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Deep Reinforcement Learning-Based Optimal Load Scheduling for Energy Efficiency in Smart

Pig Farms in Phatthalung Province
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\@3uride (Deep Reinforcement Learning: DRL) 1M14UaNNINT5
Tindanud imnzauiigaaeldlassairednsanlwiuuuniy
4291381 (Time-of-Use: TOU) vosn15lulirdugdnia (nvla.) lng
YnaueIsnsnnsissudadnuuuaIuagg FeUsznaudy
wAllA Deep Q-Network (DQN) wag Proximal Policy Optimization
(PPO) namsnnasstWidiudn DRL annsausudeuainisrinu
vosgunsafluvhiumyldnssuiouly annislindanulugisnand
fielulga wanifiunslindsonilugaedifienlns dealielniiiage
aNa909 69.43% waz 75.96% moliouniunailan DON waz PPO
mudiy AT wandiifuiisdneninues DRL saufusyuy
Internet of Things (IoT) Tun1seanuwUUNISUNY ST (Smart Pig

Farm) fidaasunslidndsnuegreiiuseansamuazdstu
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Abstract

This paper presents an Optimal load-scheduling for pig
smart farms energy management, addressing the operation of
ventilation systems, automated feeding systems, and lighting
loads. The proposed framework leverages Deep Reinforcement
Learning (DRL) to optimize energy consumption under the Time-
of-Use (TOU) tariff scheme of the Provincial Electricity Authority
(PEA). Two DRL techniques, namely Deep Q-Network (DON) and
Proximal Policy Optimization (PPO), are employed to derive

adaptive energy scheduling policies. Experimental results

*HUseiusuTIUNAT

demonstrate that DRL effectively shifts the operational
schedules of farm equipment by reducing energy usage during
peak-price periods and increasing utilization during off-peak
hours. As a result, the average monthly electricity cost is
reduced by up to 69.43% with DON and 75.96% with PPO. These
findings highlight the potential of DRL, in conjunction with the
Internet of Things (IoT), for enabling Smart Pig Farms that

enhance energy efficiency and sustainability.

Keywords: Deep Reinforcement Learning, Optimal Load

Scheduling, Smart Pig Farm
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\@9nN13NTEIn (Action) 3nanIEUINA BN (State) uazld su
NanoULNL (Reward) ey lUuiuusauuwamianisdadula (Policy)
Thmnzauiign swidedunisdansmdanuldfigatudadn DR
ansnlsinadwsAifusaBnmganinBuuusadu newadadideu
leiun Deep Q-Network (DQN) &g Proximal Policy Optimization
(PPO) [3-4]
nuATeiFajutiumsiaussuy Msdalnaandanulushiy
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2.1 NMsEBUTIUUETNMAS

n15i3eusuuUEasuA18e (Reinforcement Learning : RL) 18u
avnilsveansiBeudusaaias (Machine Learning) faguil 1 Tned]
yauszasdlun s fun (Agent) Wanunsadedulavihauuas
pouldiuanimuwinden Environment) Ingadendnnisnaassdn
Wagi3BuFINKAANS (trial-and-error) Uagsus19ia (Reward) w38
Ty (Penalty) :1nnnansevh TasituguresmaBeusuuuiaiuris
wannszuIumsindulauuuininew (Markov Decision Process :
MDP) [5]
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2. M3ns¥i (Action: Ap) Yadoyavesiunuiiannsaiden
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3. fleAdun19UABuanIuy (State transition probability: P)
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P(St41lSe, ar) 1)
4. Rendusneda (Reward function: R) Wanduiuenimasain
ynsnsedin dp ludanuz S; uasldanius Spyq dAseiawila

Tugouziu 9 awnsamls feaunish 2

R(st, ar, Sei1) @

5. AMaAN®U (Discount Factor: Y ) Lﬁumﬁﬁmummmmaﬂ

o o v o o a v P o a
s19¥a W elimuvaudmsuniaieug lnsasdandudiviueie
5g91174 0 4 1 mindnaaveuldeglutiednand lnediidminndt 1
dewalinuriresssialuseudaluiianiuasa wazmniawini 0

dwaliinuAvesssianlalusevdaluviladudyaauinav)

