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This study analyses the comparative performance of the sliding mode control (SMC)
design and a feedback linearization-based proportional-derivative (FL-PD) controller for
liquid level control of a coupled-tank system. The controller maintains the proper amount
of liquid in the tank by varying the input flow rate. The system's nonlinear dynamics are
first identified. The system's nonlinear dynamics are then used to develop the control laws
for the SMC and the FL-PD. To ensure a fair comparison, the design parameters of both
controllers were optimized using the crow search algorithm (CSA). This approach
eliminates the subjectivity associated with trial-and-error tuning and ensures that both
controllers are tuned systematically according to an identical performance criterion. The
CSA has been successfully applied to solve a range of optimization problems across
various fields due to its strong search capabilities. Lastly, MATLAB is used to assess the

importance and efficacy of each controlled system for two case studies (normal operation
and under external disturbance). According to the simulation results, the SMC outperforms

the FL-PD.

1. INTRODUCTION

Liquid-level control plays a critical role in a wide range of
industrial processes, including chemical manufacturing,
pharmaceutical production, water treatment facilities, spray-
coating systems, and nuclear power plants, where maintaining
stable operating conditions is essential for safety, product
quality, and process efficiency [1, 2]. Among various process
control applications, coupled-tank systems are widely used as
benchmark platforms for evaluating advanced control
strategies because they exhibit nonlinear dynamics, strong
state interactions, and sensitivity to external disturbances.
Consequently, the development of effective control techniques
for coupled-tank systems continues to attract considerable
attention in both academic research and industrial practice.

Over the past decades, numerous control approaches have
been proposed for liquid-level regulation in coupled-tank
systems. Conventional proportional-integral-derivative (PI1D)
controllers remain the most commonly employed solution due
to their simplicity and ease of implementation [3]. To improve
PID performance, several optimization techniques have been
investigated. For example, a modified ant colony optimization
(ACO) algorithm was utilized in reference [4] to optimize PID
parameters, while fuzzy logic was integrated with PID control
in reference [5] to enhance dynamic response and control
accuracy. Similarly, Awelewa et al. [6] developed a fuzzy-PID
controller for single- and double-tank systems and
demonstrated  superior  performance compared with
conventional PID controllers in terms of rise time, settling
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time, and overshoot.

In addition to PID-based approaches, advanced nonlinear
control techniques have been extensively explored. Studies
reported in references [7, 8] demonstrated that sliding mode
control (SMC) provides superior tracking performance and
robustness compared with conventional PID controllers.
Model reference adaptive control was investigated in reference
[9], where improved transient response characteristics were
achieved. To alleviate the chattering phenomenon associated
with SMC, Delavari and Noiey [10] proposed a hybrid fuzzy
logic-genetic  algorithm-based  design that improves
disturbance rejection. Furthermore, Khalid and Kadri [11]
employed model predictive control to address parameter
uncertainties and maintain system stability. An adaptive
MRAPIDC controller was introduced in reference [12] to

improve disturbance rejection and overall control
performance.
Despite these advances, several challenges remain

unresolved. Many existing control strategies rely on linearized
system models that accurately represent system behaviour
only around specific operating points. As a result, controller
performance may deteriorate when the system operates over a
wide range of conditions where nonlinear effects become
significant. Moreover, actuator saturation constraints, which
are unavoidable in practical industrial systems, are often
neglected during controller design. Ignoring such constraints

can lead to unrealistic control actions, performance
degradation, and potential instability under demanding
operating conditions. In addition, the simultaneous


https://orcid.org/0000-0002-3854-915X
https://orcid.org/0000-0003-3516-6839
https://orcid.org/0000-0002-6290-3382
https://orcid.org/0000-0002-8243-9345
https://orcid.org/0009-0002-2501-5367
https://crossmark.crossref.org/dialog/?doi=10.18280/jesa.590824&domain=pdf

consideration of nonlinear dynamics, external disturbances,
and actuator limitations remains insufficiently addressed in the
existing literature.

