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Abstract—Nowadays, controlling a Twin Rotor MIMO System
(TRMS) is a considerable challenge for engineers due to its high
non-linear attributes. Similar to helicopters, it is composed of
both the main rotor and tail rotor, which are mounted on the
beam and supported by a counterbalance. The controller's
design goals are to achieve the appropriate pitch and yaw angles
and stabilize the locations of both TRMS rotors when there is
cross-coupling between the two rotors. In this paper, a
Nonlinear Model Predictive Control (NMPC) is proposed to
control these two rotors, which refer to the vertical and
horizontal planes. Fick’s Law Algorithm (FLA) has been
utilized to obtain the best selection for NMPC parameters. The
effectiveness of the proposed controller is examined using
simulation-based tests conducted with MATLAB, which makes
use of the CasADi Toolbox. In comparison to Cross Couples PID
(CC-PID) controller, the simulation results proved that FLA-
based-NMPC has better performance and can track trajectories
(step, square, and sine) even when there is £30% in TRMS
parameters perturbation.

Keywords— TRMS; Nonlinear Model Predictive Control
(NMPC); Trajectory tracking; parameters uncertainty; FLA;
CasADi.

l. INTRODUCTION

Control engineers have faced never-before-seen
challenges with multivariable systems because of their
coupled dynamics, or interactions between output and input
variables. It is customary to regulate each output/input pair
independently, ignoring the consequences of cross-coupling
for simplicity. On the other hand, if the coupling effects are
ignored, the system dynamics may be approximated,
reducing control performance [1, 2]. A Twin Rotor Multi-
Input Multi-Output System (TRMS) is a benchmark instance
of a multivariable system. Feedback Instruments Ltd. created
the TRMS laboratory test rig, which is used for control tests
[3]. It is a helicopter prototype that still has cross-coupled
modes and system nonlinearities, among other fundamental
helicopter characteristics. However, in contrast to the
majority of flying helicopters, the rotors' angle of attack is
fixed, and the motor speeds are used to regulate the
aerodynamic forces.

Due to the simultaneous occurrence of highly nonlinear
and coupled dynamics, as well as the reality that actuation
torques are gained through the aerodynamics of rotor blades
instead of straight (as it occurs for example in robot
manipulators and mobile robots [4-7]), the TRMS control has
proven difficult. For these reasons, control techniques are
frequently tested on the TRMS control, as seen, for example,

in [8-15]. Mainly because of the intrinsically coupled
dynamics of TRMS, controllers designed for SISO systems
cannot be easily transferred to them; instead, suitable
controllers that consider the coupling effects of TRMS must
be developed [16].

Many research efforts have been paid for trajectory
tracking of TRMS. In [17-21], PID and FOPID controllers
were proposed to control vertical and horizontal rotation
TRMS. However, the key difficulty of using the PID
controller for the MIMO system is parameter tuning. In [22,
23], LQR has been used. Though, the LQR controller may not
work with constraints. In [24-28], a sliding mode controller
(SMC) has been employed to control TRMS, which is robust
against model disturbances and uncertainties. Nevertheless,
the major drawback of the SMC is the chattering effect
resulting from discontinuous control. Backstepping control is
proposed in [29] for TRMS control. But, i every step of the
backstepping control process relies on the designer's capacity
to supply a legitimate Lyapunov function upon which a
control rule may be constructed. Adaptive fuzzy control,
Type-2 fuzzy backstepping sliding mode controller, and
fuzzy PID control have been applied in [30-33] to control the
TRMS. However, the main drawback of fuzzy logic is the
difficulty of tuning fuzzy controls’ parameters such as the
type of the membership functions and the number of rules.
The TRMS in its nonlinear structure is stabilized by the
development of a multistage feedback linearization-based
controller [34, 35]. The control rules are derived while
maintaining the coupling effects. However, because the
authors use output feedback linearization, any disturbances
that influence the TRMS will have a significant impact on
how it responds.

