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Deep Convolutional Neural Network for Speed Limit Sign Classification

Tawanhatai Jantaragate', Werayuth Charoenruengkit®

Abstract

The objective of this research to study the structure of the model and compare the parameters that
affect the classification of speed limit signs. with convolutional neural network (CNN) techniques Using LeNet-5
and AlexNet models, trained on traffic sign images dataset obtained from Kaggle named GTSRB - German Traffic
Sign Recognition Benchmark, selecting images only for traffic signs that are speed limit signs. The total number
of images is 12,780. The study seeks to compare model performance across groups of images with varying sizes
or resolutions, that is divided into 3 groups: low resolution images, high resolution images, and mixed resolution
images which are grouped according to the average resolution of the image Using KNIME Platform. Experimental
results indicate that the group of large-sized images yields the highest performance for the LeNet-5 model, both

in terms of accuracy and time efficiency.
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Shawkh Ibne Rashid wazaay 2019 [8] lenaueunainuidedes Traffic Sign Recognition by Integrating
Convolutional Neural Network and Support Vector Machine Fadunisuaninadnsves luwnafisaufuseniig
Convolutional Neural Network (CNN) wae Support Vector Machine (SVM) iisldlunissuunthessas nefiansan
CNN ¥iaia 3 Wuus1aed Ao LeNet, AlexNet, Wag ResNet-50 nadwguainsnnass wuin lumaisiundiiseavsnm
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Li, W., Li, X., Qin, Y., Song, W., W&z Cui, W. (2020) [9] Iéinaueunaiuidoides Application of Improved
LeNet-5 Network in Traffic Sign Recognition Lun1stiausnisiuieuifisunisuuussuuudiass Lenet-5 iitoldlu
NUIUNU89519S Imam%ﬁmﬁmu Convolution Kemeriu%u C1, C2 way C3 ﬁmilﬂm Rectified Linear Unit
(ReLU) function #ifluszansamania 14 max pooling unun1sld mean pooling uonanil u output 14 Support
Vector Machine (SVM) iftoaniannisviinu wadndvesnuidouandliiiiuii LeNet-5 fifinsuiuussuuudiansdidng

ANNIUENTUNNTIEYN 98.12% wazkianfild 0.154 Junil

Zaibi, Ladgham, wag Sakly, 2021 [10] L& riaueunai1u3deides A Lightweight Model for Traffic Sign

Classification Based on Enhanced LeNet-5 Network {unisiUSeuiiisuusgansanuuudiassninisusulsmnain

[

lasseUszamiiieusuuneuligdu 4l LeNet-5 ielilauuudiaedassielssamifisuuuupeuligiuiiidnuaey

Lightweight Model wagilgauladredmiuwaundinduilasa (embedded application) Inaifin1susuuse9in

Y o

wuudaes LeNet-5 dnsusuiddsumsilines 1w uiuilaweslutuneuligdu USuilsidunsedu dn1sifin dropout

wisliliuuudrasainns overfitting Wudu a1ntwimsissuiisunuudiansszning Classic LeNet-5 AULuUiIaes
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database wag Belgian Traffic Sign Data Set (BTSD) HaaWsv0IN15NAABY A 1UIUNIS1TResNanawyiniu 0.38 a1u
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R. M. Oza, A. Geisen waz T. Wang 2023 [11] éinaueunanisdeides Traffic Sien Detection and Recognition
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Jumauil 1 : nswseutdeyadmiun1side (Data Acquisition & Data Filtering)
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Tuanuideil :"3581 ”ﬂ;ﬂﬁuaga GTSRB - German Traffic Sign Recognition Benchmark [12] ﬁﬁ%auvaﬂﬂw
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Aa1E1NN31 40 Aana lagldAmdengunimaniztheasasdidnauiuiierinisided anduinisinssiuay
wUaenA A NAUENTRALAYE9A M (Dimensions Feature) Tagldlusunsa KNIME Analytics Platform d9nnd 2
Susumeniseuteyanmanyateya lagldlivua Image Reader annuuldlviug Image Properties itoidanaauadi