To address these challenges, this study investigates the
application of two nonlinear control strategies for liquid-level
regulation in a coupled-tank system: SMC and a feedback
linearization-based proportional-derivative (FL-PD)
controller. Unlike many previous studies, the proposed
framework explicitly incorporates nonlinear system dynamics,
actuator saturation, and external disturbances, thereby
providing a more realistic representation of industrial
operating environments. Furthermore, the crow search
algorithm (CSA) is employed to tune controller parameters,
eliminating the subjectivity associated with trial-and-error
tuning and ensuring that both controllers are systematically
tuned using the same performance criterion. The main
contributions of this work can be summarized as follows:

*Development of an SMC controller for robust liquid-level
regulation in a nonlinear coupled-tank system.

*Design of an FL-PD controller based on feedback
linearization (FL) to compensate for system nonlinearities.

eInstead of relying on manual trial-and-error tuning, the
paper integrated the CSA for controller parameter tuning.

*Comprehensive evaluation under actuator saturation and
external disturbance conditions to assess practical
applicability.

«Comparative analysis of the proposed controllers to
identify the most effective strategy for nonlinear coupled-tank
level regulation.

The remainder of this paper is organized as follows. Section
2 presents the mathematical model of the coupled-tank system.
In Section 3, the design procedure of the proposed controllers
is described. The CSA that is used for parameter determination
is introduced in Section 4. Sections 5 and 6 discuss the
simulation outcomes and conclude the paper, respectively.

2. MATHEMATICAL MODEL

Controlling the liquid levels between tanks is a major
challenge in the process industries. Liquid must be pumped,
stored in tanks, and then pumped to another tank in several
industrial processes. Consider the system shown in Figure 1,
consisting of two connected tanks [13].
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Tank 1 Tank 2

Figure 1. Interconnected twin-tanks system

em3\ . . em3\
qin (T) is the Tank 1's flow rate, q;, (T) is the flow

cm3 .
rate form Tank 1 to Tank 2, an q, (T) d is the flow rate of

Tank 2. Tanks 1 and 2 have liquid levels at h, (cm)
and h, (cm), respectively. Both tanks have a cross-sectional
size of A (cm?). The coupling orifice's area is a;,, while the
output orifice's area is a,. The cross-sectional area of Tank 1
and the differential between the input and exit flow rates
determine how much water accumulates in Tank 1 [4]:
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din — q12

h1= A

(1)

The following is the nonlinear dynamical equation for the
flow rate from Tank 1 to Tank 2 [5]:

G12 = @12/ 29(hy — hy)

where, the gravitational constant is denoted by g.
Similar to Tank 1, the water accumulation in Tank 2 is
determined by [10]:

2)

q12 — 4o

h, =
2 A

€)

The flow rate from Tank 2 is given by the following
equation [5]:

Go = Az+/29h,

Substituting Eq. (2) into Eg. (1) and Eq. (4) into Eqg. (3)
results in:

“4)

qin — A12+/ 2g(hy — hy)

p = (5)
flz _ a12\/29(h1 —hy) - a2\/29h2 (6)
A
Let's assume: x; =h,, ¢; = az‘ﬁﬁ, ¢, = a“ﬁ, X, =
h, — h, and u = q;,,, Egs. (5) and (6) can be rewritten:
X; = _Cl\/’?l + C2\/’Tz (7
. u
X =7~ 205\[x, + c1fx1 (3)

The mathematical equation of the system is transformed
into an equivalent canonical representation, typically
expressed as a single nonlinear differential equation, to aid in
controller design. Consequently, the system's new coordinates
are defined as follows: z; and z, are x; and x; respectively.
As aresult, the corresponding model's differential equations in
new model can be written as follows:

2 =7, )
Z; = f(x) + g(x)u (10)
_(a® =267\ | e (V7 Jx3
f(")‘<T>+T(J_x_3_E> v
C2
g(x) = (12)

2A.[x3

3. CONTROLLER DESIGN

An essential component of the automation system is the
feedback controller. Many control algorithms have been
developed for a variety of control systems [14, 15]. This
section outlines the process for using two nonlinear control



techniques to determine the control law for the coupled-tank
system: FL-PD controllers and SMC. These methods are
suitable because they effectively manage the nonlinear
behaviour, enabling fast and stable liquid-level regulation
while maintaining robustness against disturbances.

