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ABSTRACT: Hepatopancreas is a vital organ of white shrimp for digestion, absorption and nutrition storage. This
tissue can be damaged by infection of pathogen or environmental stress. Thus, condition of hepatopancreas can be
used to monitor the health status of shrimp. The objective of this research is to develop a deep learning models
with a convolutional neural network (CNN) using transfer learning architecture includes ResNet50, Inception-V3 and
VGG16 approach for disease diagnosis. A total of 480 images of hepatopancreas wet mount was obtained from
commercial farms and classified by experts into 4 types of hepatopancreas conditions including normal, low lipid
deposition, constriction and melanization with 120 images of each type. The dataset was randomly split into training,
validation and testing set at the ratio of 60:20:20, and then trained at 50 epochs and learning rate of 0.001. The
result showed that the highest accuracy was observed in ResNet50 (96.88%), whereas VGG16 and Inception-V3 were
91.67% and 84.38%, respectively. Furthermore, the loss value was observed lower in ResNet50 (13.56%) when
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compared to VGG16 and Inception-V3, amounting to 29.07% and 51.99%, respectively. In conclusion, the ResNet50
of CNN is an effective architecture for monitoring health status and disease diagnosis of white shrimp.
Keywords: deep learning; convolutional neural network; disease diagnosis; hepatopancreas; white shrimp

uni

v '
v ¢ o w

Aundudaidnasegiandrdguesdssmelng fasreeldannsdeandudiuazrindusiuusglludnain

)

@ '

AaUssinasedAyevEnsgelsni Juu uasiu unduiwatn.m.2556 Wuduun gaamnssunisimizidesiialdsy

o

HANIENUINToaTNABLIANAS1IANUEEMBIeE9saLTlas InToyanandnisuiilauainnsderenivisdeniiu

nsswhedniululing. 2564 ogil 241,695 fu (NguLAsYERINNTUSEAS, 2565) Teanasioras 58.9 91n 588,370 ffu Tudl

a € a

WA 2555 (NquIdewagdnsIeiadan1susyas, 2557) duillosnandaymilsanieniu (Early mortality syndrome; EMS)
nInlInfuLazAUgIUIELABUNGU (Acute hepatopancreatic necrosis disease; AHPND) isiniAan1s@nideniglu 1 1hou

asanUdesgnitugiadlutaides awnsanudnsinisanglate 100% anvainannisindewuafiiseiusle mdlila

salaa v

Afa (Vibrio parahaemolyticus) @18 WugNiguasnaansiwsunss viln Photorhabdus insect-related (Pir) binary toxin fg

q

[ ' o

PirA waw PirB (OIE, 2019) MiliAnmssniauuinadiviasfugeu dnvazsunswieduazsildeuduwuunenudas (tubular

'
Y o a

constriction) lAnnszUUMsasaiadianiiu (melanization) FadunalnvesszuugfiduiuiiAnannisinnuresszuulng
flusasendina (prophenoloxidase) Tneflieulasifueasandina (phenoloxidase) 1 uteulasindnd vinid g su
asvszneufiuealiiuailuufiovhanadelse uavaadeduadudereudoudolsaiiduluuinaifade Haduga
wieseudauds (U7, 2555) ludruvesdsasiewdt 4 uinainnisind elulasalesifesnanidest Enterocytozoon

hepatopenaei (EHP) fiviluugsasormsiiasaulilugudaledunsluviedu silinsazaudaladuanas (low lipid

o o

deposition) Welsaazuusduiudnnuaveingluadidoynia auvihliwadunnuaziinnisaenuan (sloughing) vilvinedl

v
o A

Fnwaizuaszuniu Indn wazuanled (Flegel, 2015) wonannidsiistsaunsiialsadiowiisiniue1nisiun (white feces

syndrome; WFS) @3anansanuanuaenisaeniqaueseadidoyriaiaduluysunamin (agsregated transform microvilli

]

ATM) senindsuiiudld Wefstusananinmeiaduduiidudum Jagudshifinsmenufameudniulda usin
Aetusmfuanimnedesfimienilifafnanueden wu anmomaiususu sufinamsdunisluhigaiull
(Kumar et al,, 2022) asiuldiduuasiudoudusfegtmnevendedelsa suvdadusfosilaansgnihansan
wadiAaniadouanim gydevthfinsihnuiniseaasnduouluitosens msavaundsnu fnadensaiasiadon

ilvnddudulsnanas (Wayy, 2550) T1gavtuanImANaLYIalvesiukasfiugaudgniuldiieusifisaniuenig

Y

gunnlel (Dana et al, 2020) MIN1SFBNAIINGNYLA1BUBN (gross sign) NNBRITNTAINITOVLALEY WATlTad inlus s

a a

ANUNABY wardlnnudININANURAUNAYBIRUN Y dIUN1TATIANI9ane 5Ine (histopathology) n3eamirinen

