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Preface

Recently, there has been considerable excitement over the emergence of new 
 mathematical techniques for modeling and analyzing complex dynamic systems. 
Such complex systems are prone to unwanted effects of uncertainties, disturbances, 
and noise. The growing availability of more powerful and affordable microprocessors, 
coupled with the demand for improved performance, encouraged control engineers to 
develop innovative and robust nonlinear control algorithms to address the challenges 
related to uncertainties, disturbances, and noise. This book reviews recent advance-
ments in robust control and applications.

Chapter 1 is the introductory chapter, briefly describing recent advances in robust 
control approaches and their applications in various engineering fields.

Chapter 2 presents a general introduction to Model Predictive Control (MPC), focusing 
on linear, unconstrained state space MPC. The linear quadratic objective function 
forms the basis of MPC, followed by a discussion of its optimal solution. The for-
mulation of the prediction equation for state space MPC is outlined, with a detailed 
examination of the terms involved in defining the optimal control law. Additionally, 
the design of two types of observers for MPC is explored: the predictor-only type 
and the predictor-corrector type.

Chapter 3 is devoted to modeling robotic vehicles, emphasizing a comprehensive 
and detailed description of their complex dynamics. It considers various challenges 
autonomous vehicles encounter, including nonlinearities, side slips, and unpredictable 
environmental disturbances, to offer a more realistic framework for understanding 
vehicle behavior. Central to this method is the development of a robust Nonlinear 
Model Predictive Controller (NMPC) specifically designed to address these issues. By 
utilizing advanced control techniques, the NMPC effectively manages the vehicle’s 
stability, ensuring smooth and precise operation, even in the face of uncertainties 
like varying road friction, sensor noise, and external forces such as wind or uneven 
terrain.

Chapter 4 combines Nonlinear Model Predictive Control (NMPC), Nonlinear 
AutoRegressive eXogeneous inputs (NARX) based learning, and passivity constraints 
to create a highly adaptive, robust, and scalable control framework for space systems. 
Important contributions include the application of NARX neural networks for adaptive 
state estimation and passivity-based NMPC for robust control. These methods pave the 
way for enhanced autonomy, stability, and efficiency in space operations, establishing 
a critical foundation for the future of intelligent spacecraft and robotic missions.

Chapter 5 deals with the Sliding Mode Control (SMC) technique. It presents a 
moving, sliding surface whose slope is real-time adjusted using a fuzzy logic con-
troller. This adjustment allows the sliding surface to be rotated in a manner that 
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IV

enhances the dynamic performance of the control system. Computer simulations for 
electronic throttle control demonstrate that the proposed control scheme achieves 
better dynamic performance than the conventional super-twisting sliding mode 
controller with a fixed sliding surface.

Finally, Chapter 6 presents simulation results for standalone energy systems controlled 
by Proportional-Integral and Super Twisting SMC techniques. The effectiveness of 
these two techniques is compared by using Mean Absolute Error (MAE) and Root 
Mean Square Error (RMSE) performance metrics.

Mahmut Reyhanoglu, Ph.D.
Robotics Engineering Laboratory,

Columbus State University,
Columbus, Georgia, USA
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Chapter 1

Introductory Chapter: Advances in 
Robust Control and Applications
Mahmut Reyhanoglu

1.  Introduction

There has been considerable excitement recently over the emergence of new 
mathematical techniques for modeling and analyzing complex dynamic systems. Such 
complex systems are prone to unwanted effects of uncertainties, disturbances, and 
noise. The growing availability of more powerful and affordable microprocessors, 
coupled with the demand for improved performance, encouraged control engineers 
to develop innovative and robust nonlinear control algorithms to address challenges 
related to uncertainties, disturbances, and noise. This introductory chapter briefly 
describes the advances in robust control approaches and their applications in various 
engineering fields.

Sliding mode control (SMC) is a widely adopted nonlinear robust control 
technique. SMC relies on high controller gains to ensure robust performance in the 
presence of disturbances and uncertainties. However, the traditional SMC technique 
suffers from unwanted chattering effects in the system response [1]. Recently intro-
duced modified versions of SMC include the learning-based SMC [2] and the neuro-
adaptive SMC approaches [3].

An alternative method to handle disturbances and uncertainties is the learning-
based model predictive control approaches [4]. Neural network (NN)-based learn-
ing is a popular control technique with different variants such as NN-based online 
learning [5] and NN-based adaptive control [6, 7]. Another approach amalgamates 
a fuzzy neural network with a conventional Proportional plus Derivative controller 
(FNN + PD) [8, 9].

Another widely used approach is the feedback linearization control (FLC), though 
its performance diminishes under uncertainties and disturbances, leading to a failure 
in convergence to zero for closed-loop errors [10]. To address this, FLC with integral 
action has been proposed to guarantee steady-state error convergence. Several other 
learning-based approaches have been developed in conjunction with FLC to overcome 
its limitations [11–13]. In [13], an artificial NN with a nonlinear auto-regressive-
moving average (ARMA) model is designed to enable the learning of nonlinear 
system inputs. A dynamic linearization approach has been introduced for discrete-
time nonlinear systems [14]. A gradient-descent-based learning gain and disturbance 
observer for nonlinear systems is introduced in [15]. While these learning-based 
nonlinear methods offer several advantages, such as handling uncertainties, unmod-
eled dynamics, and disturbances, their real-time implementation remains difficult 
due to the high computational demands. To overcome this challenge, [16] extends the 
fundamental steps from previous works [17–19] to create a simple learning (SL)-based 
control strategy for trajectory tracking in a specific class of dynamical systems. 

XIV
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The SL-based method is used to design the traditional feedforward control law based 
on the system’s nominal model. The strategy also uses the gradient-descent method 
to minimize the desired closed-loop error function and derive adaptation rules for 
disturbance estimates and control gains.

2.  Applications of robust control techniques

There are numerous applications of sliding mode control (SMC) schemes, includ-
ing control of chemical processes, electric motors, automatic flight control, control of 
space systems and autonomous robots [1]. Application of learning-based SMC and the 
neuro-adaptive SMC approaches to robotic systems can be found in [2, 3].

The learning-based model predictive control approaches have been success-
fully applied to autonomous vehicles, robot manipulation, multi-robot systems, 
energy systems, chemical and industrial processes, flight controls, agriculture and 
environmental systems [4]. Neural network (NN)-based learning techniques utilize 
neural networks’ capabilities to model complex systems while optimizing control 
decisions in real time. NN-based online learning approaches are based on continu-
ous parameter updates as new data becomes available. Important applications of 
NN-based online learning include adaptive path planning for autonomous driving, 
autonomous flight of unmanned aerial vehicles (UAVs), robotic process automation, 
optimal control of smart grids, robotic surgeries, and economic system modeling [5]. 
NN-based adaptive control techniques enable control systems to adapt to time-
varying system dynamics, uncertainties, and disturbances. Some of the applications 
NN-based adaptive control are process optimization, smart grids, signal processing, 
cybersecurity, control of robot manipulators, autonomous vehicles, and UAVs [6, 7]. 
Fuzzy Neural Network plus Proportional Derivative (FNN + PD) control employs 
SMC-based learning technique for robust control. The FNN + PD control has proven 
a powerful technique for the control of shipborne manipulators [8] and fixed-wing 
UAVs [9].

The learning-based feedback linearization control (FLC) technique, which 
combines machine learning with feedback linearization, has been widely applied in 
various important engineering fields, ranging from robotics to communication and 
network systems [10–15]. Recently, the simple learning (SL) based control strategy 
has been applied to a general class of dynamical systems [16]. In particular, the 
SL-based control approach is applied to the control of several important engineer-
ing systems including electric pumps [17], UAVs [18], and 2-DOF helicopter [19]. 
Figure 1 shows the flow diagram of SL-based control strategy applied to a tricopter 

Figure 1. 
The flow diagram of SL-based control strategy [18].
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UAV. Schematic representation of the 2-DOF helicopter is shown in Figure 2. Finally, 
in [20], a machine learning-based approach is implemented to address challenges 
caused by disturbances and uncertainties arising in the control of autonomous solar 
panel cleaning systems.

Figure 2. 
Schematic representation of a 2-DOF helicopter [19].

© 2025 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 2

Perspective Chapter: Basic
Formulation of Unconstrained
Linear State-Space Model
Predictive Control
Mohammed Tajudeen Jimoh

Abstract

Model predictive control (MPC) is a receding horizon type of control system that
uses the internal model in its control action. Different types of model formats that
may be linear or nonlinear are employed in its design. Its design involves systematic
formulation of the model for output prediction and optimized input calculations, even
for multivariable and/or constrained systems. This makes MPC varied and complex in
its formulation and implementation. In this chapter, the focus is on linear,
unconstrained state-space MPC, which is a good starting point for beginners to MPC.
The chapter provides details of how, using the governing objective function, the
optimal control law is formulated. More importantly, it provides details of how the
terms involved in the resulting optimal control law are formulated and evaluated. In
addition, the formulation of two types of observers for the state-space MPC is
presented. By using a benchmark model and a MATLAB code, a simplified step-by-
step implementation guide of the MPC is provided.

Keywords: model predictive control, constrained MPC, quadratic objective function,
linear MPC, Kalman filter, observer

1. Introduction

Model predictive control (MPC) is an advanced control system that relies on the
use of an internal dynamic model of the plant being controlled to achieve its control
action. The origin of MPC and its early application have been traced to the 1970s in the
process industries, particularly oil refining and petrochemicals [1, 2]. The slow
dynamics of the process industries were considered just right for the heavy computa-
tional requirements of MPC. Many other industries (food processing, pulp and paper,
mining and metallurgy, defense, and automotive) have since embraced the technol-
ogy [3–5]. Even in robotics and aerospace industries, where the dynamics are very fast
and nonlinear, with the diversity of mission platforms, MPC has found wide applica-
tions [6–8]. This has been made possible by the advances in memory and computa-
tional power of computers.

7



MPC is particularly popular because of the ease with which it can be applied to
multivariable systems, and its ability to handle constraints almost effortlessly. It can
also account for actuator limitations and can be used for systems with complex
dynamics with long delay times or of non-minimum phase unstable processes.
Another attraction is that it is based on an open methodology underlined by principles
that allow for future extensions [2]. In general, MPC control action is highly efficient
and is able to operate for long periods of time with hardly any intervention.

It, however, has some disadvantages. The formulation of its control law is more
complex compared to classical PID, and it requires a high computation load [2]. It can
be operationally difficult, and it requires high installation and maintenance costs. It
lacks flexibility as it is plant-specific [9].

1.1 General principle of model predictive control

The MPC control action is carried out using three basic elements, as illustrated in
Figure 1. The MPC uses an internal model (linear or nonlinear), together with past
outputs/inputs/states, to construct a future output prediction equation Ŷ for a predic-
tion horizon. The predicted future output is combined with set point S (or reference
T) trajectory information, and possibly information about input and output con-
straints, to formulate the necessary objective (or cost) function J. Then the cost
function is solved to obtain a control law from which a set of optimum control moves

Δ U
^

for a control horizon is calculated. If constraints are not accounted for in the
formulation of the objective function, the objective function is linear and can be
solved explicitly using the linear least squares methods. For a cost function that
includes constraints, the optimal control moves are obtained using quadratic pro-
gramming (QP) techniques [10].

The control moves are calculated at a regular time interval Δt. They are calculated
such that the predicted future outputs Ŷ optimally track defined (set point) reference
trajectory T within a prescribed horizon P. The control moves are calculated based on
the receding horizon strategy. This receding horizon strategy is defined as this: at a

Figure 1.
Elements of a basic MPC.
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sampling instant k, a sequence of future H optimal control moves U
^

is calculated.
From this sequence, only the first control move u

^
kð Þ is sent to the plant as the

manipulated variable u kð Þ, and the others are neglected. Then, the same
procedure is repeated at the next sampling instant kþ 1. In MPC, P is referred to as
the prediction horizon while H is the control horizon. Both are important MPC
tuning parameters. For constrained systems, a large value of P allows the MPC to
plan well ahead and avoid or minimize the effect of the constraints. Likewise, for
systems with plant delay, where td is the equivalent sampling instant of the time
delay, a large value of P (P> > td) allows the MPC to accommodate the delay in its
predictions. For a stable system, P is recommended to be equal to or greater
than the open loop settling time of the process being controlled [11]. On the other
hand, for a system with a time delay, the value of H is usually set such that
H< <P� td. This allows a unique set of optimal control moves to be determined
at every sampling instant [12, 13].

1.2 Major types of MPC

The major available MPC types can be broadly categorized into three: the Finite
Impulse/Step Response MPC, the Transfer function MPC, and the state-space MPC.
The MPC type is actually determined by the format of its internal model, which in
turn determines the nature of the prediction equation that is formulated.

The Finite Impulse/Step Response MPC, which is generally referred to as Dynamic
Matric Control (DMC), is the first of the MPC types to be reported [14]. This type
uses linear discrete-time empirical finite impulse/step response models in the formu-
lation of its prediction equation. It is limited to stable processes and processes without
integrators. Discussions on the development of prediction equations for step response
MPC are widely available. See, for example, Refs. [15–17].

Transfer function MPC, broadly referred to as Generalized Predictive Control
(GPC), was first reported in the 1980s [18]. Its prediction equation is based on the
transfer function (or input-output difference equation) model. It is suitable for stable
and unstable processes. Details about the formulation of the prediction equation for
this type of MPC can be found in Refs. [2, 10, 19].

State-space MPC was introduced in the late 1980s. The first account and descrip-
tion of this form of MPC, according to Qin and Badgwell [1], were contained in Refs.
[20, 21]. As the name implies, state-space MPC uses discrete-time state-space models
for the derivation of its prediction equation.

State-space has become the most common approach to MPC design [22]. The state-
space internal model can accommodate different problem dynamics (integrating,
stable and unstable) easily and it can handle multivariable processes most effortlessly
[10]. In addition, a large collection of modern control theory and analysis methods can
be applied to the study of its algorithm, robustness, and stability.

State-space MPC is, however, complicated by the need to incorporate a state
estimator, commonly referred to as an observer, in its prediction [16]. This is because,
in implementation, the internal model used is not always a perfect representation of
the dynamics of the process being controlled. That is there is always some degree of
model-plant mismatch. Also, not all the states of the process upon which predictions
are made are directly measurable. Yet good information on the states of the process is
required for accurate prediction by state-space MPC. The observer is normally
included to ensure good control actions.
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Despite its widespread use, state-space MPC has attracted some criticisms: One
obvious criticism is that certain processes may require very large state matrices to
fully describe them and that this may lead to numerical problems during computa-
tions. Another criticism is that a state-space model is not very transparent: It is most
times difficult to see what the figures are saying, except for very experienced engi-
neers. However, some researchers are now showing that some of these criticisms are
not completely justified. For example, Maciejowski [10] showed that a complicated
multivariable step response model with input delays can be converted to an equivalent
state-space model. There are also works on state reduction. A simple algorithm for
obtaining state-space dynamic from step response data is given in Ref. [23].

State-space MPC formulations are well documented. See for instance Refs. [2, 10,
11, 24–29] and many others.

1.3 Chapter objective

The major hindrances to wider application of MPC generally are its opaqueness
and complex design process. Their implementation on multivariable process adds to
the complexity. These reasons have limited its study even for research purposes. Many
trainings and researches on the MPC rely mainly on proprietary MPC software. The
focus of this chapter is on presenting a simplified formulation of unconstrained, state-
space MPC, with emphasis on its key aspects: the prediction equation, the objective
function, the control law, and the observer. The formulations are based on the gener-
alized Multiple-Input-Multiple-Output (MIMO) system. In the formulations, the var-
iables and parameters involved, as well as the dimensions of the associated matrices
and vectors, are defined.

2. Linear, unconstrained state-space MPC and its formulation

Linear state-space MPC uses linear, time-invariant dynamic state-space models in
the design of its objective function [25]. An unconstrained MPC does not include
provisions for handling constraints on the inputs, the inputs changes, and the outputs
in its formulation.

The basic flow of signal in a state-space MPC is shown in Figure 2. The MPC uses
set point information s, together with an estimated state of the plant x̂, to calculate the
control move u, that is sent to the plant. The observer makes use of the measured plant
output y, and the previous plant input to predict the next state of the plant.

Figure 2.
Basic signal flow of a plant controlled with state-space MPC.
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2.1 The output prediction equation

For a multi-input, multi-output (MIMO) system of m outputs and w inputs, its
dynamics may be represented in proper (a proper system is one in the current input
has no effect on the output), discrete-time, state-space equation as: [11, 30, 31]:

x kþ 1ð Þ ¼ Adx kð Þ þ Bdu kð Þ þGdz kð Þ (1)

y kð Þ ¼ Cdx kð Þ þ v kð Þ (2)

If the system has n states, the system matrix Ad, the input matrix Bd, and the
output (measurement) gain matrix Cd have dimensions Ad ∈n�n, Bd ∈n�w,
Cd ∈m�n, respectively. Also, the predicted state vector x, the predicted output
vector ŷ, and the input vector u have dimensions x∈n�1, y∈m�1, and u∈w�1,
respectively. z ¼ ∈n�1 is the process noise vector, v ¼ ∈m�1 is the measurement
noise vector, and Gd ¼ ∈n�n is a diagonal (usually identity) matrix relating the
process noise to the state variables.

The equivalent augmented model of the discrete-time, state-space system that is
used in state-space MPC formulation, is given as [11]:

ð3Þ

y kð Þ ¼ 0m,n Im½ �X kð Þ (4)

or simply as:

X kþ 1ð Þ ¼ AX kð Þ þ BΔu kð Þ (5)

y kð Þ ¼ CX kð Þ (6)

where A,B, and C are the augmented matrices with the following dimensions:
A∈ nþmð Þ� nþmð Þ, B∈ nþmð Þ�w, C∈m� nþmð Þ. The new augmented state matrix X has
dimension X ∈ nþmð Þ�1 and the input change vector Δu has the dimension Δu∈w�1.
The matrix 0n,m is an all-zeros elements matrix of n rows and m columns, while 0m,n is
the transpose of 0n,m. The matrix Im is an identity matrix of dimension m.

Using the augmented state models of Eqs. (3)–(6) the output prediction equation
within the prediction horizon P and control horizon H for state-space MPC can be
written in generalized vector-matrix form as [11]:

ŷ kþ1ð Þ
ŷ kþ2ð Þ
ŷ kþ3ð Þ

⋮

ŷ kþPð Þ

2
66664

3
77775

|fflfflfflfflffl{zfflfflfflfflffl}
Ŷ

¼

CB 0 ⋯ 0

CAB CB ⋯ 0

CA2B CAB ⋯ 0

⋮ ⋮ ⋱ ⋮

CAP�1B CAP�2B ⋯ CAP�MB

2
66664

3
77775

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
Φ

Δu kð Þ
Δu kþ1ð Þ
Δu kþ2ð Þ

⋮

Δu kþH�1ð Þ

2
66664

3
77775

|fflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflffl}
ΔU

þ

CA

CA2

CA3

⋮

CAP

2
66664

3
77775

|fflfflffl{zfflfflffl}
Γ

X (7)

or simply as:

Ŷ ¼ ΦΔU þ ΓX (8)

where Φ∈mP�wH and Γ ∈mP� nþmð Þ can be calculated as constant matrices from
the augmented state-space matrices.
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The vector Ŷ ∈mP�1 is the vector of predicted outputs over the prediction horizon
P. Each of ŷ kþ ið Þ in Ŷ is a vector defined as:

ŷ kþ ið Þ ¼ ŷ1 kþ ið Þ, ŷ2 kþ ið Þ, … , ŷm kþ ið Þ� �T (9)

The vector ΔU ∈wH�1 is also a vertical concatenation of vectors Δukþj�1

over the control horizon. Each of Δu kþ j� 1ð Þ (j ¼ 1, 2, … ,H) in ΔU is a vector
defined as:

Δu kþ j� 1ð Þ ¼ Δu1 kþ j� 1ð Þ,Δu2 kþ j� 1ð Þ, … ,Δuw kþ j� 1ð Þ½ �T (10)

2.2 MPC objective function

The popular quadratic objective function used in the formulation of the optimal
control law for most types of MPC is given as [2]:

min
Δu

J ¼
XP
i¼1

qi yi kþ ið Þ � ti kþ ið Þ� �2 þ
XH
j¼1

rj Δuj kþ j� 1ð� �� �2 (11)

where yi is the measured output, ti is the reference signal, and Δuj is the
input signal. (qi ≥ 0) is the output penalty weight constant, and (rj > 0) is an
input penalty weight constant. The weights are used to either increase or decrease
considerations given to the variables yi kþ ið Þ � ti kþ ið Þ� �

and Δuj during
optimization.

In MPC, a high qi usually results in faster tracking of the output. On the other
hand, a high value of rj on an input helps to suppress its aggressive behavior. The
reference trajectory ti is an approximation used to achieve a gradual transition from
the current measurement yi to the set point si during optimization.

For a generalized linear MIMO system with m outputs and w inputs, the cost
function can be written in matrix form as [2, 32]:

min
ΔU

^
J ¼ T � Ŷ

� �T
Q T � Ŷ
� �þ ΔUð ÞTR ΔUð Þ (12)

where T ∈mP�1 is a vector of defined reference trajectory within the
prediction horizon, and Ŷ ∈mP�1 is a vector of predicted outputs within the
prediction horizon (Eqs. (7) and (8)). ΔU ∈wH�1 is a vector of the input change
within the control horizon. Q ∈mP�mP and R∈wH�wH are square penalty matrices
whose elements are derived from the weights on the outputs and input channels,
respectively.

