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PATPON LAOHAKUVITOON : DEVELOPMENT OF GENERIC DRUGS AND ORIGINAL
DRUGS CLASSIFICATION SYSTEM USING CONVOLUTION NEURAL NETWORK.
ADVISOR : DR. SIVAPONG NILWONG, 74 PP.

In Thailand's public health structure, there are problems in dispensing
medicine without specifying the name of the drug or insufficient information on
required medicines on medicine packets from the health service system. It is one of
the important causes of Adverse Drug Events (ADEs) that may cause the treatment to
be ineffective, worsening symptoms or be life-threatening. One tactic that
entrepreneurs often use to take advantage of these problems is to prescribe generic
drugs over original drugs whose appearance is not easily distinguishable. It has a low
cost but has inferior treatment quality as well. This may be caused by raw materials
that come from different sources, even though they contain the same type of
important drug, or production methods that some generic drugs do not even have a
step to check for treatment efficacy or side effects caused by the drug. Therefore, this
research aims to create a prototype tool for discriminating between original drugs and
generic drugs using Convolutional Neural Network that are becoming popular due to
their ability to recognize and feature extraction that can be used that can be applied
to works, especially in the field of computer vision, to create deep learning models for
use in classifying generic drugs and original drugs, along with testing to compare
efficiency in use with another three models are created using VGG16, InceptionV3 and
Resnet50v2 architectures with transfer learning technique to find the CNN model with
the highest classification performance using image dataset containing 26 original and
generic drugs. As a result, ResNet50-v2 model built with Transfer Learning technique
achieved the highest Classification performance measurement score of over 85%,
followed by Inceptionv3 model, the CNN model developed without transfer learning,

and VGG16 model respectively.
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aSalunaililunissuunendaseninsedunuusazeaniy

1.2.4 LﬁaL%Emif%”’umau%%’lumaa%’wimLmamumﬂﬁﬂ Transfer learning Tun15A4
vdrreduaadug nlddudiunilvedumalng lunissuunendiasewinsenduwuu
wazeaLiny

1.2.5 werhanusnlaiseus iwmunldlunundunssy

1.3 YBULUAVBINTITANE

131 aedildlunisieulusunsufenien Python version 3.9 uupsufianes
1dnda ASUS TUF Dash F15 w3e1n15098 GeForce RTX™ 3070 uaz@ile Intel Core™ i7
Inglelusunsu PyCharm Community Edition wEoulausis tensorflow-gpu 2.6.0

1.3.2 U33mmaﬁagaﬁﬁmﬂﬂﬂumwmamﬁa Inan1n JPEG au1a 4,608 x
3,456 pixels feneselnsdnsilefosuiu 6,240 A neaviae 2 yiadsuuaduen
FULUY wavenandgyegnsay 13§ Tneidunmduniuazawsnundwese wdundn fiene
Tusiusings vuususesirluanmwndouilifiniseuau

1.3.3 g1funuy wazenansy Aldlunisveaes fesndawuuwdildfuiily way
anunsavaeldinindunnee pdtnientu vieanuneiuta Tulsunalne Gesindunuee

7 26 fi7 NElUN1TVAaD

1.4 Fuppunadiiivay
14.1 Anwduaideya uazsiAdeiiAedes
1.4.2 Fouilasenis wuefueansdiivinm
14.3 Anwlsunsuild nweeufiunes lauss uazgunsaliiiedes
1.4.4 naaeuTaAnuainsa waznsldaiugunsal Tusunsy laus1s ndes uay

ADUNADT
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1.4.5 iusiusdeyanindgraeie WeeunUUkazeaETyivieny aadn
anunena wariuvisevhlululsanelne

1.4.6 Fawmssuyadeyagunmuutesnidy 2 ga Asyadmsunisiniu (training
set) uazyAdMUNTMAGBUY (test set) wiaanihnsdauszian (labeling) iilonrmiazaanly
nslganu

1.4.7 siauluna CNN fesnuuusnitelilunmmaasslaeiinguszasdiielilu
nsswunendan 2 wiauazluma CNN 8n 3 afiafiadrsdemain transfer learning Tag
msmsandnenssulinaa CNN ileRunng pre-train funuiilndidsaiumnadadu luea
Tnilelflumsisuiisulngldyndeya training set wazyinnisnsUsziiusa (evaluation)
1uiwdwﬁ?uﬁwﬂqm’faaga test set NS0UAMUATIUIY Epoch wagn1s Tnesiug fidaiy
WgEw

1.4.8 »939@0U Accuracy, loss wazvafildlunnsiln (train)

1.4.9 Tauszdnsainnisituunvesluinausazuiia »28 Accuracy, Precision,
Recall, F1-score w3auvinnsiUsauLyiey

1.4.10 ¥lsnaluviasdldauasesmenisnnaswiuneg (prediction) fuanenidia
W 2 wadidedendednsdviede

1.4.11 AAszvivoya aguna Laslieusieay

1.4.12 Yauslasini1siaey

1.5 Uszlpuifiianainazldsu

15.1 lsulauna CNN Afiaanuusiugge dsaggninludmundelinateidu
\nsesiloatiuayuindunsuazyrainsvnanisumd Tumsmanvniiianisuien nisldelal
lawa LLax‘i“]auJ‘mmﬂ%’mhjgﬂﬁaqﬁLﬁ@mﬂmaéﬁqLﬁﬂwmmmﬁzﬂuamﬂm

1.5.2 lasuwmatiananug 35n1591uungndaseningedukuuwazenaniiy 910
awanelngligadnuay (feature) ineq flanunsatiudszynduasiamuisioly tiieai
szuufianunsansivaeveinliadslusunnn

1.5.3 lassuivannisvhaureimsiseudi@edn lunsiuuningainUseuiana
AndnunzAngg Toglunm

1.5.4 l3euinislalasetgyseaimifien Convolutional Tunisdnuungidie

FYWINYNULUULAZ I 270 feature VBIBUABZILA



1.5.5 laseusnanni15vineuved Transfer Learning luasauuudnaeslmilaenis
Aauduvesaattnenssuvasiuina CNN @neq Aerun1sindy unlddudiunisaes
Tuipalul

1.6 WAUITULAZTEUZLIANALEUIIY

M99 1.1 AasandFlnuveseusazviia

.. 2565 Yi.f1. 2566 1.1, 2567
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PUADULAEITMINIU
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L

67|89 (l0(1L)12[ 12|34

= - Ay aa ¥
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ARALADNDANDINI

(¥

3 [penuuim Insanmimaans

+ [iiusausmdoyanmaouia wiondawiouyadoya

5 [ppnuuTiaa CNN

6 [AutunInaany

¥
7 |apdnaminaasstudu
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UNN 2

NEfuazIUILNNeIT09

2.1 Usznnennaneadnaludsene

2.1.1 818ukuy (Oricinal drue)

a 1% v

gIWULUY A egnduasIent 398 AnAuiauaslasuauliisusessdnsnmuae

anulaeneauansondntaniEnwilsaduiaum Fefesiiunssis nnnedustunoy
nsRnduAsIR ULz dLaTidaedd ianautRlun v lseturounsinuTideats
gAIAITUAN9 mﬁﬁﬂqms‘h%’uLwiazgﬂl,wwhuﬂszmumimammamé‘(szﬁwmasmamﬁmﬁu’q
nsneassiudniuazuywd [4] lagdruaumsmaassdiesiigaifldmaadffid uumsgiums
Ingnmans auuilalddn ergasiiuiiideRmunduioniuazuszansnnlunisinwilse
Hmngldegnauiate danuvaendoviednathafelesianisarduveduniseysiasuses
UsyAnBnmuazanalaenfennesdnsomnauarevesssmaiiananeusnty oann
HaneuwuuanlishwUaelieganitenield
gdunuUTamaneiianfuimuaunanihunliSnwlsalddusaty fedldituy
UYAA YA IANEA TN uazgUnsnladesilatiion1sinuiidevnassnning s

'
o v a

szgzimeuuInndndudwddg i dfuunisudniigs Jedmalaensasiosan

'
Y a L% ¥ A a

81 UagiNaninvzfetuIndvizunseieAuasesdvslunisnanwazIvinelnedlngen

_ e

v A | v o <, 44' Ay Y a |
GluLL‘UU‘VliJﬂmﬂWWL‘LJ‘LWIEJE]‘;J%‘UV]’JIaﬂ%LUUEJ’W]&JWWU%HV]QN@MiﬂﬂiwmﬂaﬂUizL‘Vl?ﬂ,usﬂiﬂ

q

soaunsgonsn [3] [4]

2.1.2 gnanilsy (Generic drue)

A A

o 2 a & A a X v A
YU 139 YaYULLUU (Local drug) Ao EJ']‘VIN@G]GUUﬂ']EJIG]Lﬂﬁ@QWﬂJ']EJ%iE]GU

=

nsmnldlaasesmnevietonsAnudvsvesnangfuluy eranlysiidieddn 3

o

Wutearsviafedduiveiduiuy Tngazausanansimielandsanfsiduiuulasunis

a

audRsusaslnldlunsshulsruazviunoednsinseuaa(3]

° ' £

grandaylaeniluazdauyunisuanfainiteisuwuuiin Wesaneraidylylad
Junaulun1sAnAuiuIgnIdisue nsen1sAnyidenaaesgasisuefudaiiagayed
TUFNTLUVIUNTNARBIMIUNFYING T BUFIULUUILTNGITUADUNITNAFDUNNYIAULA

(Bioequivalence) fia N13UTzIIUAMANTRYBINITUANAILAZNITNTLINLVDIAIET N1TAATY



wazsziuluden Tnsfuunlimmstaauyadanuuandsiuenduiuuldliiu 20% 39
granfyifidmiediauyaifisuinedutuuazfoasuinduszansanliunnd 1999087
Funuu [3] 4] uiludewieaseiiu eransty wesndouuuuiideunnsisainenduuuy o
Lmdaﬁmmaﬁmqﬁw%éf’sma%"]é’zyj Fadnngluauazunas widwdnansesdusznaudue
Tushsuilaildsenddny maluladuagnssudSlunsudn suunsmuauaaAIn =8 7
uansneif Fedananifudederivaldnnsshudeenansy Tenaunnsmsaneiduwuy wii
szfiansoengiiduanssiadeatufinig mmﬁ’ja&Jflmﬁiya’mﬁﬂﬁlﬁmma%’mﬁmﬁwﬁﬂwiéf
wansnsluanendusuuieduiu st uleratey wiesndouuuuiinaldidieunine
Funutluddasiadsduuiaznn s lifialemanisinwudgiae uiluvusieniu
AsfpsiasyAnaneinUsyansamuazanslasnfevesnisideranty enadosuuluaine
fuLuuuInteyls ﬁﬁﬁﬁiymﬁﬂﬁiywmaﬁaﬁwﬁmiﬁﬁgﬂé’ﬂwmzﬂé’waﬂﬁqmé’fww WAZUN
Peaduunuidunuy Aidudsiindsnsvieyaainsmmanisunngdeansaadeulidniauie

Uszunsshwlagneiesnag

ad a Y W ' P~
2.2 Ngeiineltaenulassineyszaniies

TassUneUsganiiiay 3o Neural Networks Ao lutaanieatindans Miinns
MUAsULUUANRINY BElUNSUSTINANaaN TAUmNAMEIBTN1SAIUIMLUY Connectionist
lasfidngUuszasAaainuaiosilonldlunisiSousnaiuisaandisuwuy (Pattern

Recognition) kaza319m1u3 vl (Knowledge Extraction) [9] Wngendignisldvieuseuiana

Ao o

F1UIULN BazYIINIsauraunatetdulasI1eUsaInNIa neaE NI UAAIEATINU

a el'

I3 =) 6 a I ¥ U 14 =
waauseam(neurons) Wi@i%UU‘UiZﬁWMIUﬁN@Q@JHUEJ Ingagddiuniseni VBUATULYT NID

1%
¥ a

Toyadung (input) Feazrun1sUsEaanasINiu AU (weight) nowagaaluds

Handunisnsegsiu (activation function) Fa.lusiaiivuadeyaie1sng (output) 3119ze8nIN

Tudnuwaglanegunmi 2.1



X, f—_—
Activation
X n > W?‘l Function

JUT 2.1 andszneunannisvineues lassigussanniney

) 1 [

lasetnguszanmiguninauiiewanilaylg Asnmysznaun 2.1 azgniseni

s & = & A2 o da a - I3

WastgunTeU (Perceptron) BUUUNUIENUTIUNLENVIEATILANYINUITOU (neuron) WIBLYAE

Uszamiiguviangdinunuseneuiueg wteenilatudeaunsaliulalusuuuuvedaunnsn
= = o w
aun1sil 1 uagaunIsh 2 auany

v a

lag x; Aip Yayadunn (Input) uiazdmnidiglassigdssainiiiey, w; Ae AN

- % . & ' a . a v ¢ & Y a a
WINRUN (weight), b AB AIAIINLDULDEN (bias), z AD NAANSLUBIAUNLNAIINAITIIUNAVDY

£ o £ ei [ 1 1 ’cj &Y = 6 o % . . . A
vayatLAnunuAIRsmn, £(.) Ae Wsdunnsnseru (activation function) uag y Ae

Y Y

v (3

YYUAIANA (output)

Y 9

N
z= z W;iX; (2.1)
i=1

y=f(b+2) (2.2)

wan IVt HaTIINSAMYeItayatn (x;) AuAawuntn (w;) Aagldidunadns
d’l’ % I o 4 | . 1% £ % I & U % o [ 1 [ v 6
WUesnu (z) newagtunuinmiean bias (b) unudngilsndunisnsedu iedsuadunaans
gavnelagn1siUSeuLfig unaslUasuiual threshold vesileidunisnszsunauazeanin
Ju deyateonding (y) Faaznansidudeyadunnlumesiiunsaudalumniwadysvay

111N 1 LaLeas
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o w 1

dsddfemaulumsilasitieuszamidion Ao Asinin (weight) wazen
threshold Fa.dudsfineufinmesldlunsansy waniduaiiliuiueu usfawisarviuali
Aoufinnesarusausuannantulalaenaslénszuiunis back propagation d 91y
A53UIUN1580UNEUTBIN1S recognize ludunaunisiln feed-forward Insnnsaeule
powRmeiidn pattemn 1osAsfifoIn st (9] Ganeufiumosasrhmsuiulss At

