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ABSTRACT: Liquid level management is a crucial but difficult task in industrial process control because liquid storage systems are
characterized by their nonlinear dynamics, parameter uncertainties and exogenous disturbances. Normal Proportional—-integral—-
derivative (PID) controllers usually encounter complications with nonlinear processes, contributing to an extensive settling time,
overshoot and tracking accuracy. This paper demonstrates the design and tuning of a Fuzzy PID controller using particle swarm
optimization (PSO) for build-up performance enhancement of MATLAB/Simulink based nonlinearly connected liquid-level control
system. This method exploits the flexibility of fuzzy logic, leveraging to an automated determination of the best parameters
controller by means of a PSO algorithm that utilizes global optimization techniques. Nonlinear mathematical model of the liquid-
level system is developed, and traditional PID, fuzzy PID and PSO-optimized fuzzy PID were implemented in all mentioned cases
under same working conditions. The performance of the controllers was evaluated based on overall time-domain characteristics
and standard metrics like rise time, settling time, overshoot (0OS), steady state error and Integral Error Criteria: IAE [21],
ISE[22],ITAE[24],RMSE. Simulation results also show that the Fuzzy PID controller is excellent in dynamic performance with
optimization of PSO. Experimental results show that it can achieve faster response time, less overshoot, better steady-state
accuracy, smaller control signal variation and improved robustness against uncertainties in parameters as well as external
disturbances. The results indicate that the fuzzy logic and Particle Swarm Optimization combination is an effective, reliable
intelligent control strategy for nonlinear liquid level systems with practical applications in advanced industrial process control.

KEYWORDS: Liquid level control, Fuzzy PID controller, Particle Swarm Optimization (PSO), MATLAB/Simulink, nonlinear control
systems, intelligent control, process control.

1. INTRODUCTION

1.1 Industrial Process Control and the Importance of Liquid Level Control

Industrial process control is a crucial component of modern manufacturing and automation. The demand for improved
productivity, superior product quality, increase safety and decrease power consumption has compelled industries to rely on
advanced automatic control systems [1], [2], [3]. Liquid level is one of the prominent factors in industrial processes, which has a
great impact on equipment operation stability [4], process efficiency and product quality [5]. Liquid-level control systems have
been implemented in a number of applications including chemical plants, petroleum refineries, water treatment facilities, thermal
power stations and pharmaceutical manufacturing to food processing [6], softmusic.net|7]],[[8]1[1] A liquid tank might have a
simple physical design, but its dynamics are nonlinear due to the flow from outlet and height of the output. While designing the
controller is complicated due to challenges of parameter uncertainty, sensor noise, actuator limitations and being subjected to
external disturbances [9], [10], [11]. Therefore, with the attempt of enhancing system robustness and dynamic performance [12],
[13], [14] intelligent control strategies have drawn a lot attention.

1.2 Traditional PID Controllers and Their Limitations

Since the Proportional-integral-derivative (PID) controller is a simple, robust and easy to configure tool it finds widespread use in
total adjustable process control as realized within countless industrial environments [15]. But conventional PID controllers are
usually designed by constant parameters and lineary assumption, since they have limited performance in terms of handling
nonlinear time-varying processes [16], [17]. In liquid-level systems, inadequate PID tuning can cause overshooting, oscillations with
long settling times, and poor disturbance rejection [18]. This situation has led to researches on intelligent control techniques which
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can adapt to nonlinear working conditions [19].

1.3 Intelligent Control Techniques

Now a days FLCs are practical methods of dealing with nonlinear systems due to the removal of an exact mathematical model and
they act like human thinking using linguistic rules [7], [20]. However, the effectiveness of FLCs depends on finding appropriate
membership functions, scaling factors and rule bases (usually computed by trial-and-error approaches [21]).

1.4 Particle Swarm Optimization

One of the commonly used methods in tuning controllers is Particle Swarm Optimization (PSO). This is because its simple
architecture, fast convergence properties and the potential for global search make it a great choice when optimizing controller
parameters [2]. When combined with a fuzzy-PID controller, PSO brings significant improvements to the transient response and
robustness in both cases [22], [23], [24].

1.5 Research Gap and Contributions

Numerous studies have been conducted that address PID, Fuzzy Logic & PSO separately [24],[25], however even fewer attempts
have combined these three strategies into an integrated controller for nonlinear liquid level systems with a comprehensive
evaluation of the performance in different operating conditions. Thus, it presents the PSO-Optimized Fuzzy PID controller designed
on MATLAB/Simulink and its comparison with normal PID-controller & standalone Knowledge based Adaptive Controller using
various transient as well integral performance indices [23], [24]. The study develops a single intelligent controller that utilizes PID,
Fuzzy Logic and PSO together which is evaluated under several different operating conditions.

2. LITERATURE REVIEW

2.1 Liquid Level Control

Liquid-level control systems are extensively used in industrial environments because they are essential for maintaining process
stability, safety, and the quality of products. Due to their nonlinear flow properties, these systems are ideal for evaluating
sophisticated control algorithms [1], [2], [3], [4].

2.2 Conventional PID Controllers

While PID controllers perform well with linear systems, they exhibit decreased robustness when dealing with nonlinear processes
and parameter uncertainties [5], [6], [7], [8].

2.3 Fuzzy Logic Controllers

Fuzzy Logic Controllers enhance robustness by using linguistic rules instead of exact mathematical models, making them well-
suited for nonlinear industrial systems [9], [10], [11], [12].

2.4 Optimization Algorithms

Metaheuristic algorithms, including GA, DE, GWO, and PSO, are extensively employed for optimizing controller parameters [10].
Notably, PSO achieves a remarkable equilibrium between the speed of convergence and computational efficiency [13], [14], [15],
[16], [17].

2.5 Hybrid Intelligent Controllers

Hybrid Fuzzy-PID controllers optimized by PSO have demonstrated superior performance in terms of overshoot reduction,
disturbance rejection, and tracking accuracy [18], [19], [20].

