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Abstract

The aviation industry is one of the leading examples of innovation, human intellect,

and modernization. The dependence on aircraft and other aerial platforms, such as

drones, guided missiles, etc., has increased significantly in modern combat. One of

the key research problems confronting modern super-maneuverable combat aircraft

design is flight control. The maneuvering feats of modern fighter aircraft are

certainly impossible without a modern flight control system, as these aircraft are

highly agile and inherently unstable. Consequently, advanced control techniques

are required to augment the human pilot while conducting highly agile maneuvers.

Various control techniques are available in the literature that guarantee robustness

as well as optimality for fighter aircraft. Among these, MPC is the most effective

and widely used technique in industrial applications, however it is computationally

intensive. Many methods have evolved for reducing the computational effort, still,

research is underway to make it a real-time solution for fast dynamic systems.

This research is intended to explore crafting low computation-based MPC with due

consideration to robustness and optimization in flight control of modern fighter

aircraft.

The computational issue has been addressed in different ways in this research. One

of the methods includes the use of move-blocking MPC. This research proposes

an optimal LQR-based blocking algorithm. The proposed algorithm has been

tested against Cessna aircraft. This method provides good results for slow aircraft,

however, for fast aircraft, this scheme doesn’t give much advantage. A new way

has been proposed for reducing the computational complexity of the MPC. This

method uses the simplified function of the aircraft obtained through the Neural

Network and symbolic simplification of the MPC model as much as possible. The

symbolic simplification has been performed through a tool called CasADi. This

scheme has been further modified by offset-free MPC for reducing steady-state

error. The proposed method solves the non-linear MPC problem with limited

resources. A high angle of attack maneuver has been performed for validation of



x

the proposed method. A non-linear state estimator has been used for unmeasurable

states under uncertainties and disturbances.

To improve the performance of the aircraft against uncertainties and disturbances

and to reduce the effect of time-varying faults while performing fast maneuvers, a

new control scheme named scenario-based MPC has been applied. This scheme has

been further modified by the Neural Network-based model approximation, sym-

bolic simplification of the controller, and offset-free MPC. This scheme has been

applied to the F-16 non-linear model for performing the Herbst-type maneuver.

While scenario-based MPC incurs higher computational complexity due to solving

for uncertainties at each receding horizon step, it delivers superior performance

even under fault conditions. A performance comparison with established work has

been made for validation.
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Chapter 1

Introduction

1.1 Background

The idea of fighter jets immediately followed the first successful flight by the Wright

brothers. Aircraft were first introduced in the military before World War I for

transportation and reconnaissance. In 1914 there was an exchange of fire between

Austro-Hungarian and Serbian pilots during a reconnaissance flight that sparked

the idea of aerial combat and fighter aircraft. Since inception, fighter aircraft have

evolved through several generations with fifth-generation stealth aircraft such as

J-20, SU-57, F-35, and F-22 already deployed and the sixth-generation aircraft

moving past the conceptual design stage. Modern fighter aircraft in their fea-

tures and characteristics certainly appear like Sci-fi machines conceptualized in

the movies in the latter half of the previous century.

Whereas other technologies related to aircraft e.g., materials, propulsion, weapons,

airfoils progressed at an accelerated pace, the use of mechanical controls introduced

by Lilienthal and the Wright Brothers remained prevalent until even the fourth-

generation fighter aircraft. The control system was entirely manual, comprised of

a system of pulleys, rods, cables, levers, etc., and the levels of the stick and rudder-

pedal forces to steer and maneuver an airplane were constrained by the physical

capabilities of the pilot Figure 1.1. The rudimentary control despite its inherent

inefficiencies and delay was acceptable because the earlier generation aircraft were

1



Introduction 2

Figure 1.1: Mechanical Flight Control System

naturally aerodynamically stable. In terms of control theory, the aircraft had their

poles placed well into the complex plane with real parts to be negative for ensuring

sufficient damping.

Due to the pursuit for higher speed, the race to break the sound barrier, and the

requirements of maneuverability there was a lot of pressure on designers to develop

more responsive and robust aircraft with allied flight control methods. Regarding

control theory, the aircraft were made responsive by bringing the poles closer to the

imaginary axis in the left half of a complex plane and with lower damping rations

to allow more responsiveness. Such aircraft could not be controlled with the pri-

mary control systems of that time. Consequently, newer systems were introduced

in which a flight control system was augmented in the airframe characteristics

Figure 1.2. In these systems, the pilot was still generating control commands

through rudder sticks, but a mechanical the controller in the feedback path aided

in stabilizing the aircraft-based on the measurements of the variables of interest.

Craving for maneuverability pushed the stability augmentation systems to the

limits with the development of fourth-generation aircraft such as the F-16 in the

1980s. To enhance maneuverability, the aircraft were made inherently unstable
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Figure 1.2: Stability Augmentation System in the Feedback Path

Figure 1.3: Fly-by-Wire Control System

with their poles placed into the right half of the complex plane. The use of con-

ventional mechanical and hydro-mechanical flight control systems was depreciated

in these advanced aircraft and fly-by-wire (FBW) primary flight controls inte-

grated with the stability augmentation system were incorporated in Figure 1.3. In

this setting, the flight control system becomes an integral part of the primary sig-

nal flow path and becomes responsible for interpreting and implementing the pilot

commands. These control systems were based on digital computers with electrical

hydro-mechanical actuators.

In the last decade of the 20th century, fifth-generation aircraft were conceptualized

with capabilities such as supercruise, stealth, net centricity, etc. The aircraft

configuration and corresponding control system were redesigned to cater to super
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maneuverability. Fifth-generation aircraft employ purer electrical actuation by

the use fibre controlled optical systems. There are numerous advantages of using

fiber. The main advantage of using fiber is that the weight due to heavy copper

has reduced, thereby reducing the weight of the aircraft. It is evident that aircraft

responsiveness and maneuverability are directly dependent upon the sophisticated

mathematics of aerodynamics and control systems and hence the need to pledge

serious effort to harness this technology cannot be over-emphasized.

1.2 Aircraft Model

1.2.1 Axes System

The aircraft axes system is usually defined by the body of the aircraft. The

direction of the fuselage tip shows the positive x-axis in the body axis system.

The direction of the right wing (perpendicular to the x-axis) shows the y-axis.

The downward direction usually represents a positive z-axis. The resulting system

of axes is called the body fixed axis system or simply the body axis system. Since

aerodynamic coefficients and moments depend on the airflow and the orientation

of the aircraft concerning the air, it is common practice to define the axis system

concerning the airflow for control purposes. The two orientation angles used are

called the angle of attack (α) and the side slip angle(β). The angle of attack

is usually obtained by rotating the tip of the aircraft around the y-axis in the

direction of the velocity. The resulting system of axes is called the stability axis

system. In effect, the resulting axis system is the same as the body-fixed axis

system except that the x-axis points in the direction of velocity. The other system

is the wind axis system. The wind axis system is the same as the stability axis

system except that the y-axis of the system is rotated by an angle called the side

slip angle. The side-slip angle is obtained by rotating the tip of the aircraft about

the z-axis in the relative wind direction, resulting in a wind-axis system. These

three axes’ systems are defined for the body of the aircraft, hence are usually called

body axes systems. However, for differentiation, the three axes systems are called
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Figure 1.4: Aircraft Axes

body, stability, and wind axis systems. Three different axes system can be easily

understood by the Figure 1.4.

1.2.2 6 DOF Equations of Motion

The aircraft has 6 DOF motion that include three linear motions in the x, y, and z

directions and three angular motions along the x,y, and z axes. The standard air-

craft non-linear model that is used for non-linear simulations and control purposes

has four vectors. The first one is the velocity vector vvv which includes longitudinal,

lateral, and normal velocities which are represented by the symbols UUU (longitudi-

nal velocity), VVV (lateral velocity), andWWW (normal velocity). The second vector is

the Euler angle vector Φ. The components of Φ are roll angle ϕ, pitch angle θ, and

yaw angle ψ. The third one is the vector of angular rates ω which is comprised

of roll rate p, pitch rate q, and yaw rate r. The last vector is the position vector

P which has north position Pn, east position Pe, and height h. These form four

sets of differential equations which include three force equations, three kinematic

equations, three moment equations, and three navigation equations. The state

vector is then defined as
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xxxT = [UUU VVV WWW ϕ θ ψ p q r Pn Pe h]

The non-linear equations of motion for all the states are given as

U̇̇U̇U = rVVV − qWWW − g sin θ +
FxFxFx

m
(1.1)

V̇̇V̇V = −rUUU + pWWW + g sinϕ cos θ +
FyFyFy

m
(1.2)

Ẇ̇ẆW = qUUU − pVVV + g cosϕ cos θ +
FzFzFz

m
(1.3)

ϕ̇ = p+ tan θ(q sinϕ+ r cosϕ) (1.4)

θ̇ = q cosϕ+ r sinϕ (1.5)

ψ̇ =
q sinϕ+ r cosϕ

cos θ
(1.6)

ṗ = (k1r + k2p)q + k3LLL+ k4NNN (1.7)

q̇ = k5pr − k6(p
2 − r2) + k7MMM (1.8)

ṙ = (k8p− k2r)q + k4LLL+ k9NNN (1.9)

ṗn = UUU cos θ cosψ + VVV (− cosψ sinψ + sinϕ sin θ cosψ)

+WWW (sinϕ sinψ + cosϕ sin θ cosψ)
(1.10)

ṗe = UUU cos θ sinψ + VVV (cosϕ cosψ + sinϕ sin θ sinψ)+

WWW (− sinϕ cosψ + cosϕ sin θ sinψ)
(1.11)

ḣ = UUU sin θ − VVV sinϕ cos θ −WWW cosϕ cos θ (1.12)
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The constants are given as:

k1 =
(Myy −Mzz)Mzz −M2

xz

MxxMzz −M2
xz

(1.13)

k2 =
(Mxx −Myy +Mzz)Mxz

MxxMzz −M2
xz

(1.14)

k3 =
Mzz

MxxMzz −M2
xz

(1.15)

k4 =
Mxz

MxxMzz −M2
xz

(1.16)

k5 =
Mzz −Mxx

Myy

(1.17)

k6 =
Mxz

Myy

(1.18)

k7 =
1

Myy

(1.19)

k8 =
Mxx(Mxx −Myy) +M2

xz

MxxMzz −M2
xz

(1.20)

k9 =
Mxx

MxxMzz −M2
xz

(1.21)

WhereM is used to denote the moment of inertia. For control purposes, a stability

axis is used which changes the velocity vector from [u v w] to [VT α β] i.e., total

velocity, angle of attack (AOA), and side-slip angle respectively. The equation of

transformation is given as:

tanα =
WWW

UUU
(1.22)

sin β =
VVV

VT
(1.23)
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VT =
√
UUU2 + VVV 2 +WWW 2 (1.24)

These new states are obtained by the transformation:

V̇T =
UUUU̇̇U̇U + VVV V̇̇V̇V +WWWẆ̇ẆW

VT
(1.25)

α̇ =
UUUẆ̇ẆW −WWWU̇̇U̇U

UUU2 +WWW 2
(1.26)

β̇ =
V̇̇V̇V VT − VVV V̇T
V 2
T cos β

(1.27)

There are mainly four main inputs of the aircraft, two are for longitudinal motion

and two for lateral motion. The longitudinal motion is controlled by thrust and

elevator. Thrust is used to control the speed while elevator is used for the pitching

motion. The lateral control surfaces are used to control the roll motion by aileron

and yaw motion by rudder. The four control surfaces are defined as the control

vector u

uTuTuT = [th δe δa δr]

The control surfaces in the aircraft can be seen in Figure 1.5 with highlighted areas

[1]. The direction of arrows around the control surfaces indicates the positive

motion of the control surface or the negative motion of the relative state. The

sign convention for the F-16 control surfaces is summarized in Table 1.1. The

sign convention for other aircraft can be different. The sign convention helps in

controller implementation and performance comparison.