To avoid the aforementioned problems, one approach is
to utilize Model Predictive Control (MPC) which was
developed in the late seventies and has since shown to be a
successful control strategy for handling physical system
constraints and multivariable interactions inside the
optimization framework [36-39]. The fundamental concept
behind MPC is to predict the future behavior of the system
using an explicit model and then to continuously compute a
series of control signals using an optimization technique that
minimizes the difference between the desired reference
trajectory and the predicted system trajectory within a certain
time horizon [40-42]. MPC can provide robustness, closed-
loop stability, and superior tracking performance.

The finest TRMS control outcomes in recent years have
been obtained using a variety of MPC adjustments. The
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authors of the studies in [43-48] discuss the use of linearized
models in MPC design to provide trajectory tracking or point
stabilization for TRMS in coupled form. These techniques
reduce the control problem to a set of straightforward, quick,
and reliable matrix algebra computations. However, their
insufficient accuracy for altered operating conditions is the
primary drawback of utilizing such linearized models for
highly nonlinear plants close to an operational point. By
utilizing nonlinear models in the control application; NMPC;
the inadequate accurateness of MPC with linearized models
is addressed, but ca increase computing cost [49].

The parameters of NMPC, including the control input
weighting factor (R), tracking error weighting factor (Q),
time step AT, and prediction horizon (N), all have a
significant impact on the NMPC performance. Because these
parameters significantly impact control effort, reaction time,
stability, and computational load, selecting them
appropriately is crucial to the design's success, especially
when implementing MPC on quickly changing systems like
TRMS.

In this work, NMPC is proposed to control a nonlinear
TRMS model, which guarantees a specific control
performance versus model uncertainties (0, £30%). The
tuning law for the selection of NMPC parameters is derived
by minimizing a penalty function (i.e. Integral Squared Error
(ISE)) penalty function using Fick’s Law Algorithm (FLA),
which is a physical-inspired population algorithm [50]. FLA
has been employed in this work due to several features such
as flexibility, simplicity of implementation, and the ability to
avoid suboptimal regions. For three reference trajectories
(step, sine, and square), the controller's performance is
compared to that of the Cross-Coupled PID (CC-PID)
controller. To assess the effectiveness of the suggested
strategy, a simulation is run using MATLAB R2023a and
makes use of the CasADi Toolbox [51] with the Interior Point
OPTimizer (IPOPT) solver [52].

The following is a list of this work's contributions:

e New tuning strategy for NMPC parameters that
includes four parameters which are AT, N, Q, and R,
with a novel penalty function called Robust Integral
Square Error (RISE).

e Adding an extra state variable (&) that includes the
coupling effect, which is advantageous.

e Suggest a new FLA application to optimize the
parameters of the NMPC.

The remainder of this paper is organized as follows: The
NMPC theory and TRMS nonlinear modeling are presented
in Section 2. Section 3 provides a detailed explanation of the

control law's tuning strategy. Section 4 presents the
simulation results, and Section 5 shows the study
conclusions.

1. TRMS MODELING AND CONTROLLER THEORY

A. TRMS kinematic model

A benchmark instance of a multivariable aero-dynamical
system that mimics a typical helicopter setup through flexible
maneuvering is the TRMS. Modeling and control design are
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Fig. 1. Twin Rotor Multi-Input Multi-Output System
faced with significant difficulties due to the system
characteristics, which include nonlinearities and substantial
cross-coupling between the horizontal and vertical axes. Fig.
1 displays a schematic diagram of the TRMS. TRMS is
equipped with two DC motor-driven propellers at either end
of a beam that is articulated to connect it to the base. The
beam'’s articulation enables rotation so that its ends can travel
on spherical surfaces. Whereas the tail rotor permits the beam
to move horizontally (yaw angle), the main rotor generates
the lifting force that regulates the beam's location in the
vertical plane (pitch angle). A stable equilibrium position is
achieved by balancing the angular momentum with a
counterweight that is anchored to the beam. The pitch angle
is only marginally impacted by the tail motor's revolution,
whereas yaw and pitch angles are significantly impacted by
the main motor's rotation. The cross-coupling effect is
explained by this. The TRMS's control inputs are the tail and
main motors' DC voltages, (u;) and (u,,), respectively. A
variation in the voltage level causes the propeller's rotation
speed to alter, which alters the beam'’s location accordingly.
The TRMS's outputs are the beam locations, or the pitch (8)
and yaw (@) angles. These yaw and pitch angles can be
counted by using encoders connected to the TRMS setup.
Along the pitch and yaw axis, the corresponding angular
velocity and angular acceleration are noted by 6, 8,®,®
respectively. Table I lists the TRMS's distinctive parameters
[3]. The following equations are utilized to create a
mathematical model of the TRMS. The subscripts "m" and
"t" in these equations stand for the main and tail rotors,
respectively.