AZLULTBUATBYY (network weight) naanislasuuuudeyanisiinlriuniasedngluusiazase

= ¢

FeAnownen 1nLATeTeIzgnihluSeufsuiuNaiAAv T LavinNISAIIMMAIAIY
AaNaTa (Error) BaAnmnuianainilsaniazgndsnauludunseinaiieldunlumentmin

Az uumolY

2.3 Wendunszdu (Activation Function)
#aridunsezdu %o Activation function A HeAdudiiludianinundn Perceptron
JzdstayaemnnoanuIwuula[5] Inen1sTUAINA TINIINAININUBABUNRNIAMIUAT

weight Tunne dendrite melu 1 Faseuniusu elilanagansanynelaen1siSeuiieuiu

i = &

AU IUsEaMeIRNe FendTsntunsnseduegratesUkuulneavesueluiave

D

(%

molull

2.3.1 HaAudnuaes (Sigmoid function)

flerdusinuend fe Tleituilazlvinadwinioglutag 0 fa 1 Fsauntsdl 2 awnsam
Derivative lilalenn 1wy 1 Wiy Yes uaz 0 Wiy No uifiideideiiesainiinnis vanishing
eradient MNBUNALIAILRENTT -5 ¥381NNI1 5 UANUTU (slope) 1inlng 0 Agvililanaa train
lailulv uenaniliendmedslaifaruauna waganadeliniiu 0 isziiudanduuanyily
Optimize Taen ﬁﬂﬂfu Sigmoid Function Fadeunufieyas LLaSQﬂLmuﬁﬁ’m RelLU Function

Faagasuneluiate 2.3.3

1 B exp(z)
1+exp(—z) exp(z)+1

o(z) =

(2.3)

2.3.2 flangulamesluanunuaug (Hyperbolic Tangent Function)

HanulawesluanunuauAvse Tanh Function Wufeidunildnuwazadtaiuilsidu

Sigmoid usilvinagwsegluyia -1 84 1 Asaunisi 3 il output iawauna denadewiniu 0
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LaLaIU150vin optimize ladne Faunnngdnsusiu Classification 58114 2 g1auazidusn
normalize 18 1 Unit usifilianansaldidu probability lagadndunsiaiesndn -3 wiaiian
11nA71 3 AU slope WA 0 21LALAANTT vanishing gradient virlitlaiaa train Tululwudsla

Wiz activation function wanvadlitaa CNN

exp(z) — exp(—2)
exp(z) + exp(—2z)

tanh(z) = (2.4)

2.3.3 HenduLsadlnagadu (Rectified Linear Unit Function)

flaidusailiddadunie ReLU Function fie flsiduiiaslinadnsidu 0 vde z &
aunsi 4 GellauiFeudioniavn activation function uSiAMMTINaNINNT1 LA NG
dunmduaiuin uazarudu (slope) 3ziviu 1 maen viibildiialamn vanishing gradient
danalinsmsulineaidetunidn output ayliauna viln1s optimize laen wag output
108 Limit audanisldanuinudsaedediilidiinilem vanishing eradient 918w activation

function Awizauaztalgluluma CNN Nan

RelU(z) = max(0, 2) (2.5)

2.4 Wantugeysdle (Loss Function)

a v i a

Tunrstnelutuuinasdlassigussa ey slvinnisiseus a1ntaann loss

Y

function fia fuUsHlElunIsUTUAedmn (weight) LilennAiRNga7viTlviA1e4 loss
function eanuWean [5] neusuiudsuendiadimiin (weight) Wagan bias TuTumauns
Hn (train) Asuansluaunisin 6 lagean y Ao A1a39A1 ¥ A adivinunela was L(y, V) Ae

loss function

N
1 N
W* = argminﬁz L(y®,Y®) (2.6)

i=1

F90T loss function agnainunaleUssiny lngdeudentdlivuizanivau uazaiuse

LLﬁﬂaﬁmlﬁaﬁﬁm 1w Cross-entropy, MSE, Kullback Leibler &
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Aaa

2.5 nM3mANangn (Optimization) [5]

M5 Optimization fithvsnefiennisiiwes wie weight AATigaLiaUsuUge
wuudaedlitiuszansnim ne3snsadeuatnuanudy (Gradient Descent Algorithm) #is
Tuaunsi 8 39 gradient w3e Vg(w) fe LINLABSVDIDYNUSEOY (Partial derivatives)

Vaviun Feazvendernuldsunlasmes gw) dlo w Annsiudeuen
ag ag
% ==—=W),.,— 2.7
gw) <6W1 (w) e (W)) (2.7)

Aadmtnlugd (w) agmlaanaunisn 9 lae A fie §n5N15638u3 (leamning rate) uag

oL = o o
m ® gradient U84 cost function NNBUNUAT weight

oL

WeeW-—
- a*aW

(2.8)

25.1 ylakusdinsiieusaduni (Full-Batch Gradient Descent)

Full-Batch Gradient Descent azldtayavninlunisAun gradient feaunisi 10 ¥

Y 2 = ° . & 5% o A =
LLa@\ﬂWLMuﬂQ N1IATUIEUY gradlent G]\‘]LLGWJ@H@@']VI 109N

N

oL(y;, Y@
W&W—a*z% (2.9)
i=1

25.2 alsuAaininsiasudiadu (Stochastic Gradient Descent)

Stochastic Gradient Descent %38 SGD agldtayaiiesqainealunisAiuin gradient
wuAMslinngn wuuRsaunnsh 11
L(y;, Y®)

WeW—a*T (2.10)
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2.5.3 QduwungnssReunadlguyi (Mini-Batch Gradient Descent)

Mini-Batch Gradient Descent 3gld9ayaunsdiulunisAuin gradient 31naun159

12 uansliiiunsAwin gradient 9ndeyadiaf k 8s k +m

k+M s
oL .’y(l)
WPW—a*Z(?—W) (2.11)
i=k

2.6 NM3138U319AN (Deep Learning)
NN358U3LT9EN W38 deep learning fid nialun15¥i1 machine leaming agnawils

Juwmedaildlunisasedaygiseivgndrassdounuunisiauresisas neurons Aelu

=

sruuUsramvedanesuyed ngldlassieussamnivioniuy machine learning fagunni
2.2 usiagdl hidden layer 10031 2 Tuauly welglunisussuianauasnsaeunnauURT
vy Wunislumealuladnvivadowas Deuldiunnnlutagiu sislunuaveeuiunesivia,

UayayUsehng wazn1suseudanazunm

Shallow Meural Network

Input layer Hidden layer Output layer

JUN 2.2 Taseas1amsvinenuves Machine Learning
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Tnedorvesnisisoudidednie 1efosnsldau 19y nsuszalananiniile
LENKET MIBYINNITIZY WAZATINEBUIEMINAUANME (feature) Aaunsaviliias Tagly
Sududedlienuiiugruivssvudmihdudesnanaruaiuisavesnisifouiidsdn
ausnad1suuUsians wazmdnauld®aenisii1 layer 189 neural network nane e Hufi
5901 hidden layer 1l#Aiagsivszanana lunsmeney fagunmlugui 2.3 lages

fiawas input waziawwes output iutluiind wazianinadnsandoyailadidinly

ANAIAU WUULAYINU machine learning

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5
(Input layer) (Hidden layer) (Hidden layer) (Hiddenlayer) (Output layer)

OGRS

\ i “ . » »
.ﬁ"‘ . LXADRA AR

4 “‘
%:ﬂ{%&ﬁggyp ) ‘/ \
NI~V KN i/’

N \
ﬁ‘}’o‘" OO0 /‘
SRR

5UT 2.3 Taseas1an19vaIuves Msiseusidedn (Deep leaming)

N8y

D

A191 deep learning 11310 1514181885 Neural Network 1110131 2 uduly
ieliiAnnsasauuaesiiasaiseuilaaniu dudsieuladdudastuvedaiees

Neural Network S4lganuiuunniyinle %’umaumsﬂszmawaﬁ@qﬁiﬂim%mmL%'auﬁlﬁﬁﬂﬁu

WU
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2.7 lasadngUszamiiesnuuaaulagdy (Convolutional Neural Network)
lasseuszamniieuuuuneuligdu n3e Convolutional Neural Network A il
113%M15 deep learning sghewiladulaseneyssaniieufiuseneusednsinses (kemel)
#l4lunns Convolution fyaLAusuMIsaNAAMANYME (feature extraction) 31NN Lag
AsUSuALAesualim Nz aNLazINT LA (classification) Fudunissiasanis
maqLﬁmaawwéﬁamﬁmwﬂLwﬂ@mé’ﬂwmzi’mqmuﬂﬁmmLﬁu neulzunuIUTENOU
Azt wagiinisssydsiiveadiu Taefinisduaniuy dot product sewinaiiui
drugegvosnin (h) fudsnamduatunaneduiiufidosudassutiuiirediua (Kemel :
F = k x k) \flefsnaidnvaiziauainamuazyiinismsiin ey lnsiaesusaiiinndiuim
L Huvinddnsa (Square Matrix) Aiflvuadnnirfiuiidaudes Ssnndunmaasdaun
3x3 uadndunmenasaziivunaingy 2x2 snisduaa Convolutional aunsarduuly

sUMUUANNSLARIENNTSN 13 wagaun1si 14 anudiy

G=hxF (2.12)

k k
Glifl = Z Z hlw, VIF[ — w,j — v] (2.13)

u=—-k v=—=k

TassneUszamiisnnuuasuligiu lumedeildfuaiuieuogiannudan
Alex Krizhevsky Sninenmansnaufinmnasidiiaue AlexNet aa1dinanssuluna CNN &4
A1190L91YULATUVITU ImageNet Large Scale Visual Recognition Challenge %38 ILSVRC
Tud) 2012 Tasannsoviesuuuldganinmafanuuduin wozdinsgnitamuiegisedesay
fin 5 8 error rate gaaAYBIYATEYA ImageNet Miana1n ~25% 1Tu ~2.25% aelu 5 T
vasnmstiaue AlexNet dslutlgiulassineuszamidies CNN Tdgnihuszendldly
upsuRBnesIviAuNnuiglidnaziunisdiwunguain (Image Classification) 13
M3933U10 9 (Object Detection) N153LAT1¥MIUNIN UagIAle (Image and Video

Recognition) &% [5]
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Fully connected layer

1 1
i 1
1 1

Inputlayer | Convolutionlayer — poojing fayer Convolutionlayer  Pooling layer |
i (kerels = 3} {kernels = 5} !
| o E
i i O Original drug
8 i 0O ]
b i Generic dru
| O :
1
1 1

kemel | T I . l E D
! Hidden layer 1 Hidden layer 2 !
N !
i Feature learning I Classification
i !
Input Image i Feature maps Pooled Feature maps Pooled i Flatten layer
| X3 Feature maps x5 Feature maps |
1 X 3 X 5 i
Convolution layer : Pooling layer :
feature extraction using filters (kernels) Reduce size of the feature map but retain essential features.

JUT 2.4 vianmsvinuvedlasiaidlasaiigdszaminigawuy Convolution

lassaimanvedlaseinguszanifisaukuu Convolution A8UseNauslglaLeas 2
wuy AldlunsiBeuinudnws (feature learning) uazd1uun (classification) faguil 2.4 &n
nLaLasdunn (nput Layer) Fsviminiisudoyatiidngnizuaunisenas iienisarn
AMANYE waginisUszulana neanunsauuseantiiu iawesaeulagdu (Convolutional
Layer), LaLEJEJi‘W“a’SIG (Pooling Layer) LLasLaLEJ@%L%amiaﬁuquaugmj (Fully-Connected

Layer) #93gaduneluimdonsly

2.7.1 awesneuligdu (Convolutional Layer)

Convolutional Layer 1Jutatge$iildlunisvinnisneulrgduseniniamdunn fu
FanasiuaLieR A NasHEves Neuron Tiieuseannituitdiugos (Local Region) a:funis
ATUIULUY dot product AULAD I UBARII9) ﬁﬁsummmmsaﬂumsaﬁmmé’nwm (feature
extraction) vesingyiegiunm Ssedinsduuazmsuiuidnduiupoumstousnouazesnin

Wy unulsnauanue (feature map) Falunadwsalaannssuiunisnanam Asguil 2.5
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Input image Feature Detector Feature Map

aN Feature Maps

\-"\
o o \\\"{f
\‘-\.
1 0 ™.
0 0 TR )
0 0 Riingatl i
1 0 H_:_q:;_::
0 1 __EH::::"-::HH,
0 0 U=
Input image Convolutional layer

JUT 2.5 sUuunsvinuvedagaineuligdu (Convolution layer)

Convolutional Layer 13utateo$ildlunisvinnisaeulagdussninsnmdunn fu
FuposuaioRuInINas NS Ye: Neuron Tiideusaaniuiidges (Local Region) @aduns
ATUIULUY dot product TULABSUBARIIY) ﬁﬁmmmmmxaﬂumsaﬁmmé’ﬂwms (feature
extraction) esinnyioglunm GsasdinsduuazmsuiuildnduiunoumaBeusneuazesnin
Wy usufanaidnuas (feature map) Safunadwnsiildannszuiunssnan faguil 25

18U 8UNA Winpue X Hinpue X Dinpue) b1 Convolutional Layer 3ggn
AMUALABAIUNTIIN AUGIAY ANEN AUTUINVBIFUAINBUNA Falgunfinds vunn
ANUNIN Winpue) $82ANUES (Hippye) 8TAWNTU d9U109ANUENUUINBUNATLUIN
37u3u Color depth wp33Un nuAazydn Wunindunind RGB AMEN  (Dinpur) 3¢
windu 3 winamdun1nuifianudn (Dippye) iU 2 wazludu Hidden Layer
AUEN (Dinpur) Iz0VIAUTILILEINTD T kernel Aldlutaloosiounti daumsiines

#msunnsasna kernel AlEluLaLEas Convolution agasulelumdenaly
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- 1UARSIUE 138 (K) fo dwudinsesildlunsainnmudnuae 3
denafarUAnYe feature map MNIIUIU kernel MNN155EYMIBNLIENTY Convolutional

