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Abstract

This paper addresses the problem of water-level regulation in a triple-tank system, where strong
nonlinearities, dynamic coupling, external disturbances, and parameter uncertainties pose signif-
icant challenges for conventional model-based control methods. To overcome these limitations, a
Radial Basis Function Neural Network (RBFNN)-based control strategy is proposed for regulating
the water level in Tank 3 without requiring an accurate mathematical model of the system. The
main contribution of this work lies in the real-time hardware-in-the-loop (HIL) implementation
of an adaptive RBFNN-based control strategy using the OPAL-RT OP5707XG platform, enabling
practical validation under realistic operating conditions. The proposed controller exploits the strong
nonlinear approximation capability and fast learning characteristics of RBFNNs to enhance tracking
accuracy, transient performance, and robustness under varying operating conditions. The effective-
ness of the proposed method is evaluated through MATLAB/Simulink simulations and real-time
HIL experiments. Two representative experimental scenarios are considered, including constant
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and continuously varying water level references, to comprehensively assess steady-state accuracy,
transient response, adaptability, and real-time performance. Performance is quantitatively eval-
uated using standard error-based indices such as RMS, MAE, Mean Error, IAE, and ISE. Both
simulation and real-time experimental results demonstrate that the proposed RBFNN controller
enables the water level in Tank 3 to accurately track the desired reference trajectories with reduced
overshoot, faster settling time, smoother responses, and lower cumulative tracking error compared
with conventional PID and sliding mode control (SMC).
Keywords: Triple-Tank System, Opal-RT, HIL, RBFNN, intelligent control.

1 Introduction

Nonlinear systems are those in which a first-order linear model cannot fully describe the input-
output relationship. Due to their nonlinearity, mathematical analysis is often complex; constructing
general solutions is challenging, and the synthesis and design of control systems are significantly more
difficult than for linear problems [1-3]. In practice, nonlinear systems are standard in industry, espe-
cially in processes with state-varying dynamics and are strongly affected by disturbances, saturation,
hysteresis, and parameter uncertainty [4-8].

In typical process applications, tank systems, such as cylindrical tanks, conical-bottom cylindrical
tanks, etc., are widely used across many technological lines. Classic problems arising in process indus-
tries include chemical mixing, liquid level control, and flow control [9-13]. In addition, spherical tanks
are of interest in some applications due to their favourable structural and operational characteristics.
Compared to cylindrical tanks, spherical tanks generally have higher mechanical strength. They can
achieve a smaller surface area-to-volume ratio, thereby reducing heat exchange with the environment
and limiting operational losses. In addition, spherical tanks can provide benefits in effective cleaning,
reduced maintenance costs, and improved fabrication under certain technological conditions [14-16].
These advantages make spherical tanks a worthwhile choice for storage systems and processes that
require tight product quality control [17,18].

In terms of control, liquid level control is a typical problem in process control. It is widely applied
in water filtration, chemical and biochemical technology, automatic liquid dispensing, food and bever-
age processing, and the pharmaceutical industry. Control quality directly affects product quality and
equipment safety. However, real-world tank systems often exhibit unfavourable characteristics, such
as strong nonlinearity, large hysteresis, complex dynamic linkages, and parameter uncertainty, making
control accuracy highly dependent on the operating state, system parameters, and the control algo-
rithm. Therefore, achieving high-precision control with linear methods alone is often not guaranteed,
especially when good monitoring and noise immunity across the entire operating range are required.
Consequently, to achieve high control accuracy and good tracking performance under conditions of
nonlinearity and uncertainty, nonlinear control methods should be prioritised to address these issues
and improve control quality.

Nowadays, many tank configurations have been studied with different approaches. Works have
proposed and evaluated many strategies, such as: partially supervised reinforcement learning algorithm
[19], quadratic sliding mode control combined with parameter estimation [20], PI sliding mode control
integrated with backstep method [21], feedback linearization based on disturbance observer [22] and
distributed model predictive control [23]. With three tanks and two inputs, a real-time optimal
neural controller has been studied to improve control quality under nonlinear and uncertain conditions
[24]. Meanwhile, with three tanks and one input, the adaptive predictive control approach, based on
data rather than a model (combining discrete lazy learning), has been applied to increase flexibility
and reduce dependence on the exact model [25]. For two-tank coupled two-input systems, solutions
such as VRFT-based controllers incorporating modelless Q-learning [26] and quadratic sliding mode
control [27] have also been proposed. For two-tank single-input control systems, methods such as
sliding mode control and adaptive backstepping have been reported to improve tracking performance
and noise immunity [28,29]. Among the above approaches, sliding mode control is often used as a
robust solution to compensate for uncertainties in the system’s dynamics and/or kinematics [30-35].
The outstanding advantage of sliding mode control is its robustness against noise and parameter
variations; however, a common disadvantage is chattering caused by the switching control signal,
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which can increase actuator wear and degrade control quality if not properly handled. In parallel,
neural network-based and evolutionary optimisation methods are also practical tools for nonlinear
control design. Neural network-based controllers offer advantages in adaptive learning, generalisation,
and fault tolerance, but often require complex training algorithms and high computational costs
[36—40]. Optimisation methods, such as genetic algorithms, are also used to find optimal control
parameters/laws in nonlinear, multi-extremal environments. However, they may also have limitations
in convergence time and computational resources [41-44]. Notably, many studies and experiments
have shown that adaptive fuzzy control is suitable for systems with poorly defined or difficult-to-build
dynamic models, and has proven to be a powerful approach to controlling nonlinear systems in many
industrial contexts [45-47].