2.2 DEEP Q-NETWORK

Deep Q-Network (DQN) td udane3un1si3eusuuuiasy

o af

MdanlasunsiauIfeeenu1INisnis Q-Learning lnadgainu
flo nsuATev sUsEaMiENLUUan (Deep Neural Network) 11
Tdfdm¥uuszanmanilaidu Q (Q-function) FalinsuszifiuAnsneda
fldannnisnsgyiluaniugdifmun vldansomufifvazay
Fudourosaninwnaouls

uana1n{l DQN gaysunisnalndrfyasausznis laun
Experience Replay Wag Target Network Woiuadosninlunig
1Sgug lng Experience Replay v L ulszaunisalnig
Ufduiussenineiuny (Agent) duaninuwindesluguves s, a, r,
Ste1) WazduAIRgAINMEANTIRINaTIN Tl SN \ioan
mmﬁmﬁuﬁ‘maﬁagaﬁLﬁm%ummﬁﬂé’uL'Jm @21 Target Network
Wuiefetneignsuimmamsinesidusseziiietistosiuaalal
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nalndana1d DON feaunsauszynaldlaegsduszd@nsainlu
anmundend fianududeugs [1]4] 9 sflswasrassves DON
Sanesiiu faguit 2 lunisldaumsFeusuuuiasuidsioeg DON
WzaNA Y Action Space WU discrete wavaunalilvguin wu

LN Atari, CartPole

2.3 PROXIMAL POLICY OPTIMIZATION
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anuldiafiosreiSnsian iy Policy Gradient wag Trust Region
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Policy Optimization (TRPO) lay PPO T3 AtA A aN15USUUTS
wlaune (Policy Improvement) ag1ersaiiuassly Ingldnaln
Clipped Objective Function wiiesfnliilinissuimnuleunsluus
avadwanarsanulsuiednunniiuly [14] sWasiassves PPO
Sanedfiu faguit 3 TunsldnunsiFeuiuuuiaduidsiog PPO
wanganiu Action Space wuusieiflasway mumuauduteu 1wy
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Algorithm 1: Deep Q Leamning Algorithm

Initialize replay memory D with capacity N
Initialize action-value function Q with random weights
for episode = 1 to M do
Initialize sequence s, = { x, } Stack initial frame k times
fort=1to T do
With probability € select a random action a, Otherwise select action:
a;=max, Q* (s;, a|@)
Execute action a, in the environment. Observe reward r, and next frame x,+1
Construct next state s,+1 by stacking (X_.;, ..., X, Xy}
Store transition s, a, 1, 5., in D
Sample random minibatch of transitions (sj, a,x, ﬁ—x) from D
Set target - 1 for t’ermina‘l Sjt1 N
T+ Ymaxg Q(sjﬂ, a |B)fol non — terminal s;, ,
Perform a gradient descent step on (yJ - Q(q, a];G)f according to equation

V,J(s) = N 2V, Qo1 (5) ) la=n(si) Vs Ws(5))

end for
end for
JUT 2 sWiadnaesves DON daneiiiy
Algorithm 2: PPO Algorithm

Randomly initialize policy T and value function V with parameters 8, 6v respectively
Create N, environments

n = number of steps to calculate TD over
8 €0
repeat
for actor 1....N_ do
for time t...... t+ndo
Sample action at ~ 7t (a | S, 0)
Execute actions a, and observe rewards rt and next states s,
end for
end for
Compute Advantages A and Returns R
forepoch 1......K do
for minibatch 1,.......N do
sample minibatch transitions randomly without replacement (Sj’aj‘Aj ,Rj)
(ajls,.0)

O = is b

Vs,L(6) = E[Vgmin(r(8)) 4;, clip(r(8).1 —3,1 +3)4;) + By PeH (n(s.8)))
Vo, L(0,) = B[Pt

end for

end for
eold <o

untril t
‘max
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A a a v v o o o a o a v
pgnsfiusEdnsnn deslimnuddgfivaniiaiuisalsuasula
Wesnndwanunsauiuasuldmutouleluusiasiu Tnglunniuny
f19819 An1sAnndrnantasainanyiauluge 18.00 - 6.00 u.
w3asliommydnludAfivhau 1 asdly 1 Judiaailedld uas
Tannnay 6 f1 NRawineuedetios 4 ¢ agly 1 Ju essue
a1malurhiuny uarlunisdanislvanfianunsausulaasinisly

Fayaannstiih Gaudanslaldin 3 924 fe dwsutuduns - Tu

An$an 9.00 — 22.00 u. Yaduaie Peak 13a1 22.00 — 9.00 u.

