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The forensic examination of sexual assault cases often relies on sperm
detection as a clear and reliable method for verification. However, this process
is time-consuming and prone to errors. This study introduces the application
of computer vision to enhance image analysis for sperm detection efficiently.
Image processing is widely applied in fields such as industry, agriculture, and
medicine. This research utilizes image processing for automatic sperm
detection, significantly reducing the time required for identification. The
proposed algorithm processes JPEG. images (800x600 resolution) by converting
them into Grayscale and HSV color spaces to optimize sperm head separation
using Threshold and Binary image processing. Noise is reduced with an
Averaging filter and Dilation, followed by Canny edge detection and Circle
hough detection to pinpoint sperm head locations. Results include processed
images with sperm counts and processing times. The algorithm demonstrated
a high accuracy of 95.00%, recall of 94.12%, and average efficiency of 96.97%
when compared to manual visual inspection by forensic experts. Additionally,
the algorithm processes images in an average of 4.070 seconds, considerably

faster than the traditional expert analysis.
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1.1 fwazanudidny

PNAANYIvetasAnIseutelan ( World health organization, WHO ) wua1lud
2564 simﬁqﬂizmm%’asaz 30 maq@:mﬁaﬁ’ﬂam%mL‘f]umﬁamaammqmmmqmﬂ
(Ghasemian, Mirroshandel, Monji-Azad, Azarnia, and Zahiri, 2015; WHO, 2021) Usgin#
Inefiadfnnusuussiegnduaranandagadudududiu 9 vadlan wugnnszvinlitesndn

a A

7 ausindu Hadagvdanudinnuiomndussana 30,000 AudeU (Thai PBS, 2565) N5
aziflamanaiollunuRan19egy) ANNRRFIUTNTUNSEYITITT (W) AN, 2565)
Tumsnguuneanudad erfumeduanuianisongi@ angrmanelddyg@lilulszana
nvangeI ANy 9 ANuAnAEIRUmARIURINATT 276-287/2 (AU ATy, 2567) e
AunnARnTzyinte dsiddgyAoninsaaminanguiodudunisiinadusius szming
{nsevinuazs g nnszyinlagoden13n99a3 1918 NLNNG LALN1TITIIM B I Li o1 Ty
weundngrududunisiimaduius asuineaifedndutngweuiiddgyedieddlunad
fanarufiefiagBusunsnsgianuiin saisanasaldlunisssysyeeraresnsgyinindn
18 (Allery, Telmon, Mieusset, Blanc, and Rougé, 2001; 8101 émﬁu, 2559)
InedagdunisnsiaaeuluudsnisuesgiuvesUsemnalnglunsnsiavneadasniu
nszvIuMaAuEng I Bednsn) deud uarlindesqanssalifionsavdiedd luduneu
MIATIIARUAT VTR NAN VA IienTITdUsEneUTesthegdamsavildvans
75 19U Acid phosphatase, Prostate specific antigen (PSA), Semenogelin (Sg) (De
lamirande, 2007; Martinez, Santiago, Alcald, and Atienza, 2015; Unnad qw§ﬂ53ﬁw§,
2567) UaraNANIIATINNIFLI0ARNATIINASAINTID FanmTranuegdiednduns
gudu (Gold standard) ﬁLﬁuﬁEJaN%ﬂuﬂm}ﬁu(Maree, Du Plessis, Menkveld, and Van der
Horst, Maree, Du Plessis, Menkveld, & Van der Horst, 2010; Wasserstrom et al., 2013)
pgalsinu ﬁaﬁwﬁmiuﬂﬁﬁmiaaLLazﬁué’uwa"Lmé’éﬁaLﬁﬂ%%qﬁ?uéﬁyuagjﬁ’ummL?isasuwmﬂmmq
fatlunisasamedilanisdendifutunouiiddnlunstusundngiuannisueaiiu
frenian Gamstienluusiasussmatazinnuunnsnsiuluegiuanimasesiodinuuay
sulszanuasUsEmatug nnsAnmnistoudfioainidnainyvates 1y Hematoxylin
and Eosin(H&E), DAPI (4" ,6- diamidino-2- phenylindole), Christmas tree (Oppitz
test)(Deshmukh et al., 2020; Watanabe, and Akutsu, 2020; Shaker, Monadjemi, and
Naghsh-Nilchi, 2016) fivegnanstdlunisdonddieadlunsazUseing 1y lwasdu (Henkel
et al,, 2008), waN3n1ld (Maree et al,, 2010) +Jun 15gpULUY Papanicolaou stain: PAP
stain (iﬁﬂﬁl 1.1) uag IUWWQLBL%EJSEJ'Nmeﬂajﬂu (Takamura, Watanabe, and Akutsu,



2017) WJun1sdauuuy SPERM HY-LITER™ Express (g‘d‘ﬁ' 1.2) 9nmsAnwUseinading
redfu JUA 1.1 uag 3UR 1.2 anansoueaiiuiioadldegnadniou usluguil 1.2 o1aagnuds
wanvaeudilldeadsmudiantha derhunsyuiuniséendiesszgnihlunsaae uny
ndosganssmilnnsnsarunnsdesiundesganssmitardudunamedidovgdly
nszvrumstesniuiiaedoddfidomylunismmigeuiayiin s vinaiilansiaaeudis
puUa wnlundidu nssviunisdananlulssmalnedisiuud domguasyaainsii
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21 AMUNNEVISTUAINGIANENS

ffnenenand (Forensic Science) Wi “Inenmansuan” ivinermansuldidie
AINYASITUAEN15UsEENALTAUN1SRoUATIa N BN IA1a (Houck, 2015) AR
Angrmand unan 98 WuFesluduvesnguang fud1in Ingrmiand Aunlagnisfnu
fum S198e 3o dedu “DiImenenans” \Hunistinnudmadneimansuasainuinienis
uwnnsuUszgndldlunsinagindnguiliiedestunsnsgriinngune Ssuuneatiens
Frlale Tmermansiuifnamanstuhnifindieiu wiuriiaswdadiunumdisetu
sumasuinuduunuimvesunmdazihanusluamun iz oumdesuniiefigla
sxdlunszuunsefssandonuaidlunised Sslaldfiimmmaviniudsdynannsdudy
9 wWngelinanuiuluuninsdlang Wy iuswnmd nduns weadan1sunmduazynnains
iuaW%WauﬂwLﬂa'smaa dwsvludsewalnonsidnenemansidanfsadesilinisduaid
auidefienind sty LLa“msa@mmmmwmmiumsmaum Tnesluisnisnsaasu
wdngIuene 9 Wy sesdiafle duny Fen wazsnludinsiinseideyanieidvia tudu
(W9 YRULaduInTg, 2556)

wihiifnuilUvesdfineeans feil

1) mim’mamuﬁlﬁmm uazegnm (Crime scene investigation and forensic)

2) nsnsIvaneiiile (Fingerprint examination)

3) N13RTIABNATT (Forensic document examination)

4) N13M3399135UU (Forensic ballistics)

5) AsasIaMaLAiiLasWand (Forensic chemistry and physics)



6) N1SATIANNTVINBLaLALOUE (Biological trace evidence)
7) N13R51INNUENY (Forensic medicine)
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WYIWVENFIUAN 9 NTRINeImEns Lﬂwé’ﬂgmﬁﬁmmmLﬁﬂsﬁuﬁaamﬁmwﬁ
fuNsEUINIMSINeIEans wazanuslusuiiineimans dddumangmane fedudu
mMahanuiiniinsiiielimaidadedeiiaaidluaiinduasianuiaviel deftuin
Juunumitdrdgeesdaileaivayudeifiansdubeswesnsdniuafvien gruneuagzii
ANsEYRANTadnynIung g (Miahi, Mirroshandel, & Nasr, 2022)

22  arw¥nlufeafuegd

a3 (Sperm) AlawwadduiugvesnAyy daug1iuseain 0.05 Hadwns d5Use
nsslal dhuiilunaduiiugudnans 2.5 s 3.5 um uay Tlaslileunsuegiansiusean
40 - 70 Wedidud  vesegduszneuludaelasaaing 3 dau dall (U 2.1)

1) @i (Head) Usznoulusisfiaedea (Nucleus) la59a313 Acrosome Agy
masumiwesdiniadsy fdnvusluntiduien Single membrane sac) meluussy
Wulwdddrysonszuiunisufaus

2) d@aunans uie a182 (Midpiece) d@ruluagjUseneulunay Mitochondria 119617
Snwaziduindeinaenddia dniiad1andsay (Adenosine triphosphate: ATP) 14lunns
\ndeulmvesaldsy

3) @ (Tail) laseasneuszneulusie Flagellum @nwagiduidu) I Axoneme
¥30 Microtubules vt lindeudivessaidsu

Tail Midpiece = Neck Head

| | |
| I | p—

\ \ ANV
Plasma membrane N
Mitochondria
\ \-/)\ Distal centriole

Acrosome
Nucleus
Axial filament of tail Proximal centriole

(\@u® anuas, 2561)

sUN 2.1 lassasanenigniavesadsy

2.3 mMInsanaiesljianisluanniane
LﬁaﬁmiﬁaawmﬂﬂismLﬁmsﬁumsmﬁaQ’ﬂszﬁwﬁmmaﬂwwmmﬂssmumiqaﬁﬁmﬁu
Fuesiidfgduegieds IﬂsJLﬁaLﬁmmm%u’umaumﬂwﬁﬂmuaaumulﬂé’aamuﬁﬁmmmﬁn
MaAUTIVTIToYANENg Y aqmmawwlﬂmamwma wagtiuingmey mﬂuumamm
wmulﬂmmmwawgummi Wlonsaafigatl nMamsramsdiiinermansdadraniunumi
d1Aglun1IigaUunangIueIg 9 Tﬁ’lmNamQﬂmaqasmumﬁ]sqmwaﬂmqwmmam Tu



muiﬁsﬁ%Lﬁumﬂ%ﬁaaEJ'Nﬁufm'mi’mqwmu Frfudlefeafduiunsgrhdusnsnsana
ﬁaa‘wEJ’]FI’]ﬁG]%Lﬁ?EN(;fuf\]zLﬂUﬂ’]Wﬁ’JT\]W’NLﬂﬁ‘:ﬁlﬁLﬂUﬂﬂiG}iiﬁl%Wﬁ’JuﬂigﬂEJU?JEN‘IE’]EJQ%
(Semen) waz 35 Confirmatory test ABN13ATIVTUTUMIAIDHINILNADIANTIAY TUAS
prnningretunsdfnudensamgnsgifnanduiuaiiitunoudeafudsd niafu
Tgweul 2 gULUU Ao
1) Yapneuilifiasu wu Horn duss i inguetusing  Husi
2) fogweruiiiagu Wy asuiden asueddfuinaLiamg viousnud
Aannusnnevesfidemeaunsaviinmsiulilaensldldiudgad (Swabs) gu 0.9% NSS 1T
ATURIndeeni wdvinsviiute anduieldnsznunses uardniivlagesnseany
WlodsnmanaiesufiRniseoly (erwud S1asena, 2560, wainws Unyallezna uazams,
2557) vianldiniafuingreiuiiededsdmmaannildnandisiuug ludunousioly
wihdegensdsmmaiionsead Tneasutisnimsald 3 wuudall
2.3.1 N1INTINNLATLALNITNTIINBUYIWINE
MIrTIImMaARLaEN1InTI9N 19BN INe Wumsesaitevndiu
1) ﬂizﬂawaaﬁfmqﬁ (Semen) wagdoidunisnsiadesdu (Presumptive test or
preliminary screening test) m'imawmmmdauﬂizﬂaumaﬂﬁfﬂaqﬁﬁumsﬁ%m'i
nniitelulssmalveluiagduiided
1) NMINTIIMENTHINEE (Zinc)
2) msnageumLdulwinedareanna (Enzyme acid
phosphatase)
3) N13MIIINNENT Prostate specific antigen
4) N15M5I91ET Semenogelin (Sg, SEMG)
5) msns9du q Aliduiden Wy M15r5IUUY Free choline 1Ty
#u (Unnay quisuszans, 2567)
2.3.2 nmsthelen (Wet smear)
Hunsasammfmesdniandasganssailnenisgan aunsaviililag
thasdsmsrafiivan than veevidetheluuu Slide wagveminingda (NSS) asuuAsdmsne
1-2 noa Yadousuniaung (Cover slip) AIasnendosganssmiiiionsaameedd (e
¥¥ty 9151T81,2557) mnmuiegiaznaginvhegisundeudiliviels defveininsiais
il Ao aigaen vildviudt uaraunsadaunanisiedoufivesiedild dautdedida Ae dewi
Viuitedodsdinsiasiuiursudnann was Wuvswnanindu dlenaiiin False positive
LA False negative g3 NM3ATI9MF0Ed Jeiesdoud Liledudulane
2.3.3 nseeud
yndudsdsnsiaindesnaen ansnsathousudladudriendldiae
wnifuldiy (Swab) fdarsuannuiinmigg azdesiunisadndsdmsaveanainliiiy
ddnou udrFeilugtuneunisdend nmadoudanmsadonlddundnaly Wy Wright's
stain, Gram’s stain %38 Methylene blue usazdanadogdlden iesandvesiogifu



axa

yosiundslaunnaneiu wie envdeudaae Harris Hematoxylin and Eosin (H&E) 19354
Lﬁuﬁaaqmﬁdﬂﬂﬂi’l (Fischer, Jacobson, Rose, & Zeller, 2008; Goodwin, Linacre, & Hadi,
2010) waz 33ATealdausniznilsffentsdonduuy Christmas tree staining w3e Oppitz
test lunsnsadeunarsryegivudladifiensiafenivaiiundosanssal ngiane
ﬂszﬁéhasmmig]ﬂLﬁU%ﬂwwﬁH’Laa'}mu (Hymus, Egan, & Tay, 2022) Faduiileusadiugh
oaRudfBumgashnstuiinnm Wensabusudendnads Sdunuitedyadoyaild
Fedunwaroriundesganssmifiinunszuiumsdonduy Oppitz test
wazdentuneunisl@indnmenenisteuduuu Oppitz test St
1) mawiendlad neafet1efideinisdenatuudladuiuazuassliuiaiie
Snwranwaa
2) qualasluans Fixation WU Leanesed \lolisadBadntudlas
3) faud Nuclear fast red 1uduasiilddouindvavesad oadayilduns
LA MUFIE Picroindigocarmine (PIC) 1 unszurunsivilvduvesiuagnaveogd
Waswdudden
8) vnsdsaladieinduiu 9 udilvalamus
5) ndsnmailiwiaseusesudrezidunismmanelindosqanssmi e
ATIVNDER
nstonduuuiiasiliusaiulasesmosailddaay seliannsansalnsei
NlAIMeImanslaog1iiuszansnm

24 anufilestuieaiunsUsznananin
nsuediuvesyuduaznalanissunmiiudsdrdguazdudou fonisvinli
Toyanmitlssuidmnhmsduiinliiduanumssdiegnaie 1wy andd andring and
Tumih wazdufifudou Wud medadula sy Wy dsfunsueadiudoyanindy
dnsndulunisandn aunsnsuildandesne q lese duniisFefinnt 9:innsgameuns
voynanseine 9 MhaulaffunisuesiursedFouldindudeyanin
2.4.1 sUnmAIvia (Digital image)

JUNNATYA Ao N1suaniNavresnImIINaImeslanduzduuuninaiva
HUSTUUNITES19NN (Imaging system) Lagn1sUsENIaNan nAavia (Digitized image) A3
Ul 2.2 TumsuansnavesgUuuuAdsiaaansadaiu Usznana uaz uansnauugunsal
Sidnnsednd Wy Aewfimes Insdwsi viendesddsia nwAdviagnunumdugn 9asng
SunI fna (Pixel) (Gonzalez and Woods, 2008)



@ (") Nlumination (energy) source

E L &8 .
> &b
Output (digitized) image

(M) Imaging system
(9) Projection of the scene onto the image plane

Internal image plane
(1) A scene

(Hassan, Ema, and Islam, 2017)
UM 2.2 feg19n i Digital image acquisition (n) Ilumination (energy) source. (¥) A
scene. (M) Imaging system. Laz (3) Projection of the scene onto the image

plane.