(molecular biology) Lﬂuﬁgﬁﬁmmgﬂﬁmqﬁu wisewihlwieauisinns Tgunsalianizgnie denldinege uazenduinaila
Tumsnsm Snedsieddszavnailunissena deiufdimsdenldismshalasan (wet mount) fianansavhlgnieluvigy
¥gunsaiten Arldd1elsigeuaranunsansunaldiud uivsifdsilonasunafianain sududesendeyaainsii
Usvaunisal wardlinnudeamglunisudana

UagUumaluladUgyayUseAug (artificial intelligence; Al) Idundunumanniu iesaniianusgaain

a1u130An AR s1en wazdndulalialeuatewetywd uazlinnuaiunsanvziSeus Wauw warUiudsasednsam

P~

ARETU (saung, 2564) dmSunaiseusidedn (deep learning) nelaseineuszanmiisniuuneuligdu (convolutional

o o

neural network; CNN) luwpaazdilassasefidudou TnedduildlunisatnnudnvugdAsy (feature extraction) Fudu

Fmsnlasuanufeulunisiiunlgdwunnin (image classification) (Sanuksan and Surinta, 2019) 15udn1511 CNN unld



KHON KAEN AGRICULTURE JOURNAL 51 (1): 1-11 (2023)./doi:10.14456/kaj.2023 xx. 3

Uslomifumamnzidests aufinwmes Hu et al. (2020) Taldusnarmunnssvesdnuas fsoanidu 6 aneviug venand
CNN anansaldmsraasunisiinlseluvini Tae Trung et al. (2020) léuunamenedinneuenveafisiund uasdeiiiing
Faud o Black gill, Black spot, White spot syndrome virus (WSSV) , Infectious myonecrosis virus (IMNV), Necrotizing
hepatopancreatitis bacterium (NHB) wag Yellow head virus (YHV) uanNNil Liu et al. (2019) uaw Liu (2020) 8514 CNN

v v

\ienTvaaununnduANe lnedauendsiiidnvauginunfeeneuiingnsdmieluguidesusiie

q

v
Sa v

FrfunufnuniiiinguazasdifieiaulunarnmsfeudidednlnelaseheUssamiisuuaoulgiu iy
Fhadelanludnn Tngldiyndeyanndroaladanvesiuuasiugou edlnmaszgnifiudszavsnmlunssuiunisinaou
shewadansiBeuiuuumeleunna (transfer leaming) 9nlanadi3afiiiunsiinaousudiegns ResNet50, Inception-
V3 uay VGG16 iteiuisuliisuuszavsamuedlinaiiazinnliussiduaniugnsguanuagitadelsavesianilieng
gndesuarTIng viliinunsnsdinauladenldisnisinviasfusunuuntsdanisvhinldedramngan vilugmaidesd

Uszaumudnsa

3Bnsfnen
nsiiusIUTIYadayanIv

Rususunmdiealadanvesiuuasduseuvasdan naifusiaegadeiidiintinade 1-20 n. 91nvh5ads
daslufiuiidminuasgy unyd mesys guegiond nael asa gtn wavasman rleswURvasnaiuveskiviuiuuay
fuseusen tiawfudududedelrliimdnuszann 50 un. tunsuuukunszandlad Javiudenszantadlad uavdos
aranelindesganssmiuuliuas Carton u CSB-10 fifdse1enin 40x uaz 100x Tuiinnmseyanienondaayia
Future optic J4 MVV5000WL eI psneuines finnuazBannn 2,592x1,944 fintwa Tasn mfivuiinaglasunis
naaeulnegiinuduimailesyyanmawauysalvesiiunasfuseu nuiBues Morales-Covarrubias et al. (2018) /e
viefuanysaiUnA (normal) uazgUuuumERnUNATuUImMNTssTIzIMN s Ans IR I LTI edlsA Tngdisusnnydi
viefufinnsazaniialuiusin viedusisunsinenudes uavtiwihediwunssuiumsairadedwaiiu (Figure 1) Tagimua
pana 4 seduiumnenas 0 Fa 3 muddy ununedssaves 120 0 Tudaiidiuunwisay 480 am (Table 1)
insesilaflilunsfinn

T¥n9deunslnneu (Python) Ui Goosle colaboratory Fufiulaaslusunsy Jupyter notebook UuAETIAAIN
Google fiflniaUszananaduns @n (Graphics Processing Unit; GPU) 11 Tesla K80 Tnavauuuiedesnayiinmesily
nileUssanananans (Central Processing Unit; CPU) 10U Intel (R) Core (TM) i7-4558U CPU @2.80 GHz d%128A213191
7an (Random Access Memory; RAM) 4119 4GB s¥uuUjusnns (Operating System; OS) U1 Window10

(a) (b) (0 (d)

Figurel Hepatopancreas condition images from wet mount method: (a) Normal; (b) Low lipid deposition;

(c) Constriction; (d) Melanization
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Table 1 Hepatopancreas condition images dataset

