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Abstract

To make sure that smart grids are reliable, long-lasting, and cost-effective, they
need to handle their resources well. In this study, important problems like load balancing,
power timing, and demand response in unclear situations are looked at. We make a fuzzy
optimization framework for smart grid applications by using fuzzy sets to describe unknowns
in load demand, green energy production, and market prices. We suggest a mathematical
way to quickly solve these fuzzy optimization problems. The simulation results show that
the suggested methods work to make the grid more stable and to make the best use of
resources when there is doubt.

Subject Classification: 65M55.

Keywords: Smart grids, Fuzzy optimization, Load balancing, Renewable energy, Uncertainty
modeling, Multi-objective programming.

I. Introduction

Modern power grids are quickly becoming smart grids, which use
advanced information, communication, and control technologies to make power
systems more reliable, efficient, and long-lasting. Smart grids are different from
traditional grids because they use spread energy resources like demand response
programs, energy storage systems, and green energy sources [1]. This makes
energy management more dynamic and fluid. But this change brings about tough
problems in managing resources, like handling loads, planning when to generate
power, and responding to real-time demand. Uncertainties in the system, like
changing green energy output, changing load needs, and changing market prices,
make these problems even worse [2, 3]. Usually, traditional optimisation
methods need exact and predictable input data to work. Figure 1 shows fuzzy
optimization architecture for efficient smart grid management. This means they
can't be used in situations where the data isn't always accurate [4].

By using fuzzy set theory to deal with confusion and uncertainty, fuzzy
optimisation methods offer a strong option. These approaches help people make
better decisions by showing unclear factors as fuzzy numbers or fuzzy gaps [5].
This makes it easier to model and solve resource management problems in smart
grids. The main goal of this study is to create a complete fuzzy optimisation
system that can solve important resource management issues in smart grids. We
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look into how fuzzy linear programming, nonlinear programming, and multi-
objective optimisation can be used to deal with the unknowns and competing
goals that come up when smart grids work.
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Architecture of Resource Management in Smart Grids Using Fuzzy Optimization
Techniques

II. Problem Formulation
A. Description of resource management problems in smart grids

Smart grids have to deal with some tough resource management problems,
like load balance, which makes sure that supply and demand are met in real
time; generation scheduling, which makes the best use of different energy
sources; and demand response techniques, which change how people use energy
[6, 7, 8].
1.  Load Balance Constraint:

Z{izl}{Ng}P(t) = Z{jzl}{Nl}P(t) + Plossio) (1
lgi) {u}
2. Generation Limits:
Pigy” < Piggo < Plgy™ 2)
3. Ramp Rate Limits:
Pgae = Prgpe-nl < Rigy (3)
4. Demand Response Load Adjustment:
fadj}(®) _
Poy ™ = Puyo — APupe “4)

5. Generation Scheduling Objective (Cost Minimization):
min XX wole(Prgno) &)

i

{i=1}
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6. Power Flow Equation:

Piingn = Vo (6)
WO = Y 66131005 Oraj1cer*Biagisin Otio)
7.  Voltage Limits:
Vi{mm} < Vi(t) < Vi{max} (7)
8. Renewable Generation Constraint:
0 < Ppemyry < Plam™ ®)
9.  Energy Storage Dynamics:
P
Esty = Esq—1) + NcPeoy — ( :;f;)) ©

10. Storage Capacity Limits:
EM™™ < Eyqy < EM™™ (10)
11. Demand-Supply Balance with Demand Response:
) pladn®

{
Z{ }Ng}P(t) + Pgenyy + Pawy = =y Py Puossio (1D
~ el

12. Reserve Margin Constraint:

(Ng} pimax)
Z{l gi} P{.;:}ax Z{izl}{Ng}P 2 Rynargin (12)
{g:}®

Modeling uncertainties in load demand, renewable generation, and market
prices using fuzzy sets

Changes in market prices, varying load needs, and sporadic green energy
output all cause uncertainty in smart grids [9]. These errors can be well
modelled by fuzzy sets, which store parameters as fuzzy variables with
membership functions.