2.4.2 MENN1INITUTLINAKANIN
N13UTZUIARANIN AT NTEUIUNITIANTT wazliasiesigunmlvieyly
SULUURRYIA viSe Tayaideinay lngTngussasavainisuszanananmuudlaaasussny Ao
MsUSuUsIun s iisluyudusaiiulaz e linesfiumesimumineain sUAm
16 nsuszanananm Iudnnnsudn q dagui 2.3

A 4

Digital image Processing —> output

JUN 2.3 Tumsumsuszaiananin

sUAMATTA nsuanseenuuIsn muesgUnmATYA Aeflsduiiuansesnuuuudd
Juensisd (Array) viseuanwuulsiiauun3ng (Matrix) nmAdviaazuandluguuuuaeds
(Fe3uT 2.4 waz UM 2.5) Wuileddu flxy) vde (xy) Tnaziatnnanuninsanugsosnm
Y UUKUILAY X Uag Y T8 1580319 1uni Coordinate Tusguruaesll@ (Spatial
Coordinate) uazauqalaq7ioguuszuIuves XY azi3on31 anmiduuas (intensity) v99
anniiniga JUnmAITakuumesndaziivwawnuandy M x N (M S1uauuas, N 3133w
GLLH)



ooooo

(Gonzalez & Woods, 2002)

JUN 2.4 Flanduiiuantooninuuuaediln veduniasiiniea

FIGURE 2.19 Origin
Coordinate i ‘

convention used otz Y No1

to represent digital 14 « o0 ;

images. Because . N '

coordinate values - . |

are integers, there 421 i) : The coordinates of the

1s a one-to-one image center are

correspondence x;

between x and y LCenter (e y) = (ﬂoor(ﬂ ) ﬂoor(N ))
and the rows (7) 2 2
and columns (¢) of

a matrix.
Image f(x, y)
M-1
X
(Young et al., 2004)
sUfl 2.5 shumiswesiida (Coordinate) luszuruassili

£(0,0) 0.9 ¢ TVXRN-1)
_| f(1,0) f(1,1) = f(LN-1)

flx,y) =

fM~-10) f(M-11) - f(M-1,N-1)

(2.1)

Handuaesdfvasguuuy f(x,y) A1 f ARTAT N Ui (x,y) foUSuaanaisas
mqwmamqmamwgﬂﬁmum‘lmaLmdqﬁmmaqmw wazdandudndutundsnuiiunloy
wssRndanienienn (Wu aduwmanlndn) dady e f(x,y) agdasldiduau () a9
aunsi 2.1 Fslumuduvesusazfinaazinnududisneiu Insluwiazavesrnuduay

fuAT U lESEUNTT 2.2
0 <f(x,y)<«x (2.2)

Y]

f(x,y) unupuNYesinalunwAIRans s (x, y)
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A a A o 1 a1 ¥ [ 1 dy ~ <
We f(x,y) = 0 inwanisunus (x,y) JA1ANUTvnGU 0 Buneaadn Wualuniwdu
a o A& | a a Y aa !
devselufinawnas, f(x,y) > 0 AnwailAranuduiduasnnnsenu wag £(x,y) < o A1
audulianusaduafnaunseldinduanluuiunvesninass sedauasainauiuguly
5oy 9)
WAt f(x, y) danwuzilaunigdaeinsausznaudnail

1) YSuuenuansannunasnilanannsgnuluain

2) Ysunamnuainaasieuanningluainagamsnga
uratlisenNadIuUIzNaUTBIANAMNLITNTRILMaINLHEALES (Llumination) Wazn1TdEViau
e (Reflectance) vasdnglunn Weuwnuae i(x,y) wae r(x, y) muadu flenduiiaed
FWAUNEITN £ (x, y):

f&y) = i(x,y)r(x,y) (2.3)
hi 0<i(x,y)<cx (2.4)
WaY 0<r(xy <1 (2.5)

Fefunsaziieunduazdeusoude 0 (M1sganduuasionun) faunisd 2.4 asdu
a3l 0 uasiiutudos 4 nuuvdstudinuasie way ArasTieuasiioglutag 0 fs
1 feaunisfi 25 r(x,y) dedawiidu o LLamiﬁ’mqﬁ?uﬁﬁﬁ’]hiﬁmiagﬁauum LAY a1
ynfiduintu 1 uansirfinsagieunasiomn fngarddunn lunsiluldgnimualag
Audnuazresingiigndisam amimardgldldsunmiinannsaeneneuainei
Fanane 1w Sndisdang q lunsdld sdanistunisdauunuilsdunsasiouuas us

Fndrrinazimdouduluaunisi 2.5 wazilaidugunmiiadavurzgniaesdunagaluaunis

a

7i 2.3 (Young et al,, 2004) A lindaannisuvasnmasidunin “39idnea” uras
fwnlsagdauasiivanesdiunuinesfinnesatnsamuiald suundieddu £(x,y)
Juvsuaanans lunsdidiarmdu 219-6 Binary) nSanninun (Grayscale) was 1iu
Usmannwestunsdiimanuduuas sumida q funnimisesdivsznau wu nnd ey

1 3 p9PUsENaU Ap Fuad AW87 way AUk (RGB)

25  wquiieafunisuszuaanann

NIzUIUNITUSZIIaNE (Image processing) ¥UNYN Y FuNOUNTEUIUNTIANISUAL
Anneisunmilvieglusuuuuiivialasnisldreufiamesunszmananiey elilsnmis
Qmauﬂ’ﬁmumméfmmiﬁgﬂm%mmmwuazﬁmm Fafinanvaneisnns o8ty N3
LLansﬁ’azgjagﬂmwﬁgwumngﬂﬁ"m (Image transformation), N13AN9AFEYEY1UTUNIUBEN
31010 (Image filters),USUUTIAMUAIMIBININ (Image enhancement), NSAUANINUDS
A (Image restoration), N15UU8ANN (Image compression), MIARLUININIRE (Image
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segmentation) 1usu nadnsvesgunmvienisuaninazua1n (Output) wueda waille
MnmsUszananasag naiuiildazdueg funsldinadiauasisnisandrsiu Adenthanld
Tnoagldmoufinmedidunisussananarianun (Gonzalez and Woods, 2018) Tuduseunis
UssanananmilseaziBeadesiu dutelud
2.5.1 n5thn i (Image acquisition)
nsthadn fe dumeuusnlunsysznananmazfunissunmdgssuy
NUNTUTEUIANG
252 mmﬂaﬁagagﬂmwffnmmmazgﬂiw (Image transformation)
n1sudasdeyanindinnudndulunisuszuranasgranngu Telunsusu
dunisnmvdeldeunin (Translation) Iieglugumiiafisiaanis nsuyunmm (Rotation)
dielild nwmufirnianunzay Msderievensvuinnn (Scaling wievinisgensavens
Tagaunsaszydmnuminvesnmld wag nslanm (Shearing) T oviin1sinnwlid
sUnswdefimmeinsluanidu S snssylrtanmléidlusaun x uag v
2.5.3 MINAAFYYIUIUNIUBINAINAIN (Image filters)
NSANTAFYYIUTUNIUBINAINAIN A N1TUINIWLUKTURINTOId By gy
ielvldnmnadwsonnun nmwadninliasdauantfunndsanamsudu nnsnseq
foyanmAensiiiu (Enhance) nieanmeou (Attenuate) il lilsinmiiTinaautRniudonis
fnslénsnsesgunimantie ooty 5U7 2.6

(n) ()

JUAl 2.6 Meganmdiunislinsnsesnmlunszuiunissing 4 (Zong et al, 2015)
(n) Awsuatu () Averaging filter () Median filter (3) Gaussian filter

1) Averaging filter (gﬂﬁ 2.69) \un1suszanananmildlunisiuasninuay
anseaziBeavanm Ingvlrituiinnwalndifoddnedslumuaudnmi q fu
2)  Median filter (g‘dﬁ' 2.60) \JuwmadansUsyanananniiannisnszaed
Iuiuifidandmuasdvneglunm
3) Gaussian filter (gﬂﬁ 2.69) Wumadiansuszanananmildlunisivag
AN (Blurring) LazansIuazidsnvoinIn WAIN1ISNYITEUVRINNIARNIT Averaging filter
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2.5.4 Y5uUsaqmunmueIn1m (Image enhancement)

LﬂUfﬂiU%JUUEQﬂWWIﬁIﬁTJizﬁV]%ﬂWWM’lﬂ“f‘f’mﬂUﬂ’izu’mﬂ”l'ﬂuﬂ"liLL‘UEN
foyanmiiauifiefiazaienmilitiuneazdeaiifosnsvieusuiidovednuuasiifonis

1) Histogram equalization tdun15UsUUgIAUANTATEININTALNAS
nsvaeANudugasa i m

2)  Sharpening filters unsifiuanupudnuaymeazidenvesnmn

2.5.5 AIAUANINYBINN (Image restoration)

vl mAuganimaunienisuuuganmliounzauiunisueaiu 1u
wadaildlunsusulssnaunnussniniignyiatevdeiidounnses 1wy Tdyayiusuniu
(Noise) vidonmiuas (Blur) Tnewdwsnewdievilinisusulssnmoonulilndifsanmdedy
1Nl

2.5.6 NM5UUSANN (Image compression)

1) mstudnnuuliiinisgaldeseavidendeya (Lossless compression)
HuisiAnwaisveusazganmazdnsegmilouiuynusznns vislifimsivdsunlag
Avasusar NN ansTudnisiasendamediansdaifiutoyadsinarlunsanuunaues
Toya wu duwana PNG, TIFF wag ZIP ilusiu

2)  mstudauuugndeaeaiBentona (Lossy compression) Tmstiasd
MsAsuLUasAIANEIIYB AN NI UM AN '3'§mi‘1ﬂajmmzamﬁm%’usﬁagamwﬁ
Fosfimsdmundeyauuy (Classification) shzinnisleuniedeyadiliitunnnimgs 1wy
IWduana JPEG, PDF waz MP3 1iusiy

2.5.7 nsuUasAd (Color conversion image)
mMswlasAvesdanunsarildemdesdenazlausdsng q lunsuszananm
U OpenCV, PIL (Python Image Library) wag MATLAB LﬂUﬂizUWﬂﬁiLU%‘EJum‘Wﬁnﬂi%U‘U
anilaludadnszuvands fisuil 2.7 wansinegamsdsunyasuedssuud

() nW@ Grayscale (M) NN Binary
(Gonzalez and Woods, 2017)

sUN 2.7 nwdiegauanin1siudeunlUaesseuud (n) RGB ,(v) Grayscale wag (A) Binary
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1) RGB (3UN 2.7n) szuudnsiuiuvesduas Ale7 uardildu lngsium
fUKUU Additive iadn1559U50 Y9 RGB Adzatunsouaaiudunmamuiiuduung
e wiagdasliwindu Yuegduinluwsaryaiugdnisiiouasiazn13deanae way

¥ d" acd 1 [ n" o =
ANNWINFENYDIRBLAAIHA TeUnFAfazuanaeiulUmugURN 2.8 wuudtaesd RGB

Ul 2.8 uuUSAesd RGB

2) Grayscale (371 2.7%) {umsusunmindunnlnuunadm lneasui
AULIUVDIENADAMABINUNINVIIAIDINTTAUAINLLIUVBIEAT 255 SeaU SIUAUAL1IBN
wiladlulvun azvi1iu 256 (U7 2.9)

J1ag

255 o

[y

g‘ﬂﬁ 2.9 SzAUEVDY Grayscale 256 5¥AU

3)  Binary \Junswasuszuuanidurndlilddussuudndansdunas
i Tnensmnuaaimuduesiineadiiunsesininafidivus Tuniswdsussuudues
sunmladlafiviieaunsyuud Grayscale wag Binary windu §efisvuvanihaulefie HSV (s
U7 2.10%) uaz CMYK (faguiil 2.13%)
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(n) A& RGB () PINWE HSV
(Hassan et al., 2017)

3‘1]1‘7; 2.10 nwheguansnsUasuuUasessEuUdn (n) Amd RGB Ty (v) HsV

4) HSV Hue, Saturation, Value (31J1'7i2.11) dANv09Enan Ao WY Wdad g7
1hidu e the Hudfu Saturation (unnuBusves Hue 3U7 2.1 iunsuansuuudiaes
Y938 HSV Value AoAnanmainewesd e Value Aifidgsgaazidudvn ssdudfiainaiign
Y94 Hue Wag Saturation duAfiAfigaues Value fifle d nsUszananinluszuud HsV
Junuudeesdiiaiatudiodumadonamilazuenanuduvesduasarubudvesdls
9619918 nzdmUNUiderileTiland 1wu minseduinglunm faguaimi 2.109
L"ﬂuﬁ:}asmmimw%’Ui’mqﬁ'aﬂﬂumaLﬁaﬂﬂ%’uﬁiﬁmmsauﬁmmmww (Hassan et al,,
2017)

JUAl 2.11 wuudaewesd HsV

5)  CMYK (35Ul 2.12) Shagldlunsfaniam Tnelddndnadnuiing 1 fe
Cyan (@W1ouiT87), Magenta (LAso113), Yellow (111883) way Key/Black (@61) 1132362
M wleadedfivainuane WWudlunisanuasiiasiouuunszaivdans wisnisfindidily
wielsdanfinmsTndatosasiues
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Ul 2.12 wuudaesuesd CMYK

o8y JUT 2.13(1) Wunisusussuudann RGB tuilu CMYK n1svineuaessyuy
CMYK Tlun1sas19danutaidsyiouan N uURILa S A LA AN DL LA ULALAINUTALIU
WILNEANSUNNSUTEUIaNAUSLLANIURLN 19U TUAMDS BUIdD aznIwane