NRveInIW 1w AU (Width), Aue1 (Height), uazAd1u@n (Depth) nananilanaaudfifvesninud 14 Math
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ALadY

3. nquAINANasBuAnal (Mix Resolution) 1ungunimdniildangadeya Fududeyavengu
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i High Resolution
ReadImage select dimensions feature splitthe collection X*Y Average Resolution Node 88
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AW 2 uans Workflow 91nusunsu KNIME Analytics Platform flddnnguauainimanuaiuaziden

Feagldganmillilunismanosiomn 3 ga Ao nquamiifiaruandengs ngunmiiiieuaBens uagngu
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A19199 1 dansduIunWlulAazUTEAN LENAUNALANALBYATDIN N

NQUAN NHUAWN NRUATNAY
Class Usznnieasas . L. -
AUASIDEAEY  ANAZLEEAAN  azldEANEN
0 'Speed limit (20km/h)', 92 118 210
1 'Speed limit (30km/h)', 970 1,250 2,220
2 'Speed limit (50km/h), 640 1,610 2,250
3 'Speed limit (60km/h)’, 364 1,046 1,410
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157199 2 (5id)

NqUAN NHUAN NHUATNANY
Class Usznnteasas . . . .
ANUALIDYAZY  AUATIDYAAN  AZLDEANEN
4 'Speed limit (70km/h)', 551 1,429 1,980
5 'Speed limit (80km/h)', 385 1,475 1,860
6 'Speed limit (100km/h), 348 1,092 1,440
7 'Speed limit (120km/h), 327 1,083 1,410
sauviedu 3677 9103 12780

5 ) kd
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> |
<1
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01 09 05 D
00001_00065_000 00001_00000_.000 00001_00000_000 00001_00001_000
28 29 00
%I ! %L = ] o B
LAk B g & 3y, 3U, 4
. = = 0001_00024_000 00001_00024_000 00001_00021_000 ‘&"-r &’m %’-&
00001_00029_000 00001_00032_000 00001_00030_000 21 01 01 00001_00001_000 00001_00001_000 00001_00001_000
28 28 29 09 10 11
' a | a ° ' a
(a) NGUAINAIUALLBUAZA (b) NAUAIMNAIUALLOEARA (O NAUAINANUALLOEANEL

P o | o o s & =
AN 1 LLaWQW'JE]HqﬂgﬂﬂqwsﬂaﬂﬂqwﬁﬂqHﬁliqﬁ]if\nﬂmﬂquLTJVN 3 ﬁ@mIﬁUﬂqiwma@ﬂ

iy wlsgadeyawsaznguiluyadeyatin (training set) yadayanisnsradeu (validation set) wazyadoya
nAEoU (test set) 1Uu 80:10:10 famn51991 2 Ferimium random_state = 42 wimvhlinisvaassdinnueinauslunisuis

Uaya

A135197 3 uansdwunmyadeyarn (training set) YAUeYANITNIINEBU (validation set) uavyndeyanaaou

(test set) TWUNMUNFUAINUALAUAAH

NFUNNANNALLDEAEA nguAWANAZIBEAA NEUNNANUALLDYANEY
Training Validation Testing  Training  Validation Testing Training Validation Testing
Class set set Set set set Set set set Set
80% 10% 10% 80% 10% 10% 80% 10% 10%
0 69 14 9 83 16 19 163 19 28
1 760 98 112 1005 138 107 1770 232 218
2 517 66 57 1291 153 166 1783 235 232
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157199 2 (D)

NEUAMNANNALLDYAFS

NFUNNANALLDEAAT

NEUNTNANUALLDYANEY

Training Validation Testing  Training Validation Testing Training Validation Testing