1.3 Air Combat Maneuvers

Over the years, many complex maneuvers have been introduced to gain air su-

periority. These complex maneuvers include the Immelmann turn, Split-S, Cobra
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Figure 1.5: Aircraft Control Surface

Table 1.1: Control Surface Deflection Convention

Surface Deflection Side Deflection Sense Effect on
motion

Elevator
Down (Trailing
Edge)

Positive Negative Pitch

Aileron
Down (Right wing
Trailing Edge)

Positive Negative Roll

Rudder
Left (Trailing
Edge)

Positive Negative Yaw

Maneuver, Kulbit, Herbst Maneuver, etc. The details of these maneuvers are given

as:

1.3.1 Immelmann Turn

Immelmann turn was first performed in WWI by a German named Lieutenant

Max Immelmann, hence named after him. In this maneuver, the aircraft performs

both longitudinal and lateral motion. It involves the control of pitch, yaw, and

speed. In this maneuver, the pilot first achieves enough speed to perform the

turn in a close loop. It then pitches up the aircraft while maintaining the roll
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Figure 1.6: Immelmann Turn

and yaw motion (longitudinal motion only). After attaining enough altitude, it

then performs the roll motion in a half circle. Thus, reversing the direction of

velocity at 180 degrees. In effect, the aircraft goes at a high altitude pointing in

the opposite direction, thus called roll-of-the-top. This maneuver is performed to

gain the attacking position after passing by an aircraft. This maneuver is given

[2] can be seen in Figure 1.6.

1.3.2 Split-S

Split-S is more likely the Immelmann maneuver. It also involves longitudinal and

lateral motion. However, in this maneuver, the pilot starts by rolling in a half

circle at 180 degrees. Then the pilot pitches the aircraft resulting in a downward

motion. In effect, the aircraft reduces altitude with an increased velocity but in the

opposite direction. The main difference between an Immelmann turn and a Split-S

is that in the Immelmann turn the aircraft increases altitude at the cost of speed

reduction while in Split-S the aircraft gains speed at the cost of altitude reduction.

This maneuver is mainly performed in a dog fight for withdrawing from combat.

However, the aircraft must be at enough height to perform the maneuver. The
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Figure 1.7: Split-S

motion of the aircraft given in [3] in the Split-S maneuver can be seen in Figure

1.7.

1.3.3 Cobra

The Cobra maneuver or simply Cobra is also a complex maneuver that involves

longitudinal motion only. In this maneuver, the aircraft instantly reduces speed to

zero while changing the angle of attack by about 90 degrees. However, the aircraft

doesn’t attain an effective altitude while maintaining enough thrust. Then the

aircraft reduces pitch before going to level flight. This maneuver is performed in

close combat in which a chases overshoot. This maneuver needs an aerodynam-

ically unstable aircraft but must have the ability to return to level flight before

becoming unstable. Thrust vectoring or canard is used for this maneuver. This

maneuver can be seen in Figure 1.8 and is given in [4].

1.3.4 Kulbit

This maneuver is a little like the Cobra maneuver. As compared to the cobra, in

this maneuver the goes on pitching up. In this maneuver, the aircraft completes
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Figure 1.8: Cobra Maneuver

Figure 1.9: Kulbit

the loop of pitching motion. The pitching motion goes from 0 to 360 degrees

but in a tight loop. However, the cobra cut off instantly. This maneuver is also

controlled by the longitudinal motion of the aircraft. The Kulbit maneuver can

be understood by the Figure 1.9 which is obtained from [5].

1.3.5 Herbst

This maneuver involves both longitudinal and lateral motion. It involves the

control of pitch and roll motion. The maneuver starts at high speed, then it
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Figure 1.10: Herbst

increases the angle of attack to post-stall level. After this, the aircraft performs a

rolling motion and reduces the angle of attack, thus pointing downward and 180

degrees to the direction of initial velocity. By pointing downward it regains its

original speed. This maneuver is quite popular in air shows and combat. This

maneuver can be seen in Figure 1.10, which isthe same as in [6].

All of these maneuvers have their significance and are hard to control. Some

of these maneuvers involve the longitudinal motion of the aircraft e.g., Cobra

maneuver. Some of them involve the control of the longitudinal as well as lateral

motion e.g., Herbst Maneuver. This research is focused on the control of complex

maneuvers. The maneuver chosen here is the Herbst maneuver because it involves

the motion of longitudinal and lateral motion thus increasing the complexity of

the maneuver.

1.4 Control Techniques

Flight Control Problem (FCP) has two perspectives from a control point of view.

One is stability and the other is reference tracking. From a stability point of view,

it is further classified as Short Period Mode and Phugoid Mode in the Longitudinal



Introduction 14

Figure 1.11: Flight Control Problem

model, while Roll Mode, Spiral Mode, and Dutch Roll Mode in the lateral model.

The reference tracking includes the tracking of different variables of interest. These

include pitch, angle of attack, flight path angle in longitudinal model and roll, yaw,

and side-slip angles in lateral mode. The flight control problem is summarized in

Figure 1.11.

Various control techniques have been applied in the flight control system of fighter

aircraft to achieve level 1 flying and handling qualities, e.g., PID control, Eigen-

structure assignment, Linear Quadratic Regulator (LQR), Linear Quadratic Gaus-

sian (LQG), H∞ control, Sliding Mode Control (SMC) and Model Predictive Con-

trol (MPC). All of these techniques have their own pros and cons.

PID control is the most famous and most widely used control technique because

of easy implementation, adequate performance, and low computations [7]. It can

easily stabilize the system giving zero steady-state error. PID controller has been

applied on different aircraft in [8–11] and several other references for flight control.
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In [11], it has been applied to the high-fidelity model of the F-16 fighting falcon

for pitch attitude control. PID controller gives desired handling qualities and

robustness to uncertainties, noises, and turbulences. However, it amplifies the

high-frequency noise, gives a low stability range, and is used for SISO systems.

Linear Quadratic Regulator (LQR) is the feedback control scheme that finds the

minimum of the quadratic cost function. LQR is one of the famous control schemes

in modern control theory used for MIMO systems because of optimality. Also, a

designer can manage between control effort and error. LQR has been applied on

aircraft in [12–15]. In [12, 13], LQR has been applied for longitudinal motion

control of F-16. It has been shown through simulations that LQR provides good

performance and robustness against external disturbances. In [14], LQR has been

used for pitch control of general aviation airplanes and a comparison has been made

with PID controller regarding time domain specifications. Genetic Algorithm (GA)

is used for finding optimal parameters and for reducing the time of tuning. LQR

proved to be better than PID concerning settling time ts, percentage overshoot

%OS, and steady-state error. But in terms of rise time tr, PID is better. So

the overall performance specifications of LQR is better. However, this technique

is unconstrained and provides infinite horizon optimal control. Besides, model

uncertainties and non-linearity may cause robustness issues.

LQG is a combination of LQR for state feedback controller and Kalman filter for

optimal observer. It has all the pros and cons of LQR; besides it is an optimal

controller for non-linear systems as well. In [16–18], LQG has been applied over

aircraft. LQR provides optimality in performance and the Kalman filter provides

optimal estimation in the presence of process noise and disturbance. Hence, suit-

able for applications where noise and disturbance reduce performance. In [16], a

comparison has been made between LQR and LQG based on step response. Re-

sults showed that LQR gives better performance in the absence of noise and dis-

turbance. However, when we include process noise and disturbance in the model,

LQG gives better results because of the optimal estimation of the Kalman filter

in the presence of noise.

H∞ is a robust control scheme providing robust stabilization of the plant with
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unstructured uncertainty. H∞ has been applied in [19–21] and in [22] a compar-

ison has been made with LQG for longitudinal (pitch angle) control of combat

aircraft, proving that H∞ is a better controller than LQG in terms of performance

specifications. The performance of H∞ controller requires the plant model to be

good. Mathematical understanding of a high level is also required. The success

rate depends upon the choice of weight functions.

Sliding mode control (SMC) is a non-linear robust controller in which model pa-

rameter variations and disturbances don’t affect the performance [23]. It is used

to enforce the non-linear system towards normal behavior by altering the dynam-

ics. Sliding Mode Control has been applied in [24–27] over aircraft for improving

performance. In [23], SMC and integral SMC have been applied over F-18 fighter

aircraft for tracking pitch angle and pitch rate at a high angle of attack. Controller

performance has been evaluated based on transient response. Simulation results

showed that SMC gives quite good tracking and performance.

1.5 MPC

MPC (Model Predictive Control), as is evident from its name, makes predictions

about future states (finite horizon) based on current information. It finds the

optimal control trajectory by minimizing some cost function. This optimization

under constraints needs to be done within a certain time limit. It applies only to

the first input and discards the others. After that prediction horizon shifts, one

step ahead, and the same procedure is repeated after each sampling interval. Since

MPC computes optimal control input after every sampling interval, this technique

adopts online computation. MPC is the most popular control scheme in the in-

dustry after PID [7] because of many advantages e.g., constrained optimization,

finite-horizon control, and transient & steady-state response improvement. There

is no comparative study of MPC with other controllers on aircraft. However, a

comparison of MPC with LQR, H∞, and m-synthesis has been made in [28] over

a compliant link mechanism for controlling position and vibration suppression.

Simulation results showed that MPC gives better results as compared to other

control techniques for the given performance specifications.
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Figure 1.12: General MPC Block Diagram

MPC is used here in this research because it is a well-known technique in many

industrial applications e.g., process industry, chemical plants, etc. The major

advantages of MPC are

• Handle Constraints

• Handle MIMO systems

• Preview Capability

• Provides an optimal solution

• The designer has freedom of management between control effort and error

by tuning the weighting factors

The general model for MPC and a tracking result are shown in Figure 1.12 and

Figure 1.13 respectively.

