiasy astivey el allaill alall (Sl (et cJeadll 120 b
Oleal) pailad Gy b Aliadly dabasel Al deal) & Copie el day . Ladiiendl)
&) Ysay blall 2001 dallaad) e leds oz dsaill el 20 #pdine o5 pgdaill culgg
oan Shie e ladeal W e Al oylaill e agtine WS Lolodly #3saill )
(o Alghy aliadl iy Lindgas aa gl claline Al V) alaall Gl il lsal

Malicaa Al sl cilgals Gaapmin cpals . e pall cahlil e oyl

—
| —

31



Aydilly avacal AN Juail)

'Design’ asaail .1

-

AUl el ol Ly Uype 3 2l (e ppdiee cclld ) ABLaYL claliodaiud
"General Architecture of the Proposed System" ¢ jidall alaill alal) J<iet) 1.1

:Gaaad) abeills g pall Ll e oyl = gaal) Uil alall (Sugl) 1.3 JSEN ey

sl Skl Al dadiaall
Preprocessing of tralning
data

W

sl bl adg ¥l asdlacdl
Preprocessing of test
data

ey 2| Sl i
splitting of training data

= s
Test data

20% (il Cilile

80%% L.'.:J.'EJI a.:l'l.:lL_...?

Train data Validation data

Proposed CNN

—

W

Train valictati
s idation
¥ i T

E‘-:'-’"'I'JI Eacld
Baze model

Cal) ALl alel) St 1.3 JSi

[ 2]



Ly asenatl) LA i)

'Dataset Description" cUlul) 4c gasa Ciag 2.1

desana & (German Traffic Sign Recognition Benchmark) GTSRB
Gsind g .Beds Lhiiu) DataSet J) S e @Y Bl clgdde Laae) ) byl
deganag (TraningSet cuymll degese o dewie Byom 50000 o ST e
.TestingSet LuaYy!

dS d:m:\ cL\:\; ‘\ﬂM 43 d;\d ddiaa 3)geaa 39209 ‘_,’Jc t_\:DiJ\ Z\.GJA;.A QQJM
degana (giad Loy o(cen Al)) e pndad caia 1ia) Hgpall hLE) (e Baslg A3 alaa
By (pe (3l s lgie Caaglly cchiial (g0 ddlgde Byga 12630 Ao Lol
'Data Preprocessing and Splitting" <ULl auudiy dallas 3.1

Lgalatind Jal (e clapgaty calilud) digal 4y yally  AgY) Boladll s yall atle yiia
b bl asdy 23 Lead NUMPY Ciligias ) &3lsal) als Jisady ol 8 lgaseas
AL gl Sleall Jigat & Waag @ity s ) oyl @by bedd Lalls
K e Cua &la 43 e gia0 (Binary Vectors) 4als cilgaia ) 458 43 e
daddical) die llal) davanl) 4S50 4.1

LAY duaal) AKAN Z3sad Leddia) Gum callail) ol 8 dlaje ol & sdag

DAY Ak hadly iie clids als degiia (Jaa] dida (e g iRal z3sail (s
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Relu Luasn dlag ¢ pld 32 e g5ia3 CoONV2D" dada a9 1Y) Ak v/
ccalgally (JISEY) e (AdgY) chuall zhasnY (Gl ddee Guls S s
oy Ll WSS LS @ik a)l e 0S5 1y sAuddal) ciliadal) v/
Lpan dllyy ¢ il 32 e (giias 'Conv2D' dida a5 i AgY) dRdall >
cAagall el Zhanl 8 (3axd Cus .Relu
Lodn dllyg ¢ plé 64 e ggian "Conv2D" Ak ay 14l Akl >
chlay) e S Jealis L) Sy cus WRelu
Lods dlyg ¢ plk 64 o ggian "Conv2D' dada g :AAY ddkl) >
L hlaY) seal z3saill agh (e 25 Gus Relu
Lain dllay aie 256 Ao gsias ¢ Dense " dida ay dall) dikl) >
Lokl Dhall AaaY lgday) dajaicaall ciliuall paead S Cus WRelu
il axe Jia o3 s3ie 43 o (goian " Dense " Ak 4y ig)AY) Ak v
Ll ally aladiuls ol GBA Sasly cchiaill Adee guki L alg