Class set set Set set set Set set set Set
80% 10% 10% 80% 10% 10% 80% 10% 10%

3 295 34 35 834 102 110 1121 151 138

4 450 50 51 1130 159 140 1594 182 204

5 312 32 41 1184 134 157 1511 171 178

6 279 39 30 895 95 102 1152 144 144

7 259 35 33 860 113 110 1130 144 136

Yunaun 2 : m'il,m‘%ﬂwﬁ'a;ﬂa (Data Preprocessing)

v
[

JunounswssudayaInyadeyaiils Ingldlusunsulumeu laus1s TensorFlow Liteluantayaninanty

wosuvsyndayald lae Lenet-5 § input shape = 32, 32, 3 Fdluildusugunmlidunmuadmuiuuiasaiy uag

AlexNet 31 input shape = 224, 224, 3 31ntuUTuAfinigaliogluyie 0-1 w3e -1 A 1 lagldnsmsAvesiiniane

255 sown vimsuUasdeyailuguuvuiiviunzay Fdluduneuiazriniseageudszdns amiudeyanin 2 diu fe

Joyagunmdilifinisdauuas (Without Data Augmentation) uagdayazun niiiinisaauuas (With Data Augmentation)

Ingimualvdinisaaudasgunin tieiiudeyalviyerndudn 20% lngld ImageDataGenerator lu TensorFlow/Keras

\easdeyaninangfauUadsing 9 fannsei 3

A19197 4 uanadIsmsimuuaiveitnsanLUasgunIn (Data Augmentation)

/g ﬁ'lﬁ"e“lu ImageDataGenerator
nsvunmuugslumiieesm rotation_range=20
Msipdoufiuuiue width_shift range=0.1
MsARouTILLIRS height_shift range=0.1
N19L889 shear_range=0.2
mﬁsgummmmuzj:u zoom_range=0.2
ATNANNINKUIUDU horizontal flip=False
MTNANANULIRS vertical flip=False
nMsiufinwaiiastulml fill_mode="nearest'
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Jumaudl 3 : Nsas1LUUTIas (Modeling)

TurmAdeil Ihiauemsldinaialassmisdszamissuuuneulagiu (Convolutional Neural Network) dsld
wuUsaed LeNet-5 [5] wae AlexNet [6] neldnulnneu warlausn3 Skit-learn, Numpy, uag Tensorflow Liloa$na
wuudaedunuideadel Maewuuaeniulinaiiteidewarldsunruiedlugandudurentsinuauided
Deep learning lnevidesdudumumedialunsiauuuuiiaesdy 9 lunendide feunnswesiadesuuusiass

QNUNAUD F9RN3197 4

A15199 5 WARIAIILLANANTEIINLUUINEDY LeNet-5 wazkuuinana AlexNet

W Anes LeNet-5 AlexNet
Channels 1 Channels 3 Channels
Input shape 32 x32 224 x 224
Filter size 1&nn91 AlexNet Tnaini LeNet-5
Activation Function Tanh/RelLu Relu
Dropout Taidl i
CNN Layer 19811 AlexNet 11nA11 LeNet-5

Neuron in FC

Ypun31 AlexNet

11AN31 LeNet-5

Total params

TJpenin AlexNet

111A71 LeNet-5

Time AVG

pen31 AlexNet

11AN31 LeNet-5

= Y !
NAIS1N 4 UanglAviu

v o v

1. deyaviudn (input) LeNet-5 Tmmaunmdnuunn 32x32 d AlexNet 19 manalngjunnduiivne 220x224

o
o

2. FuAudn (Chanel) wuudnaas LeNet fdtuaiuanindu 1 daduninviifidiuwuuiiass AlexNet i

v
o

UU

avwdniniu 3 Wunnd (RGB)
3. AlexNet fifanses (Fitter) 1unalvigndn LeNet-5 shlannsaSouldnuvaramiidudouunniu
4. AlexNet §in15l4 Dropout Litean overfitting vaueii LeNet-5 13i 1139 Dropout
5. ¥ LeNet-5 uaz AlexNet fn5l4 ReLU uflaidunianszsiu
6. AlexNet ffmuutufidudousazannnd LeNet-5 duilifissavsamenniulunsssywazandiam