This study proposes an uncertainty approximation framework based on a Radial Basis Function
Neural Network (RBFNN). RBFNNs are well known for their capability to approximate unmodeled
nonlinear dynamics and uncertainties in complex systems [48]. In addition, their online learning
capability enables continuous parameter adaptation, thereby improving approximation accuracy under
varying operating conditions [48]-[56].

However, despite these advantages, many existing approaches either depend on accurate system
modeling or lack real-time validation under practical conditions. In particular, the integration of
adaptive neural approximation with hardware-in-the-loop (HIL) implementation for uncertain multi-
tank systems remains relatively underexplored. Furthermore, few studies provide a comprehensive
experimental comparison with classical controllers under both constant and time-varying operating
scenarios.

The main contributions of this paper can be summarized as follows:

e A real-time implementation of an adaptive RBFNN-based control framework on the OPAL-
RT OP5707XG HIL platform for an uncertain triple-tank system, bridging the gap between
simulation-based design and practical deployment.

e Development of an adaptive RBFNN-based uncertainty estimator that operates online to ap-
proximate unknown nonlinear dynamics and external disturbances, without requiring an accurate
system model.

e Experimental validation under both constant and time-varying reference signals, providing a
more comprehensive assessment of tracking performance, robustness, and adaptability compared
to existing studies.

o A systematic performance comparison with conventional PID and sliding mode control (SMC)
using multiple quantitative error metrics, highlighting the advantages of the proposed approach
in real-time operation.

The remainder of this paper is organised as follows. Section 2 presents the mathematical model of
the triple-tank water system. Section 3 describes the design of the proposed control strategy. Section
4 presents the experimental results from the hardware-in-the-loop (HIL) platform and discusses the
performance of the proposed method across different operating scenarios. Finally, Section 5 concludes
the paper and outlines directions for future research.

2 Mathematical equation of the object

2.1 Determine the surface area and volume of the object

In many engineering applications, tank designs often feature a cylindrical body with hemispherical
ends. To accurately model the storage volume with a clear mathematical basis, proving the volume
formula using integration is crucial to ensuring the correctness of the design, capacity calculations,
and simulation verification.

The tank is partitioned into three non-overlapping subregions consisting of the left semicircle
(Partition A), the central rectangular region (Partition B), and the right semicircle (Partition C).
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Figure 1: Cross-sectional view of the storage tank

Partition A corresponds to the left half of a circle centered at O (0,0) with radius r, described by the
equation 22 4 y? = 2 over the domain —r < 2 < 0. The upper and lower boundaries of this region
are given by y = v/r2 — 22 and y = —v/r2 — 22. The area of Partition A is determined as follows:

0

R B W
. 2 ) 2
The volume of Partition A is determined as follows:
0 0 0 23
VA:W/ (7"2_372)d33:ﬂ'</ TQdCC—/ x2da:>:7r T2$|gr—§
3 3
- 2
e |

Consider Partition B over the interval 0 < x < h, where the upper and lower boundaries are given
by y = r and y = —r, respectively. Consequently, the area of Partition B is computed by evaluating
the integral with respect to the x — axis as follows:

1= ) [V (VA [ 2 [ ()

T

= [1:\/ r2 — 22 + 72 arcsin (xﬂ

<

Sp = /Oh[r — (—r)]dz = /Oh 2rdx = 2rh (3)