(n) nMmAuatuIPUUARGBUD ALY (W) wd CMYK
(Anilkumar, Manoj, and Sagi, 2018)

gﬂﬁ 2.13 amdiegsiansnsasunlasosszuudann (n) amd RGB Uiy (v) CMYK

6) Thresholding Wumaiialunsulasdnin aanssiudmnmsenmiiiinay
syivvesnnudadlinatedunin Binary nmsegns Binary agluguil 2.7a Tnenisuuag
A MUY Thresholding azidunsfviuaAnadt wieisendn Threshold value Awils 3
wylueniinafifliauduiigsninasinfvualieenanaaandudiinit Tnenisv
Thresholding $ag 3 uwuu ndn 4 Aifle

1. Global thresholding 1Sunsidenldmnnaminie wu 128 luamdi
AradusEing 0 B9 255 (Fregresedud 3Uit 2.9) Tnefinwadidaaudustau 128 uly
wgnuNLichedY (1) wag Anwaiidimasndusiniiazgrunuiisheds (0)

an3 Global thresholding dwsunnfinialunin f(x,y) :

flx,y) = 1; wineau I(x,y) > T (2.6)
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f(x,y) = 0; wnpnuau I(x,y) <T (2.7)

I(x,y) Ai® AIAMUTUYDINRNLLATI
T (Threshold value) Aa A1 Threshold 7denliidunaus

2. Adaptive thresholding unsAuaAnuel Threshold dmsufiniea
Ingd19999 AN IvesinaluuSIatng o %38 USaudn 9 (Neighborhood) Tunw
1ngazANUAAITILANAINAUAIN Global thresholding MieaALAEY TN1TAIUIUAIL:

T(x,y) = mean(l(x —-rx+r,y—nriy+ r)) —C (2.8)

g I(x,y) A9 AIAULTNVDINNLTEE
r flg VWINVBINUTTOU 9 AnwanlglunisAIuIuAILAu
C Ao AfignauINALNe LieUSuuAdlinaawsvanzay

WBilmmnztunmidaaliaiianeronas iy awddiowieamudiluusazdan
yosnmliviiulazannsaUszanananwiiinnadudeunar eazdengdldnit Global
thresholding

3. Otsu’s thresholding Sﬁﬁﬂueﬁmmﬂﬂﬂﬁju Foreground (1919) uay
Background (umds) saemseuasuauiinualusesiud (0-255) itead1ens ol Histogram
fuananisnszanesesaaduLawesnm andunisldan Threshold fiRfigalusysuddil
inausinasunslunguliesiigauassitlienuudsysiuseninainguunniigaiduisildauls
$18 ongfuniidiiundaes giinsuenuezedsdnaunanduisiuneslnesnlud

2.5.8 MIRLIUNINEUFIUINGT (Morphological operations image)

Wunmsvfuasulassaievesnmudoguiuuvesingnielunim sfnazldi
awiidunuuluund Binary) Wienm@n (Grayscale) msnzunnisldlunisusuussaanm
yaanm iilon3ns19duing msuvsdrunimuaziiasisviguuuuls madudunisms
Fugninewman 9 udndunsiileniurieulvanandfmasuiiswosingagluniw (Soille,
2013) fI9g1aLTY

1) 53818 (Dilation) iunsidufinsalyifurouvesing Wsruievesing
aglunm m'isu&nauﬂ%msmmmmanwLaﬂe]ﬂwaiuamawiaL%ammawaﬂﬂaﬂu Haelunis
dousodwiimelulutng Wateshadongulunwiiliveuresinggumuniu

2) M3ty (Erosion) Wudsinssfududu Dilation fAdensaufiniasen
Mnvevvesingvisanvuinvesingnielunm Tilunsaugavietnguunndnitlideanis
InagaiemMIndyIasunNIuLEan 9 w%mwni’mqﬁﬁauﬁ’u@aﬂlﬁ

3) n15.0n (Opening) Jun1s Erosion audhe Dilation Mifienisiidn
FyQnalSUNIWULAN 6']Tummzﬁ%’ﬂmgﬂiﬂwaﬁmﬂm d
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4)  n3Un (Closing) N3 Dilation musae Erosion Mlunisifudosinadn 9
meluinquaziBousioTngieglndiu
5)  M3ANTeU (Boundary Extraction) n1sdnveuvesingaislunimeanin
1agld Erosion uazauradnseananauaty anansaueniagiinsiziveuvesinglunnle
dutuneudAylunisvin Segmentation uag n1snTradutag anunsausuldldlunans
anunIsad
2.5.9 mMsmveuvesingnglunn (Edge Detection)
nsnsaTuveuvedingnelunin (Edge Detection) edenann1sniAIudy
Y93ANUAE (Intensity) 1NUnATeVILIMsWABULaesdegednlauLa TIa5) Wy
youresinglunm n3nsadureutisszyuTnaiinsasuwUamesmudivesfinega
Irogretmiau Sadutunoudidnlunszuiunsussianauazimsziamm (Szeliski and
Richard, 2022)
LﬁaqmﬂmauLﬂu%’ayjaﬁugmﬁﬂhaiﬁmmaamw%’ui’mqLLazLLﬂqé’mdaumaﬁqu
awld adad deuldlunismvevresingidunismianudu Gradient) i ardunis
Wasuulawesnnuduvesiinialunmdsanansnmmueuvesing Gradient (G) luawinnis
WasuuUasesA1nnuastams sdvesinwalufianianneg Inedaluazfiansandanis
Wasuuvaslufianiauuiuounazuuan iunnmesivsenaudisdiutsznauresnis
\Wasuuladlufianig Gy (HUIUDY) ke G, (W) MsAuInsznousg

Gradient vector:
: Gy
Gradient vector = [G ] (2.9)
y

YUm (Gradient magnitude, G):

G =./GZ+ G2 (2.10)

AN19UBINSWASEUS (Gradient direction, 0):

6 =tan™! (&) (2.11)
G
1) nsmsaadureunuuletua (Sobel edge detection) iufnseaBsanud
39 (High-pass filter) sanuuusteitiunisiudsuruidiulufiamauuueuasuuis Tng
A1INBUNUS (Derivative) veaninluassiiania aziuvreuvesinglunmlagn1snsiadu
mMaAsuLawos I iiYedvEemNaIng
Aen1auwueu (G,):
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-1 0 +1
Gy =|—-2 0 42 (2.12)
-1 +2 +1
AR (G,):
-1 -2 -1
Gy =0 0 0 (2.13)
+1 +2 +1
alxa2=>50
b1 x b2 =100
c1xc2=50
d1xd2=0
el xe2=-100
f1 x f2 =-200
g1xg2=-100
h1xh2=0
TOTAL = -200

Therefore x-value = -200

alxa2=50
b1xb2=0
c1xc2=-50
d1 x d2 =-200
el xe2=-100
f1xf2=0
g1xg2=100
h1 x h2 =200
TOTAL=0

" Original Image
Therefore y-value = 0

(Fagna, 2018)

SUN 2.14 /919N SAUITANIHUIRILAZLIIUBUYBY Sobel edge detection

2)  MIRTIRTUTeURUULALT (Canny edge detection) Juwmedaiid
Usgdnsnmgauazifuidoulunismsadurey aunsoasaduveviifinnuaziBoauazan
dygrusuniulad mﬂﬁﬂﬁ"gﬂﬁwmima John F. Canny Tul 1986 uazUsznaualunany
Funoussil

1. Gaussian filtering ¥30 Gaussian blur Tifiaiuaenmdntes ieandayaias
sunmulunn usenaasiilinisasanduveuiiauudusiiitosa gﬂmwﬁfsasi']qgﬂﬁ 2.64

2. Gradient calculation %39 Gradient intensity Hunsiuuniswieundas
yasnuduvasinealunwisuwineuazuwass Ineld Sobel wiosus Womawinuaz
FENNTUATOUS FuaNNIST 2.12 wag aunsii 2.13
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3. Non-maximum suppression Wun1sdm ﬂ"lﬁlzﬂﬂﬁﬁﬂﬁlimlisﬁ"‘m‘uaaﬂ
Wisuisugerwnvensuasudluiimmedifalndfesiuiineatiades drauavens
w3sudlilyaniunn ﬁ]uaﬂ@zﬂﬁ%‘ﬁu 0

a. DoubLe thresholding ﬁuumauuieuﬂ'ﬁmmwmmsmaawn A High threshold
way Low threshold L‘WEJLL‘EJﬂLL’EJuiu‘VT’J’]\‘i“lJEJUVIﬂ’]ﬂ’NiJLGZJlW]ﬁQLL@JUEJU‘I/]@J?]’]WJ’]@JL“U@JG]’] YaUfi
duninaggnimualidureundn druveuiimninazgniiansanieaduveuniedygyn
UMY

2.5.10 MFIATIRNFUNTUIVIANA (Shape analysis)

ANSWIVOURUY Hough transform 81Aunann1suUasnInaIn Image space
(fufivesnm) lUgs Parameter space (fufin1sfines) Tnsunuiinisnsradugunsslunm
ﬁ“hsJmiﬁwmm;‘g%mmgﬁmmam%ﬁhﬂumimmﬁugﬂmaLimmjmm 9 YU LAUNTINTD
29NaY BNFIBE1NYIUNISATIITUNIINAN (Circle housh transform) Taefwnsfiwesily 3
Fifo

1. Wiagudnaraanadluam a, b)
2. Sadlungenay ()

(x —a)?> + (y —b)? =r? (2.14)

Hough transform (umadielilunisnsavivey wazdislumsuendiuvesinglu
mwﬁ%ﬁauﬁ’jﬂgﬂmdméﬁ?u%gﬂLLamLﬁuﬁm%aﬁhj@imﬁaw%gﬂﬁmmﬂmiUﬂauiUﬂau A
ansatelunisuendrmuvesinglunmls nssaamenadlunmazdmnaldlag aunnsi
2.14 niuagfunsifivazuudliiuiitaaudnansiidululs Wemsamavuasliazuun
geaeluiuiivesnmazuansiwmisiidlemadifugudnarsuenanauiidiosnisasiaduun
figauazeriAuanldazgnihanduiandusedifionnanauilmanganls (Davies and E
Roy, 2012)

2.5.11 Open computer vision

Open computer vision (OpenCV) Wulausiizenduisildlunisuszanana
amuazidle udinsianuAsitunsusaiuren’esnoufinmes (Computer vision)
waztfunsiseuivean’es (Machine leamning) gnitannlag Intel uazilagiudinsadiuayy
Tneyswuloiwusesa (Opensource) fiffsiduiivainvats 1wy mInsadunazidring ns
UszanananIwiugIu iy MsUiuanuaine mauAsusuanm manseduluntiuanis
$lumi uaznsdnnisivinlowaznisusziianainle WWuduy

OpenCV 18ulaus3fideustenisn C+ wifinasadns Bindings Wanunsaldauld
Tumanen1en wWu Python, Java way C#. wenaniidiaunsarhaulduunaisunanmasy
W Windows, Linux kag macOS
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2.5.12 msUszliuman1susganananIn
miﬂizLﬁumaé’wémmmiﬂizmamamwmmiaﬁﬂﬁﬁﬂL%mmmwuaw‘?jq
Usua Teeldun1sinanuudugn Usednsnin wazaliuaatgadsnuninauaty el
ﬁa%ﬁm&hm 9w Precision, Recall, Specificity wa F1 Score $audensiaatuszuiana 3
LiagiTinanunsaldussfiunnumnyauvessanesilundazaniunisal Tnefinnsussiiu
nsUszanananw faselud
1. mMsUssiiudenunn (Qualitative evaluation)

1) nsesdeusieaen Wuisnsildturhly Imﬂﬁﬂﬁm%wmwaaumw
NRIINNNTUTTUIANAAIYE18A Lﬁ'a@dwmwﬁlﬁﬁmm%’mau M%ﬁmﬁmwmwzi’mqﬁ
foansLanIell

2) nmswisufisuiunmguatv Wunisasregeuinnmdidiunisuszuana
AwrusanesTiuulinumilounasuanssetsls

2. MsUsELluaUsNIN (Quantitative Evaluation)

1) msUssdiudeiinu fe Bamsiaveussiiunadndlaglideyaidu
Favseadn Welrldnadnsfiaunsataldstasiviuaziusouiiouls Tunsussuiana
amAinasle Confusion matrix 1l suUsuUsEaNS Anvesn1ssunUszian Tngas
waARINANISYNUIEvRslinaiBuUNaase Tuniemisumgninisiunldluyseiiuna wu
nsnsadulsauzs eiunlunmuudluwnsy (Liens, Kooi et al., 2017) wag A15IANANIS
weduveailele (Ronneberger, Fischer and Brox, 2015)

A1519%1 2.1 §2981991519 Confusion matrix

nsiuneveslung
n=(F1udeyanavaia) Wuwauan Junaau
(Positive) (Negative)
Wuwauan N ,
N (True Positive) (False negative)
(Positive)
AGRRN -
Wunaau . .
, (False positive) (True negative)
(Negative)

True positive (TP): $1uunsvhwengnssassydnduuin (Positive) uaztduuinasy
. o o a g 1 < . Id a

True negative (TN): 31UIUNTVIUIBNYNADITZYINTUUAU (Negative) Laztduauasy
False positive (FP): 1uaunisvinneignssuinduuin uiase 4 wanduau (Type | error)
False negative (FN): 91uunisvinnefignszyinduau usdass o udanduuan (Type Il error)

nsUspulsEaEANYeInIsInuneY fill
ANNIUET (Accuracy) Lunsindnszuvaunsaseyingisesnistagnaes dnldlunis
Usziliulumanvihnisnsadunseduundssianvesinglunin
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TP+TN
Accuracy = ——— 2.15
Y = IP+TN+FP+EN ( )

Y] { o

Al (Sensitivity %38 Recall) Jannnuanusalun1snsiaduingiidenisnmunid

TP
Recall = (2.16)
TP+FN
AMNTUNE (Specificity) Taannuausalun1snaniagnIsnaTuinanain
f e s TN
Specificity = —— (2.17)

- >

ANUYNABY (Precision) 1ndR31dIUYBIN1IATIITUNIgNABUL BlUTBUBUAUN1SATIATU
avualuyavoya

TP

Precision = (2.18)
TP+FP
F1 Score lddmsuagunadnsues Precision uaz Recall 1U1saefiu
Precisi Recall
F1 Score = 2x ——" 222 (2.19)

Precision+ Recall

AINNTANYINITILATILINATDINITATIVIUNI BNITIIHUNLUINUITEDUNUIIT
Confusion matrix 1Juifiealdliddnasiulunisuendniwuivsoguaulunin (Chen, 2020;
Razavi, Samei, Alipour, & Farhadi, 2006) Tunisnisunngndnislaiieinuss@nsninves
lumantglunisuseulananin (Ramteke and Monali,2012) wagsauludamnelifiinemans
<@ o a PR Y] a a a . .
Ahuniengilnaive inusednsnnluseseinisssyuiniEa (Wahyuni, Putri, Pelu, &
Wiraagni, 2024) 1Juau