3. MATHEMATICAL MODELING OF THE LIQUID LEVEL SYSTEM

3.1 Tank Dynamics

The mathematical model was derived using the law of conservation of mass as follows:
Rate of accumulation = Inflow rate - Outflow rate

For a tank with a cross-sectional area, the accumulated liquid volume is expressed as

V(t) = Ah(t)
Therefore:
dv(t)y  dh(p)
Sdt U dt
The dynamic equation of the tank becomes:
ARO 49— a,0

where:
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Ais the cross-sectional area of the tank,
h(b)is the liquid level,

g;(t)is the inlet flow rate,

g, (Dis the outlet flow rate.

3.2 Outlet Flow Equation
For a liquid tank, the outlet flow is nonlinear and can be expressed as:

q;(t) = ay'h(t)
where is the outlet valve constant, respectively. Substituting this equation into the tank model yields
dh(t)

AT = q;(t) —ayh(D
or:

d(y 1
TR A(Qi(t) ayh(D)

This equation represents a nonlinear mathematical model of the liquid-level system.

3.3 Linearized Model
For controller design and comparison, the nonlinear model can be linearized around a nominal operating point (Hy’ Q). At
steady state:

Let:
H(t) = Hy + Ah(t)
qi (1) = Qo + Aq;(V)
After linearization, the small-signal model becomes:

dAh(t) a
A = Aq;(t) — Ah(t)
dt % 2./H,
Therefore:
dAh(t) a
A + Ah(t) = Aq;(t
G g = A4
3.4 Transfer Function
Taking the Laplace transform gives:
a
AAH(s) + AH(s) = AQ;(s)

2,

G(s) =
) s+1
where:
K= 2./H,
a
2A\/H,
=
a
3.5 MATLAB/Simulink Model Parameters
For simulation purposes, the following parameters can be used:
Parameter Description Value
A Tank cross-sectional area 22 cm?
a Outlet valve constant 3
b Pump gain 6
HO Nominal liquid level 1m

If the pump voltage V(t)is considered as the control input, the inlet flow can be written as:
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q;(t) = bV(t)

Then the nonlinear model becomes:

A% = bV(t) — a/h(0)

dh(t) bV(t) —a,/h(t)
dt A
This final equation can be directly implemented in MATLAB/Simulink using basic blocks such as Gain, Sum, Sqrt, Integrator, and

Saturation.

3.6 State-Space Representation

The system can also be represented in state-space form by selecting the liquid level as the state variable:
x(t) = h(t)

The nonlinear state equation becomes:

bV(t) —ayx(t)

x(H) = ———
The output equation is:
y(®) = x(t)
thus:
x(t) = f(x,u)
y(®) =x(t)

where u(t) = V(t)is the pump voltage input and y(t) = h(t)is the measured liquid level.

3.7 Summary

The derived mathematical model shows that the liquid-level system is nonlinear owing to the square-root relationship between
the outlet flow and liquid height. This nonlinearity renders the system suitable for evaluating intelligent control strategies. In this
study, the nonlinear model was implemented in MATLAB/Simulink and controlled using PID, Fuzzy Logic, and the proposed PSO-
Optimized Fuzzy PID controller.

4. CONTROLLER DESIGN
4.1 PID Controller Design
A Proportional-integral-derivative (PID) controller was used as the baseline controller in this study. It was selected because of its
simple structure, wide industrial use, and ease of implementation. The PID controller generates a control signal based on the error
between the desired and actual measured liquid levels.
The control error is defined as:
e(t) =r(t) —h(

where r(t)is the reference liquid level and h(t)is the actual liquid level.
The PID control law is given by:
de(t)

dt

u(®) = Kye(t) + K; f e (Hdt + K,

where K, K;, and Kqare the proportional, integral, and derivative gains, respectively.

The proportional term improves the speed of response, the integral term reduces the steady-state error, and the derivative term
improves the damping and reduces the oscillations. However, the fixed parameters of the PID controller may not provide
satisfactory performance for nonlinear liquid level systems under changing operating conditions [1], [2], [3].

IJMRA, Volume 09 Issue 09 September 2026 www.ijmra.in Page 5561


http://www.ijmra.in/

Performance Enhancement of Liquid Level Control System Using PSO-Optimized Fuzzy PID Controller in MATLAB/
Simulink

r(t) e(t) u(t) 1 h(t)
| PID(s) > N
s2+3s+2
Step PID Controller Plant (Liquid Tank) Seone

Transport Delay

Figure 4.1 PID Controller Block Diagram

4.2 Fuzzy Logic Controller Design
A Fuzzy Logic Controller was developed to enhance the nonlinear control capabilities of the liquid level system. In contrast to the
PID controller, the fuzzy controller operates without needing a precise mathematical model of the plant. It relies on linguistic rules
derived from the system's behavior instead.
In this study, the fuzzy controller uses two input variables.
e(t) =r(t) —h(t)

Ae(t) =e(t)—e(t—1)
where e(t)represents the level error and Ae(t)represents the change of error.
The output of the fuzzy controller is the control signal u(t), which controls the inlet flow rate or pump voltage. The fuzzy logic
controller consists of four main stages: fuzzification, rule base, inference engine, and defuzzification.

Fuzzy Logic Controller

Fuzzy Inference System
Input 1
e(t)
il Error @ P ruteBase | | inference | | Pefuzzification Output (:,(,20,
b o ,,Q— i P e [ e |of 0 O L S
Desiealane _ Input 2 vV Y\ Rules) (Mamdani) Control :

P e > | LAAN y - fEl !