3.1 Sliding mode control

One well-known robust and systematic controller design is
SMC [16, 17]. There are two phases to it. The design of an
appropriate sliding surface is the first step, followed by the
development of a control law that ensures the system remains
on the sliding surface [18]. The sliding surface is defined as
follows:

s =¢é+ agpce (13)
where, as,. > 0 is a tuning parameter, and e is the difference
between the desired output z,; and the measured output z; .

Calculating the sliding surface's first derivative results in:

S=E+4 Agnc€ = Zg — Zy + A€ (14)
Substitute z, from Eq. (10) into (14), obtaining:
$ sz_f(x)_g(x)u-l_asmcé (15)

The second component of the SMC law is the switching
term, which generates the discontinuous control action
required to drive the system toward and maintain it on the
sliding surface [19]. The sliding condition is ensured by
designing the switching control such that the derivative of the
sliding surface converges to zero. The switching control must
make the right decision to prevent chattering in SMC. The
power rate reaching law, which is given by Eqg. (16) [20], is
selected to serve as the switching control.

$ = —ksncls|Vsgn(s) (16)
where, y is an adjusted parameter between [0, 1], k¢ iS an
adjusted parameter >0, and sgn is the sign function. Setting
Eqg. (15) yields the final u, which is equal to Eqg. (16) as
follows:

Zg — f(0) = gU + agnc€ = —ksme|s[Vsgn(s) (17)

To determine the SMC's control law, reorder Eq. (17) as
follows:

1
Usme = ﬁ(zd — f(x) + agmcé + ksmclslySgn(s)) (18)

Stability Proof: let choose Lyapunov function as V(s) =
252' The time derivate of V gives: V = ss. Substitute $ as
given in Eq. (16) yields V = s(—kgpncls|”sgn(s)). The term
(s x sgn(s)) is equivalent to (|s|). The results of V =

—kgmels|”*t. Fory > —1and kg, > 0theV < 0. Thus,
the sliding variable s is asymptotically stable.

3.2 Feedback linearization-based proportional-derivative
controller

One of the most widely researched techniques for designing
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trajectory-tracking controllers for nonlinear systems is FL [21,
22]. The nonlinear system is converted into an equivalent
linear form by the control law in FL in the manner described
below [23]:

1

u= m(—f(x) +uy)

(19)

where, g(x) and f(x) are the input gain and the state dynamic
function, respectively. Any linear controller can be used as the
control action u,,. The proportional-derivative (PD) control
law chosen for this paper is as follows:

Uy = kp (Zr - Zl) + kd(zr - Zl) (20)
where, the controller gains, k,, and k, are designed to achieve
the desired tracking performance.

4. OPTIMIZATION

Due to their ability to solve complex optimization problems,
nature-inspired optimization techniques play a prominent role
in modern applications [24-27]. In this paper, the CSA,
introduced by Askarzadeh [28], is presented to obtain the
controller parameters for the SMC and the FL-PD controller.

Crows, members of the corvid family, are among the most
intelligent birds. Their cognitive abilities include tool use, face
recognition, effective communication, self-awareness, and
long-term memory of food locations [29]. Crows can steal
food by observing its hiding place and later relocate their own
caches to avoid theft. Their experience as thieves helps them
anticipate and prevent food pilfering [30].

Based on the population's metaheuristic algorithm, CSA is
constructed using the previously mentioned intelligent
characteristics. The fundamentals of CSA are as follows:

*Crows live in a flock.

