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Abstract

This research used image processing techniques for investigating contaminated seal
of aluminum foil-sealed chili cups. Contaminated of chili paste at the seal area caused
seal leakage. The research was conducted by collecting photographic data of chili cup
seal marks in prepared environments. The sealing area was located using a pre-trained
model, then the located area was cropped and processed to reduce the image processing
time. Data sets were collected and classified into 2 groups of samples, leak and no-leak.
The neural network deep learning method was used to classify the sealing area. The stain
percentage on the seal area was examined with the HSV adjustment method. The
difference between the seal area detected by the developed software compared to the
seal area measured by ImageJ was average of 8.54 percent. The seal classification program
had the highest accuracy of 0.8712 and 77 percent of the accuracy in the classifying

samples test.
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2.2.1.1 NEinTwULEIuaImwW

q‘ Y

n1svinsalea (threshold image) WWWASn1suilsfianldinenendinvesiundsiuing

Y 9

I o

= | EIRORY = . ' °
%38 N1shundIuresnuaula 99019 threshold image Aon1sAUAAILNIElEaLAEYINNIS
WIgUL B UAUANAYDILAALZINNLYE MINTAININNIIALN SELTA %Qmﬂﬁawﬂu 1 15989717 Way

ANUBYNIT WNTELea %gmﬂﬁamﬁu 0 visednn [15] HandulunisAmuinlanssaaunisn 2.1

1if f(xy)>T
slxy ={  fG)> (2.1)

0 if f(x,y)sT

Ty olx, y) Ao mvesilsAduiioniunisvi threshold imase 7isuwus x, y
f(x, y) fio Avasilentuvesn nEuduswms x, y
T A9 A1 threshold
X A1 ALRUIUDILD

y A9 ALAUITDIADALU



2.2.1.2 VGG Image Annotator (VIA)

VGG Image Annotator \ugendiismesuiguseneunuuniuuliainldaudiedmsu
A deagdnle VIA vnoulwluuniwesuayliddesiindmsesnsenla 9 genduas VIA 7
anysalansaldauldiunt HTML Aflegluiufedsfivwntesndt 400 Alaludgewiaudu

weundinduseanladluiviusiwesiiiualioiign (Dutta, A, & Zisserman, A, 2019)

VIA lWulassmslomuresanly HTML, Javascript wag CSS witu (lddasiianlausn3

LY

AMeuen) agVIA Gaannsauenunmseaupixel vilianunsaseygag q lunnls 9u3dell

a  a a

Fudenld VIA Tlunistessyiunuinaganaulalunistwasnisianlunisinaeulaseaiig

9

Uszanmiiy

Region Shape -
OQ o w

Project -

Name: Via_project 18Mar2021.16h

B

| 1] nonseepizjpg

Add Files. |Add URL Remove

Attributes o

Keyboard Shortcuts +

Ul 2.4 pawmsldanulusunsy VA

2.2.1.3 ﬁuﬁu‘%mmqﬂﬁau’ta (Region of Image: ROI)

1% ' '
] a a =

Nunvshugaaula As ushaanizdiuvesnmiauladmsunisussaianativeunly

9

o w

a ¢ v ~ ot | o w P
wsgvdeya n133niayeauladusylesdlunisyigTiinveuiunveinisussuianadnidl
YALLDYAVUNINIILIULIN 1ABNI1TIINANITUIEUIANBRNIZUS U INUATULAEIILANAIN
a dl (-7 1 Q‘I o v 1 Q‘I ld' 14 a o Qll’ ¥ dgl’ QII a dl

Aananaliasannliddesnisgufediuteyaludiunliineites nuideillassyiunusnaunaula

a I 1 T a o .:4'
9’]5\‘1‘U3L’JmUW‘U@Qﬂ'ﬂEJu’]Wﬁﬂ@QEUV] 2.5
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UM 2.5 nmuansiiuiiusnmuganadla (Mash Image)
2.2.2 MsIwungUA N

2.2.2.1 viannIsuasnguvasiasetgyszamiien (Artificial Neural

Network)

TnsageUszamifion (Arifical Neural Network) Ae Tainanisadiamans i iinig
AmnuaunsidadutessazisadUszam (Neurons) insaudidieiu Woliveuiunyosns
Uszanaandianadudouannd st udesuil 1 dewalfaunsodedulanioueedwnildesns
andosuazutiuen InsanAdedasjuduluiinisldssuulassnevssamifion ioldlunisuen
UszLnnasgunn (Classification) dmiumssinuntszinnaassosion Inglvszuulaswdne
UszanmienldFunaizoud (Leaming) riuaniinenssuvaaaotny (Neural Architecture) Fad]

v

Viadaya (Parameter) I1uUU (Layers) azdrnuaduseamluisdas sy

Artificial Neuron

ctivat activation functior
Y -
# output

© © ) i

/
{w )
n/

;;'Uﬁ 2.6 d1uUsynauvaswaaUsyaInLay @unamulsyaIn (Vasilev et al., 2019)



Ingdruvougad Usea1nazdanuaunsalun1ssIuTINBUNANuafid1un wavds

Yyraeanlilasiiulonfnguilendu (Activation Function) ieludusaduszamaunes iy

(% (%
Y Y

Fetumouaunausadsuwuseaun1si (2.1)
y=f( X xw. +b) (2.1)
dlo  f e wenRnduilasdu
x, Aig BuNA

w, fo ﬁmﬁfﬂﬁ%améhLasuﬁmemmLL%QLmGuaaﬁuwm,

b Ao Alukeanmuadugiasinluluweantruedutiuazdu 1 aue

-10 -

g'ﬂﬁ 2.7 hyperplane husvauLlndauasananiu (Vasilev et al.,, 2019)

atuued (b) funumlunmseugaliluwa hyperplane vuthfidudinus class vos
ToyausaziioanaIniu Aegun 2.7

Hlofinn5a91n3UN 2.8 aziiulanfinnsuusdiuiartunoun1sineu lnesenusasdu
NSYINNUANTUN 5 A Fudune (Input Layer) fuvesteyaniaiionin Yuteu (Hidden Layer)

uwarduie19inm (Output Layer)

input layer

hidden
x0

output
il
vl —» |

A
y2
&

Ul 2.8 SuusiaztululaseneUszamidion (Vasilev et al, 2019)
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2.2.2.2 A2MUWANA19Y89ULAVD AR TUNIATUY

wenRntuiliidy Negluguagrsireasiiflsddunisinamuludadu (Linear Function)
WALMINABINTISIALNULY WAL UIUTUVBITUT UL WY AR AT D dulda1unsaAIuIe