The momentum equation for the vertical plane motion is
specified as:

1,6 =M, —M; — Mgy — Mg (1)

where, the following roughly represents the nonlinear main
propeller thrust (non-linear static characteristics):

M, = a1Trzn + b1t 2

where 7, is momentum of main motor. The Gyroscopic
momentum is:

Mg = kg, M;@cos (6) @)

friction force momentum:
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TABLE I. TRMS PARAMETERS

Symbol Description Value
I Moment of inertia of vertical rotor 0.068 kg m*
I Moment of inertia of horizontal rotor 0.028 kg m?
a, Parameter of static characteristic 0.0135
by Parameter of static characteristic 0.0924
a, Parameter of static characteristic 0.02
b, Parameter of static characteristic 0.09
M, Gravity momentum 0.32 Nm
Big Function parameter of friction 0.006 N m s/rad
momentum
Bsg Function parameter of friction 0.001 N ms/rad
momentum
By Function parameter of friction 0.1 Nms/rad
momentum
kgy Parameter of gyroscopic momentum 0.05 s/rad
ky Gain of main Motor 1.1
k, Gain of tail Motor 0.8
Ti1 Denominator parameter of main motor 1.1
Tio Denominator parameter of main motor 1
Ty, Denominator parameter of tail motor 1
Ty Denominator parameter of tail motor 1
T, Parameter of cross-reaction 2
momentum
T, Parameter of cross-reaction 3.5
momentum
k. Gain of cross-reaction momentum —0.2
Mgg = B1g0 — Bygsin (260)¢? 4
and gravity momentum:
Mg = Mysin (9) ()

The Momentum (z,,) of the main rotor (main DC motor
dynamics) has been approximated by the succeeding
15t order transfer function:

ky
Tm =7 u
m T115 + T10 m

(6)

The transfer function in (6) can be represented in the time
domain as:

()

Similarly, the momentum equation for the movement of
the horizontal plane can be obtained as:

12(5 =M, — Mg — Mpg (8)

where the following roughly represents the nonlinear tail
propeller thrust (non-linear static characteristics):

M, = azftz + b,7; 9)

where 7, is the Momentum of the tail motor. The friction
forces momentum is:

MB@ = B@@ (10)
and approximation of cross-reaction momentum

B (T,s + 1)

Mp =k,——M
R c TpS+1 1 (11)

The cross-feedback term My in time-domain can be
expressed as:

1 147, 147,
MRZ_ l_kc €+kC M1

T, T, T, 12)

. 1
fz_af"'Ml

where £ is a variable used to represent the cross-reaction
momentum in the time domain. Similar to (6), the Momentum
(t,) of the tail-rotor (tail DC motor dynamics) can be
expressed as:
& (13)
=——Uu
T T s+ T
In the time domain, the transfer function in (13) can be
written as:
k2 TZO

T = U — 2T
C Ty C Tyt

(14)

To design the NMPC controller, it is to represent the
mathematical model of the TRMS time domain state space
form. The DC voltages of the main and tail motors are the
TRMS control inputs and are expressed by:

u= [u,u]" € R? (15)

where u is the control input vector. The designated state
variables are the TRMS beam vertical position (), pitch rate
(6), the TRMS beam horizontal position (¢), yaw rate (¢),
main rotor Momentum (z,,), tail rotor Momentum (t,), and
(&) as an extra state variable to account for the effect of cross-
coupling. Consequently, the augmented state vector is written
as:

x=[00¢pdtnt ] € R (16)

and can be expressed as:
J'Cl = 9
.. a a, . b
X, =0 = (—1 - kgy—lgbcosB) T2+ —Tp,
I I I

b, . Big .
—kgy - ¢cosOt,, — 19
I I

B,g . M
+ 22 $2sin20 — —L sind

X3 =¢ (17)
g% b By
X =@ L t+12Tt A
1( k1+T°>f
T, T,
14T,
k. T O(a1Tan+b1Tm)
P
. . ky Ty
XS=Tm=