A Cartesian coordinate system Oxy is established for Partition B such that the Oz axis coincides
with the longitudinal axis of the cylinder and serves as the axis of rotation. When considering a cross-
section taken along this axis, the upper boundary of the shape represents the radius of the cylinder
at each position x. Upon rotating this region about the Ox axis, each slice perpendicular to Ox at
position x forms a circular disk with radius r. Accordingly, the cross-sectional area at position is given
by A (z) = 7r?, and the total volume is obtained by integrating this area along the length:

h h h
Vg = /A(x)dx = /71'7"2da: = 7Tr2/da: = mrr? x|g = nr?h (4)
0 0 0

Similarly, Partition C corresponds to the right semicircle centered at (h,0) with radius r, described
by the equation (z — h)2+y2 = r2 over the interval h < x < h+7. The area of Partition C is expressed

as follows:
h+r 2
S — / 2/r? — (2 — h)2dz (5)
h
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Figure 2: The method of calculating the volume of a solid of revolution by rotating it around Ox axis

Let the variable substitution u =z — h = du =dx. When x =h=u =0 and when x = h+r =
u = r. Consequently, Eq. (5) can be rewritten as:

T 2
Sc = / 21?2 —uldu = ™ (6)
0

2

The volume of the right hemispherical section in Partition C is determined as follows:
h+r 9 T T r

VC:ﬂ/ {rQ—(m‘—h) }dazzw/ (rz—uQ)du:ﬂ</ r2du—/ u2du>
h 0 0 0

r (7)
:7r<r2u]6—1; >:7r<3—7§>:§7rr3
0

The area of the storage tank is determined as follows:

mr? 2

S:7+2rh+%:2rh+7ﬂ”2 (8)

The total volume of the tank is the sum of three parts:
2 2 4
V= gwr?’ + 7L + §7T’I“3 =mr?h + §7r7“3 (9)

2.2 Equation of motion of the object

I TANK 3 I

Figure 3: Schematic of Triple Tank System

The objective of this section is to formulate the dynamic equations governing the water levels in
the tanks, in which the water level of each downstream tank depends on the dynamics of the preceding
tank. The motion equation for L, is established to describe the relationship between the pump control
voltage and the water level in Tank 1.

Considering the triple-tank cascaded system illustrated in Fig. 1, water is pumped into Tank
1, after which the flow from Tank 1 feeds Tank 2, and subsequently flows from Tank 2 into Tank
3. Accordingly, the dynamics of Tank 1 characterize the relationship between the input signal and
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Table 1: Convention of symbols

Symbol | Meaning of the parameters Unit
L4 Water level in Tank 1 m
Lo Water level in Tank 2
Ls Water level in Tank 3 m
Vi Pump input voltage A%
K, Proportional constant between pump voltage and inflow rate to Tank 1 | m3/(s-V)
St Cross-sectional area of Tank 1 m?
Sy Cross-sectional area of Tank 2 m?
S3 Cross-sectional area of Tank 3 m?
F; Inflow rate to Tank 1 m? /s
Fo Outflow rate from Tank 1 m3 /s
F; Inflow rate to Tank 2 (equal to outflow from Tank 1) m? /s
Foo Outflow rate from Tank 2 m? /s
F; Inflow rate to Tank 3 (equal to outflow from Tank 2) m> /s
Fy3 Outflow rate from Tank 3 m> /s
Aot Outlet orifice area of Tank 1 m?2
Ao Outlet orifice area of Tank 2 m?
Ay Outlet orifice area of Tank 3 m?
g Gravitational acceleration m/s?

L1, whereas the dynamics of Tank 2 and Tank 3 describe the relationships Iy — Lo and Lo — Lg,
respectively. In this system, L; regulates the inflow to Tank 2, Ls controls the inflow to Tank 3, and
the final output of the system is the water level Ls. The symbols in this study are defined in Table 1.

2.2.1 Nonlinear equation of motion for the water level in tank 1

The motion equation for Tank 1 describes the relationship between the voltage applied to the
pump and the water level in Tank 1. Therefore, the resulting dynamic equation can be expressed in
the following form:

0Ly
— = f(L1,U, 10
L = (L, Ty) (10)
Here, f denotes a function, L; represents the water level in Tank 1, and V), is the voltage applied
to the pump. By applying the principle of mass balance to Tank 1, the dynamic equation governing
the water level can be derived as follows:
0Ly
517(% = LIy — Fo (11)
Here, S7 denotes the cross-sectional area of Tank 1, while F;; and F),; represent the inflow and
outflow rates of Tank 1, respectively. The volumetric inflow rate into Tank 1 is assumed to be

proportional to the voltage applied to the pump:

Fin = K,V, (12)

where K, is the pump gain. By applying Bernoulli’s equation for a small orifice, the outflow
velocity from Tank 1, denoted as v,1, can be expressed as follows:

Vol = 2gL1 (13)

Based on Eq. (4), the outflow from Tank 1 can be expressed as follows:

For = Aoiv291l4 (14)

The water level in Tank 1 is defined as follows:
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0Ly

SIW = Kp‘/;; - Aol\/ 29L1 (15)