19 Fealantunluidudadu (Non-Linear Function) MNuIAIU 84N

a o

Tngdaulan1svieusng 9 vesweadnaduiendu deell

Handulenanwal (identity function)

f(a)=a (2.2)
threshold activity function
1ifa=0
fla) = { ) (2.3)
0 if a<0

logistic function, or the logistic sigmoid

1
f(a)= (2.4)
1+exp(-a)
bipolar sigmoid
2 1-exp(-a)
fla) = 1= (2.5)
1-exp(-a) 1+exp(-a)
hyperbolic tangent (tanh)
fa) = exp(a)-exp(-a) L 1-exp(-2a) (2.6)
exp(a)+exp(-a) 1+exp(-2a)

rectifier, or ReLU, as in Rectified Linear Unit

aif a=0
f(a) = , (2.7)
0if a<0
A a Ed I f v A v ¢ a & 1 |f aZO o 1
Wanansun a1 f Aefenduss (ReLu) eusiusvessgasiu f' (a) = 0 if a<0 iyl
It a<

\ntlgyy Vanishing Gradient §aidun1sviliiinisusuardminanasuuvanaee (Gradient
Descent) auALvze 0 vinlvahuinlifinnsswandnsialy waztasives ReLU Aosyiusvasiu

= =l L4 I ¢ A [ 1
Asfiaylifuunldudugudidle a naneiluvinalvgy
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2.2.2.3 laseinedszamiienuuunaulagdu (Convolutional Neural
Network)

lasangdszamifisuwuuneuligdu (CNNs) iWulasstiedszamieuwuuunsludam
(Feedforward Neural Network) 38lasadguszainiiionddnsifumadudszamizuain
Sunnludaoiwslaelifnistoundu dulassnsdssamifiouuuuaouligduiifufivawany
UszLny faeg1atiu $u Convolutional 1flawmesiunindunn (niewdeq) lnsideuflamesiy
Sﬁwudaué’ﬁyﬁymﬁuwmLﬁaa%ﬁumﬁmslﬂdsﬁmu n 7 Judy Fdunddeilsdonidlasee
Uszamuuunoulagtu lunsdwunsunmiifaudnvaruissemsildainsoesuieidu

aunsvsegulusunsulvnaufiunesantenoanunle (Vasilev et al,, 2019)

2.2.2.4 Tassainlutugouvaslaseiieuszamiisuuuunauligdu (Hidden

layer)

Ingiluuaitugeuieguas CNN IgUsznaunledunauligdu (Convolutional Layer)

%’umaﬁa (Pooling Layer) LLas%’uL%auImaugiai (Fully-Connected Layer) ﬁagﬂ‘ﬁ' 2.9

pooled Fully-connected 1

feature maps pooled ~feature maps feature maps
feature maps  Exaxaxara) —

4 ) l)

@ \prlvIx
a

..... c
®
>
O
@
{ Outputs

Input Convolutional Pooling 1 Convolutional - poging 2
layer 1 layer 2

U 2.9 Tassasremelugugeu (vibhor nigam, 2018)

- Yupauligdu Ao druntlevesdefgudnyiy (Feature maps) fidnuaylun15andn

dnwziuelayar1uAINTd (Filter) v3aLAasiua (Kemel) lagunisinse/inasiuadunile

[

= ~ Y = 1 =< o & 4 Y Y v ~ [y
REAINGI] ﬂHm%VIﬁu%]@@ﬂiﬂl@‘Viuii@Eﬂﬁ 9 WUUADIFINTDINA YA INTDINY bNBUNRILUANYILS

[ '
A =

9NUNRa18BE19UTENBUNY

AN9LAR BUTNVDIAINTDIN Y AUNTONINUALALAIYBY stride IN1AUAAN stride 11N

AudN v uRTiugauiuasiaeyy uireyhlvidinndnuaedvunndnag
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(% '

LY I

a A 1 =3 a 1 & %] a
uwada A Awauisalunsgeguuunis neluanAdedendenldsuuuuiiien

Ree

1560791 Max Pooling

Max Pooling tJusnseswuunilaiivnegeaatuusnaidiinssamivegunidunadns ny
znseudInsedludnuaziAeiunsvin Feature Extraction 984 CNN snvnuuudayauwaiiion
Afgafianuuinsesiundunadnsivy uazezidousinsesluniu Stride Afmuald lngvuin

FINT989N15911 max pooling Azfiuatseniuin pool size (Natthawat Phongchit, 2018 ) 619

SU# 2.10
1111214
max pool with 2x2
516 |7 |8 window and stride 2 6 8
31211410 3| 4
112134

31]17; 2.10 N13%1 Max Pooling (Natthawat Phongchit, 2018)

- u5g (Relu Layen) ilutuuonftuileidy (h) wmzanlunisldlulassieyszam
Wesnuuaouligdu WeswinaunisianudglunsAnadmsuyamdneuiunes wagdad
Uselevdlumsvininsvleandneig

- guenlosanysal Ao Tuieglututaulastueidng yiwmtinlunisiieus (Training)

VN o

wag NM3IMUNUsEIANTIIng Inekaans NlinAedLIuYee Class NFpIn13T1UN

Fuyladeouiua Fuprumanisemnuestutuiuitotludasuuuuliviioudy
TsstneUszamuuuyadneuua karluduasunsduunyssanueagagldaunseomuund-
A50aLUNIU (Softmax-Cross entropy) %“’wzqﬂi%’Lquiueiaumaqaumiﬂ'ﬂmmﬁmwmm (WY
Fa95A, 2561) F9FUNT

ek

Zj e’

L= -log( ) (2.8)

lagfl L fip ANAIUHANA AU AN
s, A9 LIFANFVRIUTELANTIY

5, Ap AL NAYDIAIRBUUTHINNDY
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2.3 luwasazaardnenssuiing2994

2.3.1 U-Net

U-Net (ulasstneuszamifisuuuuasulagiuuszianvils femdnsaegrsnnlunis
wisdunmaufineaiiintunduneuligiu fiussansamsenmyndeyail S1fn feb
anntlnenssu autoencoder Inngog 198 dluns¥nwivuatodne wilgynilsienisduda
SunmdadudsdmaliAndymasuindsliannsndnuaudinomald dfogaf U-Net uansns
fuan1nenssudu U-Net viinnsnensianiaidsinnonsiia wuluraeeimdaveasuil 8 uas
uaﬂmnﬁﬁammmLawusﬂzymﬂammﬁlﬁ?fmwaiﬁqﬁylﬁaamamﬁamumiLﬂ?iamiamﬂéhuﬁ’a

Wsauesan1tnenssi (Ayyice Kizrak, 2019)

