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Abstract

This paper represent the fuzzy control systems can be used in automobile engineering
to improve important parts of a car like the engine’s performance, gas mileage, and stability
control. In this study, a fuzzy control system for automobile uses is created by using
fuzzy logic’s built-in ability to deal with uncertainty and nonlinearities. Using advanced
optimization methods like genetic algorithms and particle swarm optimization together
improves the accuracy of control and the flexibility of the system even more. The approach
shows big changes in how well controls work in different kinds of situations. To make car
systems more reliable and efficient, the results show that fuzzy control systems mixed with
optimization methods work well.

Subject Classification: 03B52.

Keywords: Fuzzy control, Automotive optimization, Genetic algorithms, Particle swarm optimization,
System stability.

L. Introduction

Automotive tech has changed quickly as people want safer, more fuel-
efficient, and better performing cars. The intrinsic errors and complex dynamics
in car systems make it hard for traditional control systems, which are often built
on accurate mathematical models, to deal with them [1]. Changes in the
surroundings, wear on the parts, and driver behaviour make these problems
more complicated, which makes normal control methods less useful. Fuzzy
control systems are a hopeful option because they work like humans do when
they think and make decisions, so they can handle vague and unclear data well
[2]. Fuzzy logic controls describe complicated systems without needing accurate
mathematical representations. They do this by using language factors and rule-
based reasoning. Because it is so flexible, fuzzy control is great for use in cars
for things like managing the engine, controlling how much gas the car uses, and
keeping the car stable [3]. But making a fuzzy control system that works well
involves carefully setting membership functions and rule sets, which can take a
lot of time and lead to performance that isn't as good as it could be. Adding
optimization methods like genetic algorithms and particle swarm optimization to
fuzzy control has become popular as a way to deal with these problems [4], [5].
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These metaheuristic methods help simplify the setting process, which makes the
controller more accurate and the system more stable [6], [7].

II. Fuzzy Control System Fundamentals

Fuzzy control systems use language factors and membership functions
along with fuzzy logic to deal with doubt and imperfect thinking. Figure 1
shows multicolor diagram illustrating key components of fuzzy control system

(81, [9].

Fuzzification
Fuzzy Defuzzification
Input Variables
¥ Defuzzification
Fuzzy Inference
Fuzzy Rules
> Fuzzy Output
Variables

A

Fuzzy Control System Ij

Figure 1
Overview of Fuzzy Control System Components

They use a set of if-then rules to connect inputs and outputs, which lets we
handle complicated, nonlinear systems without having to use exact mathematical
models. Because they are so flexible, they are perfect for use in automobile
settings that are always changing and unsure [10], [11].

Fuzzification of Input Variables
Haco: X = [0,1] (1)
Membership function p A(x) maps a crisp input x to a fuzzy degree of
belonging between 0 and 1.
Equation 2: Fuzzy Set Definition
A= {(xuA)|x € X} 2
Fuzzy set A is defined by all elements x with their membership degrees
p_A(x) in the universe X.
Equation 3: Fuzzy Rule Base (If-Then Rules)
R;: If xyis Aiand ... theny is B!
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Each fuzzy rule relates fuzzy input conditions A!, ... to a fuzzy output set
B/

Equation 4: Rule Activation (Firing Strength)
w; = min ( “{Ai}(xl)'M{Aiz}(xz)‘ ) 3)

The firing strength w i is the minimum membership degree of all input
conditions for rule i.

Equation 5: Aggregation of Rule Outputs
iy = max; (Wi A fypiye,) @)

Aggregate output membership p B(y) is the maximum of all rule
consequents clipped by their firing strengths.

Equation 6: Defuzzification (Centroid Method)

_ (I #BG)ay) 5)
( f #B(y)dy)
Defuzzified output y* is the centroid of the aggregated output fuzzy set,
converting fuzzy output to a crisp value.

y*

Equation 7: Fuzzy Inference Function
fr(x1,x2,...) = y=*

The fuzzy inference maps input variables x_1, x_2, ... to a crisp output y*
through fuzzy reasoning.

Membership Function Example (Gaussian)

(x - ¢)?
Uax) = €Xp ( ot ) (6)

Gaussian membership functions model smooth fuzzy sets using center c
and width o parameters.

Rule Base Output Combination
_ 23’:1}( Wiyi)
2g=1}wi

(7

Weighted average output uses firing strengths w_i and rule outputs y i for
defuzzification in Takagi-Sugeno systems.

Equation 10: Error Signal for Controller Tuning

e(®) = r®) - y© ®)
Error e(t) is the difference between desired reference r(t) and system output
y(t), used for optimization.
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II1. Methodology

A. Selection of automotive control problem(s) for optimization

Engine performance, fuel economy, and stability control are some of the
most important vehicle control problems that are being looked at [12], [13].
These places have a big effect on the safety, pollution, and costs of running a
car. By choosing these problems, focused optimisation with fuzzy control can be
used to deal with nonlinear dynamics and errors [14].