26  @naswazITefiieates

Tug29ndad A.f. 2000 fiHIuL Image processing Laeegnldaueylunguves
Computer engineering VmammmimiimmmmmmEmaﬂmmwmuﬂﬂumqmmwm
PY1UNTVANY TTIN1IATIINULLS S 31J1/1 2.15 (n), mﬂmmmmaaﬂumqm 31J1/1 2.15 @)
LLaui’JﬁJIUmﬂ’li‘Vin’Ja’q?ﬂE]ﬂG]’JEJ (Deshmukh et al., 2020; Hidayatullah and Zuhdi, 2014,
Mirroshandel and Ghasemian, 2018)
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(Paramkusham, Rao, & Rao, 2013) (Niemeijer et al., 2011)

(n) ()

JUN 2.15 fpgnnmnistinsyanansussaiananmald (n) asaamuess () nsld
TavunLdudenlunm

nsUsEanamanmsinfsnuantRveanmeani wu & Aufia vioguine 1
Uszudananniley 4 Supeundn q mufinanl3eduife nishamdh (mport image),
NTZUIUNITATENAIN (Pre-processing), N15UIENIAHNANTIN (Image processing) hag 13
wanana (Output image) fmLmuﬂﬂmwummLmﬂmaﬂumuaaﬂuﬂﬁmaiau 9 YoM 9
Luaqmﬂﬂsumumsmsamammnium:uaunwﬂwgﬂmwmlmmuuaﬂwmymaqmw a
gnvzdauuanaiusNiuInveAETEEn I TiLane e

(n)

gﬂﬁ 2.16 ﬂﬁzmumimwmﬁaaq%maﬂ (Shaker et al., 2016)
(n) NINAUATUINIUNSIBUELUU HEE (1) NSV UIBINN
(A) N1FINANTBUMIBELAS

Shaker et al. (2016) lsvinsAnw13snislunisasadunazuisdadiuvesoaiiiie
PalumsiinszsinaainamessdnluiAuazusiugr lnoiFuduaingud 2.16 n amduaty
Y040gaNHuN3EaudAR 1875 Oppitz testing MInMsdunanmaiulédinnmuesfegiayi
s fuAnnsunusuasiiundsddvnvielnusendin dainlwitus oadldedsdaauly
nsdauduuuil Wegainnindaililutuneudaly Shaker et al. (2016) vhnsudasdues
awann RGB T Grayscale wazvilidudvsilag 35 Otsu method wiesuundefiidy
ogAuariundreananiu adudiuandsiusudosudrasdunsmaesuresnin lng
n151Y75 Canny edge detection \emvaurasnmsauiun1sld Gaussian filter size Kernal
9x9 fagudi 2.164 uarludiuganelumsazmsuieiiegiazidunsiinseuvesiieqisie
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38115 Active contour model Tagn1sldn1swuaninlag Gradient vector flow (GVF) 1Hu

WMARATUNNTITAUILINADS N ATUINAINAITNTLANYVDINITAIATUN UT bUNTNTA ADINTS

MNUWIINTFNTEUNTE Active contour Auadluiiuiinifeansaglinadnsaisgun 2.16a N3

ATYRUTUADUAINGY UAT Accuracy V84 heads 0.92, Acrosome 0.84 lag Nuclei 0.87
oA A o & | Y av v

A getslumugnAeatliag fie 96% Jaunsauldieaile

(M) (V)

Q)

®

(%) (¥)

SUAl 217 n3zUIuNIMTIIdUNAZIUIYRI9ETYRe (El-kenawy, Fid, & Ibrahim, 2021)
(n) Amduaty () Wasuszuud RGB 1y Grayscale (A) Enhanced image
() Detected edge (a) Shadowing stage () Gradient detection (%)
Crossing-over detection (%) AMSHARINANTNNTDUNITUUTIUIU

mMs@nvuiiodieneissynariinseinmiiddssuniu (Noise) Hundosqanssm
wuusalusiAsneiSnnsldnisuszanananmuaznsiSousuaaaios (Machine leaming) Tne
Elkenawy et al. (2021) ldvnisinmdndsssuusazyinisiudsussuudan RGB Ty
Grayscale fagufl 2.17n-0 Inifufiunuauesouiazannissunauiilifediuddiauls
Tunmene38n3 Enhanced image faguft 2.17a deluiliunsmvsuvesiaidiusonisly
Toolbox /14 9 lu MATLAB @@ Canny side detection ausign1sUsuUgesnInatue Ui
13 Dilation (n159818), Hole-filling (M51@%g) wag Boundary cleaning (M5¥11A113&81A
vou) agldnmdsguil 2.179 dlemveuingiFeuTesudianifunsnsesdsiiliaulasenain
5Un1mlagn1s Shadowing detection §eUsznouludae 49 unsu Ae Histogram
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equalization (NM13nTzaeeAfingaliaiiaue) Mean fittering (M3nseenInLuURAEs) 14
nTeuRABIIN Kemnel 3x3 il eandyanasuniulunim 20 Wiener filter iitoLfindanis
#5298 TnensusvTaenudaliimuzanii oananudanainaindyaiasuniu uaz
Object detection (M305293UTNY) ionTI9duTng Asvey wazdumvuinvesinguundn
Tunw Binary image 5aulUTansUsudsuaudufinea (Gradient Detection) fitiae T
MIUFUUTIMTiATEsinIw fegui 2.179-2

Tudhumsieudveaniosdng (Machine leaning) El-kenawy et al. (2021) Iéfidonly
75 Crossing-over detection lUNSEUIUNITATIATUNTTIULEUNS NSV UT o U Uy
Tassadavesnmdsluuiunvean1siiasiziain Microscopic Afin1snTadeunIead Lile
vanidssmstunieianuenveseadfienaviudeutulunm JsereviliinisiafiAney
Rawanale nslamaila Crossing-Over Detection i8lenuzuazInNISAUNSHIUTBULEY
vl ddeyaiusiugh pmeiuazlaseadnaveedd waxld Deconvolution filter $amfuns
n3doUfinigaaudne (Moore's Neighborhood) iloszymsvivdouvendunazdeaiunis
UssiliuiRanana Uil 2.179-9 nadwsnddelamsonmaaeudadild Tuam 2 77
[

NAN15338904 El-kenawy et al, (2021) uandliifiuindanesfiuiifiussansamga
anunsahamegleenuilaliinasddyamsunivegvieli egndlsinnu dedevedlunis
NTINTULALHENUETNIDFIAE imq‘ﬁagjuumaaq%awdqmaﬂ'iwwiaﬂszf?m%mwsuaqmﬁ%’a

o

(M ()

(M) O]

gﬂ'ﬁ 2.18 ﬂizmumﬁmaﬁuaq%aﬂ (Ghasemian et al., 2015)
(n) amduaty (v) Wasusyuud RGB TUilu Grayscale
() 89970 Thresholding (3) NaaW531n Hough transform



25

nsnratveaiifutumeudidylumsiinsziiegnamsdfiinemand lnatans
ogaddlunsdiAsadeaiunislaufinane su3deues Ghasemian et al. (2015)lsiieue
Fnsinaduazwiudlumiamnsduuasiviwiuegilumedisgui 2.18 Tasnaunisly
seuululasngdand (Microfluidics) fumalinnsussanananmavianunaednsdnmiilone
Tud umouusn dreg195U7 2.18n gndoud8a19.509uas DAPI (4° 6-diamidino-2-
phenylindole) #whliivesegiannsniFewadldiilonsaaaeusendedinsdwideto am
flganndesazuansiundadudifoiuasveseadlulnudmaing ansunmgnindag
nszUrUMTUsTInanaieUsuUssaudaiau Tasidsussuudain RGB L Grayscale &4
Ul 2,189 vilundsnanedudineeu uasweseqinanadudinidy oifiuaana
Faraulunsuoning Wasunm Grayscale 1un1m ¥1267 (Binary Image) Ineldimaila

o w

Thresholding vilsiunduuasududum wasivesegddudmdsgui 2.18a wiadiadde
anaududeuvesninuazyielinisnsiniululuegiefivsed@nsnim seun Ghasemian et
al. (201514 Hough Transform #a.fumedatugdlunisnsadusunsusvadaiifidnuue
Wwanaulunm Hough Transform g3z ylazaenanseuiveegiluusazdumisd
MTIANY

Tumoursnualdinartiasnin 15 unil Genadwsia (desaindArninugnies
(Accuracy) 95.9%, A1l (Sensitivity) 100%, LazA1udLng (Specificity) 93.5% uansln
WudaUsEAnSnmuean1snsnaduresdd waznisinluussyndldldedramunzanluau
AATIAIIRE 1IN TAINEFNENS

913989849 Ghasemian et al. (2015) faUTouifisuiuauidedu 1vu Shaker uay
Ay (2016) 1438 sTimdefulunsnsndumes’d Inevisaesnuidelduandiifiuinnig
Fonldnszuaunsnsusvanananimuagmadafingauanusoyilinadnsisianmuuiue
11NN 90% aeslsinu Auunnsslunisdenduazaunimvesnmauaiudmananis
Ussananaluusagiuney 1wy msueniiundseananning madanld3§nns Threshold way
N19A5I93UVBY

Fefulunuidetagihnisssnanannanmsfnerosuidesig 4 wszenald
Tnoiinguszasdifionnamegiuuudaluifuazifletisannarlunmshauvesidornaly
Frudiinenmand ioswineuiddeifanuimelunsusznanafusganninazain
sUnmifinrmduteuluFesmeadoyitesnaoniveadfiidnvusuardnadendstumin
Fanuidelanduluiimeaidundniansognasianueailunmiunielsl nsgnisnsa
wushead Wudaifienda Addnylumengrneiifigadidinmsasasdamand Aatu



uni 3
A UL

nsfudunsideiiduninissuunisssinananmdungaglunsesaaeum
oadnnaminiesundesganssmi lneisuainnisAnwinsasaseumedaluuuuiagiu
TaeldiTmglumsmsenivan was AnwviiBnsuszanananinainnisiasesingam
PRGE! L'ﬁaL“flml,mmalﬂqumaﬁwmé’ana?ﬁmLﬁmhaluﬂ13953awwﬁaaqﬁlﬁasmiam%fa%u
Tnefitumaunsdiiiuandde uadu 4 dw lnefneesBondigui 3.1

3.1 fAnw1oyauazdingizitiensaamagiunn

.

3.2 Jaqaunsal uaz MsinseuYatoya

Ay feiunadnyzrega

3.2.1 Japunsal Mllunsusanananiwlunulde
3.2.2 Mawseuadeya

3.3 nsimumeiianisuszinananwdmiutadaya

Annziammenslgnislszanananin (image processing)

3.3.1 Msnwdn (Image acquisition)

3.3.2 nsuUasand (Color conversion image)

3.3.3 YSuussgunmlagmsmindayanasuniueen (Image filters)
3.3.4 mavmvaunmludng (Edge Detection)

3,35 tuiingunmiteldlunisiSeuiiouiudidny

'

3.4 Y52 IUNANISIAARY

UstAlUNaNTNARB3daNesTINnTIaM0aa

3.4.1 YssdlulSeuiieunsnsiamedd “nu” wag “lainy”
3.4.2 Yssduseuiigunsiuinuvesesd

3.43 UssidunSeuiiounanilflunsanaiuegd

sUN 3.1 Yumeunsaniiuniside
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3.1 Anwdeyauaziianziiiiensiamegdlunw
NnsEnwmuinluiRntuegd luide 2.3 duiissneulumeinduan:
ansodinmsdeudnfaldnnidndunszivuailvgiian luwesegdfiiundeaiiiu
uwnasazan DNA egmuwiusazidusyifovinninwadialy vlilusiuiiunfeenuly
fnBvavenaadsy o anad LLasaﬂLmuﬁﬁasﬂﬂiﬁumwwﬁL%'&Jﬂ'jﬂﬂsmﬁu (Protamine) &4
HunumdAglunisvinli DNA wuuvun msmaﬁ]mammamﬁaauﬁiuuwmasm"LmﬂaniU
Tuide 2.2.3 uumaaamumawummulmsamﬁ]uwamﬂﬂa dUI799983 AIUNITATIIN
feadlunuideiarldnsnnavhegitundn

3.2 Jagaunsaluaznisinssuyndaya
3.2.1 Fangunsal Aldlunsuszarananinluaided

1) PeNIABsIU ASUS ZenBook 14 UM431D RAM 8 GB

2) 1Usunsy IDLE (Python 3.10 64-bit) haz @93 W15 OpenCV (Open-
Source Computer Vision)

3.2.2 MswsEayadeya

NNNMITUTINNITEIABIRUIE s unuafsgsdmiunsiSouves
wdadlumenisunnslag Balki et al. (2019) 31891047 ifies 22 910 167 sAdeiinfudis
nsdeseideUiinanioturunadiegs ludwaud 1 4 Fesfidnnsnandansdmue
YuIngINee uaznuImailiiinuulsiugs ludusmadendndilianuada ldud Arthur
et al. (2017); Chadha, Srivastava, Singh, Gupta, and Singla (2020); Deshmukh et al.
(2020); Ithan, Serbes, and Aydin (2020); Shaker et al. (2016) FaRefunTUTTLIaHaN N
Haden avuiden wag megd wudiinisseausausUamililunsuszinananimly
uneNRauA 1, 6, 10, 19 Waw 57 A

FefuamAdeiiaiunutmuamegafiotumageudunsiugadoyauianunng
TAneans lsmenuiauyine1desssuaansadunseiosd Wl w.a. 2561 (.f.2018)

1) yadoyaniddiau 20 sUam

2) gﬂmwﬁmummwmmasL'Sammwﬁ 1080p x 920p (1Yumuazidenves
YANSIFANTIAL)

3) WIAANLTIBTBINERIgANTIMIAD 400 Wh Lilelsiyadeyaiildsusiuug
vgneiiviniuddugadoa 20 suamiduszneulufenmiiisuiuead 0 1 2 3 uazainni
3 pgday 2 Undusgreifes ndesfivunauened 400 wih AifmunanUszaunisalues
wingifng (Humsvesvesaudlndinginaannsousaiuogdle)

1) yadoyanmikiunmsdoudesdsenisdouiuy Oppitz test uasianens
sUnmeazBunvesyndeyail Ao flogd (U 3.2) warlifleqd (Uil 3.3) sauluBanmiilia
fundsiunnstuludemonanduautuoglugadeyadinande uas luusazsunmyes
yadoyaaziiifoyinvesnasn (epitheliums) aglunmeie Fadeyiitesnasnildnumyi
adendstusiiegiun Tunisueneenaniufifevuiavesaunay duduiveseqdii
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5 a I3 [ a 1 = PP Ly a v 1 =~ 1
auladuardvuiadnnindnuaziseunniwaslaglidnvateiteadiduninnitgayyes
AADA ﬁQLLamﬁaadN'gUmwﬁ 3.2

U 3.3 awdegrsyntoyanlinuead
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3.3 msweuwalianisuszntananmamsuyadaya

