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Abstract

The design of robust controllers for complex nonlinear systems remains a formidable
challenge, particularly concerning the disparity between simulation performance and real-
world implementation constraints. This research investigates the practical implementation
of a backstepping controller integrated with a High-Gain Observer (HGO) on a Twin Rotor
MIMO System (TRMS). While the control architecture exhibited stability and precise track-
ing in simulation, physical deployment initially failed due to sensitivity to measurement
noise and the peaking phenomenon, resulting in a divergent response with a Yaw RMSE of
2.56 rad. Unlike conventional approaches that attempt to bridge the simulation-to-reality
gap by optimizing the controller, we hypothesized that the critical bottleneck lay within
the observer dynamics. To address this, a Radial Basis Function (RBF) Neural Network
was employed to adaptively tune the observer gains in real time. Experimental results
demonstrate that this adaptive mechanism successfully mitigated the effects of unmodeled
dynamics and noise, reducing the Root Mean Square Error (RMSE) by over 85% in the pitch
axis and 95% in the yaw axis. These findings substantiate that online adaptive observer
tuning is a decisive strategy for ensuring the reliability of advanced nonlinear controllers

on physical hardware.
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making precise and robust control a formidable task. To validate new control strategies
before deployment, researchers frequently utilize laboratory-scale benchmark systems that
accurately emulate these complex dynamics. Among these, the Twin Rotor Multiple-Input
Multiple-Output (TRMS) system is one of the most widely recognized testing platforms [1].
By simulating the fundamental behavior of a helicopter, the TRMS provides a robust
environment for evaluating sophisticated flight control and optimization schemes.

Initial research into TRMS control focused largely on classical and optimal control
theories. Proportional-Integral-Derivative (PID) controllers are frequently employed due to
their simplicity and reliability in localized operating regions. Additionally, optimal control
methods such as the Linear Quadratic Integral (LQI) and Linear Quadratic Gaussian (LQG)
controllers have been proposed to meet specific performance objectives while minimizing
cost functions [2]. However, because these methods rely on linearized models, their
effectiveness often diminishes when the system operates across a wide range or encounters
significant nonlinearities.

To address these limitations, the community has shifted toward advanced nonlin-
ear control schemes. Robust techniques, such as Sliding Mode Control (SMC) [3] and
Feedback Linearization [4], have been applied to the TRMS to directly manage system
nonlinearities. Backstepping control, in particular, has emerged as a powerful recursive
design methodology that ensures stability through the strategic selection of Lyapunov
functions [5]. Developed originally by Krstic et al. [6], backstepping is uniquely suited
for systems in strict-feedback form, allowing for the recursive stabilization of subsystems
until a final control law is derived. This approach has been successfully implemented in
various domains, including trajectory tracking for mobile robots [7] and motor control [8].
Recent studies have further enhanced backstepping by integrating it with Sliding Mode
Control [9] or disturbance observers [10] to handle increased complexity.

Because backstepping requires full-state feedback, an observer is necessary when only
outputs are measurable. The High-Gain Observer (HGO) is a popular choice for nonlinear
systems due to its rapid convergence properties [11]. However, physical implementation of
a standard HGO is often hindered by the peaking phenomenon and extreme sensitivity
to measurement noise [11]. To mitigate these issues, advanced structures such as filtered
HGOs or multi-observer designs have been developed [12-16]. Despite the theoretical
success of combined backstepping and HGO architectures, a significant “simulation-to-
real-time” gap often exists due to discrepancies between idealized models and physical
hardware [17].

To bridge this gap, this paper proposes a novel adaptive control structure that in-
tegrates a Radial Basis Function (RBF) Neural Network with a backstepping controller
and an HGO. While previous work explored Type-2 Takagi-Sugeno fuzzy logic for this
purpose [18], the transition to hardware requires even faster adaptation. RBF networks are
utilized here as universal approximators to counteract unmodeled dynamics that are diffi-
cult to characterize analytically [19-23]. The core contribution of this work is the real-time,
online tuning of HGO parameters using an RBF network to overcome the implementation
bottlenecks of the TRMS. The remainder of this paper is structured as follows: Section 2 de-
tails the methodology, including the TRMS model and the design of the adaptive controller;
Section 3 presents simulation and experimental results; and Section 4 concludes the study.

2. Materials and Methods
2.1. Plant Model

The Twin Rotor Multi-Input Multi-Output System (TRMS), manufactured by Feed-
back Instruments Ltd. (Crowborough, UK), is a laboratory device which simulates the
behavior of a helicopter, as indicated in the manual provided by the manufacturer [22].
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The equipment consists of a horizontal beam pivoted on a vertical tower, with the ends
of the beam capped by two propellers: a main rotor and a tail rotor. To provide overall
static stability, a counterweight is added. This design allows the beam to rotate freely,
performing pitch and yaw movements, making the system an appropriate reference point
for investigating complex multivariable control problems. The control unit located at the
base of the apparatus includes an input/output (I/O) subsystem connecting a computer to
a sensor data stream as real-time data, acting as an interface to implement the closed-loop
controller. The general form of the nonlinear state space model can be used to describe
the dynamics of the system, and the physical architecture of the apparatus is illustrated in

Figure 1:
x=f(x,u,t
y=g(xut)

where: x € R" is the state vector, u € R™ is the control input vector, and y € R” is the
output vector.

| ———|
ﬂ
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Figure 1. Schematic diagram of the Twin Rotor MIMO System (TRMS) illustrating the main rotor, tail
rotor, and degrees of freedom.