7. AlexNet f1uunnsdweswaruseansnmlunisuseuianainuinnia LeNet-5
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7] =
uRBUN 4 : N15NAADS
Tunsfinwnil AdeliSeufisvnuudiaswisaes lneuiadu 2 wuu Ao

wuudaesi 1: WisuileudseaniainvedlassneUssaniinuuuneuligdulagld LeNet-5 uag AlexNet

flunguanms 3 nguinlidfinnsysuideugunim (without Data Augmentation)

wuudaei 2: lWisuileulssdvsninvedassieUssaniieuuuuneuligdulagld LeNet-5 uag AlexNet

fungun1mia 3 nguiniinsusudeugunn (Data Augmentation)

Inguuudnasaisass dn1sviassiuileddunseduvesiuudnasy Lenet-5 2 Heidufie Hyperbolic Tangent
Activation Function (Tanh) wa¥ rectified linear unit (ReLU) wagiin1suSuseunisinelu 10u 10 uay 20 50U uayls

fnun Batch Size 1u 32

High Resolution

Training

Modeling
validation Classification
Output

(8 Classes)

test

Mix Resolution

Data Training

Collection validation

Pre-processing

test

Data Augmentation

High Resolution Mix Resolution Low Resolution
New Training set New Training set New Training set

validation validation validation

Low Resolution

Training

validation

test

test test test

= g ao A ~ = ° g
NN 2 LEAITURDUNITIVULNDLUSIUNEULUUIIEDINIEDT 2 LLUU

PUABUTN 5 : n1sUseLiuna (Evaluation)

lumsinussavianvesuudnaeiainauiieg Tasengdssanniieuuuuneuligdu semadimesnumnneig

ity degUseansanlunisduun sudsianlunisiiniunaznaaeuuuuinass gidelaimuamaninaetlunis
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A1ANULIUET (Accuracy) AdaNNIT 1

(TP + TN) )
(TP + TN + FP + FN)

Accuracy =

' o . . [
ANAUNY9IRT9 (Precision) AIauNg 2

Precision = _ap 2)
(TP + FP)
A1ANYNEBY (Recall) fsasinns 3
(TP)
Recall = ———=— 3
= TP+ FN)
A1 F-Measure A3guns 4
recision x recall

F,=2x P 4

precision + recall

PNFUNT 1,2,3,4 AAuali
TP (True Positive) {usuiusiegnfigndesiivuusiaesannsaduunliinduaaaiiianaula
FP (False Positive) iudnuiusiegnsfivuudiassswunlainduaataiisaula wiluanuasaadlaly
. & o o oA ° ° I ' .:4' a a9
TN (True Negative) LUuduusiegeinuudiassdunlanldlenatansaula wazluauadeilaly

FN (False Negative) {usuiusedrsfivuudrasssmunlanlildnaraiisaula waluauasududunana

Msaula

NaN15298LaLaNUSI8NaNISIY

NNSANYIIASIAS19VD LUV IwaZLUS s U B UNS1 M Ndananun1sewunteasasuseaniiesnie
AuE7 MewedalassgieUszamiiisuwuuneuligdu Inelduuudiaeswdn LeNet-5 uaz AlexNet aunsauuanig

[

AATILY HAN1SINABY ATl
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wuudnaes 1 wWisuieulsednsninvedaseairgussamiiisuiuunouligdulagly LeNet-5 uay AlexNet

frunguninia 3 nguitlaiinisusuluaeusunm (without Data Augmentation)