LB |

NPUL. -4 3 | I |
IMAge o gt l‘- > >
tile | | % E

output
segmentation
1 map

- oo ressasne

=p-conv 3x3, RelLU
copy and crop
§ max pool 2x2

4 up-conv 2x2

= O dxl

gﬂﬁ 2.11 LAave9 U-net (Ayytice Kizrak, 2019)

2.3.2 Efficient Net b0-b7

MANN1SIUFIUNVEY EfficientNet AiBN1335n15 compound scaling anunsavengvun
299 @a01UnenNIIUAIU 19ANAN (depth) ANAING (width) wazAuazden (resolution) 1U
Wiy o fAunsauen Felagaly andnenssunsseusiddnifineunind agldnisvenguun
wesalar il wseldfversunazawenainiuly 35n15 compound scaling 9 1Wunannns

¥ a 1o o 3 % % 1 1 v <) Y gj Y & Y gj a"j ) U

N4 9 NlTAn da1Ueunssusienu andaognatu 01alY ResNet tusasaunla vl dmsu
andnenssy EfficientNet Wu melamnlaasidumanaiuduin lneasdedn EfficientNet-BO
d1135U EfficientNet- BO 4 @2uUsznaunanazUiznaun 18 mobile inverted bottleneck

MBConv block Fasdugiudui gnldasausnlu MobileNetv2 uazdsinisly squeeze-and-
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excitation optimization $3u3e 719l asdUszneuwmallalagnitvualisgwmadusiusnings
AnAL MNUALIIBN1T multi-objective neural architecture search lun1sAruIamluAaRIAUY
Wian velusu accuracy Wagduiu FLOPS wil ola EfficientNet-B0 ud3 34l4inaila

compound scaling Tun1svengliile EfficientNet-B1 lUaufls EfficientNet-B7

: o @
o e = - -+ o o = o = L b} . .
S 12 a2 e lB w2 elEle E el al®elElel®lelEelEededladeldald
: bl B el I = T - O - T, T - A ] | o -] ;] w (2w |2 w w [2 ] e |
o TR 2@ =8 28| =8| =& =[5 =x|&5| 2|2 = |2 =2 =% = |%|=2[%|=2|%|2 %
- = ('] L I N ™ - ™ = w = U = L] = ™ = ™ = u = w = L'r} = | e 1“1 e el - LI ™M o
™ o — - = - D o o - |03 - | oo - | - | . | F . | = - = - £ - = - = 4 £
Mlglmlm|—|le|P|@e |8 |lw|[N|w N|le|&N| e |dN|@ |N|w|m|wo|—|o|~|w|F|w|F~|w@|k|o|F|a |~
ezl B 2 2 Bl 2w B B B Bl B B Efe{ B 2 Efm 2T
5 o 2 ] [ g G G - G o g G a g G g
0 QL 0 o ] [ ] Q [ L2 ] %] Q2 %] L%} %) L%}
] w 1] m 1] o | m o | m [oi] [a1] m o @ o =]
= = = = = = | = | = | | = | = = = = = = =
|
| [ L | [
| By I B S N S [ N D AN D N B
a
SUT 2.12 uansanndnenssuves EfficientNet (Tan, M., & Le, Q., 2019)
EfficientNet-B7 |
841 AmoebaNet-C! Amoebalet-C
AmoebaNet-A _ - ==—==" | ["E . D e BS  “AmecbaNetA_aaem===""""
B ron i { n " SEN
o 2. NASNet-A SENet | 3 t
2% > B
s ] < C
> » > .
g -~ “ResNext-101 | 8 e L ResNeXt-101
3 801 oy pet ! 380 M4 'C §
§‘ 7 .-+ “inception-ResNet-v2 i § Le7 .- Inception-ResNet-v2
et $ - v
— g . {2 v
a ¢7 Xception \ 2 v : Xception
28y [ oResNet-152 | | oRosNot 152
o - | i -
% ) “DenseNet-201 f i Bq/ - DenseNet-201
o N
‘é’-r‘ I ~ ET(V' ®
EPT T 7 ResNetso £ ResNats0
1e \ ' e
! ‘Inception-v2 | . i Inception-v2
ke NASNet-A | a NASNet-A
ResNet:34 =~ = — e AN N LR N | .~ ResNet-34 A & = < ”
0 20 10 60 80 100 120 140 160 180 0 5 10 15 2 2 30 35 40 45
Number of Parameters (Millions) FLOPS (Billions)

gﬂﬁ 2.13 Wlguliisu Accuracy vounazlilea (Tan, M., & Le, Q., 2019)

Efficient Net b0-b7 tJulunafignitmunduifiodinyssansanenuudugin nlunaguy

| Nao @ ] ) =2 Y a 1 °
fou #35n1sUsumTdkuulndivFuruIaauEn / anuning / anuasldenatvaiate
lngldardudsyansansusznouniloudig uddussdniamgs laun b7 dauusiug1gagai

84.3% WAzNIIOUUIUSITU 611 (Tan, M., & Le, Q., 2019)
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2.3.3 MI38W3BIANAIY Keras

Keras 4% Deep Learning APl 484 TensorFlow 2.0 AlT&HIUNINAaaINBLaE

= A ) A o A \ o q o a A A A A @
Man uwdasihezdh lhiangulunsrnsuszdivlduasiidininwidsinanazaing

A a o A & o a v a K A Y

wIednodszanifisule 9 donmadniuvesnildninisuiidsanineudTyniwuy
a R A o . A A Y Al > a R a ) A A
Foandiadianudnduatnbinazdasaanmalilunmsivdanaifinniaiiouizeiaia

a a a ) A tﬂl o a K = o a va A d' 3 1
fidszdntnwiufanaflslunissenuuudanaiinldaniamaildd judesadesing ju

ﬁﬁaanws%ﬁaaﬁaﬂﬁq@

Keras Vl@T%'umiaaﬂLLuumLﬁaa}@ﬂ‘i:mﬁﬁ vl AP mn‘%'muil,%oﬁmm”ugmﬁﬁwm
2 a o A a v a & Aa & A o '
Ut TensorFlow Taiunsaumsisouniveaiad / Msiiuuildsan JFaumnasiwe nlanudy
& o A A o a v a K = A ' = o =
I&J@mma:ﬁms:wwLwaLmﬁtymminngmaﬂ Wuwisasdnanaznlauazuzasaan 1in
API ffangudiaaaiunsissiduianssuludumaiouiizadn (ICHI PRO, 2020)