Designing and implementing a linear water-level controller for the Tank 1 system first requires
the development of a linearized differential model of the system. Since the original dynamic model
of Tank 1 is nonlinear, linearization is performed around a nominal operating point. By definition,
a steady-state equilibrium at the nominal operating point (Vp0, L1o) is achieved when the water level
in Tank 1 is maintained constant at Lip. Under this condition, the steady inflow generated by the
constant pump voltage Vo ensures that the system exhibits no time variation. However, in practical
water-level control of Tank 1, small deviations in the water level L1 and small variations in the control
voltage V)1 exist relative to the nominal operating point (Vpg, L1g). Therefore, the variables L; and
Vp can be expressed as the sum of their nominal values and small perturbations, as follows:

Ly = Lio+ Li1;Vy = Vo + Vi1 (16)

Therefore, based on Eq. (15), the equation can be rewritten as follows:

= [ (L11, Vi) = % (Voo + Vi) — ——1/29 (L1o + L11) (17)
ot S S
ﬁ 7A01 / ﬂ 7’401 /
where K; = B( 51 P S 29L1) _ Ky 8( 5. VP S 2gL1> —
L= v, = 52 = L1 =
) L1=L10,Vp=Vpo L1=L10,Vp=Vpo
_ Ay 0(29L1)2 _ _An {l *%} _ _An_ g — _ Ao g
S1 0L Li=L1o - S1 22g(29L1) Li=L1o - S1 V29L1 Li=L1o - S1 2L

2.2.2 Nonlinear equation of motion for the water level in tank 2

By applying the principle of mass balance to Tank 2, the dynamic equations can be derived:

0Lo
Szﬁ = Fip — Fyp (18)
Here, S5 denotes the cross-sectional area of Tank 2, while Fj» and F,s represent the inflow and
outflow rates of the tank, respectively. The volumetric inflow rate into Tank 2 is equal to the volumetric

outflow rate from Tank 1:

Fio = Fo1 = Aoiv/29L4 (19)

Similar to Tank 1, by applying Bernoulli’s equation for small orifices, the outflow velocity from
Tank 2 can be expressed as follows:

Vo2 = \V/2gLo (20)

Based on Eq. (20), the outflow from Tank 1 can be expressed as follows:

Foo = Acav/29Lo (21)
By substituting Eq. (19) and Eq. (21) into Eq. (18), Eq. (22) is obtained:

0Lo
SQW = Aol vV 2gL1 — AOQ\/ 2gL2 (22)
Similar to Tank 1, the water-level dynamics of Tank 2 are linearized around the nominal operating
point (Lig, Lag). When the system operates in the vicinity of the equilibrium point, it is assumed that
the water levels Ly and Lo deviate only slightly, denoted by (Li1, L22), from their nominal values.
Therefore, L1 and Lo can be expressed as the sum of their nominal values and small perturbations,

facilitating the construction of a linearized model.

Lo = Loo + Loo; Ly = L1o + L1y (23)
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Substituting Eq. (23) into Eq. (22) yields:

oL A, A,
2y (L1, Log) = ol \/29 (Lo + L11) — —o2 \/29 (L2o + La2) (24)
ot Sy So

By applying a Taylor series to Eq. (24), Eq. (25) is obtained:

oL
l 61&22 = f (L1, La2) = f (Lo, Loo) + K3L11 + K4Lo (25)
1o} 12.01 29L17/}5,02\/29L2 (20 1 1
where K3 = ( L ) e = Aol [%Qg(szl) 2}
Ly=L10,L1=L2o 1o

Aol _ Ao2 1
Aol g — Aol g . K — 8( S2 2gL1 S2 QQLZ) — Ao2 8(29L2)§ —
S2 V29L1 | L, =1y, 52 \/ 2Ly’ M4 0L Sy 0Lz Ly—Lao

Ly=L10,L1=L2o

_Ap |1 —%] _ _Apn_ g — Ay g
So [229(29L2) Lo=Log - So V2gLo La=Lao - So 2Log "

2.2.3 Nonlinear equation of motion for the water level in tank 3

By applying the principle of mass balance to Tank 3, the dynamic equation can be derived:

0Ls
B _Fs— F, 92
S3 5 3 3 (26)

Here, S5 denotes the cross-sectional area of Tank 3, while F;3 and F,3 represent the inflow and
outflow rates of the tank, respectively. The volumetric inflow rate into Tank 3 is equal to the volumetric
outflow rate from Tank 2:

Fi3 = Foo = Asa/29L2 (27)

Similar to Tank 2, by applying Bernoulli’s equation for small orifices, the outflow velocity from
Tank 3 can be expressed as follows:

Vo3 — 2gL3 (28)

The outflow from Tank 3 can be expressed as follows:

Fo3 = AO3 V 29L3 (29)
Eq. (30) results from substituting (27) and (29) into (26):

0Ls
SSW = A02 vV 2gL2 - Aogx/ 2gL3 (30)
Similar to Tank 2, the water-level dynamics of Tank 3 are linearized around the nominal operating
point (Lgg, L3p). When the system operates near the equilibrium point, it is assumed that the water
levels Ly and L3 deviate only slightly, denoted by (Lag, L33), from their nominal values. Therefore, Lo
and Ls can be expressed as the sum of their nominal values and small perturbations, which facilitates

the development of a linearized model.