M990 6 WSBULTEUNaENSUsEAVEN mMURwazkuLdIaes NlulinsAnuUasgunw

, . Activation Times f1-
NRUAINW LUUN8aa Epochs accuracy precision recall
Function (s) score
NGUAIMNAN  LeNet-5 Tanh 18.25 10 0.96 0.97 095  0.96
aztBenmn 34.08 20 0.98 0.98 097 098
#ilaifinng Relu 22.08 10 0.95 0.95 092 093
U§uwdeu 35.54 20 0.97 0.98 096  0.96
sUA W AlexNet RelLu 2433.46 10 0.96 0.97 095  0.96
4707.80 20 0.96 0.97 094 095
NGUAIMNAN  LeNet-5 Tanh 11.87 10 0.99 0.99 099  0.99
aziBungeitlail 16.77 20 0.98 0.98 098 098
mMsuSudeu Relu 13.73 10 0.98 0.97 098 098
sUA N 15.52 20 0.99 0.99 099  0.99
AlexNet Relu 1031.66 10 0.78 0.81 078  0.78
1869.69 20 1.00 1.00 1.00  1.00
nguAWANY  LeNet-5 Tanh 33.29 10 0.98 0.98 098 098
azLBANEL 53.23 20 0.99 0.99 099  0.99
filaifinng Relu 30.10 10 0.98 0.98 097 098
U§uwdeu 51.49 20 0.99 0.99 099  0.99
sUA W AlexNet RelLu 3226.36 10 0.96 0.92 097 094
6332.15 20 0.98 0.98 097 098

3197 5 Tulduansliiiuin lungunmifinnuazideamilifinisuuasugunm wuudiass LeNet-5
#1l4 Activation Function \Ju Tanh uagdl Epochs wiriu 20 laAAnuwsiugigegan 0.98 1Wulaunanivsednsnng

Ao

ngalunaud lunquamndanuazidenadlaglifinsusuivasugdnin wuuitaesiidussansamiasanfe AlexNet

9 9 Y
wardis1uan Epochs Wiy 20 Fallmnuuugiiigandn ussedddiiailunsilnduannga 1869.69 Fundi egnslsfinnu vn
Rsusewtatme & 2 wuudiasiiussd@nsnmlndiAesiu AlexNet ufe LeNet-5 M1l4 Activation Function 10u
Tanh uaziidruau Epochs Wiy 10 FefiAiauusiugii 0.99 uaz LeNet-5 L4 Activation Function 101 ReLU uagdl

91U Epochs i1y 20 Fediauusiugegi 0.99 lneviassuuudiassiiivsyansnnlndidesiu wagldinanlunis
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Aneutioendn AlexNet ilidumadeniidlunsdidenisussndaaiunsfinduusidndldnnuuiugnas uaglungunm
nflanuazdeanauilifinnsuiuddsusunmlunguaimauasiBeanas wuudtaes LeNet-5 1l4 Activation Function

\u Tanh uag ReLu &l Epochs winiu 20 ldAenuusiugngagnd 0.99 Wulinafifussdnsnmanigalunguil

Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu ction = Tanh Activation .Funclinn = Relu Activation Function = ReLu
Epoch = 10 Epoch = 10 Epoch = 10 Epoch = 10 Epoch = 10 Epoch = 10
p HEE I M IO I & g I = I
i .-n = i . --n e q g - . . . - = o
Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu e e e )
Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch =20 Epoch =20 Epoch =20
Epoch =20 Epoch =20 Epoch =20
Confusion Matrix ngunIwa1azsens 1 liin1susunaey i ix N 5 i s
nfusion ) < Confusion Matrix ngunmasazdengslsiinisuivi/agu
Lenet-5 without Augmentation AlexNet without Augmentation

Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch = 10 Epoch = 10 Epoch = 10

Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch = 20 Epoch = 20 Epoch = 20