Following the validated methodology in [24,25], the specific nonlinear model for the
TRMS used in this work is described by a set of six first-order differential equations. The
state vector is defined as x = [x1, X, X3, X4, x5, %]T = [, ¢, ¢, $, 11, T2]T, where ¢ is the
pitch angle, ¢ is the yaw angle, and 77 and 1, are the torques generated by the main and tail
rotors, respectively. The control inputs are the voltages applied to the main and tail motors
u = [Uy, Up]". The system dynamics are given by:

= Xy

1

= H(alxg + b1xs5 — Mg sinx; — Byyxy — Boysgn(xa) — Kgyxy cos(x1)(a1x§ + by1xs))

X4

};(ﬂzxé + baxe — Bipxs — Bagsgn(xy) — 1.75Kc(a1x§ + byxs5))
—%J@ + %Lﬁ

T K
*ﬁﬁ% + TTZ]UQ

)

The system output vector consists of the directly measurable pitch and yaw angles:

y =[x, x3]" = [, 9]" ®)

The parameters in Equation (2) represent the physical properties of the system, includ-
ing moments of inertia (I, I), aerodynamic force and torque constants (a1, b1, a3, b2), gravi-
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tational moments (Mg), friction coefficients (B s le/,, Bl(,,, B2¢), gyroscopic cross-coupling
gains (Kgy, K,), and motor dynamics parameters (T1o, T11, Ky, Too, T21, K2). The specific
numerical values for all these parameters are detailed in the manufacturer’s manual [26].

2.2. Backstepping Control

Backstepping is a recognised tool for the design of controllers for nonlinear systems [5,6].
However, the state model given in (2) does not fit the strict-feedback structure, thus creating
a mismatch with the standard requisites for backstepping. The way around this is to use a
decentralised approach where the dynamics of the pitch and the yaw are handled separately
with the intercoupling seen as a disturbance to be rejected by the controller.

The systematic design for both subsystems is explained below:

2.2.1. Backstepping Control for the Pitch Subsystem

For the controller synthesis, the cross-coupling terms are omitted from the state
equations and are treated as external disturbances. Thus, the design model differs slightly
from the full plant model in (2). The decentralized model for the pitch subsystem is

given by:
X1 =%
ity = 1 (23 + brxs — Mg sinxy — Biyxz — Bay(x1)) @
X3 = —%J@, + %Ul

where x; = ¢, x; = ¢, x3 = 7y, and Uj is the control input. Note: The state indices are
redefined locally for this subsystem; specifically, x3 here corresponds to the main rotor
torque x5 in the full plant model (2). The backstepping design proceeds in three steps to
ensure the state x; tracks a desired trajectory xy4.

Step 1: Primary Tracking Error and First Virtual Control

The design begins by defining the tracking error for the pitch angle, z1, as the difference
between the actual state x; and the desired trajectory x1,:

Z1 = X1 — X14 )

To analyze the error dynamics, a candidate Lyapunov function V; = %z% is selected.

Its time derivative is found by using the derivative of the error, Z; = x, — X1, as follows:
Vi = 2121 = z1(x2 — H14) (6)

In this expression, the state x, acts as a control input for the z; subsystem. It is therefore
treated as a virtual control, and a stabilizing function, a1, is designed as follows:

a1 = —c121 + Xg ()

where c; > 0 is a positive design constant. The discrepancy between the state x, and its
stabilizing function «; is defined as a new error variable, z, given by:

Z =X —m (8)
Substituting this into the derivative of V; yields:
Vi = —a1zt + 2122 9)

The term —clz% is stabilizing, but the indefinite cross-term z;z, must be addressed in
the subsequent step.

https://doi.org/10.3390/automation7020040


https://doi.org/10.3390/automation7020040

Automation 2026, 7, 40

50f21

Step 2: Stabilization of the Augmented Pitch Subsystem
The second step addresses the stabilization of the z; error. The dynamics of this error,
Zp = Xy — &1, must first be evaluated. The dynamic of X; is:

1
Xy = I (alxz + bi1x3 — Mg sinx — Bllez — lep(xl)) (10)

The time derivative of the virtual control «; is:

ale 8

_ . ; 1
Fon Zit g 1dx1d c1(x2 — X14) + ¥14 (11)

fy =
Substituting into the expression for 2, gives its complete form as:

Zp = I —(a1x3 + byx3 — Mgsinx; — Biyxa — Bay(x1)) +c1x2 — c1%1g — 14 (12)

Now, the Lyapunov function is augmented to V, = V; + 22 Its time derivative is:
V2 = —clz% + 21292 + ZQ(XQ — L'Kl) (13)

To continue the recursive design, the terms influenced by the true control input (via
x3) are grouped into a new variable, E:

1
E= H(alxg + b1x3 — Biyxz) (14)

Now, E is treated as the next virtual control. A second stabilizing function, &y, is
designed for E, and a final error variable, z3 = E — &y, is introduced. The function «; is
strategically chosen to ensure stability:

Xy = —(CpZyp — 21 + — (Mg sinx] + le,,(xl)) —C1X +Cc1X14 + X4 (15)

where ¢y > 0. With this structure, the derivative of the Lyapunov function simplifies to:

V, = —clz% — CzZ% + zp23 (16)

Step 3: Derivation of the Final Pitch Control Law
The final step derives the actual control input U;. The complete Lyapunov function
for the system is

1
V3=V, + *Zé (17)

2
Its time derivative is V3 = V5 + z323. The error dynamic Z3 is first established below:
Z3 = E—i» (18)

The expression for E is found by differentiating (13), which requires the dynamic of %3
as follows:

. T1o Ky
= — — P 1
X3 Ty x3 + T Uy (19)
This leads to: 1
E= T [(2a1x3 + by) %3 — Biyia) (20)
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Substituting (19) into (20) gives Easan explicit function of U;:

1 T K
E=— {(2a1X3 +by) (mx3 + 1u1> - Bh,,xz} 1)
T T11

The derivative of the second virtual control, iy, is also required:

Mg cos(x)

I Xg — c1Xp — (X2 — X14) — €2(23 — 21 — C222) + C1%1g + Hi4 (22)

&
Returning to the Lyapunov derivative, V3 can be written as:

Vg = —clz% — sz% + Z3(E — 0.62) (23)

To render V3 negative definite, the control Uj is chosen to enforce the following

condition:
1 T K ) M, cos(x1) ) )
* [(2ﬂ1x3 +b1) (_10x3 + 1U1) - Bnpxz} - {373(2 —c1Xp — (%2 — %14)
L T T L (24)
—c2(23 — 21 — €222) + c1%14 + 551d] = —Z3 — (323
where c3 > 0. By substituting the expanded forms of E (from (21)) and &, (from (22)) into
(24) and isolating the U; term, we obtain the final control law:
T Mg cos(x1) . .
U= —-"11  V(—z — Bl it St VAV — (xy — _ gy —
1 <K1(2a1x3 n b1)> ( Zp — €323 + I Xy —crdp — (X2 — H14) — c2(23 — 21 — €222) 5)
P 0 POy ettt )
T 2T 2t et

This control law satisfies the design condition from Equation (24). As a result, it
guarantees that the derivative of the Lyapunov function is always negative.

V3 = —c128 — cp25 — 323 < 0, (26)

This result formally proves that the pitch tracking error is globally asymptotically

stable. We designed the controller for the yaw subsystem using an analogous three-step
procedure.

2.2.2. Backstepping Control for the Yaw Subsystem

We designed the yaw controller using the same process as the pitch controller. It
follows the same three-step method to make sure the yaw angle robustly follows its desired
path, xp4. The simplified model used for the yaw subsystem is shown in (27) as:

X4 = X5
X5 = %(ﬂzxé + baxe — B1pxs — Bopxs) (27)
Xg = —%(1)3% + %UZ

where x4 = ¢, x5 = ¢, x¢ = T, and Uy is the control input.
Step 1: Tracking Error and First Virtual Control
The tracking error is defined as:

Zy = X4 — Xog4 (28)
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The stability of this error is analyzed using the Lyapunov candidate V; = }z2, whose
time derivative is:
Vi = 2424 = z4(x5 — ¥24) (29)

As before, the state x5 is treated as a virtual control, and a stabilizing function ay is
designed for it:

Ky = —Caz4 + X4 (30)

where ¢4 > 0. The discrepancy between the state x5 and its virtual control a4 is defined as
the new error variable, z5:
Z5 = X5 — K4 (31)

Substituting this into Vj yields:
V) = —cyz3 + 2425 (32)

Step 2: Stabilization of the Augmented System
The second step focuses on stabilizing the z5 error. The analysis requires the derivative
Z5 = X5 — &4, which in turn requires the dynamics of x5 and dj:

. 1
X5 = I—z(a2x§ + byxg — B1¢X5 - Bz¢X4) (33)
dy = —cy(x5 — Xpq) + Fog (34)

Substituting these into the Z5 expression gives its full form:

) 1 ) N
Z5 = E(ﬂzxé + baxe — BipXs — Bog(x4)) + caXs — cadpg — Xog (35)