TurAdedidunisinsussmananmindssendlduasimuiiieldlunisnsaam
ogdlunmenerundosganssmi iunsnmaniveseaiifloszyitlunmiead suiluds
msdudmauadsuluaineae Tasfinisuszuananin ds3udl 3.4 Ao msidngszuy
(Image acquisition) N154UaAE (Color conversion image) UsuUie3Un1mlaen1siiin
dyeyrausunaueen (Image filters) N1smvauinglunin (Edge detection) wavdufingunin
delflunsizeudioy

3.3.1 m3inwdn (Image acquisition)
- mathamitdszuuaeuiames Wdlusunsuussulananm

3.3.2 mMsuuasAd (Color conversion image)
- wiasAndan RGB Tuidu Hsv
- wasAd@an HsV Tuidu Binary (Ine Adaptive thresholding faamdufivuasd HSV)

3.3.3 Ysuusagunmlagnisindndeinisuniueen (Image filters)
- anseazdunNIMeY Averaging filter
- M3nnuaan U ulassasvesiiaginnenisveny (Dilation) Hiegdlunmn

3.3.4 M3n1vaunmluing (Edge Detection)
- AMNINTIVUVULUULALE (Canny edge detection)
- M3AnIaULadudY (Circle hough detection)
o w_ A o - o .
- AIVINANUNTNLERLNDANTRUEUSU (Contour detection)

3.3.5 UuiingummieldluniadSeuiiieu
- fufingunmuadnsivewssuiguiuliie1n g nalanvaans

JUN 3.4 NM1FIATIERNMMIEUSEUIaNaNNNDNTIaNRER

3.3.1 A5UANET (Image acquisition)
thguam 11u 20 sUamansiate 3.2.2 fignatertundesgansseatiing
Aoufumed uaz TUsunsu IDLE (Python 3.10 64-bit) finaniluiade 3.2.1 Wudunind RGB
war SudnliidvunamnuaziBunfiantosas (310 1080p x 920p TUifiu 800p x 600p) 1ng
g‘dm‘wfﬂzﬁgﬂLLUUGEJENbl,WégiJmWLflu JPEG (Joint photographic experts group) %39 _jpg

img = ('C:\\Users\\ASUS\\Desktop\\detect')
os.chdir(img)

t0 = time.time()

imgl=cv.imread('a04.jpg")
imgl=cv.resize(img1,(800,600))
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AMFUNAINGNAT (NAT Av 8ad)

1654949

ql U 1 dl o v 1
sUN 3.5 feg 19N NNTINNUESTUY
3.3.2 n3uUasAnd (Color conversion image)
a a [~ (% v v 1

mnﬂaamswmmgﬂmwLUumiﬂsuﬂga@mmwmawauﬂamwimwmzamﬂaums
lduszanann lnelerhnmainiite 3.3.1 Widssuussuiesumlutunounsulaseind
I3 a = N a A A v
Wunisiasuwdasszuudvasgdnm lunsneaesun1sidsuszuvdinadenlelinisnasy
14 2 spuvd laun seuvdnuy Grayscale JUT 3.6 uag HSV 3U7 3.7 (unseudindey fie
anAsTIvaNmUNIead WA aneAsiduUse e Wauiatesraon)

1654949

. \

g'ih‘/’i 3.6 Wasusyuudan RGB Tuluwuy Grayscale
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Ul 3.7 wWasuszuudan RGB TUduszuud Hov

= a 1

a a & 0o v & o a &
nNsasusEUUATY Grayscale vliiuiiegd way Weyrivesraon (U

3
a ]

wduiiafdeudrdlndifssiu luvaeiiszuud HsV Weadduidoyivesnasnazdddn
wansnay iesnnwesegafienaduminnindeyiatenaen vilmilewdsussuudiiy
HSV agvilifuiesegitafaeunnndudeyfinvesnaen suneuselufunisiuioudey
Ten 514 Threshold n1siwupaafidasnislnsandunisganlugadeyaiia 20 nw gend
aeiianuazishfianuesyadeya fegne 3Ue 380 iunsldwnvidounluiuiidvesis
padluiiuiituiiandseduaiiguagiiansile sU 3.8a owsniiundatuiegiesn
iy awvinstufindnfiogAgmazsinlaedounnyilunuiuiivosiinisa fguil 3.80Tu
uazdasaziimiandtufiotufindiliiioudisudauassi fesuil 3.89
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x=361. y=255
[178. 109, 202]

m ()

7 8 9 10

11 12 13 14

@ @
[176,115.210][175,118.219]

[178.109,202][172,123,212][171,127,220][175,111,216]
®
sUN 3.8 fegranisidenen Threshold Wuivesiiegd () nmssuuwad HSV
(V) NMNVEILLRNIZVBITEUUE HSV vai0ad (A) Aiagen1svensLiioniad

Threshold ¥8338ad (3) FIRENAMNEIRUIIRILIN TR YIMA Threshold
() A8e19AT Threshold (HSV)

faansszuudlngldagsgauasarviaauesssuud Grayscale (Upper 189,129,223)
(Lower 79,50,207) JU#1 3.9 way HSV (Upper 178,130,220), (Lower 165,85,189) 3Uf1 3.10
Fsludn Threshold fananaidu Threshold 17'im’;mmmﬂﬁ'saqﬁﬁaﬂaﬂuﬁm%’ayjaﬁgﬂwum \lo
sufiunsludumeutl fhusseaiuasiiundnsusndoonntudu d11 @elaula) uazde
(Pumds)
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JUN 3.9 nwiWdsuanszuud Grayscale Ty Binary

gih'?i 3.10 ndiABuINTzEUUA HSV Ty Binary

3UT 3.9 waz JUTN 3.10 wann1siuasuszuudludu Binary 1un1sueniiegd
& [ < Y1 e = ! = o aa &
20NIINNUNAS ALuladn Grayscale LAV VUUUAINUINATY HSV FeFv1iinduuy
ANIEdeitegikasidayuilivenasn Lilasandvetedinasidoudivesnaoniiandly
v o g v U o o g v = [ = o o § va & & o
sgaudmninafgsiuivihiiilieiiswdussuudvin ilvdvnduuugyaimdudium

UINAIFUN 3.9
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madenlfimadianisutasszuudifu HsV aznonanuituuazanuduivesdldine
wntu TneAfidesnisie “Buns” sedunsBuiduases HSV aglutisusvanas 160 F4179
(Saravanan, Yamuna wazAny 2016) annsmageunisiUasudluan Threshold 198 (54
1 3.10) awuiuldfidyrusuniu (Noise) Aoutraasusrvesegilidaaueivasiiu
wsgluyedeyaildiirniand HSV fdeutrsinafuvosusaznin lussuud HSV anansouen
mnududvesdundlseenindaau udluanudiuazanuainswesguamluuisgunmies
saddapanulalidaiau Seilildnsdusvesduna Tugaa HSV #i (Upper 178, 0, 255)
uay (Lower 168, 0, 255) Losnnisnsesdundlunmilfiandunsazanuainsivannvais
wtglumanmatulivisdunssounazdunady Tudiwemnisdudves H agviliiiuiesd
ainseenanldegraiulddaaudaguil 3.1

i eliiieaidaiaunnd ukaravudi liasiiaueoonainaiw 35n13 Adaptive
thresholding (U7 3.12) vilsaeadidudsuaravanunsaldaludaieqdld ity
n¥rndunouidsiisliaulazuansduieiionnavesiniuiafedlutsweanieity
fuegddaviliiansoanulviiiu

gih'?i 311 awiAsuanszuud Hs Ty Binary
HSV Upper (178, 0, 255) wag Lower (168, 0, 255)
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E‘Uﬁ 3.12 n15 Adaptive thresholding

3.3.3 USuusagunmlagnisidndayaiaisuniueen (Image filters)

Iusﬁgumauﬁﬂumw%’uLwiamwLﬁ'aﬁnamauﬁ’ﬁmaaﬁaaq%’tﬁﬁm’umu%’mrm%u
Tngazihnndildannisuasudidu Binary Seudesuds uvhnisandmgiasuniunseds
wdanUasusing 9 fio1aaziinasienisuszananim ¢aen1s Averaging filter azidunisiuae
(Blurred) titeannsiadessandeslunmliivi q fu ndwinisdseandeaudeh
ogdazmeluidntios daluTsanifunisifiunnsdidunismiadugiuine) (Morphological
operations image) Insthunldifiununavesingiiaulaluiidevesead axldnisvens
(Dilation) shgvunn kemel 3x3 tngviluiifuidesldaztelunadeuseduiivelives
shogiagilvinmilduiiauinntu lusssiunouiagyinlidailiaulalunmauasme UL

(m S

gﬂﬁ 3.13 §70874 (n) Dilation MuAIY (1) Averaging filter
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Mnmsnegeulunsdenldfunoudedu Wisuidlsunmsiildldsewinemis Dilation
AIuA2E Averaging filter (gﬂﬁ 3.13) 1UN3 Averaging filter #1728 Dilation (’g‘dﬁ 3.14)
Wisuiieuldindievndunou Dilation flouns Averaging fitter azviliAnnsandaanas
sUMUlEANIINTT Averaging filter naw wimhegddanuissianasanpvevaziinlyuily
Asmveunwluduneudaldle é’aﬁfus[,usﬁgumaumsﬂ%’uﬂqﬂgﬂmwimSﬂﬁiﬁﬁmﬁ’ﬁy@m
sunIueanUITedssdonldnns Averaging filter iadae Dilation (gﬂﬁ 3.14) Wfians
asramveuluduneudaly Lﬁaqmﬂlusﬁgumauﬁl,ﬁav‘hm3LUaamW%IWﬁalﬂﬁqmmﬁaaq%
TensunTuudinugiemsiiuiuiidiviamedae Dilation tielknndiauseestuly
ANEad

(M )

gﬂﬁ 3.14 §70879 () Averaging filter muA2Y () Dilation

3.3.4 mMsmvaunnluing (Edge Detection)
N1995293UmveUVeId It uazdunsAnsaudeusautegiadunisua
venmuvisasedIieguiialavesiunlugunm lnganideilidenldnnsisduveuiuy
Canny edge detection Wiisa1ndn15andssuniu (Noise) laRanunsansIaduveuiining
a v v A o oA oA a a Y] v
avdengelan uag veundniauwassieilasninnindeilseuiisuiunislyd Sobel edge
detection i9naagvilnssazduaidfgylunimnieluiadenls Canny edge detection
AaduTunaullaghenvouTetegIkasNundslafuasdalau lauaghnsouaausaud i
a s & a{' & v & a ) a & oo v a
moufiwasueaiulugunmangui 3.139 Tunwiundadudvnuasiegiiluden vii
. g A Y a & a A & & o
Y9N IM1VeY Canny edge detection Tunnifelaeieaivsedaniulunmludniay
Mnsinsovasusaudsinulun nilune3sn1s Circle hough detection (CHT) lnatuneonil
szifunsnanmluingidanudurnauiiiinannisuaninaniwludunau Canny edge
detection ludutiazuenlaivieadtuegnuiiaalavesguninily 9 degvemans CHT
Tugud 3.15 wWennaslunndndinisuiaeduiausaduninauls CHT azdinsAuin
Smiuavaenaudeusoulunm Milvluursgeanisiliawlavziinnandenseuluusiedagua
3.16 fatiunaun1syiduneu CHT 3svhnisidafinialunin
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sUN 3.15 MSMTDUTBINNAILBFINEIT Canny edge detection

1654949

y & 4
sUN 3.16 msmiailnauivesnsauwuu Circle hough detection

mimmmwuwwmszia’[,umwmaiﬂﬂmmﬂm 3.17 Lﬁumumaumﬂm’[,ummmw
mwmiﬂmﬂmimwmaaﬁ] T,maiusuumauuauwwmimmmwuwuaamwwa‘mm s
vouduvauiiind unieglunm @ ezmmimmw,imumﬂmimmmmmmm (height) wag
ANNTY (width) UBsnINNDY mﬂuuwumamaﬂmwavlﬂmﬂmmmmmaqLLavmmﬂ’m
maam Area = height * vv|dth Feflvihodu “Anwa” LW@MWWHVIGUENEJW\]‘\]’mﬂWW ‘\]:L“U
fleridu cv.findContours() 1itemsaamduaau (Contours) fAnTunslunin daduveud

ATIANULUIZUNLIAIUIUNUANILNIATUY cv.contourAreal) nadnsAlaazidufiunvasunas

v?
=
N
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HUvaU IngnadnsNauadzgnUuinkas TINN UV AUV UT IUALIA 18U gATgen

(% '
A =

fuifidunilfazuansoonuluguvesiay fadmaeslusud 3.17 anuanismaasdluys
foya 20 nmitAny wuwaveshegifunngegmelunmiiuiiszaia 4 s 9 fin
wa iewsuidumiseaiaseana 1.1 i 2.5 fadwes wWelriulaimadwsildainnns
Uszanananmnilanugniesuiug fimsliiaiesdiofnuumnaissisznounisdndulase

TagianlaanlusensuuUSsuisuiunsInass

height = img1.shape[0]
width = img1.shape[1]
area = height * width

contours, hierarchy = cvfindContours(edges, cv.RETR_EXTERMAL, cv.CHAIN_APPROX_SIMPLE)

sum =0

r = len{cantours)

=1

arl=0

for 1 in range(r):
arl = cv.contourArea(contours(i])
sum += arl 1:5
rl.appendiar1) 4'0
print (ar1) 4:0

UM 3.17 Medulaauaznismiunfinealunm

fupeudaluifunmsasudeulufiodansesuariudunanmsnmaiudewinnisg
FNAUAIUUNN ImL’E‘aulsué’méngﬂa@ﬂLLUUGTTuLﬁaIﬁaWMWiaLLaﬂi’mqﬁaﬂﬁ] LU HIedd
senandnUTEnoUduNTdnvIgAdeAdiy 1u WoyRatesnasn dellvuinlngnituayil
anway UIIUANeAaTY msrsdeulrazdiefiunnudumziarauisiugilunisnsad
vhogdldaguil 3.18

1654949

U 3.18 MIUAAINANINNNTNOE]
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wenanifeanunsananaradnsluguuuureinsiuiuIuegINaTIany wazduin
nanildlunisussananan nelefagun 3.19

Number of objects detected: 1
Time: 0.11653327941894531

JUN 3.19 uansduiuveseadLazanlivesdanaiiy

lunsimundanesiiuiiensiameaiuulavinnisvegeusasidenlddana3iiume q
Tuusiazduneudnnuddgduegiwnn Min1sasuszuud n1suuugeguain nsmvey

wazswluiamsinsausunin a1nnsAualkaziauganesNuddwutunaunauni
Wenldlun1snsiamegdnaguin 3.20

Watladi 3.3.1

ar

Wadafl 3.3.2

——————

midang (Image acquisition)

—

msudasrni
(Color conversion image)

¥

wasussuuian RGB Wil Grayscale |

¥
l wWasuszuuan RGB Wil Hsv

¥
anszAvAIdvvasiitaule
(Threshold)
+ ¥
Upper (178,130,220) Upper (178,255,255)
Lower (165,85,189) Lower (165,0,0)
¥

ar =
wiaten 3.3.4

N5 Adaptive thresholding

s Tkl

vivupagunmilagnisrda

(Edge Detection)