2.2.1 Output and input penalty weight matrices

If the weights on the m output channels are specified as a vector
q ¼ q1, q2, … , qm

� �
, and the weights on the w input channels are given as a vector

r ¼ r1, r2, … , rw½ �, then the constant penalty matrix Q and R are defined, respectively,
as follows:
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Q ¼

qD 0 ⋯ 0

0 qD 0 0

⋮ 0 ⋱ ⋮
0 0 ⋯ qD

2
6664

3
7775

zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{P times

(13)

R ¼

rD 0 ⋯ 0

0 rD 0 0

⋮ 0 ⋱ ⋮
0 0 ⋯ rD

2
6664

3
7775

zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{H times

(14)

where qD ∈m�m and rD ∈w�w are diagonal matrices whose elements are derived
from the output and input weight vectors, respectively. That is:

qD ¼

w1 0 ⋯ 0

0 w2 0 0

⋮ 0 ⋱ ⋮
0 0 ⋯ wm

2
6664

3
7775 (15)

rD ¼

r1 0 ⋯ 0

0 r2 0 0

⋮ 0 ⋱ ⋮
0 0 ⋯ rw

2
6664

3
7775 (16)

2.2.2 Reference trajectory vector

The reference trajectory can be specified in several different ways [2, 10]. An
approach that specifies the reference trajectory as an exponential approximation from
the current measurement y kð Þ to the set point s kð Þ is given as [17]:

r kþ jð Þ ¼ αjy kð Þ þ 1� α
j
1

� �
sk (17)

where α (0< α≤ 1) is a filter on the output. Large value of α gives a slower, but
smoother response.

Given that the current measurements of a plant with m output channels are
represented as a vector y ¼ y1, y2, … , ym

� �
, that the specified set points on the

m output channels are represented as a vector s ¼ s1, s2, … , sm½ �, and that the
filters on the output channels are specified as a vector α ¼ α1, α2, … , αm½ �, then the
reference trajectory vector T (T ∈mP�1) over a prediction horizon P is defined
as [17]:

T ¼ T1,T2,T3, … ,TP½ �T (18)

where each Ti in T is defined as:

Ti ¼ αi1y1 þ 1� αi1
� �

si, αi2y2 þ 1� αi2
� �

s2,⋯, αimym þ 1� αim
� �

sm
� �

(19)
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and αij indicates output filter α for output channel j raised to power i.

If the vector of actual plant outputs over the prediction horizon, Y ∈mP�1 and set
point vector over the same prediction horizon S∈mP�1 are defined as:

Y ¼ y, y, … , y½ �|fflfflfflfflfflfflffl{zfflfflfflfflfflfflffl}
P times

T (20)

S ¼ s, s, … , s½ �|fflfflfflfflfflffl{zfflfflfflfflfflffl}
P times

T (21)

Then, the reference trajectory vector T for the entire prediction horizon P can be
written compactly as:

T ¼ βY þ ηS (22)

where both β∈mP�mP and η∈mP�mP are matrices derived from the output
channels filters.

A diagonal matrix b is defined using the elements of the output filters vector α so
that:

b ¼

α1 0 ⋯ 0

0 α2 ⋮ 0

⋮ ⋮ ⋱ ⋮
0 ⋯ 0 αm

2
6664

3
7775 (23)

Then, the matrix β is defined as a matrix of powers of b, that is,

β ¼

b1 0 ⋯ 0

0 b2 ⋮ 0

⋮ ⋮ ⋱ ⋮
0 ⋯ 0 bP

2
6664

3
7775 (24)

The matrix η is then defined as:

η ¼ ImP � β (25)

where ImP is an identity matrix of the size mP.

2.3 The optimal control law

The objective function of Eq. (12) is stated as finding the smallest J that minimizes
the squares of the errors between the reference trajectory vector T and the predicted
output vector Ŷ with consideration to the size of the input change vector ΔU. For
linear unconstrained MPC, the optimal control law is obtained by finding the least
squares solution of the quadratic objective function of Eq. (12). By substituting the
prediction outputs Eqs. (7) and (8) into Eq. (12), we have:

min
ΔU

^
J ¼ T �ΦΔU � ΓX̂

� �T
Q T �ΦΔU � ΓX̂
� �þ ΔUð ÞTR ΔUð Þ (26)
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If a variable E is defined as:

E ¼ T � ΓX̂ ¼ βY þ ηS� ΓX̂ (27)

Substituting Eq. (27) into Eq. (26) gives:

min
ΔU

J ¼ E�ΦΔUð ÞTQ E�ΦΔUð Þ þ ΔUð ÞTR ΔUð Þ (28)

Expansion of Eq. (28) gives:

min
ΔU

J ¼ �2ΔUTΦTQEþ ΔUT ΦTQΦþ R
� �

ΔU þ ETQE (29)

The minimum of Eq. (29) occurs when its first derivative is zero. The first deriv-
ative of this equation with respect to ΔU equated to zero is:

∂J
∂ΔU

¼ 0 ¼ �2ΦTQEþ 2 ΦTQΦþ R
� �

ΔU (30)

Then, the optimum control law for unconstrained MPC is found to be:

Δ U
^

¼ ΦTQΦþ R
� ��1ΦTQE (31)

or compactly as:

Δ U
^

¼ ΨE ¼ Ψ βY þ ηS� ΓX̂
� �

(32)

where

Ψ ¼ ΦTQΦþ R
� ��1ΦTQ ¼ Ω�1ΦTQ (33)

and

Ω ¼ ΦTQΦþ R (34)

For MPC as receding horizon control where only the first set of w inputs Δ u
^

kð Þ
obtained in the control horizon is sent to the plant as Δu kð Þ, we can express Δu kð Þ as:

Δu kð Þ ¼ Δ u
^

kð Þ ¼ KuΔ U
^

¼ KuΨ βY þ ηS� ΓX̂
� �

(35)

where Ku ∈w� H�1ð Þw is defined as:

Ku ¼ Iw 0w, H�1ð Þw½ � (36)

The matrix Iw is an identity matrix of size w, while 0w, H�1ð Þw is an all-zeros matrix
of w rows and H � 1ð Þw columns.

From Eq. (35), the optimum control law for the calculation of the first set of
control input change Δu kð Þ that is sent to the plant can be written in terms of constant
matrices Ky ∈w�mP, Ks ∈w�mP, and Kx ∈w� nþmð Þ as:

Δu kð Þ ¼ KyY þ KsS� KxX (37)
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where

Ky ¼ KuΨβ (38)

Ks ¼ Ku Ψη (39)

Kx ¼ Ku ΨΓ (40)

It can be seen from the above definitions that the problem of MPC
implementation can be divided into two parts. The first part involves computing
the constant matrices Ky, Ks, and Kx. These matrices can be computed once the predic-
tion horizon P, the control horizon H, the output weights vector q, the input weights
vector r, and the output filters vector α are specified for a system ofm outputs and w
inputs. The second part involves the estimation of the vectors Y, S, and X at each
sampling interval. The elements of Y are formed from immediate past plant measure-
ments, while those of S are formed from specified set point values. The elements of X
are obtained from measured or predicted states of the plant.

2.4 State-space MPC observer design

For state-space MPC, good quality control action requires good, distinct informa-
tion about each of the states of the process to be controlled. However, not all the states
of a process are always directly measurable. Some of the states are either too difficult
or impractical to measure, or they occur as linear combinations of other states. In
addition, there is always model-plant mismatch in reality.

To obtain good and real-time estimates of the augmented state vector X, state-
space MPC usually incorporates a state estimator, a soft instrument generally referred
to as an observer. The usual approach is to obtain estimates of the unknown states
using information from the measured process outputs, inputs, and the dynamic
models of the system. The common approach is the use of Kalman Filter.

2.4.1 Kalman filter and model predictive control

Kalman Filter is a very powerful estimator technique that has found widespread
application in many fields. In the field of control, it is used popularly as a state
estimator. The Kalman Filter technique was developed in the 1960s [33]. It uses
measurements linearly related to the state but corrupted with white noise. It assumes
that the discrete-time dynamic model of a system is stochastic, excited by random
(“white”) disturbances (or process noise) and random (“white”) measurement noise
[30, 34].

The Filter is based on the general form of the discrete-time stochastic dynamic
model given in Eqs. (1) and (2). The Kalman Filter works correctly only when the
system for which the states are to be estimated is observable. A given linear dynamic
system model with a given linear input/output model is observable if and only if its
state is uniquely determinable from the model definition, its inputs, and outputs [33].

Given, say, a linear dynamic system represented by the dynamic model of Eqs. (1)
and (2) with n states, the system is observable only if:

rank Cd CdAd CdA2
d ⋯ CdAn�1

d½ �T
� �

¼ n (41)
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The equivalent discrete-time stochastic dynamic system using the
augmented state-space model that is used in the design of model predictive control
is [11, 31]:

x kþ 1ð Þ ¼ Ax kð Þ þ BdΔu kð Þ þGZ kð Þ (42)

y kð Þ ¼ Cx kð Þ þ V kð Þ (43)

where Z ¼ ∈ nþmð Þ�1 is the new process noise vector, V ¼ ∈m�1 is the new
measurement noise vector, and G ¼ ∈ nþmð Þ� nþmð Þ is the new matrix relating the
process noise to the state variables.

Since the process noise and measurement noise are assumed to be white, their
respective covariance matrices are usually treated as diagonal matrices. The process
noise and measurement noise covariance matrices are now defined, respectively, as
M ¼ ∈ nþmð Þ� nþmð Þ and N ¼ ∈m�m.

There are currently many versions of the Kalman Filter, in continuous and discrete
forms. The two common types used in linear MPC are the discrete predictor and the
discrete predictor-corrector types. Their derivations are presented in the following
sub-sections.

2.4.2 Predictor type Kalman filter

In the predictor type Kalman Filter, the state variables are estimated using the
observer of the form [30]:

X̂p kþ 1ð Þ ¼ AX̂p kð Þ þ BΔu kð Þ þ Kp y kð Þ � CX̂p kð Þ� �
(44)

where gain Kp ¼ ∈ nþmð Þ�m is the predictor observer gain.
If ep kð Þ is the state estimation error, the state estimation error equation for the

predicted type observer is given as:

ep kþ 1ð Þ ¼ A� CKp
� �

ep kð Þ (45)

The error will converge to zero if the eigenvalue of A� CKp
� �

is within the unit
circle [11]. The optimal gain Kp that guarantees that the eigenvalues are inside the unit
circle for the observable system is defined as [11]:

Kp ¼ AWCT CWCT þN
� ��1

(46)

where W ¼ ∈ nþmð Þ� nþmð Þ is the auto covariance matrix of the predicted state
estimate that satisfies the discrete-time algebraic Riccati equation [11]:

W iþ 1ð Þ ¼ AW ið ÞAT � KpCW ið ÞAT þN (47)

By specifying an initial W 0ð Þ, Eqs. (46) and (47) can be solved recursively to
obtain the optimal Kp (the value at which Kp becomes constant). That is, using the
initial W 0ð Þ, obtain a value of Kp using Eq. (46). Then use the new Kp and the old W
to obtain a new W using Eq. (47). Repeat until a constant value of Kp is reached. The
initial W 0ð Þ can be prescribed as a matrix of the right dimension with guessed values.
Common practice is to set W 0ð Þ as an identity matrix Inm ¼ ∈ nþmð Þ� nþmð Þ.
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Notice that in calculating the state estimate using Eq. (44), the past measurements
y kð Þ are used. For this case, there is a time delay of one-time step between the
measurement y and the calculated current state estimate X̂ kþ 1ð Þ. This can be a source
of inaccuracy for some systems.

2.4.3 Predictor-corrector type Kalman filter

In the predictor-corrector type Kalman Filter, the state variables are estimated
using the following two equations [30]:

X̂p kþ 1ð Þ ¼ AX̂c kð Þ þ BΔu kð Þ (48)

X̂c kð Þ ¼ X̂p kð Þ þ Kpc y kð Þ � CX̂p kð Þ� �
(49)

Eq. (48) is for the prediction of the states (predicted state estimates), while
Eq. (49) is used to correct the prediction (corrected state estimates).

The state estimation error equation for the predicted-corrector type observer is
given as:

ec kþ 1ð Þ ¼ A� CKpcA
� �

ec kð Þ (50)

The optimal gain Kpc ¼ ∈ nþmð Þ�m that ensures that the eigenvalues of
A� CKpcA
� �

are inside the unit circle is defined as [30]:

Kpc ¼ LCT CLCT þN
� ��1

(51)

where L ¼ ∈ nþmð Þ� nþmð Þ is the auto covariance matrix of the predicted state
estimates defined as:

L ¼ AFAT þGMGT (52)

The duo of Kpc and L must satisfy the equation:

F� I � KpcC
� �

L ¼ 0 (53)

where F ¼ ∈ nþmð Þ� nþmð Þ is the auto covariance matrix of the corrected state
estimate.

Eqs. (51)–(53) are usually solved recursively by specifying an initial L 0ð Þ (or initial
F 0ð Þ). That is, using the initial L 0ð Þ for example, obtain a value of Kpc using Eq. (51).
Then use the new Kpc and the current L to obtain a value of F using Eq. (53). Use the
new F to obtain a new L using Eq. (52). Repeat the process until a constant value of
Kpc is reached. As before, the initial L 0ð Þ (or F 0ð Þ) may be set to a matrix of the right
dimension with guessed values.

Note that for either the predictor type or the predictor-corrector type, the optimal
gain (Kp or Kpc) is calculated a priori for the purpose of MPC applications.

3. Implementing steps for the linear unconstrained state-space MPC

In the implementation of MPC, the major tuning parameters are P, the prediction
horizon, andM, the control horizon. Others are the output weight vector w, the input
weight vector r, and the output filter vector τ. When these parameters are specified,
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the MPC constant matrices Ky, Ks, and Kx of Eq. (37), and either Kp or Kpc can be
evaluated ahead. Then the vectors Y, S, and X̂ have to be evaluated at every sampling
time during the control process.

The steps involved in the implementations are outlined below. The outline is
supported by an example of the control of a benchmark Wood-Berry model of a
distillation column described in Ref. [17].

3.1 The distillation column model

The Wood-Berry distillation column model is a multivariable process with input
delay times. The model is in step response format and given as [17]:

y1
y2

h i
¼

12:8e�s

16:7sþ 1
�18:9e�3s

21sþ 1
6:6e�7s

10:9sþ 1
�19:4e�3s

14:4sþ 1

2
64

3
75 u1

u2

h i
þ

3:8e�8:1s

14:9sþ 1
4:9e�3:4s

13:2sþ 1

2
64

3
75d1 (54)

The variables to be controlled are the distillate composition y1 and the bottom
composition y2. The two manipulated variables are the reflux flow rate u1 and the
steam flow rate u2. One unmeasured disturbance d1 is included.

Using the method contained in Ref. [23], a state-space equivalent of the model can
be constructed. Application of the procedure shows that, with a sampling period of 5
minutes, a state-space model with seven states is required to have a perfect fit with the
step response model. A state-space model with four states is not too far behind, as
shown in Figure 3.

For the sake of compactness of presentation, the state-space model with four states
is adopted for this example. The discrete-time four-state state-space model (with a
sampling period of 5 minutes) is:

Ad ¼

0:8176 �0:2432 �0:01545 0:02131

0:2494 0:00755 �0:01925 �0:09369

�0:01357 �0:2665 0:5144 0:2699

�0:01209 �0:2709 0:07935 0:5491

2
6664

3
7775

Bd ¼

�1:16 2:139

0:5479 �1:464

1:258 0:4882

�0:2957 �0:1828

2
6664

3
7775

Cd ¼
�1:712 �0:9724 0:952 �0:3119

�1:725 �1:169 �1:079 0:07682

� �

The MPC parameters adopted for the simulation are given in Table 1:

3.2 Calculation of the constant matrices Ky, Ks, Kx, and Kp or Kpc

The following steps may be taken to calculate the above constant matrices.
The MATLAB codes for implementing the steps are contained in the attached
Appendix A.
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Step 1:
Generate the augmented state matrices as given in Eqs. (3)–(6). These would be

done using the discrete state-space matrices defined in Eqs. (1) and (2).
Step 2.
Generate the prediction matrices Φ and Γ as given in Eqs. (7) and (8). These would

be done using the augmented state-space matrices generated in step 1.

Figure 3.
Plot of the step response of the Wood-Berry model and Equivalent state-space models (sr = actual model;
ss7n = seven states state-space equivalent model; ss4n = four states state-space equivalent model).

Prediction Horizon P 5

Control Horizon H 2

Output weights q [1, 1];

Input weight r [10, 10]

Output Filters α [0.9, 0.9]

Note: P can be made much greater than five for better control. This value is chosen for the reduced computational load.

Table 1.
MPC parameters for the simulation.
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Step 3.
Generate the output and input weight matrices Q and R of Eqs. (13) and

(14). These would be done using the output weight vector q and input weight
vector r.

Step 4.
Generate the reference trajectory matrix β defined in Eq. (24), and the matrix η

defined in Eq. (23). These would be done using the output filter vector α.
Step 5.
Generate the constant matrix Ω as given in Eq. (34). Make use of the matrices from

steps 2 and 3.
Step 6.
Evaluate the constant matrix Ψ as shown in Eq. (33). Make use of the matrices

from steps 3 and 5.
Note that the matrix Ω is commonly non-square and rank deficient. Singular Value

Decomposition (SVD) can be used for fabricating its pseudo-inverse in a way that
numerical issues. Examples of the use of SVD for the solution of a set of linear
equations, minimum-norm or least squares, for all the possible rank deficiencies of the
coefficient matrix can be found in Ref. [35].

Step 7.
Evaluate constant matrices Ky, Ks, and Kx as shown in Eqs. (38)–(40). Make use of

the value of Ψ evaluated in step 6.
Step 8.
Test for observability of the system (Eq. (41)).
Step 9.
Evaluate the observer gain. For Predictor type Kalman Filter, evaluate Kp algebra-

ically using Eqs. (46) and (47). For predictor-corrector type Kalman Filter, evaluate
Kpc algebraically using Eqs. (51)–(53).

Step 10.
Predefine constant vector VP as a column vector of P ones, i.e., VP ∈P�1

Predefining this vector will be useful during the periodic definition of vector Y
(the measured vector for the prediction horizon) and vector S (the set point vector for
the prediction horizon).

Step 11.
Calculate the eigenvalues of A� CKp

� �
or A� CKpcA

� �
to confirm that they are all

inside the unit circle.

3.3 Periodic evaluation of the optimal control moves and MPC implementation

Step 1:
Run the MATLAB code given in Appendix A.
Step2:
Construct a Simulink file similar to that shown in Figure 4 (for predictor only

observer), or in Figure 5 (for predictor-corrector type observer). In the figures, the
blocks labeled A, B, C, Ks, Ky, Kx, and Kp/Kpc are Simulink gain blocks with their
values set as the letters A, B, C, Ks, Ky, Kx, and Kp/Kpc used in the MATLAB code of
Appendix A. The dotted blocks are MATLAB function blocks that implement the
mathematical Kronecker tensor product VP⨂y to give Y (defined in Eq. (20)) and of
VP⨂s to give S (defined in Eq. (21)). The block labeled Plant is the Simulink file for
the Wood-Berry model given in Eq. (54).
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3.4 MPC implementation

When the MATLAB code of Appendix A is run, the constants Ks, Ky, Kx, and Kp/
Kpc are found to be:

Ks ¼
0:0225, � 0:0138, 0:0156, � 0:0091, 0:0064, � 0:0020, � 0:0024, 0:0019, � 0:0103, 0:0033

0:0069, � 0:0116, � 0:0045, � 0:0212, � 0:0043, � 0:0112, � 0:0004, 0:0017, 0:0054, 0:0144

� �

Ky ¼
0:2023, � 0:1239, 0:0666, � 0:0389, 0:0173, � 0:0052, � 0:0046, 0:0037, � 0:0149, 0:0048
0:0624, � 0:1041, � 0:0191, � 0:0904, � 0:0115, � 0:0301, � 0:0007, 0:0033, 0:0077, 0:0208

� �

Kx ¼
�0:1885 �0:0581 0:2637 0:0942 0:2984 �0:1791

0:4473 �0:1941 0:1528 0:0413 0:0420 �0:2284

� �

Kp ¼

�0:1217 �0:1299

�0:0540 �0:0305

0:1276 �0:1116

0:0901 �0:0610

1:1821 0:2375

0:2150 1:2202

2
666666664

3
777777775
Kpc ¼

�0:1632 �0:1744

�0:0678 �0:0321

0:1629 �0:1734

0:1035 �0:1057

0:8279 0:0726

0:0726 0:8448

2
666666664

3
777777775

Figure 4.
Predictor type observer.

Figure 5.
Predictor–corrector type observer.
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The set point for y1 is 0., and for y2 is 1. A disturbance input d1 with a step change
from 0 to 0.3 is applied at t = 80 mins. The plots of the outputs and inputs are shown
in Figures 6 and 7, respectively.

In Figure 6, set point tracking without disturbance input for both controlled vari-
ables was achieved in about 50 minutes, which is approximately equal to the settling
time of the plant (see Figure 3). After a disturbance input at 80 minutes, set point

Figure 6.
Controlled output plots (sp1 = set point for y1; sp2 = set point for y2).

Figure 7.
Manipulated input plots.

23

Perspective Chapter: Basic Formulation of Unconstrained Linear State-Space Model…
DOI: http://dx.doi.org/10.5772/intechopen.1007897



tracking was achieved in less than 50 minutes later. These show that the MPC control’s
set point tracking and disturbance rejection are good.

4. Conclusions

In this chapter, a brief introduction of MPC generally, and linear, unconstrained
state-space MPC is given. The linear quadratic objective function governing the for-
mulation of MPC is presented and the optimal solution is discussed. The formulation
of the prediction equation for state-space MPC is presented, and detailed consider-
ation is given to the definition of the terms of the optimal control law. The design of
two types of observers for the MPC includes the predictor only type and the predictor-
corrector type. The steps for implementing the state-space MPC, together with its
implementation on a benchmark plant model, are presented.
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Chapter 3

Robust Control of Autonomous
Robotic Vehicles Using Nonlinear
Model Predictive Controller
Aliasghar Arab

Abstract

The proposed chapter will explore the application of robust control methods for
electric connected autonomous robotic vehicles (EACVs) with a focus on robust
control techniques. As the demand for autonomous mobility increases, ensuring their
safety, reliability, and efficiency becomes paramount. This chapter will delve into the
challenges and solutions associated with the robust control of EACVs, particularly
under varying operational conditions that cause uncertainties. By leveraging robust
and learning control strategies, the chapter aims to demonstrate how these methods
can enhance the performance and resilience of EACVs. Key topics will include the
integration of nonlinear control for trajectory following, handling disturbances and
parameter variations, and ensuring system robustness. The chapter will also present
case studies and simulations to illustrate the effectiveness of these control strategies in
real-world scenarios. This comprehensive overview will provide valuable insights for
researchers, engineers, and practitioners involved in the development and deploy-
ment of autonomous robotic vehicle technologies.

