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[Abstract]

With recent advancements in energy harvesting technologies and the proliferation of AloT devices
capable of on-device learning, energy-harvesting AloT systems have attracted significant attention. This
study proposes an energy-adaptive approximate computing method designed to efficiently enhance
federated learning performance while ensuring the stable operation of energy-constrained edge AloT
devices. Typically, there is a proportional relationship between learning performance and energy
consumption; thus, performance trade-offs are inevitable under stringent energy conditions. Based on a
solar energy harvesting model, the proposed scheme optimizes local training data sizes and parameter
exchange volumes for each training round within limited energy budgets, performing approximate
computing. This approach effectively minimizes device blackout durations, thereby improving the overall

accuracy of federated learning.
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I. Introduction
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2. Approximate Computing
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2. Energy-Adaptive Approximate Computing
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Fig. 5. Approximate Computing of the Proposed Scheme
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Table 1. Effect of Quantization from FP32 to INT8
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2.3 Heuristic Optimization Scheme
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Table 2. Measurement Results of Accuracy and
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IV. Performance Validation

1. Experimental Environments

Table 3. Experimental Parameters

Parameter Value
Global Model ResNet-18
AloT Edge Device 5 of Jetson Orin Nano
Amount of 150Wh ~400Wh

Harvested Energy depending on environments
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Duration 10 days
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Table 4. Experimental Results

Min Max

Approx. Approx. U

Global

o,
Accuracy 72.5%

81.2% 88.2%

Participation

0,
Rate 52.3%

79.2% 98.5%

Blackout Time

0,
Ratio 44.9%

)
Ir okt
g
uE 2
ox,
el

it

P

2

o

lo 18
o wfr

g

X

A
"

4>

e

_ﬂ

H

Ol

3 TE

1o

kL

1o (E N

o 2

n:\)

ot =

i

o

22 r
|o

£
ne,
e
=N
N
=
o)
o
2
ol
ol
Ra)
b
rot
B

In
o
s}
32
rr
i)
o
rr

b Z1Rio] o A] Aol

es Jmmi AAWSL AR}

g2 232 s Min Approx. 7|9 X
710 w2 o5 Ao =g BYoL, w2 oyA] Avg

o] A = Eot RIHs] WAlsto] &F
ol=7t 43| FAsITh 9] ol2gh A2 24X]719]
BiolA] 24 Z7|ofct vhEE|Qlon, AupAlo g 215
deteo] 3 Ast2 o]ojRlty. $HH Max Approx. 7]
Al Z7]0= w2 Fol=g Holoy ARto] 524
St AT iEE Eoth o9t Min
Approx. 7|HEot= Ao et Fojgat W2 4
AAREE 7151t ol 2AREFER A 508
A5 ARElE o|AIE 24| gt T2yt
Max Approx. 7|%2] 73-2ol= A|UAl ZALRIZ sl &
oo} AR A|7He] 7A tfju] && Aetwo] SALe T

O o0ow —

RARIF o2 Zha

= r9,L‘ o
L 2
24 ==
o
2 X
o
S A
— olo
oz ok
o]
%
2 Rl
— ob
2 3H

) 132
= DRI AHgte] oAl ag4e Irhatety
uE Ai, 2 e 1o BRARES B8] PRI
A2El] 28 QPSS SuT 4 919100, FA0] FA
A Hae PolE Tlofee selstr)

ASE 71 e 71ES] BANY Aehs % 2AEEY o
TE 9, oux] 27 5L vigoR ARF £2Ee
AHg 7Ks 3 oluiA] Aok Tejstol h Aehe gl
A AFepsh 53 ZU L AASHC ol2fat A
e 71E] A 8% AR AUARl 10T A

| 2 geEel oPS Sl HEE 4 grks Ko
A, A8 FoY AH0IA o] 9t 71l bt



18 Journal of The Korea Society of Computer and Information

= 7oA A 73] ofdx] Aok B0l e ot
& 45T 98 NS THY 4 9SS HolRA,
EAlo] &% meto] Wost FAFE o