Layer ﬁqgﬂmwﬁ 2.6

Input layer 7 Activation Maps

7 Filters (Kernels)

a

JUN 2.6 BvanaresduIu Kermnel lun1svin convoluion #e feature map

s . = = 1%
* YUINLABILUA (Kernel size) 138 (F X F) A9 YUINAIUNTIIN LASAIINGS
% s d' . Y a 1 s
yaamLAasiug Aldlunsezuiunis convolution AUFUNMNAUNA LYY LABSLUATUA 3 X 3,
5x5,7 x7uay 11 x 11 1Judu suanumunzaulunisldau
« @A (Stride) 58 (S) AB T1UIUNNTARDUTIVIABABSLUA MEBLUNISTI

feature extraction fugumndunnlunszuiunis convolution Feanansafmualyanniuld

v v
£ 2/ = 1

v ° Aad A ] Y] @ o g v = 3
PINNBDINIIAIUIUNN feature NUNUVNULDUNUUBDYVU LLG]ﬂ‘Vl']GL‘Vi feature map LTUINLANEA

iy fsguami 2.7
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Stride 1 Feature map Stride 1 Feature map

Stride 2 Feature map Stride 2 Feature map

a

JUN 2.7 ANUUANF19Y84 feature map 31nN1591 convolution 5¥1314 stride

WINAU 1 (VW) e stride winnu 2 (89)

- FlIUNnP (Zero-Padding) #3a (P) Aen1sinuualndinisidual 0 iy

UIINVDUYDINNBUNALNjDLNLYUIAYEY feature map AagUNINT 2.8

Stride 1 with Padding Feature map

JUN 2.8 MiNN1511911v84 Zero-Padding
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FalasunAnnlaidin1svin padding wafilaainnis convolution agvinlila
feature map fawiaLinanguandune datudinuieven1sin padding Aenissnw
vu1Ave feature map lailvflvuratdnasluvnzNvinnis feature extraction 951U

[

padding a1¥nsannlaaNaNN1sT 15 Wesaen1ssnyvun feature map WWinAUAEUNA

1ne p Ao U1 pixel V8419911 padding TuuAaza1u way f Ao VUIAIRAFINTOINLTN

convolution

p=— (2.14)

« 1WA (Output) Y38 UHUNIAAN W (feature map) A KAANSNLAN
13911 convolution VUMY Wouepur X Houtpur X Doutpur) N+9310015187 504

kernel AUNWBUNA HIUNTEUIUNNT feature extraction ASENNTTN 16, 17 uaz 18 Anasiu

Woutput = Winpue — F +2P/S) + 1 (2.15)
Houtpur = (Hinpue — F +2P/S) + 1 (2.16)
Doutput = K (2.17)

Ay v ° . a o | ) o
HANlAa1NN15Y11 convolution %38 feature map AgAosHUHATUNTEAY
(activation function) tiavinsusualiumzay uazdsnelUidudunnluawesiall e

Hendunseauintenldluy CNN fvaneflendu danesuisluiite 2.3

2.1.2 LaLEJa%ﬁ(jaa\‘l (Pooling layer)

& A

Pooling layer fia taka371iNI19mBa @B Convolution lallinguszasAliiaan

A v . P =3 % (% ao & 1
w0 feature map NAa1nNNsEUIU convolution lndlvunadnadaednnednuaeninlunoy
wasluduaeasinll Inedl 2 Wiliewldfe n1syarmnfian (Max Pooling) kae N1sNarLaae

(Average Pooling) G"fﬂg‘d‘ﬁ' 29
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Max pooling Average pooling

2 x 2 pooling size

U 2.9 anNn15N15Y1191U89 Max Pooling (¥78) Wag Average Pooling (111) selduun

Y

pool size 2 x 2

lunnsanwuInves feature map 221 UNIANUATUIAUD S pool size (FxF) Uag
913U stride (9) Wievibidedaiivwiadnamiauivasmsifiweslundentudsiuanlusy

2.10

224 x 224 x 64 112 x 112 x 64

pool

downsampling
112 ‘

112
SUT 2.10 vdnn1svinnuvesnadaaleas (Pooling layer)
lagaunn feature map Winpur X Hinpur X Dinpue) MU78052UUN1T pooling

1 3 ¥ (3 Aa I3 = o & = 1 [
Aeuvgeanuludeyaterdnnndayuiadnas ietildlulueasdnluaziivuinviafiu

Woutput X Houtpur X Douepue) N9MaAUN5H 19, 20 wag 21 anud1diu
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Woutpue = ((Winpue = F)/S) + 1 (2.18)
Houwtpue = ((Hinpue — F)/S) + 1 (2.19)
Doutput = Dinput (2.20)

3nUseasAvo Convolution layer kae Pooling layer fin N1safnUaN Y
(feature extraction) 3Mnn1naune taglu hidden layer %uLLiﬂ"‘] azldl feature sEAUATN
Wy 1y d@nludu hidden layer fianTuazifiunns feature extraction Aidudoutiu Fasuu
1 Convolution layer was Pooling layer AtfinduaziJuiisinunninudnveslasdne

Usgan Mgy PN NI UANINUIUTUIDALDSNY 2 [5]

2.7.3 Laweilieunenuuwuuanysal (Fully-Connected Layer)

Fully-Connected Layer fia 1ate039130le4587319 feature map wagfe1dnnas

a A s 1 Y £ % | e‘gj 1 1 vV L% = 1
9138l 1 ¥38 2 lawes nowdrdweyaiindilaivu Softmax Inazednssdmynevesm AT
Favanefianne neuron Negluaiuasanvinevas feature map avgnuiluusureval (Reshape)
w3eNiSeni Flatten Winanailureduiineiiedsluduiaseluiaeas Fully-Connected

Layer welviansainievideyalasgsnnuasainasgunng 2.11

Flattening Fully Connection

=
i
T 3
'r’ 0 Fattening 1
a)2)a 4 X ‘=
1
0|2 ] 1
Pooled Feasure Map 0 ) ol
2
1 LJ
2 < ”
— @ Class1
—\ 8
! A ¢ ® ciss2
T, )
L i r %\ > ® (iass3
© ® Cassa
e Class5
o ® Cusse
@
®
: Class Q-1
ClassQ
Input radio image Convolutional  PoolingLayer 1 Convolutional Pooling Layer 2 f
(Mxtx2) Uy Loyer:2 w1 ¢ w2
Fully-connected Output neurons
(FC) Layer
Features extraction Classification

SUN 2.11 #ann19vin9uved Fully-Connected Layer 9aslasstngusgansviiivu

Y

Tu Yumau classification



23

Tun13vi1 Full Connection A N1stYayaLeANATINIUA1SFlattening ANYuneu
Asuntdndrgluinaidedn ievinnisussutananiaunnuadayaiiesn (output) bu

LDIRNALALEBS LDYINNTT prediction MNAIUNASNSANVIUALT

2.8 Wendumanauiing (Softmax function) [5]
flafdu Softmax Ae fedduiignaeliluaieesdugarieiomarnuuiszduves
wiarAaafignitvun lneaatanfianuiiazilugegn fe naannis prediction laggan

| I ! A v ~
?18LLUHV’YJW@JHT&]%L‘UUGUENLLWﬁgﬂa']ﬁV]vL@ﬁ]’mﬁﬂJﬂ'ﬁV] 22

exp(z;)

softmax(z;)) = =————
L ‘ %:1 exp(zy)

(2.21)
lagA z; ApALUY logit score TuliALmes z Fead1utiaziiuvesurazaand
d1u190111A31n exponential 999 logit 115AI1UNATINVDY exponential o3 logit vgné’h

J [ 1 ) | = -
noulzeanuLluAzLUUANNLIzIdUTRILAaTAaNE Laadnasiuyinny 1

2.9 mM3issuieanglaudaya (Transfer Learning)

= o

Tnglumsduunguamlngliuuuiiasinisieusidsintnaz Ussautymidos
nslinanlunns training iuudulutiususguanaunsyuaums suillennananududeu
wazANAveslinan s IuTwawe s LT unSeufunlned wazAeasimnidl
graguunInevatsduaududeddndlunsuszananaumma wieuduyadoya
eve) wagkiatlunsussinanafionafunaimaleu wieenafunateduai

mMsi3eusienneleudoya w3 Transfer Leaming Ao innfiafitieannailunisiln
Tngnisinaniildlunisussuanavesaodnenssulumaiiiaeniunis pre-train fuTudl
Indviesiu wlfdudrumiwedunaln Inglisndudes random initialize A1 weisht wae

¢ = Lt

ansaseuiandeyadsnalininls ieifisudiunisiseuinunaug FenTuediuaing

WANFNUIENIN domain VBIUBLANYIINTTHNAAE domain RBINSISEUS
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2.9.1 Inception-V3
Inception-V3 fis @a1tnenssulasstieuszamiieunlglunis Image analysis uag

Object detection léSun1swaulag Google 1Uafassusnluany ImageNet Recognition
Challenge Tnetdulassinguszamifisaiignaesentnain InceptionV2 fianlassasrsmelu
pomdu 5 Step lAuA Inception Module A 97u3u 5 Module , Grid Size of Reduction Stepl
37U 1 Module, Inception Module B 471431 4 Module, Grid Size of Reduction Step2 311U
1 Module, Inception Module C $113u 2 Module wSauriuaan Head (8x8x2048) fiannsouen

output 195 1,000 Aana ﬁagﬂﬁl 2.12

Input Image

(224, 224, 3)

Convolution

) Maxpool

[j Meanpool
Layer - [ ) conCat
D Fully Connected
: - Dropout

Softmax

JUN 2.12 lassassannUngnssulassdiguszamiiiey Inception-v3
biluinaiinasnfimesanasanniauwindansdiusedansain laen1susuuse
convolutions k&g maxpooling N91nLAN 5x5 L11d8 3x3 pixels WAL 3x3 AAAILNAD 2x2
pixels puawu I inguszasalun1seanuuu 1x1 convolution fig ABINsluuuIa (shape)
Joyariaen (outputs) {u tensor 1uiwua (N, F, H, W) & N fie batch size, F fia 311

a o

984 convolution filters d@3u H, W @ spatial va3iif mgﬂwﬁ 2.13



5x5in
GoogleNet —

Filter Concat

(Inception-v1)

1x1 1x1

Pool

1x1

Inception Module A
Base

JUN 2.13 IAseasluga Inception NUsznaumeLawees convolution kay maxpooling

neluluga inception nsdifideyaundndunin RGB isaunsawSeuidisuldiu

N13%1 feature map A9gUAUEIE Feauydn TunsaNABINISHARNS feature map tgs 1

b4
v o

Augnyilalagld convolution wuna 1x1 pixels MHN15VEUN 1 stride Fs5UN 2.14 Ingen

weight Ninailunsiazduves RGB tuazidliwinniy dewaluailaluudasiniga ves

[

feature map #83n15%11 convolution Hagiifiudnuazians

A

JUT 2.14 n13911 feature map fiugunim RGB lagldiateas convolution vun 1x1 pixels
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2.9.2 VGG16

VGG16 %38 Visual Geometry Group 16 fi anndnenssulassiieuszamiiivadign

WanTulaenguinidennuminedeeenenasa (Oxford University) 3alasunnuaulainnain

msutedu ILSVR TuT 2014 wazilundenaudsdagiu lnefiganufie nsunui hyperparameter

TUINTILLLUTINT98NLUU LaLBT conv2D TUn 3x3 pixels WiUAAUA stride WAy 1

wazn15l4 same padding az maxpooling 3R 2x2 pixels WiBUAMUA stride LWINAU 2 LU

WeINUNaRnNalasIas 19 IneTeved VGG16 nunedalunanil 16 Juaeaswiauiuauiiuen a9

Jupsevipuunaiveg wasiinsfiwesusunn 138 du Aeguil 2.15

Input Image
(224, 224, 3)

MaxPool {512, 2x2)

Original drug
. Y
S /4D Generic drug
\ &
Output

sUN 2.15 amilpssassanlnenssulassieszamiiey VGG16
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2.9.3 ResNet50-v2
ResNet50-v2 Ao annilnenssulissineyszsamiiesiignitanisieensnain ResNet50
fiawesfiomun 50 awes lasgnuseaniiu 4 Block ¥ conv 2, conv 3, conv 4 wag conv 5
udFUR U 2.16 Fanelu Block ustagsazusznaulusie latees Convolution $11u 3, 4,
6 uay 3 Fu pudiuTsruiviuaiged Convolutional fifinfudagatind (input) wasdoyai
0N (output) Ll lunsisnudnwagiilidanmgdusmndu 2 4u TnsFoues ResNetso
yaneds Suuawotun 50 fuiteglilasstneussamifion Tnedswauawesvioau (3 + 4
+6 + 3) At 3 WU 48 UazuInAuan 2 Fuaiwenitii ussiawestheon Jauvhrfuiaiwes 50
du
InediingUuszasrnisaanwuy Aen1sunUayy vanishing sradient FafniAn
Juiulnssinelszamieniitanudndeutnemn Fslidwauduaeesinngs 152 e vio

WU 8 Winwee VGG16 agltimalinn1seaniuu module NTanwazidun198nas

Input Image
(224, 224, 5)

Bock-1 Bock-2 Bock-3 Bock-4 Bock-5

Original drug

Generic drug

Output

SUil 2.16 antimenssulanag ResNet50-2
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NTpngMesiunsilassinelssamiisaiuu Convolution %38 Deep

learning 1UszgnaduaIasdeduuningusziavedin lnelin1sunausisng uasnadns

el duuuisndeuiulgeisnisnaaetlifivsednsnnunngduanunsoaslalumsnad

2.1

15197 2.1 asUnanuideinieides

ANIZEITY W99 /NIy

E.A. A Convolutional Igniauslinga CNN msfsdayanmeidaiuy

Adewumi [8] | Neural Network (CNN) | lausalaele3s supervised ﬁﬁmﬂﬁﬂmﬁ@ﬂﬁjm k-
based Pill Image mean wuuld@adu uadanenuszam kNN e
Retrieval System untgyrnisduunuszLaiagnsannee

Y.Ouetal. | Automatic Drug Pills | ¥ iaueseuU visual system dwsunsiaduidinen

[10] Detection based on | $lusl FaUszneudae 2 Tuneundn fe ns
Convolution Neural 5793 wazdavanavylaeldnmeidnl,680
Network dmIumMIsEUA LS 470,000 MWEMIUNITIN

Uselnmuazdn 400 NMWEMSUNINTIVEDU

Y.Ouetal |Automatic drugpills | tiaueirsesssiudineniiuseneusiae Tasae

[11] detection based on | #iswilanaidnuagy CNN AlFFUMTUIUURS (EFPN)
enhanced feature Altlunsszydumnis uazlanag Inception-
pyramid network and | ResNetv2 dwisunsdnuun lneldyaveyanine)
convolution neural Wan 612 %in
networks