Keywords: robust control, autonomous vehicles, mobile robots, nonholonomic
systems, nonlinear control

1. Introduction

There is increasing focus on employing autonomous robotic vehicles across various
sectors, including robot taxis for transportation, delivery trucks and robots for logis-
tics, and autonomous mobile platforms for industrial automation. These intelligent
robotic systems are particularly valuable in hazardous environments where human
operation poses safety risks. Notably, wheeled nonholonomic robotic vehicles are
highly regarded for such applications. As future mobility trends shift toward
connected and electric-powered systems, control strategies that directly manage volt-
age will become increasingly crucial for these advanced autonomous vehicles.

Globally, approximately 94% of the 1.25 million annual automotive fatalities—
including 40,000 deaths in the United States—are attributed to driver behavior. The
World Health Organization reports that 49% of road traffic deaths involve pedestrians
(22%), cyclists (4%), and motorcyclists (23%), as well as vehicle collisions with
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animals and accidents related to natural disasters [1]. The significant role of human
drivers in these incidents is unlikely to diminish without technological and scientific
advancements that make autonomous vehicles (AVs) more reliable than human
drivers [2]. Much like Anti-Lock Braking Systems (ABS) and Electronic Stability
Control (ESC), AVs are designed to reduce fatalities and serious injuries among
vulnerable road users by enhancing vehicle safety during emergency situations [3].
Nevertheless, to meet the safety and reliability standards accepted by the industry,
advanced control methods are essential to further improving road safety.

A key challenge in controlling connected, electric-powered, mechanically
constrained systems—known as nonholonomic robotic vehicles—lies in addressing var-
ious model and environmental uncertainties. These uncertainties can arise from factors
such as inaccuracies in kinematic and dynamic models, external disturbances from
unknown environments, fluctuating reference trajectories, and errors in measurement
noise and perception. To manage these challenges, several classical control techniques
have been proposed, including H∞ control [4], sliding mode control [5], adaptive
control [6], adaptive sliding mode control [7], observer-based feedback linearization
control [8], nonlinear model predictive control [9], and robust nonlinear control [10].
Simultaneously, intelligent control approaches have emerged to handle complex sys-
tems, leveraging fuzzy logic, neural networks, and other learning algorithms to approx-
imate functions or derive rules based on expert knowledge. Notable examples include
adaptive learning control [11], adaptive fuzzy control [12], fuzzy neural control method
[13], and fuzzy controller enhanced using evolutionary optimizations [14, 15].

Ensuring effective motion and tracking control in electric-powered autonomous
robotic vehicles relies on managing the voltage and current of electric motors to
generate the necessary forces and torques [16]. Achieving precise control in these
systems requires addressing practical limitations, such as motor voltage and current
constraints imposed by battery-powered systems, especially during high-speed, high-
precision maneuvers. Incorporating the dynamics of the motors into the control
framework is crucial for enhancing accuracy and reliability. Trajectory tracking
methods that explicitly account for motor dynamics within the control structure have
demonstrated success in addressing uncertainties [17, 18]. This integration of actuator
dynamics has emerged as a promising alternative to traditional multi-layer control
approaches [19].

In contrast to torque control—which is nonlinear, coupled, and computationally
demanding due to the complexity of robotic dynamics—voltage control simplifies the
control process [20]. By using motor voltage as the direct control input, systems can
achieve quicker, more robust performance with minimal tracking errors. This method
not only improves control efficiency but also directly addresses the electrical charac-
teristics of the motors, making it a key factor in controlling electric-powered autono-
mous robotic vehicles. Precise voltage control is essential for ensuring accurate motion
and reliable trajectory tracking in these vehicles.

In this chapter, we model an electric robotic vehicle with electric motors in a state-
space framework and design a robust voltage controller for trajectory tracking in
autonomous robotic vehicles. This approach eliminates the need for a separate torque
control loop, instead directly controlling motor voltages, simplifying the system’s
control architecture. The proposed control law proves highly effective in managing
uncertainties, offering a fast, robust response with minimal tracking error. Through
both simulations and experimental results, the voltage control approach is compared
to traditional methods, such as adaptive feedback linearization and PID control, dem-
onstrating its superior performance.
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2. Modeling an electric robotic vehicles

A robotic vehicle powered by electricity can be modeled through kinematics,
dynamics, and actuator modeling. Kinematics focuses on the geometric relationships
of motion without accounting for forces. Dynamics examines how motion is
influenced by forces, while actuator modeling connects the control input to the robot’s
torque input. Take, for example, a nonholonomic robotic vehicle with four wheels,
each independently driven by electric motors. Each wheel is powered by an electric
motor, as shown in Figure 1. The model is represented using OXYZ as the global
coordination reference and OrXrYrZr as a local coordination reference placed at the
center of gravity on the robotic vehicle. The position CG ffi Or is at the center of mass
of the robotic vehicle. The length L is the distance from the axis crossing the center of
the rear wheel to the center of the front wheel when the wheels are not steered. The
lengthW is the distance between the right and left wheels, and d is the diameter of the
wheel.

The position of the robotic vehicle in a vector format q ¼ x y θ½ �T, in which x y½ �
is the position of Or in the global reference frame, and θ is the heading direction taken
counterclockwise from the axis of local reference frame Xr in respect to the axis of the
global frame X: Any robotic vehicle can be represented by kinematic, dynamic, and
actuator models. Depending on the application and the level of control precision
required for the robotic vehicle’s operation within its specific domain, these models
can be refined to more detailed levels. Additionally, external factors such as sensors,
surrounding objects like other vehicles, vulnerable road users, and environmental
conditions like weather and lighting play a crucial role in the control of autonomous
vehicles. This chapter focuses on designing a robust controller based on the vehicle’s
model, assuming that sensor data is reliable within a certain range.

2.1 Kinematics of a robotic vehicles

Kinematics of a robotic vehicle is very important for understanding the relation-
ship between wheel rotational velocities φ́ ¼ φ́fr φ́fl φ́rr φ́rl½ � and longitude velocities of

Figure 1.
Schematic view of an electric autonomous robotic vehicle.
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the wheels vxw ¼ vxwfr vxwfl vxwrr vxwrl

� �
and steering angles δ ¼ δfr δfl δrr δrl½ �. These vectors

represent the states of the front-right, front-left, rear-right, and rear-left wheels,
respectively. To extract the Kinematic equations, we need to understand the relation-
ship between the wheel’s longitude velocity vxw and wheel’s rotational velocity φ́ as

vxw ¼ rw
2
φ́þ σ, (1)

where σ is a vector to represent the slip ratio of the wheels. In an ideal situation,
the slip of the wheels should be zero, hence the robot velocity vector v ¼ vx vy ω½ �T,
where vx, vy and ω are the longitudinal, lateral, and angular velocity of a robotic
vehicle, is governed by the drivetrain of kinematics.

φ́ ¼ Tx
w δð Þvþ σ̂ (2)

where

Tx
w δð Þ ¼ (3)

The inverse-kinematic solution of the robotic vehicle can be obtained by setting
the skidding of the robotic vehicle to be negligible. A small skidding value of a
wheeled robotic vehicle means the lateral velocity of the wheels is equal to zero vyw ¼.
Anti-lock braking system (ABS) and Electronic Stability Control (ESC) systems in the
vehicles are designed to use local feedbacks to avoid potential slipping and skidding in
the vehicles. Without slipping or skidding, the kinematic solution can be integrated
with local feedback controllers to maintain the desired wheel angle and velocity. But
in real world, slipping and skidding always exist and using kinematic models for
precise control design is insufficient.

2.2 Dynamics of a robotic vehicles

However, slipping and skidding are inevitable and they will cause uncertainty and
affect the controller’s performance in an autonomous vehicle to follow a desired path.
Also, the effects of vehicle’s dynamic modeling are necessary for designing a robust
and reliable control for an autonomous robotic vehicle. There are several methods for
representing a vehicle’s dynamics, including a simplified bike model based on the
vehicle’s symmetry [21], a four-wheel model with front steering [9], and a four-
independent-wheel model [22]. Using a robotic format for the equations of motions
for a robotic vehicle can be represented as

M qð Þv́þ C q, vð Þvþ τd þ AT qð Þλ ¼ B qð Þτ (4)

where M qð Þ∈R3�3, the inertia matrix, is symmetric and positive definitive,
C q, vð Þv∈R3 is centrifugal and Coriolis forces and torques vector. Where the gravita-
tional effects, frictions, and slip and skidding effects are considered as lumped uncer-
tain disturbance vector τd ∈R3. The non-square matrix B qð Þ∈R3�2 transforms the
input torques from the joint space to the workspace. The vector A qð Þ∈R3 is associated
with constraints, and λ∈R is the constraint force.
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Assumption 1: The wheels do not slide under the nonholonomic constraint; hence,
the lateral speed will stay zero.

vyw ¼ 0 (5)

Assumption 2: All kinematic equality constraints are time-independent so that

A qð Þq́ ¼ 0 (6)

Consider the velocity vector denoted as v ¼ vx vy ω½ �T where υ represents the linear
velocities in x and y directions and ω is angular velocity in the reference frame under the
nonholonomic constraint, arising from pure rolling without slipping. Therefore,

v ¼ T́
x
w δð Þφ́ (7)

2.3 Modeling the actuator in a robotic vehicle

The electric motors provide the torques to the wheels via the following dynamics

Jmφ́m þ Bmφ́m þ rgτw ¼ τm (8)

where τm ¼ τmfr τmfl τmrr τmrl½ � is the motor torque vector and τw ¼ τwfr τwfl τwrr τwrl½ �
is the wheel torque vector, Jm, Bm, and rg are the motor coefficients, namely the
inertia, damping, and reduction gear, respectively. The motor velocities φ́m ¼

φ́mfr φ́mfl φ́mrr φ́mrl

� �
and wheel velocities φ́ in Eq. (2) are related through the gears as

φ́m ¼ 1
rg
φ́ (9)

Substituting (4) into (8), and using (9) yields to

Jm
rg

d Tx
w δð Þvþ σ̂

� �
dt

þ Bm

rg
Tx
w δð Þvþ σ̂

� �þ rgτw ¼ τm (10)

The differential equation of geared electric motors is

LmÍ þ RmI þ Kb

rg
φ́ ¼ V (11)

where V ¼ Vfr Vfl Vrr Vrl½ � is the motor voltage vector and I ¼ Ifr Ifl Irr Irl½ � is the
vector of motor currents. Rm,Lm,Kb represent the coefficients of armature resistance,
inductance, and back-emf constant, respectively. The motor torque vector τm is pro-
duced by the motor current vector

τm ¼ KmI (12)

Km ffi Kb is the torque constant based on the motor’s specifications. Substituting
Eqs. (12), (4), and (10) into (11) yields
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LmÍ þ RmI þ Kb

rg
Tx
w δð Þ vþ σ̂ð Þ ¼ V (13)

where σ̂ captures the slip, sliding, and all modeling uncertainty effects, which
should be addressed for a robust control design.

2.4 Electric robotic vehicle’s state-space model

Using (3)–(13), the state-space model of the electric robotic vehicle system is then
derived as

ź ¼ f z, uð Þ þ f̂ z, u, ρ́ð Þ (14)

where the state vector zT ¼ qT vT IT½ � and the input vector uT ¼ δT VT½ � and the
nominal part of the nonlinear model of the system f z, uð Þ is time-invariant and is
extracted analytically using the dynamic properties of the system. An estimated model
can be used for the uncertain part of the model f̂ z,V, ρ́ð Þ as a lumped uncertainty
approximation function. However, this function is uncertain, the range of uncer-
tainties is limited, and we are assuming the error in estimating value of slip angle is
ρ� ρ́k k. The nonlinear function, f̂ is for compensating the dynamic parameter varia-

tions, external disturbances, and noises with upper and lower limit as f̂ z, u, ρ́ð Þ
���

���< γ.

Accurate modeling is necessary to predict the state of the robotic vehicle for the
receding horizon. However, precise model of the system f is not always available, and
the estimation of f̂ might be used for improving the robustness. Combining (4)–(14),
the f z, uð Þ term expands into

q́ ¼
cosθ �sinθ 0
sinθ cosθ 0
0 0 1

" #
v,

v́ ¼ �M qð Þ�1 C vð Þvþ Kb

rg
Tx
w δð ÞI

� �
, (15)

Í ¼
V � RI � Kb

rgrw
Tx
w δð Þv

Lm
:

The state-space equations in (15) describe the model of a robotic vehicle as a
coupled nonlinear multivariable system. The complexity of this model is a well-known
challenge in the modeling and control of mobile robots and robotic vehicles.

3. Robust predictive control design

The fundamental idea is to design a robust predictive controller such that the
robotic vehicle predicts the future states and incorporates the unknown part of the
model into the prediction horizon to compensate for the uncertainties. Robustness
constraints can then be incorporated as a cost function to constrained optimization of
Nonlinear Model Predictive Controller (NMPC). The focus is on robustly tracking a
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desired trajectory with a wheeled robotic autonomous vehicle, so we design the
controller in the context of the four-wheeled vehicle platform with four independent
drive motors and no steering. Hence, the problem can be reduced to a model of
nonholonomic differential wheel robotic vehicle platform. However, the challenge of
not having a slip or sliding effect will add a burden to model-based controllers, such as
NMPC.

Given that an upper bound of the system uncertainty is known, the controller
employs iterative optimization to estimate the robotic vehicle’s states over the predic-
tion horizon, assuming zero steering wheel angles and specified drive wheel voltages.
A modified version of nonlinear conjugate gradient (NCG) optimization algorithm is
used [22]. The tracking error of a robotic vehicle is defined as e ¼ qd � q

�� �� for a given
waypoint on the desired trajectory qd. Initial guess for NCF optimization method is
calculated using the output of the feedback linearization controller. Hence, NCG
optimization in nonlinear predictive controller minimizes the cost function subjected
to input and state constraints like robustness constraints as

min u tð Þ

ð t́¼tþtp

t́¼t
α1e t́

� �2 þ α2é t́
� �2 þ J ρ́, t́

� �� �
dt́

subj. eq. (14) and

f̂ z, u, ρ́ð Þ
���

���< γ

umin ≤ u tð Þ≤ umax (16)

δ tð Þ ¼ 0

where e tþ ρð Þ denotes the predicted error at ρ ahead on prediction horizon at time
instant t and tp denotes the prediction horizon. Matrices α1 and α2 are weighting
parameters for error and the derivative of the error. The parameters J ρ́, t́

� �
>0 is used

for penalizing the robustness term if the system is violating any robustness factors.
NMPC controller in Eq. (16) solves a constrained optimization problem to provide
optimal control commands. In particular, the robustness requirements add constraints

of the form f̂ z, u, ρ́ð Þ
���

���< γ. Lipschitz continuity of the cost functions is required for

satisfying all the constraints in (16) at each episode of the predictive controls. The
constrained optimization penalizes the cost function if the robotic vehicles tend to
drift from the robust zone. Hence, the NCG optimizer in Eq. (16) will find the input
vector for the robot, which will move the robotic vehicle into a safe zone, such that

f̂ z, u, ρð Þ
���

��� ! 0. If the target is pushing the vehicle in unsafe state, the solver will stay

at a local minimum, and the robot will send infeasible target messages to the planner
to recalculate the desired trajectory.

4. Programming a nonlinear model predictive controller

Programming a Nonlinear Model Predictive Controller (NMPC) with code is
essential for deepening the understanding of the mathematical, physical, and control
system principles involved. By implementing NMPC algorithms in code, one can
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directly engage with the mathematical formulations, such as system dynamics and
constraints, and see how these equations translate into real-world control actions. It
allows for hands-on interaction with the physics of the system, such as handling
nonlinearity, disturbances, and model predictions over time. Furthermore, coding the
controller provides insight into how optimization techniques are applied to solve
complex control problems in real time, helping bridge the gap between theoretical
concepts and their practical applications in systems like autonomous vehicles or
robotics.

There are numerous ways to simulate such a controller and validate the proposed
controller in this chapter. Our suggestion is to try to formulate the problem using
MATLAB m-files or Python to understand each step. Using out of shelf solvers or
physics engines to simulate the vehicle model or implement NMPC is also an option
but not recommended. An example of a U-turn trajectory following high-speed
autonomous robotic race vehicles can be found here.

5. Validations through simulations

The proposed motion controller is implemented using numerical
simulations in MATLAB, and a dynamic model in Carla is built, incorporating
all essential physical properties based on a real robotic vehicle. The controller
operates with nominal values for physical parameters, allowing a 20% tolerance.
In the simulation, we account for a finite slip effect during various time
periods, with no slip outside this window. The robust control parameters are
tuned using heuristic optimizations. Validations through simulations are a
critical step in the development and deployment of autonomous vehicles for
several key reasons:

1.Safety: Autonomous vehicles must operate in a wide range of scenarios,
including those that involve unexpected events or disturbances. Testing in real-
world conditions without proper validation can pose significant risks.
Simulations allow for the safe testing of the vehicle’s control systems and
algorithms without risking human life or damaging the vehicle.

2.Scenario diversity: Autonomous vehicles are expected to handle various
complex maneuvers, such as lane changes, merging, and U-turns, under
different environmental conditions. Simulations provide a controlled
environment where these different scenarios can be replicated precisely and
consistently. This allows developers to study how the vehicle responds to various
challenges, such as different speeds, turning radii, or disturbances (e.g., wind
and road friction).

3.Cost efficiency: Simulating the vehicle’s behavior is far more cost-effective than
conducting repeated real-world tests. Each test in the physical world requires
fuel and equipment, as well as possibly repairing or replacing components due to
wear and tear. Simulations can be run continuously without these costs, enabling
thousands of iterations with minimal expenses.

4.System tuning: Through simulations, engineers can tune the vehicle’s
control algorithms to respond optimally to a wide variety of situations. This is
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especially important for critical maneuvers like U-turns, where sharp turns at
different radii and speeds, combined with disturbances (such as surface
irregularities or external forces), can challenge the stability and control of
the vehicle.

5.1 U-turn simulation with variations

In this section, we simulate the vehicle performing various U-turn manoeuvres as
it shown in Figure 2 under different conditions, including:

• Different radii of curvature: The radius of a U-turn can vary depending on the
space available. Testing the vehicle’s response to both sharp and gradual U-turns
ensures that the control system can handle diverse environments, from tight
urban streets to wider rural roads.

• Different speeds: Vehicle speed plays a critical role in its ability to
maintain stability during turns. Simulating U-turns at different speeds helps
test the vehicle’s capability to stay stable and follow the intended path,
especially when turning quickly, which could be necessary in emergency
scenarios.

• Disturbances: External disturbances such as wind, road surface friction, or even
sensor noise can affect the vehicle’s performance. By treating these factors as a
lumped uncertainty and incorporating them into the closed-loop control system
during simulations, we demonstrated the robustness of the vehicle’s control
system. This ensures that the controller maintains safe operations even under
less-than-ideal conditions, as evidenced by the tracking error with and without
uncertainty, shown in Figure 3.

In summary, the validation through simulations ensures that the
autonomous vehicle is thoroughly tested across various operational conditions,
enabling the development of a robust and reliable system before transitioning to
real-world testing. This systematic approach minimizes risks, reduces costs, and
enhances safety.

Figure 2.
Controller’s performance for U-turn maneuvers of an autonomous robotic vehicle.
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6. Conclusions

In conclusion, we have introduced a unique and innovative approach to modeling
autonomous robotic vehicles, focusing on a holistic and detailed representation of
their complex dynamics. This method accounts for various real-world challenges that
autonomous vehicles face, such as nonlinearity, side slips, and unpredictable environ-
mental disturbances, providing a more realistic framework for understanding vehicle
behavior. At the heart of this approach is the design of a robust Nonlinear Model
Predictive Controller (NMPC), which is specifically tailored to address these chal-
lenges. By leveraging advanced control techniques, the NMPC efficiently manages the
vehicle’s stability, ensuring smooth and accurate performance, even in the presence of
uncertainties such as road friction variability, sensor noise, and external forces like
wind or terrain inconsistencies.

One of the critical strengths of our approach is its focus on real-time optimization,
allowing the controller to predict future vehicle states and make timely adjustments to
avoid issues such as side slips, which can significantly affect vehicle safety and
maneuverability. This predictive capability ensures that the autonomous vehicle can
operate reliably under diverse conditions, from urban environments with sharp turns
and obstacles to high-speed highway driving.

To further enhance the learning and application of this model, we have provided
extensive simulations covering various test scenarios including U-turn maneuvers at
different radii, speeds, and under varying levels of disturbances. These simulations not
only validate the effectiveness of the proposed control system but also offer insights into
the vehicle’s behavior under a wide range of conditions. In addition, we offer open-source

Figure 3.
Tracking error performance comparison for the controller with and without the robustness factor.
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code to the community, providing a valuable resource for researchers, developers, and
students interested in exploring and building upon this work. By making these tools
available, we aim to foster further innovation and experimentation, helping to advance
the field of autonomous vehicle control. Our contributions serve as both a foundation for
understanding the complex control systems that govern autonomous vehicles and a
stepping stone for future advancements in this rapidly evolving field.
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Chapter 4

Advanced Control Strategies for
Space Systems: Integration of
Model Predictive Control and
Neural Networks
Sean Kalaycioglu and Anton de Ruiter

Abstract

This chapter presents advanced control methodologies for space systems, focusing
on the integration of nonlinear model predictive control (NMPC) and neural network
approaches. The chapter synthesizes novel developments in controlling coupled
structural-attitude dynamics of spacecraft with flexible appendages and multiple
robotic manipulators. Key innovations include the application of nonlinear
autoregressive exogenous model (NARX) neural networks for adaptive state estima-
tion, passivity-based NMPC for robust control, and piezoelectric actuator integration
for precise vibration suppression. The chapter provides comprehensive coverage of
mathematical modeling, control algorithm development, and practical implementa-
tion considerations. Simulation results demonstrate superior performance compared
to conventional approaches, particularly in handling model uncertainties and distur-
bances while maintaining strict bounds on actuator saturation limits. The methodolo-
gies presented are directly applicable to emerging space applications including on-
orbit servicing, assembly, and debris removal.