*

| Circle hough detection (CHT) |

i

SIRNNLYA 54 - 59 WnLYA

(Contour detection)

premssssssssssssssse————

S |

1

1

1

1

i fyeyrsunausen

i oy

i (Image filters)

1

1

i * ¥

[ . i e

H Averaging filter nenu Dilation l Dilation #iane Averaging filter
mswwaunludng

UM 3.20 msanfiunisnaaeuliieidentyddanesiulunsnsianiead
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3.3.5 ﬁuﬁﬂiﬂmwLﬁ@lﬁﬁumim%mﬁau
Juiingunmwsauiun1siuduiuead uas nandisane3fiulszanana (and
Juiinay LsmumLmmimumwwlﬂmmiLLamwamw) Lﬂumumauammamummwwmu
NSEUIUNSASUSEINARAN AT URBUT 3.3.4 :H’]L‘USEJUW]EJUﬂ‘UQL%HQ%WQMWQWWHNMLU%
ANENS

3.4 Uszlliunan1maaey

miﬂizLﬁuwaﬂWiwmaawaamu%’aﬁﬁ]umiﬂszLﬁué’aﬂa%ﬁms’;ﬁ]maq%mﬂgﬂm‘w
fidnerinundesganssa Tnefinsduiunuidomusunou fil

3.4.1 UseliuSeuiiieunnsnsiamead “wu” way “liny”

TuruAdedinsussdunai o suifsunadnws sevinaf i vawig iy

Fanosiuiililunismsadusoadlunmyadoya axldrnsussiiudeliunu @hie 2.5.12
) Tnen1suszfiunsswunUssinvaulngaeld35n157i5enin Confusion matrix (81983910
ms1ait 2.1) avilisuiunmsnvessanesiiuld lnssnisedanunsoeSureaisie sy
19797 3.1 #1519 Confusion matrix A uTaUszans am il oA agldTa Kl
Accuracy, Precision, Recall lLag F1 Score

Tumaifiuteyatiusnvesmsinideinissudeyananisnsiamesd ieszynisny
w30 linuoad uazdufinniniis 20 nangidermgdios 1 au Wadunimesosuas
Wandaneiin mefiTeddddeyanldsuinidusuwuuvesnisiidunuide

A1319% 3.1 71579 Confusion matrix ATIINBER

PaNe3NUNTIINIRE]
n:ZO a 1 a
ATIINUVOHI nsralinuegd
ATIANUBA] (True Positive) (False negative)
HEREN
(Fev0)
maaﬂmwuaq% (False positive) (True negative)

Tngadunorsie q Tu Confusion matrix It
True positive (TP) 11804 SAND3TUATIINUDFINTINUHATT
True negative (TN) visngdis sanasiulinufieadnTamunaase
False positive (FP) 13118814 8ana37ATIaNUagIusNadswmsIalinuead

a

False negative (FN) nefis danesnunialinuegiusinadsansianuinliead

q



a1

Feldraugndeng 4 danfinsanlunisssdunadiomariagldda dail
Accuracy, Precision, Recall, Specificity Wwae F1 Score I@&ﬁ]zw’lmﬁ’]\‘iﬁﬂmﬂaumiﬁ 2.15
04 2.19

3.4.2 UszliuUSeuiigun1sidudnuiuvedead

TunmAteinmatusnudiowandiduisuueatlunmssnieddene

e

usanestiu Taemsiiudeyaasidunaifudoyaandieornay 3 au iefigatiin mady
Aidengililddidemngiuatuaziinmmatiunionsiawunadnsifuegidls uay 1l
thusuiisuiusaneifiuiliniamegd mslinsevinisaenndesvesiformalinig
Uzl umaB9adfuuu Attribute Agreement Analysis (AAA) Tun153LASIZN1IASIAEOU
mmaamﬂé’awaamﬁﬁﬁw%m'ﬁJ'ﬁzLﬁumaar{g’ﬁfm%mﬂumﬂﬁwaé’wﬁ (Elmore et al.,
2015) welifulatinmsmansaturesiidmyduiulluiamadetuniell
IngAuauAInIUADNATDY (Agreement Percentage) vilalaunisdudiuauns
Ussiliufiaonadoatiu (n3eiu) madedwaunmsnsaiuiamaudigadie 100 iemen

Woesiudauasnmand

Number of Agreements

Percentage of Agreement = (3.1)

Total Number of Assessments

ATUINAT Kappa (@1915UA1NdAAa09LTIa0R) A1 Kappa statistic (K) s Sodi
GL%ELumiUizL:ﬁummaamﬂﬁaq‘i?imuaummmaama”aqﬁLﬁmﬁuimaﬁmﬁm 1n8A1 Kappa 2%
fAegsendng -1 e L

A" Kappa 1 WARITIANIARAAT DALY TR

f Kappa 1 0 uansisnnusenadesiiuiiintulnedudyy

A" Kappa fnausansdininudenadesfisnnitinisaamneannisiialaevadey

gnIAUINAT Kappa:

(3.2)

JCIE
P, Aedndiuvainisussiliuiiaanndadiugsg
P, fodndiursinisusziiuninininnsaenndoeiu

3.4.3 Yssiluisuitsunaildlunsnnatuead
nsiSeufisunatlunisussatananinagiiunisiussuiisuiansening
A\deamgy 3 AU uay n1sUsznanavessane3uily 3 afs lnsazdsniliudensnagou
auuAgIU (Hypothesis Testing) LﬁaLU%smLﬂEJULamLa?{mwd’m@%wﬁwﬁué’aﬂa?ﬁm 713
AN TdFn et avi ol
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Tunmstufinnaniuidemgasdunsfunaudediugunm asamegisushiadi
nadwsveagUnmiuud i meanat daunsdunaivesdanedfiuagFuainnisihnimd,
szuvauianmuanssaeendmganat fufu ewIsuifisunailunisnamegday
Fonldnsiiagsinauuy Paired t-test ilosanidunsldyndeyailiivioudieudetu
(Xu et al,, 2017) INAUN"T 3.3 wae 3.4 e dnszinnuwana1stuneadRegeditudfy
w3alyl

gnsn1sATI Paired t-test:

t=—22 (3.3)
/NEDZ—(Z D)2
N-1
df =n—-1 (3.4)

Tnei:

t A AmAdaU T-test (M5B UAN T-distribution, t)
N Fa 9uiugtoya

D fe fnanusinsseninguasdeys

n Ao Iuuleys

df vie Degree of freedom fi8 IuIWTeyaAUMY 1



uni 4
NaN15IgkazanNUsne

mMmnasvessaneifiuiuszndldlunisnsravieadlunin S1uau 20 sUam lena
MR waznaneRUTENAIY Fadunaanmslingizsininsamesd mafiuteya
wadwsvsnIwiinaaesnsUssiduseansnmuesdaneifiy Inonanisaidunisnny
fupouiBmstandaneifiuesuereasdenldsi

4.1  WaNITIATIENNIIATIANURER

nnmstheadeyamasavoadlunmdiuiu 20 sUaw aadsmsluided 3.3 1¢
yhnMRaBInTITeg A mAuRtTUgIUSEINaNAN TLAZLANINAN W BNTI90]
Ifhmsissuifisunanndidesng 1 v idudunuulunisasianeqdin “wu” uas
“laiwu” Idanisnaassisnnsed 4.1 uag mI1ei 4.2

A15199 4.1 AMNAURTULAE NMNLEAINAIINNITNIUNITNARDIVDIDAN DI T

sUAW AwAualu ANLLEASA ANSAIANU
Tnedanasny
1 | WU

1654840 1654349




a4

A15199 4.1 MNAUAVUBALAINLAAINAIINNITHIUNITNAADIVBIDANDSTIU (AD)

UM Awdualu ATWLEAINE ANSATIANU
W Tngdanasiy
3 nU
a NU
5 N
6 NU
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A15199 4.1 MNAUAVUBALAINLAAINAIINNITHIUNITNAADIVBIDANDSTIU (AD)

sUA W AWAURLU ATWLEAINE ANSATIANU
Tngdanasiy
7 nU
8 WU
9 nU
10 NU
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A15199 4.1 MNAUAVUBALAINLAAINAIINNITHIUNITNAADIVBIDANDSTIU (AD)

sUA W AWAURLU ATWLEAINE ANSATIANU
Tngdanasiy
11 NU
12 NU
13 Taiwu
14 Talwu




a7

A15199 4.1 MNAUAVUBALAINLAAINAIINNITHIUNITNAADIVBIDANDSTIU (AD)

sUA W AWAURLU ATWLEAINE ANSATIANU
Tngdanasiy
15 NU
16 NU
17 NU
18 Talwu




A15199 4.1 MNAUAVUBALAINLAAINAIINNITHIUNITNAADIVBIDANDSTIU (AD)
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' -d

A

E‘Uﬂ'ﬁ/\l mwﬁuaﬁu ATNLLEANINEG A1INIIINU
19 WU
, & 2 O
R
20 2oy T Tainu
27 mz.!“
N L] S -~
b 3 ¢ | ’
[ ¥R g | ol
e ) W )
| b ¥ 3™

NAITIN 4.1 tananInduatulasN1naindanasiulaeunisnutdusavay
a Y] P « I WMo ” = = v ~
BIUNEAIMITNN 4.2 Uansa “wu” = 1 wag “linu” = 0 Wesnidunaandideinayiey

fudane3iiu
ms1efl 4.2 Wisuiisumsnunaslinueaivesiilnmayiusanesiiu
sUA W Jilienvy dana3iiy UYL
1 1 1
2 1 1
3 1 1
4 1 1
5 1 1
6 1 1
7 1 1
9 1 1
10 1 1
11 1 1
12 1 1
13 0 0
14 0 0
15 1 1




a9

M19199 4.2 Wisuilsunisnusaslinuegvesilieivyiudanaiiu (se)

sUA N filennsy dana3iiy NUBLR
16 1 1
17 1 1
18 1 0 Ly
19 1 1
20 0 0

a ¢ a P = ] = |
IINMIAATILNNTINNBAT UMW 4.1 hag M15299 4.2 wudlunsalnsnusaslyl
a v & N o | | = = v
wuaadvesyateyail lugunini 18 (faegragunimeglunisned 4.1) dn1sasranuilyl
assfiunvsnlugunmidvesiegionvliliegluandiferdiuiunmdu 4 Tuyadeya 3
ibilianunsansiamlbany wassauluiaindnisesimmeadniianuanadlianyadeyadn
o § ¥ a ¢ g G v a o v A = =
919z liinman1saluuuidudnlane1vasingnle wagluaisen 4.2 Wisuiisy
danesuiudietngranlalunisnsamegdludiuan 20 sunm lanaffe dn1snsiany
aadnsaiul@evgdudiuaud 16 gUa i linvegdnsedun 3 3Uaw waz 1 gUnwd
ALTEIY0Y WUER widane3unsaalainy (unewe: linseiu) anunsaihuUieuiieuiive
Tausgansnnlaednveyau1inszy Confusion matrix AIM15197 4.3

M15197 4.3 msaUieumeusunmilusglusuves Confusion matrix

PaNesNUATIIMRER
ﬂZZO a 1 a
ATIINUOHI nsralinuegd
Y 16 1
MIIANUBER N ,
PPN (True Positive) (False negative)
(WLU8YEY) . R 0 3
aialinuegd B _
(False positive) (True negative)

a ANaa v a X oA & ) a e | a a
31N915797 4.3 Tunsandanuiewsaintu nsaifn 1 Ae dane3iunsIlinuagIuinass
nIanUIEledd (False negative, FN) lunsalfiisunladndanesiiuluanunsammang uding
Ansgyinfalaviannssiiinese waglunsdin 2 Junsdiidanesiiunsianveaduinadiall

a . =% ¥ a adX I Naa ! Y a £
WUagd (False positive, FP) 490 tAANTULAUILITUNTUNRANAIALINATT INTISHUTANEIY
& v o a av v v ‘:1' a a .
andugnsgvidaluadle andeyalunisned 4.3 ansradSeuiisusuainuuu Confusion
matrix 3nN15ladeyaausathteyauimiuInmMUEaNsNMedanesiun1snsIaviead
M uaunIs7 2.15 D9 @un159 2.19 azlanan1sauIuUsEaNSANUBI9anasiy fInNs19N

a4
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Parameter Result
Accuracy 95.00%
Recall 94.12%
Specificity 100.00%
Precision 100.00%
F1-Score 96.97%

9915099 4.4 1 Jumsiiesizimadszansnmvesdanesiiufiansonsianedd
1odsil ArmIugNABIN 95.00%, N3TLUNAUINTLIATIN 94.12%, ANUTUNIEN 100.00%

AULUUEN 100.00% Hay USEANSNINUD99aNDSNUNITIILUNUTZLAN 96.97%
4.2

NANTUSBUTIBUNITUUTINIUY9RER

a = ° o Yy v o a
AFUTYUNEUIIUIUUY Qgi"ﬁﬁ{ljlfﬁﬁnsﬁﬁlﬁy 3 AU IUﬂ']3UUGU']U'Ju@?!QIUQ']W

lgMUSE U UTEN I EIe) wardane3Tial Amns1ai 4.5

M15199 4.5 M15NSHUVRITRIY I RUSaNeT Y

Hieavey danasny
sUaw | A 1 Aufl 2 AUl 3 aadi 1 afefi2 | il s
1 2 2 2 2 2 2
2 1 1 1 1 1 1
3 4 6 5 4 4 4
4 1 Y 1 2 2 2
5 2 6 1 4 4 4
6 2 3 2 6 6 6
7 3 3 2 5 5 5
8 3 7 2 2 2 2
9 4 5 4 2 2 2
10 3 3 3 2 2 2
11 2 3 2 1 1 1
12 3 4 2 3 3 3
13 0 0 0 0 0 0
14 0 2 0 0 0 0
15 1 1 1 1 1 1
16 2 3 1 4 4 4
17 1 3 1 1 1 1
18 1 2 1 0 0 0
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Fidlensy 9aNa3Ny
sUnw | eufl1l | euil2 | euiiz | aSsii1 | eSeiiz | a3
19 1 3 0 2
20 0 1 0 0 0

NI 4.5 Iuﬁ’mLLiﬂf\]zﬁ’l“f’Jj@%aEEL%‘EJ’J‘U’]@Q&J’WT’]H’]&U%‘EJ‘ULﬁ‘EJUﬁ'u iesan
ATmgy 3 au fimsiudunuveseadlivihiuiahiidong 3 Auuniwsizsinsaifie
A31RdUINNAMNLANANA U Nl Tud Ay uToll TnedasizRanudennd998INanIs
Ussidlusgninangulunisfueadluyateyaifiondu Tasldlusunsy Minitab16 lenasagud
4.1

Attribute Agreement Analysis for Expert 1,Expert 2,Expert 3
Between Appraisers

Assessment Agreement

95% CI
(8.66, 49.10)

¢ Inspected ¢ Matched Percent
20 5 25.00

¢ Matched: All appraisers' assessments agree with each other.