 Un 57 Tm
T11 Tll
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. . k, Ty kAN
Xe =Tt =5 Ut — 7T ~ ~ ~
TRTRMTRT I (F0,w@0) = Y KT,
Xy =& = _T_f +a Th + byt =kt (23)
k+N;—1

P
The output vector of the TRMS is:

y=1[00] =[x x;] € R? (18)

B. NMPC theory

NMPC describes a class of control strategies that forecast
the future trajectory of the system's states and outputs using
an explicit nonlinear system model. This prediction ability
enables the online solution of optimum control problems,
wherein, potentially subject to constraints on the states,
outputs, and inputs, the control input and the error between
the reference trajectory and the anticipated output are
minimized over a finite horizon. The process of optimization
produces an optimum control sequence, whereby the system
receives input from just the first element in the sequence. The
horizon is shifted and the entire optimization process is
carried out again at the following sample interval. This
process, known as Receding Horizon Control (RHC), is
primarily used because it compensates for disturbances that
cannot be measured and modeling mistakes, leading to
system outputs that differ from the nonlinear model's
predictions. Consider a nonlinear system as follows:

x(k + 1) = h(x(k), u(k))

y(k) = g(x(K)) (19)
x(0) = xq

where x(k) € R7, u(k) € R?, and y(k) € R? are the state,
inpu, and output vectors, respectively. If K = oo, then for all
k € Ny; if not, then for k=0,1,...,K—1. We write
x(k, x,) whenever we wish to highlight the reliance on the
initial value.

A fundamental characteristic of the trajectories is: given
acontrol u € UM, an initial value x, € X, horizon length N >
2, and kq, k, € {0, ..., N — 1} with k; < k, as time instants
the trajectory of the solution meets:

x(kz, xO) = X(.+k1)(k2 - kllx(kllxo)) (20)
The shifted control sequence in this case,
u(- +k,) € UN~*1, is provided by:
u(- +k)k) = ulk + ky),
1 1 (21)

k€{0,..,N—k, —1}

In other words, if the sequence u comprises N elements
such as u(0),u(1),...,u(N —1), then the sequence
i =u(-+k;) comprises N —k; elements such as
7(0) = ulky), (1) =ulk; + 1), .., a(N —k; — 1) =
u(N — 1). With this definition, it is simple to show the
identity (2) via induction with the help of (1) [53].

Within a set of constraints, the control aim is to track
reference trajectories with the least amount of error and
effort. The formulation of the cost function reflecting the
control objective as follows [54, 55]:

+ Z ul Ru,
1=k

where R € R?*2 and Q € R”*7 are the diagonal positive
definite weighting matrices for the state and control input
variables, and N; is the value of the prediction horizon at each
ith step. The TRMS control input vector at time [ is
represented by w,u, (k) = 0 € R?, and X; € R’, is different
between the TRMS variables of predicted state of the system
(X;) and its reference state (X;) at each instant, as expressed:

A realistic system must, in general, operate under some
physical limitations that are imposed as output and system
state constraints. The constraints for every input and output
of a MIMO system are defined separately, as elucidated
below: The following constraints apply to each control
signal's amplitude in the TRMS:

Up i < Up(k) < Uy max
(25)
Ut in < u (k) < Ut max
and the following constraints on the output:
gmin < G(k) < emax (26)

®min < Q(k) < Qmax

Equation (23) defines the objective function, whereas
(25), and (26) provide possible constraints that utilize the
quadratic programming algorithm to solve the optimization
problem. Reducing the performance metric in (23) results in
a series of control actions. The remaining samples in the
series are ignored and just the first samples are used to create
the incremental optimum control, by the receding horizon
concept. A new process outputs measurement takes place at
the following sampling moment (k + 1), and the entire
process is repeated with the prediction horizon being moved
ahead by one step and having the same length, N.

When the TRMS is controlled using the standard NMPC
mode, the prediction horizon gain value will look like this:

Ni+1 = Ni = Ni—l' i= 1, "'!Nt (24)

where N, is the total number of time steps in the solution.
Whereas, in this work, the prediction horizon gain is retrieved
separately and independently from the FLA.