Keywords: model predictive control, passivity, neural networks, space robotics,
multi-robot system, vibration control

1. Introduction

Model predictive control (MPC) has emerged as one of the most powerful and
versatile control methodologies in modern control engineering. Its ability to handle
complex, multi-variable systems while explicitly considering constraints and optimiz-
ing performance objectives has led to its widespread adoption across diverse applica-
tions. Originally developed for process industries in the 1970s, MPC has since
transcended its initial domain to find applications in aerospace, robotics, and various
other fields requiring sophisticated control solutions [1].

The fundamental principle of MPC lies in its predictive nature, where the control-
ler uses a dynamic model of the system to forecast future behavior and optimize
control actions over a prediction horizon. This forward-looking approach, combined
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with the capability to handle constraints and multiple objectives simultaneously,
makes MPC particularly suitable for complex aerospace and robotic systems where
precision, safety, and performance optimization are paramount.

In the realm of space and robotics applications, MPC has demonstrated remarkable
versatility and effectiveness. This chapter focuses on three significant areas where
MPC has made substantial contributions: free-flying autonomous multi-robot systems
with passivity-based stabilization, multi-rover dual arm control, and vibration control
of spacecraft antennas. These applications represent cutting-edge implementations
where MPC’s predictive and optimization capabilities have been instrumental in
achieving superior control performance.

The integration of MPC in these domains has led to innovative solutions for
challenges that traditional control methods struggle to address effectively. In multi-
robot systems, MPC enables coordination while ensuring stability through passivity-
based approaches. For multi-rover systems with dual arms, it provides the framework
for managing complex kinematic chains while optimizing resource utilization. In
spacecraft antenna control, MPC’s predictive nature proves invaluable for suppressing
vibrations while maintaining pointing accuracy.

The following subsections in this introduction provide comprehensive literature
reviews for each of these application areas, examining the evolution of MPC
implementations, key theoretical developments, and significant practical achieve-
ments. Through these reviews, we highlight how MPC has been adapted and
enhanced to meet the specific challenges of each domain, while identifying common
threads and potential areas for future development.

1.1 Free-flying autonomous multi-robot systems for space applications

The last two decades have witnessed a transformative shift in space operations
through the advancement of free-flying autonomous multi-robot systems [1]. This
evolution has been driven by the limitations and inherent risks of traditional
astronaut-conducted Extravehicular Activities (EVAs), leading space agencies to pur-
sue more efficient autonomous solutions [2]. The extensive training requirements,
operational complexities, and safety considerations of human spacewalks have cata-
lyzed the development of sophisticated robotic alternatives, particularly for opera-
tions beyond low Earth orbit.

The technological progression in this field is exemplified by several pioneering
missions and initiatives. JAXA’s Engineering Test Satellite ETS-VII demonstrated fun-
damental capabilities in autonomous capture and manipulation [3], while NASA’s
ARCHINAUT program [4] has advanced on-orbit manufacturing and assembly capa-
bilities. Contemporary projects span from NASA and MAXAR Technologies’ OSAM-1
mission [5] to ambitious ventures like the Gateway Moon Space Station, ESA’s Mars
exploration initiatives, and DLR’s OrbitalHub [6].

Space debris management has emerged as a critical application driving innovation
in autonomous systems. With debris mass exceeding 8000 tons in Earth orbit, the
Space Foundation’s 2020 white paper emphasized the urgency of debris removal
operations [7]. The field has seen significant developments in capture methodologies
[8], encompassing both rigid and flexible capture systems. These include innovative
approaches such as harpoons, nets, and tentacles [9–11] designed to minimize colli-
sion risks and prevent additional debris generation [12]. China’s Aolong-1 satellite and
the Future Space Debris Removal Orbital Manipulator (FSDROM) represent practical
implementations of these technologies [13].
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The operational challenges in space robotics stem from multiple sources of uncer-
tainty and system limitations. These include variations in friction coefficients, geo-
metric properties, and dynamic parameters [14], compounded by the potential for
actuator malfunctions during critical operations [15]. The complexity increases with
sensor and actuator failures, requiring systems to maintain functionality with reduced
degrees of freedom and limited feedback [16].

Model predictive control (MPC) has emerged as a promising framework for
addressing these challenges [17]. The evolution of MPC implementations encompasses
various approaches, including implicit, explicit, adaptive, and gain-scheduled variants
[18–22]. While traditional linear MPC applications have shown limitations in highly
nonlinear space systems [23], nonlinear model predictive control (NMPC) offers
improved capabilities for handling system nonlinearities.

Recent research has focused on addressing key challenges in NMPC implementa-
tion, including feasibility, nonlinearity management, and robustness [24–26]. Various
studies have explored NMPC applications in space robotics [27–32], highlighting both
potential benefits and limitations. A significant concern is that NMPC alone cannot
guarantee closed-loop stability, particularly crucial in space operations where system
failures can have catastrophic consequences [33].

A breakthrough in addressing these limitations has emerged through the integra-
tion of passivity theory with NMPC frameworks. Building on fundamental work in
passivity theory [34, 35], the researchers in Ref. [36] introduced a passivity-based
NMPC scheme that provides formal stability guarantees while maintaining optimiza-
tion capabilities. This approach has been further developed in recent work on
passivity-based nonlinear model predictive control (PNMPC) for multi-robot space
applications [37], demonstrating enhanced stability and performance in complex
space operations.

The synthesis of passivity theory and NMPC represents a significant advancement in
control system design for space robotics. This integrated approach addresses the dual
challenges of maintaining stable operation while optimizing performance in the pres-
ence of uncertainties and constraints. As space operations continue to evolve, from
debris removal to on-orbit manufacturing, these advanced control strategies will play an
increasingly crucial role in enabling more complex and ambitious space missions.

The integration of mobile rovers with robotic manipulators represents a frontier in
autonomous exploration and construction capabilities, particularly in planetary envi-
ronments [38]. These sophisticated systems, combining mobility with manipulation
capabilities, are revolutionizing planetary exploration, construction, mining opera-
tions, and military applications. The complexity of coordinating multiple rovers
equipped with dual manipulators, especially when handling common loads, presents
unique challenges that push the boundaries of control system design.

The evolution of rover control systems has progressed through several fundamen-
tal stages. Pioneering work in Refs. [39, 40] established crucial frameworks for man-
aging free and contact motion control, alongside developing methodologies for
generating collision-free trajectories. This foundational research was extended
through investigations into nonholonomic constraints using differential wheeled
rovers [41, 42], which revealed the intricate complexities of motion control under
these constraints. While conventional approaches often simplified the problem by
isolating kinematic control from dynamics [43], subsequent research demonstrated
the feasibility of controlling mechanical systems despite their nonholonomic structure
[44]. However, a significant limitation was identified in that such systems cannot
achieve single-point equilibrium through smooth time-invariant feedback [45].

47

Advanced Control Strategies for Space Systems: Integration of Model Predictive Control…
DOI: http://dx.doi.org/10.5772/intechopen.1010037



Early advances in multi-manipulator control were marked by Kalaycioglu [46],
which demonstrated optimal force distribution techniques for dual robotic manipula-
tors. Though limited to fixed-base systems, this research laid groundwork for later
developments in mobile manipulation. The integration of model predictive control
(MPC) frameworks [18, 20, 28, 47–49] brought new capabilities for performance
optimization while considering system constraints and dynamics. However,
implementing robust MPC posed significant challenges due to various uncertainties
affecting system performance [50], although the receding horizon characteristic of
standard MPC provided some inherent robustness [51].

Standard MPC implementations showed limitations in complex robotics systems
[52], prompting extensive research into novel MPC methodologies [53–57] aimed at
enhancing robustness and stability. The evolution of nonlinear model predictive con-
trol (NMPC) has been particularly significant, with advances in computational tools
and techniques [58] dramatically improving implementation capabilities. These
developments included fast gradient methods and input parameterization approaches,
making NMPC increasingly practical for real-time applications.

A significant development in rover control systems was presented in
Ref. [27] in the area of “Nonlinear Model Predictive Control of Rover Robotics
System.” This research introduced innovative approaches for managing complex
nonlinear dynamics in rover systems, particularly focusing on real-time
optimization and constraint handling for wheeled mobile platforms. Their work
demonstrated superior performance in trajectory tracking and stability maintenance
under various operating conditions, establishing new benchmarks for rover control
system design.

The challenge of coordinating multiple rovers with dual manipulators handling a
common load represents an underdetermined system subject to nonholonomic con-
straints. This configuration requires sophisticated control strategies capable of simul-
taneously managing both kinematic and dynamic aspects while addressing practical
constraints such as wheel and joint torque saturation. The integration of predictive
control methodologies with robust optimization techniques offers promising solutions
for these complex scenarios.

1.2 Vibration control of spacecraft appendages

The deployment of large, lightweight flexible structures such as antennas, solar
panels, and masts in orbit is essential to meet stringent mission objectives [59].
However, these structures, exhibiting low natural frequencies and damping, are sus-
ceptible to large elastic displacements due to orbital disturbances and attitude maneu-
vers [60]. For example, one key requirement for future Earth Observation satellites
involves meeting strict pointing standards, particularly when instruments are
attached to or supported by expansive flexible truss structures [61]. These spacecraft
often require the capability to perform rapid and precise maneuvers without exceed-
ing deformation limits imposed by their flexible components [62, 63]. Mechanical
disturbances generated onboard by attitude control equipment and pointing mecha-
nisms can exacerbate these challenges.

This necessitates the development of advanced vibration control strategies to
ensure stability and quick vibration suppression prior to capturing data. The
interaction between the dynamics of flexible and rigid bodies, often referred to as
Control-Structure Interaction (CSI), adds complexity to the development of efficient
spacecraft control strategies [64]. Dynamic control of satellite-based flexible
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structures, such as antennas and solar panels, is crucial to ensuring the stability and
performance of space missions [65].

Recent years have seen an increasing focus on integrating smart materials [66],
such as piezoelectric materials, Shape Memory Alloys, and magnetostrictive materials,
into passive structures to actively control structural vibrations [67–69]. The field of
vibration control for satellite structures has seen considerable advancements, particu-
larly in the application of PZT actuators for both active and passive control strategies
[61, 70].

The vibration control of elastic structures, particularly in aerospace applications, is
a critical area of research. Various studies have explored the application of PZT
actuators for active vibration suppression. For instance, Zhong et al. [71] demon-
strated the effectiveness of active vibration control in space frame structures using
PZT technology. PZT actuators have also been employed for deployable structures in
space, as discussed by Kalaycioglu et al. [24], who explored their use for vibration
control in flexible structures such as solar arrays and antennas.

Additionally, several other researchers have significantly contributed to this field.
The researchers in Refs. [24, 72–74] investigated the vibration suppression of flexible
manipulators through the use of adaptive structures, highlighting the potential of PZT
actuators in managing vibrations in aerospace applications. Another study focused on
the identification and control of vibrations using smart structures, emphasizing the
role of intelligent systems in enhancing structural stability in space environments [72].

Furthermore, the study in Ref. [24] presented innovative methods for vibration
suppression of space structures using smart actuators, showcasing the effectiveness of
embedded PZT actuators in controlling vibrations. The integration of time-delay
control strategies with fiber-optic sensors and embedded piezoelectric actuators for
space structures was explored in Ref. [73], demonstrating significant improvements in
vibration suppression.

The authors in Ref. [74] further investigated the minimization of vibrations in
satellite antennas while managing structural configurations using adaptive structures,
illustrating the practical applications and benefits of these technologies in real-world
aerospace scenarios.

Several technical challenges must be addressed to develop effective real-time
vibration control systems. These include the complex dynamic behavior of large,
flexible structures, the nonlinearities and uncertainties associated with PZT actuators,
and the limited computational resources available on spacecraft [75, 76]. Additionally,
the robustness of control systems to the harsh environmental conditions of space, the
disturbances related to temperature extremes, radiation, and microgravity, is a critical
consideration.

Recent advancements in robust control strategies for spacecraft have shown
promising results. The researchers in Ref. [77] demonstrated the effectiveness of
multi-impulse robust input shaping combined with optimal control methods for flex-
ible spacecraft, while Du and Wang [78] addressed the challenges of dynamic cou-
pling in flexible space robots. The management of system uncertainties has been
extensively studied by Yang et al. [79], who developed an integrated uncertain opti-
mal design strategy for truss configuration and attitude-vibration control. The authors
in Ref. [80] further extended this work through interval Riccati equation-based
approaches for multi-objective optimal vibration control.

Intelligent adaptive control strategies, such as those proposed by Tokhi and
Hossain [81], use feedforward control within an adaptive framework to optimize
vibration suppression in flexible beams.
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The literature on the control and dynamics of spacecraft and large deployable
structures in space is extensive and diverse, as exemplified by the works of Refs. [82,
83]. The study [83] provided a notable contribution with their review of the develop-
ment and challenges of large deployable structures specifically for astrophysics appli-
cations, offering insights into the progress and future prospects in this domain.

The researchers in Ref. [84] explored the minimization of vibrations in axially
moving beams, providing insights into effective vibration control strategies for flexi-
ble structures. This work is foundational in understanding how vibrations in moving
structures can be managed, which is crucial for the stability of spacecraft appendages.
Additionally, the study in Ref. [85] examined the optimal deployment of spacecraft
appendages, focusing on methods to achieve precise control during the deployment
phase to ensure structural integrity and performance. Their research provided a basis
for developing control algorithms that can be applied during the critical phases of
spacecraft operation, such as the deployment of antennas and solar arrays. In subse-
quent study, Refs. [21, 86, 87] provided approximate analytical solutions for the
vibrational motions of deploying appendages, offering practical approaches to predict
and mitigate vibration issues during deployment.

The authors in Ref. [88] discussed the impact of uncertainties and dynamic con-
tributions of flexible spacecraft, emphasizing the need for robust control strategies.
Similarly, the study in Ref. [89] explored synergetic control approaches using
thrusters and PZT devices for very flexible satellites, providing insights into advanced
control mechanisms. A subsequent research in Ref. [90] focused on design of high
performance attitude control system for the BIOMASS satellite, demonstrating prac-
tical control applications in ongoing missions. Lastly, the authors in Ref. [91] delved
into optimal design and robust analysis for micro-vibration control in large space
antennas, showcasing innovative methods for enhancing structural stability.

The challenges of rigid-flexible coupling in spacecraft have been addressed
through various approaches. The study in Ref. [92] proposed effective methods for
rapid attitude stabilization, while Zhang et al. [93] investigated the dynamic charac-
teristics of vibration isolation platforms, particularly focusing on the effects of strut
joints. These studies provide valuable insights into the complex interactions between
rigid body motion and structural flexibility.

However, there has been a notable gap in the application of advanced control
techniques such as nonlinear model predictive control (NMPC) and neural network-
based control techniques such as Nonlinear AutoRegressive with eXogenous inputs
(NARX) neural network for the coupled structural and attitude dynamics of flexible
plate-type appendages. Advanced control strategies such as NMPC and NARX are
relatively new in the context of space applications. NMPC provides robust control by
predicting future system behaviors and optimizing control actions.

In addition, reinforcement learning techniques, such as Q-learning-based multi-
rate optimal control, have been applied to enhance control strategies in process
industries [94]. These methods offer a scalable framework for adaptive control,
potentially useful for managing the dynamic behavior of flexible spacecraft structures.

NARX techniques enhance the adaptability of control systems to dynamic and
uncertain environments. The combination of these techniques with PZT actuators
offers a promising approach to managing the complex dynamics of flexible satellite
structures. The research by Refs. [95, 96] highlights the effectiveness of NARX neural
networks for vibration suppression. Their study, focusing on piezoelectric cantilever
beams, demonstrated a remarkable 90.8 percent vibration rejection ratio, suggesting
the potential of this technology for applications demanding high precision, such as
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aerospace engineering and advanced instrumentation. Research on data-driven con-
trol and prediction for NARX systems outlined methods to predict system evolution
directly from data without estimating a system plant. This approach was applied to
control nonlinear systems by generating inputs for desired trajectories and tracking
predicted trajectories [97].

Recent advancements have further expanded the application of NMPC and learn-
ing-based control approaches in managing complex dynamics. For instance, learning-
based NMPC techniques that integrate uncertainty compensation and robust adapta-
tion capabilities have shown significant promise in dynamic environments, as
highlighted by Xie et al. [94].

Neural network-based approaches have also been extended to cooperative robotics
and formation control of aerial systems, showcasing their versatility and effectiveness.
For example, the research by Najafqolian et al. [37] utilized LSTM-based model
predictive control for formation control of aerial robots, a method that could inspire
analogous strategies for space structures. Furthermore, the authors [98] demonstrated
the utility of Zeroing Neural Networks in controlling connected automated vehicles,
providing insights into managing parameter-varying systems.

Similarly, the study in Ref. [99] developed a Learning-Based Explicit-MPC for
aerial robots, demonstrating its potential for efficient control in dynamic scenarios.
Sun et al. [100] designed a levitation predictive controller based on model predictive
control aiming at the problem of levitation system constraints. These innovations
underline the adaptability and precision of advanced control methods, particularly in
scenarios requiring high computational efficiency and real-time optimization. These
approaches provide foundational methodologies that could be adapted for space mis-
sions, where complex and uncertain conditions prevail.

In conclusion, the literature highlights the potential of advanced control
strategies, such as NMPC and NARX, in combination with PZT actuators, to enhance
the stability and performance of flexible satellite structures [101–103]. These
advancements represent a significant step forward in the field of vibration control for
space applications, offering new possibilities for the design and operation of future
space missions.

The implementation of NMPC and NARX for vibration control represents a sig-
nificant advancement in the field. NMPC offers robust control by predicting future
system behaviors and optimizing control actions accordingly, while NARX provides
adaptive capabilities that enhance the system’s response to unknown dynamic and
uncertain environments. These control strategies are applied to the coupled dynamics
model, enabling the precise control of the flexible antennas equipped with PZT sen-
sors and actuators. The employment of PZT actuators for vibration suppression is
particularly advantageous due to their high actuation precision, lightweight nature,
energy efficiency, and dual functionality as both sensors and actuators. These attri-
butes make them ideal for the demanding conditions of space applications.

The remainder of this chapter is structured as follows. Section 2 presents the
mathematical model that forms the foundation of the study, detailing the governing
equations, underlying assumptions, and key formulations necessary for analysis. Sec-
tion 3 provides the simulation results, demonstrating the application of the proposed
model and offering a comprehensive evaluation of its performance under various
conditions. The results are analyzed in depth to assess their implications and validate
the theoretical framework. Finally, Section 4 concludes the chapter by summarizing
the key findings, discussing their broader significance, and outlining potential direc-
tions for future research.
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2. Mathematical modeling

This section presents the mathematical models essential for analyzing and control-
ling space-based robotic and structural systems. The first part (Section 2.1) focuses on
free-flying autonomous multi-robot systems for space applications. It introduces the
dynamic modeling of a chaser spacecraft equipped with two redundant robotic
manipulators, describing the system’s kinematics, equations of motion, and control
strategies. The formulation incorporates passivity-based nonlinear model predictive
control (NMPC) to ensure stability and optimize motion planning in microgravity
environments.

The second part (Section 2.2) addresses the vibration control of spacecraft
appendages using model predictive control (MPC). This subsection develops a
coupled structural and attitude dynamics model, incorporating flexible appendages
equipped with piezoelectric (PZT) actuators for active vibration suppression.
Advanced control methodologies, including NMPC and an AI-driven Nonlinear
AutoRegressive with Exogenous Inputs (NARX) model, are introduced to enhance
stability and performance under operational uncertainties.

These mathematical formulations provide the theoretical foundation for the sub-
sequent simulation and analysis presented in Section 3, where their effectiveness is
demonstrated under realistic operational conditions.

2.1 Free-flying autonomous multi-robot systems for space applications

The studied system consists of a chaser spacecraft, a target payload, and two
redundant robotic manipulators with n degrees of freedom. An illustrative depiction
of such a system, where the chaser spacecraft is equipped with two robotic arms and a
rigid payload, is presented in Figure 1.

The equations governing the motion of this system are structured as follows:

M€qþ C q, _qð Þ _q ¼ τ, (1)

where:

• q represents the system’s generalized coordinates, including linear/angular
positions of the chaser and joint angles of the robotic arms.

Figure 1.
Conceptual representation of a multi-robot spacecraft system.
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• M is the mass/inertia matrix, which is positive definite.

• C q, _qð Þ accounts for the Coriolis and centrifugal effects.

• τ denotes the external control forces and moments acting on the spacecraft and
joint torques applied to the robotic arms.

To express the dynamics in the Cartesian space for the robotic manipulators and in
Euler angles for the spacecraft, the system Jacobian J is introduced, facilitating the
transformation from joint space to Cartesian space and from body-fixed angular rates
to Euler rates:

_x ¼ J _q, (2)

where:

• x includes the Cartesian positions of the spacecraft center of mass and the end-
effectors of the robotic arms.

• The rotational transformation follows a 1–3-2 Euler sequence, defined by angles
ϕ,ψ , θ.

• The pseudo-inverse Jacobian is utilized to derive equivalent representations
of mass/inertia matrix, Coriolis matrix, and force vectors in the Cartesian
domain.