*Crows remember their hiding areas.

«Crows pursue each other to commit theft.

+Crows defend their caches from theft using likelihood.

The model assumes a d-dimensional environment with
several crows. The total number of crows in the flock is N, and
the position of the i crow at a given time (or iteration) iter in
the search space is d by a vector. x“"(i = 1, 2,...,
N;iter = 1, 2,.., where xbitem = [xli‘iter, Zi’iter, " é‘iter]
and iter,,, IS the highest number of iterations. Crows have a
memory for where they hide. The crow's hiding position is
indicated by m“¢" at iteration iter. To date, this is the most
favorable position the crow has attained. Crows recall their
most memorable moments. Crows move around and hide in
various places in search of food.

Assume that crow j wants to go to its hiding place at
iteration iter m/-t", Crow i accompanies crow j to his hiding
place in this iteration. There are two possible states in this
scenario:

State 1: Crow j is unaware that crow i is observing it. As a
consequence, crow i will try to reach crow j hiding location.
In this situation, the new position of trow i is [31]:

— X

xl,lter+1 — xl,lter + Ti X fll,tter X (m],tter l.,l.tET)

e2y)

where, r; is an arbitrary number with a uniform distribution
from 0 to 1 and f1****" indicates the journey duration of the



crow i at iteration iter. Figure 2 illustrates how f1 affects the
search capacity. Smaller f1 values result in local searches
around x%¢"  while larger values result in global searches
farther away. Figure 2(a) demonstrates that if f1 is less than 1,
crow i moves to the dashed line between x %™ and m/:*". In
Figure 2(b), selecting a value of fI Greater than 1 results in
crow i moving to the dashed line, which may surpass m/:i",

Crow i

Crow j

v

Origin riy

v
Iy

(@)

Crow {

¥iite, y

Crow J

Ongin

(b)

Figure 2. Flowchart for state 1 in crow search algorithm
(CSA)(@) fl < 1and (b) fl > 1

State 2: Crow j detects that crow i is following it and
deceives it by flying to a new search-space location. Thus, the
two states can be summarized as follows:

ybiter+1 —
xi,iter +7; % fli,iter X (mj,iter _ xi,iter) 7 > APj,iter
a random position otherwise

(22)

In this formula, AP/i" denotes the awareness probability
(AP) of crow j at iteration iter, while r; is a uniformly
distributed random number in the interval [0, 1].

Metaheuristic algorithms must achieve an optimal balance
between diversity and intensity. The AP parameter controls
intensity and diversity in CSA models. When the AP
decreases, CSA searches for a good solution in the area of
interest. Using reduced AP values result in increased intensity.
However, increasing awareness reduces the likelihood of
searching for existing good solutions. CSA typically explores
randomizing the search spot globally. Using high AP values
lead to increased diversity. Figure 3 depicts the pseudocode
for CSA.

The illustrated steps for executing CSA are as follows:

Step 1: Establish the problem and specify the parameters
that can be changed. This entails defining the constraints,
decision variables, and optimization objectives. The flock size
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(N), the maximum number of iterations (iter,,), the flight
length (fl), and the AP are the crucial parameters to select for
the CSA.

Crow search algorithm

Randomly initialize the position of a flock of N crows in the search space
Evaluate the position of the crows
Initialize the memory of each crow
while iter < itery
fori=1: N (all N crows of the flock)
Randomly choose one of the crows to follow (for example j)
Define an awareness probability
ifoy; 2 AP

et = .

+rx 1" x.(m ERES S ]

else
X = a random position of search space
end if
end for

Check the feasibility of new positions

Evaluate the new position of the crows

Update the memory of crows

end while

Figure 3. Pseudocode for the crow search algorithm (CSA)

Step 2: Initialize the crows’ positions and memory.

The N crows that make up the flock are dispersed at random
throughout a d-dimensional search space. d denotes the
number of characteristics considered, and each crow
represents a potential solution to the issue.