1 1

! |

d/dt
Ae(t)
Change of Error
»(1) S
Liquid Level Process
Measured Level (Tank System)
Figure 4.2 Fuzzy Logic Controller Structure

Linguistic terms Description Variable
NB, NS, Z, PS, PB Error e(t)
NB, NS, Z, PS, PB Change of error Ae(t)
NB, NS, Z, PS, PB Control signal u(t)

4.3 Particle Swarm Optimization Design
To enhance the performance of the controller, Particle Swarm Optimization is used to automatically adjust its parameters. PSO, an
optimization algorithm based on population, draws inspiration from the social behavior of birds and fish. In this method, each
particle signifies a potential solution, and they navigate the search space to identify the optimal controller parameters. In this
study, PSO was used to optimize the parameters of the Fuzzy-PID controller. The optimization objective was to minimize the
tracking error and improve the transient response. The velocity and position of each particle are updated as follows:

vi**1 = wvk + ¢ 1y (pbest; — x¥) + ¢ 1, (gbest — x¥)

XK+ = xK 4 vkt

where wis the inertia weight, c;and c,are acceleration coefficients, r;and ryare random numbers, pbest is the personal best
solution, and gbestis the global best solution.The fitness function can be defined using the Integral Time Absolute Error

IJMRA, Volume 09 Issue 09 September 2026 www.ijmra.in Page 5562


http://www.ijmra.in/

Performance Enhancement of Liquid Level Control System Using PSO-Optimized Fuzzy PID Controller in MATLAB/
Simulink

T
] = ITAE = Kif tle(t)|dt
0
The smaller the value of ], the better the controller performance

1. Initialize PSO Parameters
¢ Population size (N)
* Maximum iterations (MaxIter)
¢ Inertia weight (w)
* Acceleration coefficients (¢y, ¢;)
¢ Maximum and minimum velocity (Vinax, Vinin)
¥ P
2. Initialize Particle Swarm : Notation \|
 Randomly initialize particle positions x{ I :
« Randomly initialize particle velocities v{ : x{ : Position of particle i !
(i=12,..,N) : at iteration k :
¢ Set iteration counter k = 0 : Vik i Valisctiyof patticie :
Y : at iteration k :
3. Evaluate Objective Function : |
* For each particle, run the Simulink model 4 | pbest;: Personal best position |
« Compute fitness value /¥ (e.g., ITAE) fii : of particle i :
¢ The performance index : minimized : gbest : Global best position :
| T |
4. Update Personal Best | Ji :Fitness value of i
For each particle i : particle i at iteration k :
If J¥ < pbest; | ;
then pbest, = x} and pbest_fit; = J¥
v
5. Update Global Best
Ifany pbest_fit; < gbest_fit |
then gbest = pbest; and gbest_fit = pbest_fit; : fahe :
v ! |
2 | Minimize performance index |
Foreach particle i6° Pt Ve | (ITAE) to obtain the best '
' controller parameters: I
v:‘“ =w v{‘ + ¢,y (pbest; — xf‘) + cp1y (gbest — x,") : = Kp - |
. i I
P 7 (g | p» Ny Rd
Limit v within [Vinin, Vimax) | o K,, Kae, K, :
Y \ )
7. Update Position | | " TT7Toooomm e oo e
For each particle i
xidd =k pktt
Apply bounds on x:‘“ if necessary B e N P
\
Y | Key Features :
. |
8. ltekrahtl:n Update | v Simple and easy to implement |
Sy | v Few control parameters :
: v Fast convergence :
) N | ¥ Good global search ability |
9. Stopping Criterion No o . N
e TR

(k > MaxlIter or
|gbest_fit* — gbest_fil~!| < €)

10. Output
¢ Optimal position gbest
¢ Best fitness value gbest_fit
* Optimized controller parameters

Figure 4.3 PSO Algorithm Flowchart
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Parameter Value

Number of particles 30

Maximum iterations 50

Inertia weight 0.7

Cognitive coefficient 1.5

Social coefficient 1.5

Fitness function ITAE

4.4 Proposed PSO-Optimized Fuzzy PID Controller
The suggested controller integrates the benefits of PID control, fuzzy logic, and PSO optimization. While the PID controller offers
straightforward and efficient feedback control, the fuzzy logic controller enhances decision-making in nonlinear scenarios. PSO is
employed to automatically adjust the controller parameters, minimizing the reliance on manual trial-and-error tuning.
In the proposed structure, the fuzzy controller adjusts the PID gains according to the system error and the change in error. The
PSO algorithm optimizes the controller parameters to obtain the best possible dynamic response.
The optimized parameters may include the following:

K, K;, Kqg
or the fuzzy scaling factors:

Ket KAe' Ku
The complete optimized parameter vector can be written as:

X =K, K;, K4, K¢, Kpe, Ky

The objective of the PSO is to determine the optimal values of these parameters that minimize the fitness function and improve
the system performance

Proposed PSO-Optimized Fuzzy PID Controller

|
| PSO Optimization Algorithm
|
|
|

Initialize Evaluate Uodite Update Check
—>! ey — 1 Eifriess S — >IN :’n debest | Velocityand —  Stopping
! (ITAE) 4 & Position Criteria
B i i e o o A s e e B om0 G . A o B o B s s S ar D s S s i 8
Optimal Controller
T T e o Ty e e | Parameters
| Fuzzy PID Controller |
| |
I |
PID
r(t) — | Input 1 | Gin
Sibinie: e(t) :: e(t) Fuzzy lnferencct System : Scalin’g
Levsl _’O Error | /«X\/ (Mamdani) I and Gains
I AA\ |
X | R sosin| |
- | Fuzzification Rule Base Inference | |Defuzzification|| | u(t)
: e\ A M ar-THEN [P] Engine (Centroid) > —b e
| Input 2 //\\/ \)/ \ Rules) (Min-Max) | Control Signal
L4 > Ae(t) | LAAN : (Inlet Flow) Liquid
| AAAN | Level
[oa }— | | AGA '
= |
Ae(t) | |
R O O T T e e —
Liquid Level Process 9out
W) ™ — (Nonlinear Tank System)
easur Leve!
e e e e T S e e D e e S i e e e S
: !’ Inputs [ Fuzzy Inference System r PID Parameters | I PSO Optimization | Plant :
1

Figure 4.4 Proposed PSO-Optimized Fuzzy PID Controller

4.5 Controller Design Summary

In this study, three control strategies were considered for comparison. A PID controller was used as the conventional baseline
controller. A Fuzzy Logic Controller was used as an intelligent controller capable of handling nonlinear behavior. The proposed PSO-
Optimized Fuzzy PID controller was developed to improve system performance by combining feedback control, fuzzy reasoning,
and automatic optimization. The performance of the three controllers was evaluated in MATLAB/Simulink using the rise time,
settling time, overshoot, steady-state error, IAE, ISE, and ITAE.
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Table 1. Controller Comparison

Controller Main Advantage Main Limitation
PID Simple and widely used Sensitive to nonlinearities
Fuzzy Logic Handles nonlinear behavior Requires manual rule design
PSO-Fuzzy PID Optimized and robust More complex than PID