C. Stability of the proposed controller

To move the system formulation to the equilibrium
position indicated by u.(k) = 0, x.(k) = 0, the control's
goal is to compute an admissible command input, u(k).
According to this description, u, represents the error between
the system's control input and its reference vector, and x,
represents the errors between the system's state vector and its
reference vector. It was shown that the usage of terminal
equality constraints guaranteed the stability of predictive
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control [56]. According to [57], the NMPC's stability can be
proven by applying the two presumptions that follow:

1) For an appropriate control value u, € U, there is an
equilibrium point represented by a state vector such as, x, €
X € R7. Where X is the state space set for the state vector
X (k) and x,. is the reference state vector.

2) The function f(x,,u,) = 0that u, € U is obtained by
applying the running cost function as h: X x U - R{.

Assumption 1, can be verified using system (17) as a
guide. Additionally, the second supposition is met given that
the cost function h has the quadratic form shown in (23).
Since Algorithm I indicates that the data needed to train the
network has been gathered from (25), and the controller is
stable, then stability is guaranteed.

11. TUNING THE NMPC PARAMETERS

The selection of NMPC parameters such as N, R, Q, and
AT significantly influences the response features. It is
important to understand how these parameters affect the
system response to select an appropriate value for them. A
greater horizon is ensured by higher values of N, which
improves control by producing more accurate forecasts.
Nonetheless, these values must be selected in a way that
makes the design workable for actual use. Increased
computing load caused by large values of N prevents the
control from being updated in system dynamics. The
responses get slower as R rises because the controller is
tighter. Because the controllers are overacting, the responses
exhibit considerable oscillation at lower levels of R.
Naturally, greater control effort is required to lower tracking
error as Q increases. Therefore, in order to determine
appropriate values of the aforementioned NMPC parameters,
FLA is utilized to minimize a RISE penalty function.

A. Robust Penalty function

To have robust NMPC parameters (AT, N, Q, and R)
tuning, this work proposed a novel penalty function named
Robust Integral Square Error (RISE) which is calculated from
the following equation:

c
RISE = Z (ISE. 300, + ISEqo; + ISE_300) (25)

i=1

where ISE = Z;l(eeiz + ¢.,%) is the Integral Square
Error of the TRMS output (y) , ISE 3¢, IS the ISE of y when
there are +30% increase in TRMS parameters in Table 1,
ISEy, denotes that there is no change in the TRMS
parameters while calculating the ISE of y, and ISE_3q, refers
to -30% decrease in parameters of the TRMS. The NMPC
parameters are then adjusted by using FLA to provide
responses that consistent with the contributions of this study.

B. FLA

Every population-based algorithm seeks to find the
optimal answer for a particular optimization problem since
obtaining the best answer requires more than one run.
Nonetheless, a significant amount of obtaining the global
optimal solution for a specific issue is made more likely by
random solutions and optimization iterations [58, 59].
Exploration and exploitation are the two stages of the

optimization process, nevertheless of the differences in
metaheuristic  algorithms used in  population-based
optimization strategies. In the exploitation phase, solution
accuracy is improved, whereas, in the exploration phase,
search agents of an algorithm cover a significant area of the
search space to avoid locally optimal solution. Because it can
strike a balance between both stages, FLA is regarded as a
strong and effective optimization algorithm that ensures that
both exploration and exploitation are carried out fairly. The
idea of Fick's laws of diffusion serves as the foundation for
this approach. The steps of the suggested FLA are shown in
Algorithm 1 [50].