The system dynamics in the transformed coordinates can be represented as:

Mc€xþ Cc _x ¼ f c, (3)

where Mc, Cc, and f c are the equivalent matrices and force vectors in the Cartesian
representation. The output y can be written as:

y ¼ x
_x

� �
: (4)

To ensure clarity in the formulation of the multi-robot spacecraft dynamics, Table 1
provides a summary of all key variables used in the mathematical modeling. This
includes generalized coordinates, mass and inertia properties, Coriolis effects, exter-
nal control forces, and their representations in both joint and Cartesian spaces.

2.1.1 Passivity and passivity-based NMPC

A system is defined as passive if there exists a positive semi-definite storage
function V xð Þ satisfying [37]:

_V ≤uTy, (5)

where u and y denote the input and output signals, respectively.
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A more refined definition, termed Input Feed-forward Output Feedback Passive
(IF-OFP), involves additional constraints:

_V ≤uTy� ρ y
�� ��2 � ν uk k2: (6)

The positive indices ρ and ν characterize the degree of passivity.
The nonlinear model predictive control (NMPC) framework incorporates passivity

concepts to ensure stability. The optimization problem is formulated as:

minV yNp

� �
þ 1
2

ðTp

0
y tð Þ � yr tð Þ
� �TQ y tð Þ � yr tð Þ� �þ uT tð ÞRu tð Þ
h i

dt (7)

subject to:

xkþ1 ¼ f xk,ukð Þ, (8)

where Tp is the time value corresponding to the prediction horizon (Np), andQ ,R are
positive-definite weighting matrices. y tð Þ, yr tð Þ, and ym tð Þ are the plant output, the
reference trajectory, and the model output, respectively. To mitigate model uncer-
tainties, a bias correction mechanism is implemented as shown in Figure 2.

The bias-adjusted model predictions are computed as:

ŷj ¼ yj þ dj, j ¼ 1, … ,Np, (9)

where dj represents the bias correction term.
To ensure closed-loop stability, a terminal cost function is incorporated:

Vf xNp

� �
≥ λ xNp

�� ��2, (10)

which enforces the passivity constraints and guarantees stability.

Symbol Description

q Generalized coordinates, including linear/angular positions of the chaser and joint angles of the
robotic arms.

M Positive definite mass/inertia matrix.

C q, _qð Þ Coriolis and centrifugal effects matrix.

τ External control forces and moments on the spacecraft, including joint torques of robotic arms.

x Cartesian positions of the spacecraft center of mass and the end-effectors of the robotic arms.

ϕ,ψ , θ Rotational transformation angles following a 1–3-2 Euler sequence.

J† Pseudo-inverse Jacobian used to derive equivalent representations of mass/inertia matrix,
Coriolis matrix, and force vectors in the Cartesian domain.

Mc Equivalent mass/inertia matrix in the Cartesian representation.

Cc Equivalent Coriolis and centrifugal effects matrix in the Cartesian representation.

f c Equivalent force vector in the Cartesian representation.

y
Output vector containing the system states, defined as y ¼ x

_x

� �
.

Table 1.
Summary of variables used in multi-robot dynamics equations.
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To further refine stability analysis, we introduce the tracking error vector:

e ¼ x� xr, (11)

and define the storage function:

V yt

� � ¼ 1
2
_xTMc _xþ 1

2
eTKe (12)

where K is a positive definite matrix. The derivative of V yt
� �

is then computed
using:

_V yt

� � ¼ f c þKe½ �T _x: (13)

The following terminal value of the predicted control input at t ¼ TP satisfies the
passivity-based inequality constraints:

u tð Þ ¼ u Tp
� � ¼ f c þKe½ � (14)

Therefore,

_V Tp
� � ¼ f c þKe½ �T _x≤uT tð Þ _x (15)

This ensures closed-loop stability while incorporating model parameter uncertainties
through a bias correction term Ke.

The proposed passivity-based NMPC (PNMPC) scheme integrates state con-
straints, terminal cost functions, and passivity properties, providing an innovative
approach to controlling nonlinear space multi-robot systems.

This methodology offers a robust alternative to the control Lyapunov function by
ensuring stability and performance while leveraging the benefits of NMPC optimiza-
tion.

The framework demonstrates the feasibility of passivity-based NMPC for multi-
robot spacecraft applications, merging nonlinear control techniques with optimality
constraints to ensure enhanced stability and performance.

To summarize the key variables and parameters used in the passivity-based NMPC
formulation, Table 2 provides a comprehensive list, including the control input and

Figure 2.
Bias computation using an independent model.
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output variables, stability parameters, cost function weights, and tracking error com-
ponents.

2.2 Vibration control of spacecraft appendages using MPC

The system considered in this study consists of a rigid-body spacecraft equipped
with multiple long, flexible plate-like appendages, each embedded with piezoelectric
(PZT) actuators for active vibration control.

A local coordinate system xi, yi, zi
� �

is assigned to each appendage. The xi-axis
aligns with the neutral axis of the appendage, and the coordinate system maintains a
fixed inclination with respect to the body-fixed frame X,Y,Zð Þ. The attachment point
of each appendage to the spacecraft is offset from the center of mass by d1i, d2i, d3i,
corresponding to displacements along the X,Y, and Z-axes, respectively. Figure 3
illustrates such a system.

Each appendage is modeled as a flexible plate with uniform cross-sectional area Ai,
a moment of inertia Ii about its neutral axis, and a mass distribution of mi per unit
length along the x-direction. The material properties are characterized by the elastic-
ity modulus Ei and Poisson’s ratio νi. The geometric parameters include the length aio,
width bio, and thickness hio, while the embedded piezoelectric actuators have

Symbol/parameter Description

Np Prediction horizon.

Q ,R Cost function weighting matrices.

Vf Terminal cost function.

ρ, ν Positive indices characterizing the degree of passivity.

Tp Time value corresponding to the prediction horizon (Np).

V xð Þ Storage function used in passivity analysis.

u Control input vector.

y Output vector containing system states.

Vf xNp

� �
Terminal cost function enforcing stability constraints.

dj Bias correction term used to mitigate model uncertainties.

e Tracking error vector, defined as x� xr.

K Positive definite matrix in the storage function.

Mc Equivalent mass/inertia matrix in the Cartesian representation.

Cc Equivalent Coriolis and centrifugal effects matrix in the Cartesian representation.

f c Equivalent force vector in the Cartesian representation.

ŷj Bias-adjusted model predictions.

yNp
System output at the final prediction step.

u Tp
� �

Terminal value of the predicted control input.

Table 2.
Summary of variables used in passivity-based NMPC.
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dimensions aij, bij, hij along their respective axes. Here, i ¼ 1, … , n denotes the number
of appendages, and j ¼ 1, … ,m represents the total number of actuators.

A schematic representation of a plate-type appendage equipped with PZT actua-
tors is shown in Figure 4.

2.2.1 Coupled structural and attitude dynamics

The spacecraft’s attitude and structural vibrations are interconnected through the
system’s energy equations. The total kinetic energy of the system accounts for both the
rigid-body dynamics and the flexible appendages, given by:

Ttotal ¼ 1
2
ωT Ic þ Ir þ Ie½ �ωþ ωTKe þ Te þ Tc þ Torb: (16)

The symbols and parameters used in the formulation of the kinetic energy expression
are summarized in Table 3, which provides definitions for inertia matrices, kinetic
energy terms, and angular velocity components.

Figure 3.
Schematic representation of a rigid spacecraft with flexible appendage.

Figure 4.
Schematic representation of a flexible appendage with embedded piezoelectric actuators.
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The elastic deformation ui xi, yi, t
� �

of the flexible appendages is represented using
a modal expansion:

ui xi, yi, t
� � ¼

Xns
s¼1

Xnr
r¼1

Wirs tð Þϕr xið Þψ s yi
� � ¼ ΦT

i WΨi: (17)

where ϕr xið Þ and ψ s yi
� �

define the mode shapes satisfying the boundary conditions,
and Wirs tð Þ are the modal displacement coefficients.

The potential energy of the system, incorporating the bending and shear deforma-
tions, is expressed as:

Ue ¼
Xn
i¼1

1
2
Di

ðbi
0

ðai
0

∂
2ui
∂x2i

� �2

þ ∂
2ui
∂y2i

� �2

þ 2 1� νð Þ ∂
2ui

∂xi∂yi

� �2
" #

dxidyi: (18)

where Di is the flexural rigidity given by:

Di ¼ Eioh
3
io

12 1� ν2ð Þ : (19)

Using Lagrangian mechanics, the governing equations for the coupled structural
and attitude motion are derived and presented below:

€
W
!

i þDwi
_

W
!

i þ S1iW
!

i ¼ S
!
2i (20)

which governs the vibrations of the i-th appendage. Dwi is the damping matrix,

assumed to have a diagonal form. The matrix S1i and the vector S
!
2i are given by:

S1i ¼ Ki þ 1
bio

ω2
zidi2 þ ω2

xidi2 þ _ωxidi3
��

� _ωzidi1 � ωyiωzidi3 � ωxiωzidi1
�
C1

�

þ � aio
bio

ωxiωyi þ _ωzi
� �

C2

�

þ ω2
xi � ω2

yi

� �
1þ ω2

xi þ ω2
zi

� �
C7

i

(21)

Symbol Description

Ic Inertia matrix of the rigid spacecraft

Ir Inertia matrix of the appendages in their undeformed (rigid body) state

Ie Contribution to the inertia matrix due to elastic deformations

Te Kinetic energy associated with transverse displacements of the appendages

Ke Vector dependent on elastic deformations

Torb Kinetic energy resulting from the orbital motion of the center of mass

Tc Kinetic energy of the central body

ω Angular velocity components of the spacecraft in the body-fixed frame

Table 3.
Description of symbols used in the kinetic energy expression.

58

Advances in Robust Control and Applications



S
!
2i ¼ F

!
pi þ F

!
i þ ω2

yidi3 þ ω2
xidi3 � _ωxidi2

�h

þ _ωyidi1 � ωyiωzidi2 � ωxiωzidi1
�
C
!
3

i

� _ωxi þ ωyiωzi
� �

bioC
!
4

h

þ _ωyi � ωxiωzi
� �

aioC
!
5

i

(22)

The constant matrices C1, C2, C7 and the vectors C
!
3, C

!
4, C

!
5 and F

!
i are provided in

[104]. F
!
pi is the PZT-created control force.

The rotational dynamics of the system is described by the following matrix equation:

Ir þ Ie þ Icð Þ _ω! þ Ie þΩ Ir þ Ie þ Icð Þ½ �ω! þ ΩK
!

e þ K
!

e ¼ τ
! (23)

where Ω represents the skew-symmetric matrix associated with the angular veloc-
ity components:

Ω ¼
0 �ωz ωy

ωz 0 �ωx

�ωy ωx 0

2
64

3
75 (24)

The term τ
! denotes the total torque acting on the system, encompassing both

control and external disturbances and can be expressed as:

τ
! ¼ τ

!
c þ τ

!
gg þ τ

!
sol þ τ

!
aer þ τ

!
mag (25)

In this equation, τ!c represents the control torque applied to the satellite, while τ
!
sol,

τ
!
gg, τ

!
mag, and τ

!
aer correspond to torques induced by solar radiation pressure, gravity

gradient effects, Earth’s magnetic field interactions, and aerodynamic forces, respectively.
The key symbols and parameters used in the formulation of the coupled structural

and attitude dynamics equations are summarized in Table 4. This table provides
definitions for inertia properties, kinetic energy terms, angular velocity components,
and elastic deformation variables, ensuring clarity in the mathematical modeling of
the system.

2.2.2 NMPC control model

Two sophisticated control methodologies are formulated and implemented to reg-
ulate the coupled vibrational and attitude dynamics of a satellite with PZT-mounted
plate-type appendages. The first approach utilizes nonlinear model predictive control
(NMPC), which predicts future system behavior over a finite horizon and determines
optimal control inputs accordingly. The second method employs an AI-driven
Nonlinear AutoRegressive with eXogenous inputs (NARX) model, designed to func-
tion without an explicit mathematical model of the system dynamics.

This section introduces the NMPC framework for controlling the structural and
vibrational behavior of PZT-mounted satellite appendages. The classical model pre-
dictive control (MPC) formulation for this system is given in Ref. [37]:
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min
ðTp

0
y! tð Þ � y!r tð Þ

� �T
Ky y! tð Þ � y!r tð Þ

� ��

þS
!T

tð ÞKs S
!

tð Þ
�
dt

(26)

_y! ¼ g! y!
� �

þ LS
!
, and z! ¼ g!z y!

� �
þHS

!
(27)

y! 0ð Þ ¼ y! t0ð Þ (28)

S
!
min <ΛS

!
< S

!
max (29)

where y! ¼ y!p;
_y! p

h i
, and y!

T
p ¼ W

!
1,W

!
2, … ,W

!
n,φ,ψ , θ

h i
, with n denoting the

number of appendages. The reference state vector y!r defines the target values, where

the generalized vibrational states W
!

i are zero. The predictive control horizon is
denoted by Tp, and the weighting matrices Ky and Ks are positive definite.

Symbol Description

Ttotal Total kinetic energy of the spacecraft and its appendages.

Ic Inertia matrix of the rigid spacecraft.

Ir Inertia matrix of the appendages in their undeformed (rigid body) state.

Ie Contribution to the inertia matrix due to elastic deformations.

Te Kinetic energy associated with transverse displacements of the appendages.

Ke Vector dependent on elastic deformations.

Torb Kinetic energy resulting from the orbital motion of the center of mass.

Tc Kinetic energy of the central body.

ω Angular velocity components of the spacecraft in the body-fixed frame.

ui xi, yi, t
� �

Elastic deformation of the i-th appendage.

ϕr xið Þ,ψ s yi
� �

Mode shapes satisfying boundary conditions.

Wirs tð Þ Modal displacement coefficients.

Di Flexural rigidity of the appendages.

Eio, hio, ν Elasticity modulus, thickness, and Poisson’s ratio of the appendages.

Dwi Damping matrix of the i-th appendage (assumed diagonal).

S1i, S
!
2i

Structural matrices governing the vibrations of the i-th appendage.

Ω Skew-symmetric matrix of angular velocity components.

τ
! Total torque acting on the system.

τ
!
c Control torque applied to the satellite.

τ
!
sol, τ

!
gg, τ

!
mag , τ

!
aer Torques induced by solar radiation pressure, gravity gradient, Earth’s magnetic field,

and aerodynamic forces, respectively.

Table 4.
Summary of variables used in coupled structural and attitude dynamics.
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The nonlinear system is approximated using a quasi-linear parameter-varying
framework. The discretization process assumes that the continuous-time model
behaves in a quasi-linear manner over each discrete time step:

y! kþ 1ð Þ ¼ Â ĝ kð Þð Þ y! kð Þ þ B̂ ĝ kð Þð ÞS! kð Þ (30)

z! kð Þ ¼ Ĉ ĝz kð Þ� �
y! kð Þ þ D̂ ĝ kð Þð ÞS! kð Þ (31)

ĝ kð Þ ¼ f g y! kð Þ
� �

(32)

S
!
min ≤ΛS

!
kð Þ≤ S

!
max (33)

At each discrete step k, the system’s output z! kð Þ is determined based on real-time
measurements.

The NMPC algorithm updates the system states y! kð Þ and control inputs S
!

kð Þ at
each sampling interval by minimizing the following cost function:

Cn ¼ 1
2

XNP

j¼1

y! kþ jð Þ � y!r kþ jð Þ
� �T

�

�Ky y! kþ jð Þ � y!r kþ jð Þ
� �

þS
!

kþ j� 1ð ÞTKs S
!

kþ j� 1ð Þ
�

(34)

subject to:

y! kþ jþ 1ð Þ ¼ Â ĝ kþ jð Þð Þ y! kþ jð Þ þ B̂ ĝ kþ jð Þð ÞS! kþ jð Þ (35)

z! kþ jð Þ ¼ Ĉ ĝ kþ jð Þð Þ y! kþ jð Þ þ D̂ ĝ kþ jð Þð ÞS! kþ jð Þ (36)

S
!
min ≤ΛS

!
kþ jð Þ≤ S

!
max (37)

Since active constraints affect the optimization process, the solution must be
derived using the Karush-Kuhn-Tucker (KKT) conditions, ensuring the optimal control
solution meets imposed constraints.

To solve this constrained optimization problem, the MATLAB Quadratic Pro-
gramming (QP) solver is utilized, which inherently satisfies the conditions from
Eq. (37). The QP solver minimizes the following quadratic cost function:

Cn ¼ 1
2

XNP

j¼1

S
!

kþ jð ÞTP̂S! kþ jð Þ þ 2 g!
� �T

S
!

kþ jð Þ
� �

(38)

where:

P̂ ¼ B̂
T
KyB̂þ Ks

� �
(39)

g!
� �T

¼ y! kþ jð ÞTÂT
KyB̂� y!r kþ jð ÞTKsB̂

� �
(40)
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By implementing this optimization framework, the NMPC strategy efficiently
governs the satellite’s structural and vibrational dynamics, ensuring stability while
satisfying input constraints.

The key symbols and parameters used in the NMPC control model are summarized
in Table 5, providing definitions for system states, control inputs, prediction hori-
zons, and optimization parameters.

2.2.3 NARX model for adaptive vibration control

The Nonlinear AutoRegressive with eXogenous inputs (NARX) model [95] is a data-
driven AI approach used for system identification and control, particularly effective
for highly nonlinear and complex systems where conventional mathematical models
may fall short [95, 96]. Unlike NMPC, the NARX model eliminates the need for an
explicit analytical representation of system dynamics, making it a flexible and adap-
tive solution.

For the suppression of vibrations in PZT-mounted plate-type satellite appendages,
the NARX model is leveraged to estimate system states and predict optimal control

actions. The applied control inputs S
!

tð Þ, which include both PZT actuation forces and
satellite control torques, are derived from the predicted system outputs, ensuring
effective vibration attenuation.

Symbol Description

y! System state vector, including vibrational states and attitude variables.

y!r
Reference state vector, defining target system states.

W
!

i
Generalized vibrational states of the appendages.

φ,ψ , θ Spacecraft attitude angles.

n Number of appendages in the system.

Tp Prediction horizon.

Ky,Ks Positive definite weighting matrices for the cost function.

S
! Control input vector.

y! kþ jð Þ System state at prediction step kþ j.

Â, B̂, Ĉ, D̂ Matrices approximating system dynamics in discrete time.

ĝ kð Þ Quasi-linear parameter-varying system function.

z! kð Þ System output at discrete step k.

Λ Constraint matrix for control inputs.

S
!
min, S

!
max

Minimum and maximum control input constraints.

Cn Cost function to be minimized in NMPC.

P̂ Matrix defining the quadratic cost in the optimization problem.

g! Gradient term used in quadratic programming.

Table 5.
Summary of variables used in NMPC control model.
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NARX neural networks are particularly advantageous in scenarios where system
behavior exhibits strong nonlinearity and requires continuous adaptation. By
employing inverse dynamics learning, the NARX-based controller directly models the
inverse system response, allowing it to establish a near-ideal transfer function
between the target and actual outputs.

A key strength of the NARX-based approach lies in its adaptive learning capability.
The model dynamically updates itself in response to real-time data, making adjust-
ments to reflect variations in system behavior and external disturbances. This is
particularly beneficial in space applications, where unpredictable operational condi-
tions are commonplace [95, 96].

The control framework follows a structured adaptation process:

1.Continuously acquire real-time telemetry from the spacecraft’s onboard
sensors.

2.Periodically update the NARX model by retraining it with newly acquired data to
reflect any changes in system dynamics.

3.Compute updated control actions S
!

tð Þ using the refined model to maintain
precise system regulation.

To further enhance adaptability, the NARX model is extended with a neural network
discriminator (NND) [96]. The NND functions as an online learning module, contin-
uously refining the weight connections of the NARX model by distinguishing between
observed and predicted input-output relationships. This real-time learning mecha-
nism significantly improves the controller’s resilience against unexpected disturbances
and time-dependent parameter variations, overcoming one of the major limitations of
standard direct inverse control.

By integrating the NND into the adaptive control framework, the NARX-based
system achieves high accuracy and robustness even in rapidly evolving environments.
This makes it an ideal candidate for spacecraft and robotic systems operating in
complex and uncertain conditions.

Key benefits of the NARX-based control strategy are:

• Capturing nonlinear dynamics: The NARX model inherently represents complex
nonlinear input-output relationships, making it highly effective for systems with
intricate dynamics.

• Continuous adaptation: The incorporation of an NND enables real-time learning
and adjustment, allowing the model to evolve alongside changing system
conditions.

• Enhanced robustness: The adaptive learning structure strengthens the controller’s
ability to counteract perturbations, model uncertainties, and parameter drift.

The Nonlinear AutoRegressive with eXogenous inputs (NARX) model is employed
to enhance vibration control by predicting future system behavior using past inputs
and outputs. The general NARX formulation is:

y tþ 1ð Þ ¼ h y tð Þ, y t� 1ð Þ, … , y t� dy
� �

, S tð Þ, S t� 1ð Þ, … , S t� dsð Þ� �
, (41)
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where y tð Þ represents the system output at time t, and S tð Þ denotes the control input.
The parameters dy and ds define the maximum lags in the output and input,
respectively.

The mathematical formulation of the NARX-based control model is given by:

~y tþ 1ð Þ ¼ ~A~y tð Þ þ ~B~S tð Þ, (42)

~z tð Þ ¼ ~C~y tð Þ þ ~D~S tð Þ, (43)

where ~A, ~B, ~C, ~D are model parameters estimated using historical data.
Implementation strategy: The NARX-based control implementation follows these

steps:

• Collect historical system data, including output ~y tð Þ and input ~S tð Þ.

• Train the NARX model to capture system dynamics.

• Utilize the trained NARX model to predict future states ~y tþ 1ð Þ.

• Compute the required control input ~S tð Þ to achieve the desired system
performance.

Finally, a hybrid approach integrating NMPC and NARX offers a robust control
framework by leveraging NMPC’s optimization-based control with NARX’s ability to
handle model uncertainties and external disturbances, as illustrated in Figure 5. This
approach significantly improves performance in suppressing vibrations in the space-
craft appendages, ensuring stability and precise attitude control.