1. Fuzzy Load Demand:
P, = (PIL'PIM'PIU (13)
2. Membership Function for Load:

WP 1) = (5P forpl < x < pM

(P Py’
(PI"U — x)/ (P_I"U — P_I"M),for PI"M < x
< P_I"UO, otherwise} (14)
3. Fuzzy Renewable Generation:
p{Te‘fl} = (P{l;“en}' P{A:en}' P{Zen}) (15)

4. Membership Function for Renewable Generation:

X = Pl;"en
Heren}) = {Mf OT Plromy < X

P{Ten}_ P{Ten}

< {ren} (P{Ten} )

< , for P
(P{ren} P{ren}) {Ten}
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< Plony O, otherwise}

5. Fuzzy Market Price:
~t = (ab,7aM,nY)

6. Membership Function for Market Price:

p M) = (G fornt < x

(U — x) / (n"U — nAM),for
n U0, otherwise}

7.  Fuzzy Load Balance Constraint:

% g = 2 vpp + Prossio
=130 {J—l}{lj}(t)
8. Fuzzy Generation Limits:
{min} {max}
Py < Ppm < P

9.  Objective Function:

minZ = Z{t 1}2 {Ng}zc( {gl}(t))

10. Fuzzy Ramp Rate Constraint:
Pgae = Prgpce-nl < Rgy

11. Fuzzy Storage Dynamics:
Es) = Ese-n + EcPeoy — (

12.  Fuzzy Reserve Margin:

Eq

th@} plmax} _ 37—

=1} {gz} {i=1}{ %g R{margin}

{g

II1. Fuzzy Optimization Techniques
A. Overview of fuzzy optimization methods

Pace

1865

(16)

(17)

(18)

(19)

(20)

21)

(22)

(23)

24

Fuzzy optimisation includes methods such as fuzzy linear programming,
which deals with linear issues involving fuzzy parameters; fuzzy nonlinear
programming, which handles nonlinear relationships when there is doubt; and
fuzzy multi-objective optimisation, which combines several goals that are at

odds with each other at the same time [10].
1. Fuzzy Linear Programming (FLP) Objective:
maxZ = C - %
2. FLP Constraints:
Ax<b

(25)

(26)
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3. Fuzzy Variables:
= (x4, %%, ..., x0),% =0 27
4. Membership Function for Objective:
#{Z}(z) = {0' ifZ < 'if Zmins Z < Zmaxl:ifz = Zmax}

Zmin(z = Zmin)

(Zmax _Zmin)

(28)
5. Nonlinear Programming (FNLP) Objective:
maxZ = f(X) (29)
6.  FNLP Constraints:
g(x)<0,i=1,..,m (30)
7. Fuzzy Multi-Objective Programming (FMOP) Vector Objective:
maxZ = (f1(X), F2(%), ., fxo) (31)
8. Fuzzy Multi-Objective Constraints:
gx)<0,j=1..p (32)
9. Aggregated Membership Function for Objectives:
Kzyco = Mg << B7 ) (i00) (33)
10. Weighted Sum Method for FMOP:
k
max Y-1) W7} (Fieo) (34
11. Fuzzy Constraint Satisfaction:
) > aj=1..p (35)
12.  Overall Degree of Satisfaction:
max a subject to Bl (i) = @ and )00 = a (36)

B. Algorithmic approach to solving the fuzzy optimization problem

Using ranking or defuzzification methods, the mathematical technique
turns fuzzy limits and goals into similar clear forms. Then, iterative solvers find
the best solutions to the changed problems by looking into all the possible ones.
Combining metaheuristics and classical algorithms in hybrid methods improves
convergence and solution quality, which is a good way to deal with the
uncertainty and complexity of smart grid optimisation tasks [11], [12].

1. Initialize Variables and Parameters:

x{(O)}’ t=0, @} = ¢ (37)
2. Define Membership Functions for Objectives and Constraints:

K7 (@3 Byg () (38)

3. Calculate Overall Satisfaction Level:

a{(t)} = min {minl ,Ll{fl}(x{(t)}) f mln] ,Ll{gj}(x{(t)})} (39)
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4.  Check Stopping Criteria:

if |al® — oD} < ¢ stop (40)
5. Update Decision Variables:
Palaa D e () Sy PR (41)
6. Compute Gradient or Direction Vector:
Axt@®) = _V(I)(x{(t)}) (42)
7.  Line Search for Step Size:
MO = arg max; a(x(®) + 2 4x(®3) (43)
8.  Update Variables Using Step Size:
x (D) = () 4 {@)ax®) (44)
9.  Project onto Feasible Region:
XD} = H{feasibze}(x{(”l)}) (45)
IV. Result and Analysis

The results shown in Table 1 show how well deterministic and fuzzy
optimisation work for organizing resources in smart grids. The fuzzy
optimisation method increases the use of renewable energy by 12.9%, showing
better blending of changeable renewable sources.