Algorithm 1: FLA

1: Initialization Phase;
2: Initialize parameters (D, C1,C2,C3, C4, C5);
3: Initialize population X;(i = 1,2, ..... N) randomly;
4: Clustering: Divide population into two equal groups N,, and N;
5: fors=1:2do
6: Compute the fitness function for each molecule in group N,;
7:  Find the best molecule in each group and the global optimum;
8: end for
9:  while FES < MAXggs do
10: if TF < 0.9 then %Steady state operator (SSO)
11: for op=1: n,, do
t
12: Calculate Diffusion rate factor using DRFg‘ = exp (— %)
13: Calculate Motion step factor using MSf ; = exp (— (FS{::ips))
14: Update individual position using X;t! = X5 + Q5 x (MS} ; %
XSES - ngg)
15: end for

16: else if (TF < rand) then
17: for op=1: n,, do

%Equilibrium Operator (EO)

t
18: Calculate Diffusion rate factor using DRFj, ; = exp (— ]Tp'%)

19: Calculate group relative Quantity using Qo 4 = Ri X DF; X
DRFfo,

20: Update individual position using Xp4' = Xfo, + Qo g X Xp 4 +
Qéo,g X (MS;;,ED X Xéo.g - zgg)

21: end for

22: else %Diffusion Operator (EO)

23: Calculate direction of flow using DOF = exp(—C2 (TF* —
7’1)) G =2

24: Determine number of molecules that will travel to region using
NTj; = N; X1y X (C4 — C3) + N; X C3

25: Update individual position using X;%' = X, : + DF;; X DOF X
1,0 X Xgoj — Xpi!

26: Update other molecules in region i using X;3' =

Xgo, rand < .8
Xboi +DOF X (;x (U—=L)+L) rand <.9
ng"lfl otherwise
27: Update molecules in region j using X;%" = X, : + DOF X (1, X
U-L)+1L)
28: Update FES<—FES+NP;
29: endif
30: end while

31: Return best solution,;

V. SIMULATION AND RESULTS

The proposed NMPC scheme of TRMS is validated by
simulation using MATLAB R2023b that utilize CasADi
Toolbox with IPOPT solver. The system model (17) and the
optimum control problem are specified in the CasADi
toolbox, where the NMPC is implemented. The IPOPT solver
for nonlinear programming problems and the multiple
shooting technique are used to solve the optimal control
problem and achieve states integration. The maximum
number of iterations is set at 2000, while the convergence
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criteria of IPOPT is maintained at 10~%. The Runge-Kutta
fourth (RK4) order method is used to integrate the states. All
simulations are performed on a personal computer with a
2.6 GHz CPU, a core i7-10750H processor, and 16 GB of
RAM. The TRMS states initial conditions are taken to be zero
in this work.

The proposed NMPC is compared with the CC-PID
controller in order to better grasp the benefits of the proposed
control scheme. Through simulations, the TRMS's capability
to track different reference signals is verified. The selected
reference signals are Step, Sinusoidal, and Square. Both
controllers’ parameters are tuned using FLA with RISE
Penalty function. For every controller, the FLA is executed
several times for only the square reference signal in order to
determine the minimal RISE cost function with the best
system performance and meet controller design requirements.
Table 11 displays the NMPC and CC-PID controllers’ tuned
parameters.

The control design can be significantly impacted by
uncertainties in parameters value. To guarantee that the
controller can function correctly throughout the whole range
of possible parameter values, the design should often take the
"worst situation" into account. In this paper, some parameters
of the system are varied from their nominal values at the
running time in order to examine the impact of the proposed
controller's parameter uncertainty. The parameters
perturbation is taken as +30% and —30% from their nominal
values. This work considers the tracking performance of the
proposed NMPC with and without parameters perturbation
for both the horizontal and vertical subsystems. Three
performance measures are utilized including Integral Square
Error (ISE), Total Variation (TV), and integral absolute
control action (||u||,).

TABLE Il. CONTROLLER PARAMETERS

Controller | Parameter Value
95 0 0 0 0 0 0
0 7e6 0 0 0 0 0
0 0 34 O 0 0 0
Q 0 0 0 55 0 0 0
0 0 0 0 6e6 0 0
0 0 0 0 0 77 0
0 0 0 0 0 0 3e5
NMPC 0.0015 0
R [ 0 1.5e — 4]
N 7
AT 0.137
tn (i) 25
U, (min)
u;(max), 25
u,(max) )
Kp;
(= 1" 4 [94,98,90,91]
K;;
e [94,88,94,95]
Kpi
G-t [97,88,100,97]

A. Tracking Performance

1) Step Signal Tracking: The vertical and horizontal
subsystems of the TRMS model receive two desired step
inputs, 1;(t) =0.5(rad), and 1, (t) =0.5 (rad),
concurrently for pitch and yaw angles tracking for 10 sec
period. The initial values of these angles are set to [0, 0].
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Fig. 2. Step response for pitch angle.
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Fig. 3. Step response for yaw angle.