Define Input Variables
X = {x;, x5, ., X}

Input vector X represents sensor or system measurements such as speed,
temperature, and throttle position for automotive control.

Equation 12: Define Output Variables

Y o= {y1,¥2, e, Y}
Output vector Y contains control signals like fuel injection rate, ignition
timing, or braking force for optimization.

Define Membership Functions for Inputs
Hiajep: Xi = [0,1] )
Each input x i maps to fuzzy sets A j through membership functions
quantifying the degree of belonging.
Define Membership Functions for Outputs
Hzop: Y= [0,1] (10)

Output variables are fuzzified similarly using membership functions
defining control levels (e.g., low, medium, high).

Construct Fuzzy Rule Base
R,:If x,is Aland ... then y,is B

Rules link fuzzy input conditions to fuzzy output conclusions, representing
expert knowledge for system control.

Compute Rule Firing Strength
w, = min; 4T} xp) (11)
Rule activation w_r is the minimum membership among all inputs in the
antecedent part of rule r.
Evaluate Rule Output
wern ) = wr A Wgryep

Output membership function clipped by firing strength gives fuzzy control
output from each rule.
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Aggregate Outputs
KBy = maxy tipr (v) (12)

Aggregate all rule outputs per output variable by taking the maximum
membership across rules.

Defuzzification (Centroid Method)

(Jymisiay)
)

Convert fuzzy outputs to crisp values by calculating centroid of aggregated
membership functions.

Formulate Objective Function for Optimization
J =2 {t=1"T||y(t) — y_desired(t) ||"2

Objective function J quantifies deviation between actual and desired
outputs over time for performance optimization.

Initialize Optimization Algorithm (e.g., GA, PSO)

P(0) = {py, P2 - DN}

Initialize population or particles representing candidate parameters like
membership functions and rule weights.

Update Parameters Using Optimization
p** = UpdateRule(pl)

Parameters updated iteratively using genetic operators or swarm
movements to minimize the objective function.

Implement Optimized Fuzzy Controller
&y

Optimized fuzzy control function f** maps inputs X to crisp outputs Y**,
applied for automotive control.

IV. Optimization techniques integrated with fuzzy control

Fuzzy control is improved by optimization algorithms that automatically
tune membership functions and rule sets. Two examples are genetic algorithms
and particle swarm optimisation. These methods that are based on biology
quickly look through solution spaces to find the best parameters.

e  Define Parameter Vector for Fuzzy Controller
b= [pl' b2, ""pd]

Parameter vector p includes fuzzy membership function parameters and
rule weights to be optimized.
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e  Define Objective Function to Minimize

J) = Z{t=1}"T || y_desired(t) — y_p(t) ||"2
Objective function J(p) quantifies the error between desired output and
fuzzy controller output with parameters p.

e  [Initialize Population (GA) or Swarm (PSO)
P(0) = {p{“’)}, pl©@, "_’pl{v(on}

Initialize N candidate solutions p_i"(0) randomly to explore the solution
space.

e  Evaluate Fitness of Each Candidate
flo 1
(1))
Fitness f i"(k) inversely relates to error J, higher fitness means better
solution at iteration k.
e  Genetic Algorithm — Selection Operator
S = Select(P{(k)},f{(k)})
Select candidate solutions probabilistically based on fitness for
reproduction.
e  Genetic Algorithm — Crossover Operator

pl**) = Crossover (pc{l(k)}, p,{)(k)})

Combine pairs of parent vectors p_a, p_b to produce offspring, promoting
diversity.
e  Genetic Algorithm — Mutation Operator
P} = 0D} | 5 5N (0, ?)
Add small random perturbations 6 to offspring to maintain genetic
diversity.
e  Particle Swarm Optimization — Velocity Update
k k k
P4 =l g e (s — )

k
T+ Co1y (p{globalbest} - pi{( )})

Velocity v_i updated using inertia w, cognitive ¢ 1, and social ¢ 2
components with random factorsr 1,r 2.
e  Particle Swarm Optimization — Position Update

k+1 k k+1
PG} _ (00} | Ges)

Candidate solution p_i updated by moving along velocity vector v_i.
e  Convergence Criterion

; {3
StOp lf mlaxfl = fth‘resholdor k = kmax
planation: Terminate optimization when best fitness exceeds threshold or

maximum iterations reached.
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V. Discussion

The fuzzy control system that was put in place and improved with genetic
algorithms and particle swarm optimization led to better engine performance,
more fuel economy, and more stable car operation.