9

o

Fadugaa Off- Peak wazdmiuiuans - Juenfing ¥1a3a1 0.00 -
24.00 . Yatduae Off- Peak Aamns1ad 2 [6]

M15197 2 sasanliihannisiiihauginig Yssianil 1.2

JUuuY 9y LENERY gngdnluiih
fianuIe
(um)
Peak Juws - @ns | 9.00 - 22.00 u. 5.7982
Off Peak | dums-ens | 22.00 - 9.00 w. 2.6369
Off Peak | 11 - @1¥ind | 0.00 - 24.00 w. 2.6369

3.2 Objective Function

lunddell Tgauszasiiiomuamearduyunislilii lne

MAFUYUAATIaR INauNT (3) uag (@)

min (L2, P; (X2, S/ TOU®) ®
\ilo
1P€[0,1]
t ’
St = {vae[o,u @
oy P Ao Maslwiheesgunsal
St Ao anunsalvineuvesgunsallih

Taouvadu 2 anug Ae LP asfigunsaivinnumag Peak 1ian
9.00 - 22.00 u. uaz L°P 9237iguUnsalyia1utas Off Peak 11an
22.00 - 9.00 wu.

TOUt e dasralndinlunsiazeas
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uananilunisAnamaimaslwihidedddauainnislinia
(Pgriq) Sndudosinaumdsiniinanleawwad (Ppy) 00nain
maalwihisvesisuny (Pyggg) Maun1si (5) wieainwisunyd

asasdsnulninldesannseuulvawadunediy

Peria = Pysgr — Ppy (%)

4., NaNIINAaY
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vy udaunu Tnednsivanmunaniviliandusniign ua
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lawesnndinesang 9 Ium‘JL‘V!iuIﬁJLﬂaﬂ’]iﬁﬁuiﬁﬂﬁﬂﬁﬂﬁaﬂ
sULuURIed 3 waznisiinsulaeanudnensiedaivuliduiios
qa%’yuﬁ'aa q FagUt 9 wonaniins g wansliiiudn PPO &
UszdvBnmdng1 DN Tumsdamssivan esananansauiuuy
As1efaldrerdoasdaaaiiosuinnit wiitlugaaiudues
Seugtindt DON Anu Tudivesdununisldlnih Suwiliuanas
musuIusEUNsSeuieufieIiu fguil 10
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nwansldlnindounda 31 Wowvesisunynuindduyu
nslelniade 16,727 vmseiieu Inendnisianisinandionis
SeuswuuEEuiduuu DON wag PPO wudansamsunuliii
LA sl aLAoudmiuLUY DON 5113.50 U1 Waz3Uwuy PPO
4,019.70 UM FsanuaNITNAFEUNNTIAlMandE3F DON Safinns
FalnanlsiinaugaeinimvinsnuraanadAndiluiwuy Peak g
Vsl i ildgsligniian M1991035 PPO flanunsadn
Tnanitnauuaziadodlionslsoglurag Off-Peak Idavmn n1sda
TnansinaugaeIn1Adie33 PPO finnsainisianu famsnsd 4
dmdumsinlnanmsianuveeiedlifemsuazivanuasaing i
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Wsiaed e nsiSeuiuuuEumdLUY DON wag PPO
DON PPO P . . . ,
_ An597 4 N5InlvaninauaneINARIEIS PPO (heian Off-Peak)
PIUIUIDUNITINTU 500 500 h
Dcount factor 099 099 van | Weew | Weew | Weau fau | Weau nau
learning rate 0.001 0.001 M1 | ff2 | N3 a4 | @l 5 A 6
clipping for policy - 0.2 22.00 1 1 1 1 0 0
loss 2300 | 1 1 0 0 1 1
GAE Lambda - 0.95
00.00 0 0 1 1 1 1
Hidden Layer Sizes [128,128] [128,128]
01.00 1 1 0 0 1 1
, 02.00 0 0 0 0 0 0
31 61 91 121 151 181 m 241 m 3m EE} 361 In 421 151 481 03.00 O O O O O O
' 0400 | 0 0 0 0 0 0
05.00 0 0 0 0 0 0
(¢
E 06.00 0 0 0 0 0 0
200 07.00 0 0 0 0 0 0
08.00 0 0 0 0 0 0
09.00 0 0 0 0 0 0
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A519% 5 MsIAlvanLASad iR SIaTLEIEI19AETT PPO