-

.Softmax

pe bl aas il s Al (MaxPooling e Lead z3saill (gsiny v/
Ljlse A args Al (BatchNormalization 5 cdagall Glagleddl e Llesll
.overfittingJ) (saliil aaa Sl Dropout Lad .clihall (e dalill 4l
Gl sl adany padly a6 Al «GlobalAveragePooling 1yals
5] ARl 8 gialles Jagedt] (8)50al
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"Training and Learning" alxilly cuyxit) 5.1

A Al callall ahadinl Figadll w2 e llhial) Ll AKAD el e
¢z dgail £l anty A (Categorical_Crossentropy) sleall alls asdisin .l yuaad
Cuaail (Adam) ol Gese deriain WS @l saxie Chiaill 8 55K a0d0an gl
Bledll Qg #3saill 3 oY)
"Testing and Evaluation” audilly jL3iY) 6.1

st 4illad (520 Adpeal plad) ag 58 Ayl bz 3sall Cayn ae
G S Jeadll 8 Al biae Usyd a3l ) zigalll sl "Accuracy’ d8al) ubia
- (26 dasal
"Implementation" L) .2

'Development Environment' Jaal) 430 1.2

Jgall aibad 1.1.2

Jlgat pailas 1.3 Jois

i gl Lualdl)
Intel(R) Core(TM) i3-6100U CPU @ 2.30GHz CPU gl
Cublae 8.00 RAM 4dall 5504
Lenovo daiaal) 4,
X643t gllaas s 64 laals s ol Sl U g5
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ijhﬂ\ dei 2.1.2

O BalELY) ardiedll it i) ye dulae Aoy 4w g "Colab” NS o
g 35Sl Mg LUK adadid (Kar Gus e o Gl ) dslsd)

@l liadl) gl & (Python) gsul 4l cayels 'Python' ¢ gily dad <
lelan o3 Y clgalad Aggang Lgilalan jaalh b . (g5iusal) dille Ayl il
SN ccbildl Jalan gyl choaie clVlae 4 Lladaa) @bl i<T o
ot L ALalSially salal) laCall (e € dae dgag o LS LA alatg ¢ e lilaia)
ely Jgud ol (e 0jisn Ll blas ¢ yshaally oufinldl o aaly S8 Wl b
J11] de ps 8ol Aol = Sladl

'Main libraries used" daxiiuall ciliSall aaf <

b i) dagite dailaall L) aal (e A5Kd) wila i 'NUumpy” e v/
Jaatig Ldadll Gilallaally dnluadl Glileall eha) (& o) dS& aadta (G5l
J11] sl soaxie il giaall lgacs (it Apaaedl UL dalles L3 Lgic yon

Beld DA e oS Cus cclilad) Jilaty Aals 45€a . :'Pandas’ duiga v
7] (CSV) Ll wild clalal)

Lnanl) Gl ely 8 a0dnud ¢ ladl dagide d3Se ag'Keras' 4 v
g Jao Ll (368 sgiall Dille daay AgalsS Jond cdals dipyla Lieliba)
J1T] el alaill = 3lai joghat 3 ausly JS50 padiisy (TensorFlow i
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PRV R P DA R ERY r“"j (e dadl dagiie 43S a9 :"Scikit Learn' 4, v
7] Z 35l 28y laens JLisls canp Slesane ) Sl

bl ageyll eliy gl & Matplotlib 4% ~aasus "Matplotlib” aiss v
Lnaydl zolal)l iln el dagall Qi) (e a3y cApsacagil) cillaball
agh Jages) Latiglly Apalall il 3 55 a2did Lo LS L culiball s
L1111 by el PA (g il