The tracking performance of the proposed NMPC
compared with CC-PID controller is illustrated in Figs. 2 and
3 for both the vertical and horizontal subsystems and with and
without TRMS parameters perturbation. It may be observed
that while the CC-PID controller is capable of managing
parametric uncertainty, it is unable to manage the overshoot
for all cases (more than 15%). Also, the settling time for the
CC-PID controller is more than twice NMPC. On the other
hand, the proposed NMPC can track the reference trajectory
with a settling time of less than 3 sec and no overshoot
without experiencing any steady-state error even when the
parametric uncertainty is present. To evaluate the proposed
NMPC superiority over the CC-PID controller for both pitch
and yaw angles, the performance indices in Table Il are
utilized. As compared to CC-PID controller, the proposed
NMPC offers a lower ISE and TV for pitch and yaw angles.

TABLE Ill. PERFORMANCE ANALYSIS FOR STEP INPUT SIGNAL

Controller ISE TV [Jull?
NMPC 1.39 0.49 104.03
Pitch angle NMPC (+30) 1.39 0.5 103.80
NMPC (-30) 1.38 0.49 104.135
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CC-PID 18.19 0.76 3970
CC-PID (+30) 18.34 1.07 4140
CC-PID (-30) 19.00 0.77 3910
NMPC 1.03 0.49 111.15
NMPC (+30) 1.00 0.49 103.08
NMPC (-30) 1.07 0.49 115.23
Yaw angle
CC-PID 18.19 0.75 4910
CC-PID (+30) 17.32 0.99 4960
CC-PID (-30) 18.22 0.77 4950
s — 7 _—\ _____________________
| .
1 -"
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————————————————— NMPC -30
Z 0 2 4 6 8 10
£
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2 1
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Time [sec]

Fig. 4. Step response main rotor control signal and limits.
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Fig. 5. Step response tail rotor control signal and limits.

The control signal analysis in Figs. 4 and 5, and Table 1l also
shows that, in comparison to the CC-PID controller, the
proposed NMPC offers lower ||u||, value for main and tail
control inputs. Therefore, under parametric uncertainty, the
suggested NMPC is more energy-efficient than the CC-PID
controller. Additionally, the computed average computing
time for the suggested NMPC is 0.017 sec.

2) Sine Signal Tracking: A sine wave with amplitude
of 0.2 rad and frequency of 1/30 Hz is used as the reference
for the pitch angle, while a sine wave with amplitude of
0.3 rad and frequency of 1/30 Hz is used for the yaw angle,
each of period of 45 sec.
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=
2
o
=
©
=
8 NMPC +30
o - NMPC 30
Ce-PID
CG-PID +30
02t Ce-PID -30
— — — - Reference
0 10 20 30 40

Time [sec]

Fig. 6. Sine response for pitch angle.
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. . . 1
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Fig. 7. Sine response for yaw angle.

Figs. 6 and 7, respectively, illustrate the comparative
tracking performance of the NMPC controller versus the
CCPID controller for the TRMS system with and without
parameters perturbation for the vertical and horizontal
subsystems. It is noted that the +30% parameters
perturbation has a considerable impact on the sinusoidal
response for pitch and yaw angles for the CC-PID controller
while the NMPC successfully handles this perturbation. For
the zero and —30% parameters perturbation, NMPC
maintains control while offering resilience against parametric
uncertainty while the CC-PID consists of continuous
deviation from the reference signal. Additionally, a
comparison analysis is conducted using a few performance
metrics for NMPC and the CC-PID controller for pitch and
yaw angles. The results are shown in Table IV. Comparing
the proposed control approach to CC-PID controller, it is
noted that the former yields lower ISE, and TV for pitch and
yaw angles.