1 1 1
Xy X3 Xg
2,2 2
X
Crows = x_l x'2 d (23)
Xy xy xq

Each crow memory is initialized. During the first iteration,
the crows are presumed to have buried their food at their initial
locations due to their lack of experience.

m;  m; mg
2 2 2
mé m m
Memory =|"1 2 d (24)
mY my ml

Step 3: Determine fitness (target) function.

To determine the quality of a crow's position, the selected
parameters are added to the objective function.

Step 4: Establish a new position.

In the search area, crows take up new places in the following
ways: Let's say crow wants to take on a new role. To locate the
hidden food by the crow m/. This crow randomly chooses one
of the flock of crows, such as crow j. Eq. (21) determines the
new location of crow i. The procedure is repeated for each
crow.

Step 5: Evaluate the viability of new locations.

Each crow's new location is assessed for viability. The crow
updates its region if it can reach the new place. On the other
hand, the crow stays where it is.

Step 6: Assess the fitness function of new locations.

The fitness of each crow’s new position is evaluated.

Step 7: Update memory.

Each crow then updates its memory based on the new
position.

ybiter+1 —
{xl,lter+1 f(xl,lter+1)is better than f(mL,Lter) (25)
mbiter otherwise



where, f(.) is the desired function output. When a crow's new
position exceeds the previously memorized position in terms
of fitness function value, it adjusts its memory to reflect the
new location.

Step 8: Check the termination requirements.

Steps four to seven continue until iter,,,, has been reached.
Once the termination requirement is met, the optimal memory
position is identified based on the objective function value.

5. RESULTS AND DISCUSSION

MATLAB simulations were used to implement and assess
FL-PD and SMC controllers for the closed-loop coupled-tank
system. Table 1 [10] is a list of the primary system parameters
employed in the investigation. The beginning level of Tank 2
was 0.01 cm, while the target level was 5 cm. The physical
actuator constraint saturates in the range of 0 to 150 cm®/s for
the input flow rate.

Table 1. Twin-tank system parameters

Parameters Values
Cross-sectional area (A) 200 cm?
Gravitational constant (g) 981 cm/s?
Area of the outlet orifice (a;) 0.25 cm?
Area of the coupling orifice (a;,) 0.6 cm?

To guarantee fair comparison, the CSA is used to adjust
each controller's tuning parameters (ag, and kgy,.) in Eq.
(18) for the SMC and (k,, and k) in Eq. (20) for the PD. The
root sum of squared error (RSSE), as defined in Eg. (26) [32],
isan error index that the CSA used to improve the performance
of the two controllers. The RSSE measure is often used to
evaluate control performance.

(26)

where, e, is the tracking error in each sample m, and n is the
simulation's total sample count. The population size (N) is 25,
there are 40 iterations (itermax), the AP is 0.1 and the flight
length (f1) is 2 in the CSA. Table 2 reports the controllers' ideal
values by CSA.

Table 2. The ideal tuning parameter values for the controllers
based on crow search algorithm (CSA)

significant chattering. Furthermore, Figure 5 shows that the
SMC controller outperforms the FL-PD. The numerical
information in Table 3 shows that for the FL-PD, the settling
time (ty) is 27 seconds; for the SMC, it is 25 seconds.
Furthermore, FL-PD controller exhibits a 5.5% overshoot,
while the SMC eliminates overshoot, demonstrating improved
transient performance. Additionally, the SMC controller's
RSSE index value (50.54 cm) is lower than the FL-PD
controller's RSE index value (50.67 cm).

|3
150 = FL-PD ||
0 100
o
£
[C2
g
-
IS
5
O 50 \
0
0 10 20 30 40 50 60 70 80
Time (s)

Figure 4. Sliding mode control (SMC) and feedback
linearization-based proportional-derivative (FL-PD) control
signals with actuator saturation