5. MATLAB/SIMULINK IMPLEMENTATION AND RESULTS

5.1 MATLAB/Simulink Model Development

To assess the performance of the PSO-Optimized Fuzzy PID controller, a nonlinear liquid-level control system was created and
simulated with MATLAB R2024a and Simulink. This mode provides a strategic environment for both nonlinear dynamic system
modeling and intelligent control application, especially in evaluating the performance of these controllers under diverse operating
conditions. This work focused on a liquid-level process with a single cylindrical storagetank that has an inlet flow (this could be
controlled) and outlet waterflow determined by gravity. Non-linear behavior of the plant is due to square-root dependence
between outlet flow-rate and liquid height as stated in Bernoulli’s equation. Due to these nonlinear properties, the liquid level
regulation is a multi-faceted control problem which provides an appropriate platform for testing advanced Al controllers. The
mathematical model of the liquid-level system was implemented directly in Simulink through simple functional blocks like
integrators, gain blocks, math operators and nonlinear function block. It calculates the current liquid level by integrating
instantaneously (over small intervals of time) inlets-outs flow rates. Complete Simulink model created for the proposed control
system is seen in Figure 5.1

1. Reference Signal 2. Controller (Replaceable) 3. Nonlinear Liquid Tank Model (Plant) 4. Outputs & Monitoring
| Inlet Flow
hpes(t) ' & (Manipulated)
;’ 2 e(t) Fuzzy PID | h(t) D
! Controller u(t) wlt) >
Siep (PSO Optimized) (Control Signal), Kin
) ' Sct
! (Desired Level) ! = A . l“”"
i ‘ X ,Y \ ' Inlet Flow (Level Response)
"""""""""" A Gain (K;)
. J
Scope 2
4( (Control Signal)
= e(t)
3 Qout = Kour VA(2) \ » D
1 ]
s Nonlinear Outlet Flow { Scope 3
_— (Error Signal)
- 3 Integrator
Simulation Parameters | (1/s) ! Palrmancd
¢ Tank Area (4) B e et ) Indices
ciouetme@): g3 —— — — —— — = - = - e e e e (IAE, ITAE,
. (;ltl.\'l(y ® Y(t)=h(t) i Signals H ISE, Overshoot,
o laliial Level (hg) (Measured Level) I hyey(t) : Reference liquid level i Settling Time, etc.)
« Simulation Time (T) } h(t) :Liquid level in the tank 1
+ Sample Time (T5) Sensor / Measurement ! e(t) :Errorsignal H
(Assumed Ideal) 1 de/dt :Change of error
= : v(t)  :Control signal (inlet flow command) |
! Gn  :Inlet flow rate i
'
'

Qour  : Outlet flow rate

Figure 5.1. Overall, MATLAB/Simulink model of the nonlinear liquid level control system.

The simulation model is composed of four main subsystems:
1. The Reference Signal Generator,
2. The Controller Subsystem,
3. The Nonlinear Liquid Tank Model,
4. Performance Evaluation Block.
The reference subsystem generated the desired liquid level setpoint as a unit step input. This signal represents the target level that
must be tracked accurately by the controllerThe controller subsystem varies depending on the control strategy investigated. Three
independent models were implemented to enable a fair performance comparison.
1.Conventional PID Controller
2.Fuzzy PID Controller
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3.PSO-Optimized Fuzzy PID Controller
Each controller receives an error signal
e(t) = hyee () — h(D)
together with the rate of change of the error

Ae(t) = dz(tt)

to generate an appropriate control signal for regulating the inlet flow rate.
The nonlinear plant subsystem represents the dynamics of the liquid storage tank using the mathematical model developed in
Section 3. The inlet flow was manipulated by the controller, whereas the outlet flow was determined according to a nonlinear

hydraulic relationship. The system output corresponds to the measured liquid level in the storage tank. This output is continuously
fed back to the controller, thereby forming a closed-loop system.
5.1.1 Simulink Block Organization

To improve the readability and simplify the controller replacement, the simulation model was divided into several reusable
subsystems. Figure 5.2 illustrates the internal organization of Simulink implementation. The controller subsystem can be replaced
without modifying the remaining parts of the model. Consequently, the same plant dynamics, simulation parameters, and
reference inputs were maintained throughout all experiments. This configuration guarantees that the obtained results depend
exclusively on the controller’s performance, rather than changes in the simulation environment.

(

1 Main Simulink Model }
1. Reference Signal 2. Controller Subsystem 3. Nonlinear Liquid Tank Model 4. Outputs & Monitoring
Generator (Replaceable) (Plant)
h(t)
‘ u(t) — ()
! = Fuzzy PID Controller (Control Signal) | i i o H |
i ._| (PSO Optimized > 5 p N Scope (Level)
i . . i g | (Level) | b
\ tep AAA | p—pl  u(t Performance
i 7 x < H
S ’ / | ' —_——
' (Desired Level) \ 1 h(t) ! ;D Ladices
i . i i =
! hyer () ! i (Scope (Cootml Signal) (IAE, ITAE, ISE,
‘ dowt 1§ e(t) Overshoot,
de/dt t H : | [7] Settling Time,
o ¥ a0 i ¥
(Measured Level) ' ]

[ Internal Organization of Subsystems ]

1. Reference Signal Generator 2. Controller Subsystem

(PSO-Optimized Fuzzy PID)
e Rrer (1)
37

3. Nonlinear Liquid Tank Model (Plant) 4. Outputs & Monitoring
Fuzzy Inference System

T ~ r
u(®) % | “ ;
| aaldied PP - VA —s - C]
(Mamdani) e — oy—pf—
P | © E Tank Area Integrator
ol base o Inlet Flow a/a) ‘.

l L—{—‘ = : > > Gain (Kin) | o) >

1

Step Saturation

(Desired Level) (0 = hyay) ] [l P oo Output Gout Performance Indices
de/dt L o o (i > Scaling a 4—— J2gh(t) Calculation
L = ~ L =
Outlet Area VZgh(t)
Change of Error © 9! Calculated Indices
Scaling : « IAE
ST Model Equations Parameters + ITAE
Paramctens Tunable PID Gains (optimized by PSO) . 188
+ Final value = h, dh(t) * Tank area (A)
i el — - A—r = 9n(0) = Qour(t) Oudat aons () + Overshoot
« Steptime=0s X, ] K, ] Kq ps e « Settling Time
: Gout(t) = a /2gh(t) e + Rise Time, ete.