Certain terms are commonly used for any MPC formulation. The terms are defined

as:

• Moving Horizon Window: This defines the number of future time steps

used to predict the model of the system. It starts with the current time step
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Figure 1.13: Simulation Results for Tracking

to the time step defined by the prediction horizon. Since the current time

always changes this window is always moving.

• Prediction Horizon: This defines the number of future time steps. This

is used to calculate the response of the system in the future based on the

current states and inputs of the system. Usually, the prediction horizon

remains fixed, however, sometimes the designer prefers to use a variable

prediction horizon. The prediction horizon is defined by the variable N in

this research. The length of the Moving Horizon Window and Prediction

Horizon are the same.

• Current State: Current state shows the value of the state in current time.

This is usually defined by the variable X(k) or xk, where k is used to denote

the current time step.

• Prediction Model: The prediction model is the extension of the system

model for the prediction horizon. The MPC controller uses a prediction

model instead of a simple model to find the optimized control sequence.
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• Objective Function: The MPC problem finds the optimal sequence by

minimizing a function of states or inputs or a combination of both. This

function is called the objective function. Usually, the objective is to minimize

the squared error or squared input in this research.

Various versions of MPC controllers are available these days. The main difference

between all these variations is the system model used. In the early formation

of MPC, the Finite impulse response (FIR) and step response model were used.

These types of models were limited to stable systems only. This problem was then

solved by the use of the transfer function model which can be used for both stable

and unstable plants. However, the transfer function model was limited to SISO

systems and ineffective for MIMO systems. This problem was then solved by using

the state-space model in MPC, which is named the linear MPC model these days.

Linear MPC can be used for both stable and unstable plants and it can be used

for MIMO systems. With increasing computational capacity, the use of non-linear

models in MPC is getting popular which is called non-linear MPC (NMPC). The

details of linear and non-linear MPC are given as:

1.5.1 Linear MPC

Given a discrete-time linear plant with a state-space model given as:

xpxpxp(k + 1) = Apxpxpxp(k) +Bpupupup(k) (1.28)

yyy(k) = Cpxpxpxp(k) (1.29)

The state space model can be augmented with an integrator to eliminate steady-

state error. For that, the system will be like

∆xpxpxp(k + 1) = Ap∆xpxpxp(k) +Bp∆upupup(k) (1.30)

ypypyp(k + 1) = ypypyp(k) + CpAp∆xpxpxp(k) + CpBp∆upupup(k) (1.31)
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Augmenting eqn (1.30) and eqn (1.31), we have

xaxaxa(k+1)︷ ︸︸ ︷∆xpxpxp(k + 1)

ypypyp(k + 1)

 =

Aa︷ ︸︸ ︷ Ap 0

CpAp 1


xaxaxa(k)︷ ︸︸ ︷∆xpxpxp(k)
ypypyp(k)

+

Ba︷ ︸︸ ︷ Bp

CpBp

∆upupup(k) (1.32)

yayaya(k) =

Ca︷ ︸︸ ︷[
0 1

] xaxaxa(k)︷ ︸︸ ︷∆xxx(k)
yyym(k)

 (1.33)

Future state variables for prediction horizon P and control horizon N are calcu-

lated as

xaxaxa(ki + 1/ki) = Aaxaxaxa(ki) +Ba∆upupup(ki) (1.34)

xaxaxa(ki + 2/ki) = Aaxaxaxa(ki + 1) +Ba∆upupup(ki + 1) (1.35)

xaxaxa(ki + 2/ki) = Aa(Aaxaxaxa(ki) +Ba∆upupup(ki)) +Ba∆puuu(ki + 1) (1.36)

xaxaxa(ki + 2/ki) = A2
axaxaxa(ki) + AaBa∆upupup(ki) +Ba∆upupup(ki + 1) (1.37)

Defining equation for the general term at P prediction horizon

xaxaxa(ki+P/ki) = AP
a xaxaxa(ki)+A

P−1
a Ba∆upupup(ki)+· · ·+AP−CBa∆upupup(ki+N−1) (1.38)

Defining prediction output and future control inputs in vector form

YaYaYa =
[
yayaya(ki + 1/ki) yayaya(ki + 2/ki) yayaya(ki + 3/ki) · · · yayaya(ki +Np/ki)

]T
(1.39)

∆U∆U∆U =
[
∆upupup(ki/ki) ∆upupup(ki + 1/ki) · · · ∆upupup(ki +Nc − 1/ki)

]T
(1.40)
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Output prediction model will become

YYY = Fxxx(ki) + Φ∆U∆U∆U (1.41)

where

F =



CaAa

CaA
2
a

CaA
3
a

...

CaA
P
a


(1.42)

Φ =



CaBa 0 0 · · · 0

CaAaBa CaBa 0 · · · 0

CaA
2
aBa CaAaBa CaBa · · · 0
...

...
...

. . .
...

CaA
P−1
a Ba CaA

P−2
a Ba CaA

P−3
a Ba · · · CaA

P−N
a Ba


(1.43)

Assuming that the data vector that contains the set point information is

RRRref =

P︷ ︸︸ ︷[
1 1 · · · 1

]T
r(ki) (1.44)

We define the cost function as

J = (RRRref − yayaya)
T (Rref − yayaya) +∆U∆U∆UT R̄∆U∆U∆U (1.45)

From equation (3.5)

J = (RRRref − Fxxx(ki)− Φ∆U∆U∆U)T (RRRref − Fxxx(ki)− Φ∆U∆U∆U) +∆U∆U∆UT R̄∆U∆U∆U (1.46)

Rearranging
J = (RRRref − Fxxx(ki))

T (RRRref − Fxxx(ki))− 2∆U∆U∆UTΦT (RRRref − Fxxx(ki))

+∆U∆U∆UT (ΦTΦ + R̄)∆U∆U∆U

Then, constraints are defined in three different forms

• Constraints on incremental inputs ∆u
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∆u∆u∆umin ≤∆u∆u∆u(k) ≤∆u∆u∆umax

• Constraints on Inputs u

uuumin ≤ uuu(k) ≤ uuumax

• Constraints on output y

yyymin ≤ yyy(k) ≤ yyymax

Since the control problem is in the form of ∆u, all of the constraints are then

converted to ∆u, which will take the form

−C2∆U∆U∆U ≤ C1uuu(ki − 1)−UUUmin (1.47)

C2∆U∆U∆U ≤ −C1uuu(ki − 1) +UUUmax (1.48)

−I∆U∆U∆U ≤ −∆U∆U∆Umin (1.49)

I∆U∆U∆U ≤∆U∆U∆Umax (1.50)

−Φ∆U∆U∆U ≤ −YYY min + Fxxx(ki) (1.51)

Φ∆U∆U∆U ≤ YYY min − Fxxx(ki) (1.52)

Combining them


M1

M2

M3

∆U∆U∆U ≤


N1

N2

N3

 =⇒ M∆U∆U∆U ≤ γ (1.53)

The closed-loop model of the system will be as in Figure 1.14.
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Figure 1.14: Linear MPC Closed-loop Model

1.5.2 Non-linear MPC

The NMPC uses the non-linear model of the system, which is represented as

xxxnp(k + 1) = f(xxxnp(k),uuunp(k)) (1.54)

Where f is used to denote the non-linear function of the model. The prediction

model for the non-linear system is found by repeating the equation 1.54 with the

value of k from 1 to N .

The necessary condition assumed to find the feedback control law is that there

exists an equilibrium state xxx∗ ∈ XXX which would be referenced in this problem.

This follows that there exists a control input u∗ ∈ U such that

xxxm∗ = f(xxxm∗,uuum∗) (1.55)

The MPC law reduces the cost function which is defined as the norm of the devia-

tion of the state from the reference state (i.e., error) and/or the norm of the input.

The cost function usually involves tuning matrices for states and controlling effort.
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These matrices are a trade-off between fast response and low control effort. The

non-linear cost function is represented by l and is defined as

min
ui

l(xxxi,uuui) =
N−1∑
i=1

eeeTi Qeeei + uuuTi Ruuui (1.56)

We required that for the system at state xxx∗, we need a control input uuu∗ for staying

at that state. This requires the cost function to be zero at the equilibrium point

and a positive value otherwise. This is represented as

l(xxx∗,uuu∗) = 0 (1.57)

and

l(xxxi,uuui) > 0 for xxxi ̸= xxx∗ (1.58)

The NMPC law is subject to constraints

xxxnp(k) ∈XXX (1.59)

uuunp(k) ∈ UUU (1.60)

WhereXXX and UUU are admissible sets for states and control inputs. The NMPC can

used as an algorithm for a given cost function l and a given prediction horizon N .

The algorithm is given as

1. Find the value of current state xxxnp ∈XXX and current input uuunp ∈ UUU .

2. Solve the non-linear optimal control problem given by equation 1.61 for the

given constraints given in equations 1.55,1.59, and 1.60 and find the optimal

control sequence uuu∗ ∈ UUU .

3. Use the first value of optimal control sequence uuu∗0 ∈ UUU and repeat the process

from step 1.

In theory, many variants of NMPC are also available. Depending upon the ap-

plication, the control designer chooses different MPC variants. The algorithm
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discussed above is to track a constant reference (i.e., xxxref = const). One variant

of MPC is the reference varying with time which has a trajectory to follow instead

of a constant value. Now the cost function “l” would be a time-varying function,

and the tracking of the reference trajectory would require l to be zero.

Another variant of NMPC is to include terminal constraints in the cost function.

The cost function then becomes:

min
uuui

l(xxxi,uuui) =
N−1∑
i=1

(eeeTi Qeeei + uuuTi Ruuui) + eeeTNQeeeN (1.61)

The condition for the terminal constraint is also the same as for other state con-

straints. Another variation could be to use weights on different states and control

inputs.

1.5.3 MPC with State Estimation

The fighter aircraft contains immeasurable states. That’s why the controller needs

a modification by including a state estimator in the feedback path. The general

block diagram with a state estimator in the feedback path looks like Figure 1.15.

The estimator estimates the non-linear states of the system from noisy information

and in the presence of external disturbances. The open-loop system will be of the

form

xxxnp(k + 1) = f(xxxnp(k),uuunp(k), d(k)) (1.62)

yyy(k + 1) = g(xxxnp(k),uuunp(k), d(k)) (1.63)

The disturbances d can be additive or multiplicative or a combination of both. An

estimator finds the best estimation from available noisy data. One of the recent

estimator for MPC is the moving horizon estimator (MHE), which is made as an

advancement in the early estimators. However, this research is based on reducing

the computational complexity of MPC. Therefore, MHE is not considered here

due to its high computational demand. This research focuses on the estimation

through low computational methods e.g., Kalman Filter.
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Figure 1.15: General Closed-loop Block Diagram with Estimator

Extended Kalman Filter (EKF) is being widely used for non-linear state estima-

tion. The procedure for EKF includes the linearization of the system, followed

by the state estimation by using the linear Kalman filter equations. The EKF

is the most widely used estimation technique for non-linear systems. However,

this technique has implementation difficulties, and tuning difficulties, and gives

the best approximation for almost linear systems. The major problem with EKF

is that the linearization process may not produce an accurate estimation of the

non-linear model. The estimated error propagates throughout each sampling time

and will give an inaccurate estimation.