L3 = L3g + L33; Lo = Lag + L2 (31)
Substituting Eq. (31) into Eq. (30) yields:

oL A, A,
35 — f(Lgg, Lys) = =2 \/29 (Lao + La2) — > \/29 (Lso + L33) (32)
875 53 SB

By applying a Taylor series approximation to Eq. (32), Eq. (33) is obtained:

oL
% = f(La2,Ls3) = f (Lo, L3o) + K5Lo2 + Ke L33 (33)
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A Aos
8<S—0; 29L>— S? 29L3>

— — A2 (1 -3
Whel"e K5 — 8[/2 — 53 8L2 LoeLao — Sd |:22'g(2gL2) 2:| L2:L2O
Lo=L20,L3=L3o
Ag2 _ A3 P
Ap2 g _ Ap 9. K. — 8( sy V29T, 29L5> _ _As d(2gL3)? _
53 V29L2 | [y=1Lo S3 2L507 116 OL3 S3 OL3 Lacl
3—1430
. Lo=L2o,L3=L3p
_ Ao 1 D) —_ A, g — Ao g
533 [229(291;3) 2:| Ls=Lso - S33 V2gL3 Ls=Lso - 533 2L3g
Differentiating Eq. (33) and neglecting the constant equilibrium term yields:
L3z = KsLos + KgLsg (34)
Substituting Eq. (25) into Eq. (34) and neglecting the constant equilibrium term yields:
L33 = Ks5(K3L11 + KyLgg) + KeLss = K5 KsL1y + K5 KyLas + KeLss (35)

Rearranging the right-hand side of Eq. (35) and substituting it into the left-hand side of Eq. (35):

Lsz = KsK3L11 + K5 K4 (W) + KeLss = K5K3L1y + K4 (L33 - K6L33) + KgLss (36)
= K5K3Ly + KyLss — K4KgLss + KeLss = K5 K3Liy — K4KgLss + Las (K4 + Kg)
Let A= — (K4+ Kg¢); B=K5K3;C = —-K4Kg. Eq. (36) can then be rewritten as follows:
Lsy = ALss + BL11 + CLss (37)

However, in practice, there exist uncertainty components. Accordingly, Eq. (30) can be rewritten:

Lss = AoLss + BoL11 + CoLss + AAgLss + AByL11 + ACyLs3 = AgLss + ByL11 + CoLss + d (38)

where d = AAgLss + AByLy; + ACyLss represents the nonlinear uncertain terms, which are
bounded by a positive constant Io¢c as follows:

I<Ice (39)

The controller is designed to ensure that Lss tracks Lg33 as closely as possible. Accordingly, the
tracking error is defined as follows:

e = Ld33 - L33 (40)

The sliding surface is defined as follows:
s=ke+é (41)
The ideal controller is designed as follows:
1 . ) _
Uideal = go(Ld33 — AoLazs — CoLags — d + ké) (42)

However, in practical systems, uncertainty terms inevitably exist. Therefore, this study employs
a radial basis function neural network (RBFNN) to estimate the uncertain term d in Eq. (42).
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Input Hidden Output
Layer Layer Layer

Figure 4: Structure of Radial Basis Function Neural Network

3 Controllers Design

RBFNN is a triple-layer neural network (input — hidden — output) proposed by Moody and Darken
in the late 1980s. The network has good approximation capabilities for continuous functions, notable
for its strong local approximation. Data is transmitted linearly from the input layer to the hidden
layer, transformed non-linearly (usually using Gaussian functions), and then transmitted linearly to
the output layer to produce the result as described in Fig. 4.

