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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
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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)]



KHON KAEN AGRICULTURE JOURNAL 51 (1): 1-11 (2023)./doi:10.14456/kaj.2023.1. 5

NuAnwATilfeinsitsuisuUssanianvedunanldmalinnisiseusiuuaeleuniuiainluea ResNet50,

Inception-V3 tag VGG16 Faillassasninisiiounavadisasduniiunssansly Figure 3

n3inuszansamlaneg
nsindsgansnmluealunudnuasell lutuneuvesnisinasuliaaienldnsvinisiseus (leaming curve) Lite

NI training accuracy, validation accuracy, training loss ag validation loss ﬁmmmuamﬁmmmwmm

v
o 1

yadoyanmiinndnunsmiaguuuumstedinisiinaey Tutunoumsvaaeulunadonidosna performance metric it
Uszidlunadndanmsvineiiisuiuaainnsdanalaegidong Insuanmadnsesnin 4 Useian fie Arfvinnegndes
L9UIN (true positive) mﬁﬁmwgﬂé]’awﬁdau (true negative) ANfiviuneRana1ndauIn (false positive) wazAdiviiueg
Aemainideau (false negative) wdrthanuamenfinandeussansnmuasanuasovedinaaldainaunis

A1MUYNABY (accuracy) ATLIUIIN

TP+TN
Accuracy= ——
TP+FP+FP+FN
ANANLLAIUEN (precision) ATUINAIN
TP
Precision =
TP+FP
ALl (recall) AMuwiain
TP
Recall =
TP+FN

AN Fl-score AIUIMRIN

(PrecisioanecalL)

Fl-score = 2 x
(Precision+RecalL)

Togil
TP = true positive
TN = true negative
FP = false positive

FN = false negative



ResNet-50

224 x 224 RGB image
Tx7 conv, 64 /2

3x3 max pool, 12

1x1 conv, 64
3x3 cony, 64
1x1 conv, 256

1x1 cony, 64
3x3 cony, 64
1x1 conv, 256

1x1 conv, 64
3x3 cony, 64
1x1 conv, 256

x1 conv, 12812 |
3x3 cony, 128
1x1 conv, 512

1xT conv, 128
3x3 conv, 128
1x1 cony, 512

1x1 conv, 128
3x3 conv, 128
1x1 conv, 512

x1 conv, 128
3x3 cony, 128
1x1 conv, 512

1x1 cony, 256 /2
56

x1 conv, 256
3x3 conv, 256
1x1 conv, 1024

x1 conv, 256
3x3 conv, 256
1x1 conv, 1024

1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024

i1 conv, 256
3x3 convy, 256
1x1 conv, 1024

x1 conv, 256
3x3 Gonv, 256
1x1 conv, 1024

1x1 cony, 51272
3x3 cony, 512
1x1 conv, 2048

1x1 conv, 512
3x3 conv, 512
1x1 conv, 2048

1x1 conv, 512
3x3 conv, 512
1x1 conv, 2048

7x7 avg pool

1000 fc, softmax

(@)

Leonardo et al. (2018)]

ununwss 51 atiufl 1: 1-11 (2566)./doi:10.14456/kaj.2023.1.

Inception V3

224 x 224 RGB image

3x3 cony, 3212

:
| 3x3 conv, 32
:
*
3x3 max pool, 12
‘
‘
3x3 conv, 192

!

3% max pool, 12
1

c v 3
i conv o4 | 1x1 ol:nv. 48 |[ ixtconue4 |  3x3 avg pool
v 5 Iy
[ 5xsconv6s || ax3conv96 |[ x1conu32
s
| 3x3 conv, 98
Filter Concat
L 13 L 3 k]
txtcony 64 | txtconva8 |[ xtconv 64 |  3x3 avg pool
v T v
[ Sxsconv bt || 3x3conv 96 |[ 1x1cony 64
2
|
Filter Concat
xiconv 64 | 1xt o;rlv. 98 ][ ixiconves | axa a\:q pool
¥ ¥ +
[ 5x5conv64 || 3x3conv96 || x1conv.e4

Filter Concat

& k3
3x3cony, 38412 | 1x1cony 64 | 3x3 max pool, 12
-

3x3 cony, 96
3x3 cony, 96 /2

Filter Concat
T 1 1 3
xiconv, 192_|| 1x1cony, 128 |[ 1x1conv,128 |  3x3 avg pool
v T .

[ 1x7cony, 128 |[ 7x1conv 128 |[ 1x1cony, 192
v v —
[ 7xtconv 192 |[ 1xtconv1z8 |
1x7 cony, 192

Filter Concat

L

f

1x1 cony 192 ||

1
3x3 avg pool
+

1x1 cony, 160_|[ 11 Gony, 160
v 5

1x1 cony, 192

1x7 conv, 160 || 7x1 conv, 160

Tx1 conv, 192 H 17 conv, 160
2

7x1 cony, 160
1x7 conv, 192

I

Filter Concat

i

1x1 cor

v 192

T ¥ k]
1x1 cony, 182_|[ 11 conv, 192 3x3 avg pool
¥ ¥ +

1x7 conv, 182 || 7x1 conv, 192 1x1 conv, 192

7x1 conv, 182 || 1x7 conv, 192
B
7x1 cony, 192

1x7 conv, 192

L

Filter Concat

i

1
[ 1x1 conv, 19212 || 1x1cony, 192 | 3x3 max pool, 2
. v

[ 3x3 conv, 32012 || 1a7 conv, 192
v

7x1 conv, 192

3x3 conv, 192/2

Filter Concat

¢
3x3 avg pool

1

‘ 1x1 cony, 320

i

1

1x1 cony, 448 ‘

1x1 conv, 384

[ 1xtconv 192_|

3x3cony, 384 |

123 cony, 384 || 3x1 conv, 384
[

—

13

i

X

Filter Concat

ix3conv, 384 || 3x1conv 384 |

Filtar Concat ‘
1

Filter Concat

1

global avg pool
4

1000 fc, softmax

g

x
n

VGG16

224 x 224 RGB image

3x3 conv, 64

3x3 cony, 64
L
max pool, /2

3x3 conv, 128

3x3 conv, 128

max pool, /2

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256

max pool, 2

3x3 conv, 512

3x3 cony, 512

3x3 cony, 512

max pool, /2

3x3 cony, 512

3x3 conv, 512

3x3 cony, 512

max pool, /2

l

4096 fc, RelLl

4096 fc, RelLU

1000 fc, softmax

()

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

o

1HoN915UIA159 performance metric (Table 3) loUszilunaansanA1syiugisuiuaIInnIsdunalag

v o
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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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