Fleiss' Kappa Statistics

Response Kappa SE Kappa Z P(vs > 0)
0 0.567308  0.129099  4.39435 0.0000
1 0.403409 0.129099 3.12479 0.0009
2 0.111111 0.129099 0.86066 0.1937
3 0.166667 0.129099 1.29099 0.0984
4 0.196429 0.129099 1.52153 0\0641
5 <0.038483.0.129099 -0426710 0.6053
6 -0.034483°10.129099  =0.26710 0.6053
7 -0.016949 0.129099 -0.13129 0.5522
Overall  0.251559 0.061744 4.07424 0.0000
SUN 4.1 wafwIn Attribute Agreement Analysis Tun1stiudnuau

1NJUT 4.1 awdiuansfisrnnisAuiamsadfsienanisAuiadaianuy
Attribute Agreement Analysis Tnga1nduaugunm 20 am deriituldnssiuegd 5 5U
dndunstunssiuegil 25% waztisanuidesiuil 95% Ae 5mine 8.66% F9 49.10% B
vineauilunstusuvesnguiidsinaiinstusuuiivindu e 25% dady
szufiroud e waz Fleiss' Kappa Statistics 19 inseiunisaenndosvesnisuszdiuain
Adeam10) 3 AL KEBATIZYAN Kappa geganulu Response 0 (0.567308) Uag Response 1

o

=3
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(0.403409) FasfunsUsdinisussifiuvesisansseduiifinisaenadodlusedu Ununansdiegs
AMN15AANYES Landis and Koch (1977) Fefieinf{idsrvgiinsnsiaiilndifssiu us
Tun9nauniu Response 2 §i4 Response 6 &A1 Kappa finau (111 -0.034883) Langdieny
donAdosfinininfiainnis M%@ﬂa'nﬁa;@%mﬁmaﬁmmLﬁuﬁlﬁmqﬁ’uaéwﬁﬁ’aﬁﬁﬁylu
Fnouimanil dsorvaerieuienuliidmaulunusinisUssdiu viennuenlumuenues
dnunizYeenInTIain uag A1 Kappa lnesauegd 0.251559 Geagluszdu Urunansdiai
(Fair agreement) M13LNU91 V09 Landis and Koch (1977) 37N Kappa ﬁmagﬂuﬁsé’uﬁ
agvieuianrmaenadoslunsuseiiuvesidvamglunmsmdilifnedmiunisasunalu
Snwarihindedeludsineimand deduainguil 4.1 aunsevilifuisnsfiananaasnis
nsrmegdldine Afe iedinistudwnuieiu dusansiiinsasanuresegddsdindang
Jdoamguaazauifinstudiwoud vinfu uag ldwindu lngenvvgiAadoianainnis
Human Error ¢ wa ludiuvasdanedfiuiuasdinisnmanuuagiusuauivindu iile
Ansgianudiiusseninduuegdfusunnuazmstiudiuu (i3ermguardaneiii)
Ifewdiusiuludsedfiniels Tnafuwunaldfgui 4.2

Two-way ANOVA: Number of sperms versus Picture, Method

Source DF SS MS F P

Pic 19 68.9 3.62632) 3.81 0.003

Method 1 0.9 0.90000 0.84 0.343

Error 19 18.1 0.952¢3

Total 39 87.9

S = 0.97¢60 R-5q = 79.41% R-Sg(adj) = 57.73%

UM 4.2 wad1uIn Two-way ANOVA A5189iN151UIuINead

mﬂgﬂﬁ 4.2 Han1TIAT1ER Two-way ANOVA Lansismnudunussesnineiuusans
i1 e Picture (3UNM) Way Method (0135 Uguauia i samiguazdaneifiu) uas
wansenulunsiusiuauedd tasanansoagUladd
1. Awseidadeves Picture (3UNIM) 31ARANSAILIANNUINEAT F L1y 3.81
ey
fin P-value Winfu 0.003 Geflfeddaymisadanisyiunnuidesiu 95% (P-value < 0.05) Usd
ladrgunmddedrdgsadiuivead viliuiulddianuunnaiswesyunineiainase
NFLUIUNTUATIEAL WU AT ANULTNTRNE YiSoyuNIvaeFUN N
2. Wnghiadeves Method (M3tuduiuvesldsrnauazdanesiiu) anwa
13
FuINUITAT F widu 0.94 way A1 P-value wihdu 0.343 Felifideddamnsadnfises
avdeariu 95% (P-value > 0.05) muneAwdn Fnsiildlunsimserldladedefiddi

it

Tnarednuuduead
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o w a

asUlansiivdnuiwvesiileinyuazdanesiiuliiinaegsivddgnsaifuans

o
[

Enslumsivegililitedeidsmasensiiuduiuvesead dslumideimaioudey
SrunududuniwesingUszasdvesnuidoiiionnuaenndesinhdnautuaiinsids
adAdfiduiudfunseld 910307 4.1 msdwadannldindediessiianiznguves
ABmnaes falanuasandesiiogluseduil 250% vesteyanisduautuiingsiu uins
thudnuvesegdflidfguintunismu uay liwuead esnnsnudiead iudeifianss
Mlumenguneivaelunstusuitinisaasiananaudy

4.3 Nﬂﬂ"lﬁ"lﬂﬂaa\‘itﬂgﬁlUtﬁEIUL'Ja']‘?laﬂﬂ']ﬁ'ﬁlﬁ"JQ‘anﬁﬁ
113752991043 LA T n1305293 U1 5E I 1918 wavngy Ausanesiiu
Wisuifsuangidenny 3 auuardanaiiu 3 A ievhmstuinnanZeuiesudaims
dsnaveslisavguazdaneiiiuginfiauusnsnaiuegafidudfyvieols mudld
asungluluiade 3.4.2

A1519% 4.6 MNTIIAINIIATIVVNREIVOEILIELIYEY 3 AU

ULIAINTMIRER (FuN)
sUA M fenvn1 Hdenvn2 dlenvey3

1 6.3 3 1.85
2 6.32 3 4.36
3 14.91 5 6.1

4 13.99 r 4.88
5 2 10 597
6 15.61 5 13.32
7 7.51 4 4.09
8 13 5 5.37
9 16.66 3 8.34
10 8.01 2 512
11 6.44 2 4.42
12 1177 4 6.18
13 5.01 4 25.82
14 8.04 4 17.68
15 3.51 2 4.03
16 5.84 3 3.51

17 7.11 3 a.47
18 4.76 3 3.41
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ULIAIMIIRER (Ui
sUA M fdenwn1 fdenvn2 dlenvey3
19 6.06 4 15.64
20 7.88 12 31.15
A5197l 4.7 NT1AINIITINEIVEsTANDITIM 3 ads
ULIAINTREIVREANDINN (FUi)
U adedi 1 asdi 2 asdi 3
1 0.1321 0.1181 0.1243
2 0.1631 0.1193 0.1181
3 0.1228 0.1195 0.1221
4 0.1632 0.1164 0.116
5 0.1627 0.1435 0.1433
6 0.1679 0.1344 0.1047
7 0.1623 0.1014 0.1608
8 0.1426 0.1024 0.1231
9 0.1612 0.173 0.1583
10 0.1536 0.1034 0.1421
11 0.1689 0.1642 0.0986
12 0.2710 0.1217 0.1032
13 0.1381 0.1346 0.1362
14 0.1821 0.1163 0.1401
15 0.1816 0.1383 0.1431
16 0.1615 0.1334 0.1242
17 0.1613 0.16 0.1232
18 0.1537 0.1583 0.1421
19 0.1457 0.1298 0.1236
20 0.1511 0.1321 0.1588

‘:1' o w ' o ! A
NN 4.6 way 4.7 uwayjaiumiwﬂnmmmmma YITUINNZUINUAINY

wansnafiuvselal InsmwindIsuiisunailanguil 4.3
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One-way ANOVA: tiduennyt, tiduienn?, diduein3

Source DF SS MS F P
Factor 2 296.5 148.3 5.17 0.009
Error S7 1€34.9 28.7

Total S9 19831.5

S =5.35¢ R-Sq = 15.35% R-Sg(ad)) = 12.38%

Individual 95% CIs For Mean Based on
Pooled StDev

Level N'  Mean Stbhev ———f~—rr———v e omm———— $mmm———
Wil 20 9.037 4.023 (semennnn e )
Widrrenn2 20 4.200 2.526 (--------- e )
Widuenny3 20 8.786 7.968 (-=eeenee Fesissaane )
———tem————— $omm————— $mmm———— $om————
2.5 5.0 7.5 10.0

Pooled StDev = 5.35¢

U 4.3 msAmuiUSeuiigunassninagdiednny 3 au

One-way ANOVA: adiii 1, adsid 2, adeii 3

Source DF S5 MS F F
Factor 2 0.013382 0.006691 12.28 0.000
Error 57 0.031063 0.00054S

Total 59 0.044445

S = 0.02334 R-Sq = 30.11% R-Sqg(adj) = 27.66%

Level 1 Mean StDev
adisi 1 20 0.16233 0.02961
adadi 2 20 0.13101 0.02065
adidi 3 20 0.13030 0.01822

Individual S5% CIs For Mean Based on Pooled StDev

Level PO PSR — F YR S —
avaii 1 (cmmmes " ememen )
B 2 (-memmmTemmas)
PO I T G —
4 & I e e +——————l "2 e
0.120 0.135 0.150 0.185

Pooled StDev = 0.02334

sUl 4.4 msdwndisuifisunasswinmansianesd 3 ads

INMTAIINYDINITAIANUUANATIYDIFUT 4.3 Wudnan P-Value Windu 0.009
(foundn 0.05) fianuunndrstuseninednadslungunaivesiderviay lnsaziiuldin
Anadsnawosilieivgeui 2 insliinansasemeaitesiign fe 4.200 Junit uas
ludumesdaneifiunmmamegitunaiedslidauuandiduboweannianes?
aeluvesnga esanen Pvalue Ay 0 SnansAwunsisguR 4.4

Lﬁamsm?&mLﬁauam%’agaizijLamLa?{&mEN@L%&J’mmﬁué’aﬂa?ﬁmwﬁmm
iafudsadavielal TnogideazihaflndsvesudnguilfnaniadoidesfigauiAuamum
naadsRwAnmsTEInangy ldnadsgui 4.5
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Paired T-Test and Cl: didinenn, asei 3

Paired T for Widuen2 - a%ifi3
N Mean StDev SE Mean
Hidenn2 20 4200 2526 0.565

adifi3 20 0.130 0.018 0.004
Difference 20 4.070 2.520 0.5€3

= = 0.000

95% CI for mean difference: (2.890, 5.249)
T-Test of mean difference = 0 (vs not = 0): T-Value =

7.22 P-Value

U 4.5 msAwinUSeuliigunanseniisleinyiudane3iy

NFUN 4.5 LanINanIIAUINANNLANANYaLIaT lulUTUNTY Minitab 16 (T-test)
AuENN1sN 3.1 uay 3.2 uansliiiud Laseni g demgiudanesiivwansiuaived

#1 4.070 Jni Wnedanesfiuldalatesndn (Weeglunuaissiududrdai 0.05)
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51  d@3Unansiaeg

nseuiunsisei fnanisiTei ewudanesfuiidaelunisasaameaiann
ameneEundosganssadsasuldianisidenanisaounisnsrameaivesdane i
ANMNIORTIIVEAR AN TIIeEALE Tusau uarvendumsinulunml sy
faanansaldnanidesandeiisunndidorvgnudinsmansldamingussasdves
uiTed Tnedanesiuduszansnmuosluinad 95.00% Accuracy, 94.12.% Recall,
100.00% Precision, kag 96.97% F1-Score (Us¥dnSamuesdanainunisdnwunlszian)
nstudwaudienuhiularaonadesturestoyn iWeiiteuiudidenny wilumuiseils
AwddgyFunsw ua liwuead snndimistiuiiuan Wesnnidlenanuegd 1ies 1 6
Ransavilisunmiuindoasdelunldud uay Snegrsmesnsiiusunuasdanaldily
summdstulufid ool nsdusuuibivinduiadudie ludiuvesaan

9anesNUAINITNAANAINITATIAM AN 9T Feldhatesninllomeuiug ey nig
TAnY felwidane3fivaiunsayisaniattunsnsiavieadle

5.2  doidusuuy

5.2.1 AnsusiudarUssansnmysssaneifivaunsntiluuuysafinauue
1030139 7193Uea3 lngldinailalvy 9 Wy n13138u31898N (Deep learning)

5.2.2 msiiiudauguamiliinnndt 20 sUnm enateliinadnsianuwiudiuas
Fedoldundedy sulufsmsamununisldinganm Iﬂamsmmuﬁmm & uaza ULty
LﬁaiﬁmamsmaaumamquLLazLﬂuﬁaau%’umﬂﬁu

5.2.3 mMaaunfisislusuianaastetsreunnisldaunisussanananwlildly
Fainsernduiymaunindu q Afeates vienmsiunalulasln q dWelulsslowidely
TUNIMIUNNE UazRaMNIIUANS 9
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import cv2 as cv

import matplotlib.pyplot as plt
import numpy as np

import time

import os

img = (‘C:\\Users\\ASUS\\Desktop\\detect)
os.chdir(img)

t0 = time.time()

imgl=cv.imread(al5.jpg’)
imgl=cv.resize(img1,(800,600))

hsv = cv.cvtColor(imgl,cv.COLOR _BGR2HSV)

upper = np.array([178,255,255],np.uint8)
lower = np.array([165,0,0],np.uint8)
result = cv.inRange(hsv,lower,upper)

thd = cv.adaptiveThreshold(
result,+ 255, cv.ADAPTIVE_THRESH_MEAN_C, cv.THRESH_BINARY_INV , 73, 0)

blurred = cv.blur( th4, (6, 6))

kernel = np.ones((3, 3), np.uint8)

dilation = cv.dilate(blurred,kernel,iterations = 1)
edges = cv.Canny(dilation,150,250)

clone =imgl.copy()

height = img1l.shape[0]
width = imgl.shape[1]
area = height * width

contours, hierarchy = cv.findContours(edges, cv.RETR_EXTERNAL, cv.CHAIN_APPROX_SIMPLE)
sum =0

r = len(contours)

r1=1

arl=0

for i in range(r):
arl = cv.contourArea(contoursli])
sum += arl
rl.append(ar1)
#print (ar1)
print("Number of objects detected:", r)

if arl ==0:

print("Number of objects detected: None")
elifarl <=9 and arl >=4:

print("Number of objects detected:", r)
cv.drawContours(clone, contours,-1, (255, 0, 0), 3)

cv.imshow(original' ,img1)
cv.imshow('Contours', clone)
cv.imwrite('AA12-4.jpg',clone)#savenIn
print("Time: " time.time() - t0)
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ABSTRACT