Table 1
Resource Scheduling Evaluation
Parameter Deterministic Fuzzy
Approach Optimization
Renewable Energy Utilization (%) 68.5 814
Cost Savings (%) 10.2 18.7
Demand Response Effectiveness (%) 72.9 87.3
Solution Robustness Score (0-1) 0.72 0.89

Also, cost cuts go up a lot, from 10.2% to 18.7%, which is good for the
economy. The efficiency of demand response goes up from 72.9% to 87.3%,
which shows that handling loads is now more flexible. Also, the solution
resilience score goes up from 0.72 to 0.89, which means that schedule choices
are more stable and reliable when there is doubt. Figure 2 compares
performance metrics between deterministic and fuzzy optimization method.

This shows that fuzzy optimisation is better at adapting to complex smart
grid settings.

V. Conclusion

This research shows that fuzzy optimisation methods can help smart grids
deal with difficult resource sharing problems. Fuzzy modelling is used to
include unknowns in load demand, green production, and market prices. This
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Figure 2
Performance Comparison of Deterministic vs. Fuzzy Optimization Approaches

makes the proposed framework a reasonable and adaptable way to make
decisions. Fuzzy linear, nonlinear, and multi-objective optimisation methods can
be combined to handle clashing goals and inaccurate data that come up in smart
grid operations more effectively. The computational solutions that were made
make the grid more stable, the economy more efficient, and the use of green
energy more common. Overall, fuzzy optimisation looks like a useful tool for
improving smart grids' clever resource management and helping to keep energy
systems stable and sustainable even as the world becomes less certain.

References

[1] M. Abdel-Nasser, K. Mahmoud, and M. Lehtonen, “Reliable solar ir-
radiance forecasting approach based on Choquet integral and deep
LSTMs,” IEEE Trans. Ind. Informatics, vol. 17, no. 3, pp. 1873-1881
(2021).

[2] H. Hassani, R. Razavi-Far, and M. Saif, “Fault location in smart grids
through multicriteria analysis of group decision support systems,”
IEEE Trans. Ind. Informatics, vol. 16, no. 11, pp. 7318-7327 (2020).



MANAGING RESOURCES IN SMART GRIDS 1869

(3]

[4]

[5]

(6]

[7]

(8]

[9]

(10]

(11]

(12]

N. Shao, Q. Chen, Y. Dong, W. Ding, and L. Wang, “Power system
fault diagnosis method based on intuitionistic fuzzy sets and inci-
dence matrices,” IEEE Trans. Power Delivery, vol. 38, no. 6, pp. 3924—
3938 (2023).

P. Powroznik and P. Szcze$niak, “Energy management of home de-
vices with smart response for the energy generation profile,” IEEE
Trans. Ind. Informatics, vol. 20, no. 8, pp. 6995-7007 (2024).

C. Madhu and M. S. Sudhakar, “An interpretable fuzzy graph learn-
ing for label propagation assisting data classification,” IEEE Trans.
Fuzzy Systems, vol. 32, no. 3, pp. 1331-1345 (2024).

N. R. Chowdhury, J. Belikov, Y. Beck, Y. Levron, and D. Baimel, “The
role of storage degradation in energy management problems: An op-
timal control perspective,” |. Energy Storage, vol. 67, Art. no. 107412
(2023).

H. Song, C. Liu, A. M. Amani, M. Gu, M. Jalili, L. Meegahapola, X.
Yu, and G. Dickeson, “Smart optimization in battery energy storage
systems: An overview,” Energy Al, vol. 17, Art. no. 100378 (2024).

A. El Zerk and M. Ouassaid, “Real-time fuzzy logic-based energy
management system for microgrid using hardware in the loop,” En-
ergies, vol. 16, no. 5, Art. no. 2244 (2023).

F. Harrou, F. Kadri, and Y. Sun, “Forecasting of photovoltaic solar
power production using LSTM approach,” in Advances in Statistical
Modeling, Forecasting and Fault Detection in Renewable Energy Systems,
vol. 3, pp. 1-16 (2020).

X. Wen, J. Liao, Q. Niu, N. Shen, and Y. Bao, “Deep learning-driven
hybrid model for short-term load forecasting and smart grid infor-
mation management,” Scientific Reports, vol. 14, Art. no. 13720 (2024).

L. Mohan, M. Venkataraman, and K. Thilagavathi, “Investigating
utilizations of harmonic univalent functions employing the Prabha-
kar fractional operator within specific categories,” J. Interdisciplinary
Mathematics, vol. 27, no. 5, pp. 1099-1108 (2024).

C. D. Kokane, S. D. Babar, P. N. Mahalle, and S. P. Patil, “Word sense
disambiguation: Mathematical modelling of adaptive word embed-
ding technique for word vector,” |. Interdisciplinary Mathematics, vol.
26, no. 3, pp. 475482 (2023).

Received April, 2025