2.3.4 ANDIIRFLRTAINAATAE (Encoder decoder semantic segmentation)

Tuguispiladnmautiainluaatiin Encoder uaz decoder 1asnTidiuiaiatng
ﬂi:a’mﬁ'l,ﬁwg’]a%'m%'uﬂtymm‘sﬁ’]mmmuﬁ’m“’udaéw‘i’u (Sequence-to-Sequence Problem)
SEnstAsdasiulasstinodssamifsuiifiasigesiniony 1aernousngswas U
119 138N31621979% 8 (Encoder) UazBndintanaasnasiaueunefdisnadugiau

wWhuane 138nINaIneaIna (Decoder) (Brownlee J., 2017)
2.3.5 prepare image

@h‘ﬁﬂma‘Lumw@Taavl,ﬁ%'umiﬂ%'wm@ﬁauﬁa:lﬁmmﬂmi"agaLiﬂluIm@aimwm
Uszanifisuuuy Deep Learning lusenintemiinausunianisdsziinluies I@ﬂgﬂmw
ﬁ]:@TaoVL@T*}'umiﬂ%'wm@ﬁaumsw"’wuﬂuL@mu,azLﬁuvl,i’luvsmﬂmmﬁ‘mﬁauuaaﬂﬂugﬂLmu

nUsuvUIa

a A A A o @ a o a o
Em"mdLaaﬂ%udﬂamiﬂiumm@n’lwiﬂUlm‘ﬂﬂuﬂmiﬂiummﬂﬂ@la\‘m’lﬂuwm
S:Wj’lwyu@aumsﬁnausmﬁamiﬂizLﬁmm‘uﬁ’mad Keras 580%&Jﬂ’]3L@]%ﬂ&li@Hﬂﬂ'ﬁ$Lﬂﬂﬁ

ﬁﬁ%{uﬂ’aaagﬂﬂﬁwmuﬂma ImageDataGenerator 8z API (Jason Brownlee. 2017)
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2.3.6 Evaluation

Tudutazduwmaiarmlulunisusefiulseansuean1shUe NNUN U1 0I8281INS NT9
wUady weadansusziliveanidu 3 d@u A Confusion Matrix, Intersection over Union (loU),

Dice Similarity Index (Lever et al., 2016)
2.3.6.1 Evaluation Confusion Matrix

Confusion Matrix fe n1sUsziiunavesnsviuneyIsufisuiunadwsassiiszylag
fvnaesdsdattributes fail

True Positive (TP) #o Wintwadefilusunsuvininedatauaz iy maaosszyinfusie

True Negative (TN) Al finwadsiilusunsuvinedilinsatazgmaassseyinntulioss

FalsePositive(FP) fio finwadsilusunsuviuneinasausdienassyinluads

FalseNegative(FN) e fingadsilusunsuviuieinlinsusiinaaessyingg

nduaziiA sl Precision (Anfiveninlusunsniungitedagnieanils)
waz Recall (Arfivenitiusunsuvhungldinesadusnsdusiilsvesasaiommn)
Precision (TP ,FP ) =TP /TP + FP (2.9)
Recall (TP ,FP)=TP /TP 4+ FN

2.3.6.2 Intersection over Union (loU)
Intersection over Union (IloU) Aa tHuad@anlidsauiisuainnuaaiepdsiurasiniea
mhwguazineadsefignaaedssy

ANB

loU(A,B) = (2.10)

AuUB

lngi A mnefaineadigdminiignyiniungsiegnsuiines

lpg# B vnefafinuamigdIninasafignaasdsyy
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2.3.6.3 Dice Similarity Coefficient

& aa a ) = (% = o v I = Y 1 Aaa a
LUUﬂﬂmﬂiﬁUﬂqiLﬂiﬂUL'VlEJUV’]’J’]llﬂa']Elﬂﬁ\?ﬂum@ﬂﬂ@ﬂ@?@ﬁﬂﬂ%ﬂﬂ@ﬂ@?@EJ’]\ﬂUV]Uﬂ@WﬂLGU

afviunesuasiniaddsiiimaasssey
DCS(A,B)=2]|AintersectB|/|A|+|B] (2.11)

lng# A nangsiinwamedinsniagyinugaienauiiunes

lpe# B munefafingafinean s uInsnasafiEmaaedsyy

2.3.7 threshold otsu

Tunissivnanmsina langiwuinazltainimanlagwan st winmy lwWn19a39nt

v  ad a_ A A ; o o an
2IUITNTVUDS Otsu V\aﬂLaEl\ﬁﬂ’]il,ﬂaﬂﬂ']LLazﬂqﬁu@I@Ua@IuN@

a Ao, A : v A ] P .
W sangUn Wil sdniniuandianiosme senLvinti (JUAWULDLY bimodal)
TaungalauninazlsznauoaaalNgIRaIALINTL mmsﬁﬁﬁa:ag]maﬂmwaaﬁaaad@h T

YNuadauINWITNIIVaY Otsu a:ﬁmu@mmmaf'i'mﬂaﬁmm:auﬁq@mﬂﬁaimLmimaamw

lunsdudunsaananafaidu cv.threshold () anldlasfl cv.THRESH_OTSU gn
FINNWLTBUNANNLAE At g uIIniaan laayainala Nt anasN NIz ARIAT

a = LA
threshold ‘nmm:awm:adﬂmﬂmmﬁw@LLiﬂ (Xu et al., 2011)
2.3.8 image Range opencv

Tl dun15%I1T298 HSV color MsNIW HanN1TLRLawnNIIHAN threshold el

RNUIDLNN TV DIAINNLTAN G 8 INT Lol
2.3.8.1 S2UUA HSV

S¥UU@A HSV (Hue, Saturation, Value) %158 HSB (Hue, Saturation, Brightness) Wuszuu
andouldmulunyinideidesnnniussuvaiindifssiunuAnvesuywdldfniiszuud RGB
Tn8 Hue Aodvaenm, Saturation Ao UsinaAnudusivesd dellandunn nmasiidansaives
amazdaiidtesas wluiignaznaneiusuiidnuasiuy Grayscale uag Value 130 Brightness
DuAriuansdsUsinamnuainmesnimenniiduinamasdaianuainswnn lunsdafiunds

pana A NEITN1TWUasAdEan RGB WU HSV (Doungmala P. and Kumwilaisak W., 2007)
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Saturation

JUT 2.14 Arvluansmuduiusvesszuy HSV

2.4 TUBNNBITD9

Duone et al. ldvimsanwnisasswalifingldfuenUssaniinawidiods q daow
FauansliifiuindiesiiasyAnsuauasUszansam 15110 EfficientNet wag MixNet oy
isetngUszamifienassnszgaitlunisaiiessuudiforrgyiannsassynaliildegausiug
wazsInLs spuufanananinsmhluldiugunsalidvineinslunisdunudisidn teuans
Auupiifigniesuaiuviagd Uszansnmuosiuannad ldfunisnsadeuanugniesuus
Yoyavsedausznausiunn 48,905 Mwdwiunisineusuiag 16,421 swdmiunismaaey
nansnaassuandliiiuinnisuszgndld EfficentNet uag MixNet ugateyad ldsunis
firsuntedaauusiuglunmsislesrueganndedsutuiiugiufidmual foend