The Lyapunov function is now augmented to V5 = V; + %zé The term F is introduced
to encapsulate the dynamics influenced by the true control input U, (via x¢):

1
F= TZ(CIQX% + byxg — B1¢X5) (36)

A final error variable zg = F — a5 is defined, where a5 is the second virtual control,
designed as:

1 ) .
a5 = —C525 — z4 + 1—2(B2¢(x4)) — C4X5 + CyXpg + Xog (37)

With ¢5 > 0. The term —z4 is included to cancel the z4z5 term that will arise in the
Lyapunov derivative. The Z5 dynamic can now be expressed as:

. 1 . y
Z5 = z6 + &5 — E(quy(?%)) + €45 — Cc4Xpg — Fog (38)
Using this structure, the derivative of the augmented Lyapunov function simplifies to:
y 2 2
Vs = —c4z5 — 525 + 2526 (39)

Step 3: Derivation of the Final Control Law
The final step derives the actual control input U,. The complete Lyapunov function is:

1
V6 = V5 + EZ% (40)
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Its time derivative is Vg = V5 + z6Z6, where 24 = F — is. To solve this, the expressions
for F and &s are required. F is found by differentiating Equation (36):

. 1 . .
F= E [(2&23(6 + bz)x6 — B1¢X5] 41)

where the dynamic of x¢ is given by:

Ty K>
Xg = ——x¢+ =—U> (42)
6 Tx T

Substituting (42) into (41) gives F as an explicit function of Uy:

. 1 Ty K> .
F A {(2{123% +by) < Ty X6 + Ty U2> 1¢x5] (43)

The derivative of the second virtual control, is, is also computed:
&5 = —c4X5 — (X5 — Xo4) — ¢5(26 — 24 — €525) + Ca¥og + X'og (44)
The full Lyapunov derivative can now be written as:
Ve = —c423 — c522 + 2526 + 26(F — it5) (45)

To guarantee stability, the control input U, is chosen to enforce the following condition:

1 T K5 .

- b)) — 2%+ =21, | — B

15 [(zazxé b2) < Ty ° * T U2> WCS} 46
—[—cadts — (x5 — Xp4) — c5(26 — 24 — C525) + Ca¥pg + X'o4] (46)

= —25 — (626

where cg > 0. Solving this equation for U, yields the final control law for the yaw subsystem:

T _ .
Uy = — 2 )|(—z25— —eade — (s — _ o
2 (K2(2u2x6—|—b2)) [( 75 — CeZ6 + (—C4Xs5 — (X5 — dpg) — 5(26 — 24 — C525) .
- T qu, .
+ ca¥oq + Xog) + X6 + —— X5
I 15

2.3. Design of High-Gain Observer

The backstepping control laws obtained above need complete state feedback. This
makes it necessary to use an observer that estimates the unmeasured states of velocities
and the torque-rotor motor system (TRMS). The entailment to fit the nonlinearities of the
system is additionally heavier in the design of observers in the nonlinear systems compared
to the linear systems. High-gain observers are most popular amongst the numerous other
methods available. Scientists have reason to support them in large part due to their
strength, and also owing to the fact that the design process is systematic and a step-by-
step process that can be regarded as an extension of the traditional Luenberger observer
in linear systems. This study uses the theoretical framework advanced by Bornard and
Hammouri [27] despite the existence of numerous HGOs. We use his structure in the
complete, six-state coupled model of the TRMS thus making sure that the dynamics of the
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estimation of the states are the cross-coupling dynamics of the system. Given a general
MIMO nonlinear system characterized by the state-space representation:

X = f(x)+ Bu )
y = h(x)
The observer dynamics are given by:
s 1
£ =f(%)+Bu+ <84;(;)> A1(0,8)L(y — C%) (49)

The specific structure of Equation (49) is chosen for its ability to guarantee convergence.
The term involving L, scaled by the high-gain matrix A~!, acts as a powerful correction term.
This high-gain injection is designed to dominate the effects of the system’s nonlinearities,
effectively forcing the estimation error dynamics to behave like a stable, fast linear system.
This approach ensures exponential convergence of the estimated states to the true states,
provided the system meets certain observability conditions [27]. Thus, this formulation
systematically extends the Luenberger observer to a class of nonlinear systems while
allowing the convergence speed to be tuned via the gain parameter 6.

Remark 1. While recent advancements have introduced Finite-Time Observers and Sliding Mode
Observers [28-30], which offer rapid convergence in finite time, we selected the High-Gain Observer
for this study due to its well-understood peaking phenomenon. This property allows us to specifically
target the transient phase using the RBF network, providing a direct mechanism to balance noise
sensitivity vs. convergence speed via the gain .