Confusion Matrix ngainwasazidennasluinissuaey

MR 5 uansradnsves Confusion Matrix Tuwsazuuuinaesilaiinsusudeugunm

v

910 Confusion Matrix #4A1NT 5 mmsmaﬁﬂwaléfﬁﬁ

Tunguaniifianuazideamilidfinsuudasugunin wwudnaesdinuginiagineraiavesniniiegly
nquamAauazdua lnsamgluuuudnass AlexNet uag LeNet-5 #1il Activation Function = Tanh @afidnuau

msvihuneings lnefinananaienatagninuneRadueaiady 9 Tuuazifedtiu LeNet-5 7ifl Activation Function =

o

ReLu finsvhuwnefinfideras uwindadinisvihweiin Tunguamifinnuazidengenlifinisusulasugunm wuudiaed

A a0

MUNBRAUINNZAAD AlexNet 71315

q

13U Epochs iy 10 Tneiiviungiinunniigalunana 1 way Aata 2 s3uiiud 38

am lungunnifinnuaziBeananuazliinsuiudsuguain wwudtaeainfinisineiwiugluisiazaanaetned
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o

Wedndny Fawansbiiufassdnsanvediaalunsiwunuagyinunedeys Wewlsutiuiuudeyavianun 0133wiinng

o ‘fJ ' o =

yuneiausd widnnuiidndududssdedisuiuitnudeyanmanignyihunegnsies

Lenet-5 without Augmentation AlexNet without Augmentation Lenet-5 without Augmentation AlexNet without Augmentation
Mol aucacy [ . Muel scowracy s " o el
—— —— : N — TR LR —— — — "
- - - ol — B va
e
. : /‘/ " e v
/ 5 4
Iy N /
+ e / i /
A o y, -
a - w s
L ] 3 L . [ y g 5 7 y g g 5 F 7
o o eaocn
AEE IR = e REvERTR R = ey SctivaliopliuncionisiRsty Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch = 10 Epoch = 10 Epoch = 10 Epoct Epoch Epoch = 10
Mol acoey el o Mol ey N .
= T w - - . wo| — 2 ’//" - — ° =1 x|
| s 2os |
| a o /
[ [ /
| | wl g
W o ERNTH R ST T u PR [ =
esocn esucn o % %5 S & ¥n §s E5 bt T s us 5 oE T T W 5 B0 55 8 mE
= = =
Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu L i L N L i
Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch = 20 Epoch = 20 Epoch = 20
Epoch = 20 Epoch = 20 Epoch =20
P ; ) o s )
UARINTINAUUANIATIA 1IN UG YDIUUUTIADY UANIATINAULEAAIA IINUNUE I VDU TI18DS
SungunWA e B Eam i SUEBUsUn IWiTBUAUT WUy $ns SenaeiludnisUsus Feurus 3
NUNGUNINAIINASEBENATNLUINT AYUIUNINENEUNUDIYIUTD AUNGUANAIALBENGININTN15UsUIUAEUUN T UAYT 1M IUSIUNI5EIN
Lenet-5 without Augmentation AlexNet without Augmentation
- o
o
o
L /
os o
—
Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch = 10 Epoch = 10 Epoch = 10
Vgl accuracy e —— e ——
" [P — ) S e —— J—
o A
I, o /
= ( @
Sl /[ o
N
o | o
[
wf
ot
Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch = 20 Epoch = 20 Epoch = 20

ugasnsiduuaAIAIA LTI YBINUYTIADY
Aungunmauazidearailiinisusuasugunmiiiguiudmausey

AT 6 NTIMLAAIANENRUSTZNINAMULLIUGT (accuracy) lag epochs TUlARZLUUTIADS

Pnmeaeull azLiulein pmuazidenvesnniinadeUssavsn nvesuuinaesasadu Inefinmadinan
azduaguiiiiuuinassinlawiugiunniu Tuvaeianiiauazdeaiiagyilikuuinaediaueiniunisiiug
waztindeRanataladienia eRarsannsvuaninuduiussenineaauwiug (accuracy) way epochs U3