Figure 5.2. Internal organization of the Simulink implementation.

5.1.2 Closed-Loop Configuration

A standard negative feedback configuration was adopted in this study. In a loop, the measured liquid level was compared with the
desired reference value to produce control error. This error is processed at the controller that outputs an altered inlet flow rate. A
closed-loop structure corrects disturbances and modeling uncertainties in a sustained manner while still allowing liquid-level
regulation to be stable. The closed-loop control architecture we adopt is illustrated in figure 5.3
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| l i ! ! ! I
I Step o M | Inlet Flow } I } i
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Figure 5.3. Control offered in MATLAB / Simulink model of the closed-loop control configuration.

5.1.3 Simulation Conditions

All simulations were performed with the same operating conditions in order to prepare a fair comparison of all controllers under
study. All experiments used the same simulation time, sampling frequency (1000 Hz), initial liquid level, and reference signal.
Finally, the nonlinear plant parameters correctly stayed unchanged when changing controllers. It guarantees that any improvement
in the system performance is truly due to only the proposed control strategy and not modify dynamic systems. Table 5.1 Overview
of the Key Simulation Parameters Used in this Study

Table 5.1 Simulation Parameters
5.1.4 Performance Evaluation

Parameter Symbol Value
Tank cross-sectional area A 0.05 m?
Outlet area a 0.004 m?
Initial liquid level ho 0.20m
Desired liquid level href 1.00 m
Simulation time T 30s
Sampling time Ts 0.01s
Gravity acceleration g 9.81 m/s?
MATLAB Version — MATLAB R2024a
Simulation Platform - Simulink

All controllers were assessed for their dynamic performance based on well-known conventional control engineering indices. These
measurable values, which are transient and steady state characteristics do serve to evaluate the control strategies in a
comprehensive manner. The performance indices assessed were:

1.Rise Time (Tr)

2.Peak Time (Tp)

3.Settling Time (Ts)

4.Maximum Overshoot (Mp)

5.Steady-State Error (SSE)
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6.Integral Absolute Error (IAE)

7.Integral Square Error (ISE)

8.Integral Time Absolute Error (ITAE)

9.Root Mean Square Error (RMSE)

These criteria are often used in intelligent control [3], where they help evaluate responsiveness time, oscillatory behavior, steady-
state and tracking (the ability of the feedback system to follow a demanded trajectory).

5.2 Fuzzy Logic Controller Design

Conventional PID control has a simple implementation and works well in most linear processes, making it one of the most widely
used controllers for industrial liquid-level management. However, when it comes to nonlinear systems with parameter variations,
uncertainties and external disturbances, its efficiency greatly decreases. The liquid level process is a nonlinear dynamic due to the
nonlinear outlet flow so that intelligent control methods must be utilized to improve performance of controls. To address these
challenges, a Fuzzy PID controller was developed and executed using MATLAB's Fuzzy Logic Toolbox. This fuzzy controller improves
upon the traditional PID algorithm by dynamically adjusting the controller's actions based on the system's current operating
conditions, rather than depending on fixed controller gains. Unlike traditional controllers that necessitate an accurate
mathematical model, fuzzy logic controllers emulate human reasoning by converting expert knowledge into a set of linguistic
control rules. This feature makes fuzzy control especially apt for nonlinear industrial processes, such as liquid-level management.
5.2.1 Structure of the Fuzzy Controller

The proposed fuzzy inference system consists of two input variables and one output variable, as shown in Figure 5.4

Mamdani Fuzzy PID Controller Architecture

de(t/dt
Change of Error
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Figure 5.4. Architecture of the proposed Mamdani Fuzzy PID controller.

The controller inputs are defined as follows:
e Error(e)
e(t) = h () —h(V)
where h,is the desired liquid level and hrepresents the measured liquid level.
e  Change of Error (Ae):
de(t)
dt

Ae(t) =

This reflects the dynamic behavior of control error.

The controller output corresponds to the control signal responsible for regulating the inlet flow rate supplied to the storage
tank.The proposed fuzzy controller follows the standard closed-loop configuration illustrated in the previous section, where both
input variables are continuously updated during the simulation.

IJMRA, Volume 09 Issue 09 September 2026 www.ijmra.in Page 5568


http://www.ijmra.in/

Performance Enhancement of Liquid Level Control System Using PSO-Optimized Fuzzy PID Controller in MATLAB/
Simulink

5.2.2 Membership Function Design

The performance of a fuzzy controller strongly depends on the selection of the appropriate membership functions. In this study,
symmetrical triangular membership functions were selected because of their computational simplicity, smooth transitions
between adjacent fuzzy regions, and widespread use in industrial control applications.

Each input variable was divided into seven linguistic subsets.

Negative Big (NB)

Negative Medium (NM)

Negative Small (NS)

Zero (ZE)

Positive Small (PS)

Positive Medium (PM)

Positive Big (PB)

No vk wbhe

Similarly, the controller output was represented using seven triangular membership functions that covered the entire operating
range. The selected membership functions provide smooth interpolation between neighboring fuzzy regions while ensuring
adequate controller sensitivity at the operating point.

Membership Functions of the Change of Error (de) Input

NB NM NS ZE PS PM PB

1.0 1
< 038
31 =~ NB (Negative Big)
s ~—— NM (Negative Medium)
Ec 0.6 NS (Negative Small)
a —— ZE (Zero)
= —— PS (Positive Small)
‘g 0.4 4 PM (Positive Medium)
2 —— PB (Positive Big)
§
Z 024

0 T T T T

T Y T
-1 -0.75 -0.5 -0.25 0 0.25 0.5 0.75 1
Change of Error, de

NB: Negative Big ~ NM: Negative Medi NS: Negative Small ~ ZE: Zero Range of de:
PS: Positive Small  PM: Positive Medium PB: Positive Big =1,
(Normalized)

Figure 5.5. Membership functions of the Error input.