J. J. Caban et | Automatic tiavemaiamssuungmuludsmmgannnm

al. [12] identification of dinendelusiiva 568 wlaflliluamsy lneld

prescription drugs
using shape

distribution models

wialansnsgegUsuilasunsdauUaaive
MSIEABUIUIN @ FeeUseiiu niauaiiesauen
ANASTITIENINNTA recognize enwstinLAeiulu

A
HUUNBDU
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ANIZEITY

[

VDIV

/N9

S. Suntronsuk

Automatic Text Imprint

aueismsaintemusesUseiuaIndingd

Wy S. Analysis from Pill Images Tmamﬁm;mﬂgmmeﬁ (set or rules) Liewn
Ratanotayanon FuvssosUszriulazmAllANITYAnE Ry 10
[13] sunmufieaufinigaiidJamannwluusails
371 OTSU’s thresholding
L. Tan et al. Comparison of lavinnsneaesUIauisuilssuliiou
[14] RetinaNet, SSD, and UsZANSAN 5291779 object detectionlslaat
YOLO v3 for real-time | 3 19l RetinaNet, SSD waz YOLO v3 Tuns
pill identification psndusauuuGealyl emluaaiiaian
lpgyinTs train UsagdaneIiufuyatayan
Aty
L. Tan et al. Comparison of YOLO v3, IgvinnmeeesssuTiBuUsE AN AT
[15] Faster R-CNN, and SSD Immaﬁaﬁqmwiw object detection liina
for Real-Time Pill 4 3 ¢l YOLO v3, Faster R-CNN uaw SSD
\dentication Tunmsmsaadu uazszyslawuuiuall lag
YIS train UiagdanaInualeyAveanIn
inewianun
Y.F.Wong et | Development of fine- | iniundSnsssyuazasndeuedadnluia
al. [16] grained pill identification | e Deep Convolutional Network #58 DCN

algorithm using deep

convolutional network

Tngldnmdaenluysewsngg ia1ean
nsAnL oD el UaN ML INADUTLANATT WIDL

° ™ = ) aa & Aa
MNSIUTEULNGUNY 2 'Jﬁwugqu‘ﬂll

N. Usuyama et

al. [17]

ePillD Dataset: A Low-
Shot Fine-Grained
Benchmark for Pill

Identification

nageu ePillD Fulunariuissgiuniny

a o i 1 o [ o
auldenn Nvafasuasluasisaglunsm
image recognition FUT¥NBUMEYATBLANIN
lnen 8,184 nmannevienun 4,092 ¥indl
deld 2 g et lUldimssuuns ey

gLUU One-Short InensUseUkUU 1889
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ANIZEITY

[

VDIV

/1579

WugIU baseline A199) ABLNIIUTIUTIBULDS

<3

Useane

P. Chpawa tae K.
Kanjanawanishkul

[18]

Pill Identification with
Imprints Using a

Neural Network

fimungrudeyasildiuinlulusumedlneg
WA ssTUUemRaLndnsluNTIEYeN
ienlizsnuuuiFalniFanthiluiinslises
Useiuuuesiefiagusaiifsumilouiu
naziiaesanesTimuulnsiiielFuen
feature vector eanaINAsBEUsEviulAe Al
Pruwlsiusian vy neuleuinglaseing

Uszamiisalaedinanuaudinenlin 6 vile

S. Ling et al. [19]

Few-Shot Pill

Recognition

thiaueyadeyanmen CURE wuulvidiil
é’hashwiaﬂmmﬁm%u, W2-net dM5UINN"S
Ugynn3 recognition psinlaiinsuas
A0UAUNIIUTIANUUY multi-stream N3ouN

gNSNISEUTIUL 2 stage Lialduselevian

v A a Y o aay o
SU@HEWILﬂEJ'JGU@QﬂUIWLﬁJUIUﬂimw E]ﬂ,lualmu’]@]

Y
Yala =

<@
BRI GRND

U. Patel [20]

Machine Learning-
based
Pharmaceutical
Tablet Inspection and
Recognition
Techniques —

AReview

VUYIIATIZAUYAINIAZ DN gl
MTIATIERAEITablet W1 deep learning
e machine learning LNBATINEAOULALIZUR
81 1ngD DI INWITWLADI AL WIOUTIIYI

~ = ' a .
nsSBulisy sewinamalia machine
learning iU deep learning atiglun wazIsnTs

AATWIANY iemnsUssynaldeulu

QMEMINTTU ViTONIATWABUEIAEEUE
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ANIZEITY We7dy W/
X. Zeng et al. MobileDeepPill: A iaueszULaIns 1N Nne ULl oonlulR
[21] Small-Footprint (MobileDeepPill) Fau vision system mobile

Mobile Deep Learning
System for
Recognizing

Unconstrained Pill

YuaENAUTENaUMantRenssy multi-
CNNs wuulmifilasunisesnuuuniou triplet
loss function wag NSUASNNSTUDALLAALTS

anndansnauams Tunsasnn nedin

Images wuubiiidedniauldlunsneass fuyndeyas
SUNMLIRENANVIBALALNNEAENS LY
a3y

L. Sousa et al. Pill Image PiaUDsEUUN TS MUnU Sz A SrlTAT

[22]

Classification using

Machine Learning

993U uazdveasineioglunm lagld
wallan1sUszaaranmlunsey dugadeya
dosvesyatoya NLM PIR idpvilagvieas
WNVEFNERSUANTaUYALAVIS T SVM
uazFenUTELAn Multilayer Perceptron

classifier

A. Mehmood et
al. [23]

MobilePill: Accurate
Pill Image
Classification via
Deep Learning on

Mobile

Toaunumnislgluma CNN wuuleuialy
MR unAEneWLlvsAwidletiolagld
Frsduunandnwase (feature) Munansneriu
voagUesinfiflenundeadsiu Bsluaa CNN
WUy hybrid agUszneunae luwadassusey
WUUTWNAe uNS suYnvay AN 1SHAN Y
(training set) #iflANAmMaINYaNY AUFULUY
i (dosage forms) vasusiazeuld e
unledgymanuusug uazanuauinluns

=Y

Titayagnangurulnsdnmideds
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5197 2.1 agUNaddeiinglves (vie)

Classification

Rules

ANIZEITY We7dy W/
Y.Wanget | Pill IataueiBnsssyeudednluli® NN wuuldanamuy
al [24] Recognition | Ienfutpdienaasisnslnsanduguanmuvisnadsdensnn
Using Minimal | 94 1,000 ¥ila Tagdumeud 1 audumssiang wawsEy
Labeled Data | fhuvsisseilunmilnensasnduuinadifimsdivougae
LﬁaLLﬁ’i‘Jmumsqm%’aggaﬂﬁﬂﬂNu (training set) wianUnarinu
(label) iflagtios dautuneud 2 wdiunadeu domain
nawildluns trainfasgluiesufoAnsludunm
qulneidneneldanmsssumnaiilifmsaue Inedinede
msesudeyalunasunmerdindwaseidildnisin wasd
GoogLeNet Inception Networkilusiawenuseianan
W. Swastika | Preliminary | siauilaiea mult CNN §umsszyenidiaivsznauseliing
etal [25] | Study of Multi | CNN vis 3 filéSunswaunlagldingnssauunidtellumsssy
Convolution @mé’ﬂwmwé’ﬂﬂumsmﬁm 3 98749 loun &, JUs uaesey
Neural Useaiu Imﬂwﬁqmﬁfj’am“amwsnﬂgﬂ 24,000 wUssdu training set
Network- 95% L@ test set 5% W3U Optimizers Adadelta uazwun
Based Model | 8uwnm 64x64 ﬁ?fqmaé’wﬁmaqLLGiazT,ﬁ,JLma%gﬂﬂizmawaﬁwngﬁ
To Identify e liamithifieadweanavesendaedaunazde
Pills Image
Using
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3.1 YUADUNITABLUIU

Turdamuniinand09sztf8uisIFene1fUNITANTUNITINUNARDY LA8LSUAIN

(%

n1sfnwmged) wazuifefiingites ndudunieugunsal ausindeya viinsdiangy
Aowasaluea wagyinmsindy wieuiviauseanianlunisvegeu wasduiinuanuaisu

> U o a a o =
mLLmummimLummnwLLamﬂugU 3.1

= o e o v
ANV LA WIREVILAAIWaI

!

antazzualnsal wazmiusutdaya

!

inuntayaaanilu 2 nan da wanisilnelu (training set) waz WANS
NAADY (test set)

.

' ™y

dauTluwma NN wazvihnisilneluTeaaldnatauanisilnels (training set)
'y = . = o - ' ¥ o _ |
wianlsmlseruaaniidriianiaalaiuin (weight) Noiunzau

i

vinnsdszifiuma (Evaluate) Tmwealaalubanisviaaay (test set)

:

nadaunisliauase wiauiuiinma waziwms iz

-

aslaanisnaaas

UM 3.1 unwdedunaun1saniiuiu



3.2 NSULUIAANISIVY

Traming set

AeuTyma CNN 501 11iua uaan3uia

M35 naziuIu epoch

!

Pre-processing

Taieiu

Traming process

Validation set

Tuma CNN 1d5ua1 weight nazfi bias 1

(NEPYR AR BN
Pre-processing
uo o
| : Laieinu
> Evaluation process
FiU

Test set

Tauwa CNN fun5 evaluation Moy

dmfuminadeulrau

!

Pre-processing

Taiehu

Pre (]iCtiOlw

ZALY

y

@ = P o = .
Junn (save) N3NUUNNHANITNAADY

v

= 4
NI 151‘1’llﬂ$l’f§ﬂf'lélﬂ]iﬂﬂﬁﬁ)ﬁ

U1 3.2 AFOULLIANNISINY

34
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3.3 JUABLNINAABY

ngUANT 3.2 Fuppunisduiiuaunimnaes NNTBULUIAANTTITBILYN
osunedwiolull

1. gpdoyasuamitiendiuluy wassradyfideninsdwitefoazgniurnda
N wagyhnsdnUseLam (labeling) aawmih iopwazaanlunsldau Aeuazutsseniiu
2 4o yatoya training set ua test set Liteldlun15inslu (training) wazUsziiuna
(evaluate) muaI9U

2. @ouluina CNN fildluntmaaes wazluiaa CNN3n 3 wladldlunis
\Wisuileusemaiia transfer learning dvadnsannaantlnansuy CNN fiunnsisiusiune
python UulUsinsu Pycham Tneldlausi3 Keras uaz Tensorflow W%@mﬁmumm@@uwm
(224, 224, 3) uagduu kernel Tu Dense (128) Insf#leAtunsnseAu Rely, Sigmoid uaz
adam «Ju optimizer wieldlunszuiunis convolution wae classification audFunsay
A MuAILIY epoch wias wAUsEUTlHluNTS training

3. yinsUsEaaateyaaawiin (Pre-processing) fiayndoya training set uas
validation set Iﬂﬂi‘ﬁﬁﬁgﬂ ImageDataGenerator ﬁ]’]ﬂlausﬁl Keras Lﬁaﬁﬂm‘; Nomalization
Tnon1sU¥uuin (rescale) JUninlndnisArfinieadoyasionunde 255 wasld
flow from_directory LitesdunislndiiAvdena nfouiin1sfiimun target size,
batch _size U 64 Uay class mode Iiloin3sudoyalimdouneutiouigluna

a. Yeunpdieya training set 1hgluina CNN Liteviins training Mus1uIu epoch
Algfvuaiielilunainnsiious uagma weight uas bias Avsnzandldlunissuun
LARINARAIUNAS (Error) U tAndeynn overfitting waaldiian train urwAulUazfion
nsnaaedlikIy uazvhmanganszuInns wiewaadmniives udandulvudleluduneu
7l 2 uar 3 BnAss Aeuazdudiunsnude 4

5. mnlunasinunsvaaeuluded 4 s evaluate Tngldyndaya validation
set fINIUNIZUIUNIT Pre-processing vila¥1n153nUs N30 Faviniinauianain
(Error) n3® A1 accuracy lidvinfians Tnduluudlaluduneud 2 uay 3 wdwiumileu
funoureunth

6. Juiin (Save) fialuiaa wagyhnmsnaaeulseansnnlunisanuun dunisldau
93¢ Tnsnniamidinewis 2 vdadruaunils sldlunns prediction niouguadnslunis

AN



3.4 mim‘%ﬂuﬂﬂ‘l’iaga (Data Processing)
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Tudiuniswisuyadoya yadeyarithuldlumnumeasssznoulusmegunimide

81931 18MUFIUEYIU NTDFNIUNLIVIADNTUAIIS TIIUUA 6,240 NN AINBIVRUNA 26

i Tnsuuseanidu 2 vunany fe erdiuwuuwae enadyegvay 13 61 wseAndu 240 nm

MUNTIUARINNT199 3.1

M15797 3.1 NSUTUNEUNTIVAVEILNY 2 FUATEMINIAULUY Uazenanlay

M3NMSUTEUBUaNYAEFUS199INN15AUALNS 2 winildlununaaes

f{jﬁ gIAULUU (Original drugs) g1a3gy (Genetic drugs)

1 NORVASC Amlopine

2 Dramamine Dimenhydrinate

8 Methycobal Methy(-B

4 Flemex Muflex
Ponstan 500

< Mefamed

mg

6 MODURETIC AMILOZIDE

7 Soproxen Annoxen-S

8 Lasix 40 mg Furetic 40 mg

9 Mucosolvan Mucolid
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M5797 3.1 NSUTUIBUNTIUATRILINN 2 BllATenIeenuuuy uazeaslyy (se)

M3NMsUTEUBUaNYE 3UTIINN5TURLNG 2 windldlununaaes

ﬁjﬁ YIAULUU (Original drugs) #1a3ey (Genetic drugs)
9 Mucosolvan Mucolid
10 m NORGESIC Myogesic
11 m Lyrica 75 mg Precius
12 = DUOCETZ Utraphen
Glucophage Siamformet 500
13
500 mg mg

YnUaya (Dataset) NanuAdzgnaeaninsdnidefio Huawei nova 3i Wiauay

a o a A ' v a
ALLRYA 16 ATUNNLYA LLa333UUU§3N3@N§VIGU’JEJIUﬂ7§ﬂ']EJﬂ']WIuaﬂ']WLL'J@a@lILL‘U‘U‘U@ I@‘EJ

Junmawin 4,608 x 3,456 finiga Nidneanyuauntuazeundudundnasdegstoya

Fagudi 3.3

U n n n

Original drugs

P

UN

YIAUBUU

*T=f=le].