1=} T

g OIUR] S Zafet At 7o) A8k o] i57} xw A
ol wHx]= ARRZE A¥stien], AAl -8 ARE Oy
°F 13.4%°] A1 vlgo] WA o]of T}, F2oll=
U] ol£9] =S FHAIZIL, oflHA] it 20t 4}
o g3 =+ 71%(dynamic
reallocation strategy) 7fgo] = @35t} oj2igh 34 A
= BH-AlOT A|2810] A84S B gHAkN7] 2, They
F AR 3-8 <2oboll tiet &R 7Hs4dS =ol= bl 719
g Zloz rigidch

ol

=X
XL o

rok

ACKNOWLEDGEMENT

This work was partly supported by the Institute
of Information & Communications Technology
Planning & Evaluation(IITP)-Innovative Human
Resource Development for Local Intellectualization
program grant funded by the Korea government
(MSIT) (IITP-2025-RS-2022-00156360, contribution
rate: 50%) and the MSIT(Ministry of Science and
ICT), Korea, under the Graduate School of
Metaverse Convergence support program
(IITP-2025-RS-2024-00430997, contribution rate:
50%) supervised by the IITP (Institute for
Information & Communications Technology
Planning & Evaluation).

REFERENCES

[1] Abdul Matin, Md Rafiqul Islam, Xianzhi Wang, Huan Huo, and
Guandong Xu, "AloT for sustainable manufacturing: Overview,
challenges, and opportunities," Internet of Things, vol. 24, p.
100901, Dec. 2023. DOI: 10.1016/j.10t.2023.100901

[2] Yi Chen Lee, Harikrishnan Ramiah, Alexander Chia Chun Choo,
Kishore Kumar Pakkirisami Churchill, Nai Shyan Lai, Chee
Cheow Lim, Yong Chen, Pui-ln Mak, and Rui P. Martins,
"High-Performance Multiband Ambient RF Energy Harvesting
Front-End System for Sustainable IoT Applications - A Review,"

IEEE Access, vol. 11, pp. 123456—123467, Jan. 2023. DOI:
10.1109/ACCESS.2023.3241458

[3] Amira Bourechak, Ouvarda Zedadra, Mohamed Nadjib Kouahla,
Antonio Guerrieri, Hamid Seridi, and Giancarlo Fortino, "At the
Confluence of Artificial Intelligence and Edge Computing in
loT-Based Applications: A Review and New Perspectives,"
Sensors, vol. 23, no. 3, p. 1639, Feb. 2023. DOI: 10.3390/
23031639

[4] E. T. M. Beltran, M. Q. Pérez, P. M. Sanchez, S. L. Bernal, G.

M. G. Pérez, G. M. Pérez, and A. H. Celdran,
"Decentralized federated learning: Fundamentals, state of the art,
frameworks, trends, and challenges," IEEE Communications
Surveys & Tutorials, vol. 25, no. 4, pp. 2983-3013, Sep. 2023.
DOI: 10.1109/COMST.2023.3315746

[51 Y. Li, J. Wang, K. Zhang, and Y. Liu,
Device-to-Device Assisted Federated Learning in Edge

Bovet,

"Energy-Aware,

Computing," IEEE Transactions on Parallel and Distributed
Systems, vol. 34, no. 7, pp. 2138-2154, Jul. 2023. DOI: 10.1109/
TPDS.2023.3277423

[6] Y. Liao, H. Xu, Z. Yao, L. Wang, and C. Qiao, "Accelerating
federated learning with data and model parallelism in edge
computing," IEEE/ACM Transactions on Networking, vol. 31, no.
4, pp. 1593-1606, Aug. 2023. DOI: 10.1109/TNET.2023.3299851

[71 A. S. Khan, M. U. Farooq, and A. A. Khan, "Advancements in
Energy Harvesting Techniques for Sustainable IoT Applications:
A Review," Sustainable Computing: Informatics and Systems, vol.
38, p. 100897, Apr. 2025. doi: 10.1016/j.suscom.2025.100897.