"Implementation Steps" Ll cijghid 2.2

'Importing the Required Libraries" 44341 cili€all clo si) <

A WSz saill el 8 lgahadin da DU LSl lesialy dlaye JolS Wy v/

P ERPS FIS TS

tensorflow. keras.models

from tensorflow.keras.layers import Conv2D, MaxPool2D, Drapout, Dense, BatchNormalization, GlobalAveragePooling2D
import matplotlib.pyplot as plt

from sklearn.metrics import accuracy score

LSl pledic :2.3 JSA)

'Loading the Dataset’ cllull ds gana Jiaal ¢
b BS Clily aeld jds (s)ll cKaggle adse (e SULl degane Jreaty Liad v
:Kaggle (o lhwead 44 xiag L*,,Jt:d\ RPN I | PO | IR «F O
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import kagglehub

path = kagglehub.dataset download('meowmeown

print('Data source import complete.')
print('Path is:',path)

Data source import complete.
Path is: /kaggle/input/gtsrb-german-traffic-sign

Ll de gana Juani : 3.3 JSilf

'Data Preprocessing and Splitting" <Uilul) aswdiy dallas

‘Al \.@J:\j;:\j cM\ s Aagig  juady ej& ala bL:ui cz\h).d\ 58 ‘_g v

-~

labels y data ilE & clwewdlly UL pas o ) 2an L dad ) Cildghas
PG 2SI 8 miage 9o LS il e

load images_from directory(path, image_ size=(38, 38))
images = os.listdir(path)

data = []

labels = []

class_id = int(path.split('/"

for image filename in images:
image = Image.open(os.path.join(path, image filename))
image = image.resize((image size))
image = np.array(image)
data.append(image)
labels.append(class_id)

print(f"Error loading image: {os.path.join(path, image filename)}")

-n data, labels

Clilall Ldo¥) datlaall UNa : 4.3 JSEN
b ase s WS eyl iy e (4.3 J<all) adg¥) dalled) dlls ks v/
: Sl sl

38

—
| —



Aydilly avacal AN Juail)

data = []

labels = []

num_classes = 43
current_path = os.getowd()

for class id in range(num_classes):
path = os.path.join(current path, » str(class_id))
class_data, class_labels = load_imag
data.extend(class_data)
labels.extend(class_labels)

i) ciliby Ao 4udgY) dadlea) gubsi :5.3 JSil
) Leglisaty agiie cabels 4clE & wlidlly data 4l & bl ey 20 v/
PGl 2SI 8 age 9o LS (NUMpPY ildseias
data = np.array(data)
labels = np.array(labels)
print({data.shape, labels.shape)

(39209, 38, 38, 3) (39209,)

Cldgbuas ) allodl Jugai 6.3 JSLI
Traning Set &_1:1).533\ z\.cw LAAJ ¢ e gana él &_1:1)335\ 2\.(:‘943..4 (»;9“»53.' Lad v
A6 Wea 25 .20% 4. Validation Set (saadll deganas «80% oy

381l & mase 9o LS <One_Hot Encoding i ) 'labels” bl

X_train, X test, y train, y test = train test split(data, labels, test size=8.2,| random state=42)
print(X_train.shape, X test.shape, y train.shape, y test.shape)

y_train _one_hot = to_categorical(y train, num_classes)

y_test one_hot = to categorical(y test, num_classes)

(31367, 3@, 38, 3) (7342, 3@, 30, 3) (31367,) (7342,)

One_Hot Encoding iy A <lawdl] Jigady cwpitll) Slily asdi : 7.3 JSlf
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"Model Building" z 3gail) ¢liy ¢

5 i) ALY A lilaal) dueanll ASAD zisar slin L cdlayal ol &V

-~

model = Sequential()

model.add(Conv2D(filters=32, kernel size=(5, 5

model.add(Conv2D(filters=32, kernel size=(5,
model. add (MaxPool2D(pool size=(2, 2)))

model . add(BatchNormalization())
model . add(Dropout (rate=0.25))

model.add(Conv2D(filters=64, kernel size=(3,
model. add(Conv2D(filters=64, kernel size=(3,
model . add(MaxPool2D(pool size=(2, 2)))

model . add(BatchNormalization())

model . add(Dropout (rate=0.25))

model . add(GlobalAveragePooling2D( ) )
model.add(Dense(256, activation='relu'))
model . add(BatchNormalization())