3. Simulation results

To thoroughly analyze the performance of NMPC, NARX-based control, and the
hybrid approach, multiple disturbance conditions were introduced. These scenarios
included stochastic vibrations to mimic small-scale perturbations and assess the con-
trol system’s effectiveness in damping minor oscillations, sudden impulses to examine
stability and reaction time under abrupt force applications, and sustained external
loads to evaluate long-term disturbance rejection.

Figure 5.
Integrated NMPC-NARX framework for spacecraft vibration control.
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To ensure realistic conditions, noise was explicitly incorporated into the simulation
by applying Gaussian-distributed variations to the vibration and impact sensor read-
ings, with a mean of zero and a standard deviation of 0.05.

The disturbance models were carefully defined as follows:

• Random vibrations: Simulated using a white noise process characterized by a
standard deviation of 0.1 and a bandwidth of 5 Hz.

• Sudden impacts: Modeled as impulse forces varying in magnitude from 5 to 20 N
to evaluate the control system’s rapid response capabilities.

• Continuous external forces: Applied as sinusoidal disturbances with frequencies
between 0.5 and 2 Hz and amplitudes ranging from 0.2 to 1 N, enabling an
assessment of long-term stability control.

The NARX neural network effectively captured the underlying system behavior
and generated predictive estimates based on historical input-output relationships. The
effectiveness of the control strategies was quantified using key performance indica-
tors such as vibration amplitude attenuation, response speed, and overall system
stability.

The specific characteristics of the PZT sensors and actuators, spacecraft structure,
and flexible plate-type appendages utilized in the simulations are provided in Table 6.

The effectiveness and the model’s predictive performance of the NARX neural
network was assessed using multiple metrics and visual representations. The following
figures provide a detailed examination of the results.

The training evolution of the neural network is depicted in Figure 6. Training was
concluded after 14 epochs, as further iterations did not yield noticeable improvements
in validation accuracy. This suggests that the model effectively captured the system’s
underlying behavior.

Parameter Values Unit

Plate dimensions aio, bio, hioð Þ 0:3,1,2� 10�3� �
m

PZT dimensions aij, bij, hij
� �

0:1,0:1,0:5� 10�3� �
m

Young’s modulus of elasticity Eio,Eij 6:9� 1010 Pa

Locations of PZTs xij, yij
� �

0:1,0:1ð Þ, 0:5,0:1ð Þ, 0:9,0:1ð Þ½ � m

Poisson’s ratio 0.33 —

Density of the plate ρ 2:7 � 103 kg/m3

PZT electric coefficient d31 �1:75� 10�10 V�1

Moments of inertia of the satellite 1:2 �0:05 �0:03

�0:05 3:02 �0:02

�0:03 �0:02 8:02

2
64

3
75

kg-m2

aAll values are used for simulation purposes.bPZT placement locations are referenced in the coordinate frame of the
appendage.

Table 6.
Physical parameters for the satellite, appendages, and PZT used in MATLAB/Simulink simulationsa,b.
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Figure 7 displays the time-series response of the first output element. The
predicted values closely match the actual data, with minimal deviations observed in
the error plot, demonstrating the model’s high accuracy.

The error distribution is illustrated in Figure 8. The majority of prediction errors
are concentrated around zero, indicating that the model performs well without intro-
ducing significant bias.

Figure 9 presents a regression plot comparing the predicted outputs against the
target values. The high correlation observed confirms a strong agreement between the
two, further validating the model’s accuracy.

The residual error autocorrelation, shown in Figure 10, demonstrates that all
significant correlations remain within the confidence limits. This confirms that the
model does not exhibit systematic error patterns and has successfully captured the key
system dynamics.

Figure 6.
Progression of neural network training.
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The cross-correlation between input variables and residual errors is depicted in
Figure 11. The results indicate that most correlation values remain within the confi-
dence bounds, suggesting that the model’s predictions were not significantly
influenced by input biases.

The network’s training, validation, and test performance, measured in terms of
mean squared error (MSE), is summarized in Figure 12. The lowest validation error

Figure 7.
Time-series output for first element.

Figure 8.
Distribution of prediction errors.
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was recorded at epoch 8, with an MSE of 0.03909. The smooth convergence of errors
across all datasets confirms the model’s ability to generalize effectively to unseen data.

Figure 13 visualizes the evolution of modal time coefficients under model uncer-
tainty and disturbances for both NMPC and NMPC-NARX approaches. Unlike stan-
dard NMPC, which relies on predefined dynamic models, the NMPC-NARX
framework integrates a neural network-based system identification model that

Figure 9.
Regression analysis of predicted vs. target values.

Figure 10.
Autocorrelation of residual errors.
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correlates applied PZT voltages with resulting vibrations, continuously refining its
estimates using a neural network discriminator (NND).

The NMPC-NARX method consistently outperformed conventional NMPC in mit-
igating vibrations. The modal time coefficient plots reveal a significantly faster decay
rate and reduced oscillation amplitudes when NMPC-NARX was employed, demon-
strating its superior ability to suppress vibrations effectively. These results highlight
the improved resilience and adaptability of the NMPC-NARX approach across various
disturbance scenarios.

Figure 11.
Cross-correlation between input and residual errors.

Figure 12.
Training, validation, and test mean squared error (MSE).
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Figure 14 illustrates the variation of the PZT modal force Fc over time for both
NMPC and NMPC-NARX strategies under uncertain conditions. The NMPC-NARX
method required lower control efforts while achieving superior vibration suppression

Figure 13.
Comparison of modal time coefficient response for NMPC-NARX, NMPC, and PD control methods.

Figure 14.
Time evolution of PZT modal force Fc under NMPC-NARX, NMPC, and PD control strategies.
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compared to NMPC. This result reinforces the effectiveness of the NMPC-NARX
approach in handling dynamic disturbances with minimized actuation force.

Figure 15 presents the applied control voltages to PZT actuators under NMPC and
NMPC-NARX approaches. The NMPC-NARX control strategy consistently utilized
lower voltage levels, confirming its capability to maintain effective vibration control
with reduced energy expenditure.

4. Conclusion

This chapter introduced advanced control methodologies for space systems, integrat-
ing nonlinear model predictive control (NMPC), neural network-based adaptation, and
passivity-based stability techniques to address the challenges of coupled structural-
attitude dynamics in spacecraft equipped with flexible appendages and multiple
robotic manipulators. The research presented in this work advances the field of preci-
sion control in space applications, providing a robust framework for on-orbit servicing,
space debris removal, and autonomous assembly operations.

A key focus of this study was the development of an integrated NMPC-NARX
control framework for vibration suppression in flexible satellite structures. By formulating
a coupled attitude and structural dynamics model, the research provided insights into
how spacecraft motion interacts with elastic deformations. The NMPC approach effec-
tively predicted future system states and optimized control actions, ensuring high-
precision regulation of flexible structures. Meanwhile, the NARX-based state estima-
tion, enhanced with a neural network discriminator (NND), demonstrated strong
adaptability to system parameter variations and external disturbances. Unlike tradi-
tional model-based methods, this learning-based approach enabled real-time

Figure 15.
Control voltage profiles for PZT 1, 2, and 3 under NMPC-NARX, NMPC, and PD control methods.
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adaptation, making it particularly well-suited for space environments with high
uncertainty and dynamic conditions.

Beyond vibration suppression, this chapter also explored the multi-robot control
problem in space-based robotic systems. The details of this work are provided in Ref.
[37]. The NMPC-based multi-robot coordination framework leveraged predictive
optimization to efficiently compute trajectories and force distribution among manipula-
tors, ensuring stable and synchronized motion control. The proposed control method-
ology was demonstrated to enhance task efficiency while maintaining actuator
constraints, making it highly applicable to complex operations such as on-orbit servic-
ing, autonomous docking, and space structure assembly.

A significant contribution of this work was the incorporation of passivity-
based stability analysis to ensure the robustness of nonlinear NMPC controllers. The
passivity-based framework provided rigorous stability guarantees, particularly in sce-
narios with time-varying dynamics, actuator saturation, and unpredictable external dis-
turbances. By embedding passivity constraints within the NMPC formulation, the
control system effectively regulated energy flow within the system, preventing
instability due to uncontrolled oscillations or excessive control efforts. This approach is
particularly advantageous for space robotics and flexible appendage control, where sta-
bility considerations are critical due to the inherent interactions between rigid and
flexible components.

Simulation results throughout the chapter validated the effectiveness of the inte-
grated NMPC-NARX framework, demonstrating superior performance over conventional
methods in handling model uncertainties, disturbances, and strict actuator constraints. The
results highlighted:

• Enhanced vibration suppression through NMPC-NARX, reducing oscillations and
improving structural stability.

• Improved multi-robot coordination with predictive optimization for synchronized
motion control.

• Passivity-based stability guarantees, ensuring robust and bounded system responses
under nonlinear and uncertain dynamics.

Table 7 presents a detailed performance evaluation of the integrated NMPC-
NARX strategy against conventional NMPC when subjected to model discrepancies
and external perturbations. The assessment highlights key aspects such as vibration
attenuation efficiency, control force stability, and voltage regulation.

The methodologies developed in this study offer direct applicability to next-
generation space missions, including on-orbit servicing, space-based manufacturing, mod-
ular space station assembly, and active debris removal. The successful integration of
predictive control, learning-based adaptation, and passivity constraints represents a sig-
nificant advancement in the field of autonomous space robotics and flexible spacecraft
control.

While this research provides a strong theoretical and simulation-based foundation,
future work should focus on real-time implementation using hardware-in-the-loop sim-
ulations and experimental validation in microgravity environments. Additionally, explor-
ing hardware acceleration techniques (e.g., FPGA or GPU-based implementations)
could enhance the real-time feasibility of NMPC-based control for computationally
intensive space applications.
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In conclusion, this chapter demonstrates that integrating NMPC, NARX-based
learning, and passivity constraints enables a highly adaptive, robust, and scalable control
framework for space systems. These techniques pave the way for greater autonomy,
stability, and efficiency in space operations, providing a critical foundation for the future
of intelligent spacecraft and robotic missions.
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Performance
metric

Description

Response of modal time coefficients

NMPC-NARX Exhibits rapid vibration suppression with lower oscillation amplitudes in the presence
of external disturbances.

NMPC Moderate damping response, more sensitive to variations in the system model.

PZT modal force (Fc)

NMPC-NARX Produces a smoother force response with a peak amplitude of �0.23 N.

NMPC Displays higher-frequency oscillations with peak force reaching �0.28 N.

Control voltage utilization

NMPC-NARX Operates with consistently reduced voltage requirements (�90V), even in uncertain
conditions.

NMPC Requires higher voltages (�100V) with noticeable oscillatory variations during
disturbance rejection.

Table 7.
Performance evaluation of NMPC-NARX and NMPC under model uncertainty and disturbance.
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Abstract

This chapter presents the application of a super-twisting sliding mode control 
scheme with a fuzzy logic-based moving sliding surface for the control of the 
electronic throttle of gasoline engines. The logic behind this approach is to make use 
of a moving sliding surface function, in which the sliding surface slope is modi-
fied online continuously using a fuzzy logic controller in order to move the sliding 
surface in the direction of the improved dynamics of the electronic throttle control 
system. The performance of the proposed approach is evaluated in comparison 
with the basic super-twisting sliding mode control algorithm with a predetermined 
sliding surface by conducting MATLAB/SIMULINK-based simulations on the elec-
tronic throttle control system model. The results confirm that the proposed control 
approach exhibits improved dynamic performance in comparison with the basic 
super-twisting sliding mode controller with a predetermined sliding surface.

Keywords: sliding mode controller, super-twisting control, fuzzy logic, moving sliding 
surface, electronic throttle

1.  Introduction

An electronic throttle control system serves as the link between the pedal of 
the accelerator and the throttle used for regulating the amount of the entry of air 
into gasoline engines [1–4]. The basic structure of an electronic throttle system is 
presented in Figure 1. The system’s core is a control unit that calculates the target 
opening angle, which represents the desired valve position of the throttle. This angle 
is determined based on the torque demand, which depends on the accelerator pedal 
position, engine speed, and vehicle speed. The goal of the throttle controller is to 
make sure that the valve’s opening angle θ follows the target opening angle r, using a 
DC motor to achieve this.

The numerous uncertainties and the nonlinearities pose a challenging task to the 
control of the throttle valve. This makes the super-twisting sliding mode control 
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scheme a viable option for electronic throttle control [5–20]. This chapter is the 
extended version of the paper presented at the IEEE International Conference on 
Fuzzy Systems (FUZZ-IEEE), 2016 [21]. Here, a super-twisting sliding mode control 
scheme with a fuzzy logic-based moving sliding surface is proposed for electronic 
throttle control. The controller is evaluated by comparing its performance with the 
basic super-twisting sliding mode controller with a predetermined sliding surface 
proposed by Horn and Reichhartinger [4] for the electronic throttle control.

2.  Super-twisting sliding mode approach with fuzzy logic control-based 
moving sliding surface

The basic premise of the moving sliding surface stems from the fact that a 
super-twisting sliding mode controller with a lower value of sliding surface slope 
results in slower tracking dynamics and hence, slower error convergence, whereas 
a super-twisting sliding mode controller with a higher value of sliding surface 
slope results in faster dynamics and hence, faster error convergence, but at the 
cost of degrading tracking accuracy. Therefore, there is a compromise between 
error convergence time and tracking accuracy [22–24]. This can be resolved by the 
movement of the sliding surface of the super-twisting sliding mode controller as 
presented in Figure 2.

The movement of the sliding surface can be obtained by adjusting the value of the 
sliding surface slope online based on the values of the error variables, error in the out-
put ( ),e t  and rate of change of error in the output ( )e t , with a requirement that the 
sliding surface slope must be positive for making sure that the system under control 
is stable. There is no exact mathematical model of the relationship between the error 
variables and the sliding surface slope. Hence, the updating of the sliding surface slope 

Figure 1. 
Electronic throttle system.
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can be achieved by a fuzzy logic inference system with a two-dimensional rule base 
designed based on the approximate rules derived from expert knowledge [21, 25–31]. 
The rules take the form “If ( )e t is fe  and ( )e t  is 



fe , then ( )ë t  is Lambda,” where fe , 


,fe  and Lambda are the fuzzy sets of ( )e t , ( ) ,e t  and ( )ë t ,  respectively.
The error in the output ( )e t  and rate of change of error in the output ( )e t  are 

converted to normalized error ( )E t and normalized rate of change of error ( ) ,E t  
respectively, in the unit range of [−1, 1] before applying them to the fuzzy logic 
controller (FLC). The output of the FLC, which is the normalized value of the slope 
in the range [0,1] is scaled by an appropriate output scaling factor, giving the sliding 
surface slope of the super-twisting sliding mode controller. The inputs of the fuzzy 
logic controller may take positive or negative values. However, the output of the FLC 
must always be positive to ensure stability. The inputs are therefore selected within 
the range of [−1,1], while the output is within [0,1]. The input membership functions 
include negative big (NB), negative medium (NM), negative small (NS), zero (ZE), 
positive small (PS), positive medium (PM), and positive big (PB), as depicted in 
Figure 3. For the output, the membership functions are categorized as very very small 
(VVS), very small (VS), small (S), medium (M), big (B), very big (VB), and very 
very big (VVB), as illustrated in Figure 4.

The rules of the FLC are designed such that the sliding surface is rotated in such 
a way that the performance of the electronic throttle system is improved. From 
Figure 2, it is clear that the sliding surface should move in the same direction as that 
of the system when the representative point is in the second or fourth quadrants. This 
can be achieved by the rule base as follows:

If error E (t) is Positive Medium (PM) and the rate of change of error E(t) is 
Positive Big (PB), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Positive Medium (PM) and the rate of change of error E(t) is 
Positive Medium (PM), then the slope of the sliding surface λ(t) is Medium (M).

Figure 2. 
Movement of sliding surface.
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If error E (t) is Positive Medium (PM) and the rate of change of error E(t) is 
Positive Small (PS), then the slope of the sliding surface λ(t) is Big (B).

If error E (t) is Positive Medium (PM) and the rate of change of error E(t) is Zero 
(ZE), then the slope of the sliding surface λ(t) is Very Big (VB).

If error E (t) is Positive Medium (PM) and the rate of change of error E(t) is 
Negative Small (NS), then the slope of the sliding surface λ(t) is Big (B).

If error E (t) is Positive Medium (PM) and the rate of change of error E(t) is 
Negative Medium (NM), then the slope of the sliding surface λ(t) is Medium(M).

If error E (t) is Positive Medium (PM) and the rate of change of error E(t) is 
Negative Big (NB), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Positive Small (PS) and the rate of change of error E(t) is Positive 
Big (PB), then the slope of the sliding surface λ(t) is Very Small (VS).

If error E (t) is Positive Small (PS) and the rate of change of error E(t) is Positive 
Medium (PM), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Positive Small (PS) and the rate of change of error E(t) is Positive 
Small (PS), then the slope of the sliding surface λ(t) is Medium (S).

If error E (t) is Positive Small (PS) and the rate of change of error E(t) is Zero 
(ZE), then the slope of the sliding surface λ(t) is Big (B).

If error E (t) is Positive Small (PS) and the rate of change of error E(t) is Negative 
Small (NS), then the slope of the sliding surface λ(t) is Medium (M).

Figure 3. 
Input membership functions.

Figure 4. 
Output membership functions.
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If error E (t) is Positive Small (PS) and the rate of change of error E(t) is Negative 
Medium (NM), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is positive Small (PS) and the rate of change of error E(t) is Negative 
Big (NB), then the slope of the sliding surface λ(t) is Very Small (VS).

If error E (t) is Zero (ZE) and the rate of change of error E(t) is Positive Big (PB), 
then slope of the sliding surface λ(t) is Very Very Small (VVS).

If error E (t) is Zero (ZE) and the rate of change of error E(t) is Positive Medium 
(PM), then the slope of the sliding surface λ(t) is Very Small (VS).

If error E (t) is Zero (ZE) and the rate of change of error E(t) is Positive Small 
(PS), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Zero (ZE) and the rate of change of error E(t) is Zero (ZE), then 
the slope of the sliding surface λ(t) is Medium (M).

If error E (t) is Zero (ZE) and the rate of change of error E(t) is Negative Small 
(NS), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Zero (ZE) and the rate of change of error E(t) is Negative Medium 
(NM), then the slope of the sliding surface λ(t) is Very Small (VS).

If error E (t) is Zero (ZE) and the rate of change of error E(t) is Negative Big 
(NB), then the slope of the sliding surface λ(t) is Very Very Small (VVS).

If error E (t) is Negative Small (NS) and the rate of change of error E(t) is Positive 
Big (PB), then the slope of the sliding surface λ(t) is Very Small (VS).

If error E (t) is Negative Small (NS) and the rate of change of error E(t) is Positive 
Medium (PM), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Negative Small (NS) and the rate of change of error E(t) is Positive 
Small (PS), then the slope of the sliding surface λ(t) is Medium (M).

If error E (t) is Negative Small (NS) and the rate of change of error E(t) is Positive 
Small (PS), then the slope of the sliding surface λ(t) is Big (M).

If error E (t) is Negative Small (NS) and the rate of change of error E(t) is 
Negative Small (NS), then the slope of the sliding surface λ(t) is Medium (M).

If error E (t) is Negative Small (NS) and the rate of change of error E(t) is 
Negative Medium (NM), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Negative Small (NS) and the rate of change of error E(t) is 
Negative Big (NB), then slope of the sliding surface λ(t) is Very Small (VS).

If error E (t) is Negative Medium (NM) and the rate of change of error E(t) is 
Positive Big (PB), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Negative Medium (NM) and the rate of change of error E(t) is 
Medium (M), then the slope of the sliding surface λ(t) is Medium (M).

If error E (t) is Negative Medium (NM) and the rate of change of error E(t) is 
Positive Small (PS), then the slope of the sliding surface λ(t) is Big (B).

If error E (t) is Negative Medium (NM) and the rate of change of error E(t) is 
Zero (ZE), then the slope of the sliding surface λ(t) is Very Big (VB).

If error E (t) is Negative Medium (NM) and the rate of change of error E(t) is 
Negative Small (NS), then the slope of the sliding surface λ(t) is Big (B).

If error E (t) is Negative Medium (NM) and the rate of change of error E(t) is 
Negative Medium (NM), then the slope of the sliding surface λ(t) is Medium (M).

If error E (t) is Negative Medium (NM) and the rate of change of error E(t) is 
Negative Big (NB), then the slope of the sliding surface λ(t) is Small (S).

If error E (t) is Negative Big (NB) and the rate of change of error E(t) is Positive 
Big (PB), then the slope of the sliding surface λ(t) is Medium (M).
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If error E (t) is Negative Big (NB) and the rate of change of error E(t) is Positive 
Big (PB), then the slope of the sliding surface λ(t) is Medium (M).

If error E (t) is Negative Big (NB) and the rate of change of error E(t) is Positive 
Small (PS), then the slope of the sliding surface λ(t) is Very Big (VB).

If error E (t) is Negative Big (NB) and the rate of change of error E(t) is Zero 
(ZE), then the slope of the sliding surface λ(t) is Very Very Big (VVB).

If error E (t) is Negative Big (NB) and the rate of change of error E(t) is Negative 
Small (NS), then the slope of the sliding surface λ(t) is Very Big (VB).

If error E (t) is Negative Big (NB) and the rate of change of error E(t) is Negative 
Medium (NM), then the slope of the sliding surface λ(t) is Big(B).

If error E (t) is Positive Big (PB) and the rate of change of error E(t) is Positive 
Big (PB), then the slope of the sliding surface λ(t) is Medium(M).

If error E (t) is Positive Big (PB) and the rate of change of error E(t) is Positive 
Medium (PM), then the slope of the sliding surface λ(t) is Big(B).

If error E (t) is Positive Big (PB) and the rate of change of error E(t) is Positive 
Small (PS), then the slope of the sliding surface λ(t) is Very Big (VB).

If error E (t) is Positive Big (PB) and the rate of change of error E(t) is Zero (Z), 
then the slope of the sliding surface λ(t) is Very Very Big (VVB).