Harn, S. l3%inAsAn®IN15A596aL M UNUSELANTBYFINTUULNUNBILAIANTLUA LAY
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aeanuInlusunsunetaslulyniniae waz Source Code
1. Code Editor Mgndasiuauile

Tudauves Code Editor ildTutlyymfiianilfio Google Coalab Faifiufe Google
Colaboratory Juusnis Software as a Service logslusunsa Jupyter Notebook Uy Cloud
911 Google 1a1u15014 Goosle Colab @319 Notebook tJaulusunsuniuw Python

g3 uazdall GPU, TPU THlnEEn 12 47lus
2. mwildlunisi@eulusunsy

e nidlunisWeulvsunsulutymiasiidenldidu Python 3 Fugnuaeeeenun

Tt 2008 nestu 3 In1susulsslinTwasuain 2 luneauals
3. lassadalaus3nld

laussildlusuidoasaiifie Keras waz Open cv @4 Keras ulausTlomueoda
wIeUneUszamTiideu aae Python fiuani1305uuU TensorFlow, Microsoft Cognitive Toolkit,
R, Theano %30 PlaidML sanuuvu il oideldsiunisvnassot195ai529 e deep neural
networks $/n3y sl ulud nasldenudae lugaisuazasuve18diu Open cv opency
Furesrluaslawmuresefitorlilddanissuam Futmundulneuidvdumalinte) Tud 1999

A1 opency #B1719IN open source computer vision

YOULIRNITLTIIUYDY opency ABUU AT HAUEINITANAINUAI8UAINUANEY
wanangUAmsTTIaIudddlddnnisivialenteiaulun danessuildlinusivuudiegly

= L2

FUNTTAULN

Source Code

TuanUnenssuuuy Unet way EfficientNet duisnaglaluinaniy Keras Applications
LNS1ETDIUIUT UT ALAULALEDS U1N @IULYND ITUINS N IYLATIAT 19 UULT 81U

YUIRITIUIUTALAULALE DS LN
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\H8991nlU Google Colab %asa N TuN 27 funeu 2563 @1 Google Colab #n13 6 L
TI1971uUU Tensorflow2.0 wnu Tensorflow1.0 Felutguiitawiizunsnlyd Tensorflow1.0
wagld lausis vee Keras 393 Juazias Anfeda Tensorflowl.0 Wiadsas @an1ns Source

Code huld

Source Code agnusandu 4 g laun 1. dudldlunisiiruaiuivesdsdinsn 2.

dwunlglumswseugunamiveaeuliea 3. dwnldlunisaeuling 4. dnldnuate
1). daunldlunisivuaiuinvasdiedanin ( Pre-trained model )
1. Aenslausisusduiibifiogly Google Colab

Ipip install segmentation-models-pytorch &> /dev/null

Ipip install -U git+https://github.com/albu/albumentations --no-cache-dir &> /dev/null

2. dndlausi3importlibraries)

from torchvision import models

from PIL import Image, ImageDraw

import matplotlib.pyplot as plt

import torchvision.transforms as T

from torch.utils.data import Dataset, DatalLoader

import segmentation_models pytorch as smp

import torch

import numpy as np

import os

import cv2

import gc

from ImageSegDataset.grid remove_intersect import GridDatasetRemovelntersectArea
from ImageSegDataset.utils import get preprocessing, get training augmentation,

get validation augmentation, visualize

N13AI%UA rootpath M99 7dALY
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notebook path = os.getcwd()
root = os.path.dirname(notebook path)

save_model path = os.path.join(root, 'model’)

dataset _path = os.path.join(root, 'dataset’)
folder_model = 'seal_model' # change here for model

model_path = os.path.join(dataset path, folder model)

X_train_path = os.path.join(model path, x_train’)
x_validation_path = os.path.joinlmodel path, 'x validation’)

X_test_path = os.path.join(model path, 'x_test')

y_train_path = os.path.join(model path, 'labels’,'y_train.csv)
y_validation_path = os.path.join(model path, 'labels, 'y validation.csv')
y test path = os.path.joinilmodel path, 'labels’, ‘y test.csv)

3. yin1siaen spec model 11151793073

ENCODER = 'efficientnet-b7'
ENCODER WEIGHTS = ‘imagenet’
CLASSES = ['erid']

ACTIVATION = 'sigmoid'

DEVICE = torch.device(‘cuda:0")

4. @513 Segmentation model ( Unet ) 53U Pre-trained Encoder ( EfficientNet )

model = smp.Unet(
encoder name=ENCODER,
encoder_weights=ENCODER_WEIGHTS,
classes=len(CLASSES),
activation=ACTIVATION,

)-to(‘cuda’)
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5. yMN15A1uUA loss function wag metric AGluANTIANE

loss = smp.utils.losses.Dicel.oss()
metrics = [
smp.utils.metrics.loU(threshold=0.5),
]
optimizer = torch.optim.Adam([
dict(params=model.parameters(), lr=0.0005),
)
preprocessing fn = smp.encoders.get preprocessing fn(ENCODER, ENCODER WEIGHTS)

6. 131%NN15A519 dataset AN 5I8

Y

train_dataset = GridDatasetRemovelntersectArealy train_path, x_train_path, True,
get preprocessing(preprocessing fn),

get training augmentation(), copies=5)

valid dataset = GridDatasetRemovelntersectArea(y validation path, x validation path,
True,
get preprocessing(preprocessing fn),

get validation augmentation(), copies=2)
7. 1 batch Lﬁa\‘iﬂ'ﬁﬂﬁﬂﬂ?ﬁﬂi%ﬂ’)ﬁﬂdﬁlﬁ%ﬁi&lLﬂﬁ@?%"ﬂ%ﬁﬂ’)’muﬂju&hﬁﬂaﬂ

train_loader = DataLoader(train_dataset, batch size=1, shuffle=True, num_workers=0)

valid_loader = Dataloader(valid dataset, batch size=2, shuffle=False, num_workers=0)
8. @%19n15 object Al4lun1s train

train_epoch = smp.utils.train.TrainEpoch(
model,
loss=loss,

metrics=metrics,



optimizer=optimizer,
device=DEVICE,
verbose=True,
)
valid_epoch = smp.utils.train.ValidEpoch(
model,
loss=loss,
metrics=metrics,
device=DEVICE,
verbose=True,