model . add(Dropout (rate=0.5))
model.add(Dense(num_classes, activation

3), activation="relu’))

activation="re

CNN gisai el :8.3 Jeidf

"Model Compilation” z3gaill gsaas <

b Y dascas st (U "AdAM” e Lo oz 3gaill Cpeant Jal (e v/

IS Jalay Al " Categorical_Crossentropy” s)luall dadag as ¢z 3galll

odel . conpile( loss="ca

bl daate Capiatl) e a

/', optinizers'adan’, metrics<] ‘acc

éznéJ;auUV‘E,L44LJ :9.3 i
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Aydiilly aanal) G S

'"Model Training' z igaill Guai %
@bl Jas) ae 'epochs” dala 15 )<l Glils sae Lads z dgail) cupnil v/

t AUl A8l 8 miase ga LS (batch_size" 4280 32 e

epochs = 15
history = model.fit(X _train, y train one hot, batch size=32, epochs=epochs, validation data=(X test, y test one hat))

Epoch 18/15
981/981 = 1795 131ms/step -
Epoch 11/15
981/981 —————————————— 131s 133ms/step -
Epoch 12/15
981/981 ———————————————— 142s 133as/step -
Epoch 13/15
981/981 ——————————————— 1395 131ms/step -
Epoch 14/15
981/981 ————————————— 1395 128ms/step -

accuracy: : 8.8654 - val accuracy: - val_loss: @.8152

accuracy: : 8.8689 - val_accuracy: - val_loss: @.8218

accuracy: : 8.8429 - val accuracy: - val_loss: @.8265

accuracy: : 8.8421 - val_accuracy: - val_loss: @.888&6

accuracy: : 8.8412 - val _accuracy: - val_loss: @.8874

- ACCUracy: : 8.8583 - val _accuracy: - val_loss: @.81e5

Csaill cwti :10.3 Jsi

483 G Leiy 98.55% iy Cuyil) 38y das o)) (553 ¢10.3 JSal DA e v
.99.67% caly sl

"Plotting graphs for accuracy s)l.Ally 48all ‘?_',l:a,d\ ppl) Laiag el aa v
:L:Jtd\ I uﬁ £ <and loss'

Accuracy

=

=

[=]
s

—— Training Loss
validation Loss

2
o
=

e

Accuracy
e o 2 o
o © ™ o
[r] o v S

o
b
o

2
=3
o

—— Training Accuracy
Validation Accuracy

o
o
o

T T T T T T v T T 1 T 1 t y t
[i] 2 4 [} B8 10 12 14 0 2 4 6 8 10 12 14
Epochs Epochs

Slealy Al o ilsl] pvusd] 11.3 JSiI
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"Model Testing and Evaluation” g 3saill andiy jLis) o

degana (e Test.osv Al Cile Jueady Lad Cus cdlaye AT & sdag v/
sda e liadgal Uyid) laam (3oladlS 30gY) dallaall adde Uada o5 ccalilyl
P A 2SI age s LS bl
y_test = pd.read csv('/
labels = y test["ClassId"].values

imgs = y test["Path"].values
data=[]

for img in imgs:
image = Image e/input/gts an-traffic-sign/"+img)

image = image.re

X_test=np.array(data)

pred probs = model.predict(X test)
pred = np.argmax(pred_probs, axis=1)

Zoisalll audiy JLis) :12.3 JSi
il Ally JAccuracy' 4y A delbay Lad rdgaill  ladl s v/

t ) AN d miage g8 LS 96.34% Jlgs

print|{laccuracy score(labels, pﬂed;ﬂ

395/395 —————————————— 15s 38ms/step
WARNING:abs1l:You are saving your model as an HDF5
©.9634996041171813

dal) de L :13.3 Jsi
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"Experiments and Results Discussion" ziliil) 4d3liag cuylail) 3.2