§(2) = [L901(2) Lyha (2) - LA i () | -+ | Loy (8) Lk ()L hp(9)] 50)
#1+#2+"'+Vp:” (51)
_ 01 A1 (%) 0
1 _ 1
AT(0,0) = 0 6‘52A2(6‘52)1 (52)

with the scaling matrices defined as:

1 0 0 1 0 0
AMO)=10 1/6; 0 |, D)= |0 1/6, O (53)
0 0 1/62 0 0 1/62

Applied to TRMS, n = 6, p =2 and p; = pp = 3:

1 0 0 0 0 0
0 1 0 0 0 0
9L2h1(2)  OLZhi (%) OL2h1(2)  OLZhi (%)
s fildl i i i
99(%) _ | o 9%, 0 —3; %5 0 (54)
ox 0 0 1 0 0 0
0 0 0 1 0 0
OL2hy(2)  LZhy(2)  OLZhy(%)
72 i i
L 0 0 0 0%y %5 9%

with
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aLfrhl(f) _ —Mgcos(%1) + Kgy sin(£1)24(a123 + b1 25)
0% L
OLFhi(2) By,
%, L
aL%hl (ﬁ) Kgy cos(a%l)(ap?% + b1925)
e (55)
8x4 11
L3 (%)  2a1%5 4 by + Kgy sin(271)#4(a1 23 4 b1%5) — (2a1Kgy cos(%1) %5 — b1Kgy cos(£1)24)
8325 N I
aLJ%h2(32) B Bl(p
9ty Db
OL3ha(2) 175K, (2a1%5 + by)
%5 I
aszth(xA) B 2ay%¢ + by
0% I
2.3.1. Backstepping Control with Observer
Let us take a closer look at how the backstepping control laws, outlined in
Equations (25) and (47), are put into action by replacing the true state x with the estimated
state £, which comes from the observer Equation (50).
The Pitch Subsystem Controller-Observer Law
i Mg cos(%1) , . .
U = _— — — _— — — — — — —
1 <K1(26119?3 T bl)) ( Zp —C3Z3 + I £ — a1y — (f2 — %1g) — 2(z3 — 21 — €222) 56
cTog L PWs y ety + s )
TR T e U U
With 1
%y = H(ap?% + bi®3 — Mgsin 1 — Byyfs — Boy(£1)) (57)
The Yaw Subsystem Controller-Observer Law
U, = (TZl)[(z — Cez6 + (—Cys5 — (5 — Xog) — c5(26 — 24 — C525) + 4%
2 Kz (2a2%6 + bo) 5 — C6Z6 4X5 5 — X4 5(26 — 24 — (525 4X24 68)
L)+ gy Doy |
2d Tn 6 A 5
With 1
X5 = Tz(ﬂzfg + bafe — Bip®s — BopXs) (59)

2.3.2. Stability Analysis

We base our analysis on the principle of time-scale separation for output-feedback
control using high-gain observers, as detailed in sources like Khalil and Vidyasagar [31,32].
This approach is effective because the High-Gain Observer can be designed for arbitrarily
fast exponential convergence. While the backstepping control law ensures global asymp-
totic stability under full-state feedback, the combined output-feedback system achieves
semi-global practical asymptotic stability. The theory establishes that if the observer error
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decays sufficiently fast, the trajectories of the closed-loop system recover the performance
of the target state-feedback system, ensuring bounded and stable tracking behavior.

Furthermore, it is important to address the robustness of the backstepping controller
against the observation error. As established in [27], the HGO estimation error ¥ = x — £
converges exponentially to a small ultimate bound (a neighborhood of the origin) that can
be made arbitrarily small by increasing 6. This bounded error acts as a disturbance to the
controller. Since the backstepping controller possesses Input-to-State Stability (ISS) proper-
ties with respect to such disturbances, the closed-loop system maintains stability provided
the observer gain 0 is chosen sufficiently high to make the estimation error dynamics faster
than the controller dynamics, fulfilling the time-scale separation requirement.

2.4. Implementation of the RBF Neural Network for HGO Parameter Tuning

In order to attain high levels of performance in our real-time experiments, a Radial
Basis Functions Neural Network (RBFNN) is used. The main task of the RBFNN is to
adjust the parameters of the High-Gain Observer (HGO) online. Being a part of the
feedforward network family, the RBENN is an efficient and rich tool in the field of function
approximation, which makes it a suitable solution to this problem [33]. The most notable
characteristic of the RBFNN is its localized response, which is especially beneficial when
dealing with the complex nonlinear behavior of the TRMS.

2.4.1. Network Architecture and Integration

The network’s implementation begins with the normalization of the input error. To
avoid saturation and ensure numerical stability, we normalized the instantaneous tracking
error e(k) using a hyperbolic tangent function:

Xin (k) = tanh(fg(zk)) (60)

The activation function for the i-th hidden neuron in the RBF layer is given by the

¢i(k) = exp <W> (61)

where N = 7 is the number of neurons, ¢; is the center of the i-th neuron, and o; is the

Gaussian function:

spread width. The network outputs are computed as a weighted sum:

™M=

Ynet,j(k) = ) _wipi(k), j=1,2 (62)
i=

where w; ; are the output weights. The internal structure of this neural network is depicted
in Figure 2.