Class number Class name Number of images
0 Normal 120
1 Low lipid deposition 120
2 Constriction 120
3 Melanization 120
Total 480
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Figure 2 The structure of convolution neural network (CNN) [Modified figure from Developers Breach (2022)]
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Figure 3 The architecture of pretrained models: (a) ResNet50; (b) Inception-V3; (c) VGG16 [Modified figure from
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Figure 4 Learning curve from training and validation datasets represent accuracy and loss; (a-b) ResNet50,

(c-d) Inception-V3, (e-f) VGG16

Table 2 Test accuracy and loss comparison of CNN architectures on hepatopancreas condition images dataset

CNN Architectures Accuracy (%) Loss (%)
ResNet50 96.88 13.56
Inception-V3 84.38 51.99
VGG16 91.67 29.07

1HoNA158U1MN5 performance metric (Table 3) lioUszidunaansann1siueisuiuaIaINNIsawnNalag

v o

fL88am10y WA accuracy Wiy 0.97 laedien Fl-score dadupnadesznineg precision wax recall ag#iszau 0.98,

0.98, 0.96 Lay 0.96 AUdIFUAAE wandlmiiudenLansavadlumalunsiuenadnsurazaanaleminatfeaiu
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Table 3 The comparison of hepatopancreas condition in shrimps between observer and predictive model (n = 96)

Predicted class

Hepatopancreas condition Normal Low lipid Constriction  Melanization  Precision  Recall F1-score
deposition
Observed Normal 23 0 1 0 1.00 0.96 0.98
class Low lipid 0 23 0 1 1.00 0.96 0.98
deposition
Constriction 0 0 24 0 0.92 1.00 0.96
Melanization 0 0 1 23 0.96 0.96 0.96
Macro average 0.97 0.97 0.97
Accuracy 0.97

nuansdnwiuandiiiuinmslilasmslssamisuuuuaouligdu (convolutional neural network; CNN)
fldsunmsmieloumnuianluma ResNet50 1uissiszansnnlunsihunlidedelsaludeun aenandesiumudnw
484 Mukti and Biswas (2019) iiaunlunadiiensaaddaselsalufis Inesiuunlsalululifsdu 38 Tsa wWisuidlou CNN #
Tgnnsanelounuiannluma AlexNet, ResNet50, VGG16 uag VGG19 lagldyntoyanindiuiu 87,867 Mwiilenisinaeu
91nms@nwmudnlunadililaseasne ResNet50 fANAugndosgafian iy 98.42% audie VGG19, VGGL6 wag
AlexNet ﬁﬁmmmgmﬁaq Wiy 97.95% 97.77% waz 93.51% muddu luvasfisanuRenainvemadnsaadunadild
1As98319 ResNet50 ﬁﬁh@fﬁﬁqm Wiy 0.05% dqulainaiildlnseadne VGG16, VGG19 wag AlexNet darainuinnannuos

NABNS LYINAU 0.06% 0.06% Wag 0.22% AUAIAU NaHUBNINNIUAIUNITITIRELsATII N5 TuLAa ResNet50 Ul

v
o

Uselomifunuiuduilifedosiudai wu swufinwives Ma et al (2021) Iiiauunanrlesuiilinsaaeuauanves
e TnsdreTouanudainluna ResNetso Tiyatayaniniiieiinaou 31,584 nw uazgateyanmifionadey 13,537
A nnsAnwmuIlumaiiimugndeageds 99.949% madiuanudnwves lsmail et al. (2021) 114 CNN AidreTou
Au§anluina ResNet50 Litednusniugatoenidu 18 anesiug lasldyadeyaninitiiumaia msifindiuunm
(augmentation) teifiudurugadoyanin Insnsvuamidolildnmitsdu 18,000 amw tarldfinaeu 91nmsdne

wuiluaaiimirnugnaesgedis 99.51%

G

sudnwadiduandfifiuilueadiauntuninmatsudiddniaglassssamienuvuneulgiu A5
nsanelounuanluima ResNet50 ffanugnsiageda 96.88% anansatluuszendiitelivsiiuaniuymsauninuas
fadelsavesdernldegedvssdninm srunaldsiniga uagdisananuianatndiuyaaaionainannisuin
Uszaunsal egnalsfinalunsdifinmanefinuuandiaieanas & anwaing viesmnsaneninervdmasieyszansnmly
nsviune deduasldifunmdefiidnvazniniudoganmauiiseyliluisnimnaes uasilothumaaeuuda aasd
fidemgmnaeuisanugniesmomadndludesiu ieusuiliuisszaviamusslinnadouthlUl$itadunss dmiuau
ﬁm?nﬂ%&zﬁ’mlﬂ%swiamgﬂfﬁa;gamwmmﬁﬂﬂﬂa‘dixm‘m?iu U MIaonugavenBeyviodu (sloughing) Wlaasnsxadwsivi
TlueaiFousliiuty nufimsldmatanafiudunudoyanm deisnisnmsmunim mandnndudiu uaznsveny
yuanieiindudeyaithanldlunisfeus Hufumeianisuivgulieadianuiuldiferinlinssuiunsisoudves
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