TABLE IV. PERFORMANCE ANALYSIS FOR SINE INPUT SIGNAL

Controller ISE TV [Jull?
NMPC 0.22 1.19 137.65
NMPC (+30) 0.22 118 136.97
Pitchangle | nmPC (-30) 0.23 1.18 138.13
CC-PID 349.95 1.25 2210
CC-PID (+30) | 33686 1.68 5840

Author, Title
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CC-PID (-30) 05 ¢
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Fig. 8. Sine response main rotor control signal and limits.
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Fig. 9. Sine response tail rotor control signal and limits.

Furthermore, Table IV, and Figs. 8 and 9 show that, in
comparison to the CC-PID controller, the proposed NMPC
offers a lower [|ul|, value for main and tail control inputs.
Therefore, in the presence and absence of parameters
perturbation, the proposed NMPC has greater energy
efficiency than the CC-PID algorithm. Moreover, for the
proposed NMPC, the computed average computation time is
0.014 sec.

3) Square Signal Tracking: A Square wave with
amplitudes of 0.2 rad and frequencies of 1/30 Hz are used
to reference pitch angles, and square waves with amplitudes
of 0.3 rad and frequencies of 1/30 Hz are used to reference
yaw angles, each of period 45 sec. One may observe that low
frequencies are used in the selection of the excitation signals
(square and sine). This makes sense given the system's
dynamics [60].

Time [sec]

Fig. 10. Square response for pitch angle.

NMPC
NMPC +30
NMPC -30
CC-FID
CC-PID +30
CC-PID-30
— — — ~Reference

Yaw angle [rad]

20 30 40
Time [sec]
Fig. 11. Square response for yaw angle.

The tracking performance of the NMPC controller and the
CCPID controller for the TRMS system in the presence and
absence of parameter perturbation for the vertical and
horizontal subsystems are shown in Figs. 10 and 11,
respectively. The selection of the MPC parameters allows the
controller to track the reference trajectory with a settling time
of less than 3 sec and no overshoot without encountering any
steady-state error. Conversely, though, it can be seen that the
CC-PID controller cannot handle parametric uncertainty and
cannot control overshoot (greater than 25%). The CC-PID
controller's settling time is much longer than that of NMPC.

TABLE V. PERFORMANCE ANALYSIS FOR SQUARE INPUT SIGNAL

Controller ISE TV [Jull?
NMPC 3.28 1.07 332.31
NMPC (+30) 3.26 1.07 331.50
_ 3.29 1.07 333.38
Pitch angle NMPC (-:30)
CC-PID 65.02 2.63 5680
CC-PID (+30) 73.92 4.29 7670
CC-PID (-30) 82.06 3.82 6300
NMPC 6.21 1.07 389.12
Yaw angle NMPC (+30) 6.05 1.07 372.64
NMPC (-30) 6.44 1.07 414.80
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cC-PID 98.03 3.43 6480
CC-PID (+30) 107.88 4.85 7870
CC-PID (-30) 121.05 4.70 6800
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Fig. 12. Square response main rotor control signal and limits.
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Fig. 13. Square response tail rotor control signal and limits.

Additionally, Table V, Figs. 12 and 13 demonstrate that
the proposed NMPC delivers a lower ||u||, value for the main
and tail control inputs when compared to the CC-PID
controller. Consequently, the suggested NMPC control
algorithm uses less energy than the CC-PID method, both
with and without a parametric uncertainty. Furthermore,
0.013 sec is the computed average computation time for the
proposed NMPC.

V. CONCLUSION

In this paper, a nonlinear model predictive controller
(NMPC) has been proposed to control the horizontal and
vertical plane of the highly nonlinear TRMS system. A
comparative study with CC-PID controller was performed to
show the superiority of the proposed controller. Both
controllers’ parameters were tuned by utilizing a physically-
inspired FLA. Using the CasADi Toolbox with IPOPT
solver, a simulation was run in MATLAB. Three reference
trajectories (step, sine, and square) were followed by both
controllers. Both with and without TRMS parameters
perturbation. Two performance criteria, including ISE and
[lull,, were used to assess the effectiveness of the NMPC.

The NMPC has shown respectable real-time performance
based on the previously described metrics during humerical
simulations of TRMS setpoint tracking compared to CC-PID
controller. As part of this research's future work, the proposed
NMPC can be practically implemented on an actual TRMS
test rig.
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