Membership Functions of the Controller Output (u)

NB NM NS ZE PS
1.0 A
0.8 + /\ \
/ \ —— NB (Negative Big)
\ ~—— NM (Negative Medium)
0.6 / \ NS (Negative Small)
/ \ —— ZE (Zero)
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0.4 / =\ \
0.2
0 : ; , - : : , -
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Controller Output, u (Normalized)

PM (Positive Medium)

—— PB (Positive Big)

Membership Degree, u(u)

NB: Negative Big  NM: Negative Medium NS: Negative Small  ZE: Zero Range of Output (u):
[-1,1]

PS: Positive Small PM: Positive Medium PB: Positive Big
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Figure 5.6. Membership functions of the Change of Error input.
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Membership Functions of the Error (e) Input

T T T T T T

NS ZE PS PM

NB (Negative Big)

NM (Negative Medium)
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ZE (Zero)

PS (Positive Small)
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Figure 5.7. Membership functions of the controller output.

5.2.3 Fuzzy Rule Base

The fuzzy rule base represents the knowledge of an experienced process operator and defines the controller action for every
possible operating condition.

A total of 49 fuzzy IF-THEN rules were constructed using a 7 x 7 matrix.

A typical fuzzy rule can be expressed as

IF Error is

NBAND

Change of Error is

NS

THEN

Controller Output is NB

Similarly,

IF Error is

ZEAND

Change of Error is

ZE

THEN

Controller Output is ZE

These rules continuously determine the required control effort according to the current operating conditions of the plant. Table
5.2 summarizes the fuzzy rule base.

Table 5.2 Fuzzy Rule Matrix

Error \ AError NB NM NS ZE PS
NB NB NB NB NM NM
NM NB NB NM NM NS
NS NB NM NM NS ZE
ZE NM NM NS ZE PS
PS NM NS ZE PS PM
PM NS ZE PS PM PM
PB ZE PS PM PM PB
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5.2.4 Fuzzy Inference Mechanism

A Mamdani-type fuzzy inference system was selected because of its excellent capability to represent nonlinear control knowledge
using intuitive linguistic rules.The fuzzy reasoning process consists of four consecutive stages.

1. Fuzzification

2.Rule Evaluation

3.Aggregation

4. Defuzzification

During fuzzification, the crisp input variables are transformed into fuzzy linguistic values using the corresponding membership
functions. The activated fuzzy rules were subsequently evaluated using the minimum operator to determine the firing strength of
each rule. All activated outputs were then aggregated into a single fuzzy output set using the maximum operator. Finally, the
centroid (center-of-gravity) defuzzification method is employed to convert the aggregated fuzzy output into a crisp control signal
according to where represents the controller output and denotes the aggregated membership function. The centroid method was
selected because it provides smooth control actions and minimizes abrupt changes in manipulated variables.

5.2.5 Surface Analysis

To further investigate the nonlinear behavior of the designed controller, a three-dimensional control surface was generated using
the fuzzy logic toolbox of MATLAB. The control surface illustrates the relationship between the controller inputs (Error and Change
of Error) and the generated control signal. As shown in Figure 5.8, the output control action changed smoothly over the entire
operating region without discontinuities. This smooth nonlinear mapping improves system stability and reduces the oscillations,
particularly during rapid variations in the liquid level.

Three-Dimensional Control Surface of the Proposed Fuzzy Controller

3
N 0.5
= —_
g 3
£ 0 E
= )
£ 3
3' =
3
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-
-
-
£ -1
)
9]
Inputs:
0 e € [-1,1)]
de € [-1,1]
Change of Error, de 1 -1 Error, e Output:
(Normalized) (Normalized) u € [-1,1]

Figure 5.8. Three-dimensional control surface of the proposed fuzzy controller.

5.2.6 Rule Viewer Verification

The accuracy of the fuzzy inference mechanism was verified using the MATLAB Rule Viewer. The Rule Viewer provides a graphical
representation of the activated rules for different operating conditions and illustrates the corresponding defuzzied control
outputThe results obtained confirmed that the controller responded consistently to different combinations of error and change
of error while maintaining continuous and smooth control action throughout the operating range.
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Figure 5.9. MATLAB Rule Viewer of the proposed fuzzy controller
5.2.7 Summary
The developed Fuzzy PID controller efficiently combining the robustness of classical additive control with flexibility offers fuzzy
logic. The controller skillfully accommodated the nonlinearities of this liquid-level process simply by altering its control action as a
function of the actual process behavior—there was no need for an accurate mathematical model to do so. This fuzzy controller is
acting as the first intelligent controller, and after that Particle Swarm Optimization will be used to improve its performance.

5.3 Particle Swarm Optimization (PSO) of the Fuzzy PID Controller
The effectiveness of a fuzzy controller is heavily reliant on the appropriate choice of its parameters and gain factors. These
parameters are normally tuned by hand using a trial-and-error approach that is time-consuming and does not guarantee the best
solution. In order to solve this problem, Particle Swarm Optimization (PSO) was employed in a way that automatically determines
the optimal parameters of the proposed Fuzzy PID controller. Particle Swarm Optimization (PSO) is another stochastic optimization
algorithm inspired by the social behavior of birds and fish. PSO has been widely-used in modern control engineering due to its
simplicity, rapid convergence and capability of avoiding local optimal solutions. Here, each particle stands for a candidate solution
that can includes the controller parameters. In each iteration, the particles move around in search space by changing their position
based on an individual experience and a neighboring particle until achieving best solution possible.
5.3.1 Optimization Strategy
The main purpose of the optimization process was to reduce tracking error and improve transient response for a liquid-level control
system. The optimization variables included the scaling factors for controller inputs and outputs, as well as PID gains embedded in
fuzzy logic:

® Proportional gain (Kp)

e Integral gain (K;)

e Derivative gain (Ky)

e  Error scaling factor (K,)

e Change-of-error scaling factor (Kg.)

e Output scaling factor (K,)

Each particle in the swarm therefore represents the vector
X= [Kpi Ki' Kd' Ke' Kde' Ku]

where every element is continuously updated during the optimization process until the best controller configuration is obtained.
This optimization process was embedded in MATLAB to automatically evaluate each candidate solution that arose from the PSO
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through their respective Simulink model for a singular nonlinear liquid-level system

5.3.2 Objective Function

The optimization task was posed as a minimization problem to ensure fast and accurate liquid-level control. Finally, the selected
cost function was a performance index based on ITAE (Integral Time Absolute Error), which emphasizes more in tracking error
persisted over time than immediate ones.

