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1) INTRODUCTION

With the advancement of machine learning and evolutionary optimization technologies, it has become
possible to optimize maintenance decisions with greater accuracy. Machine learning can identify hidden
patterns by analyzing equipment operational data and predict the likely time of failure. On the other
hand, evolutionary optimization algorithms can convert these predictions into optimal strategies for
performing maintenance, so that costs are reduced and equipment availability is increased [1,2]. With
the expansion of data-driven infrastructures in industries, the inability of traditional approaches to
identify failures in a timely manner has led to an increase in unwanted downtime and unforeseen costs.
In such circumstances, there is a need for models that are not only capable of accurately predicting
failures, but also enable decision-making in multi-objective and complex situations. This gap doubles
the need to develop intelligent frameworks based on a combination of machine learning and evolutionary
optimization [3,4]. The main innovation of this research is the effective integration of machine learning
and evolutionary optimization for predictive maintenance. Unlike previous studies that have used
machine learning or optimization models separately, this research provides an integrated framework that
takes advantage of the high accuracy of machine learning in failure prediction and the ability of
evolutionary algorithms to provide multi-objective optimal solutions. In addition, this research compares
the performance of two algorithms, NSGA-II and PSO, and shows that NSGA-II performs better in
many cases. The findings of this research can be used as a practical and intelligent approach to reduce
maintenance costs, extend equipment life, and optimize supply chain efficiency.

2) Solution Methid

In this paper, a hybrid model for predictive maintenance in multi-objective supply chains is presented
that uses machine learning to predict equipment failures and evolutionary optimization to determine the
optimal maintenance strategy. This model uses industrial sensor data and historical failure data to
optimize maintenance decisions to reduce costs and increase system reliability. The data collection
process is carried out through sensors attached to industrial equipment that continuously record
parameters such as temperature, pressure, vibration, speed, electrical current, and corrosion rate. This
data is usually sent to a central database via the Internet of Things (IoT) and stored in maintenance
management systems. In addition, historical failure data is extracted from repair and maintenance
records, including information on the type of failure, time of occurrence, repair duration, repair costs,
and replaced parts.

3) conclusion

Machine learning models played a key role in reducing uncertainty in equipment failure prediction in
this study. The use of models such as XGBoost and LSTM improved the accuracy of failure prediction
and in some cases, the probability of equipment failure was reduced by up to 40%. This allowed
preventive maintenance decisions to be implemented more targetedly and efficiently, so that only
equipment that was at the highest risk of failure was subject to preventive maintenance. After predicting
the probability of failure, these values were fed to the NSGA-II and PSO optimization models. The
results of solving sample problems showed that NSGA-II performed better than PSO. The objective
function value obtained from NSGA-II was better than PSO in most cases and its solution time was also
shorter. The maintenance cost reduction in NSGA-II was reported to be 42.8% on average and the
equipment downtime reduction was 55.4%, while in the PSO algorithm this was 25.2% and 33.8%.
These results showed that combining machine learning with evolutionary optimization is a smart and
practical approach to predictive maintenance management in the supply chain. This model can not only
reduce operating costs, but also increase equipment life, reduce unexpected failures, and improve overall
system efficiency. From a management perspective, the findings of this research show that combining
machine learning and evolutionary optimization can be used as a decision-making tool for maintenance
managers. This model allows managers to make maintenance decisions not based on fixed schedules
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but on real data and the probability of failure. By implementing this framework, organizations can
increase equipment life while avoiding unnecessary costs and sudden stops.
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. Initialize a random population

. Evaluate the objective function for each individual

. Perform non-dominated sorting (Pareto ranking)

. Select the best individuals using Pareto ranking

. Apply crossover and mutation to create a new generation

. Merge the new and old populations and reapply Pareto sorting
. Maintain the best solutions in an archive