3.3 fegndeyasunndineilvlunisnaaessening (u) enandy uay @19)
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Sudloanvinyumant (Juynfuansaadnvusanizvossudaudazsialddaauiian
Tagianizsesuszitu (imprint) feguuiindaifu feature ilpsegnadoadidunnuuansing
seninedusuULay enandilinaaldlunisensi (recognize) wiauvihins labeling Joya
damth ilerrmazmnlunisldon lnefyaainsmsmsunme uazindunsiifinnandenuiny
Judliduinw neuszudseaniu 2 ngufe gadeyanisiinedu (training set) uazynnis
#37980Y (validation set) Alddmiunsiouiuay evaluate amd1dy Fetunerlunnsly

NuvesYRteyan 2 ¥ilavzgnesuigluivesaly

3.4.1 y@avaya training set
YnUaYa training set Ae Yntauaniluwaldlunsuszananaeliinnsiseus nieu

AUIUNNAT weight Wag bias Misnzausialdlunis classification InesuiTuilyadoua 83%
nimuavseAndu 5,200 nMw azgniunldlunsiseuinewiinms pre-processing udatouh

gluna UazyiINg training MAMKUEITURBUAIIUN 3.4

3! = =
yAUD3a Training set

L 4

FTUNIZUIUATT pre-processing

L 4

MHUATINIU epoch

L 4

1. N )
floudng Tima CNN

L 3

Training process

L 4

s ~
Tama CNN wioua1 weight uaz bias

. o
mianzaaiie 1% lumsdnun

JUN 3.4 urudatuneunisilne (training) Yadasa training set
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3.4.2 yadoya validation set
YaUaya validation set A Yadauaililunisusuiiuna (evaluation) iivevinn1susy

TaUsednSAIM loss waw accuracy YosialuAa CNN LaglusniAdeiiyadeya 17% 3nyadeya

anuansoAndu 1,040 nw azgniiunlglunis evaluate Inan1uns¥in pre-processing

WuRgIiugadeya training set iddautnglanag muunulstunauRagui 3.5

ﬂ_‘fﬁﬂj‘ pua Validation set

L 4

HIUNTZ1IUAT pre-processing

v

L
HowdngTuma CNN

v

Evaluation process

L

<
doyailszAnsnmuaslinaa CNN

winlFlunslsuguTinaa

JUN 3.5 unuiatunaunsuseiiung (evaluation) Ingldyndeya validation set
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3.5 gunsallunismaaas waziadaslafldlusuide

gunsniuaziedosieflilurAdouardninnunismaasdlutuneusuidsain
Wdefl 3.3 %Qﬂa%maiu%asialﬂ%ﬂwmué’w

3.5.1 pouiened

pouiameslingn Asus TUF Gaming w¥eun1$nae Nvidia RTX 3060 lddmiu
N9 @sUlUSEATY 8NLUU d@519lLAa wagvinn1snageu é‘fﬂgﬂﬁ' 3.6 Geiusyansamlums

Uszananaldauluma CNN wagnaasaInnsenyideis Huawei nova 3i AELUNISAEATN

\easayadeya fagun 3.7

SUN 3.6 AauRameslidnina Asus TUF Gaming Nladmnsunisileulieg waznisanily

Y 9

NITNAABITUNDUMII)

JUT 3.7 WnsAnsidledia Huawei nova 3i AlddmsunsanenIn ieasyntoyauiay

Y 9

YRA M UNAAD
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3.5.2 Tusunsy

TUswnsa PyCharm Community Edition #ie Tusunsuasufinmasildlununaaes
nfatedt 3.3 Feldlunisifeuluing ONN wassndunITnnasstunousg fausnIs
Iomssuyatoya, training, evaluation, prediction uagyiin1sinuszaniamnisldauves

Tuina CNN Tagldn1wn Python fsgudl 3.8

[ R I S~ ¥ 4 € € Bresiyw 8T Cow A CEw AU B ol W

Ui 3.8 TUswnsu PyCharm Community Edition d1msunisiiulusma CNN wazsiiy

Y

N15VAABIAILATYT Python

4

5U7 3.9 TalAlusunsd PyCharm Community Edition



a2

3.5.3 gamduaglausns
gaadeildluauideainiaden 3.3 svuansedlunisnan 3.2 Fadulausns

(library) 7lgaiun1w Python titeldlumsifisuluma CNN wagaiiuaidelutunausineeg

M5 3.2 YAAEIN1Y1 Python AlEluaide

laln 0h) NLAEITNNT LU

Q Wulausisalaluniswamul Machine

y
r TensorFlow Learning lagtanizn1saslunalaseny
TensorFlow Usganndioy ieldly n153de

Ju Deep Learning Library Tunw Python

Ke ras Keras Aldlunssiana Machine Learning

WULAEINU TensorFlow

Julugadinasuees Python Ailaridu
L i N P NUmPy a [ a 6 o
- NumPy NN UANAAERS LazN1IATULI

fio lausn3 Mlslun1sdnnisiu dataframe
£ o y
I'EI pqndqs Pandas wazdoyasunmmen1¥ Python Tuns

NAandluLaa CNN

n Ao lavs3nldlumsyssaiananiniu
('0 OpenCV HUgIU LU N1581U MSUTU N158UED N3

OpenCV WE3 WAZNISANAMAINUBININ
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3.6 NMSA1UUUIIADY

3.6.1 luwalaseneyseamiiey Convolution Nds199uU

nsasauuusIaes CNN Aldlunisduunenderts 2 wlnaundunadeulunall
Fausigus Tneldlausnd Keras uag TensorFlow lunisadaawosisarduiadussdusznen
nnvedlassadidlung CNN fusnguiaiees Feature learning Aildlunsafnandnuayan
Awduwe (224, 224, 3) ldaufanguiaees Fully connected fldlunisduungunmler
sonunadninudiuiuisey wieududmuadinudinges vuia wagnsinesau 7

AILALNSAUAINNTINN 3.3 haY 3.4 ANUAINU

M13797 3.3 NQULALBS Feature learning Ya4lukAa CNN d5197u

asfusznaulassadsvastlung CNN fildlunisnaaas
Layer type Size Kernel Number of neurons Activation Num.
Conv2D 3x3 64 relu 2
Maxpooling2D 2x2 - - 1
Conv2D 3x3 128 relu 2
Maxpooling2D 2x2 = - 1
Conv2D 3x3 256 relu 3
Maxpooling2D 2x2 - 1

M13799 3.4 nauLaLeas Fully connected layers vaaliliaa CNN d5199u

asfUsEnaulaseadevaslaaa CNN fldlunismaaas
Layer type Units Rate Activation
Flatten - - -
Dense 1536 relu
Dropout - 0.2 -
Dense 1536 - relu
Dropout . 0.2 -
Dense 2 = =




aaq

2 2 3
3x3 2x2 3x3 2x2 3x3
conv. layers set Maxpooling2D conv. layers set Maxpooling2D conv. layers set
Input Image 64 filters / set 128 filters / set 256 filters / set
(224 x224x3)
2x2
Naxpooling2D Fully
Original drug
E—_—— — Regressor —
| Genetic drug

2 neurons Output

JUN 3.10 lassasslunalasetneyszamiisn Convolution Alglunimaaes

luduresn1seeniuu model.compile Amuali SGD WU optimizer WSouABUASAIINTG
158u3 (learning rate) L¥i1fiU 0.001 Wag batch size Wiy 64 1aedin13An loss LUy sparse
catageorical crossentropy (from_logits = True) NSaurivun metrics 1Ju accuracy L‘ﬁaﬁﬂ
M3M3nUsyanEnINAarsaUTEIIINIEUIUANSTINd Y (training) wazwfieliiAn output 1y

onehot encoding

A37971 3.5 @3U Training setting uaz Hyperparameters Yo9luina CNN

Training setting and Hyperparameters
Platform Tensorflow-gpu ver. 2.6.2
Device Nividia RTX 3060
Optimizer SGD
Learning rate 0.001
Epoch 635
Batch size 64
Loss sparse catageorical crossentropy (from_logits = True)
Metrics accuracy
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3.6.2 luwea transfer learning AbBUN15US8ULABU

nnsadaslanea transfer learning %13 3 wiadldluuioudisvazdunislilauss
Keras Wa TensorFlow Tun1sisaaniinennssuuuudiass CNN fifleeflu keras applications
wagiaerunsEnduiuuiilndifsatudaewmada transfer learning Léiun ResNet50-v2,
VGG16 wae InceptionV3 sdau feture learning wgnn3e (Freez) lolinouimunvuin
awasingn (224, 224, 3) waz Fully connected layers fawazyinis run wisadaluea 3
YAUBLA training set uay validation set #is1uN"3 pre-processing ﬁlzgﬂ{]ami’hgﬂmmmﬁa

N3 training kA evaluate MNAIGIU AeFIRENTEUIUNSIUgUANT 3.10

convolutional Neural Network Paracetamol
Truvada
Learning features "gf :
5 - - é
e el Luteina
L SN
|
Trained on Pills & Fine-tune network
Capsule weights
Original drug
Pre-Trained
model CNN New Task
Generic drug

Mew Data

JUT 3.11 sagranisasielaiaa CNN HUNSEUIUNIT transfer learning

Tun1seenuuu Fully connected layers ‘qwﬁ@ga‘ﬁiﬂhuﬂﬁ feature extraction 3¢
gnaslud flatten( iilewasuriadeyalinaroduinianes aray vunn 1 8@ wazdadi
1a39918 lngniseanuuuiaieasusnily dense 128 nefiflandunseeiu relu wiauimua
he_uniform 1w kernel initializer uaz output layer 1u dense 2 aald Waddunszeu
sigmoid Muuali adam 1 optimizer Wag batch size WU 64 Iasdinis@n loss WUy
sparse catageorical crossentropy @21 compile model ialian output 94 onehot
encoding 39fvualy metrics Wy accuracy ieviinsnsinussanEnmusassouTENINg

N9 training



UNa 4

NANTSIYLAZNITILATIZINANISTNAADY

4.1 HAANSVDITEUY
Tufemunilaznaniwadnsfildannisnaassmunszuiunisnisaassluund
3 Wemlunaifiuszansamgegalunissiuunendasznnesifunuy uazeransizyain
TuimalaseneUszaisniiisy Convolution Mtdeuiuiieldlunissiuunesis 2 via
Tnetanziuluna CNN 8n 3 wlafildlunisuSouiioudsadrsainnisisanndnenssuluma
CNN kPR unTg pre-train fusuiilndiesiu Toua VGG16, InceptionV3 waz ResNet50-

v2 sewnatla transfer learing mutunaunlalunisannisal (prediction) fagunini 4.1

Find image's location ] Input El
- Pre-Processing —

Predict Dataset \g{

Step 1: Resize image shape to (224, 224, 3)

L Step 2 : Expand the shape of an image array

Step 3 : Normalization (by dividing image pixel
values with 255)

s

Result: 0
Generic drug
Prediction (binary)
CNN Models
=708
Result : 1

- Original drug
input layer hidden layers output layer

— Developed medel
= Transfer learning model : VGG18

= Transfer learning medel : InceptionV3

== Transfer learning model : ResNet50-v2

5UM 4.1 LNUsTUReUNIZUIUN1IANIAINNITAl (prediction) sadlutaa CNN LeYiINg

Y

AWIAUTEENTNIN



ar

Ingyadoua test set Al4@195 N5 prediction 9xgnfeaIn folder 1U 84
NILUIUNT pre-processing éf'sm;mﬁ’]é"q os fouvzyiN1sUTuTIAgUM Wl (224, 224,
3) WiPUVEE (expand) VWA array sUamuay vi1n1s normalization 1auN19UNIAITINLYa
yoshgunmene 2550 ileUsumdeyalieglugis 0-1 muvoulwaiiiivun Aeuazdouth
dlunaromaiililunimesssudafeeonundunadnslusuuuuresteya binary Tas 0

Wiy enandyuag 1 winiu e1duluy AsiIeg1ansvi Classification lugunini 4.2

0 (TP 0(TP) 0(TP) 0(TP) 1 (FP) 0(TP) 0 (TP, 0(TP)

;

1(TN)

0 (FN)

1(TN)

0 (FN)

U7 4.2 egnan13vi Classification ¥ea Tama CNN
Tunsdinadnsléainnis prediction Sy 0 %qmqﬁwﬁmgﬂmwmm Ty
dourigluiaa f1 True Positive (TP) 9zuantiiandu 1 udvinlinsafuei False Positive
(FP) Rz wWiieatufuerdusuu winnadnsildainnis prediction FAindu 1
Famsafurdavesmmendunuuiiteuddluma A1 True Negative (TN) 9guanuias 1 usivin
laimsariumn False Negative (FN) avUINiLLUTsnasmwesen TP, FP, TN uaz FN 7ildain
N3 prediction fugumugadoua dataset anueilddmiunisannisaiaggnazueglu
#1519 Confusion Matrix fagunm 4.3 Fadutasesiielunisinniuaiansaves machine

learning
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Tunmsundgm classification a0slutaa CNN Feplanandazgninlumulniiie

Y

[y

#1A1 Accuracy, Precision, Recall wag F1 score f9aun1s7 23, 24, 25 ag 26 A1UEI6U
Winldlunisuseliuuseansninnisvinauaassiluma CNN Tunisswuneisingia 2 vie

FMINLIRNULUULAE B188TEY

Actual values

Negative

Positive True Positive False Positive

Predicted values —

Negative gati True Negative

U 4.3 M523 Confusion Matrix lun133nAu@11150v89 machine leaming Tun1sun

Uayu classification

4.2 MyIaUszansnn
nsinUszansnmaesiuea CNN Nasstulasmaiarige asnaialuuni 3.6 tie

AAINONABIUAITIILUNTTAET 0 classification WALNITVIUIBNAYT W30 prediction

Y

e e

Iulannuatnaunlunisuseiiu laeld Accuracy score, Precision score, Recall score

e

wae F-1 score nlglunisidsoueulanannazedanlolaseasiaanarinenssy CNN way
TIUIUTOU epoch NUANAIIAY T3 Accuracy, Precision, Recall wag F-1 Scores @110