The problem with EKF has been resolved with the use of unscented Kalman Filter

(UKF). The UKF samples the non-linear system at several points (called sigma

points). The location and weights of these sigma points are chosen to satisfy the

starting mean and covariance. The UKF finds applications in many non-linear

processes like chemical plants and aircraft.

1.5.4 Disadvantage of MPC

Considering the industrial applications and advancements in model predictive con-

trol (MPC), this research is focused on exploring MPC with due consideration to

robustness. MPC and its variants have been applied to different aircraft, including

civil and military aircraft. It has been applied on F-16 in [29–32] and quite good

and effective responses have been obtained. Although MPC is superior to other
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techniques in many aspects, it has its disadvantages as well. A major difficulty in

MPC is computation complexity, which makes it unrealistic for many applications

i.e., aircraft control, etc. There are many reasons for high computations in MPC,

which are:

• Prediction matrices are of higher order as compared to simple state-space

matrices. Iteratively solving these matrices makes the computations heavy.

Matrices size goes on increasing with increasing perdition horizon.

• Long prediction and control horizon also make the computation complex.

A long control horizon means more decision variables in the optimization

process, which takes more time for calculation.

• Incorporation of constraints also makes the computation heavy.

• The use of fast sampling time also contributes to the computation load.

Since MPC calculates the optimal control input in each sampling interval

hence use of a fast sampling interval leads to more computation burden.

• Computation is also dependent upon the optimization technique used.

The computations required [33] in solving QP for linear MPC for a centralized

controller can be calculated as

N ×
[
2N3

x + 3N2
xNu + 2NxN

2
u +

4

3
N3

u +Nc (Nx +Nu)
2

]
(1.64)

where N is used for the number of time points in the prediction horizon which

is obtained by dividing the prediction horizon by the sampling time, Nx is used

to denote the number of states, Nu for number of control states and Nc for the

number of constraints. The equation (1.64) gives the computations in terms of

double-precision floating point operations in each iteration of the QP solver. For

the F-16 model given in [34], the total number of open-loop states is 15 including

longitudinal as well as lateral states. The total number of inputs of the system is

5. After augmenting with integrators for each state, the number of states would

become 30. Including the actuators in the model, the number of states would

be Nx = 35 and the number of inputs would be Nu = 5. The total number of
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constraints would Nc = 90 including the constraints on states, inputs, and rate

of change of inputs. The sampling time and prediction horizon have been ob-

tained from [30] to be ts = 1msec based on the minimum time constant (less than

τ = 50msec for elevator) and P = 80 (4sec) based on the maximum time con-

stant (greater than τ = 1sec for thrust). The number of double precision floating

point operations would be approximately 4.744× 1010 in each iteration of the QP

solver. This number would be double for single precision floating point operations

and would be approximately 9.488× 1010. Suppose there are 20 iterations in each

sample time, the number of operations per second would be 1.898 × 1015. This

would be approximately 1.898×109 MFLOPS (Millions of single precision floating

point operations per second). The maximum achievable computations by using

supercomputers claimed by Fujitsu Fugaku by year 2020 are 4.42×1011 MFLOPS

[35]. However, the computations required for aircraft control are less than the

computation speed of the fastest processor. The computation requirement for air-

craft will increase for faster systems having shorter sampling times, high prediction

horizon, more number of constraints, and use of non-linear MPC. All of these fac-

tors indicate that there are limitations to the implementation of MPC in real-time

applications involving complex and fast dynamics. However, some modifications

in MPC may reduce the computations to make it real-time implementable for fast

systems like fighter aircraft.

1.6 Conclusion

The need for advanced control techniques with guaranteed stability and efficiency

is the necessity of the modern application i.e., fighter jets. MPC provides both

benefits with the advantage of constraint satisfaction. However, the computational

complexity of the MPC is a hurdle for many applications. There are numerous ways

of reducing the computational effort which involve mathematical reformulation as

well as optimization improvement. These methods will be discussed with their

pros and cons in the next chapters.



Chapter 2

Literature Review

2.1 Introduction

Computational challenge in MPC is the main focus of research these days to make

it real-time applicable in most of the dynamic systems. There are many ways of

reducing computational effort in MPC, they are mainly divided into two categories.

The first one is to process MPC in a way to reduce initial computational cost e.g.,

approximating the MPC model, reducing constraints, reducing horizon length,

etc. The other way is to reduce the optimization time by using computationally

efficient solvers. These computational reduction techniques are listed as

• Reduction of Prediction Horizon

• Simplified System Model

• Explicit MPC

• Warm Start Initialization

• Suboptimal MPC

• Decentralized or Distributed MPC

• Move Blocking

• Constraint Relaxation

• Fast Solver and Hardware Acceleration

29
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• Multirate MPC

• Parametrized Control Policy

• Machine Learning Based Approximations

These ways can be implemented in parallel. However, this research is focused

on prepossessing the MPC, while using the same optimization solver. In [36],

an NN-based MPC approach has been discussed. NN is used to approximate

the nonlinearities and uncertainties of the system, which are further solved by a

nonlinear MPC problem. For optimization, two different methods are used, i.e.,

Mixed Integer Programming (MIP) and Linear Relaxation (RL) methods are used.

A numerical example of an inverted pendulum demonstrates the effectiveness and

computational efficiency of the proposed optimization methods for its real-time

application.

Data-driven MPC (DDMPC) is another approach for reducing the computational

complexity of MPC. This technique relies on the input-output data for the forma-

tion of the MPC problem instead of deriving the mathematical formulation. The

performance of the controller depends on the availability of the data. However,

by increasing the date, the computational complexity also increases. In [37], a

modified approach for data-driven MPC has been proposed which uses fewer sam-

ple points and less number of variables for computational reduction. This scheme

has been verified analytically as well as numerically against computational time

reduction. The computational complexity reduces by around 17% for a prediction

horizon of N = 10 with respect to standard Data Driven MPC. However, the

performance analysis of the proposed controller is not available.

Another approach for increasing the computational efficiency of MPC is Neural

Horizon MPC in [38]. This approach approximates the optimal horizon length

and open loop MPC problem through a Neural Network and computes the op-

timal input based on the approximated model. This method has been applied

on the inverted pendulum and compared with baseline MPC for efficiency. The

computational complexity can reduce up to 48%. However, this technique only

incorporates the state constraints but not input constraints. This scheme also

gives sub-optimal performance.
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In [39] a different approach for achieving computational efficiency of MPC in which

the sampling time and control horizon don’t change. This strategy is called Over-

Lapping Horizon MPC (OH-MPC). The main idea for OH-MPC is to hold the

previous input sequence as long as the new optimized input is not available. While

the controller is performing optimization at each sampling interval, the previously

available input is utilized. Once the controller computes the new input sequence,

the previous input sequence can be discarded and the new input sequence can

be utilized as long as the next updated sequence is unavailable. The controller

holds the previous input and overlaps it with the current input, which is why it’s

called the Overlapping MPC. The performance versus computational efficiency

can be tuned as per requirement. The results show that this scheme reduces the

computational burden by less than 1%.The problem with this scheme is that if the

controller is unable to provide the optimized input for more than one sampling

time, the performance deteriorates, leading to instability. This could result in

disastrous effects in the case of a fast dynamic system i.e., fighter aircraft.

In [40] another approach for reducing the computational burden of the MPC has

been introduced. This method involves finding the optimal meta-parameters (i.e.,

control horizon and event triggering parameter) based on Reinforcement Learning.

The controller first computes these parameters offline and finds the most optimal

solution to the problem in the first step. Then it uses these parameters in online

MPC computations and uses an LQR-based controller while finding this solution.

The results claim that the proposed solution reduces computational burden upto

36% than the standard MPC. This method reduces the computational effort to

some extent for slow dynamic systems but the problem would be with highly

unstable fast dynamic systems i.e., fighter aircraft. This method doesn’t guarantee

the stability of the system as well.

In [41] another way of implementing MPC called Linearized-Trajectory MPC

(LTMPC) is proposed. This method uses a non-linear model of the system and

a non-linear estimator to find the future forecast of the states based on the non-

linear prediction model and previously available input sequence. Based on this

non-linear state information, it linearize the system about the desired trajectory
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and then optimizes the control input sequence using QP and a linearized model.

It utilizes the first input and uses the remaining available sequence in the next

iteration for future prediction of the states. The use of a linear MPC model makes

possible the implementation of MPC in real-time. This has been validated using

HIL-based simulation. However, for fast systems i.e., fighter aircraft, this idea is

tough to implement as there’s a need to linearize the system at each sampling

instant and then optimize the control input based on the prediction model of the

linearized system.

In the paper [42], another way of achieving explicit MPC has been proposed. The

explicit MPC solves the optimization problem for each possible combination of in-

puts, outputs, and their constraints. Then, it utilizes the offline computed control

law in the MPC problem. However, this requires the use of a large memory in

some cases, thus limiting the use of this technique because of memory constraints.

This paper solves this issue by NN-based approximation of the explicit MPC solu-

tion, thus reducing the memory requirements for large systems. This paper claims

to reduce the computational burden by 6%. However, this paper validates the

performance of linear systems and linear MPC. For non-linear MPC this method

doesn’t say anything about the performance or stability. Secondly, this method

is dependent on the NN-based approximation of the controller. Any mismatch,

nonlinearities, and external disturbance may deteriorate the performance. For

applications like fighter aircraft, the performance reduction is not acceptable.

In [43], a Reinforcement Learning (RL) based MPC has been proposed. This

method approximates the MPC problem and cost function and uses this infor-

mation in the online computation of the controller. This method reduces the

online computations by carefully approximating the problem and solving only the

RL-based function during online computation. Although the online computations

can be reduced, however, the optimal performance is dependent on the accurate

approximation of the MPC controller. Any mismatch in the controller model or

external disturbance may affect the controller performance for safety-critical ap-

plications.

In [44] a feedback control strategy is used in place of MPC for the prediction
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Figure 2.1: General Move Blocking Scheme

horizon. It finds different outputs for different values of the inputs and finds the

best based on the least mean square error. Thus reducing the computational effort

by removing the optimization part from the controller. This is called structured

MPC.

Another research area for enhancing computation speed is move-blocking MPC.

Move blocking MPC is an input parametrization technique that reduces the num-

ber of decision variables by fixing them or their derivatives for a few sampling

intervals, thus making blocks as shown in Figure 2.1. The main advantage of us-

ing this scheme is that the physical meaning of parametrized input remains the

same as the original input. Thus hardware implementation also remains straight-

forward.