. Repeat steps 4 to 7 until the stopping condition is met

.Return the Pareto-optimal set as the final solution
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1. Initialize a swarm of particles with random positions and velocities
2. Evaluate the objective function for each particle
3. Determine the best personal position (pbest) and the best global position (gbest)
4. Update each particle’s velocity and position using the equations:
velocity_new = inertia_weight * velocity_old
+ cognitive _parameter * random * (pbest - position)
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+ social_parameter * random * (gbest - position)
position_new = position_old + velocity _new
5. Repeat steps 2 to 4 until the stopping condition is met
6. Return gbest as the final optimal solution
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Failure Failure Energy Vibration Level Temperature Number of Sample
Probability Probability Consumption Range Range (mm/s) Range (A°C) Equipment Problem
Range Range (KWh)
(After ML) (Before ML)
0.29-0.46 0.67-0.87 2779-4929 4.8-7.2 67-83 11 1
0.23-0.41 0.55-0.83 2032-4047 5.4-7.2 61-85 16 2
0.25-0.42 0.51-0.87 2502-4406 4.4-6.6 69-83 17 3
0.24-0.49 0.52-0.84 2573-4727 4.2-6.0 77-91 12 4
0.23-0.41 0.54-0.89 2804-4098 4.6-6.8 61-89 19 5
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0.24-0.49 0.60-0.86 2683-4871 4.4-6.0 63-93 7 6
0.23-0.46 0.64-0.81 2725-4986 43-74 75-94 18 7
0.20-0.44 0.62-0.85 2546-4960 5.2-7.2 67-93 5 8
0.23-0.42 0.54-0.89 2738-4612 5.4-7.3 67-95 9
0.25-0.45 0.62-0.87 2942-4461 5.4-17 72-97 6 10
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‘ Sample Problem NSGA-I1 Best Objective Value PSO Best Objective Value
1 10618101.8 5308767.41
2 19260714.6 19548647.8
3 15979909.1 17486639.6
4 13979877.3 8185086.66
5 7340279.61 7727374.51
6 7339917.81 7751067.65
7 5871254.18 9563633.64
8 17992642.2 12871346.5
9 14016725.2 11479175.3
10 15621088.7 9368437.1
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Sample Problem NSGA-II Solve PSO Solve Time (s)
Time (s)
1 202.9632 201.8862
2 84.87347 92.63103
3 123.0362 66.2629
4 141.5905 287.2214
5 164.0175 291.408
6 246.294 252.0993
7 99.91845 126.1534
8 178.5586 74.41803
9 198.1036 221.0583
10 61.6126 160.0381

Sde (5 ge5 Jilon ples 53 NSGAIT o2, S o7 s oo 0L ¥ IS8 ol ol (SIS ot (st 3

JGELMJ“;”M;}J_Aﬂ:‘){tsv;,_uf\m;o\:ﬂg;&;;uwr;@'ﬁ,;.@m;.\g,:\,_’,M@u;\&;«
9 Sl iy Ol g Sl

. & /~ - - Z
b e Sl G Olaanad Sy
2.0
'.l\\ NSGA-II
[N\ -m- PSO
1.8} S
| u
] \‘
1
g 1.6 'ﬂ \\
= I \\
© 1
< 14 } \
> ! '
= 1 | |
t," ] \ Pt
Q1.2 ! Y # =<
) ti \ W =
o i \\ A SO
+ ] \ s S
$ 1.0 ‘l \\ ’./ \\‘
o ! \i— /,’
0.8 ‘I _____ \gooooo _',’
'1
!
0.6 T
[
2 4 6 8 10
Sample Problem

4905  Pluw 38 PSO 9 NSGA-I1 Buas aab 5lido duglin . ¥ IS

e Sy 213 5 2864 PSO & S NSGAIL o2, S o 0lej o s oo 0L 55 F IS

&\JsluT&ub)‘goM&\J@.bj)):&ljf\j)lg-ssj\j»@j)APSO ﬁ)}iﬂ@\&&b&f}‘%h&j}
.CM‘OA}{)‘J}}ﬁ-ﬁ (5}:{-’ g_g.’.‘Ji"A)‘ ‘_;)Lw‘\..:é.: J..;j))} NSGA'” QB-JJ CM‘W‘J ‘_g,:.ia.&::