)
9. BuvhnsHnaauluwa

for i in range(5):

gc.collect()

max_score =0

for i in range(0, 40):
print(\nEpoch: {}.format(i)
train_logs = train_epoch.run(train_loader)

valid logs = valid epoch.run(valid loader)

if max_score < valid_logs['iou_score'l:
max_score = valid_logs[iou_score’]
torch.save(model, os.path.join(save_model path, 'seal_model.pth))

print(Model saved!’)

if i == 15:

new lr = 5e-5
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optimizer.param_groups[O]['lr'] = new _lr

print(fDecrease decoder learning rate to {new_Lr}l)

if float(valid_logs['iou score']) > 0.95 and i > 10:
break

10. W3sUvinNsnaaauluLaa

test dataset = GridDatasetRemovelntersectArea(
y_test path, x_test path, resize=True,
augmentation=get validation augmentation(),
transform=get_preprocessing(preprocessing fn),
copies=1

)

test_dataloader = DataLoader(test dataset)

test_epoch = smp.utils.train.ValidEpoch(
model=model,
loss=loss,
metrics=metrics,

device=DEVICE,

logs = test_epoch.run(test dataloader)

test _dataset vis = GridDatasetRemovelntersectArea(

y_test path, x_test path,

50
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11. daseudayanlilunisvaaey

for i in range(len(test_dataset)):
torch.no_grad()
image vis = test_dataset vis[i][0].astype('uint8’)

image, gt mask = test _dataset]i]
gt _mask = gt mask.squeeze()

X_tensor = torch.from numpy(image).unsqueeze(0)
pr_mask = model cpu.predict(x tensor)

pr_mask = pr_mask.squeeze().numpy().round()

visualize(
image=image vis,
actual=gt mask,
predicted=pr_mask
)

12. dutifudiui resize waz mask nNau

pr_mask_full = cv2.resize(pr_mask, (image_vis.shape[1], image_vis.shape[0]))

plt.imshow(pr_mask_full)
13, ﬁﬂgﬂaaﬂm%ﬁ'aﬁw image processing

imgray = cv2.cvtColor(masked img,cv2.COLOR BGR2GRAY)
ret,thresh = cv2.threshold(imgray,0,255,cv2. THRESH BINARY | cv2. THRESH OTSU)

contours, hierarchy = cv2.findContours(thresh,

cv2.RETR TREE,cv2.CHAIN_ APPROX_SIMPLE)



2). damssugunminldlunsiindeuluna
1. AnAslausn3n Google Colab luidl

Ipip install segmentation_models pytorch &> /dev/null

Ipip install imutils &> /dev/null
2. udlausisildanuludiud

import os

import torch

import cv2

import numpy as np

import matplotlib.pyplot as plt
import scipy.misc

import imutils

3. A rootpath Ms1aglvimun

root_path ="/content/drive/MyDrive/dataset online/box _image'
augment _image_path = os.path.join(root_path, ‘augment image’)

seep_path = os.path.join(augment image path, 'seep’)

non_seep path = os.path.join(augment image path, 'non_seep’)
masked path = os.path.join(root path, 'masked image)
masked seep path = os.path.join(masked path, 'seep’)

masked non seep path = os.path.join(masked path, 'non_seep’)

seal_model = os.path.join(root_path, ‘seal_model.pth’)
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4. [uvinsada folder Wesasiuguiasionluviune

paths = [masked path, masked non seep path, masked seep path]
for path in paths:
try:
os.mkdir(path)
except:

pass

711115 load model Pre-trained uww3aslganuwas

model = torch.load(seal_model, map_location={'cuda:0": ‘cpu'})

5. 15UYn19AMUA function 137198109 udul vinld numpy array 999151 (h,w,c)

nanewuguuuu tensor object (¢, h, w)

def to_tensor(x, **kwargs):

return x.transpose(2, 0, 1).astype(‘float32')
6. \udunnieuguiitetnnin model pouthllfamffoals x_tensor luviunesio

def prepared image(image path):
image = cv2.imread(image path)
if image is None:

raise Exception(Empty image not allowed’)

image vis = cv2.resize(image, (320, 480))
image_pred = image_vis / 255
mu = np.array([0.485, 0.456, 0.406])
sigma = np.array([0.229, 0.224, 0.225])
image_pred = (image_pred - mu) / sigma
image_pred = to_tensor(image_pred)
x_tensor = torch.from numpy(image pred).unsqueeze(0)

return image, image_vis, x_tensor



7. dnilludiugzunmnaanniailddeyaluuds

def visualize(is show_size=False, **images):
""PLot images in one row."
n = len(images)
plt.figure(figsize=(10, 6))
for i, (name, image) in enumerate(images.items()):
plt.subplot(1, n, i+ 1)
# plt.xticks([])
# plt.yticks([])
title = '} .format(name) if not is_show _size else '{}: {}'.format(name, image.shape)
plt.title(title, color="black’)
plt.imshow(image)
plt.tight layout()
plt.show()

8. 181 tensor Nlaunnduluidy numpy array

def tensor_mask_to_np(predicted mask):

return predicted mask.squeeze().numpy().round()
9. yhmswngudngiuteuasluiunsoutns

def fill_small_area(ime: np.ndarray, min_area=500, is draw=False):

img: image's shape (h, w, ch)

return: img (np.ndarray) which fill all small area

gray = cv2.cvtColor(img, cv2.COLOR BGR2GRAY)

thresh = cv2.threshold(gray, 55, 255, cv2.THRESH BINARY)[1]

cnts = cv2.findContours(thresh, cv2.RETR_EXTERNAL, cv2.CHAIN_ APPROX_SIMPLE)
cnts = imutils.grab_contours(cnts)

for c in cnts:
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if cv2.contourArea(c) > min_area :
if is_draw:
cv2.drawContours(img, [c], -1, (0, 255, 255), 2)
else:
cv2 fillPoly(img, pts=[c], color=0)

return img

10. Weidunaginisionsylulasanesuugdiuvitune wdiduiinduluds rootpath nd

w1zavten3U mask Wualuldlunisiingeusendsziandiedinin

def predict_image(image root, filenames, save path, is visualize=False, is_save=False):
for i in range(len(filenames)):
image, image_vis, x_tensor = prepared image(os.path.join(image root, filenameslil)
predicted_mask = model.predict(x_tensor)

predicted mask = tensor mask to np(predicted mask)

cv2.imwrite(os.path.join(root_path, 'temp.jpg’), predicted mask*255)
predicted mask = cv2.imread(os.path.join(root path, ‘temp.jpg"))

predicted mask = fill_small_area(predicted mask)

if is_visualize:
visualize(
X_ = x_tensor.squeeze().numpy().reshape(480, 320, 3),
img = image_Vis,
pred = predicted _mask,
)
if is_save:
cv2.imwrite(os.path.join(save_path, 'masked-{}.jog"format(i)), predicted mask)

os.remove(os.path.join(root_path, ‘temp.jpg))
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11. YNNSHaARINanIUHaNTuAIUUY

walk result = list(os.walk(seep_path))[0]

predict_image(walk_result[0], walk result[2], masked seep path, is_visualize=False,
is_save=True)

walk_result = list(os.walk(non seep path))0]

predict_image(walk_result[0], walk result[2], masked non seep path, is_visualize=False,

is_save=True)