AUIUATLS MNEAUNTSN 23, 24, 25 WAL 26 AUAINU



a9

| ~ (TP +TN) »
COUTacY = TP+ TN + FP + FN) 1
precision = —= 42
recision = (TP n FP) ( . )
Recall = —F 43
CCa= TP+ FN) (4.3)

2 X Precission X Recall
p1 (4.4)

Precission + Recall

Iag TP (True Positive) Ain A1 NINIRIQARBUTIUIN, TN (True Negative) fio
ANNNEINTAIQNABITIAY, FP (False Positive) A A1INEINSAIRANAIALTIUIN Lae FN

(False Negative) fip MIINgINTAURANAIALTIAU

4.3 afUs1gNaansvaslunauwiazyia

TudwvesnisediusenaansiilaannsmeassaziluasunanisiSeuiisupzuuy

a

N3l sEaANTAMNsIUNSEINealATIdgUsEEMLIRY Convolution ignaaniuy

Y [

o ¢ v o 2 & a ! v
wlpediinguszadiialdduunendans 2 vlinseninerdunuuiazetady dulueg
lAssneUssamiiion 3 sliafldlunisidseuiisudasieanisannimaiia transfer learning
lngnisrsanndnenssuluea CNN Nidleglulausni keras.applications waziaaniun1slens
naaestunuilnalRgesiuinasadulinalul ndewinisuSuusaaees Fully Connected

° v o v o v a P aa a a °
wazivuATInYestaya i muiIven 3.6 liemlunaniusgangainlun1sdiungsan
TnendunisiansanannALwuY Accuracy, Precision, Recall kag F1 score AlAa1nA1SAILIN
AUNTTN 23, 24, 25 Lag 26 nua1au Laalgdan True Positive (TP), True Negative (TN),
False Positive (FP) wag False Negative (FN) #1l921n01519 Confusion Matrix anu#adef
4.1 B Uunadnslannnis prediction vasluina CNN Augndeya test set IUsEnaume
SUAM 130 MNAAEIINANES 18.5 LWuRlUAT Wiouvinn1sviyu 90° 180° Uag 270° 84
ieLiayinagndeyananeiliu 520 Tnswuseanidu 260 mwdwiueansiuay e1suwuy
ynlglunisanuau

Taglaaa CNN AlglunisiusSeuisuazusenaulumelainanenun 60 JuLnads

1 [~ 1 1 a d' % 1 d'* 1
wiseanidu 3 nquanuaadnenssuusdazsianltunaaes nquaz 20 luna Fauinausiag
nauUsenaulusie luwma CNN fia$1999nd1uau epoch Awansneriu 4 wia laun 20, 15, 10

Wwag 5 epochs AINAIAU LDT1TANI50U epoch N1TRNEY (training) MWLz aUdINTU
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ao1tUnunssu CNN uaazadn nioum A1 weight wag bias Nlulnaksazslaa1LIsaiINg
uunleegiiussansnmeggn newhnisiseuiiguiulunalaseieussaniieulyly

NINARRITIHAT NS LAY INEazIBenTlnaINMINARewiazdIuazgnesungluidesaly

431 Twaalassiedszamidfien Convolution fadrsdudieldlumsvages

MnHadnEnIs prediction lnnalasetreuszamiiisn Convolution Mifuduiteld
$uunedind 2 wiasenienadauazenduuuy aransaviinzuuu Accuracy 16 0.6250
W¥9Y Precision, Recall k&g F1 score Wiy 0.9038, 0.5802 ax 0.7068 AINEIAUIIN A True
Positive (TP) = 235, True Negative (TN) = 90, False Positive (FP) = 25 wag False Negative (FN)
= 170 91191579 Confusion Matrix lugunmil 4.4 nefisaseasdnsslunsasaduenansiols

9E19QNABIINNTIIAULUY 61.70% meduauseuildlunisianu 635 epoch

Confusion Matrix

25

Actual
Generic drug

Original drug

Generic drug Original drug
Predict

U 4.4 911579 Confusion Matrix Yeslasstieuszaminien Convolution 7ildlunisneass



4.3.2 InceptionV3
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A5199 4.1 waansueslueg 4 suduwsnitldanidnenssy InceptionV3 AvAZLULNIT

Jauszavsnmldgegaaniianun 20 lawaa lun1sduwuneidia 2 wile

Top Model TP | TN | FP | FN Precision Recall Accuracy F1 Epoch
1 InceptionV3 14 | 220 | 168 | 40 | 92 0.8462 0.7051 0.7462 0.7692 10
2 InceptionV3 17 | 201 | 187 | 59 | 73 0.7731 0.7336 0.7462 0.7528 5
3 InceptionV3 18 | 193 | 193 | 67 67 0.7423 0.7423 0.7423 0.7423 5
4 InceptionV3 16 | 224 | 159 | 36 | 101 0.8615 0.6892 0.7365 0.7658 15

PNNAINSNLARINAT prediction vaslutaa CNN Alglunisiuseuliisu Feadns

31nan1UneNIs InceptionV3 Aen13199 4.2 lunaniluseansamganannyianaia 20 Tuna

ldaa1Unenssutfvanu Asluina InceptionV3 14 AlHIIUIUTOUNITRANY 10 epoch 4

A1U150AZUUY Accuracy Ligsaniie 0.7462 WSouAzIUY Precision = 0.8462, Recall =

0.7051 tag Fl-score = 0.7692 271nA1 True Positive (TP) = 220, True Negative (TN) = 168,

False Positive (FP) = 40 uag False Negative (FN) = 92 #4m1979 Confusion Matrix T

a a v °o & LY % v 1 4 ' £
EUJ‘I’]‘W‘W 4.5 lngdons1ANdnt3alun1snsI9dueNay QJJIG]’EJEJ'NQﬂﬁ]@ﬂﬂ’]ﬂﬂ’l’]ﬂﬂﬁ]uLLUU
23.64%

Actual

Generic drug

Original drug
i

Generic drug

Confusion Matrix

Predict

Original drug

E‘Uﬁ 4.5 71579 Confusion Matrix d115uUluaa Inceptionv3 14
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4.3.3 VGG16

AN 4.2 NAaNSVRILULAG 4 UAULSNAEDUNENTTY VGG16 NYiNAzLUunIsIn

UszdnSnnlageananiievun 20 lea Tunisduunenidn 2 iia

Top Model TP | TN | FP | FN Precision Recall Accuracy F1 Epoch
1 VGG16 13 203 | 130 | 57 | 130 0.7808 0.6096 0.6404 0.6847 10
2 VGG16 15 200 | 133 | 60 | 127 0.7692 0.6116 0.6404 0.6814 10
3 VGG16 9 197 | 135 | 63 | 125 0.7577 0.6118 0.6385 0.6770 15
4 VGG16_14 173 | 159 | 87 | 101 0.6654 0.6314 0.6385 0.6479 10

nuaansiildainnig prediction vasluna CNN Aldlunisiuieuiiiou Feadns
naadnenssu VGG16 famnsnsit 4.2 ImLmaﬁﬁﬂizﬁw%quaqﬂumﬁwLLuﬂmLﬁmﬁ’jq 2
ilaaniienun 20 Tumaildaantnenssuientu delune VGG16_13 ildsmauseulunis
fAnelu 10 epoch Fsa13nsnazuuY Accuracy igeanfie 0.6404 wiauAzLUY Precision =
0.7808, Recall = 0.6096 wag Fl-score = 0.684731nA1 True Positive (TP) = 203, True
Negative (TN) = 130, False Positive (FP) = 57 wag False Negative (FN) = 130 21A%1979
Confusion Matrix Tugun il 4.6 Tnefisnsamnuduialunisnsadueasiylsogisgnies

1NANNYIAUBUY 35.96%

Confusion Matrix

Actual
Generic drug

Original drug

Generic drug Original drug
Predict

U7 4.6 1319 Confusion Matrix dwsuluea VGG16 13
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4.3.4 ResNet50-v2

AN 4.3 NAaNSVRILULAG 4 FUAULSNAME1UNENSTU ResNet50-v2 AVinAgkuunIg

Jauszavsnmldgegaainiiavun 20 lawaa lun1sduwuneilin 2 wile

Top Model TP | TN | FP | FN Precision Recall Accuracy F1 Epoch
1 ResNet50vV2 18 | 227 | 184 | 33 | 76 0.8731 0.7492 0.7904 0.8064 5
2 ResNet50V2 13 | 206 | 196 | 54 | 64 0.7923 0.7630 0.7731 0.7774 10
3 ResNet50vV2 2 | 194 | 207 | 66 | 53 0.7462 0.7854 0.7712 0.7653 10
4 ResNet50v2 4 | 195 | 202 | 65 | 58 0.7500 0.7708 0.7635 0.7602 20

nuaansiildainnig prediction vasluna CNN Aldlunisiuieuiiiou Feadns
nantnenssu ResNet50-v2 fapnanadt 4.3 lunafisiuszdvsamgsgalunisduuneisin
7 2 giaanvianun 20 Tumaildaandnenssuieaiu foluna ResNetsov2 18 Wldsuu
soulun1sflnilu 5 epoch Gsa1unsanzLuL Accuracy ligagniia 0.7904 wianAzLuL
Precision = 0.8731, Recall = 0.7492 wag Fl-score = 0.8064 21nA1 True Positive (TP) =
227, True Negative (TN) = 184, False Positive (FP) = 33 ke ¢ False Negative (FN) = 76
91nM1319 Confusion Matrix fsgunmil 4.7 Tnedsnsinnudnsalunisnsinduenatals

RYNYNABIINNTIIYIAULUY 18.94%

Confusion Matrix

Generic drug
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Original drug
|
~
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I
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U1 4.7 m1574 Confusion Matrix dw3ulaea ResNet50v2_18
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4.35 afunenadnsvasanatenauylayeedin

INNTNABDINTINTULWIIATINUA 26 FUTLea CNN TarUaRlTlunsnnasssien
nfignsanudsalunsnyadulied ugnaewinfian Aeediuwuy Ponstan 500 mg N8R

AUt ugluMsTuniias 1.35% d@uennionsaudnsalunisnsiadulae Ei'NQﬂéTENiJ’]ﬂ

dldv [

fign Aosnansiay Muflex AildnAuusiuglumsswungada 5.229% dsnswiiuSeudiousnm
ANuuiuE BN 26 luguami 4.8 fildannsdunilagldan Ture position uaz
Ture negative gﬁﬂLfluﬁ’m'l'iﬁ'lLLUﬂﬂIQﬂﬁadﬁlﬁmﬂﬂizmumi prediction ¥8981@1IgywaLEN
FunvuusazslanuddufuAmasIYeINIIMUNTignies (Ture) FravanmAuAndy

dnsndniosavenugniosumnsinduveseusaslinyiaiun 26 dnldlunsmeass

ams1AaNuLuEnTunIsaAsIAUBadeLia 26 6fxann
3 =l
Tutaa CNN MYuuaNTaTuAIsnaaay

GLUCOPHAGE 500 MG 2.57
SIAMFORMET 500 MG 2.61
DUOCETZ 2.55
UTRAPHEN 4.38
LYRICA 75 MG 5.22
PRECIUS 5.11
NORGESIC 3.53
MYOGESIC 3.37
MUCOSOLVAN 4.67
MUCOLID 3.78
LASIX 40 MG 4.28
FURETIC 40 MG 2.48
SOPROXEN 4.26
ANNOXEN-S 4.10
MODURETIC 3.58
AMILOZIDE I 4.28
PONSTAN 500 MG 1.35 ’
MEFAMED 5.03
FLEMEX 2.76 |
MUFLEX 5.42

METHYCOBAL 4.79 |
METHYL-B 5.05
DRAMAMINE 3.28 | I
DIMENHYDRINATE 5.13
NORVASC 3.49
AMLOPINE 2.93

0.00 1.00 2.00 3.00 4.00 5.00 6.00

SUT 4.8 nsdasianuiuglun1snsiatueia 26 §anluiea CNN isnuan il

Y

N1INAABY
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4.4 a3Una

AN5199 4.4 MsUSeuisulunalassneUsEamiien Convolution AlUlUNSNARBIAU

luwna Transfer learning 8n 3 afia AlglunsuSaULigU

Top Model TP | TN | FP | FN | Precision | Recall | Accuracy F1 Epoch

1 ResNet50v2 18 | 227 | 184 | 33 | 76 0.8731 0.7492 0.7904 0.8064 5

2 InceptionV3 14 | 220 | 168 | 40 | 92 0.8462 0.7051 0.7462 0.7692 10

3 VGG16 13 203 | 130 | 57 | 130 0.7808 0.6096 0.6404 0.6847 10

4 Model CNN 2351 90 | 25 | 170 0.9038 0.5802 0.6250 0.7068 635

nnslSeuigulseansninlunisiwunseninalumalassiieusyaniiey
Convolution eenuwuuniieldlunisdwuneda 2 slasgrinsefuwuukazeasiy fu
luiaa CNN 80 3 ila AlraartnenssunanaefUNIUNTEUIUAIS transfer learning A4
M13199 4.1 laiiea CNN AianansasiaguuunsinUseansamlaeasangaiaausiuglunis
o < :’/ A Al 1 1 A [ A
Funeinng 2 Ranldaiuisanenuerlalagdiaiasannanuae (feature) Nauanii
ANUAIEATINY VUA (size), & (color) uag JUT1 (shape) 11 26 Minlluaumeaes uagil
Wesiduanuunneglunisnsadussninee s 2 slasfiande luna ResNet50v2 18 il
d01dnunssu ResNet50-v2 wnuwnalia transfer learning wiaud1wausovluni1stlnau
(training) 5 epoch AIBAZLLUU Accuracy qqqmﬁﬂ 0.7904 WiauAZIUU Precision = 0.8731,
Recall = 0.7492 way Fl-score = 0.8064 annlutaatianus 61 luwantolunisnaass way
Julueanviezwuuligegaannlunanvun 20 lumaildanidnenssu ResNet50-v2 &l
Uszansamannninlunannldan dnenssu VGGL6, InceptionV3 wagluinalassuieuseam
a . PN gy 1 Y] o v v
e Convolution #lglun1snaaes lnelignsanuuansislunisnsadueiadalagndes
WUUGININNTIPIAULUULNES 18.94% Fatiagninluwma CNN 8n 3 ¥laftglunisnaasy
Aatiy lmanaadnenssy ResNet50-v2 snumaia transfer learning 3918uluina CNN 7