——FLPD
——sMC

% 2 // “—: !// -
46 /
4.4 //
S v

i
40
Time (sec)

70

Figure 5. The system's response based on sliding mode
control (SMC) and feedback linearization-based

Controller Parameters Values . e .
Gome 0.7 proportional-derivative (FL-PD) under normal operation
SMC Ksme 2.8 _ )
% 0.9 Table 3. Comparison of dynamic performance under normal
k 0.42 operation
FL-PD P
kg 0.8
Note: sliding mode control (SMC), feedback linearization-based Index SMC FL-PD
proportional-derivative (FL-PD). RSSE (cm) 50.54 50.67
ts (s) 25 27
The control law and the response of the two controlled Overshoot (%) 0 5.5

systems are depicted in Figures 4 and 5, respectively. The
equivalent dynamic performance numerical value is shown in
Table 3.

As shown in Figure 4, the control input remains within the
actuator’s operating limits and the SMC signal is free from
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Note: root sum of squared error (RSSE), sliding mode control (SMC),
feedback linearization-based proportional-derivative (FL-PD).

After 40 seconds of simulation time, a step disturbance with
an amplitude of 20% of the input reference was injected into
the level of Tank 2 to assess each controller's ability to reject



disturbances. The control laws and the output responses of
both controlled systems under disturbance conditions are
shown in Figures 6 and 7. Additionally, the control
performance was evaluated using the RSSE criterion, recovery
time (trec) and post-disturbance steady-state error (esspq). Table
4 displays the corresponding dynamic responses of the two
controllers.

150

FL-PD ||
SMC

Control Law (cm%/s)
—
o
o

a1
o

\_

a

10 20 30 40

Time (s)

50 60 70 80

Figure 6. Sliding mode control (SMC) and feedback
linearization-based proportional-derivative (FL-PD) control
signals with actuator saturation under disturbance

ga // 4,9:.\ / {/
Ez / 4.95\ ///
/ N1
’ Vo

1
40
Time (sec)

20 3‘0
Figure 7. The system's response based on sliding mode

control (SMC) and feedback linearization-based
proportional-derivative (FL-PD) under disturbance

Table 4. Comparison of dynamic performance under
disturbance

Index SMC FL-PD
RSSE (cm) 50.55 50.69
trec (S) 5 9
esspq (cm) 0 0.0013

Note: root sum of squared error (RSSE), sliding mode control (SMC),
feedback linearization-based proportional-derivative (FL-PD).

It is evident from comparing the SMC and FL-PD's
performance in Figure 7 and Table 4 that the SMC's
disturbance rejection reduces deviations more effectively than
the FL-PD’s. For the FL-PD, the RSSE number is 50.69; for
the SMC, it is 50.55. Moreover, the tc for the SMC (5 s) is
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less than the FL-PD (9 s). Additionally, the esspq is 0.0013,
whereas the SMC effectively rejects the disturbance and
restores the tracking error to zero.

Based on the results obtained under both normal operating
conditions and in the presence of external disturbance, it can
be concluded that the SMC provides superior overall
performance compared with the FL-PD, particularly in terms
of tracking accuracy and disturbance rejection.

6. CONCLUSION

This study compared SMC with an FL-PD controller for a
coupled-tank system. The mathematical model of the system
was constructed, and the method for developing the two
controllers was given. The CSA technique was used to modify
the modifiable parameters of the proposed controllers.
MATLAB was used to program the system with the two
optimal controllers. The SMC was found to have superior
control characteristics compared to FL-PD control, as
indicated by the simulated results. Comparing the suggested
CSA with other optimization algorithms and/or employing
other nonlinear controllers, this study could be expanded for
future research. Additionally, this paper could be extended by
experimental validation or consideration of other additional
practical factors such as sensor noise, pump dynamics, and
measurement delays. Moreover, in order to assess the success
of the suggested control technique in larger and more difficult
process control systems, future research may concentrate on
expanding it to more intricate multi-tank arrangements.
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