In [45] different move-blocking schemes with their pros and cons have been re-

viewed. These move-blocking schemes include Input Blocking (IB), Offset Block-

ing (OB), Delta Blocking (DIB, DOB), and Moving Window Blocking (MWB).

IB keeps the value of the input to be constant for a few time steps, but it is

not possible to prove recursive feasibility and stability. OB fixes the offset to

the feedback control for a certain number of times steps. This scheme provides

good closed-loop performance and recursive feasibility, but it doesn’t guarantee
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closed-loop stability. DB fixes the value of the difference between two consecu-

tive inputs uk − uk+1 or offset from a small number for a few steps. This scheme

is also unable to provide closed-loop stability. MWB is time-dependent whereas

the blocking structure is time-varying. This scheme, besides improving closed-

loop performance, provides recursive feasibility and stability. Optimal blocking

positions (called blocking structures) have to be found online in each sampling

interval for optimal performance. Blocking positions are integer values and find-

ing the optimal blocking structure along with a regular MPC problem makes it a

mixed-integer problem (MIP). MIP is non-convex, hence there are no global min-

ima for this problem. Thus solving MIP makes the problem computationally more

complex. So, there’s a need to find schemes to derive optimal blocking structure

without solving MIP.

While considering optimal time-dependent blocking structure, some schemes con-

vert MIP to a simple floating-point problem by finding the blocking structure

separately. In [46] a variable horizon model predictive control scheme has been

proposed in which control horizon length can also be found by solving an opti-

mization problem. To reduce the computational burden for long horizon length

time-varying blocking MPC has been applied. In this scheme, every admissible

blocking structure has been solved using an optimization problem in parallel. The

proposed method provides finite time completion and recursive feasibility despite

disturbances but it is unable to reduce the computational complexity of MPC

because of parallel processing.

In [47] move blocking MPC has been modified by finding the minimum horizon

length and the number of blocks. In this MIP has been solved explicitly for finding

the optimal control horizon and number of blocks used. Then in the next step, a

blocking structure with the maximum region of attraction (ROA) has been chosen

as the optimal blocking structure. However, the problem with this scheme is that

it uses a time-invariant blocking structure. It’s quite probable that the blocking

structure which is optimal in a one-time step may not be optimal in another time

step. Hence this scheme can’t provide the optimal solution.

In [48] time-varying blocking structure has been computed by using an algorithm
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(based upon mean square error). However, this method is unable to provide guar-

anteed stability. The performance of the algorithm also depends upon an initial

guess about input.

In [49] a semi-explicit approach has been proposed for finding the optimal time-

varying blocking structure. The proposed scheme first finds the critical region

for every admissible blocking structure explicitly. Then searches for the critical

region online according to the current state. This scheme reduces computational

complexity while preserving recursive feasibility and stability. However extra com-

putation appears in searching for the critical region online. This complexity grows

with increasing horizon length.

The literature is summarized in Table (2.1). The table shows the disadvantages

associated with the specific computational reduction technique. However, all of

these schemes have been applied to different systems and the resulting simulation

time has been reported. So, it’s not possible to construct a direct computational

comparison between schemes. However, the performance analysis and the dis-

advantages associated with the performance show that to reduce computational

complexity and preserve performance there is a need for the design and applica-

tion of a MPC-based control scheme for reduced computation time and optimal

performance. The designed scheme should also provide closed-loop stability in the

presence of bounded disturbances.

2.2 Problem Statement

Piloting advanced fighter aircraft without advanced flight control is impossible.

The flight control system serves as a medium of communication between the pilot

and the aircraft, interpreting and executing commands of the pilot. Advanced

control is central to modern aircraft and with increasing capabilities, the use of

conventional control schemes is proving less fruitful. MPC provides a better so-

lution in terms of constraint satisfaction and performance. However, the problem

with MPC is a high computation which limits its application. Fighter aircraft have

fast dynamics that require a fast response from the controller. Therefore, it is nec-

essary to find a scheme that will run MPC faster. This research, therefore, targets
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Table 2.1: Literature Survey

Ref Description Drawback

[37] Data Driven MPC Doesn’t guarantee performance

[38] Neural Horizon MPC Doesn’t incorporates input
constraints

[39] Over Lapping Horizon MPC Non-optimal
Unstable

[40] Finds the optimal
meta-parameters based on
Reinforcement Learning

Not Suitable for fast systems

[41] Linearized-Trajectory MPC Linearization at each sampling
instant

[42] NN-based approximation of the
explicit MPC

Doesn’t guarantee performance
or stability for non-linear
systems

[43] Reinforcement Learning (RL)
based MPC

No optimization at each
sampling interval

[44] Structured MPC Removes optimization part of
MPC

[45] Input Blocking (IB)
Offset Blocking (OB)
Delta Blocking (DIB,DOB)
Moving Window Blocking
(MWB)

Uses MIP for finding optimal
blocking structure

[46] Variable horizon optimal
blocking structure
Time-varying blocking structure

Finds optimal by solving all
admissible blocking structures in
parallel

[47] Finds minimum horizon length
and minimum number of blocks
in each iteration

Uses time invariant blocking
structure

[48] Proposed an algorithm for
finding time-varying blocking
structure

Unable to provide guaranteed
stability

[49] Finds critical region for every
admissible blocking structure
explicitly
Searches for optimal region
online

Online search of critical region
affects computations
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the Computationally efficient Model predictive Control design for modern fighter

aircraft with optimal performance during complex maneuvers in the presence of

external disturbances.

2.3 Objectives and Significance

Model Predictive Control has proved to be a very efficient and popular control

technique in various applications. MPC was primarily developed for the petroleum

industry and power plants. The performance of MPC attracted researchers from

other fields e.g., refining, petrochemical, chemical, Pulp & Paper, Air & Gas,

Mining, Food processing, polymer, Furnaces, Automobiles, and Aerospace. Dif-

ferent vendors like Aspen, Honeywell, Adersa, Invensys, and SGS prepared dif-

ferent packages of linear as well as non-linear MPC for different applications of

the above-mentioned fields. Nowadays, MPC is the most widely used technique

in different industries and got the highest impact rating after PID from indus-

try [7]. MPC implementation is still limited to slow processes because of extra

computation. Enhancing computation time in MPC is still a research challenge.

Therefore, research will be the optimal and computationally efficient Model Pre-

dictive control-based design for modern fighter aircraft. MPC has proved to be an

efficient control technique for flight control and carefree maneuvers. The proposed

research will target the development and simulation of novel robust MPC-based

control techniques for modern fighter aircraft and achieve level 1 flying and han-

dling qualities [50, 51] as given in the Appendix. The fighter aircraft to be used

for validating the efficiency of the proposed controller will be the F-16 Fighting

Falcon. The major advantage of using F-16 in research is that its model and pa-

rameters are easily available in the literature and comparison of results is easy.

Deployment of the flight control system on actual aircraft and field trials is not

included in the scope of the project. Several objectives will be achieved during the

project timeline.

1. Analysis of linear and non-linear (6 DOF) mathematical models of fighter

aircraft in MATLAB
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2. Finalization of performance characteristics that will ensure adequate level 1

Flying & Handling qualities

3. Simulation and analysis of existing approaches (LQR) for control of aircraft

4. Application of linear MPC, simulation, and results validation

5. Design and application of a novel control strategy for reduced computation

and optimal performance

2.4 Methodology and Technique

The research procedure and methodology is summarized in Table 2.2.

Table 2.2: Research Methodology

Tasks Sub Tasks Key Deliverables

Literature

survey

Modeling and simulation of

aircraft

Numerical characterization

of level 1 flying and

handling qualities

Review of the controls

applied to the aircraft

Move Blocking MPC

schemes for computational

reduction

Detailed report covering the

chosen mathematical model,

relevant aircraft data,

simulation methodology, gap

analysis of applied control and

numerical values of various

parameters for flying and

handling qualities.

Analysis of

model

State space model of aircraft in

MATLAB

Open-loop simulation and

Model validation

Comparison of results with the

published work

continued...
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Tasks Sub Tasks Key Deliverables

Implementation

of LQR over

linear

state-space

model

LQR design

Simulation and validation of

results

Benchmark

MPC

Mathematical Validation Choice of the cost minimization

algorithm

Mathematical validation of the

derivation for the linear MPC

regulation problem

MATLAB function for linear

MPC regulation problem

Mathematical validation of

Linear MPC Tracking problem

Modification of MPC-based

regulation function according to

the tracking problem

Linear Simulation Implementation of linear MPC

over the linear model

Comparative analysis of

MPC-based results against LQR

controlled/H-infinity

Comparison with the

LQR-controlled model

Novel MPC

Design

Review of previous schemes

Design of novel scheme

Mathematical modeling

Closed loop simulations

Performance Comparison

continued...
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Tasks Sub Tasks Key Deliverables

Novel

Controller

over 6 DOF

Model

Implementation of controllers in

MATLAB over 6 DOF model

Results comparison with linear

MPC-based results

Conference /

Journal

Papers

Write-up

Review

Presentation

Thesis Write-up

Review

Final Defense

2.4.1 Open Loop Simulation Model

The open-loop model of the aircraft at v = 500 ft/s and h = 15000ft is given in

state-space form [34]. Since aircraft control is a complex problem, designing a

single controller for the whole aircraft may lead to a non-optimal solution. For

this reason, it is assumed that aircraft have decoupled motion in longitudinal and

lateral axes named as longitudinal and lateral modes. These models have been

obtained by assuming negligible coupling between the two modes. The longitudinal

decoupled model of F-16 in state-space form is given in the next section.

2.4.1.1 Longitudinal Model

A longitudinal model of the system in state-space form is as

A =



0 500 3.553× 10−10 −500 0 0 0

0 0 0 0 1 0 0

1.074e4 −32.17 −1.321e− 2 −2.669 −1.186 1.565e− 3 3.870e− 2

2.076e− 6 −3.681e− 13 −2.552e− 4 −6.761e− 1 9.392e− 1 −2.48e− 7 −1.437e− 3

9.632e− 12 0 −1.184e− 9 −5.757e− 1 −8.741e− 1 0 −1.188e− 1

0 0 0 0 0 −1 0

0 0 0 0 0 0 −20.20


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B =

0 0 0 0 0 1 0

0 0 0 0 0 0 20.20

T

where states are h, θ, v, α,q,δt and δθ representing height (ft), pitch angle (rad),

longitudinal velocity (ft/s), angle of attack (rad), pitch rate (rad/s), throttle de-

flection (lb), and elevator deflection (deg) respectively. Here, only the longitudinal

model has been considered. The lateral model of the aircraft in closed-loop control

is considered in later chapters.

2.4.2 MPC based Control

MPC is an online control technique that predicts the system’s future behavior

based on current states. MPC solves FHOCP (Finite Horizon Optimal Control

Problem) and finds the optimal control effort for future time steps. Then it applies

only the first input and discards the others. After that shift the prediction horizon

one step ahead and solve the optimization problem again at the next sampling

interval. This process is repeated at each sampling instant, hence called online

computation.