To visualize how this adaptive tuning mechanism interacts with the backstepping
controller and the observer in the real-time loop, the complete integration scheme is
illustrated in Figure 3.
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Input Layer Hidden Layer (RBF) Output Layer

Normalized
Error

Yaw Gain

O Pitch Gain

0000000

Figure 2. Architecture of the RBF Neural Network used for online tuning. The network takes the
normalized tracking error (x;,,) as input, processes it through 7 Gaussian hidden neurons, and outputs

the adaptive observer gains for Pitch (6,) and Yaw (6y).

RBFN Algorithm

Extract Error
Initialize
Parameters
Compute Activations
[ Weighted Sum in Output Layer I
Target Vector
Calculation
Output Error Computation

Gradient Calculation
Update Parameters

Output
Application

Figure 3. Flowchart of the RBFNN-HGO tuning mechanism and its integration with the TRMS con-
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-

Reference r(t)
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[
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1

r________J
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trol loop.

2.4.2. Safety Scaling and Output Smoothing
To guarantee that the observer gains remain within a safe, physical range on the
hardware (avoiding the peaking phenomenon), the raw network outputs ;¢ are processed

through a final scaling layer:

tanh 1
Op oo = 1 +4(a“<y2”>+) € [1,5] (63)
nh 1
Oy raw = 0.5 + 1.5(ta(y”2‘f*'2)+> € [0.5,2] (64)
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Additionally, a discrete-time low-pass filter is applied to prevent abrupt changes in
the observer dynamics:
O(k) = 0.80(k — 1) + 0204 (k) (65)

where © = [0, 6,]T.

2.4.3. Learning Algorithm

The training process uses a target-based gradient descent approach. The target vector
is designed to increase the observer gain when the error is large (to force convergence) and
decrease it when the error is small (to reduce noise sensitivity):

target(k) = (66)

1+ tanh(e(k))
0.5(1 4 tanh(e(k)))

The parameter gradients for the weights (w), centers (c), and widths (o) are derived
via the chain rule to minimize the instantaneous cost function | = % Z(targetj — ym,t,j)z.
The complete computational procedure is detailed in Algorithm 1.

Algorithm 1 Online HGO Tuning via RBF Neural Network

Require: Estimation error e(k), Previous gains ©(k — 1), RBF parameters (c, o, w)
Ensure: Tuned HGO parameters ©(k) = [6,,6,]"
1: Input Pre-processing:
. Xy + tanh(e(k)/2) > Normalize input to [—1, 1]
: Forward Pass (RBF):
: fori =1to N do
i < exp(—(xin — )%/ (207))
end for
© Ynet < Zwi¢i
: Target Generation:
. Target < [1 +tanh(e(k)); 0.5(1+ tanh(e(k)))]”
: Parameter Update (Gradient Descent):
: Compute Output Error: E < Target — ypet
: Updatew <~ w+#n-E-¢
: Updatec < c+n-E-w-¢- (xiy —c)/0?
: Output Smoothing & Scaling;:
: 0y < 1+4(0.5(tanh(yper,1) +1))
: 0y < 0.541.5(0.5(tanh(yper2) +1))
: O(k) < 0.80(k — 1) +0.2[6,,6,]"
: return O(k)

© ® NS U W N

e e e T
P N O U WD = O

3. Results and Discussion
3.1. Experimental and Simulation Setup

To bridge the gap between theory and practice, the proposed control strategy was
validated through both numerical simulation and physical implementation.

Simulation Platform: Initial validation was performed in MATLAB/Simulink (2014a)
(The MathWorks, Inc., Natick, MA, USA). The full nonlinear model (Equation (2)) was
simulated using the ode1 (Euler) fixed-step solver with a step size of 0.001s to match the
hardware sampling rate.

Experimental Hardware: The physical implementation utilizes a Hardware-in-the-
Loop (HIL) architecture, as detailed below:

e  Hardware Interface: The TRMS rig is interfaced via an Advantech PCI-1711 data
acquisition card. This card features 12-bit Analog Output (DAC) channels to drive the
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DC motors and high-speed digital inputs to read the optical encoders (2000 pulses/rev)
for pitch and yaw angles.

¢  Real-Time Kernel: The control algorithms were compiled using the Simulink Real-
Time Windows Target kernel, allowing the PC to execute the control law deterministi-
cally at 100 Hz (Ts = 0.01 s).

*  Signal Conditioning: A SCSI adapter box interfaces the PCI card to the TRMS base
unit, routing voltage commands (Uj, Up) and sensor feedback (¢, ¢).

Figure 4 illustrates the schematic of the hardware-in-the-loop connection between the
control PC and the TRMS unit.

Figure 4. Experimental hardware interface: detailed connection schematic showing the signal flow
between the PC, the Advantech PCI-1711 data acquisition card, and the TRMS base unit. Arrows
indicate the direction of signal transmission.