=il .
hj:exp<—%2J ,j=1,2,...,5 (43)
J
where & = [z1,x9, .. .,xn]T is input layer. Each neuron uses a Gaussian activation function,

c; = [c1j, CQJ']T is center vector and b; is width of the jth net of Gaussian function of RBF.
The RBF neural network is used to approximate the total disturbance d:

d=WTH (z) +¢ (44)

where ¢ is the approximate error, W*T' = [w}, w3, ..., w?] is the ideal weight matrix. An online
adaptive method is proposed to adjust the weight matrix W, aiming at achieving the ideal weight
matrix W*. Then, the output of the real-time neural network can be represented as follows:

d=WTH (z) (45)
where d is an approximation of the total disturbance d, and W7 = [W1, W2, ..., Ws] is the adaptive
2T .. .
weight matrix. The weight adaptation law W = [y, e, ..., ws] is expressed as follows:
W = §sH (x) (46)

where § > 0 is gain factor. When the approximate value of the total disturbance d is inserted into
Eq. (42), the control expression is obtained as follows:

1 /. ) R )
Ucontrol = 5 (Ld33 — AoLasz — CoLgzz — d + ke) (47)
0
Proof. The Lyapunov function is defined as follows:
=ty Lwrw (48)
= —S _—
2 2n

where W = W* — W. The derivative of Eq. (48) yields the following result:

1 ~ 2 . . 1 ~ B
L=si+-WIW=s [ke T (Ldgg — AoLgss — CoLass — Bou — d)} - 5WTW

n (49)
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Substitute the derivative of Eq. (41) into Eq. (49) to obtain:

. . 1 ~ B
L=s [/fé + (Ld33 — AoLass — CoLazs — Bou — d)} — 5WTW
. . . . . ~ . 1 ~ TE
=5 {ke + k2 [Ld33 — AoLasz — CoLass — (Ld33 — AoLagz — CoLags — d + ke) - d]} - EW A"
~ 1 -~ 2
=s(d—d) - -W'W
n
(50)
Substituting the expressions in Eq. (44) and Eq. (45) into Eq. (50), the result is as follows:
. N 1 ~ 2 ~ 1 ~ 2
L=s[-WIH (@) + WH (2) + | - SWIW = s [WIH (2) + | - -WIW
(51)

=w7T [sH (x) — ;W] — s|e]

Finally, applying the weight adaptation law Eq. (46) to Eq. (51) leads to the following expression:

L=WT[sH (z) - sH(z)] —se = —se < —s||g] <0 (52)

From Eq. (52), it can be observed that — |s||e|. Therefore, the system achieves global asymptotic
stability, with s — 0 and e — 0 as t — oo.

4 Results and Discussion

Front Rear

HARDWARE CONFIGURATION DESCRIPTION
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Figure 5: Real-time implementation of the proposed RBFNN-based controller for the Triple-tank
water level system
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Experiments were conducted on a hardware-in-the-loop (HIL) simulation platform to evaluate
the feasibility, accuracy, and real-time performance of the proposed control method. The use of
HIL enables verification of the control algorithm under conditions close to real-world operation while
ensuring the safety and repeatability of the test scenarios. The experimental system was built using
the OPAL-RT OP5707XG real-time simulator, directly connected to the host PC via Ethernetas shown
in Figure 5. The simulator was equipped with a parallel-processing architecture featuring two Intel®
Xeon® Gold 5222 processors, each with 4 cores and a clock speed of 3.8 GHz, along with RAM to
meet the real-time computing requirements of the system model. The experiments were designed
to evaluate control accuracy through criteria such as response level, settling time, and resistance to
uncertainties when implemented on real-time hardware. The real-time implementation was carried
out with a sampling time of Ts = 50 us. The neural network consists of 5 radial basis neurons, with
the learning rate n = 0.5 and § = 0.5. The centers of the basis functions are selected within the
interval [-1, 1], and the width parameter is set to b = 1.

In this study, the performance of the PID, SMC, and RBFNN controllers is compared using error-
based performance indices. Root Mean Square (RMS), Mean Absolute Error (MAE), and Mean
Error (ME) are used to quantify the system’s overall tracking accuracy. In addition, time-integral
performance indices, including the Integral of Absolute Error (IAE) and the Integral of Squared Error
(ISE), are utilised to evaluate the cumulative control effectiveness throughout the operating period.
Furthermore, the settling time within the 2% and 5% tolerance bands is used to analyse the response
speed and the system’s ability to maintain stable operation. The combination of these performance
indices enables a comprehensive, objective, and consistent comparison of the control performance
among the investigated control strategies.