A linear MPC model is used as a benchmark MPC. The linear model used here is

the augmented model of the system with an integrator. The state space augmented

model is defined as

xxxa(k + 1) = Aaxxxa(k) +Baδuuup(k) (2.1)

The output model is defined as:

yyya(k) = Caxxxa(k) (2.2)

Where the subscript a shows the augmented model. The objective is to minimize

error function and the control effort

J = min
δuuu

eeeTi Qeeei + δuuuTi rδuuui (2.3)
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where i denotes the current time step and i = 1 → N . The constraints on the

system are

xxxm(k + 1) = Amxxxm(k) +Bmuuum(k) (2.4)

Where m denotes the model of the system. The inequality constraints are given

as

xxxmin
m ≤ xxxm ≤ xxxmax

m (2.5)

uuumin
m ≤ uuum ≤ uuumax

m (2.6)

∆uuumin
m ≤ ∆uuum ≤ ∆uuumax

m (2.7)

The tuning matrices q and r are defined as

q = eye(nx) (2.8)

r = eye(ni) (2.9)

Where nx denotes the number of states and ni denotes the number of inputs.

2.4.3 Closed-Loop Simulation

2.4.3.1 Performance Characteristics

Performance characteristics required by the system are given in Table 2.3 [34, 52].

2.4.3.2 Closed Loop Model

A closed-loop longitudinal model of the system in Simulink is given in Figure

2.2. The Simulink blocks are mainly S-function for controller implementation,

state-space for aircraft model, and delay functions.
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Table 2.3: Performance Characteristics of Longitudinal Model

Longitudinal Mode

States Constraints Control Objectives

Angle of Attack (α) −20◦ ≤ α ≤ 90◦ 60◦

Control Surface Min. Deflection Max. Deflection Rate

Elevators −25◦ 25◦ 60◦ /sec

Throttle (lb) 1000 19000 1000 lb/sec

Figure 2.2: Closed Loop Simulink Model for MPC

2.4.3.3 Closed Loop Results

Closed loop simulations are performed using linear MPC and a linear model of the

aircraft around the equilibrium point, considering the high angle of attack perfor-

mance specifications. For performing high angle of attack maneuver requirement

for the longitudinal mode is 60° angle of attack at 1 sec and then back to 0°at 6 sec

[52] based on the constraints given Table 2.3. The reference signal is generated

by an impulse block. The Cost matrices chosen are for output angle of attack α,

thrust δt and elevator deflection δe

q =


1 0 0

0 0 0

0 0 0


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Figure 2.3: Pitch Angle tracking using Linear MPC

Figure 2.4: Elevator Control Deflection for Linear MPC

r =

1 0

0 1


The main reason for choosing values of Q corresponding to the states δt and δe are

to free the control deflection so that it can attain maximum deflection if necessary.

Closed-loop response to 60
◦
rectangular reference input in the angle of attack α is

given in Fig (2.3), control surface deflections in Figure 2.4-2.5.

The Figures 2.4-2.5 show that the designed controller provides good performance.
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Figure 2.5: Thrust Control input for Linear MPC

It gives settling time of about 1.5 sec for 60
◦
angle of attack while maintaining

the control input constraints.

2.4.4 Discussion on Results

Simulation is performed to test the controller’s efficiency against other schemes

and to compare the results against already published work. In [53] the high angle

of attack maneuver is performed by using SMC (Sliding Mode Controller), which

provides a good reference for fast maneuvers. Simulation results show that MPC

provides better performance in terms of time domain specifications , e.g., rise

time, settling time, etc. The performance of MPC is quite good as it achieves

a settling time of 1.5 sec for 60° angle of attack while in [53] settling time is

around 4sec. The main reason behind this fast response is that MPC makes the

best utilization of control surfaces while maintaining the constraints. In other

controllers, constraints are dealt with by changing the tuning parameters. In

those controllers, it’s probable that the controller prevent the elevators from full

deflection by tightening the tuning parameters or the controller may require from

the elevators to deflect more than their capacity because of choosing low values

of tuning parameters. However, MPC enforces constraints by design which not
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only provides optimal performance but also reduces the pilot’s effort in carefree

maneuvering.

2.5 Applications

This research project is based on theoretical as well as practical applications. The

major aim of the project is to provide a computationally efficient MPC controller

for aircraft control. MPC provides the best solution in terms of optimal perfor-

mance and constraint satisfaction. However, MPC is not suitable for high-speed

systems because of computational complexity. Although modern controllers solve

the high computational problem easily, for applications like fighter aircraft faster

response is required. A lack of desired response will lead to a catastrophic disaster.

This research is focused on the high-speed response to the MPC problem which

will be directly implementable on fighter aircraft.

Additional benefits:

Pakistan has developed its own UAV’s like Burraq, Satuma Jasoos II, Satuma

Mukhbar, Ababeel Aerial drone, and GIDS Shahpar, etc., for reconnaissance,

surveillance, and strike. The design of an advanced controller is also a challeng-

ing task in UAVs. In addition to the control of fighter aircraft, this technique is

equally useful for designing an optimal controller for guidance and performance

improvement of UAVs. Control algorithms being pursued in this research can also

be extended to indigenous missile and space systems being developed by various

organizations.

2.6 Contributions

The proposed solution to the problems discussed in the literature survey and the

contribution of the current research are summarized as follows:

• We proposed time-varying faults during complex maneuvers of fighter air-

craft and an algorithm for fault detection and fault control.
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• We proposed an LQR-based optimal blocking scheme for MPC for compu-

tational reduction of MPC.

• An NN-based computationally efficient offset-free NMPC is proposed.

• A computationally efficient NN-based offset-free scenario-based NMPC is

proposed.

2.7 Conclusion

Many researchers in the modern era have tried to solve the computational disad-

vantage of MPC. All of the computational reduction techniques have their limita-

tions along with computational advantages. For applications like fighter aircraft,

the performance can’t be compromised. So, there’s a need to find an optimal

solution along with computational efficiency. The next chapter discusses the ap-

plication of linear MPC for high angle of attack maneuver control of fighter aircraft

along with limitations due to aerodynamic forces.



Chapter 3

Fault-Tolerant Control of Fighter

Aircraft using MPC

3.1 Introduction

In flight control, the aircraft may encounter different types of faults. The faults

include actuator fault and sensor fault [54]-[55]. This research focuses on the

actuator fault. The actuator fault can further be categorized as a permanent and

temporary fault. The permanent fault is also known as the permanent jamming

or stuck fault. In this fault, the actuator gets stuck in a certain position and

the aircraft is unable to recover from this fault. This fault can be catered to

by redefining the reference command and utilizing other control surfaces. The

temporary fault is also known as temporary jamming or stall load. In this type

of fault, the aircraft can’t achieve full deflection of the control surfaces while

performing complex maneuvers due to high aerodynamic forces. The original

control limits can be recovered after the maneuver [56, 57]. This type of fault

is commonly encountered in most fighter aircraft and will be the focus of the

research.

In temporary fault or stall load, it is common practice in the literature to assume

that control surfaces can’t deflect above the reduced fixed limit. However, in ac-

tuality, this is not true. In a real environment, the stuck position may not be fixed

and may change with time or with the increasing complexity of the maneuver. So,

48
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Figure 3.1: Categories of Faults

this research is focused on time-varying faults. The types of faults are summarized

in Figure 3.1

Various control techniques are available in the literature that guarantee robust-

ness as well as optimality for fighter aircraft. Most of the techniques have been

employed for fault-tolerant control efficiently [58–61]. The control techniques that

we can apply include PID (Proportional Integral Derivative) control, EA (eigen-

structure Assignment), LQR (Linear Quadratic Regulator) control, MPC (Model

Predictive Control), LQG (Linear Quadratic Gaussian) control, H∞ control, and

SMC (Sliding Mode Control). This research is focused on the use of MPC as it can

handle constraints by design and has a proven record of handling faulty scenar-

ios [60, 62–65]. MPC, for handling faults, applies reconfiguration at the actuator

limits for fault tolerance.

MPC can’t handle faults until it gets some information about when the fault

arises and what is the new control limit of the actuator. This information can

be provided by a fault detection (FD) block working in parallel with the control

block. The fault detection block actively monitors the timing and control limits of



Fault-Tolerant Control of Fighter Aircraft using MPC 50

the fault and informs the controller to apply reconfiguration. The integration of

FD and MPC along with guaranteed fault tolerance has been studied in [66, 67].

Different fault detection algorithms exist in the literature. In this research, the

root mean square value of the mean deviation from the original control limit is

calculated. The fault detection module also provides information about the end

of stall load so that the controller may reconfigure for original control limits [68].

The rest of the chapter is organized as follows: Section 3.2 describes the fighter

aircraft model. In section 3.3, the linear MPC controller has been discussed.

Section 3.4 details the fault detection algorithm and interaction with the MPC

controller. Section 3.5 gives the simulation results for the proposed time-varying

fault-tolerant scheme. Section 3.6 gives the conclusions and future work.

3.2 Aircraft Model

The open-loop model of the aircraft at v = 500 ft/s and h = 15000ft is given

in state-space form [69]. Since aircraft control is a complex problem, designing a

single controller for the whole aircraft may lead to a non-optimal solution. For

this reason, it is assumed that aircraft have decoupled motion in longitudinal

and lateral axes named longitudinal and lateral modes. These models have been

obtained by assuming negligible coupling between the two modes. The longitudinal

decoupled model of F-16 in state-space form is given as:

3.2.1 Longitudinal Model

A longitudinal model of the system in state-space form is as

A =



0 500 3.553e− 10 −500 0

0 0 0 0 1

1.074e4 −32.17 −1.321e− 2 −2.669 −1.186

2.076e− 6 −3.681e− 13 −2.552e− 4 −0.6761 0.9392

9.632e− 12 0 −1.184e− 9 −0.5757 −0.8741



B =

0 0 1.565e− 3 −2.48e− 7 0

0 0 3.87e− 2 −1.437e− 3 −0.0188

T
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where states are h, θ, v, α, q, and inputs δt and δθ representing height (ft), pitch

angle (rad), longitudinal velocity (ft/s), angle of attack (rad), pitch rate (rad/s),

throttle deflection (lb) and elevator deflection (deg) respectively.

3.2.2 Actuator Model

The actuator model used in F-16 is given as

A =

−1 0

0 −20.20



B =

1 0

0 20.20


Where states are the same as the inputs of the aircraft model and the inputs are

the control inputs for the throttle and elevator respectively.

3.3 MPC

MPC is an online control technique that predicts the future behavior of the system

based on current states. MPC solves FHOCP (Finite Horizon Optimal Control

Problem) and finds the optimal control effort for future time steps. Then it applies

only the first input and discards the others. After that shift the prediction horizon

one step ahead and solve the optimization problem again at the next sampling

interval. This process is repeated at each sampling instant, hence called online

computation.