To ensure a fair comparison between the controllers, a standardized tuning protocol
was followed. The Baseline HGO gains were manually tuned to the maximum possi-
ble value (0 = 3) before noise-induced vibration became detrimental to the mechanical
structure. The RBF-HGO was initialized with these same conservative base values. This
ensures that any performance improvement is solely due to the RBF network’s ability to
dynamically increase the gain during transients without causing instability.

3.2. Simulation Results

We first simulated the validation of the control strategies. Figure 5 shows that Baseline
HGO recorded stability in tracking performance. Figure 6 shows the working performance
of the proposed RBFN-HGO, which shows a significant improvement.

(a) Pitch Tracking

—=- Reference (ya)

—— Baseline Response (y)

Pitch Angle (rad)
°
3

v v 7 K 2 v

(b) Yaw Tracking (Si

=== Reference (¢s)
—— Baseline Response (¢)

Yaw Angle (rad)

20 40 60 80 100
Time (s)

Figure 5. Simulated tracking performance of the standard HGO: (a) Pitch axis tracking; (b) Yaw
axis tracking.
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(a) Pitch Tracking Response (RBF-HGO)

— Desired Pitch Angle (ya)
—— Actual Pitch Angle (y)

Pitch Angle (rad)

(b) Yaw Tracking (RBF-HGO)

— Desired Yaw Angle (¢a)
— Actual Yaw Angle (¢)

Yaw Angle (rad)

Time (s)

Figure 6. Simulated tracking performance of the RBFNN-enhanced HGO.

3.3. Experimental Results and Discussion

After that, the controller was put to trial on real hardware. The TRMS set up was used
to conduct the experiments. The task was to compare the proposed RBFNN-tuned HGO
and the standard fixed gain-tuned observer, also known as the Baseline HGO.

3.3.1. Performance of the Baseline HGO Controller

When transitioning from simulation into the implementation of the hardware, the
shortcoming of the traditional approach was clear. The behavior is seen as shown in Figure 7.
The Baseline HGO controller malfunctioned completely with the resultant destabilization of
the whole system. It was therefore stopped to avoid any possible damage to the equipment.

(a) Pitch Tracking Response

Pitch Angle (rad)

(b) Yaw Tracking Response

Yaw Angle (rad)

0 5 10 15 20 25 30 35 40
Time (s)

Figure 7. Real-time tracking performance of the standard HGO, showing unstable behavior.

Figure 8 shows the root cause of this failure. The state estimation from the baseline
HGO was clearly very poor. The estimates made by the observer quickly diverged from
the actual measured angles, so that the observer was providing erroneous estimated states
to the backstepping controller. These inaccurate states directly caused the instability of
the system.
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(a) Pitch State Estimation

—— Measured Pitch (x;)
~=—- Estimated Pitch (x;)

Angle (rad)

(b) Yaw State Estimation

Angle (rad)
\
I
/

5 10 15 20 25 30 35 40
Time (s)

Figure 8. Real-time observer failure (Baseline).

3.3.2. Performance of the Proposed RBFNN-HGO Controller

In contrast to the baseline results, the RBENN-HGO controller displayed an improved
and robust performance under the same experimental conditions. The controller main-
tained accurate and stable control of the reference trajectories over the entire duration of
the experiment, as shown in Figure 9.

(a) Pitch Tracking Response (RBF-HGO)

—— Desired Pitch Angle (ys)
—— Actual Pitch Angle (y)

Pitch Angle (rad)

Yaw Angle (rad)

Time (s)

Figure 9. Real-time tracking performance of the RBFNN-enhanced HGO.

To explain the cause of this performance improvement, Figure 10 illustrates the high-
fidelity estimation capabilities of the RBFNN-tuned observer. As the graph shows, the
estimated angles of pitch () and yaw (¢) converge rapidly to the actual measured angles
(¥, ). This accurate state estimation is the cornerstone of the system’s stability, ensuring
that the backstepping controller receives precise feedback despite model uncertainties.
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(a) Pitch State Estimation (RBF-Tuned)

—— Measured Pitch (x1)
~=- Estimated Pitch (x;)

Angle (rad)

(b) Yaw State Estimation (RBF-Tuned)

—— Measured Yaw (x3)
—=-- Estimated Yaw (X3)

Angle (rad)

20 40 60 80
Time (s)

Figure 10. Observer angle performance: comparison of estimated states (£) vs. measured states (x)
using the RBFNN-tuned HGO.

To further quantify this precision, Figure 11 presents the observer estimation error.
Unlike the baseline observer, which diverged, the RBF-tuned observer maintains the
estimation error within a very narrow bound (pitch error < +0.005 rad), effectively rejecting
measurement noise.

(a) Pitch Estimation Error
1x107°

6

4

2

0

Error (rad)

-2

-4

(b) Yaw Estimation Error

0.08

0.06

Error (rad)

0.00

—0.02

—0.04

0 20 40 60 80
Time (s)

Figure 11. Evolution of the observer estimation error: (a) Pitch axis estimation error ey; (b) Yaw axis
estimation error ¢y, showing bounded convergence.