4.1 Maintain a stable water level at a certain value

In the first scenario, the reference water level is maintained at a fixed operating value. The objective
of this experiment is to evaluate the steady-state accuracy, transient response characteristics, and
disturbance rejection capability of the control strategies when implemented on the hardware-in-the-
loop (HIL) platform. Key performance indices, including overshoot, settling time, and steady-state
error, are monitored and analysed to assess the robustness and reliability of the controllers under
uncertain operating conditions. This scenario provides a baseline for comparing the dynamic behaviour
and stability properties of different control methods before considering more challenging cases with
time-varying reference signals.
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Figure 6: Water level response over time under different control methods
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Figure 6 shows the water level response of the system under the influence of PID, SMC, and
RBFNN controllers when tracking a reference value. It can be observed that all methods can track
the setpoint signal; however, the controllers’ accuracy differs significantly. The PID controller exhibits
a slower response time and significant oscillations during the transient phase. Meanwhile, the SMC
controller improves the response speed but still exhibits oscillations and overshoot, which can affect
the actuator’s lifespan when implemented in a real system. Conversely, the RBFNN controller shows
a clear advantage, reaching the reference value faster, exhibiting a smaller overshoot amplitude, and
showing significantly reduced oscillations. Thanks to its efficient nonlinear approximation and online
adaptation, the RBFNN can compensate for system uncertainties and parameter variations better
than other control methods.
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Figure 7: Tracking error under different control methods

Figure 7 shows the tracking error of the system when using PID, SMC, and RBFNN controllers.
Initially, the error decreased rapidly for all methods, indicating effective control during the transient
phase. However, differences in control quality became apparent during the steady-state phase. The
PID controller exhibited slower error decay and small oscillations around the equilibrium point. The
SMC controller significantly improved the speed of error suppression; however, residual oscillations
persisted during the initial steady-state phase, which could lead to vibrations or chattering in a
practical implementation. Meanwhile, the RBFNN controller showed a clear advantage, bringing
the error closer to zero faster, with the smallest oscillation amplitude and the shortest settling time
among the methods. Thanks to its ability to learn and approximate the nonlinear characteristics
of the system, RBFNN can effectively adapt to uncertainties and disturbances, thereby minimising
residual errors in both transient and steady-state phases.

Figure 8 presents a quantitative comparison of the control performance of PID, SMC, and RBFNN
controllers based on several error indices, including RMS, MAE, ME, TAE, and ISE, where lower
values indicate better performance. It is evident that the RBFNN controller consistently achieves
the lowest values across all metrics, confirming its superior error reduction capability. In terms of
RMS, the RBFNN achieves a value of 2.831, corresponding to a reduction of approximately 14.6%
compared to PID (3.317) and 10.5% compared to SMC (3.163). Similarly, the MAE is reduced
by about 20.0% compared to PID and 11.6% compared to SMC. The mean error (ME) also shows
noticeable improvement, decreasing by approximately 21.3% and 12.0% relative to PID and SMC,
respectively. For the integral performance indices, the RBFNN reduces IAE by approximately 26.0%
compared to PID and 19.9% compared to SMC. A similar trend is observed in ISE, where reductions
of approximately 20.3% and 26.5% are achieved compared to PID and SMC, respectively. These
reductions indicate that the RBFNN not only minimizes instantaneous errors but also significantly
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decreases the accumulated error over time.
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Figure 8: Quantitative performance comparison of PID, SMC, and RBFNN controllers based on error-
based indices

4.2 Water-level control under time-varying reference conditions

In the second scenario, the water-level reference follows a time-varying trajectory according to a
predefined time-dependent trajectory, which more closely reflects the operational requirements of prac-
tical water-level control systems. Unlike step-type reference changes, this scenario introduces dynamic
variations in the setpoint, posing greater challenges to the control system in terms of tracking accu-
racy, adaptability, and real-time performance. The primary objective of this experiment is to evaluate
the ability of the proposed control strategy to accurately track time-varying reference signals while
maintaining system stability under continuously changing operating conditions. Particular attention
is given to the controller’s capability to adapt to rapid variations in the reference trajectory and to
compensate for system nonlinearities and uncertainties during real-time implementation. Tracking
performance is assessed using multiple criteria, including tracking error magnitude, the smoothness of
the system response, and robustness to dynamic disturbances.

Figure 9 shows the water level response of the system when the reference signal changes contin-
uously, reflecting the actual operating conditions of the water level control system. The PID, SMC,
and RBFNN controllers can all track the reference trajectory; however, their tracking performance
and response quality differ significantly, especially during rapid setpoint changes. Observation of
the magnified areas (ZOOM1 and ZOOM?2) shows that the PID controller exhibits tracking lag and
relatively large oscillations after each change in the reference value. The SMC controller improves re-
sponse speed but still exhibits residual oscillations during the transient phase, which can compromise
the system’s smoothness in practical applications. Conversely, the RBFNN controller demonstrates
superior trajectory tracking, with low lag, low oscillation amplitude, and a smoother response to
continuous changes in the reference signal. In particular, in the magnification regions, the RBFNN
quickly stabilises around the new set value without causing significant oscillations, demonstrating its
effective adaptability to dynamic system changes. This advantage stems from the RBFNN’s online
learning and nonlinear approximation capabilities, allowing the controller to better compensate for
model uncertainties and noise in real-time environments.
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Figure 9: Water level tracking response under continuously varying reference using PID, SMC, and
RBFNN controllers
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Figure 10: Water level tracking response under continuously varying reference using PID, SMC, and
RBFNN controllers