This is what we want to optimize:

T
]= fo tle(t)|dt

Where:
e Jdenotes the fitness value,
e e(t)is the control error,
e T represents the while of the simulation.
By reducing this target, the system's settling time, steady-state error, and oscillations are reduced, resulting in improved tracking
performance. To prevent unwanted controller actions, extra penalty terms were added during the simulation whenever there was
excessive overshoot or actuator saturation.
5.3.3 Particle Update Mechanism
During each optimization iteration, the velocity and position of each particle were updated according to the standard PSO
equations. The particle velocity is calculated as
vi**1 = wvk + ¢ 1y (pbest; — x¥) + c,r, (gbest — x¥)
where
e  wis the inertia weight,
e c4is the cognitive learning coefficient,
®  C,is the coefficient of social learning,
e 1y, yare uniformly distributed random numbers,
e pbestis the personal best solution,
e ghestis the best global solution.
The particle position is then updated as
XK+ = xK 4 vkt
This iterative process continues until either the maximum number of iterations is reached or the improvement in the
objective function becomes negligible.
5.3.4 Optimization Parameters
The PSO algorithm was configured using parameter values commonly reported in the intelligent control literature. These
parameters were selected to achieve a suitable balance between global exploration and local exploitation of the search space.

Table 5.3 PSO Parameters Used in the Optimization Process

Parameter Symbol Value
Population Size N 30
Maximum lIterations Iter 50
Inertia Weight w 0.70
Cognitive Coefficient G 2.0
Social Coefficient C2 2.0
Maximum Velocity Vinax 0.20
Minimum Velocity Vinin -0.20
Optimization Algorithm — Standard PSO

These parameters provided stable convergence while maintaining an acceptable computational cost.
5.3.5 Optimization Flowchart
The optimization procedure followed the sequence illustrated in Figure 5.10.
1.The swarm particles are initialized randomly.
2.Each particle was evaluated using the MATLAB/Simulink model.
3.The objective function is calculated as follows:
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4.The best individual (pbest) is updated.

5.The best global (gbest) is updated.

6.New particle speeds are calculated.

7.Particle positions are updated.

8.This process is repeated until convergence is achieved.
9.The improved controller parameters are exported.

1. Initialization
Set PSO parameters: population size (N),
inertia weight (w), cognitive coefficient (c¢;),
social coefficient (¢;), maximum iterations (Ty,ax)

Randomly initialize particle positions x; and
velocities v; (i=1,2,...,N)

v

2. Evaluate Fitness
Evaluate the fitness (objective function) f(x;) J‘

for each particle

v

3. Update Personal Best (pbest)
If f(x;) < f(pbest;)
then pbest; = x;

v

( 4. Update Global Best (gbest) I
Set gbest as the best pbest among

| all particles
‘ t=t+1 \

5. Update Velocity A
vi(t+ 1) = wv;(t) + c;r; (pbest; — x;(t)) +
cy1ry (gbest — x;(t))
where ry,r, ~ U(0,1)

v

6. Update Position
I,‘(t+ 1) = X‘(t) + v,(t+ l)

v

7. Evaluate New Fitness
Evaluate the fitness f(x;(t+ 1))
for each particle

8. Termination Check Yes
¢ < Taax®
(or stopping criterion
satisfied?)
. N : Number of particles
End l w : Inertia weight
Return gbest as the l c : Cognitive coefficient
optimal solution : Ccy : Social coefficient
r1, 2 : Random numbers in [0, 1]
Tinax : Maximum iterations

Figure 5.10. Flowchart of the PSO improve algorithm
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Convergence Curve of the Particle Swarm Optimization Algorithm
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Figure 5.11. Convergence curve for the Particle Swarm Optimization algorithm.
5.3.6 Convergence Analysis
In this way, we observed the optimization process from a convergence behaviour of PSO algorithm aspect. As we can see in Figure
5.11, the objective function fell rapidly at first since all of search space were explored very well. The convergence curve stabilized
between the 35th to 40th iteration, indicating that swarm had successfully converged on values for near-optimal controller
parameters. The PSO algorithm convergence profile has a smooth characteristic, showing that it perfectly balances the exploration
and exploitation phases of optimization so as not to be trapped in local optima.
5.3.7 Optimized Controller Parameters
After optimization, the best controller parameters were extracted and applied to all later simulations. The optimized parameters
were able to decrease the response time, minimize steady state error and further reduce control action thus improving the
controller ability to handle with liquid level.

Table 5.4 Optimized Fuzzy PID Parameters Obtained by PSO

Parameter Initial Value Optimized Value
Kp 2.50 3.82
K; 0.80 1.46
K4 0.12 0.21
K. 1.00 1.38
Kge 1.00 0.94
K, 1.00 1.27
5.3.8 Summary

This Particle Swarm Optimization optimal algorithm has automatically extracted the ideal parameters for tuning proposed Fuzzy
PID conditions. However, this optimized controller showed improved tracking accuracy, faster transient response (as well as
reduced oscillatory behavior in comparison to the initial settings. Thus, the optimized controller was applied to all performance
assessments discussed in Section 3.

5.4 Results and Performance Evaluation

The capability of the PSO-Optimized Fuzzy PID controller which is offered in this paper was examined by doing many
MATLAB/Simulink simulations and compared with two well-known control strategies namely (classical) PID controller, & FIZZING
approach. The nonlinear liquid-level model presented in the previous sections was used to test all controllers under uniform
operating conditions. In this way, improvements in system performance can be directly attributed to the controller design while
avoiding confounding effects from changes in plant dynamics or simulation environment. The assessment highlights the key aspects
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for controlling each controller, such as adaptive response characteristics, control specificity and proper handling. Standard
performance indices like rise time, settling time, peak overshoot and steady-state error along with different integral error criteria
were used to extensively test the controllers.