3). 131715 train classification model waznagau

1. dndalausdi Google Colab 1aifl

Ipip install seementation_models pytorch &> /dev/null
2. dilavsiildauludani

lib_path = os.path.join(root_path, 'ImageSegDataset’)
sys.path.insert(0, lib_path)

from utils import *

import os

import torch

import cv2

import numpy as np

import matplotlib.pyplot as plt
import scipy.misc

import imutils

3. YNN1ININUA rootpath YI9nUA
root_path = "/content/drive/MyDrive/dataset _online/box_image'
root_path = os.path.normpath(root_path)

root_path = "/content/drive/MyDrive/dataset _online/box image'



augment_image path = os.path.join(root_path, 'augment_image')
seep_path = os.path.join(augment_image path, 'seep)

non_seep path = os.path.join(augment_image path, 'non_seep’)

masked path = os.path.join(root_path, 'masked image)
masked seep path = os.path.join(masked path, 'seep’)

masked non_seep path = os.path.join(masked path, 'non_seep’)

seal_model = os.path.join(root path, ‘seal_model.pth’)

paths = [masked path, masked non seep path, masked seep path]
for path in paths:
try:
os.mkdir(path)
except:

pass
4. YMN1AUUA function NHBINTSEETIIU

def fill_small_area(img: np.ndarray, min_area=500, is_draw=False):

img: image's shape (h, w, ch)

return: img (np.ndarray) which fill all small area

gray = cv2.cvtColor(img, cv2.COLOR BGR2GRAY)

thresh = cv2.threshold(gray, 55, 255, cv2.THRESH BINARY)[1]

cnts = cv2.findContours(thresh, cv2.RETR_EXTERNAL, cv2.CHAIN_ APPROX_SIMPLE)
cnts = imutils.grab_contours(cnts)

for c in cnts:

if cv2.contourArea(c) > min_area :
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if is_draw:
cv2.drawContours(img, [c], -1, (0, 255, 255), 2)
else:
cv2 fillPoly(img, pts=[c], color=0)

return img
5. yhmsaamanduuLTisimue rootpath 1iudn
model = torch.load(seal_model, map_location={'cuda:0": ‘cpu'})
6. aseileriduiildlunisadne mask image

def predict_image(image _root, filenames, save path, is_visualize=False, is_save=False):
for i in range(len(filenames)):
image, image_vis, X _tensor = prepared_image(os.path.join(image root, filenameslil)
predicted mask = model.predict(x_tensor)

predicted mask = tensor_mask to np(predicted mask)

cv2.imwrite(os.path.join(root_path, ‘temp.jpg), predicted mask*255)
predicted mask = cv2.imread(os.path.join(root path, 'temp.jpg')

predicted mask = fill_small_area(predicted mask)

if is_visualize:
visualize(
X_ = x_tensor.squeeze().numpy().reshape(480, 320, 3),
img = image_Vis,
pred = predicted mask,
)
if is_save:
cv2.imwrite(os.path.join(save _path, 'masked-{}.jpg'.format(i)), predicted mask)

os.remove(os.path.join(root_path, ‘temp.jpg’))



7. 158519 mask image NHIATUNNIEI

walk result = list(os.walk(seep_path))[0]

predict_image(walk_result[0], walk result[2], masked seep path, is_visualize=False,
is_save=True)

walk_result = list(os.walk(non_seep path))0]

predict_image(walk_result[0], walk result[2], masked non seep, is_visualize=False,

is_save=True)
8. yn1sasnalumad nsulunIsenNa8UINSNCNN
8.1 uwilavssalsanulugiul

import os

import torch

import cv2

import matplotlib.pyplot as plt

import numpy as np

import torch

import torch.nn as nn

import torch.nn.functional as F

import torch.optim as optim

from torch.optim import r_scheduler

from torch.utils.data.dataloader import Datal.oader

from torch.utils.data import random_split

import torchvision
from torchvision import datasets, models, transforms

from torchvision.datasets import ImageFolder
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8.2 fM%UA image path Ml31398¥1N"3 train

root_path = "/content/drive/MyDrive/dataset _online/box_image'

masked path = os.path.join(root path, 'masked image)
masked seep path = os.path.join(masked path, 'seep’)
masked non_seep path = os.path.join(masked path, 'non_seep’)

batch_size=30
8.3 asyadeyaiiainuguiisasilumsy

dataset_transform £ transforms.Compose([transforms.ToTensor(),
transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5)),
transforms.Grayscale(1),])

dataset = ImageFolder(root=masked_path, transform=dataset_transform)
8.4 yhnsulsgndeyasoniduvanesdin

random_seed = 42
torch.manual seed(random seed);

print(flen dataset {len(dataset)})

train_size = int(0.9*len(dataset))
test size = len(dataset)-train_size

train_ds, test_ds = random_split(dataset, [train_size, test size])

train_size = int(0.9*len(train_ds))

val_size = len(train_ds)-train_size

train_ds, val_ds = random_split(train_ds, [train_size, val_size])

print(f'len train_ds={len(train_ds)}, test ds={len(test ds)}, val_ds={len(val ds)},
sum={len(train_ds)+len(test ds)+len(val ds)}’)

train_dl = DataLoader(train_ds, batch_size, shuffle=True, num_ workers=0)

val_dl = Dataloader(val ds, batch_size, num_workers=0)
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test_dl = DataLoader(test_ds, 5, num_workers=0)

8.5 MuusalumavaIeentriantnenssuwuuliu

class ImageClassificationBase(CNNModel):

def training_step(self, batch):
images, labels = batch
out = self(images) # Generate predictions
loss = F.cross_entropy(out, labels) # Calculate loss
return loss

def validation_step(self, batch):
images, labels = batch
out = self(images) # Generate predictions
loss = F.cross_entropy(out, labels) # Calculate loss
acc = accuracy(out, labels) # Calculate accuracy

return {'val_loss" loss.detach(), 'val_acc": acc}

def validation epoch_end(self, outputs):
batch_losses = [x['val loss'] for x in outputs]
epoch _loss = torch.stack(batch losses).mean() # Combine losses
batch accs = [x['val_acc'] for x in outputs]
epoch_acc = torch.stack(batch_accs).mean() ~ # Combine accuracies

return {'val_loss" epoch loss.item(), 'val_acc: epoch acc.item()}

def epoch_end(self, epoch, result):
print("Epoch [{}], train_loss: {:.4f}, val_loss: {:.4f}, val_acc: {:.4f}" format(

epoch, result['train_loss'], result['val loss'], result['val acc'])

def accuracy(outputs, labels):
_, preds = torch.max(outputs, dim=1)

return torch.tensor(torch.sum(preds == labels).item() / len(preds))