Figure 10 shows the system’s tracking error when the water-level reference signal changes continu-
ously. The error mainly occurs during rapid changes in the reference trajectory, while in the remaining
time intervals, the system maintains near-zero error, indicating the stable tracking capability of the
compared control methods. Observation of the magnified areas (ZOOM1 and ZOOM?2) shows that
the PID controller exhibits a larger error amplitude and a longer error decay time, indicating limited
adaptability to dynamic changes in the setpoint. The SMC controller significantly improves error
suppression speed; however, residual oscillations persist during the transient phase, which can com-
promise response smoothness and cause vibrations in practical applications. Conversely, the RBFNN
controller shows a clear advantage with faster error decay, the smallest error amplitude, and effec-
tive damping of oscillations after each change in the reference trajectory. Within the magnification
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regions, the RBFNN quickly reduces the error to near zero without causing significant oscillations,
demonstrating high adaptability and superior stability.
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Figure 11: Comparison of RMS, MAE, Mean Error, TAE, and ISE for continuously varying reference
conditions

Figure 11 presents a quantitative comparison of the control performance of PID, SMC, and RBFNN
controllers under continuously varying reference conditions. The evaluation metrics include RMS,
MAE, Mean Error (ME), IAE, and ISE, where lower values indicate better performance. It is evident
that the RBFNN controller consistently achieves the lowest values across all criteria, confirming its
superior error-reduction capability. Specifically, the RBFNN achieves an RMS value of 0.605, corre-
sponding to a reduction of approximately 14.8% compared to PID (0.71) and 11.0% compared to SMC
(0.68). Similarly, the MAE is reduced by about 22.2% relative to PID and 12.5% relative to SMC.
The mean error (ME) also shows a substantial decrease, with reductions of approximately 55.8% com-
pared to PID and 44.1% compared to SMC, indicating a significant reduction in residual bias. For the
integral performance indices, the RBFNN reduces IAE by approximately 11.7% compared to PID and
11.3% compared to SMC. Likewise, the ISE is reduced by about 10.9% and 10.7%, respectively. These
improvements demonstrate that the RBFNN not only minimizes instantaneous tracking errors but
also effectively reduces the accumulated error over time, particularly under rapidly changing reference
conditions.

In practical implementations, factors such as sensor noise, communication delays may affect control
precision. Although these effects are partially reflected in the HIL environment, further investigation
under real industrial conditions would be necessary to fully validate the robustness of the proposed
controller.

5 Conclusion

This paper investigates the application of a Radial Basis Function Neural Network (RBFNN)-
based control strategy for water-level regulation in a triple-tank system, with a particular focus on
controlling the water level in Tank 3. The proposed controller is implemented and validated on a
hardware-in-the-loop (HIL) platform using the OPAL-RT OP5707XG real-time simulator, enabling
realistic evaluation under real-time constraints.

A key advantage of the RBFNN-based controller is that it does not require an accurate mathemati-
cal model of the highly nonlinear triple-tank system. By leveraging its strong nonlinear approximation
capabilities and online learning mechanism, the RBFNN can effectively compensate for system nonlin-
earities, external disturbances, and parameter uncertainties in real time. Two experimental scenarios
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were conducted to comprehensively assess the controller performance under different operating con-
ditions, including constant and continuously varying reference water levels. Both simulation and HIL
experimental results demonstrate that the proposed RBFNN controller enables the water level in Tank
3 to accurately track the reference trajectories with fast transient response, reduced overshoot, and
smooth steady-state behaviour. Quantitative performance evaluation further confirms that RBFNN
consistently achieves the lowest RMS, MAE, Mean Error, IAE, and ISE values when compared with
conventional PID and sliding mode control (SMC) methods across all test scenarios. The superior
performance of the RBFNN controller highlights its robustness and adaptability in handling dynamic
reference changes and system uncertainties, making it particularly suitable for real-time implementa-
tion in practical water level control applications.

Despite these advantages, the performance of the RBFNN controller still depends on the selection
of network parameters and learning rates, and its sensitivity to measurement noise remains uninvesti-
gated. Future work will focus on experimental validation on a physical triple-tank system, automatic
optimisation of neural network parameters, enhancement of noise robustness, and extension of the
proposed approach to more complex operating conditions and disturbance scenarios.
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