1Al 49 w30l LA GG RRN
0IMg Waafi 1 | Tvandi 2
18.00 Peak 0 1 1
19.00 Peak 0 1 1
20.00 Peak 0 1 1
21.00 Peak 0 1 1
22.00 Off-Peak 1 1 1
23.00 Off-Peak 1 1 1
00.00 Off-Peak 0 1 1
01.00 Off-Peak 0 1 1
02.00 Off-Peak 0 1 1
03.00 Off-Peak 0 1 1
04.00 Off-Peak 0 1 1
05.00 Off-Peak 0 1 1

(1 = @onugn1sWayingy 0 = @ugn1sUaineu )

A1519% 6 Han15IRLanAIe DON wag PPO

s | Adali |l AUy n13an
$NOff- | %raPeak | liflady | duu

Peak fio | siodu (kwh) |  sodu

Tu (kwh) (u)
DON 10.55 24.47 170.45 69.43%
PPO 16.12 15.65 133.99 75.96%

TunsldnumsBeuiiddnuuuiatumams 2 suuu Tunisda
msnnsiuvedaalnfitlunisuans wudnluea PPO a1unsa
nsgaensrinanlidegisian Off-Peak ldog19iUszdnsnn
1nn3luaa DON Tagmsensviinuesinau 1adeddvennis
wazuasadngnuiulingauiulassaiednsilnih Tou

nan1sUSeuLfisusznInaluma DON waz PPO wansliiiugn
nstindsnulniilugig Peak 409 PPO anaunde 15.65 kwh sie
Fu Tuvauzdl DON ag#l 24.47 kwh vaszieaiu nsldlasinlurag
Off-Peak 483 PPO gutiuiliu 16.12 kwh siefu Wlawteuifu DON il
A1 10.55 kWh dawalit diunuanlwiiadesdeiuves PPO anasvde
133.99 uw luvaigdl DON ie1 170.45 v uandliiiiuin PPO 1
Usgavgnnlunsdnanisluanunnnda DON
5. @3y

1NNsHaNITNAaeuNIstNIsSsuskuuasuiaslunisan
Funuailaifivesisuny wulramnsnanduyuied ssoliou
69.43% Wag 75.96% dw3UULUU DON uag PPO lngd8n1s PPO

aunsndnlvanysuvdeuldlieglutae Off-Peak lavianun vl

=

dasalnihgnasnniteseannistdluiuuuislurisuny s

Augyuuy DON Anudndadgunsaiunediuiifaviulugiana
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Peak virlandunueliildlaivindugiuy PPO esannnns
Brufidednuuuieuiduuy DON limngdunslilunuiidudou
unnvilidussavsamldviiguuuy PPO fifienuderdsuas
annsavhauluaauzmsalifidudeuldinnnii
ag1slsimulunisfinmuuuilduaiseiaseseunisisous
nuTlueaisaesfinisimuuazyudegeaiiios Insaseta
wisfuunlufisduluuiazseu Faasveulsifuiluaaiianig

Beuiedraunase awnsadilaguuuunisldndsnuimaunzause

vy
o o A

Roulumsldnuasweshiuny MlleRnsawadnsiae syl
& 1 = Y o a0 v AW = I3 & A
wiuihmsBeuiiddnuuuasuiddidnenmislueiasdeluns
dnsszuunadsnunglunisuny vilivisandunu vsmsinns
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