WUUT18D9 AININT 6 WU anwagnsEuunlduiiniuises q TulAagseu (epochs) 0193wLin Overfitting Fawlu

a

raunNUIInagUnmlugain (Train) AUsualinndewSeuisuivgadeyaidugiulunmstinuuudiaes Lenet-5

o«

va

way AlexNet Fudulaaadisieanissunudeyainniiieannisifin overfitting dat ieanlymiil §3duldidonnsly

wiAllA Data Augmentation tieasanmdeyaiiudnainanidey Jufadunuudiaesi 2 wieandymn overfitting

Tuns@nwsanan
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wuudaesil 2: Wiguiguussaninmvedaswigussamiisunuuneuligiulaglyd LeNet-5 wag AlexNet fungunim

¥4 3 nguisinsusudiisugunim (Data Augmentation)

A19199 7 WIguLigunaansUsEaNSAmMUaAazkuUINaes Ninsusuluagusunn (Data Augmentation)

, . Activation Times f1-
NRUNIN LUUN8aa Epochs accuracy precision recall
Function (s) score
, LeNet-5 Tanh 18.65 10 0.98 0.98 0.97 0.97
NANNTNATY
! " s 37.54 20 0.98 0.98 0.97 0.98
ATLRYAN
i ReLu 21.51 10 0.97 0.98 096 097
NnuN1g
o 4 38.36 20 0.98 0.98 0.96 0.97
Jsutdagu
AlexNet RelLu 2632.83 10 0.97 0.98 0.93 0.95
suaw
5432.96 20 0.98 0.98 0.98 0.98
, LeNet-5 Tanh 17.54 10 0.99 0.99 0.99 0.99
NANATNATU
' u 20.94 20 0.99 0.99 0.99 0.99
GHEBEERN
e RelLu 18.99 10 0.99 0.99 0.98 0.99
NnuN1g
o 4 19.58 20 1.00 1.00 1.00 1.00
Jsutdagu
AlexNet RelLu 1225.28 10 0.99 0.99 0.99 0.99
UA W
2429.87 20 0.99 0.99 0.98 0.99
, LeNet-5 Tanh 28.63 10 0.98 0.98 0.98 0.98
NANNTNATU
! - 60.42 20 0.99 0.99 0.99 0.99
AsLDYANEU
da RelLu 32.97 10 0.99 0.98 0.99 0.99
NnuN1g
o 54.27 20 0.99 0.99 0.99 0.99
dsurlagu
AlexNet RelLu 3903.76 10 0.98 0.98 0.98 0.98
UA
1726.55 20 0.98 0.97 0.97 0.97

el 6 sulduandifiui lungunmiifinnusziBeadiuasdnisufudeusuam 7 4 wusiaesiild
Aanuudusilndifesiu Tnsuwuudiaes LeNet 5 ild Activation Function sl Tanh wadl Epochs wirfu 10 way 20
FAAuusiugn 0.98 uaguuusaes LeNet-5 #il4f Activation Function 1u ReLU waedi Epochs winffu 20 éinAan
wlugnduieniu wenaniidiiuuusians AlexNet 7l Epochs iy 20 waglaaranuudugivingu 0.98 wulieniu
TungunneuasiBengeifinisuiuasusunin wuudiass LeNet-5 A4 Activation Function 18u Relu il Epochs

wirdu 20 taAranuutudiasgan 1.00 lunquatmanuagideanauiinisysuasuguain § 3 wuudiaesiid

UsganSnmlunisviiune Taun wuudiass LeNet-5 Al4 Activation Function 1Uu Tanh 9151 Epochs winfiu 20 16N
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ALLIUEN 0.99 wazluudians LeNet-5 9114 Activation Function t¥u ReLu 9131 Epochs winiu 10 wag 20 laa1nany

waUEN 0.99 wWuLReINU

Lenet-5 with Augmentation

LI LI
Activation Function = ReLu Activation Function = ReLu Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu

