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ABSTRACT

Typical IoT(Internet of things) devices have a limited lifetime because they use a battery as an energy
source. To fundamentally solve this problem, various environmental energy harvesting IoT is being researched

around solar energy. Meanwhile, many studies are attempting to improve the quality of experience (QoE) in
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terms of the energy problem and delay time of IoT devices. Many of these studies on QoE improvement are

approaching it as a cost minimization problem, especially an energy use minimization problem. However, such

an energy cost minimization approach due to limited energy is not appropriate for energy harvesting IoT

devices, which can continuously harvest energy. Since many energy-harvesting IoT devices can continuously

harvest energy, we should approach in the direction of cost optimization that can utilize energy to the

maximum rather than cost minimization approach. This study proposes a reinforcement learning-based dynamic

task offloading scheme that can enhance user QoE while maximizing the utilization of harvested energy in an

energy harvesting IoT edge computing environment.

The proposed scheme modeled Q-learning using the

information of dynamically changing amount of energy harvesting and the information of IoT devices and edge

nodes. It can perform very simple, yet efficiently operates compared to complex models of the conventional

minimization problem.

I. Introduction

A, Fheet 2 fole] s Ao} B2 AlEelEdl
(10T) A== ARk A= oy, vlxe] 2Rls
7L glek o] = Qls] A A S8 22 e
8 Sgolld ZaAl W% Aol ARl o
23t 75315 IoT 2804 AR} AR o7 =

7l FR3 S 10T 71719 oA E8A0HE
A%, WA Bt S5 AR A
7h, TR S5 ARACAT AekE DEmld,
2 AFoM= o] 0T 82 QoE(quality of
experience, AFS-A} 7'4]7 F 22z} Aol olzgt
e muld X FAFEMEC) 71EPR 4% 5
lek ol= 71 IoT z&zloﬂﬂ Faehd eaas 7
A%, s FAE} L oA wER PraE o
=Rxsle] dAse, A ) AR oA,
vlxe] AS AHEge R ERAe] Aels FoF
3, oS Aelslel Ao m AHgle] QoES
A WIS B 5 glh

Bzt emme] ol Aol & ol
o5 2eh. Q27 F oA e 5 ol oA
2 Aeslal, emesel wlg A4, 5 o wew
emze ¢ vaze] 2)E Agaol s,

Ads) sleleelit 202 <8l chepspl s}
sk Al g=me] A54Eig yefshs Zold).
2ha] gl oluiAlsh ARl A7k alell HHe] o
Zgr] e 2= Ao uko Oﬁﬁ%%ﬂ g}pl_ Hz
omane] ofe] A1) wpHe Aga) Hde] AAS
e od o) wo| 2w 3 gt} o2 So] Me] o

o4} Aokl muld o 2] 71w Lyapunov 34
3hE ARl A1 Al el = Ale) welle] digh
A A& 7 Mo 2 vkl MEC AW 22 2x] 3 o]

o,

W82 ARSI, M) Qi olA Akt 7]
bi-objective A3} TAIE HA37] Sl3) F2
A& V‘]fﬂ"’ﬂ"’ Blo] olpolla] A|gkek
- xwde] ofns AAsp] Sl 1] F
FE o]8s H Akt olzigt A2
ATFEL oA x=rt o=] A Ay FH
MEC HY|Eg]=9} 3ro] Al wistele S7golA] AA|
7o g A o] AAE AR Fdbrhe e Sk

3 o2 R(EH) 7152 wlE]z]e] S ub
ATA R S8F0] IoT A2 QoEE T7HIA +
= el 7)seloh dubEgl ToT A= wie=]2
F2E7] wlstel] o] el Aljle] glar, Aol
sl P& AGellA wiel=] A} 22 fA| 8
7} ofgjivhs EAZE sick olEl’t FARES A
3}7] 913 EH-IoT& ]88 @2 <A77} 2= it
101 EH-S oubxlo = 3 oluix|(ele), 53,

T =4 X—]_’l\_ el 5=
zhzke] ez el e} cheksl SAEe] sick 2%
A= oA HE, F71-el 74, =2 5
Ao 10T Aol wo] xRg-=r).

B =RoxE 3 MEC UEHZlA uled -4
L7 FA8l= EH-IoTE $1§ Z3ke5RL) 7|4t &
A Bz exey 7[HE At o]= IoT A
oF ollx] = Alo]o] A HELwel o 5H <X,
IoT #=]¢] wiele] Aol w2} HA-shd A
A3}, ©]&- Markov decision process(MDP) & =
B3 5 gl webA 10T A= Q-learning ¥} 7
RL 7|2 &<¢ ollo]H E(learning agent) &S
q = 9y, XAz exay 2dS A
#HAo| exay HAS & 4 rk

TAA R Al 1oT 4|2 el Ael(state) =
Qolala, omeEe B dA) o] A el

E ol
]o Ex|

[
oE 0o

> N
Lo |y
am o
w2
K
j‘i

il m&

o 4> o

2213

www.dbpia.co.kr



The Journal of Korean Institute of Communications and Information Sciences "21-12 Vol.46 No.12

9] v]&-S d(action) &2 HoJght}. =2 A
A el abd A2 olgal, WA Aelot Qg
upe} Al 2§ 10T A= 2 AlZE S3ell4]
esmae) Eabol whe A AN, AU e
oz vgs] S48 e s pAkS 9rlehd,
Bellman equation'/e]] w2} BAFS- wiEA o g 3
o Mids) Q-7 lulol=Hink, e e =
A 2 RANA 2 SRS W
9= RLO| Alo] &3 7(TL)"*& A3t TL
o 8XE AR oo ey ARS Fasjol

WA 213K el RLE 3h 428 271

2 % ek 3 7o) A Aol ke 2o

K

e EH-IoTZS ¢J3F RL7|¥F El~3 o2y 7]¥S-
AlQkke). o] 8l 1oT 42 2l wiele] @,
FA Aggwe) of|&3 oluA] 3 wdllef| uwle}
A wes} emae) wES e,
TLS AHsle] 2] el s S
slo] 9wl Ao Ak

b oA S8 AARTFR B ALgA
o] QE(SHAAA, oA #85)E e,

[ ]
e
N

13}

2 =70 A teT ok el AlsaE B
sel] wate] sk, Mol M 719 A
3] 7)agic)l VA= A8S Esle] gk 7S
7%sar, vix|eto 2 VAl AEoR whie|g),

II. System Model
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Symbol Description
W Ratio of offloading to edge node
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P Weight of unperformed task
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2.3 Latency and Energy Model on Task
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