14y

1FeF Y o laiic)) ajj.ﬁ‘ra/'ub@/)jw.&pudﬁjj.u

suur
N - NSGA-II
I s -®- PSO
I ~
/ s
2501 i n
I \
—_ ] \
) ! \
e i \J | ]
o ! \ I's
Q ! \ 7 \\
$ 200F A / \ L
\ i A
v \ h ' I .
~— \ [
(] \ H \ ' AN
£ \ ! \ y |
i— 1 Y
" 150} \ : \ K
a % ] \ !
= Y 1 \ ;
o ) + i, !
wv \‘ f’ N ]
\ I \\\ ,’
- \ 3 I
100 g F < N
So I \\ !
‘-\\ 1 o
~d
2 4 6 8 10
Sample Problem

PSOg NSGA-1 38 Jo Ol duglia £ &

DS gl ol (bt Slorendl y (eble (65530 30 gy r 2055 nl e slaai 51 K05 (S
Il o i 857 Sl S5 g1 i r3% Sl Ooloranal b s ol nile (6,8 5l Jute Sl oslizal 457 sl
5 S ST (sladiy 1o 2l a3 5 (S5 b Dl e RS 4 e ol (3 5h S et il 5 gl
e S Sl 6l 1y a1, S S ol oolgihn Jde . Conlolls Sl jgans (S04 Ll
SR o3 B0 U a3 Dljgasd ST LB g Olej aetipe 5 a3 Sy Il 5o sy ol 5 e o 2t
ROWPAR

Sl dar 5 i35 K05 6K IS5 (leags 5 oile (S 3L S 4 as e OB il ol e sazea
Cele Lgﬁf.sb_ e HUS" J3NSGA-TT i eslenal 558 oo O gues sl 0 e 53 c,..':wi' sl 5!l gilwag

Glaausa el Slles (5550, SRl Bl 5 ol 50 55,8 515 eslinul 3500 35 55 sla el 55 Ll
L iy gmio Sl g Oliebsl Sl 3 s 5 1SS

S 54 (7

G5l 51 a8 s )] bdadin pali 0 s 53 oS i e CEIUES Gl S 5 Jhe K i ol )3
o3lil SIS Slacs 51 il p g ek 6l MG (S5l Sl s Sl o) 5 Jleas ] o i sl obile
Oloj cosls 2l 1) CotligSS (slads 3 (5 g ol Comlaiadl i 3,55 ol 457 315 Ol i g slaasl A8
.M;&\}l\,wggjjaﬁjxujy\ba.{ba\ﬂeaqu
S Gl Oljgad gl A S 03 Conla pde 28T 55 bl 2 (e ol 3 dle (6,8 3L Joe
Dlie o3 ylse g3 gedd ol 2 Jlast o i S8 350 CeL LSTM 5 XGBoost sl sladde i oslac!
Syt 61,k S Slaanar & Li Sl ol opl WZ3L 2l doys Fr b Slpges ol 5 Jleas|
Syse cdidls SI ol s o xie o me s S Sliges i &5 Gl S dsd Il juTH 5 suaidie



\R\s A il s plo (6, 50L ST b laliz ol 0 pmmi] 3 0clilS i CS S

6313 PSO y NSGA-II ¢ luag sadis 4 pslie e & Jlaz=| g jlﬂ.x;)\} dlxif..:i Ol peans
e wl e . Cenlazdls PSO 4 Cod (6522 3 Sos NSCA-I 48 515 0L 4505 Jluws Jo 5l Jool> ool

CUgS ok JialS Cles g 18l S 55 0T o 0lej 503 PSO 31 e 5,050 25 53 NSGA-II 51 fuol>
35 Sl s Canlods 5,18 oy B0.F Oolsgas b5 0l LialS 5 Aoy FYA Kl ok NSGA-IT s
slos g Lo )3 YFA 5 Ao y5 YO o5 jas 5540 ol PSO riwi”

Cupte sl s s dedpn 3 S5 6 ST (sileangs b pble (6,8 3L S5 o sl Ol s !
Col Sl das 2alS 1) Sllee (slaay 5o Ll 5 o 58 Jbe ol Sl al 0 iy )3 oS i iy SIS
(e e Sldd dal gt 55 e ST (6550 0 250t 5 0 i o Sa ol ST (D s e d b 15
s Sl S Ol e Ll o MlSS (S3lutings 5 mble (68 3L S 5 S das e DL Gl (slaaly
&, C,...i:‘-\@i? Olosanad B s o 01 Ol g 4 Jo o .;J:f)lﬁ oslaul 3y 40 L;)!.t@i?}ﬁuﬁ Ol pda gl 5
ool ol Gileesly LS 3BT ol gy Jleal p als glaests al 4l b gauile) elal
islad (6,8 o SEL DB 5 5 (559 5 b Sl 3 51 el ae Rl e Ll 57 oo La0le L