I~ % a ) v 1 [ @) v

winnzavazilulumasusuunaggninluinusesentusundunssy nateiduatuay
\nseslledigmdedmiundunsuazyuaansninsunmglunmsatvgiiiianisuiien nsly
grldlinauardaymnsldenldgnaesiifinainuanafssvesenandsy Sszaunsatiedin

Atelasinsidulusuiag
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d3UnanIInAaDg

ISR TngUszasd iileniBnisfimnzaslunisadislana CNN duuuudiay
ihluianndelulusunandunieiodmivaundunssy uaryaainsmsnisuimg Tums
Fuunefinszninsefunuy wazenandy Aldaunsasenuezesnldlaeiesuiieanain
Snwniy (feature) AilauAdnenas Havun (size), 5U319 (shape) uazd (color) untiuses
Usey (imprint) ﬁaé’ﬂaeujuuﬁuﬁmﬁgﬁwwﬁmawé’q sududnvaefissegafisafianunse
THuenuey ieanaitadelunsssyauvnnisuiion viensldeiligndesiinainnisly
gafunuIRULUY waransntieTiadinelitudadunselfisdy Taensnluea
Deep learning ﬁﬁ‘ﬂiaﬁ‘tfl%mwiumﬁmuﬂgﬂ&!ﬂﬁ'a%ﬂﬂmﬂ Convolution Neural Network
wazThnsiSuiteuiulimans 3 viaiiadrnnisesaandnenssaluma CNN finesiiy
514 wazilsuussiulsvsananamuisenarsatusemeda Transfer learning A
InceptionV3, VGG16 wag ResNet50-v2 Famoeunisldautunuilnglfe stumnadady
Tuwnalugd AeuaziuUsunssty Fully Connected layer NTUNMMUATUIATDY AU
(input size) Inelglusunsu PyCharm Community Edition vumawiiunasiidnina ASUS TUF
Dash F15 suanen 711 Python version 3.9 Tngldinmdneniianun 6,240 an Fsuvady
5,200 MMWAIMTUYATDUANITRANY (training set) Wazdn 1,040 A1 dviuyadayanis
sadau (validation set) 31nsudinviedu 26 fadadusndauvuudafildfuily was
anunsanzelimuiueesn ralinensy wiodauneiuianieg luussndalnedideann
ndoslnsfmidiofiononyinns label Toyadamiiionnuazmnlunisldom Tnefiyaains
yemsunng wazindvnsidmnuidermadudliduinm anllunismeassisldiiauena
Asnaaeawdrluund 4 InenisiwSeudisuan Accuracy, Precision, Recall waz Fl-score 7i
Tludauszansamlunisduunvedana CNN Aldanms prediction Autgadeya test set
fusnauludenmiildlunisnaasusiuiu 520 A Tnefiansananlunaiivinazuuu
Accuracy leigeiian Fadudmnuusuglunsduun uagdssavsamuosialuing uazas

asunanisideuasteiauawuiiati Ui lunsidesely
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5.1 #3UNAN133Y

nnsUIeuiisulaina ONN fildlunisneaes Aulueadn 3 sdadildlunis
Wisuiisudeasiaaininaia Transfer leaming Tuiaa CNN fianuisavinazuuunisin
UsgAnsninnsduunldgeiian uasliofifudaruunndndlunisnsiafussaineeia 2
yilagniigade luiaa ResNet50v2 18 Mldfiaadinenssu ResNet50-v2 wipnduauseunis
Hnelu 5 epoch Faannsorvavuuuii Accuracy Recall wag F-1 Score lﬁq\'ifjﬂﬁﬂ 79.04%,
76.92% waz 80.64% muay Tiftesnzuun Precision wihthuiild 87.31% Fafususiuany
sesanlunalasadisyszainifion Convolution idsuduiositldazuun Recall g
88.85% wiriuanlumaneoun 61 lnafldlunismaaes

Tnsanmniilunalasstneuszayiion Convolution Afdutudagnasnuuusn
dioldlunisswunendaia 2 vialaeldsounisiindu 635 epoch d1unsariAzuLATI
Usgansainnissauunlddesniiluna CNN 3n 3 giafiindedsassainaniilnenssy
ResNet50-v2 uag InceptionV3 uaz VGG16 meLnatia transfer learning 937971 4.1 919
[inanAuNYesYAteYa dataset Tifav1anisUTulAsImINzaAnaLielilumaantsn
afauas Aanudnuazvesininofioglunmliognaiussansam wazniwensililuns
Aruan nieaiuavesreufiamesfilalunisnaassdilinin nieenaliiivuszansaimiies

Y

e{' Y . & ! Aa o a s o
W@V]ﬁ]ﬂﬂuﬂﬁaﬁﬂmﬂa Deep learmng F9A 0 NUAIUBULDU, WITIULHDTAITUIUNUD

Y

A Ay s Y = Y o g v o ! o @& v 1% i 9
Miam%mawE]Sﬂ’erU'NamHﬂl@ ‘V]’ﬂwﬂqiﬂgﬁiﬂlﬂ,ﬂaLLG]@L’V]’J‘U']LUUW@QI%L'J@']V]UTUW@’]U?U

o el' ' =~ v a 5 '
bbele 9TUIU epoch VliJ']ﬂﬂ'NIllLﬂa CNN 71@39MumAUA transfer leamlng VALY

5.2 UaLEUBLUZINDNISNAIUIIUIY

14

a o 3 a val = P
521 LWN@UWU’JUGQWGU@@Jaiﬂﬂ"IWLN@Eﬂ LLﬁS%u@IW@Jﬂ’N@JﬂaqﬂﬂJqﬂsﬂu LNBVYY

Y Y

£
=

YauLlupN1AaeslinsauARUEITY

a0

522 \iudunsunisvnasulieuliisudnsnavesvuiatayagunindiinnilse

Uszansannlunisduunvesuaa CNN ievawinvesdeyagunmiidinianumsnzay

a

gm
523 aswldsuannenssy wsotiuInuuluwantelunisidsousneulrunndu
WiauUMNUAIIUIU epoch TliAMNNAINUABINBIINANITIUIU epoch, AT weight Lag

bias NiANULLNzaunUlLakA Az Da LA ULLUENINT U
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A5199 1.1 waansuszandsnmnsdunvesluna CNN Aldaadnenssu InceptionV3

11 20 Tuwea wiveldlunisiussuiieu

Model TP | TN | FP | FN | Precision | Recall | Accuracy F1 Epoch
InceptionV3 1 | 227 | 143 | 33 | 117 | 0.8731 0.6599 0.7115 0.7517
InceptionV3 2 | 234 | 123 | 26 | 137 | 0.9000 0.6307 0.6865 0.7417
InceptionV3 3 | 231 | 136 | 29 | 124 | 0.8885 0.6507 0.7058 0.7512 20
InceptionV3 a | 222 | 137 | 38 | 123 0.8538 0.6435 0.6904 0.7339
InceptionV3 5 | 224 | 158 | 36 | 102 0.8615 0.6871 0.7346 0.7645
InceptionV3 ¢ | 224 | 159 | 36 | 101 | 0.8615 0.6892 0.7365 0.7658
InceptionV3 7 | 219 | 161 | 41 | 99 0.8423 0.6887 0.7308 0.7578
InceptionV3 8 | 233 | 129 | 27 | 131 0.8962 0.6401 0.6962 0.7468 15
InceptionV3 9 | 224 | 157 | 36 | 103 0.8615 0.6850 0.7327 0.7632
InceptionV3 10 | 232 | 137 | 28 | 123 0.8923 0.6535 0.7096 0.7545
InceptionV3 11 | 252 | 74 8 | 186 0.9692 0.5753 0.6269 0.7221
InceptionV3 12 | 237 | 124 | 23 | 136 0.9115 0.6354 0.6942 0.7488
InceptionV3 13 | 221 | 149 | 39 | 111 0.8500 0.6657 0.7115 0.7466 10
InceptionV3 14 | 220 | 168 | 40 | 92 0.8462 0.7051 0.7462 0.7692
InceptionV3 15 | 191 | 188 | 69 | 72 0.7346 0.7262 0.7288 0.7304
InceptionV3 16 | 241 | 114 | 19 | 146 0.9269 0.6227 0.6827 0.7450
InceptionV3 17 | 201 | 187 | 59 | 73 0.7731 0.7336 0.7462 0.7528
InceptionV3 1s | 193 | 193 | 67 | 67 0.7423 0.7423 0.7423 0.7423 5
InceptionV3 19 | 211 | 131 | 49 | 129 0.8115 0.6206 0.6577 0.7033
InceptionV3 20 | 220 | 137 | 40 | 123 0.8462 0.6414 0.6865 0.7297
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AN 1.2 HAaaNsUSEANTANAITIUNYelLAa CNN Nldaatnenssy ResNet50v2

11 20 Tuwea wiveldlunisiussuiieu

Model TP | TN | FP | FN | Precision | Recall | Accuracy F1 Epoch
ResNet50vV2_1 | 179 | 216 | 81 | 44 0.6885 0.8027 0.7596 0.7412
ResNet50V2_2 | 194 | 207 | 66 | 53 0.7462 0.7854 0.7712 0.7653
ResNet50vV2_3 | 193 | 201 | 67 | 59 0.7423 0.7659 0.7577 0.7539 20
ResNet50V2_4 | 195 | 202 | 65 | 58 0.7500 0.7708 0.7635 0.7602
ResNet50V2_5 | 189 | 206 | 71 | 54 0.7269 0.7778 0.7596 0.7515
ResNet50V2_6 | 195 | 202 | 65 | 58 0.7500 0.7708 0.7635 0.7602
ResNet50vV2_7 | 179 | 208 | 81 | 52 0.6885 0.7749 0.7442 0.7291
ResNet50vV2_8 | 172 | 188 | 88 | 72 0.6615 0.7049 0.6923 0.6825 15
ResNet50V2_9 | 191 | 202 | 69 | 58 0.7346 0.7671 0.7558 0.7505
ResNet50V2_10 | 186 | 211 | 74 | 49 0.7154 0.7915 0.7635 0.7515
ResNet50V2_11 | 188 | 204 | 72 | 56 0.7231 0.7705 0.7538 0.7460
ResNet50V2_12 | 220 | 144 | 40 | 116 0.8462 0.6548 0.7000 0.7383
ResNet50V2_13 | 206 | 196 | 54 | 64 0.7923 0.7630 0.7731 0.7774 10
ResNet50v2_14 | 178 | 208 | 82 | 52 0.6846 0.7739 0.7423 0.7265
ResNet50vV2_15 | 185 | 201 | 75 | 59 0.7115 0.7582 0.7423 0.7341
ResNet50V2_16 | 165 | 219 | 95 | 41 0.6346 0.8010 0.7385 0.7082
ResNet50V2_17 | 185 | 211 | 75 | 49 0.7115 0.7906 0.7615 0.7490
ResNet50V2_18 | 227 | 184 | 33 | 76 0.8731 0.7492 0.7904 0.8064 5
ResNet50V2_19 | 182 | 203 | 78 | 57 0.7000 0.7615 0.7404 0.7295
ResNet50V2_20 | 190 | 196 | 70 | 64 0.7308 0.7480 0.7423 0.7393




AN 1.3 HaaNsUsEANSAMAIUNYelLAa CNN Aldaa1tdnenssy VGG16

11 20 Tuwea wiveldlunisiussuiieu
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Model TP | TN | FP | FN | Precision | Recall | Accuracy F1 Epoch
VGG16_1 169 | 157 | 91 | 103 | 0.6500 0.6213 0.6269 0.6353
VGG16_2 171 | 148 | 89 | 112 | 0.6577 0.6042 0.6135 0.6298
VGG16_3 175 | 154 | 85 | 106 | 0.6731 0.6228 0.6327 0.6470 20
VGG16_4 163 | 162 | 97 | 98 0.6269 0.6245 0.6250 0.6257
VGG16_5 149 | 171 | 111 | 89 0.5731 0.6261 0.6154 0.5984
VGG16_6 171 | 156 | 89 | 104 | 0.6577 0.6218 0.6288 0.6393
VGG16_7 186 | 143 | 74 | 117 | 0.7154 0.6139 0.6327 0.6607
VGG16_8 158 | 161 | 102 | 99 0.6077 0.6148 0.6135 0.6112 15
VGG16_9 197 | 135 | 63 | 125 0.7577 0.6118 0.6385 0.6770

VGG16_10 140 | 180 | 120 | 80 0.5385 0.6364 0.6154 0.5833
VGG16_11 157 | 166 | 103 | 94 0.6038 0.6255 0.6212 0.6145
VGG16_12 156 | 168 | 104 | 92 0.6000 0.6290 0.6231 0.6142
VGG16_13 203 | 130 | 57 | 130 0.7808 0.6096 0.6404 0.6847 10
VGG16_14 173 | 159 | 87 | 101 0.6654 0.6314 0.6385 0.6479
VGG16_15 200 | 133 | 60 | 127 0.7692 0.6116 0.6404 0.6814
VGG16_16 160 | 155 | 100 | 105 0.6154 0.6038 0.6058 0.6095
VGG16_17 187 | 143 | 73 | 117 0.7192 0.6151 0.6346 0.6631
VGG16_18 118 | 194 | 142 | 66 0.4538 0.6413 0.6000 0.5315 5
VGG16_19 181 | 140 | 79 | 120 0.6962 0.6013 0.6173 0.6453
VGG16_20 146 | 160 | 114 | 100 0.5615 0.5935 0.5885 0.5771
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Vision-Based Drug Classification System using
Transfer Learning Approach

Patpon Laohakijvitoon
Master of Engineering Program in Engineering Technology
Thai-Nichi Institute of Technology
Bangkok, Thailand
patpon23(@gmail.com

Abstract—Dispensing generic drugs instead of original drugs
from pharmacies may cause adverse drug events to patients. It
is difficult to separate between generic drugs and originals due
to their similarities, except for imprints on the tablets. In this
paper, a vision-based medicine tablets classification system
using Convolutional Neural Networks (CNN) with a transfer
learning approach is proposed. The proposed classification
system aims to helps its user distinguish between the original
drugs and generic drugs based on imprints on the medicine
tablets. Multiple CNN models are created and tested as the
classifier for the drug classification system. Three well-known
CNN models are chosen as base models for creating CNNs with
the transfer learning, including VGGIG6, 1 -V3, and
ResNet50-V2. The developed CNN models are tested with
images of medicine tablet taken from smartphones, Results from
the experiments are evaluated through accuracies, precisions,
recalls, and F-1 scores. Experimental results show satisfying
performances of the proposed system in classifying original
drugs and generic drugs using visual information.
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CNNs mimic the human visual system, allow them to process
visual data better than other algorithms. Implementation of
CNN-based algorithms also appeared in the field of medical,
such as in [9]. Some other examples include the Vietnamese
herbal medicine recognition using a CNN that combined from
VGGI16 and Xception models [10], the detection of lung
cancer [11], and the COVID-19 detection from photographs
of chest X-ray using the VGG 16 model [12].