Sperm detection in forensic evidence has bacome crucial in proving sexmal assanlt The cumrent method n Thailsnd relies
on mamnal mirescopic examination by experts to vismally identify sperm cells from specimens. This process, while
affective, 1z fime-consmnimg and snsceptible to macouracies due to artifacts resembling spermatozea. Therefore, this
research explored the benefits of incorporating stendard forensic laboratory methods to sutomate and expedite sperm
distection. This research ufilized mmage processing for sutcomated and rapid sperm idenfification. thersby assising medical
experts in makimg fast and efficient diagmoses. It presents a classification algorithm based on color, texture and
marphology, employing computer vision and image processing technigques inchiding the Hongh Transform. The alzorithm
achieved an acouracy of 95.00%, a recall of 94.12%. and an average efficiency of 26.97T%% compared to mamaal
examinations by forensic expers. Moreover, it efficiently processed images at an average speed of 0.199 seconds per
image

Keywords: Vizsion: Specimen; Sexual harassment; Forensic; Image processing; OpenCW

1. INTRODUCTION

According to the Wrld Health Orgamzation (WHO) report in 2021, 30% of women globally have expenienced physical
or sexual abuse [1). The key components in establishing cases of rape primarily revolve around securing evidence that
confirms the act of sexnal mtercourse between the perpetrator and the victm. This process entsils 3 medical examination
conductad by physicians, along with the detaction of semen from specimens collected from the victim. Semen is considered
cmcial evidence for establishing zmilt in a case, and it can be used to identify the perpetrator [2, 3]

In Thailand the sstablished protocel for semen detection entails the collection of specimens, staining and micToscopic
examination. To confinm the presence of semen in the evidence, the spacimen ic examined for both seminal fluid and sperm
cells. Varous methods are employed for s=minal flnid detection, incloding Acid Phosphatase, Prostate-Specific Antigen
{P5A), and Semenogslin (Sg) [4-8]. Imporantly. the identification of spenm cells is the dafinitive method for confirming
the existence of semen [4, 7). When identifying sperm staining the specimen is cmcial for visualizing them under a
micToscope. Several well-established techniques can achieve thiz including Hemnatoxylin and Eosin (H&E), DAPI (47 6-
dismiding-2-phenylindole) and Chrismmas tree (Oppitz test) [8-11]. After staining, the sample undergoes metconlous
MICTOSCOPL. exammation Tequiring specialized expertise for a thoronzh snalysis. However, n some jurisdictions, the
limited nmmber of specialists snd persomnel ramed in these procedures can lead to delays, impacting both the case's
progress and the psychological well-being of the victim.

In the 2000s, imaze processing was wilized in computer engineering and widely developed and employed in various
medical fields. This inchides applications like cancer detection [12], measuring the size of blood vessals in the eye [13],
and detecting sperm [10, 14-16]. Image processing 1= a powerfnl tool that analyzes and mamipulates digital images o
extract vahmble information or enhance their visnzl appeal. It often focnses on exracting key properties like color, texture
and shape. In image processing, there are four main steps: impoming imagss, pre-processing, image processing, and
outputting imsges. The techniques used can differ. Imporing images into the system is the first step in image processing,
but each image brings its own unigue characteristics. This is largely due to the preparation process, often staining, which
resules in images with distinct colors and magnification levels. For example, the orizing] image of 8 HEE stain method
image [9] has a dark gray background and purple celored sperm highlighting their oncled and cytoplasm. the DAPT stain
method [10] yields images with a green background end brght gray-colored sperm heads and the Oppitz stain method
image [17] exhibits a zreen back ground and red-colored sperm heads, etc. Pre-processing involves adjusting the imaze o

Intemational Conferance on Image, Signal Processing, and Patem Recognition {ISPP 2024),
edkted by Ram BEas Pachor, Led Chen, Proc. of SPIE Vol 13180, 131800K
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enhance the clarity of the object of interest, employing differsnt technigues based on the specific characteristics of the
imported images and analysis goals. For example, (Tspan D A 201 8) prepared the images by using the YCbCr color space
to highlizh: brighmess differences, and then applied a Ganssizn fleer to achieve smoeothness. The next step in preparing
the image was to reduce noise nsing the wavelet ransform method, producing a brighter image and separating the color of
the sperm cells from the background. Image processing offers a versatile toolkit of computer vision alzomithms, each
tailored for specific tasks within image analysis. In the context of sperm detection, edge detection and contour identification
are the key techniques employed. (Ghasemisn F.| et al 2015) proposad effactive techniques to get a relisble result They
employed the Sobel edge detection methed, using kemels size 3x3 to highlight pizel intensity changes that outline sperm
edges. Thea, the location of the semen (contours) could be identified. Various techniques exist, such as Blob detection
[11], which identifies chisters of connectad pixels sharing similar properies, and Active contours [10], which urilize
flexible curves to dynamically adapt to object boundaries. The output image visually presents the results of image
processing, highlishting the objects of intersst. By carefully selecting and implementing appropriate image processing
techniques, researchers can extract valnzble informmation fom spenmn images, ziding in varons medical and scientific
imvestigations.

The analysis of the research findings reveals the effectivensss of applying different functions at each step of the sperm
detection process. The process begins with the original image, which often depicts sperm cells against a distinct
background, followed by identifying the region of inferest containing sperm cells, and finally culminates in generating a
vismal representation of the detected objects. Interestingly, many researchers focnsed on images where the sperm confrasts
distinctly with the background and lacks confounding elements like epithelizl cells (ofien resembling sperm) that
complicate microscopic examinations [10, 11, 15-17]. The automaticzlly accurate detection of sperm cells in microscope-
derived images poses 3 significant challenge, further amplified by the presence of epithelial tissue and potental variations
in staiming protecols and chemical gquality. This is particularly relevant in setfings like Thailand where specific
methodologies and resources may influence image characteristdcs. This paper proposes the development of a robust sperm
detection alzorithm specifically desizmed to overcome these complexities. By accounting for the pressnce of epithelisl
tizsue and potential staining disparites, our algonithm aims to achieve reliable and acourate spenm identificaton, even in
challenging and resource-constrained environments.

1. MATERIALS AND METHODOLOGY
This section describes the data sets and experimental procedures.
21 Image acquisition
The image datasat was acquirad from the Deparmment of Forensic Srience at Thammazat Hospital. These images showcase
zamples containing both sperm and non-sperm compenents, specifically stained nsing the Christmas tree method (Oppitz
test). Each image was caphured using an optical microscope at 3 magnifcaton of 40x and 2 resolution of 1080x020 pixeals.
This image dataset, consisting of 20 carefully chosen samples, provided 2 well-balanced representation of the complexites
encpunfered in sperm detection tasks.
211 Seoftware for algorithm

The tracking alzorithm was implemented snd executed using OpealV (Open-Source Computer Vision Library), a
comprehensive sofrware toolkit for resl-ime computar vizion tasks. The computstions were performed on an ASUS
ZenBook14 UM431D laptop egquipped with 8GB DDE4 BAM and an AMD Byzen 7 processor, ensuring sdequate
processing capabilides for efficient alporithm execution.

2.3 Detection of sperm

The steps in the sperm experiment image processing are as in the following.

231 Color transformation (Color space).

The first step of the algorthm involved importing the originsl image figure 1a and converting it from the RGB (Fed,
Green, Blue) color space to the SV (Hue, Samration, Value) space. This conversion facilitates the subsequent separation
of sperm head regions from the backgromd by Boelating relevant visusl properies. While this process allows for inirial
sperm head observation, their respluton and clamty remained suboptimal To address this hmitstion, the algorithm
procesded to the next processing step.
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(2) Origmnal image (v) HSV image
Figure 1. Conversion of color space from RGB to HSV.

232 Binary conversion

Snp’ofmealgomhmemxlsbtm segmentation of the isolated sperm head regions. This technique aimed to create
uniform areas within the image, defined by a designated intensity value (Threshold, T) [18]. It involved converting the
HSV image figure 1b into a binary format using the image threshold method (Adaptive Threshold). Binary segmentation
exceled in separating objects of interest from the background by dynamically selecting appropriate upper and lower
threshold values based on local image charactenstics. Pixels with intensities falling below the threshold (f (x, y) < T) were
assigned a value of 0 (black), effectively masking the sperm heads, while pixels exceeding the threshold (f (x, y) > T) were
assigned a value of 255 (white), delineating the background.

233 Smoothing and Morphological Operations

Image smoothing and morphological operations are tools for separating image components that prove useful in

and describing the shape of a border [19]. This step aimed to reduce small foreign objects from the objects of interest. It
involved using a bhuring filter, an :\-engmg ﬁlm to reduce noise ansing from out-of-focus elements. Subsequently,
morphological transfor are imp d to improve the sperm head's visual representation. Dilation, a specific

technique, strategically expands the foreground pixels by adding a defined layer of background pixels. This esseanally
thickens the edges of the sperm head, making its shape more distinct.

234 Edge detection

Edge detection plays an important role in image processing in various areas and is one of the most used operations in image
analysis. The edge is defined as the inconsistency in pixel intensity within the image, leading to the delineation of its shape
[20, 21]. In step 4, the Canny edge detection was used because of its relatively simple implementation process which was
well-accepted in this process [22]. Figure 2 shows the resulting edges identified upon applying Canny edge detection to
the sperm heads.

Figure 2. Idennifying edges using canny edge detection

235 Circle hough detection

The final step of our algonithm utilized the Circle Hough Transform metbod (CHT). CHT operates by transforming a set
of feature points into votes within the parameter space, essentially tallying votes for each region in the image that
potentially contains a circle. This vote collection forms an amay of all possible parameter combinations, leading to the
identification of circles with high vote counts [23]. This approach is parucularly well-suited for detecting curved objects
like sperm heads. Figure 3a shows the original image and figure 3b demonstrates the successful application of CHT in our
research The circles identified accurately corresponded to the spem head locations within the image To further pinpoint
the sperm position, a contour line was drawn around each circle, providing a precise visual representation.
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(a) Original image (b) Detected sperms image

Figure 3. Showing the image between the original image and the results through the process using CHT.

3. EXPERIMENTAL RESULTS

To evaluate the performance of the developed algorithm, we employed a confusion matix, a widely used tool for analyzing
classification results. Confusion matrices are parncularly valuable for assessing both binary (two-class) and multi-class
classification tasks. Their versaality has been demonstrated in diverse domains, including blood cell analysis [24] and
sperm analysis [10].

As shown in table 1, the confusion matnx provides a detailed breakdown of the algorithm's performance across four
categories: True Positive (TP): The algorithm detects the sperm as a sperm when it is a sperm, True Negative (TN): The
algorithm non-detects the sperm as a sperm when it is an undetected sperm, False Positive (FP): The algonthm does not
detect a sperm but it is a true sperm. However, it is known as a2 “Type I error™ and False negative (FN): The algorithm
detects a sperm but in reality, it is a non-sperm. which is also known as a “Type II error™. TN and TP represent the number
of correctly classified positive (sperm) and negative (non-sperm) samples, respectively, while FP and FN refer to
misclassified instances [25].

Table 1. The accuracy of the sperm detection algonithm using 2 confusion matrix, companng its results 1o expert manual
evaluations.

Automated detection
&=20 _ Detected _Nom-detected _
) Detected 16_am W51
Mt o R ) 3 1N

Analysis of the confusion matnx revealed the following: 16 images were correctly classified as sperm (TP), 3 images were
correctly identified as non-sperm (TN), 1 image contained a false negative (FN) spenn detection, and no images had false
positive (FP) detections. These values were used to calculate various performance metrics, including accuracy, precision,
recall and F1 score (harmonic mean of precision and recall), which are presented in table 2.

The algorithm's effectiveness in sperm detection was quantified by several key metrics.

The effectiveness of the segmentation technique is quantified by accuracy, which measures the overall proportion of
correctly classified samples. This was calculated as:

Accuracy = (TN + TP)/(TN + TP + FP + FN) I6))

Precision serves asakey indicator of the model's performance by evaluating its ability to correctly sdentify positive samples
(sperm cells). It was calculated as:

Precision = (TP)/(TP + FP) @

Sensitivity (recall), on the other hand measwes the model's ability to detect all truly positve samples, reflecting its
sensitivity. It was calculated as:

Recall = (TP)/(TP + FN) (©)]

Proc. of SPIE Vol. 13180 131800K-4



Finally, the F1 score combines both precision and recall into a single metric, providing a balanced assessment of the
model's performance. This was calculated as:

F1 score = 2 X (Precision x Recall)/(Precision + Recall) O]
Table 2. Difference parameters.
Parameter Result
Accurxcy 95.00%
Precision 100.00%
Recall 9412%
F1-Score 06.97%

Based on the calculations outlined in the previous section and utilizing the data from table 1, table 2 presents the
performance metnics of the algorithm's sperm detection compared to the expert annotations. The analysis reveals a
promising accuracy of 95.00%, a precision of 100.00%, and a perfect recall of 94.12%. Notably, the F1 score, which
balances precision and recall in defect detection, reaches a commendable 96.97%. Research has found that most accuracy
values are greater than 90%, which is considered acceptable [26, 27). Therefore, the results in table 2 show an accuracy of
95.00%, also deemed acceptable. Stanstical hypothesis testing provides a robust framework for comparing the reliability
of medical tests [28]. This research chose the statistical analysis method. while the medical profession prefers to use 0.05
and 0.01 significance level [29]. Here the significance level for the test was set at 0.05, a common threshold in medical
research [30]. According to table 1, it can be analyzed that the Type II error (FN) was 1 in 20 mages. Table 3 hughlights
the proposed scheme’s remarkable computational efficiency, achieving an average processing time of just 0.199 seconds
across a diverse range of samples.
Table 3. Comparison of detection times between expert manual evaluations and using the algorithm.

__Image No. AManual Sec)  Algorithm (Sec) _ Image No. anual (Sec)  Algorithm (Sec)
Tmz01 6.30 0.16 Tmgll 644 .18
Img2 632 0.15 Imgl2 .77 020
Img03 1491 0.19 Imgl3 501 021
Img0d 1399 0.19 Imgld 8.04 020
Img0s 1200 018 Imgls 3.51 0.19
Img06 1561 018 Imgl6 584 0
Img07 751 018 Imgl? 7.1 019
Img08 1300 022 Imgl$ 476 03
Imz09 1666 013 Imgl9 6.06 0
Ims10 801 02 Img20 7.88 024

4. CONCLUSION

This paper presents a novel approach to sperm detection in microscope images stained using the Oppitz test method.
Leveraging OpenCV, an open-source computer vision and machine leaming library, the proposed algonthm utilized
diverse image processing functions to achieve robust detection. Notably, the algorithm offered several advantages,
including the potential for real-time processing in future iterations. While complete accuracy remained elusive for such
algorithms, techniques like color transformation and edge detection demonstrably can improve detection accuracy,
highlighting the potental for practical application in various mdustries.

This research held particular significance in the field of forensic analysis, where automating sperm detection could expedite
investigations and offer amely support to sexual assault victims. Furthermore, the proposed approach presents a promising
foundation for expanding detection and classificaton capabilities to other medical domains, potentially aiding in the
diagnosis of diseases through scanned images of organs such as the lungs, stomach, and heart.
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