If error E (t) is Positive Big (PB) and the rate of change of error E(t) is Negative 
Small (NS), then slope of the sliding surface λ(t) is Very Big (VB).

If error E (t) is Positive Big (PB) and the rate of change of error E(t) is Negative 
Medium (NM), then the slope of the sliding surface λ(t) is Big (B).

If error E (t) is Positive Big (PB) and the rate of change of error E(t) is Negative 
Big (NB), then the slope of the sliding surface λ(t) is Medium (M).

The centroid method is suitable for defuzzification as this method is very accurate 
and gives smooth output [29]. In this method, the crisp output is obtained by comput-
ing the centroid of the aggregated fuzzy output as given in Eq. (1). The input-output 
characteristics of the designed fuzzy logic controller are given in Figure 5.
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Figure 5. 
Input-output characteristics of the designed FLC.
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Where, ∗z  is the defuzzified value, z  is the output variable, and ( )µ∫ C z  is the 
membership function of the aggregated fuzzy output.

3.  Performance analysis of the proposed controller

The proposed controller is evaluated in comparison with the basic super-twisting 
sliding mode controller with a predetermined sliding surface proposed by Horn and 
Reichhartinger [4] for different types of reference signals of the throttle control 
system given by Eq. (2) [4]. The study is based on MATLAB/SIMULINK-based 
simulations.

  
( )θ θ θθ β δ γ = − − − + 

 

2

2 t t t t
d d df sign u
dt dt dt   (2)

Where,

  ( ) ( ) ( )θ α θ θ µ θ θ= − + −0 0t t tf sign   (3)

where,θ  is the opening angle of the valveand u  is the input voltage of the dc 
motor. The nominal values of the parameters of the system model are α t = 80 −2s , 
β −= 1100t s , γ =t 120 rad − −2 1s V , δ = 70 ,t V  

µt = 150 V and θ0 =0.095 rad.

3.1  Case 1: A staircase type reference

The performance comparisons of the system for the proposed controller and the 
basic super-twisting sliding mode controller with a predetermined sliding surface 
for a staircase type reference are given in Figures 6–10. The integral of absolute error 
(IAE) and integral of time-absolute error (ITAE) are used as performance indices for 
the comparison.

The opening angle of the valve for the system with the designed controller and 
the basic sliding mode controller with a predetermined surface for a stair case type 
reference are given in Figure 6. It is clear that the designed controller exhibits a faster 
response as compared to the basic sliding mode controller with a predetermined 
sliding surface. The faster error convergence is evident in the error plot shown in 
Figure 7. The IAE curve and ITAE curve shown in Figures 8 and 9, respectively, show 
that the proposed controller is faster throughout the response. The IAE indices for the 
designed controller and the basic sliding mode controller with a fixed sliding surface 
are 0.1346 and 0.3237, respectively, while the ITAE indices are 0.9185 and 2.298, 
respectively. The enhancement in the dynamic performance of the designed control-
ler is attributed to the adjustment of the sliding surface, as illustrated in Figure 10.

3.2  Case 2: A ramp-type reference

The performance comparisons of the system for the designed controller and the 
basic sliding mode controller with a predetermined sliding surface for a ramp-type 
reference of Figure 11 are given in Figures 12–15.
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The output response plots of the opening angle appear quite similar for the 
ramp-type reference. Therefore, error curves are utilized for a more precise analysis. 
As illustrated in Figure 12, the error curves demonstrate that the designed controller 
produces a smaller error compared to the basic super-twisting sliding mode control-
ler with a predetermined surface for the ramp-type reference. The maximum errors 
for the designed controller and the basic super-twisting sliding mode controller with 
a fixed sliding surface are 0.054° and 0.47°, respectively. The IAE and ITAE curves 
in Figures 13 and 14, respectively, indicate that the designed controller consistently 
results in lower error throughout the response compared to the basic super-twisting 
sliding mode controller with a fixed surface. The IAE indices for the designed 

Figure 7. 
The error of the opening angle for a staircase type reference.

Figure 6. 
Throttle valve opening angle for a staircase type reference.
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controller and the basic super-twisting sliding mode controller with a predetermined 
surface are 0.00015 and 0.0035, respectively, while the ITAE indices are 0.00087 and 
0.020, respectively. The enhanced dynamic performance of the designed controller 
can be attributed to the adjustment of the sliding surface, as depicted in Figure 15.

3.3  Case 3: A complex type reference

The performance comparisons of the system for the proposed controller and the 
basic super-twisting sliding mode controller with a predetermined sliding surface for 
a complex case type reference are given in Figures 16–20.

Figure 8. 
IAE of the throttle valve opening angle for a staircase type reference.

Figure 9. 
ITAE of the opening angle for a staircase type reference.
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The output response plots for the opening angle appear quite similar for this 
reference. Therefore, error curves are utilized for a more detailed analysis. As shown 
in Figure 17, the proposed controller produces a smaller error compared to the basic 
super-twisting sliding mode controller with a predetermined sliding surface. The 
maximum errors are respectively 0.052o and 0.47o for the designed controller and 
the basic super-twisting sliding mode controller with a predetermined surface. The 
IAE and ITAE curves shown in Figures 18 and 19, respectively show that the error is 
lesser throughout the response for the designed controller as compared to the basic 
super-twisting sliding mode controller with a predetermined sliding surface. The IAE 

Figure 11. 
A ramp-type reference.

Figure 10. 
Sliding surface slope of the designed controller for a staircase type reference.
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indices for the designed controller and the basic super-twisting sliding mode control-
ler with a fixed sliding surface are 8.9 × 10^(−5) and 0.0018, respectively, while the 
ITAE indices are 0.0004 and 0.0081, respectively. The enhancement in the dynamic 
performance of the designed controller is attributed to the adjustment of the sliding 
surface, as illustrated in Figure 20.

From the simulation studies, it is clear that the designed controller exhibits better 
performance in terms of improved dynamic response as compared to the basic super-
twisting sliding mode controller with a predetermined sliding surface.

Figure 13. 
IAE of the throttle valve opening angle for a ramp-type reference.

Figure 12. 
The error of the throttle valve opening angle for a ramp-type reference.
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Figure 16. 
A complex type reference.

Figure 15. 
Sliding surface slope of the designed controller for a ramp-type reference.

Figure 14. 
ITAE of the opening angle for a ramp-type reference.
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Figure 17. 
The error of the opening angle for a complex type reference.

Figure 18. 
IAE of the opening angle for a complex type reference.

Figure 19. 
ITAE of the opening angle for a complex reference.
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4.  Conclusion

This chapter introduces the application of a super-twisting sliding mode control 
strategy combined with a fuzzy logic-based moving sliding surface for electronic 
throttle control. The concept behind this approach involves utilizing a time-varying 
sliding surface function, where the slope of the surface is continuously adjusted 
online by a fuzzy logic controller. This adjustment is designed to steer the slid-
ing surface toward enhancing the dynamic performance of the electronic throttle 
control system. The performance of the proposed control approach is evaluated in 
comparison with the basic super-twisting sliding mode control algorithm with a 
predetermined sliding surface by conducting MATLAB/SIMULINK simulations on 
the electronic throttle control system model. The results confirm that the proposed 
control approach exhibits an improved dynamic performance in comparison with the 
basic super-twisting sliding mode controller with a predetermined sliding surface.

Figure 20. 
Sliding surface slope of the designed controller for a complex type reference.

© 2025 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 6

Performance Evaluation of PI and
ST-SMC Controllers in Low
Voltage/Power DC-Microgrids
Mohamed Amine Hartani, Aissa Benhammou and
Abdallah Laidi

Abstract

This work compares four control strategies for a photovoltaic-diesel generator-
hybrid energy storage system, focusing on classical proportional-integral (PI) versus
nonlinear super-twisting-sliding-mode-control (ST-SMC). The performance is evalu-
ated using root mean square error (RMSE) and mean absolute error (MAE) metrics.
The PI controller provides a better DC-Bus voltage response under pulse conditions,
achieving an RMSE of 2.48 and MAE of 0.61. In contrast, the ST-SMC excels in battery
current tracking, with an RMSE of 27.13 and MAE of 7.10, leading to reductions of
85% in RMSE and 81% in MAE compared to PI. For supercapacitor current control,
ST-SMC shows an RMSE of 6.79 and MAE of 0.96, significantly outperforming PI's
RMSE of 139.62 and MAE of 24.88, resulting in reductions of 95% and 96%, respec-
tively. Both controllers perform similarly under load mismatch conditions, with ST-
SMC slightly better at MAE (0.07 vs. 0.08). Overall system power losses yield similar
results for both controllers (RMSE �14.58, MAE �9.33). Such results reflect the
strength of ST-SMC, regarding robustness and precision, hence quite suitable for
high-precision challenges. Considering the novelty of outstanding improvements in
current control of the battery and SCs, the ST-SMC is a robust option that fits widely
for high stability and reliability systems.

Keywords: classical control, nonlinear control, energy management strategies,
stationary DC-microgrids, performance assessment

1. Introduction

Recent statistics show that isolated networks integrate more renewable energy
(RE) with energy storage systems (ESS). This is done to reduce electricity concerns in
the developed and developing nations [1].

• United States: The US DOE reported that, as of 2023, more than 2 GW of
standalone ESS capacity has been deployed, with significant contributions from
islanded zones like Hawaii and Puerto Rico [2]. Hawaii, in particular, aims to
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achieve 100% RE by 2045 and has already integrated large PV and ESS into its
grid [3].

• Europe: The island regions, such as the Canary and Greek islands, have been
leading in integrating RE and ESS. By 2024, these regions aim to increase their RE
capacity by 50%, supported by EU funding and policies aimed at reducing
dependence on fossil fuels. In the Greek islands, the combination of wind (WT),
PV, and ESS has resulted in a 30% reduction in diesel fuel consumption for power
generation in 2023 [4].

• Australia: Islanded zones, such as Tasmania and King Island, have made
substantial progress. Tasmania has achieved nearly 100% RE penetration with
hydroelectric power complemented by WT/PV projects. King Island, which
integrates WT, PV, and ESS, reported a RE penetration of over 65% in 2023 [5].

• Africa: In sub-Saharan Africa, countries like Kenya, Tanzania, and Ghana are
increasingly deploying standalone RE and ESS in remote and islanded zones. By
2023, over 100 MW of mini-grid systems incorporating PV and ESS have been
installed across these regions, significantly improving energy access and
reliability. Madagascar’s Nosy Be Island has seen a substantial upgrade with a PV-
plus-ESS, which has reduced reliance on diesel generators by 70%.

• Asia: Indonesia, with its vast archipelago, is focusing on PV and ESS to electrify
its many islands. By 2024, Indonesia plans to install 500 MW of PV in its islanded
zones, with a significant portion already operational and providing reliable
electricity to remote communities [6]. The Philippines with islands like Palawan
and Mindanao deploy hybrid systems combining PV, WT, and ESS to reduce
power outages and lower energy costs. The country aims for a 50% RE share by
2040 [7].

• South America: In Brazil, the government is promoting the use of PV and ESSs in
the Amazon region [8]. As of 2023, over 200 remote communities have been
electrified using standalone RE systems, significantly enhancing the quality of life
and economic opportunities. Chile is with the Atacama Desert region integrating
PV and ESS to support mining operations and local communities [9].

1.1 Overview of voltage and power levels

As mentioned in Table 1, in modern power distribution, various grid configura-
tions, including macro-grids, mini-grids, micro-grids, nano-grids, and further configura-
tions of power systems, are implemented to meet different energy demands and
geographical conditions.

These systems utilize a range of voltage levels for both DC and AC configurations.
Power system efficiency, reliability, and application applicability depend on DC and
AC coupling topologies [29].

Macrogrids are enormous power networks that supply electricity to large regions
using high-voltage AC (HVAC) transmission lines. Mini- and microgrids, which ser-
vice communities and industrial complexes, often use PV and wind turbines. Nano-
networks power specific buildings or small loads, even more locally than grids.
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These grids can be installed using DC or AC, each with pros and cons. DC systems
are best for combining renewable energy sources and energy storage systems (ESSs),
while AC systems are used because they work with existing infrastructure. Photovol-
taic panels and energy storage systems (ESS) are directly connected to the DC bus
using DC coupling. The DC bus powers DC loads or reverses to AC loads. Benefits of
DC coupling include [30]:

• Higher efficiency due to fewer conversion steps.

• Better compatibility with RESs and ESSs.

• Reduced complexity with multiple Distributed Energy Resources (DERs).

Reference Application examples Key topology/focus Year

Standalone microgrids

[10] Standalone Rural electrification Battery-supercapacitor HESS 2018

[11] Isolated Renewable incorporation Dynamic OPF 2023

[12] DC MG Fuel cell-based MG Adaptive fuzzy management 2022

Community microgrids

[13] Community Microgrid energy markets Brooklyn microgrid model 2018

[14, 15] Multi-system Energy sharing Multi-energy microgrids 2022

Resiliency improvement Mobile energy storage 2023

Hybrid microgrids

[16, 17] Hybrid Diesel-PV-Battery hybrid Optimize fuel, cost, and emissions 2023

PV-WTG-BSS-DG systems Optimal energy management 2021

[18] ON-Grid PV under shading Optimal control 2021

Islanded microgrids

[19, 20] Islanded Stochastic OPF correlated load and PV uncertainties 2022

Wind, load uncertainties 2023

Facility-based microgrids

[21] Facility Rule-based EMS PV and energy storage 2021

[22] PV-Diesel Secondary frequency regulation dual-driven predictive control 2023

Clustered/distributed microgrids

[23–25]
Multi-MG

Decentralized scheduling Distributed robust scheduling 2020

HESS in DC-microgrids Advanced filtration and decoupling 2023

Multi-level EMS Fuzzy logic control 2023

[26] DC MG Energy management Optimal control strategy 2022

Planning and optimization in microgrids

[27] Multi-Carrier Planning and operation Multi-energy hubs 2020

[28] Distributed Energy management Harris Hawk Optimization 2021

Table 1.
Overview of voltage and power levels in implemented systems.
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AC coupling involves inverting the DC output from RESs to AC and connecting
them to the AC bus. Grid-tied systems employ this design since it works with AC
infrastructure. The advantages of AC coupling include [30]:

• Easy integration with existing AC distribution networks.

• Flexibility in combining multiple AC sources and loads.

• Easier synchronization with the grid.

1.2 Case studies in renewable energy applications

In various power system applications, control methods play a critical role in
enhancing stability, efficiency, and performance. The PI controller is utilized for load-
sharing control of PV/diesel generator systems [31] and HESS in remote DC-MG [32].

The Fractional Order Proportional-Integral-Derivative (FOPID) controller is
applied to enhance Vdc bus stability for PV and battery systems [33], load-frequency
control [34], and damping low-frequency oscillation [35]. FOPID with artificial intel-
ligence (AI) techniques is used for PMSM drive adaptation [36] and chopper-fed DC
motor drive control [37]. AI-enabled PID controllers aid in metaheuristics-based
tuning [38–41].

The general type-2 FLC-PID controller addresses complex control issues [42],
while PID-FLC is employed in speed control of brushless DC motors speed [43].
Comparative studies between PI and STSMC highlight their respective advantages
[44], while Advanced Fractional Order Proportional-Integral Controllers with Adap-
tive Neuro-Fuzzy Inference Systems (FOPI-ANFIS) are used in PWM control for
multi-rotor wind turbines [45].

Sliding Mode Control (SMC) is implemented for input current control in DC-DC
buck converters [46], HESS in islanded DC microgrids [47], and controlling DFIG
under unbalanced grid conditions [48]. SMC with AI enhances DFIG systems [49] and
optimizes wind energy control gains [50].

STSMC is beneficial for active/reactive power control in grid-interfaced PV sys-
tems [51], direct power control for PV systems [52], and control of UUV trajectory
tracking [53]. Adaptive STSMC techniques are applied to PEM fuel cell systems [54]
and hypersonic vehicles [55]. STSMC-FOPI is designed for wind energy systems [56].

Linear Quadratic Regulator (LQR) control with Kalman filter observer is used for
DC-DC converters [57], adaptive gain LQR-based EMS for HESS [58], and energy
savings in DC-DC converters [59]. The ANFIS is employed in hybrid electric vehicles
[60, 61], EV kinetic energy exploitation [62, 63], and smart grids [64], .

Genetic Algorithm Optimized ANFIS (GA-ANFIS) controls hybrid microgrid sys-
tems [65]. Fuzzy Logic Controllers (FLC) manage HESS in multi-DC-MGs [25], FL-
EMS for DC-MGs [66], and EMS for MGs with batteries and hydrogen ESS [67, 68].

AI-enhanced FLC is used for PV systems [69], load-frequency control in two-area
systems [70], marine diesel engines [71], and Maximum Power Point Tracking
(MPPT) in grid-connected PV systems [72]. FLC-SMC improves DC-link voltage
response in wind-driven DFIG systems [73]. Also, Model Predictive Control (MPC)
optimizes AC-MGs [74], while MPC-FO-STSMC regulates DC-MG voltage [75].

These varied control methods significantly improve the efficiency and reliability of
power systems incorporating RE and ESS technologies.
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1.3 Classical control methods

PI control combines proportional and integral actions to correct the error between
a desired setpoint and the process variable. The proportional component reacts to the
current error, while the integral component accumulates the error over time, aiming
to eliminate steady-state errors [32]. The control law for a PI is given by:

u tð Þ ¼ Kpe tð Þ þ Ki

ðt
0
e τð Þdτ (1)

u tð Þ: Control signal, Kp: Proportional gain, Ki: Integral gain, e tð Þ ¼ r tð Þ � y tð Þ: Error
signal, where r tð Þ is the reference input and y tð Þ is the output. Besides, the Kp increases
the response speed and reduces the rise time, while Ki: eliminates the steady-state
error by integrating the error over time.

1.3.1 Recent advancements and case studies

PI controllers are widely used due to their simplicity and effectiveness in control
applications. However, they do have certain constraints/limitations that lead to fail-
ures in some scenarios, so possible solutions to address are shown in Figure 1.

1.4 Fractional-order proportional-integral (FOPI) controllers

FOPI control extends the classical PI control by including fractional calculus,
allowing for more flexible and precise control dynamics. The FO integrator provides
an additional degree of freedom in tuning [33, 76, 77]. The control law for an FOPI
controller is:

u tð Þ ¼ Kpe tð Þ þ KiD�λ
t e tð Þ (2)

With D�λ
t is the fractional integral operator of order λ, and λ is the fractional order

(typically 0< λ≤ 1). Besides, the Kp adjusts the response speed, Ki adjusts the accu-
mulation of error, while λ provides additional tuning flexibility, enhancing the con-
troller’s performance in various dynamic conditions.

1.5 Super twisting sliding mode control (ST-SMC)

STSMC is a robust nonlinear control that addresses the chattering problem in
traditional SMC. It ensures finite-time convergence and improved disturbance rejec-
tion by using a second-order SMC approach [32, 78]. The control law for STSMC is:

u tð Þ ¼ ueq tð Þ þ ust tð Þ (3)

Where ueq tð Þ is the equivalent control that ensures the system stays on the sliding
surface and ust tð Þ is the super twisting control to bring the system state to the sliding
surface. For a system: _x tð Þ ¼ f x tð Þð Þ þ g x tð Þð Þ u tð Þ, the STSMC law is:

ust tð Þ ¼ �λ s tð Þj j1=2sign s tð Þð Þ þ v tð Þ
_v tð Þ ¼ �ksign s tð Þð Þ

(
(4)
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The s tð Þ denotes the sliding variable, while λ and k are positive control gains that
influence the convergence speed and robustness of the system.

1.5.1 Enhancements over traditional SMC

STSMC significantly enhances the performance and robustness of traditional SMC
by addressing several key limitations [32, 44, 51, 78, 79].

• Reduced chattering: STSMC provides a continuous control input, reducing high-
frequency chattering present in traditional SMC.

Figure 1.
The solutions to solve PI constraints and failures.
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• Improved smoothness: Ensures smoother system responses, reducing mechanical
wear and tear.

• Better disturbance rejection: Enhances the system’s ability to handle disturbances
and uncertainties.

• Enhanced robustness: Offers superior performance in systems with nonlinearities
and uncertainties.

• Precision in control: Suitable for complex applications requiring high precision,
such as renewable energy systems and electric drives.

1.5.2 Optimal control strategies

Table 2 provides a comparative overview of various optimal control methods,
detailing their key features and characteristics including LQR [58, 80], LQR with
Integral Action [78], Model Predictive Control (MPC) [81], Dynamic Programming
[82], Pontryagin’s Minimum Principle [83], H-infinity Control [84], and Optimal
Stochastic Control [85]. This comparison helps understand each control strategy’s
strengths and limitations for different applications and system requirements.

2. Modeling of the system under study

The provided schematic in Figure 2 illustrates the integration and control of
various components within an energy management system (EMS) for a standalone
DC-microgrid system (DC-MG). The system includes multiple energy sources and
storage devices, all managed by a central control unit.

1.Energy Sources: The PV panels, diesel generator, and microgrid system are
modeled as controlled current sources to reduce system simulation time,
allowing a focused analysis of the contribution of HESS devices.

2.1 Photovoltaic (PV) panels

Represented as controlled current sources (iPV
Ref) to simulate the PV output.

Mathematical modeling of setpoint PV current includes the input variables: Irrad:
Solar irradiance input, Vdc: DC bus voltage, Ppv: Power from the PV panels, and the
Ppv_ref :: Reference power for the PV panels.

Below, Eq. (5) defines the PV setpoints current and power using regular MPPT
operating mode. Instead, Eq. (6) defines the PV setpoints current under perturbed
power balance cases using the FPPT operating mode to dampen the PV power gener-
ation. Finally, the PV system can switch between the two above modes regarding the
system energy management scenarios, as noted in Eq. (7).