) dsadl] ki Snfsa :2.3 5>

"Experiments" «laill 1.3.2

Hlgadl S cylatll (e aaally 2 3gall) 138 gk g

Gl  gadll clilal) Bacld A ookl aae Jauil) Jlga dad
Yo lilul) Adal)g %o ddall
Z dgaill GTSRB | &340 |  32-64- LeakyRelLU, | 92.27
¢ _ SELU, RelLU,
1 JgY) 5 60 128-128
43 Softmax
zisall | GTSRB | 3iai20 | 32-64- | LeakyRelU, | 93.12
s _ SELU, RelLU,
43 Softmax
Z dgaill GTSRB | G325 | 32-64- LeakyRelLU, | 95.02
R _ SELU, ReLU,
3 il 5 75 128-128
43 Softmax
z 3l GTSRB | 5330 | 32-64- | LeakyRelU, | 95.86
SELU, RelLU,
4 @\)S\ a5 70 128-128
43 Softmax
Gh ) g GTSRB @n 20 | 32 32 64 RelLU, 04.4?2
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Audiilly asanall ) Jaaad

5 owlall | bl Jales+ | oy 80 | 64_256_43 | Softmax

gisall | GTSRB | 3320 | 32.32.64_| RelU, | 96.34
Sl 580 | 04.256_43 | Softmax
[17]

'Results Discussion" gliill 458l 2.3.2
'Discussion of Deep Learning Results" (gl alaill gilii 4230 ¢
o e cadiel 4 ) 1 ge zdlal) of Badi eeded 2.3 Jpaall DA
Slel bl zasail) el sy Lyl lly sl dus 8 GO e oz dgaill
Lasgs 'GitHUD" e Gandly Liad cclld aay A&l 2 3laill dudyy 45)\6a 28y dous
Ol aes o 483 daw el Bhad 435a5 235 Al Cus e dumdl lndgas
OSly bl aas Qs Gyha e zisall o ey L LS Llalpal Al
cduael) 138 gadn e JA1 A8a)) daws cal€ G
'Discussion of Machine Learning Results" ¥ alail) zuilis 4ddlia <
Gaanl) alail) aladinly adde Ladie) (oA & dgaill meilis 45 jleas Liad cdls jal) 038 4
%20 5 3l %80 Aty lilul) aveadt Ladie) Cua .RandomForest +HOG
. -t .-!S

44

—
| —



Audiilly asanall ) Jaaad

Al laedylsn Gaki S e Auball o2 & Lhdan 5 ) A8 el

Aaiul lgle llas Ally %93.79 a8y ol cul€ G AdlS e )

Capaill dnth i) 8101S Gaeal) alaill 7 3ga3 plasia) Lliad ¢ Jully .SVM+ HOG
iz 9a US) Lgle emniall 381 gy ) Jpaally « gyl clls) e

and) alelly NY) adel) il dijlla :3.3 Jois

z dsall %8l dsess
SVM + HOG 93.79
Random Forest + HOG 92.60
Proposed CNN 06.34

'System Interfaces" aliill cilgaly .3

radll dngise 33 2y (Gradio alaaial i) &5 sl cilgals oY) adkie
il KA i) Aapusg Alnsees Cilgaly i ardis
poh bl Al clgalsl) Jiaw

ol oyl dgaly v/

ol s e Capell dgaly v
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Easdall Ciuaill dgaly :14.3 Jsil
DauAl @hld) e capill dgaly 2.3
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BEY) anl o Cipell ClS l Angal) il Jlie ek 5 ¢ I JSEN 3 Y

gapitall ctnymill Ol ple ol gpall Shlaf Juls

B mgellE)lalssn e

il

! 4 a5y aisll:
4- ol aS 70 e pull Bl sl

* Byl ale iy

CYLEY) Ao il dgaly pliiic) 4udss :16.3 JSL
saxal) cla) dals dgaly 2.3
L:_*d\ GUlll degana (e (@Lil) Bd S cloglen Ao gaiad dgals g‘;}/
Caleadn)

Egitally vy yoill Oblayl e Bysill

0- gu/aS 20 dc pull (nas Yl 2zl 1- yu/pS 30 dcpull s ¥zl 2- yu/pS 50 dgpull (nas il 2zl 3- yu/pS 60 g pull ras il axll
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