3.3.3. Analysis of Adaptive Gains

The mechanism behind this stability is revealed in the time evolution of the adaptive
gains. Figure 12 illustrates how the RBF network tunes 6, and 6, in real time. The gains
do not drift to infinity; instead, the pitch gain settles rapidly around 4.5, while the yaw
gain stabilizes at a lower value (approx. 1.6). This confirms that the network successfully
identified the “sweet spot” where the gain is high enough to track states but low enough to
avoid noise amplification.
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Real-time Adaptation of Observer Gains

Gain Value
w

N

= Pitch Observer Gain (6))
—— Yaw Observer Gain (6,)

60

Time (s)

80

Figure 12. Real-time adaptation of the High-Gain Observer parameters.

3.3.4. Comparative Analysis and Quantitative Evaluation
A direct overlay of the two controllers’ tracking responses is presented in Figure 13.
This visual comparison definitively highlights the superiority of the proposed method:
the Baseline HGO (red, dashed line) exhibits severe oscillations and failure, whereas the
RBENN-HGO (magenta, dash-dot line) adheres tightly to the reference trajectory (blue).
The visual evidence is substantiated by the quantitative comparison in Table 1. The
RBENN-HGO reduced the Root Mean Square Error (RMSE) by **85.0%** in the pitch axis

and **95.8%** in the yaw axis compared to the baseline.

(a) Comparison of Real-Time Pitch Tracking

—— Reference
== Baseline HGO (Fail)

0.4
.
03 ! \ ! — . RBFNN-HGO (Success)
i N i
(B ! H
~ 02 K i\ iyt h
k-] A" I ] n h
© 1 1 1 ] i H
E o014/ [ T o fur f
S [ N [y ] Vg
2 R TR AR A Y]
2 o0 v ,\‘,' o \
< H v
< _ Y
< -01
xz
[
-0.2
i d W i )
-0.3 | | | ! 1
i i f L lj {1 i
V \} \Y (4 Vi
-0.4
(b) Comparison of Real-Time Yaw Tracking
M 1 —— Reference
[ n —=+ Baseline HGO (Fail)
4 [ 1 — -+ RBFNN-HGO (Success)
foy i
\
1 \ Y
g foh
)
! 1
g ! Vo
b ! (]
° B 1
1
2 i (]
< A
% ! \! |
!
> 1 1
! i
1
40 60 80

Time (s)

Figure 13. Comparative real-time tracking performance. The Baseline HGO (red) fails, while the

proposed RBFNN-HGO (magenta) robustly tracks the reference.
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Table 1. Quantitative comparison of controller performance in real-time tracking.

Performance Metric Baseline HGO RBFNN-HGO Improvement (%)
RMSE (Pitch) [rad] 0.2571 0.0385 85.0%

RMSE (Yaw) [rad] 2.5624 0.1080 95.8%

ITAE (Pitch) [rad-s] 1990.24 1486.68 25.3%

ITAE (Yaw) [rad-s] 21281.99 4077.79 80.8%

Control Energy (Pitch) [V?-s] 82.83 3636.53 -

Control Energy (Yaw) [V2:s] 352.25 1119.65 -

4. Conclusions

This study addresses the critical challenge of bridging the gap between simulation
and real-time implementation for nonlinear control systems. We demonstrated that while a
conventional backstepping controller coupled with a fixed-gain High-Gain Observer (HGO)
exhibits excellent tracking in simulation, it fails to stabilize the physical Twin Rotor MIMO
System (TRMS). This failure is attributed to the observer’s sensitivity to measurement
noise and the peaking phenomenon when high gains are applied to a real-world plant with
unmodeled dynamics.

To overcome this limitation, a novel adaptive framework employing a Radial Basis
Function (RBF) Neural Network was introduced to tune the observer gains in real time.
Experimental results validate the efficacy of this approach; the adaptive observer not only
restores closed-loop stability but also significantly enhances tracking precision, reducing
the Root Mean Square Error (RMSE) by 85.0% in the pitch axis and 95.8% in the yaw axis
compared to the baseline configuration.

These findings substantiate that online adaptive tuning of observer gains is a decisive
strategy for reconciling the disparity between theoretical design and physical constraints in
complex nonlinear systems. Future work will focus on extending this adaptive framework
to reject abrupt external disturbances, such as wind gusts, and investigating finite-time
convergence properties to further enhance system robustness.
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TRMS Twin Rotor MIMO System
MIMO  Multiple-Input Multiple-Output
HGO High-Gain Observer

RBF Radjial Basis Function
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RBFNN  Radial Basis Function Neural Network
PID Proportional-Integral-Derivative

RMSE Root Mean Square Error

ITAE Integral of Time-weighted Absolute Error
UAV Unmanned Aerial Vehicle
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