MPPT Mode: The goal is to maximize the PV power extraction:

iPV�ref MPPT ¼ PMPPT

Vdc

PMPPT ¼ Irrad
1000

� 31527 conversion factors based on the modelð Þ

8>><
>>:

(5)
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FPPT Mode: The EMS decides the setpoint PPv�ref to dampen the PV power.

iPV_ref_FPPT ¼ PPr_ref

Vdc
(6)

Switching Modes: Selects MPPT or FPPT based on operational requirements:

iPV�ref ¼
iPV�ref�MPPT if MPPT mode is ON

iPV_ref�FPPT if FPPT mode is ON

(
(7)

2.2 Internal diesel generator (IDG)

Replaced with a controlled current source (IDG
Ref) to simulate the generator out-

put. Mathematical Modeling of Setpoint DG Current in Eq. (8-c) includes the input
variables, which are the PDG_out denoting the Power output of the Diesel Generator
(DG) and the VDC. Then, the output of the DG is the fuel consumption parameters for
48 kW DG including fuel curve intercept coefficients (a0): 0:01458 L=hr=kW, fuel
curve slope coefficient a1ð Þ: 0:2333 L=hr=kW, and the nominal power Pnomð Þ : 48 kW.
Thus, the setpoint current iDG ref. for the DG is:

F PDG_outð Þ ¼ a0 þ a1 � PDG_out þ a2 � P2
DG_out

F PDG_outð Þ ¼ 0:01458þ 0:2333 � PDG_out

iDG�ref ¼
PDG�out

Vdc

8>>><
>>>:

(8)

2.3 Nearby DC-microgrids (MGs)

Simulated using a controlled current source (iMGS_ref) to represent the nearby
DC microgrids.

Figure 2.
The proposed standalone DC-MG under study.
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3. Energy storage systems (ESS)

a. Li-ion Battery: Managed by a bidirectional DC-DC converter (BDC), controlling
low (VL) and high (VH) voltage levels and during charge-discharge cycles.

b. Supercapacitor (SC): Also managed by a BDC, for rapid charge/discharge cycles,
controlling low (VL) and high (VH) voltage levels.

1.DC Load: Includes a dynamic DC load with three profiles (smooth, pulsing,
and perturbing waveforms) as shown in Figure 3. These profiles are
proposed for the performance assessment of the studied system.

2.DC-Bus: Central conduit for power flow, integrating inputs and outputs
from all energy sources, storage systems, and loads.

4. Control/EMS: The central unit responsible for

4.1 Charge-discharge control

Managing the HESS via BDCs using a dual-loop control structure with filtration-
based control. Effectively managing such loops requires balancing each ESS’s strengths
to ensure reliability and responsiveness.

As shown in Figure 4A, the outer voltage loop is HV(s), while the inner current
loop is HC(s). The outer voltage and inner battery current closed loops are controlled
using the classical PI controller, while the inner SC current closed loop is controlled
using the Hysteresis Current Controller (HCC). The HESS overall setpoint current is
IL_ref ¼ PI Vdc_ref � Vdc_mesð Þ, and the setpoint duty cycle to compute the complemen-
tary PWM to the BDC switches is Duty cycleref ¼ PI iL_ref � iLð Þ: [24, 25, 88].

In Figure 4B, the total current is then split into iB ref and iSC ref reference currents
using a rate limiter and an LPF. The advanced LPF (ALPF) incorporates a

Figure 3.
The proposed waveform of the system resources under study.
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compensation factor of C ¼ Vb
Vsc to optimize the reference split between the battery

and SC, improving DC voltage regulation.
The total ‘it’ is adjusted, with the battery reference iB,ref ¼ rate limiter LPF itð Þð Þ �

C and the SC reference iSC ref ¼ it � iB ref [24, 25, 88].

4.2 Energy management

Governing power balance among DERs based on solar irradiation, diesel fuel
availability, HESS State Of Charge (SOC), load demand, and the power balance status
of nearby DC-MGs to share excess/lack of energy.

The EMS optimizes power allocation by coordinating inputs from the PV, IDG,
and MGs (controlled current sources). This approach reduces simulation time and
focuses on the control and HESS-EMS through their DC-DC BDCs. The dual-loop
control structure with filtration-based control ensures efficient charge/discharge
management, while the EMS maintains power balance and shares energy among
resources, ensuring system stability and efficiency.

a. Initialization: Initializes system parameters and states, ensuring consistent
starting conditions for the EMS function: PPV

rated = 50e3;
SOCBmin = SOCscmin = 0.2; SOCBmax = SOCscmax = 0.8;
IMGs_ref = IDG

Ref = PPV
Ref = state = 0; SLOAD = mppt = DG = 1; iPV

Ref = (Irrad * PPV
rated) / Vdc * 1e3)

Figure 4.
Hierarchical control: A- Dual loop control of Single ESS, B- ALPF control of HESS [86, 87].
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b. Power Balance Calculation: Computes local (LNP) and global (GNP) power
balances to assess the current energy demand and supply status.

c. SOC Intervals: Determines the working state of the battery and SC based on their
SOC, categorizing them into three states: low, normal, and high. This helps in
making informed decisions on charging or discharging.

If SOCB < SOCBmin; SOCBstatus = 3
Elseif SOCB > = SOCBmin and SOCB <= SOCBmax; SOCBstatus = 1
Elseif SOCB > SOCBmax; SOCBstatus = 2

a. Power Balance: Each scenario is handled by adjusting the reference currents
(IDG

Ref and IMG
Ref) and states to maintain system stability and efficiency.

Manages different scenarios of LNP and GNP values:

• Stable power balance with no energy demand.

• Excess power is available to be absorbed by the system.

• Power deficit requiring energy export or import.

a. Outputs: Outputs the references [IDG
Ref, IMG

Ref, state, SLOAD, PPV
Ref, iPV

Ref]
necessary for controlling the system, ensuring the EMS can implement the
calculated strategies effectively.

Table 3 provides a clear understanding of the EMS, emphasizing the SOC-EMS
importance, power balance scenarios, and coordinated HESS control and nearby MGs.

5. Simulation results with discussion

In this section, the studied standalone system is simulated using MATLAB
Simulink, employing three main topologies with several scenarios for performance
assessment under various constraints of system resources, loads, and control settings.
The main parameters of the studied energy system are classified in Table 4.

The sections below provide analyses/discussions of the revealed results.

5.1 System power balance and DC bus voltage stability

Figure 5 illustrates the system power balance and DC bus voltage using PI con-
trollers under three different waveform conditions: pulse, smooth, and perturbed.

For pulse waveforms (A), the power balance shows significant fluctuations that
correspond to the pulsed load. The DC bus voltage maintains regulation but exhibits
noticeable ripples due to the abrupt changes. This indicates that the PI can handle
pulse loads but with some difficulty in maintaining a smooth voltage profile.

In the case of smooth waveforms (B), the power balance is more stable compared
to the pulse waveforms. The DC bus voltage is well-regulated with minimal ripples,
indicating better performance of the PI in steady-state conditions where the load
changes are gradual and predictable.
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For perturbed waveforms (C), the power balance fluctuates significantly due to
the perturbations in the load. The DC bus voltage exhibits more significant waves,
indicating that the PI controller has difficulty sustaining precise voltage regulation
during dynamic situations. This underscores the limitations of the PI in contexts
characterized by swift load fluctuations.

Condition SOC Bat DGstatus IDG
Ref IMG

Ref State

LNP = GNP =0 Any Any 0 0 0.5

LNP = 0 & GNP > 0 1 or 3 0 GNP=VDC 1

2 0 0 1.5

LNP = 0 & GNP < 0 1 or 3 0 0 0 2

1 �GNP=VDC GNP=VDC 2.5

LNP = 0 & GNP < 0 2 0 0 GNP=VDC 3

1 �GNP=VDC GNP=VDC 3.5

LNP > 0 & GNP = 0 1 or 2 0 0 0 4

1 0 0 4.5

LNP > 0 & GNP = 0 3 0 0 0 5

1 PLoad=VDC 0 5.5

LNP > 0 & GNP > 0
• GNP > = LNP

1 or 3 Any 0 GNP=VDC 6

2 0 GNP=VDC 6.5

LNP > GNP 1 or 2 0 GNP=VDC 7

LNP > GNP 3 0 0 GNP=VDC 7.5

1 GNPj j� LNPj j
VDC

GNP=VDC 8

LNP > 0 & GNP < 0 1 or 2 0 0 0 8.5

3 0 0 9

1 or 2 1 �GNP=VDC GNP=VDC 9.5

3 LNP=VDC 0 10

LNP < 0 & GNP = 0 1 or 3 Any 0 0 10.5

2 0 0 11

LNP < 0 & GNP > 0 1 or 3 0 GNP=VDC 11.5

2 0 0 12

1 or 2 LNPj j≥ GNPj j 0 GNP=VDC 12.5

GNPj j< LNPj j
& DG = 0

0 GNP=VDC 13

GNPj j< LNPj j
& DG = 1

GNPj j� LNPj j
VDC

GNP=VDC 13.5

3 0 0 0 14

1 �GNP=VDC GNP=VDC 14.5

Table 3.
Energy management strategy rules based on system resources and constraints.
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Figure 6 illustrates the system power equilibrium and DC bus voltage utilizing the
ST-SMC over the identical three waveforms. According to the pulse waveforms (A),
there are less swings in power balance in comparison with the power balance (PI),
which indicates that the control of rapid load variations gets better. In dynamic
settings, the ST-SMC regulates DC bus voltage more effectively and with fewer
ripples, proving its resilience. This shows that the ST-SMC performs better under
pulse loads.

Smooth waveforms (B) have a constant power balance, similar to the PI but with
fewer changes. Due to its systematic DC bus voltage maintenance with little ripples,
the ST-SMC has excellent steady-state performance. This suggests that ST-SMC can
maintain a more stable voltage profile under steady load.

When perturbed waveforms (C) are evaluated, the power balance varies less than
the PI, indicating better disturbance rejection. The capacity of the ST-SMC to main-
tain voltage stability in the face of disturbances is demonstrated by the fact that the
DC bus voltage is successfully regulated with minimal ripples. Based on this, it can be
concluded that ST-SMC is more effective in environments that are defined by rapid
and unpredictable swings in load.

5.2 HESS results

Figure 7 shows the HESS performance with the PI controllers for SOC, duty cycle,
and voltages.

• Battery SOC: The PI controller exhibits minor fluctuations in the battery SOC
across all wave conditions, starting around 0.50 and gradually decreasing to
around 0.45 by the end of the observation period. In comparison, the ST-SMC
follows a similar decreasing trend but shows slightly more stability, especially
under perturbed conditions. The final SOC value is ≈0.45, indicating similar
overall energy usage but potentially better management of transitional
fluctuations by the ST-SMC.

• PV: Peak power: 50 (Kw); DG: Peak power: 48 (Kw);
• Nearby DC-MGs: Peak power � 15 (Kw);

PV/DG/Nearby DC-MGs

• Cut-off, nominal, and fully charged voltage: 123–165-
192 (V)

• Rated, maximum, and nominal voltage capacity:
10–10 – 0.49 (Ah)

• Nominal discharge current: 4.3478 (A);
• Internal resistance: 0.165 (Ώ)

Lithium-ion battery

• Rated voltage / Rated capacitance: 167.4 (V) / 2(F);
• Equivalent DC series resistance: 1.4 (Ώ)

SC bank

• Rated DC Bus voltage: 250 (V) / Peak power: 35 (Kw);
• DC Bus capacitance: 100 (uF)

DC variable Load

• Rated input voltage/Rated output voltages: 165 / 250 (V)
• Inductance: 1(mH); Capacitance: 0.05(F);
• Switching frequency: 20(kHz);

DC/DC Bidirectional Converter

Table 4.
Overview of reel-implemented DC-MGs around the world.
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• Battery Duty Cycle: The PI controller’s duty cycle fluctuates significantly under all
wave conditions, particularly under perturbed conditions where the fluctuations
are more pronounced, varying between 0.2 and 0.8. In contrast, the ST-SMC
controller exhibits a more controlled duty cycle response, with less extreme
fluctuations, suggesting more efficient handling of load changes.

• Battery Voltage: The PI exhibits clear fluctuations in battery voltage, reflecting
variations in load conditions, with values between 0.7 and 1.4. The voltage
fluctuations are sudden, especially in disturbed situations. The ST-SMC exhibits
more gradual voltage shifts, maintaining a comparable voltage range of 0.75 to

Figure 5.
System power balance and DC bus voltage with PI controllers: A - Pulse, B - Smooth, C - Perturbed waveforms.
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1.35, which signifies enhanced stability and improved management of load
variations.

Figure 8 illustrates the HESS performance utilizing the STSMC controllers for the
state of charge, duty cycle, and voltages.

• SC SOC: The state of charge (SOC) of the supercapacitor in the PI controller
exhibits considerable changes, particularly under disturbed conditions,
oscillating swiftly between 0.5 and 0.8 with prominent spikes. The ST-SMC
controller offers enhanced stability for the supercapacitor's state of charge,

Figure 6.
System power balance and DC bus voltage with ST-SMC: A - Pulse, B - Smooth, C - Perturbed waveforms.
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exhibiting a more gradual reaction to load variations and reduced spikes,
signifying superior control and a more equitable energy distribution.

• SC Duty Cycle: The PI controller's supercapacitor duty cycle fluctuates between
0.2 and 0.8, especially in disturbed conditions, indicating a very sensitive control
system. ST-SMC controllers have fewer unexpected oscillations due to their
regular duty cycles. This suggests that the controller can improve energy
distribution management and reduce system component wear.

• SC Voltage: The PI controller's supercapacitor voltage fluctuates abruptly when
parameters are changed. These fluctuations range from 0.5 to 1.5, and voltage
spikes imply reactive control. However, the ST-SMC provides smoother voltage
shifts for the supercapacitor, which enhances system reliability and efficiency.

Figure 7.
HESS curves with PI controller: A - SOC, B - duty cycle, and C - Voltages.

Figure 8.
HESS curves with ST-SMC controller: A - SOC, B - Duty cycle, and C - Voltages.
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The comparative analysis found that the ST-SMC controller has better stability and
control than the PI controller. Smoother transitions and fewer abrupt parameter
variations distinguish it. This stability may improve system reliability, component
stress, and lifespan.

5.3 EMS transition and performance

Figure 9 shows how PI and ST-SMC controllers transition between Energy Man-
agement System (EMS) rules and situations. EMS regulation transitions are smoother
and more consistent with the ST-SMC controller than with the PI controller. The ST-
SMC controller reduces oscillations and speed stabilization during EMS instance
changes. This shows that the ST-SMC performs better during system state transitions,
which is crucial for system stability. The results are fully analyzed and discussed in
this section, with a focus on comparing PI with ST-SMC for performance evaluation
using RMSE-MAE metrics. In the following text, figures show the outcome.

5.4 Analysis of RMSE and MAE for DC bus voltage (DV)

Figure 10 compares the PI and ST-SMC controllers' DC Bus voltage error (DV)
RMSE and MAE metrics in various circumstances. The PI controller has an RMSE of
2.48 and an MAE of 0.61 under pulse conditions. The ST-SMC controller has a higher
RMSE of 2.59 and MAE of 1.52. Considering this, the PI controller appears to minimize
dynamic reaction errors during pulses. PI has a reduced RMSE of 1.86 and MAE of
0.54 under ideal conditions. In contrast, ST-SMC has an RMSE of 2.18 and an MAE of
1.28. The pattern persists when settings are modified, with the PI having a lower
RMSE (2.50) and MAE (0.63) than the ST-SMC (2.59), which had a higher MAE
(1.53). The PI reduces dynamic errors exceptionally well under all settings.

5.5 Analysis for battery current (Ib)

Figure 11 shows that the PI controller always reports much greater battery current
error (DiLB) measurements. In the pulse scenario, the PI controller's RMSE is 184.23

Figure 9.
The transition between EMS rules and cases using PI and ST-SMC controllers.
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and MAE is 36.91. ST-SMC controller values are much lower, with an RMSE of 27.13
and MAE of 7.10. This shows that the ST-SMC controller regulates battery variables
better, reducing error. Under ideal conditions, the PI controller has an RMSE of 166.53
and an MAE of 33.88. The ST-SMC controller has significantly lower RMSE and MAE
values of 25.96 and 6.78, respectively.

The perturbed PI has an RMSE of 186.41 and an MAE of 37.36. However, the ST-
SMC controller performs better with an RMSE of 27.36 and MAE of 7.10. This con-
stant performance shows that the ST-SMC controller controls battery variables more
efficiently than the PI controller.

5.6 Analysis for Supercapacitor current (Isc)

The perturbed PI has an RMSE of 186.41 and an MAE of 37.36. However, the ST-
SMC controller performs better with an RMSE of 27.36 and MAE of 7.10. This con-
stant performance shows that the ST-SMC controller controls battery variables more
efficiently than the PI controller. This pattern repeats under smooth conditions. The
PI controller has an RMSE of 124.61 and an MAE of 23.95, while the ST-SMC

Figure 10.
The KPI charts of the DC bus voltage error.

Figure 11.
The KPI charts of the battery current error.
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controller has 4.72 and 0.65. The PI has an RMSE of 141.41 and an MAE of 25.31 when
circumstances are disrupted, while the ST-SMC has 7.05 and 1.02. The ST-SMC con-
troller outperforms the PI controller in overload current accuracy and control
(Figure 12).

5.7 Analysis for load mismatch (DPLoad)

In Figure 13, load mismatch error measurements (DPLoad) show that both con-
trollers function similarly under pulse settings. The ST-SMC controller has an RMSE
of 0.59 and an MAE of 0.08, while the PI controller has 0.55 and 0.12.

Under optimal conditions, the PI controller has an RMSE of 0.27 and an MAE of
0.06, whereas the ST-SMC has 0.28 and 0.07. Both controllers have comparable RMSE
values of 0.59 under perturbed circumstances, but the ST-SMC controller has a lower
MAE of 0.07 than the PI's 0.08.

Although both controllers perform similarly in power loss, the ST-SMC reduces
absolute errors better.

Figure 12.
The KPI charts of the SC current error.

Figure 13.
The KPI charts of the load power mismatch (DPLoad).
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5.8 Analysis for system power losses (DPLoss)

Figure 14 shows that the PI and ST-SMC controllers have extremely similar RMSE
and MAE values for system power losses (DPLoss). Under pulse conditions, both
controllers have RMSE 14.58 and MAE 9.331. In optimal conditions, both controllers
have RMSEs of 14.57 and MAEs of 9.332. Both controllers' RMSE approximates 14.61
under perturbed conditions, whereas MAE equals 9.349. The two controllers perform
similarly in reducing load divergence from the setpoint.

A comprehensive investigation of RMSE and MAE metrics across system variables
indicated that the PI and ST-SMC perform differently. DC Bus voltage (DV) errors are
generally reduced by the PI, lowering RMSE and MAE. ST-SMC has better precision
and regulation than PI for battery current (IB) and short-circuit current. Load
mismatch and DPLoad work similarly, but ST-SMC reduces absolute errors better.
Total system power losses (DPLoss) are similar for both. PI thrives in dynamic cir-
cumstances, but ST-SMC improves battery management and SC current tracking
control and stability, according to the study. For systems that need precise energy
control and stability, the ST-SMC is more trustworthy.

6. Conclusion

An independent energy system using PI and ST-SMC was simulated to evaluate
system power balance, DC bus voltage stability, and EMS transitions. These results
were tested under various waveforms. The whole investigation showed that various
components regulated system variables differently.

Pulsed conditions increased the PI's DC Bus voltage error (DV) maintenance, with
an RMSE of 2.48 and an MAE of 0.61. PI readings decreased similarly under calm and
disturbed situations. Despite this, the ST-SMC regulated battery and supercapacitor
currents better. Under pulse conditions, the PI controller had an RMSE of 184.23 and
an MAE of 36.91 for battery current. The ST-SMC has a substantially lower RMSE of
27.13 and MAE of 7.10 for the same battery current. Its continuous trend across
configurations showed that the ST-SMC increased battery management precision and
robustness.

Figure 14.
The KPI charts of the total system power losses (DPLoss).
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The ST-SMC excelled at power distribution and load fluctuations. Both techniques
performed similarly under load divergence or mismatch (DPLoad); however, the ST-
SMC reduced absolute errors better. Both exhibited similar RMSE and MAE values for
total system power losses (DPLoss), indicating that they reduced load divergence
equally. In conclusion, the PI minimizes dynamic response faults, whereas the ST-
SMC provides better battery and supercapacitor control and stability. It has smoother
transitions and slower volatility than the PI. The ST-SMC is ideal for systems that need
accurate energy management and stability, especially in situations with quick and
unpredictable load fluctuations, the study found. The ST-SMC may improve system
dependability, component stress, and lifespan. Because ST-SMC provides more sta-
bility and control.
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Acronym and abbreviation

AC alternating current
AI artificial intelligence
ALPF advanced low pass filter
ANFIS adaptive neuro-fuzzy inference system
BDC bidirectional DC-DC converter
DC direct current
DERs distributed energy resources
DG diesel generator
DFIG doubly fed induction generator
DV DC bus voltage error
EMS energy management system
ESS energy storage systems
EU European Union
EV electric vehicle
FLC fuzzy logic controller
FOPID fractional order proportional-integral-derivative
FPPT forced power point tracking

122

Advances in Robust Control and Applications



GA genetic algorithm
GNP global net power
HCC hysteresis current controller
HESS hybrid energy storage system
HVDC high voltage direct current
HVAC high voltage alternating current
IDG setpoint current of diesel generator
LNP local net power
LPF low pass filter
LQR linear quadratic regulator
LVAC low voltage alternating current
MAE mean absolute error
MG microgrid
MPC model predictive control
MPPT maximum power point tracking
MVAC medium voltage alternating current
PEM proton exchange membrane
PI proportional-integral
PID proportional-integral-derivative
PMSM permanent magnet synchronous motor
PV photovoltaic
PWM pulse width modulation
RE renewable energy
RES renewable energy sources
RMSE root mean square error
SC supercapacitor
SMC sliding mode control
SOC state of charge
ST-SMC super twisting sliding mode control
U.S DOE United States Department of Energy
UUV unmanned underwater vehicle
VDC DC bus voltage
WT wind turbine
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