[8] Z. Zhang et al., "Mechanical Intelligent Energy Harvesting: From
Methodology to Applications," Advanced Energy Materials, vol.
13, no. 5, p. 2300557, Jan. 2023. doi: 10.1002/aenm.202300557.

[9]1 W. Q1i, Y. Zhang, and H. Li, "Survey on Energy Harvesting IoT
Communication in the Future Network," in Proceedings of the
2022 International Conference on Intelligent Computing and
Networking Performance (ICICNP), Fuzhou, China, Sep. 2022, pp.
63-68. doi: 10.1109/ICICNP56456.2022.00020.

[10] A. A. Khan et al,, "Energy Harvesting Technologies and Applications
for the Internet of Things: A Comprehensive Review," Sensors,
vol. 23, no. 9, p. 11280727, Sep. 2024. doi: 10.3390/5230911280.

[11] J. Han and M. Orshansky, "Approximate computing: An emerging
paradigm for energy-efficient design," in Proceedings of the 18th
IEEE European Test Symposium (ETS), Avignon, France, May
2013, pp. 1-6. doi: 10.1109/ETS.2013.6569370.

[12] Q. Xu, T. Mytkowicz, and N. S. Kim, "Approximate computing:
A survey," IEEE Design & Test, vol. 33, no. 1, pp. 8722, Feb.
2016. doi: 10.1109/MDAT.2015.2505723.

[13] J. Ometov et al,

ultra-low-power edge AL" IEEE Internet of Things Journal, vol.
9, no. 4, pp. 29502963, Feb. 2022. doi: 10.1109/JI10T.2021.
3101839.

"Adaptive approximate computing for



Energy-Adaptive Approximate Computing Scheme for Efficient Federated Learning in Energy-Harvesting AloT Systems

19

[14] K. Katare et al., "Approximate computing techniques for edge
Al A review," IEEE Access, vol. 11, pp. 2503—2519, Jan. 2023.
doi: 10.1109/ACCESS.2023.3242291.

[15] H. S. Dhillon, P. Chawla, and A. Gupta, "Study and performance
analysis of harvested energy in different scenarios and its
suitability in different applications," AIP Conference Proceedings,
vol. 2495, no. 1, p. 030002, Oct. 2023. DOI: 10.1063/5.0167090

[16] S. Kosunalp, "A New Energy Prediction Algorithm for Energy-
Harvesting Wireless Sensor Networks With Q-Learning," IEEE
Access, vol. 4, pp. 575575763, Sep. 2016. DOI: 10.1109/ACCESS.
2016.2606541

[17] D. Noh, Y. Yong, L. Wang, H. K. Le, and T. Abdelzaher,
"Minimum Variance Energy Allocation for a Solar-Powered
Sensor System," IEEE/ACM DCOSS’09 (LNCS vol. 5516), pp.
44-57, Marina del Rey, CA, USA, Jun. 2009. DOI:
10.1007/978-3-642-02085-8 4

[18] Z. Wen, R. Shi, B. Wang, and H. Yu, "Approxiot: Approximate
analytics for edge computing," IEEE ICDCS, pp. 4117421,
Vienna, Austria, Jul. 2018. DOI: 10.1109/ICDCS.2018.00049

Authors

Ikjune Yoon received the B.S. degree in
Computer engineering from Jeonbuk National
University, Korea, in 2005, and Ph.D. degree
in Computer Science and Engineering from

Seoul National University, Korea, in 2015.

He is currently an assistant professor in Division of Al
Computer Science and Engineering at Kyonggi University.
His research interests include cyber-physical systems and

internet of things.

Dong Kun Noh received the B.S., M.S. and
Ph.D. degrees in Computer Science and
Engineering from Seoul National University,
Korea, in 2000, 2002, and 2007, respectively.

He is currently a professor in School of Al

Convergence, Soongsil University. His primary research
interests include cyber-physical system, mobile computing,

and internet of things.