Table 1
Performance Metrics of Fuzzy Control System with and without Optimization
Metric Without Optimization (%) With Optimization (%)
Engine Performance 82.5 91.3
Fuel Efficiency 75.8 88.7
Stability Control 79.2 90.1
Response Time (ms) 210 165

When fuzzy control systems are optimised, Table 1 shows that key
measures for automobile control get better. The performance of the engine went
up from 82.5% to 91.3%, and the fuel economy went up from 75.8% to 88.7%.
Figure 2 shows optimization significantly improves fuzzy control system
performance metrics.

Engine Performance Fuel Efficiency
250 250
200} 200
g g
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4] : o
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Figure 2

Impact of Optimization on System Performance Metrics

A rise from 79.2% to 90.1% was also seen in stability control.

VI. Conclusion

This study successfully showed that using fuzzy control systems to solve
problems in automobile engineering can be very helpful. The suggested
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framework made control much more accurate and the system more reliable by
mixing fuzzy logic's ability to deal with doubt with advanced optimisation
algorithms such as genetic algorithms and particle swarm optimisation. The
optimised fuzzy processor made the engine run better, use less gas, and keep the
car stable in a variety of situations. These findings show that combining fuzzy
control with evolutionary optimisation could help fix the nonlinearities and
unknowns that are common in car systems.

References

(1]

(2]

(3]

[4]

[5]

[6]

[7]

(8]

9]

M. Yucesan, V. Bashan, H. Demirel, and M. Gul, “An interval type-2
fuzzy enhanced best-worst method for the evaluation of ship diesel
generator failures,” Ocean Eng., vol. 138, p. 106428 (2022).

B. O. Ceylan, “Shipboard compressor system risk analysis by using
rule-based fuzzy FMEA for preventing major marine accidents,” Mar.
Syst. Technol., vol. 272, p. 113888 (2023).

R.S. Gaonkar and S. P. Pai, “Risk assessment of starting air system of
marine diesel engine using fuzzy failure mode and effects analysis,”
Syst. Assur., pp. 51-66 (2022).

M. Tavana and V. Hajipour, “A practical review and taxonomy of
fuzzy expert systems: Methods and applications,” Benchmarking, vol.
27, pp- 81-136 (2020).

F.]. A. Garcia and D. R. Salgado, “Analysis of the influence of com-
ponent type and operating condition on the selection of preven-
tive maintenance strategy in multistage industrial machines: A case
study,” Machines, vol. 10, p. 385 (2022).

Z. Lu, C. Zhang, F. Xu, Z. Wang, and L. Wang, “Fault detection for
interval type-2 TS fuzzy networked systems via event-triggered con-
trol,” Machines, vol. 10, p. 347 (2022).

M. Straka, “Design of a computer-aided location expert system based
on a mathematical approach,” Mathematics, vol. 9, p. 1052 (2021).

S. M. S. Mahmud, L. Ferreira, S. Hoque, and A. Tavassoli, “Micro-
simulation modelling for traffic safety: A review and potential appli-
cation to heterogeneous traffic environment,” IATSS Res., vol. 43, pp.
27-36 (2019).

Z.Yi, W. Lu, X. Qu, J. Gan, L. Li, and B. Ran, “A bidirectional car-
following model considering distance balance between adjacent ve-
hicles,” Phys. A Stat. Mech. Its Appl., vol. 603, p. 127606 (2022).



1860 M. K. ASSUDANI ET AL.

[10] Z. Yuan, T. Wang, J. Zhang, and S. Li, “Influences of dynamic safe
headway on car-following behavior,” Phys. A Stat. Mech. Its Appl., vol.
591, p. 126697 (2022).

[11] X. Wen, Z. Cui, and S. Jiana, “Characterizing car-following behav-
iors of human drivers when following automated vehicles using real-
world dataset,” Accid. Anal. Prev., vol. 172, p. 106689 (2022).

[12] A. Godbole, R. Dhabliya, V. Deshpande, S. A. Sivakumar, B. M.
Shankar, and V. Khetani, “Ethical hacking and penetration testing
strengthening cybersecurity posture through offensive security mea-
sures,” J. Discrete Math. Sci. Cryptogr., vol. 27, no. 4, pp. 1295-1305
(2024).

[13] P. Sahane, M. Gulhane, N. Rakesh, S. M. M. Naidu, M. Grover, and V.
Mahajan, “Evaluating lightweight encryption schemes for resource-
constrained devices in wireless sensor networks,” J. Discrete Math.
Sci. Cryptogr., vol. 28, no. 5-A, pp. 1803-1812 (2025).

[14] S. Deshmukh, B. Tiple, G. T. Chavan, M. Phatak, G. Gondhalekar, and
R. B. Raut, “Exploring alternative techniques for accelerating deep

learning convergence for batch normalization,” J. Inf. Optim. Sci., vol.
46, no. 4-B, pp. 1165-1175 (2025).

Received April, 2025