8.6 asrleantuntglunisuseiiulnmanasnisinaau

def evaluate(model, val loader):
model.eval()
outputs = [model.validation_step(batch) for batch in val_loader]

return model.validation_epoch_end(outputs)

def fittepochs, Ir, model, train_loader, val loader, opt_func=torch.optim.SGD):
history =[]
optimizer = opt_func(model.parameters(), lr)
for epoch in range(epochs):
# Training Phase
model.train()
train_losses =[]
for batch in train_loader:
loss = model.training_step(batch)
train_losses.append(loss)
loss.backward()
optimizer.step()
optimizer.zero grad()
# Validation phase
result = evaluate(model, val loader)
result['train_loss'] = torch.stack(train_losses).mean().item()
model.epoch end(epoch, result)
history.append(result)

return history
8.7 LSuasaluma

model = ImageClassificationBase()

model;
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8.8 LSUNITINTY

num_epochs = 20
opt_func = torch.optim.Adam

r = 0.0001

history = fitthum_epochs, lr, model, train_dl, val_dl, opt func)
8.9 afeilendunlddwiunisgmisiinuiniuinvestiieg

def plot_accuracies(history):
accuracies = [x['val_acc] for x in history]
plt.plot(accuracies, "-x)
plt.xlabel('epoch’)
plt.ylabel('accuracy’)
plt.title('Accuracy vs. No. of epochs');

def plot_losses(history):
train_losses = [x.get(train_loss') for x in history]
val_losses = [x['val loss'] for x in history]
plt.plot(train losses, “bx’)
plt.plot(val losses, "-rx)
plt.xlabel('epoch’)
plt.ylabel('loss')
plt.legend(['Training', 'Validation'])
plt.title('Loss vs. No. of epochs’);

plot_accuracies(history)

plot_losses(history)
8.10 ymnsturnluna

torch.save(model, os.path.join(root _path, ‘model.pth’))
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4). daulderuaiesamnuaruPre-trainediazCNN
YN9IUVU google colab wsrgasdun1savanlunaiinseuliunldnedilaseasng

yasUspnnitdasns lumari

1. fasslausiad Google Colab 14id

Ipip install segmentation-models-pytorch &> /dev/null
2. dilavsiildouludni

import os

import sys

from google.colab import drive
from utils import *

from image_classification_model import *
import cv2

import matplotlib.pyplot as plt
import numpy as np

import imutils

from PIL import Image

from tgdm import tgdm
import torch

from torchvision import transforms
3. MuuUA rootpath MLs1gldviena

root_path = "/content/drive/MyDrive/dataset_online/box_image'

root_path = os.path.normpath(root_path)

lib_path = os.path.join(root_path, 'ImageSegDataset’)
sys.path.insert(0, lib_path)

lib_path = os.path.join(root_path, 'ImageClassification’)
sys.path.insert(0, lib_path)



4. ¥nsnmuA rootpath Mks1@eINISLEeY

images_path = os.path.join(root_path, 'augment_image’)
seep_img_path = os.path.join(images path, 'seep’)
n_seep img path = os.path.join(images path, 'non_seep')
seal_model path = os.path.join(root_path, 'seal_model.pth’)
seep_model path = os.path.join(root_path, 'model.pth’)

5. vinsanlanu e lAieuLuY cpu

seal_model = torch.load(seal_model path, map_location=torch.device('cpu’)

seep_model = torch.load(seep model path, map_location=torch.device('cpu’))
6. @319 function alalunisldfary

classes = {0:'non_seep/,
1:i'seep'}
def predicted(image path, classes= {0:'non_seep', 1:'seep'}, is_visualize=False):
image_path(string) : path that image located

explain how program flow:
return :
global seal _model

global seep _model

_, image vis, x_tensor = prepared _image(image path)
mask tensor = seal_model.predict(x_tensor)
mask np = tensor_mask to np(mask_tensor)

mask np = (mask np*255).astype('uint8’)

mask_np = fill_small_area(mask np)
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data_transformer = transforms.Compose([transforms.ToTensor(),
transforms.Normalize((0.5), (0.5)),])

X_tensor = data_transformer(mask_np)

outputs = seep_model(x_tensor.unsqueeze(0))

prob, pred = torch.max(outputs, dim=1)

if classes[pred.item()] == 'seep"

return None
masked_image = mask_image(image _vis, mask _np, max_value=255, min_value=0)

hsv_image = cv2.cvtColor(masked imagel:,;,:-1], cv2.COLOR BGR2HSV)

lowwer bound = np.array([0, 0, 80])
upper_bound = np.array([180, 65, 255])

uncont_mask = cv2.inRange(hsv image, lowwer_bound, upper bound)

uncont mask = cv2.erode(uncont mask, None, iterations=1) # remove white edge,
reducing noise

uncont mask = cv2.dilate(uncont mask, None, iterations=1)

sigma_area = np.count nonzero(mask_np)

unconta_area = np.count_nonzero(uncont_mask)

if is_visualize:
visualize(is_show_size=True,
image_vis=image _Vis,
seal=masked image,

uncont_mask=uncont_mask)

return round(100-(unconta_area*100/sigma_area),2)



N1IAHAANS

all_image path =[]
for root, dirs, files in os.walk(seep_img_path):
break
for fin files:
all_image path.append(os.path.join(root, f))
for root, dirs, files in os.walk(n_seep img_path):
break
for fin files:

all_image path.append(os.path.join(root, f))

for i in tgdm(range(len(all_image path))):
print();
print('seep percen -, predicted(all_image path[il, is visualize=True))

print('="*100)
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A15199 9.1 ANFIBE1DBUINENA LG LUNISIUIBUTBUS D8 AT ANULANAIIYD9NUNTBETA

nnANATWSUAUNUNUASoeURNTNALUSWATUATIIULS
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8.09 9.08 12.25




70

A5199 2.1 ANFIBE1DBUINE N LG LUNNSIUTBUTBUSD8AaZANULANAIIYD9NUNTRETA
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A15199 9.1 ANFIBE1DBUINENA LG LUNISIUIBUTBUS D8 AT ANULANAIIYD9NUNTBETA
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