3.3.1 MPC Controller Model

The process of MPC is given in [70, 71].

Given a discrete-time linear plant with a state-space model given as

pmbxm(k + 1) = Amxxxm(k) +Bmuuum(k) (3.1)

yyym(k) = Cmxxxm(k) (3.2)
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The state space model can be augmented with an integrator to eliminate steady-

state error. Also, it fulfills the constraints on the rate of change of input. For that,

the system will be like

xxxa(k+1)︷ ︸︸ ︷∆xxxm(k + 1)

yyyp(k + 1)

 =

Aa︷ ︸︸ ︷ Am 0

CmAm 1


xxxa(k)︷ ︸︸ ︷∆xxxm(k)
yyyp(k)

+

Ba︷ ︸︸ ︷ Bm

CmBm

∆uuum(k) (3.3)

ya(k) =

Ca︷ ︸︸ ︷[
0 1

] xxxa(k)︷ ︸︸ ︷∆xxx(k)
yyym(k)

 (3.4)

Defining prediction output and future control inputs in vector form, the output

prediction model will become

YYY = Fxxx(ki) + Φ∆UUU (3.5)

where

F T =

CaAa CaA
2
a CaA

3
a . . .

CaA
P
a

 (3.6)

Φ =


CaBa 0 · · · 0

CaAaBa CaBa · · · 0
...

...
. . .

...

CaA
P−1
a Ba CaA

P−2
a Ba · · · CaA

P−N
a Ba

 (3.7)

We define the cost function as

J = (RRRref − YYY a)
T (RRRref − YYY a) +∆UUUT R̄∆UUU (3.8)

Then constraints are defined in three different forms of the ∆u taking the form


M1

M2

M3

∆UUU ≤


N1

N2

N3

 =⇒ M∆UUU ≤ γ (3.9)
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3.4 Fault Detection (FD) Algorithm

The fault detection module works by finding the root mean square of the error

in elevator deflection over a certain range of values [68]. The cost function that

determines the fault is given as

Ce =

√
1

dd

∑t

t+1−d

(
δeactual − δepredicted

)
(3.10)

Where dd is used to cater to the detection delay. The value of dd is not fixed.

Choosing a low value of dd may lead to a false alarm. The high value of dd

caters to detection delays. However, a very high value may also give a fault alarm

after the fault has gone long ago. So, its choice should be such that it caters to

detection delays as well as false alarms. The cost can be further compared to a

certain threshold for the detection of the fault. The fault is detected as

If Ce(t) ≤ Cth
e , The elevator is fault-free (3.11)

If Ce(t) ≥ Cth
e , The elevator has fault (3.12)

Where Cth
e is the threshold value of the error. This value is also a trade-off between

false alarms and detection delays. A very high value may lead to a false alarm

and a low value may not cater for the detection delays. Its value can be found by

getting the root mean squared value of the error in fault-free scenarios.

The fault-detection algorithm works in parallel with MPC as shown in Table 3.1.

Where δfe is the elevator deflection in the event of fault detection and δoe is used

to represent the original limits of the elevator. The variables δ̄e and δe
−

are the

upper and lower bounds, respectively. The delay in time should be large enough

to complete the maneuver.

Thus fault detection module in parallel with the MPC module finds the fault in

the control surface for a specific amount of time. If the fault persists for a certain

amount of time, then the controller reduces the constraint limits. The FD module

continues to look for a fault. When the fault is removed, the controller restores

its original limits.
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Table 3.1: Fault-Detection Algorithm

Sq FD MPC

1 Check Ce

if Ce(t) ≤ Cth
e

The elevator has no fault

Else if Ce(t) ≥ Cth
e

Fault Detected

2 If Fault Detected

while t < t+ delay

if the fault on the upper bound

δ̄e = δfe − γ

if the fault on the lower bound

δe
−
= δfe + γ

end

3 At t ≥ t+ delay

if the fault on the upper bound

δ̄e = δfe + α

if the fault on the lower boundδe
−
=

δfe − α

end

4 If
∣∣δe − δfe

∣∣ ≤ α

Stall load active

Goto step 2

else: Stall load ended

continued...
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Sq FD MPC

5 Restore original bounds

δ̄e = δoe

δe
−
= δoe

3.5 Closed-Loop Simulations

3.5.1 Closed-loop Formulation

The proposed algorithm is tested in Matlab Simulink for validation. A linear model

of the aircraft and linear MPC is considered for simulation. The fault-detection

module works in parallel with the MPC module. It signals the MPC module for

reconfigurations in case of a faulty scenario. The FD module keeps on checking

the controller output as well as the actuator’s physical parameters. In case of

any fault, it signals the controller to adjust limits. The reference for command

for controller is to perform high angle of attack maneuver i.e., α = 60◦ MPC and

FD module is implemented in closed-loop formulation as shown in Figure 3.2. For

implementing faults in simulation, a saturation block is used in which the control

limits vary with time.

The closed-loop results become better because of this parallel combination. In

closed loop simulations, the FD block detects any failure in control surface based

on its commanded value and original value. If difference persists for a certain

amount of time, the FD block suggest for reduced control limit in upper or lower

bound based on the fault. The controller then perform online optimization based

on reduced limits thus giving better performance.
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Figure 3.2: Block Diagram with Fault Detection Module

Figure 3.3: Closed-Loop α Tracking without FD

3.5.2 Closed-Loop Results

The closed-loop results of MPC have been compared with and without fault-

detection modules. The results without the FD module are given in Figure 3.3.

The control effort for achieving α without the FD module is given in Figure 3.4.

The angle of attack tracking for closed-loop system after inclusion of FD module

is given in Figure (3.5).
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Figure 3.4: Elevator Deflection without FD

Figure 3.5: Closed-Loop α Tracking with FD Module

The corresponding control effort is given in Figure 3.6.

3.5.3 Discussion on Results

The results from closed-loop results indicate that the closed-loop results for MPC

are quite efficient with and without the FD module. However, tracking can be

improved by including the FD module in parallel with the MPC module as is clear

from Figure 3.3 and Figure 3.5. The rise time, settling time, and overshoot for

tracking in the presence of the FD module is better than without the FD module.
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Figure 3.6: Elevator Deflection with FD

The rise time, settling time, and percentage overshoot for using MPC without

fault detection module is given as

tr = 1.30s

ts = 3.00s

Mp = 8.3%

These parameters for MPC with fault detection module are given as

tr = 1.20s

ts = 2.50s

Mp = 3.3%

3.6 Conclusion

In modern fighter aircraft, the main emphasis of the designer is on increasing ma-

neuverability. The fast maneuvers suffer from heavy aerodynamic forces on their

control surfaces. An MPC controller caters to the input constraints. However, it

can’t cater to faults produced by strong aerodynamic forces that occurred dur-

ing the maneuvers. The faults can be catered for using reconfigurable MPC and

FD modules working in parallel. The closed-loop simulation results show that

the maneuver can be improved by combining the FD module with reconfigurable
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MPC. FD module intimate about the occurrence of the fault to the MPC and

MPC reconfigures its setting according to the fault scenario. This technique has

an advantage over other fault detection techniques that it considers time-varying

faults, while other techniques consider time-invariant faults.

The main limitation of the proposed method is that the FD module works in

parallel MPC, and adjusts the controller in each sample time. Thus, it increases the

computational complexity of the controller. The other limitation is that different

variables in the FD module have been selected on a trial and error approach which

is time-consuming and non-optimal. Also, this method is tested in simulations

only, physical validation of the proposed algorithm is beyond the scope of the

research.

Future work includes the finding of different variables in the FD module in a

systematic way. FD algorithm can also be improved according to time-varying

faults. MPC itself is computationally complex. The working of MPC in parallel

with FD makes the simulations slower. So, different techniques can be employed

to make the MPC work faster. Physical validation can also contribute to the

validation and improvement of the proposed algorithm.



Chapter 4

LQR-based Optimal Blocking

Strategy

4.1 Introduction

MPC is quite efficient in reference tracking and constraint handling but inefficient

from a computational point of view. The computational burden limits the appli-

cations of the MPC for slow dynamic systems with a few number of states. There

are many reasons for high computations in MPC, which are:

• Prediction matrices are of higher order as compared to simple state-space

matrices. Iteratively solving these matrices makes the computations heavy.

Matrix size increases with the increasing perdition horizon.

• Long prediction and control horizons also make the computation complex.

A long control horizon means more decision variables in the optimization

process, which takes more time for calculation.

• Incorporation of constraints also makes the computation heavy.

• The use of fast sampling time also contributes to the computation load.

Since MPC calculates the optimal control input in each sampling interval,

hence use of a fast sampling interval leads to a greater computation burden.

• Computation is also dependent upon the optimization technique used.

60
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Table 4.1: Blocking Inputs

u0 u1 u2 u3 u4 u5 u6 u7 u8 u9

û0 û1 û2 û3

Over the years, scientists have been working on reducing the computational com-

plexity of the MPC in both offline as well as online manner. These ways include

changing the optimization strategy as well as changing the MPC model. One re-

search area for enhancing computation speed is blocking MPC. The blocking MPC

is an input parametrization technique that reduces the number of decision vari-

ables by fixing them or their derivatives for a few sampling intervals, thus making

blocks as shown in Table 4.1. The main advantage of using this scheme is that

the physical meaning of the parametrized input remains the same as the original

input. Thus hardware implementation also remains straightforward.

In [72] different blocking schemes with their pros and cons have been reviewed.

These blocking schemes include Input Blocking (IB), Offset Blocking (OB), Delta

Blocking (DIB, DOB), and Moving Window Blocking (MWB). IB keeps the value

of the input to be constant for a few time steps, but it is not possible to prove

recursive feasibility and stability. OB fixes the offset to the feedback control for a

certain number of times steps. This scheme provides good closed-loop performance

and recursive feasibility, but it doesn’t guarantee closed-loop stability. DB fixes

the value of the difference between two consecutive inputs uuuk−uuuk+1 or offset from

a small number for a few steps. This scheme is also unable to provide closed-loop

stability. MWB is time-dependent whereas the blocking structure is time-varying.

This scheme, besides improving closed-loop performance, provides recursive feasi-

bility and stability. Optimal blocking positions (called blocking structures) must

be found online in each sampling interval for optimal performance. Blocking posi-

tions are integer values and finding optimal blocking structure along with a regular

MPC problem makes it a mixed-integer problem (MIP). MIP is non-convex, hence

there are no global minima for this problem. Thus solving MIP makes the prob-

lem computationally more complex. So, there’s a need to find schemes to derive

optimal blocking structures without solving MIP.
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While considering optimal time-dependent blocking structure, some schemes con-

vert MIP to a simple floating-point problem by finding the blocking structure

separately. In [73] variable horizon model predictive control scheme has been

proposed in which control horizon length can also be found by solving an opti-

mization problem. To reduce the computational burden for long horizon length

time-varying blocking MPC has been applied. In this scheme, every admissible

blocking structure has been solved using an optimization problem in parallel. The

proposed method provides finite time completion and recursive feasibility despite

disturbances but it is unable to reduce the computational complexity of MPC

because of parallel processing.