Sty 5 okd GRlST 85 aae Gl pbie 53 Jde ol ey T slatass )3 o 345 0 slgiy

5 ed 8IS il i 3 G G et 3l 5 e (65 3L Ll (g 5 S

&bw

Belhor, M., EI-Amraoui, A., Jemai, A., & Delmotte, F. (2023). Multi-objective evolutionary approach based on K-means
clustering for home health care routing and scheduling problem. Expert Systems with Applications, 213, 119035.
https://doi.org/10.1016/j.eswa.2022.119035

Chobar, A. P., Adibi, M. A., & Kazemi, A. (2022). Multi-objective hub-spoke network design of perishable tourism products
using combination machine learning and meta-heuristic algorithms. Environment, Development and Sustainability, 1-
28. https://doi.org/10.1007/s10668-022-02350-2

Deb, K., Pratap, A., Agarwal, S., & Meyarivan, T. A. M. T. (2002). A fast and elitist multiobjective genetic algorithm: NSGA-
I1. IEEE transactions on evolutionary computation, 6(2), 182-197. https://doi.org/10.1109/4235.996017

Delshad, M. M., Chobar, A. P., Ghasemi, P., & Jafari, D. (2024). Efficient Humanitarian Logistics: Multi-Commodity
Location—Inventory Model Incorporating Demand Probability and Consumption Coefficients. Logistics, 8(1), 9.
https://doi.org/10.3390/l0gistics8010009

Fathi Hafshejani, K., Bagheri Sorkhi, M., & Modiri, M. (2023). Integrated hybrid model of sustainable supply chain in cement
industry. Engineering Management and Soft Computing, 9(1), 1-18. doi: 10.22091/JEMSC.2021.6422.1144

Jiang, Y., Dai, P., Fang, P., Zhong, R. Y., Zhao, X., & Cao, X. (2022). A2-LSTM for predictive maintenance of industrial
equipment based on machine learning. Computers & Industrial Engineering, 172, 108560.
https://doi.org/10.1016/j.cie.2022.108560

Nguyen, T. H., & Jung, J. J. (2021). Swarm intelligence-based green optimization framework for sustainable transportation.
Sustainable Cities and Society, 71, 102947. https://doi.org/10.1016/j.5cs.2021.102947

Niavand, M., Adibi, M. A., & Pourghader Chobar, A. (2024). Selection of green supplier by multi-moora combination method
and two-stage clustering. Engineering Management and Soft Computing, 10(1), 14-49. doi:
10.22091/jemsc.2024.10977.1181

sazegari, S., davoodi, S. M., & goli, A. (2024). Designing a green supply chain pricing model with a multi-criteria decision-
making approach and game theory (case study: home appliance industry). Engineering Management and Soft
Computing, 10(1), 92-122. doi: 10.22091/jemsc.2024.11144.1191

Sharma, D. K., Brahmachari, S., Singhal, K., & Gupta, D. (2022). Data driven predictive maintenance applications for industrial
systems with temporal convolutional networks. Computers & Industrial Engineering, 169, 108213.
https://doi.org/10.1016/j.cie.2022.108213

Yadav, D. K., Kaushik, A., & Yadav, N. (2024). Predicting machine failures using machine learning and deep learning
algorithms. Sustainable Manufacturing and Service Economics, 3, 100029. https://doi.org/10.1016/j.smse.2024.100029



https://doi.org/10.1016/j.eswa.2022.119035
https://doi.org/10.1007/s10668-022-02350-2
https://doi.org/10.1109/4235.996017
https://doi.org/10.3390/logistics8010009
https://doi.org/10.1016/j.cie.2022.108560
https://doi.org/10.1016/j.scs.2021.102947
https://doi.org/10.1016/j.cie.2022.108213
https://doi.org/10.1016/j.smse.2024.100029