5.4.1 Step Response Analysis

The first experiment evaluated the tracking performance of the three controllers in response to a unit step change in the desired
liquid level. Figure 5.12 illustrates the closed-loop responses obtained using the conventional PID, Fuzzy PID, and proposed PSO-
Optimized Fuzzy PID controllers.

Closed-Loop Step Responses of the Investigated Controllers

20
——— Conventional PID
1.8 4 === Fuzzy PID
—-= PSO-PID
1.6 4 = PSO-Fuzzy PID (Proposed)
Performance Indices
14 Controller t, (s) | My (%) | s (s) Oy
Conventional PID 112 221 3.62 0
Fuzzy PID 0.74 98 218 0

PSO-PID 0.46 42 141 0
PSO~Fuzzy PID 031 16 098 0

Output y(t)

Step Input
r(t) =1-u(t)

o ———

T

3.5 4 45 5

Time (s)

Figure 5.12. Closed-loop step responses of the investigated controllers.

Based on the response curves, it was noted that the traditional PID controller had the slowest reaction, with a significant overshoot
and a comparatively extended settling time. The Fuzzy PID controller enhances both the speed of response and damping features,
yet minor oscillations persist during the transient phase. The PSO-Optimized Fuzzy PID controller, as proposed, delivers the quickest
response with minimal overshoot and superior tracking precision. Through the optimization process, the controller parameters
were effectively adjusted to ensure a swift and smooth response, eliminating unnecessary oscillations.

5.4.2 Transient Performance Comparison

To quantitatively assess the transient characteristics of the controls studied, several widely used time-domain performance indices
were computed.

Table 5.5 Comparison of Dynamic Performance Indices

Performance Index PID Fuzzy PID Proposed PSO-Fuzzy PID
Rise Time (s) 1.82 1.21 0.84
Peak Time (s) 2.43 1.67 1.08
Settling Time (s) 5.63 3.41 2.18
Overshoot (%) 11.8 4.6 1.1
Steady-State Error 0.013 0.004 0.001

The findings reveal a significant enhancement in all transient performance metrics when the proposed controller is utilized. In
comparison to the traditional PID controller, the optimized Fuzzy PID controller achieved a reduction in settling time by about 61%,
while the maximum overshoot was lowered by over 90%. These advancements suggest that the PSO optimization process
effectively improved both the speed and stability of the control system.

5.4.3 Error Performance Analysis

Besides the transient response, we also computed several integral performance indices to gauge cumulative tracking errors
throughout simulation time.
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Table 5.6 Comparison of Error Performance Indices

Error Index PID Fuzzy PID Proposed PSO-Fuzzy PID
IAE 2.61 1.47 0.82

ISE 1.93 0.74 0.29

ITAE 7.84 3.52 1.18

RMSE 0.176 0.098 0.041

The optimized controller performed the best such that all error criteria were lowest. Notably, the substantial improvement of ITAE
value suggests that long-time tracking errors are minimized by using the proposed controller and quicker convergence to desire
liquid level outputs can be achieved. The lower RMSE also validates that the optimized controller had better tracking accuracy in
the whole operating period.

5.4.4 Control Signal Analysis

In addition to improving the liquid level response, we still require that the generated control effort is smooth and realizable. Large
swings in the manipulated variable can wear faster actuators, resulting in a less reliable system. The control signal produced for
the three examined controllers is illustrated in figure 5.13.

Control Signals Generated by PID, Fuzzy PID, and PSO-Fuzzy PID Controllers
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Figure 5.13. Generated control signals by PID, Fuzzy PID & PSO-Fuzzy-PID controllers.

Classic PID controllers are based on a fixed gain which tends to introduce large oscillations in the early transient stage. Even though
the modifications through fuzzy rules produced a much more stable control action, It did not avoid moderate fluctuations for
quickly changing errors. On the other hand, PSO-Optimized Fuzzy PID controller produced a better stable control signal and quickly
respond to system. This property reduces the pressure of actuation and ensures longer working reliability for a system

5.4.5 Robustness Evaluation

In order to validate the controller's robustness, further simulations are performed using parameter variations and external
disturbances of nonlinear liquid-level system.We considered the following test conditions.

- Greater cross-sectional tank area by 20%.

- Increase in outlet flow coefficient by 20%.

- A disturbance was made at 15s.

- Stepwise changes to the desired liquid level from 0.5 mup to a maximum value of 0.8 m (and back).

The relevant system responses for these operating conditions are shown in Fig. 5.14
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The proposed PSO-Fuzzy PID controller demonstrates superior robustness against plant uncertainties and external disturbances.

Figure 5.14. Evaluating System Robustness Against Plant and Disturbances Uncertainty

The classical PID controller shows prominent oscillation and increased recovery time after disturbances. Improvements on
disturbance rejection of the Fuzzy PID controller were observed but a lower recovery time than that of proposed approach
persisted. The PSO-Optimized Fuzzy PID controller tunes the parameters rapidly to reduce system setpoint changing deviation and
external disturbance with stability and tracking in liquid-level control. The obtained results confirm that the proposed optimization
approach is robust in a wide range of operating conditions.

5.4.6 Discussion of Results

The simulation results also clearly show the advantages of merging Particle Swarm Optimization and Fuzzy PID controller. The fuzzy
logic improves the ability of controller to handle nonlinear system dynamics while, the PSO algorithm further optimizes
performance through automatic selection of near-optimal controller parameters. Compared to the classical PID controller, the
proposed controller was found with a much shorter rise time and settling time, similar performance in terms of overshoot but
almost no steady state error. Furthermore, all of the integral error indices were significantly reduced showing improved tracking
performance over the full simulation. In addition, the optimized controller allows for much softer control actions which reduces
actuator load while preserving fast response. The proposed controller was finally shown to retain satisfactory performance in the
presence of plant uncertainty and external disturbances while establishing its broad applicability for industrial liquid-level control.
The results from the simulations generated by MATLAB/Simulink validated that, with improved transient response, steady-state
accuracy, error reduction and robustness as compared to those of fixed PID Controller & Fuzzy PID Controllers [2]. The combination
of fuzzy logic and Particle Swarm Optimization provides a fast, stable and reliable control strategy to the nonlinear liquid level
controller within an industrial process in reality.
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