Epoch = 10 Epoch = 10 Epoch = 10 Epoch = 10 Epoch = 10

Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu Activation Function = Tanh Activation I;IJ;\.cﬂon =Relu Activation Function = ReLu
Epoch = 20 Epoch = 20 Epoch = 20 Epoch = 20 Epoch = 20 Epoch = 20
. . ' o2 s o o a . . B a = o a
Confusion Matrix NgunINAIINazIagnnIdN1TUsUIUAEY Confusion Matrix ngunmAsazidengednisusuaeu
Lenet-5 with Augmentation AlexNet with Augmentation

Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu
Epoch = 10 Epoch = 10 Epoch = 10

Activation Function = Tanh Activation Function = ReLu Activation Function = ReLu

Epoch = 20 Epoch = 20 Epoch = 20

Confusion Matrix ngunIwAsazideanauinisUsuagy

A 7 uanskadnsves Confusion Matrix luwsagiuuitaesmiinisuuiuasugunm

%&391NN"591 Data Augmentation Waamui1 Confusion Matrix uanalsiliiugds nsviunenmilusednsaing

v
°

fuupgnelitduddny unuliiiinsvihneda WeRiarsanainsiu nMssnulasdeyauaznanisudeya vliluearinneld

o

fusevdnmunniu Trsantdymnisinenbivdudauasiinusednsnmlunsiwunnmedefivdedfey

nsiUSeuliisuuseansnmvesuuuinaedassigyssamiieuuuuneuligdudadnszning LeNet-5 uay
AlexNet lunsduuntheasasidauidiisiuau 8 aana ldud 20, 30, 50, 60, 70, 80, 100, wag 120 Alaluasee
#lus Insmsnaassazutsyateyasonidu 3 nguauanuaziBenvesnin iodiasginavesnsiuuntheasaslus
agnau o lunaiungauiigndinivanunisiuunteanasiiinnuda sening LeNet-5 uay AlexNet Inglin
Toyaadeanamdedioasas Fuinsuisyadeyasendu yafln, yn1snsiadey, wazyanaasulusnindiu

80:10:10 wazld epochs 10 50U wag 20 WevilmAnaudlaieiuusedninmasiusaz lnaluseninenisin
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NANISNARDILARILALTAUITY LeNet-5 wag AlexNet dauniugrlunisswunt1easias ag1alsiniy
AlexNet danugugaulun1siiauuinnia LeNet-5 vinlailianlunisinuwarn1sviiuiealsiaiuinnan aeuy

ASNINTUNUTLANTANLAL ANMUTULDUVDILUUINADINBUF DN MINIUAINUNAUEAUVDINUNADINTLTITU

d3UNaN1339Y

' °

mAdeiitunsinwlasiaiaasnaioudsunnivesiiinadensduunthsasanissantesie
Aus7 lngldlassnedsyamiflsnnuuneuligiu iisuiiisusening LeNet-5 uay AlexNet lnenisudadoyanin
oonidiu 3 ngumuawaziBonveanin liun nguamanuazdungs nguamANazIBua wazngunwAALEEn
watal tievinguamlavivlflueaiiuszansamlunsdaueninniian wan1svaassnuin LeNet-5 fiuszavsamiian

' £

Jeldiunmanuazidengs waziinnaniuiedesnin AlexNet Feauidsluauian fiTeazsatunisfnuilaseig
Uszanniteuuuuasuligtuidudeuniniu siufanisuiuudamsilinesiiuiuiioiiuyssansanvednng uaz@ny
lassaisanntnenssudu 9 WU VGG 16, VGG19, ResNet , GooglLeNet LitoAumiluinaniiusydnsnngegalunisdiuun

1899195 WaiuUseansamlunisyinnsidelusunen
AnRNIsUUIZAA

mM3Iniidelasunisatuayuandudininends uninedeesuasunsilsa lumaiauenanuide (33
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