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PredFeed Net: GRU-based feed ration prediction model for automation
of feed rationing
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ABSTRACT

This paper proposes PredFeed Net, a neural network model that mimics the food distribution of fish farming experts. Unlike existing
food distribution automation systems, PredFeed Net predicts food distribution by learning the food distribution patterns of experts. This
has the advantage of being able to learn using only existing environmental data and food distribution records from food distribution
experts, without the need to experiment by changing food distribution variables according to the environment in an actual aquarium.
After completing training, PredFeed Net predicts the next food ration based on the current environment or fish condition. Prediction
of feed ration is a necessary element for automating feed ratfion, and feed ration automation contributes to the development of
modern fish farming such as smart aquaculture and agquaponics systems.

= keyword : Gated Recurrent Unit, PredFeed Net, fish farm

1.4 2 Bk &3l go] uiy WA Ze Ao] opd, %ol
A AE7He] Hol wig WS St oo 2 W4
kAol A o] HjFe B17] A oS F= = AR RN, AA gxlM Sl wWE ol viH
714 228 92 = shtoth Wkl Bo) wjFe HA HEE e A4 Fa glol, 37 dlolel e Ho] uy
3 2 AEE HA oA BEr)e] A3} A w AZ7re] Hol vl 7|ERo R N gl Ths
A AARE 223 AT B =R P ol e st
A o] wjFe AEFE 918, GRUGated Recurrent el W i S A7) Al uhe 4%
Unity 7] o] ¥} 52 o % %o, PredFeed Net 4] QHet 517] Wl PredFeed Net = 873 2207] 47 Hl
T}, PredFeed NetS 7|2 E77] kale] wo] ujE A 28] olBlell thek AE7te] Hol wlgdS sheate], HFAHL
2 do] wjFHE 53tk £ 874 dolHe 7

JE
1 Software Department, Catholic Kwandong University, Gangneung:s, (°0), & AT (mgL), YEF(mgL), oF4Fd(mg/L),

Gangwon-do, 25602, Korea. A (mg/L), FHEmgl)S AHEsta, E327] A4 ol
* Corresponding author (lupinus07 @nate.com) OBl B37)9 HF Zolm), B FAke)S AHL3
[Received 28 August 2023, Reviewed 05 Ocotber 2023(R2 03 o). wo) w3 UO_W] f o ,}\107]—0] %Eog] ‘;U] oo]L
November 2023, R3 20 November 2023), Accepted 4 January - H Ea7] A2 Az BF M
2024]

Journal of Internet Computing and Services(JICS) 2024. Apr.: 25(2): 49-55 49

http://dx.doi.org/10.7472/jksii.2024.25.2.49



PredFeed Net:

2ol izl AIS2E

| St
of

GRU 718t 20| 83 o 2

dlo]Elo] 22, PredFeed Net< GRU 7]%te] Rdl 2 A4
39tk GRUE RNN 7]Hke] Hejyd Rz g

T
hidden stateZ E3 1A Aej7} the AEjol] dTE F
o], NAY w0l dteoll AHR-3IT. HE 20 F PredFeed

Net2 Az7he] Hol vig 3 2hdl HolEZ AR
2ZM, AE7e] Yol wig HEE geiA Hoh
=52 PredFeed NeH %5 H7HE 91814 GRU

20004 A o4 W P AL G AL
9% AA L P gl wek HH FHolg)
o ZLEIH A% Aelth (1], webA Pl e @
AL 9 2vhE FHS mqjstel, BT L8HS
spusfof gtk [2]. 220hE AN ofF B30 wE
o M) A= F23 /1% F Shboleh AW o

il

2o =W FHAY S Abee] ddtel] oEste, o]
o] o] Fol it FAdel Adske sl Hol wiwS

A58 227k A Bl
FHOAYN A o TS| Ho] $FE YA B W
Mg bg 2 9L kAL BAT Hol TS
o) A2 Ego] Wolmely, @ Bo] wje
N g ST % 870 0918 Zaat[5) ST
o ML ARSI N UL B 2
P15 W2 BE GG o] g
Aol AR/ APl GEH I
& e, ool 03 e x}%ﬁ}

>9
L
-
N

o
]

2

ot

v

)
©
N oH

&2 dd ol o glo & k9 1>

T

=l
j
N
H‘U

]
E
N g
_1
mlo
£,
% o
A
o e 2

‘3101 HHJ Aojell
71 ol wigF o

=

o A# AAE 5}%8}

gl

]
Hn
rlo
~N
i
(e
-
_>II_'4
ot
2T o 4o
R Ju offt L) —u’
AT e 2T
X o, =
oo 7ol
L

(o]
-0,
ot

2 oaE 2
22 ko X X

o ol

P

GRU+E RNN(Recurrent Neural Network)2] T2l A7)
oJEA TAE ANAsHA AIAG vlold &4 A3t
g frloltt [10] GRUE  LSTM(Long  Short-Term
ZHRA R v =8 d5s

AFH, XF 55 l% ZE okl ME o] H T [11].

3.1 PredFeed Net

PredFeed NetZ F2lold A&E7te] Hol wig
55k GRU 7|8 A Edks Aol sk
% PredFeed Net Al A€ 2 xwg =z 87 A
PredFeed Net %
vl ol So) 75t %*%1401%1 % Edo]
o)
AR

o %o] sl

3.2 PredFeed Net X

PredFeed Net®] 732+ Input Layer, BN(Batch Normalization)
Layer, Hidden Layer, Output Layer® T E T}

Env data

_—‘%?%

A<

R R -1

Time Fish data

— —
B | AL

A }\2_]: (€] (¢}

e o] | 2

(a2l 1) PredFeed Net2| 12 Hlo|e| £x
(Figure 1) The Input data frame of PredFeed Net
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(Figure 2) Time series dataset for training in GRU
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(Figure 3) The Overall structure of PredFeed Net
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