From the success in various applications, CNNs have
promising potentials for classifying original drugs and generic
drugs from their appearances. Although these two types of
drugs arc greatly similar to cach other, there are some visual
differences that can be observed. One of the differences is the
imprint on the tablet, which may be difficult for some patients.
Despite performances of CNN models, the creation of CNNs
can consume time and computational power. However, there
is a transfer learning technique that can casc the CNN creation
by reusing existing CNN models [13]. Therefore, this paper
a vision-based drug classification system based on

Keywords—medicine tablet, lutional neural k,
transfer learning, image classification, deep learning

1. INTRODUCTION

In the present world, people in some countries can
purchase medicines directly from pharmacies and private
clinics [1]. Dispensing medicines to patients can have many
possible errors such as missing or incorrect information,
incorrect strength, and incorrect dosage [2]. These problems
may result in varieties of problems which could be fatal. For
the problem of missing information, some pharmacies can
take an opportunity in dispensing the generic drugs instead of
the originals. Generic drugs arc almost the same as their
original counterparts in both visuals and ingredients, though
they are around 85 percents cheaper than original ones [3].
Despite containing the same ingredients and bioequivalent
values of their originals [4], adverse effects may occur
because some generic drugs are not tested for the therapeutic
safety efficacy [5). Generic drugs may also be contaminated
during the manufacturing process, such as the incident in [6].

Recent rescarch employed different approaches to detect
or classify drugs in various applications. For example, the
detection of counterfeit medicines in [7] and [8]. Deep
learning algorithms were also employed for medicines
detection and classification, such as the detection of traditional
Chinese medicines using YOLOvS [9]. Convolution Neural
Network (CNN) is one of deep learning algorithms which
have been widely utilized for vision-based tasks. Structures of

the CNN with a transfer learning approach. The proposed
system consists of a smartphone and a laptop with CNN
inside. The smartphone is used as a camera to take a picture
and send it to the laptop. The laptop classifies the acquired
picture using the CNN as one of two classes: original drug and
generic drug. Multiple CNN models were created through the
transfer leamning approach. Each CNN model used one of
three existing models as the base, including VGG16 [14].
Inception-V3 [15]. and ResNet50-V2 [16]. The created CNN
models were trained using images gathered from different
medicine tablets. The classification system was evaluated
using additional medicine images taken from the smartphone.
Satisfying results were achicved from the experiments.

Remaining sections of this paper are divided into sections
as follows: Section 2 describes the proposed generic drug
classification system and its components, Section 3 explains
the implemented transfer leaming approach, Section 4
displays the experiments and the results, and Section 5
concludes the paper and discusses future works.

II. DRUG CLASSIFICATION SYSTEM

The proposed drug classification system aims to classify
images of original drugs and generic drugs which are differed
mostly by their imprints. The system hardware includes a
smartphone and a laptop. The smartphone is employed as the
camera and the laptop is used to compute the classification
algorithm based on the convolutional neural networks.
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Fig. 1. Diagram of the proposed drug classification system.
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Fig. 2. Examples of images in the drug tablets datasct.

Algorithm of the proposed system is illustrated as a diagram
in Fig. 1. The recognition process starts after the user took a
picture of the medicine tablet through the smartphone. The
picture is then sent to the laptop for classification. The picture
of the tablet is processed into a RGB image with the size of
224x224 pixels, before directly sent to the CNN without
further processing. The image is processed through different
layers of the CNN to be classified as one of two classes,
including the original drug and the generic drug.

The proposed classification system relies on the CNN,
which can be considered as the main part of the system.
Different CNN models were applied and tested for the CNN
part, including VGGI6. I V3, and ResNet50-V2.
These models are pre-trained models which already existed
and ready to use in general applications. However. these pre-
trained CNN models require additional training for the task of
drug classification, in which the transfer learning approach
was applied. Further details of the implemented image dataset
for the training and the employed CNN models are described
in following subsections.

A. Drug Tablets Image Dataset

The employed CNN models need to be trained with related
data before the implementation, similar to most deep learning
algorithms. Dataset applied in the training of the CNNs
consists of 6,240 images taken from 26 different drugs. There
are two classcs of the medicine tablets in this dataset, which
are original drug and generic drug. Some examples of images
in the datasct are shown in Fig. 2. It can be seen from Fig. 2
that most original drugs and generic drugs are almost
identically the same, except for imprints on the tablets. Images
in the dataset were taken from various orientations using
different smartphone cameras. Resolutions and dimensions
are random in each image. Despite randomness in the
dimensions of images, the tablet imprints are visible on most
of the tablet images. Images in the dataset were pre-processed
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Fig. 4. Archi

to normalize the data and resized to match the input of CNNs,
before the implementations in the training and evaluation.

The d: was randomly sep d into two sets, which
are the training set and the test set. The training set consists of
5.200 images, while the test sct consist of 1,040 images. The
training sct was used during the trainings of CNN models. The
test set was used to evaluate the models during trainings.

B. CNN Models for Drug Classification

CNN is the vital part of the proposed classification system.
The main purpose of the CNN part is the classifier that can
determine the input image to be either original or generic drug.
The CNN models can be either created from the beginning by
designing new models based on convolutional layers, or using
the existing models. Most of existing models were pre-trained,
which make them easier to use than designing a new model
from scratch. In this work. three well-known pre-trained
models were selected for ing new CNN models. Each of
the created models was applied as the classifier in the
classification system, onc model at a time. The selected CNN
models include VGG16, Inception-V3, and ResNet50-V2.

Visual Geometry Group 16 (VGGI6) is a CNN
architecture with 16 layers that remains one of thc most
favored CNN models [ 14]. Architecture of VGG 16 consists of
convolutional layers with the filter size of 3x3, max-pooling
layers with the size of 2x2, and dense layers. Both
convolutional layers and max-pooling layers have the stride
settings of 1. The padding for the convolutional layers is set to
have the output of each convolutional layer be the same size
as its input. The input size of the employed VGG16 has the
input size set to 224x224x3, which refers to a RGB image
with the size of 224x224 pixels. Layers in VGG16 are placed
in sequence, as illustrated in Fig. 3.
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Fig. 5. Architecture of the implemented ResNet50-V2 model.

Inception-V3 is also one of the most used CNN
architectures for image analysis and object detection. It was
developed from Inception-V2, in which the internal structure
was reduced to five steps. or five Inception modules [15].
Inception-V3 has fewer parameters than its predecessor, yet
remains effective due to the improved size of convolutional
layers and max-pooling layers. There is also an
implementation of 1x1 convolutional filters in some layers to
reshape the output sizes and dimensions. The Inception-V3
model is employed for the transfer learning approach with the
input size of 224x224x3, same as the VGG16. Architecture of
the implemented Inception-V3 model is visualized in Fig.4.

ResNet50-V2 is a CNN architecture developed from the
ResNet50. Its design aims to solve the problem of vanishing
gradients that often occur with relatively deep neural networks
[16]. The number of layers in ResNet50-V2 is 50 layers, as the
name suggested. Connections between some layers in
ResNet50-V2 are applied with a design technique called skip
connections, in which some levels in the network are skipped.
The ResNet50-V2 model was applied for the transfer learning
approach with the same input size as in the employed VGG16
and Inception-V3. The employed architecture of ResNet50-
V2 is displayed as a diagram in Fig. 5.

1. IMPLEMENTED TRANSFER LEARNING APPROACH

Transfer learning is a technique that can reduce the time-
consuming process of the CNN training. Typically, training a
CNN model require a significant amount of time and
computational power. These problems usually caused by the
incrcased complexity and depth of the model, since the
number of layers and parameters in CNN models are
significantly large. Transfer learning can solve these problems
by reusing parts of the CNN model that have been pre-trained
for similar tasks, to create a new CNN model [13]. The new
model can be trained using new data for its corresponding
tasks, without the need for weight initialization, as described
in Fig. 6. Transfer learning technique is also viable for training
a CNN model with a small amount of data in the dataset.

The CNNs applied for the drug classification system was
built and trained using the transfer learning technique. There
are various transfer learning approaches available. The
implemented learning approach takes one of three
selected models as described in section 2 of this paper. to
create a new CNN. The parts in pre-trained model with
convolutional layers for feature extraction were frozen. The
trained parts were dense layers at the end of the network. Each
of the models created through the applied approach was
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Fig. 6. Differcnces between, top: conventional training of CNNs, and
bottom: implementation of the trasfer lcarning.

L L]

redesigned to have an input layer with the size of 224x224x3,
and two dense layers, while other parts of the model remained
the same as its pre-trained counterpart. The first dense layer
contains 128 neurons, and the second dense layer contains 2
neurons. Two neurons in the second dense layer refer to two
output classes: original drug, and generic drug.

The cmated CNNs were trained with the drug tablets
image d: d in ion 2. Hyperpammctcr
settings applied the Adam optimizer, the batch size of 64, and
using the sparse categorical cross entropy as the loss function.
The number of epochs were varied among the created models.
There were four variations of the number of epochs employed
for the training, which were 5. 10, 15, and 20 epochs.

IV. EXPERIMENTAL RESULTS

There was a great number of CNN models created and
trained through the implemented transfer learning app
In order to measure the performances of these models, a
separated image dataset of drug tablets was utilized for the
experiment. The dataset for the cxperiments includes 130
colored images of drug tablets with different sizes and
lightings. The experiments were conducted by having each
CNN model classify all of 130 images in the dataset, then
measure the performance through the classification results.

There were four measures implemented to evaluate
performances from classification results of the CNN models,
including accuracy, p recall, and F-1 score. In this
work, the positive classification results refer to the results of
the original drugs, while the negative results refer to results of
the generic drugs. The highest possible value for all four
applied evaluation measures is 1, and the lowest possible
value is 0. Accuracy can measure the performance of a CNN
model by calculating the ratio of correct results to total
classification results. The accuracy can be calculated from the
following equation:

(TP+TN)

ACCMT(IC}' = (TP+TN+FP+FN)

(1)
where 7P is the number of correct classification results for the
original drug, TN is the number of correct results for the
generic drug, FP is the number of wrong classification results
that output as the original drugs, and FN is the number of

wrong results that output as the generic drugs. The precision
and recall values were also calculated from the same set of




72

TABLE L RESULTS FROM DRUG CLASSIFICATION OF THE CNNS
Base > o0

Model Epoch | Precision | Recall | Accuracy F-1

20 0.7231 0.6438 0.6615 0.6812
VGG16

15 0.6 0.6964 0.6692 0.6446
Inception- 15 09231 | 07229 | 07846 [ 08108
AE 20 09077 | 07284 | 07846 | 08082
ResNet50- 5 0.9846 0.8205 0.8846 0.8951
v2 20 08462 | 09016 | 08769 | 08730

variables as in the calculation of the accuracy. Precision
values were used to measure the ratio of the correct positive
results to the total results of the total number of positive
results. Precision can be calculated from the equation
described mathematically as:

TP
RS 2
(TP+FP) @

Precision =
where TP, TN, FP, and FN are the same as the accuracy
equation in (1). The recalls measure the amount of correct
positive results comparing to actual labels in the tested dataset.
Recall can be calculated from the following equation:

TP
Recall = @pir) (3)

where TP, TN, FP, and FN are the same as in (1) and (2).
Performances of the created CNN models were also evaluated
through the F-1 scores. F-1 score is a metric for measuring
classification performances, in which the F-1 represents both
precision and recall in one metric. F-1 score can be calculated
from the precision and recall as in the following equation:

2 xPrecission xRecall
F=— (4)
Precission+Recall

where F refers to the calculated F-1 score, Precision is the
result from (2), and Recall is the result from (3). F-1 scores
can be more during the result inspection than
precisions and recalls, since they are used to calculate the F-1.

As mentioned, there was a great number of CNNs trained
and tested. Therefore, the top two CNN models with best
performances from cach of three base pre-trained models are
shown in the result section for better visuals instead. In total,
there are six models displayed as the result in Table 1. From
results of the six models, results from CNN models which
transferred from the ResNet50-V2 acquired the best

among three base models. Among the results of
ResNet50-V2-based models, the model that utilized the
number of epochs of 5 gave the better results than the 20
epochs vanation, with the F-1 score of 0.8951 and the
accuracy of 0.8846. The worst of three base models was the
VGG16, in which the best model that transferred from VGG 16
achieved the F-1 score of 0.6812 and the accuracy of 0.6615.

It can be scen from the results that CNN models that
transferred from ResNet50-V2 achieved the highest values in
all n The Its pointed that ResNet50-V2 is the
most suitable CNN model for the applicd transfer learning

with the drug classification task in this study. There is a
notable point in the results where some results from the model
with lower epoch settings were better than the higher ones.
This was probably caused by the randomized weight during
the initialization. However, the causes of this issue could be
investigated further in future works.
CONCLUSION
This paper presented a drug classification system which
can distinguish images of medicine tablets using visual
information. The proposed system employed a CNN to
classify medicine images into two classes: original drug and
generic drug. A smartphone was used to acquire an image to
be used as an input for the system, with slight preprocessing
prior the classification with the CNN. Multiple CNN models
were developed through the transfer learning approach, in
which eacll model utilized one of three existing models as its
base, i VGG16, Inception-V3, and ResNet50-V2.
The deve cloped CNN models were tested with an additional
hered from smartp Satisfying results were
achieved from the expenmcn!s in which the models based on
ResNet50-V2 performed the best. From the results, the vision-
based system proved to be viable for classifying between
generic drugs and original drugs using their imprints.

Future works can continue with various improvements and
applications. Improvements of this work can include
implementations of other CNN models built through different
techniques, experiments with more diverse dataset. and the
utilization of image processing algorithms to reducc effects of
environmental conditions. This work can be further applied
into different applications such as a mobile application for
assisting patients in classifying the received medicine tablets
from healthcare services, a system for detecting counterfeit
drugs, and an application which can help organizing medicine
tablets in pharmacies.
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