In [74] move blocking MPC has been modified by finding the minimum horizon

length and the number of blocks. In this MIP has been solved explicitly for finding

the optimal control horizon and number of blocks used. Then in the next step, a

blocking structure with the maximum region of attraction (ROA) has been chosen

as the optimal blocking structure. However, the problem with this scheme is that

it uses a time-invariant blocking structure. It’s quite probable that the blocking

structure that is optimal in a one-time step may not be optimal in another time

step. Hence this scheme can’t provide the optimal solution.

In [75] time-varying blocking structure has been computed by using an algorithm

(based on mean square error). However, this method is unable to provide guar-

anteed stability. The performance of the algorithm also depends upon an initial

guess about the input.

In [76], a semi-explicit approach has been proposed for finding the optimal time-

varying blocking structure. The proposed scheme first finds the critical region

for every admissible blocking structure explicitly. Then searches for the critical

region online according to the current state. This scheme reduces computational

complexity while preserving recursive feasibility and stability. However extra com-

putation appears in searching for the critical region online. This complexity grows

with increasing horizon length. To reduce computational complexity and to pre-

serve performance there is a need for the design and application of a scheme that

computes time-varying optimal blocking structure based on current states online.
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The designed scheme should also provide closed-loop stability in the presence of

bounded disturbances.

A different blocking scheme is proposed in this chapter which benefits from the

optimal behavior of LQR and makes the blocking structure accordingly. The

proposed scheme solves the infinite horizon LQR problem offline to get the optimal

inputs over the entire simulation period. Based on these inputs it then finds the

difference between consecutive inputs and compares it with a threshold value. If

the difference between two consecutive values is less than the threshold value then

it blocks the input, otherwise doesn’t block it. The number of blocked variables

doesn’t remain fixed over the horizon but changes according to the behavior of the

input, hence providing a time-varying blocking strategy.

MPC has many applications in the control field, and it has already been applied

to many applications. This chapter focuses on the application of the MPC for fast

dynamic systems. In [77], MPC has been applied to F-16 aircraft for perform-

ing high Angle of Attack Maneuvers in the presence of external disturbances and

uncertainties. However, the computational complexity limits the real-time appli-

cation of the MPC for these applications. This chapter focuses on the application

of the proposed scheme for fast dynamic systems i.e., aircraft.

The rest of the chapter is as follows. The basic formation of MPC and blocking

MPC is given in section 4.2. An LQR-based optimal blocking strategy for com-

putationally efficient MPC is given in section 4.3. The proposed control scheme

is applied to a Cessna aircraft in section 4.4. The concluding remarks and future

directions are given in section 4.5.

4.2 Blocking MPC Problem

Model Predictive Control (MPC) is a model-dependent controller. Based on the

model of the system, MPC can be categorized as a linear or non-linear controller.

Linear MPC [78] makes predictions of the system by using the discrete linear

model

xxxm(k + 1) = Amxxxm(k) +Bmuuum(k) (4.1)
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yyym(k) = Cmxxx(k) +Dmuuu(k) (4.2)

The idea of blocking MPC is to solve the MPC problem for a reduced number

of control inputs and a reduced number of constraints in each iteration. The

MPC solves the optimization problem for a fixed horizon in the future for the cost

function given

J = min
∆uuu(i)

N−1∑
i=1

(eee(i)T qdeee(i) + ∆uuu(i)T rd∆uuu(i)) + eee(N)T qdeee(N) (4.3)

where eee(i) = xxxm(i)−xxxref , and xxxm, yyym follow equation (4.1). The variables qd and

rd are the tuning variables for the state and input. These variables are mostly the

diagonal variables. The state and input constraints are defined as

xxxmin ≤ xxxm(k) ≤ xxxmax

∆uuumin ≤ ∆uuum(k) ≤ ∆uuumax
(4.4)

Where xxxmin and ∆uuumin are the lower limits of the states and change in inputs,

respectively. While xxxmax and ∆uuumax are the upper limits of the same.

The MPC problem solves the optimization problem in equation (4.3) at each sam-

ple time to find the optimal values of the control inputs uuui. However, in the case

of blocking MPC, the control variables are reduced by a blocking matrix T , which

fixes the values of the control variable for a few time steps. The transformed input

vector is then obtained by

∆UUU =
[
∆uuu(1) · · · ∆uuu(N − 1)

]T
= (T ⊗ Im)

[
∆ûuu(1) · · · ∆ûuu(M − 1)

]T (4.5)

where Im is the identity matrix of order m, m are the number of inputs of the

system. N is the horizon length, M is the reduced length and M < N . The sign

⊗ is the Kronecker product.

The efficiency of the blocking MPC is dependent on the blocking matrix T . There

are various ways in the literature to find the blocking matrix. This research is

focused on an optimal time-varying blocking structure based on offline LQR com-

putations.
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4.3 LQR-based Optimal Blocking MPC

This section focuses on the optimal way of finding the blocking matrix. Other

than making it optimal, the other concern is to make the blocking time-varying

(moving window blocking) to guarantee stability. The steps involved in finding

the blocking matrix are given:

• Assumption: The desired trajectory is known

• For the system model in equation (4.1), solve the unconstrained LQR prob-

lem [79] using the augmented model (4.6)

xxxm(k + 1)

eee(k + 1)

 =

Am 0

Cm 1

xxxm(k)
eee(k)

+

Am

0

uuum(k) +
0
1

RRRref (4.6)

uuu = −KLQR

xxx
eee


• Find the difference between two consecutive inputs for all period

δuuu = uuu(k)− uuu(k − 1) k = 1 −→ ∞

• Find the change (in input) vector and the number of blocked variables

– Define that minimum change eth acceptable for blocking

– Initialize the number of blocked variables to zero (i.e., c = 0)

– Find the change vector

eee(k) = δuuu(k)− δuuu(k + 1) k = 1 −→ t

where t is the total simulation time

– Increment c by 1 if |eee(k)| ≥ eeeth

• Initialize the blocking matrix T

T = zeros(length(t) +N, c+N)



LQR-based Optimal Blocking Strategy 66

and

T (1, 1) = 1

• Set d = 1, for k = 1 −→ length(t)− 1

– if |eee(k)| ≤ eeeth

T (k + 1, d) = 1

– else d = d+ 1

T (k + 1, d) = 1

• Discard zero columns in T

After finding the blocking matrix T , the next step is to update the MPC problem.

At every sampling time, take part of T for that horizon only

T1 = T (kk : kk +N − 1, f : f +N − 1)

where f is used for switching to the next column if the first entry in the column

is zero.

columnWithAllZeros = all(T1 == 0)

and

T2 = T1(:,∼ columnWithAllZeros)

and update the MPC problem by

∆uuu = T2 ∆ûuu

4.4 Numerical Example

The designed scheme is tested at an aircraft longitudinal model for pitch control.

The states of the system are

xxxT =
[
α θ q

]
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Table 4.2: Aircraft Limits

Sr Symbol Variable Name Limit

1 θ Pitch Angle 20◦

2 δe Elevator Deflection 15◦

where α shows the angle of attack measured in rad, θ is for the pitch angle in rad,

and q is used for the pitch rate of the aircraft in rad/s. The control input of the

system is elevator deflection δe which is used to control the pitching movement of

the aircraft. Throttle has not been considered in this model. The linear model of

the system at 5000m height and 128.2m/s speed is given [80] as

A =


−1.2822 0 0.98

0 0 1

−5.4293 0 −1.8366



B =


−0.3

0

−17


C =

[
0 1 0

]
D = 0

(4.7)

The limits on the input and output of the system are given in Table 4.2.

The sampling time is 0.1sec for this case, and the horizon length is chosen as 10.

The error threshold eth is chosen as 0.001 here. For now, the error threshold is

defined on a trial-and-error approach. However, in the future, this can be found

systematically depending on the application. The reference input for pitch angle

tracking is 20◦ from 1sec to 7sec and 0◦ otherwise.

The designed new scheme is tested against two different blocking schemes, fixed

blocking and moving window blocking. The fixed blocking scheme is selected as

blocking 3 consecutive inputs. The output response for the fixed blocking scheme

is shown in Figure 4.1. The computation time for this scheme is around 1.7sec.

The output result shows that the control scheme tracks the desired reference with

a good rise time and a little overshoot. The performance parameters for this
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method are given as

tr = 0.90s

ts = 2.10s

Mp = 10%

Then, a moving window-blocking scheme is tested at the same system. Now the

blocking variables are different at each sampling time. However, the pattern is

fixed. This pattern is repeated over a window for guaranteed stability but doesn’t

cater to it if the results are not good. This scheme has the computational advan-

tage over the previous scheme and takes about 1.14 sec. The output response for

this scheme is shown in Figure 4.2. The performance parameters for this scheme

are given as

tr = 0.80s

ts = 1.80s

Mp = 7.5%

The LQR-based optimal control scheme, on the other hand, shows quite a good

response in Figure 4.3. The computational time for this scheme is around 1.13sec.

The rise time and settling time are quite better than the previous schemes and

there’s no overshoot in the system. The response is better at the start as well as

the end of the maneuver. The performance is given as

tr = 0.70s

ts = 0.70s

Mp = 0.5%

A comparison in terms of rise time, settling, and percentage overshoot for different

blocking indicates that the proposed control scheme outperforms the others. The

proposed control scheme reacts quickly, which is required for fast dynamic systems

(indicated in the form of a short rise time). The proposed scheme also gives a

shorter settling time, indicating that the system achieves the desired response

faster with less oscillation. Similarly, a small overshoot in the proposed control

scheme points toward stability and indicates that the system stays within the

limits.
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Figure 4.1: Fixed Blocking MPC Reference Tracking

Figure 4.2: Moving Window Blocking MPC Reference Tracking

The elevator response for performing the desired maneuver for all three schemes

is shown in Figure 4.4-4.6. The elevator’s deflection reacts faster in the proposed

control scheme as compared to the schemes for better performance. The effect of

elevator’s deflection can be seen in the fast response with short rise time and set-

tling time and a small overshoot. The performance characteristics of the proposed

controller are much better than the available techniques. The input response for

all three schemes is within the constraints. The designed controller also performs

in a computationally efficient way, while satisfying the constraints
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Figure 4.3: LQR based Blocking MPC Reference Tracking

Figure 4.4: Fixed Blocking MPC Input Response

4.5 Conclusion

A new optimal blocking scheme for MPC is presented for the computational effi-

ciency of the online controller. The proposed blocking scheme takes advantage of

the optimal behavior of the LQR controller and ensures stability by the idea of

moving window blocking. The LQR-based optimal blocking scheme is tested on

Cessna aircraft and compared against various blocking schemes in the literature.

The proposed scheme is better in efficiency and provides good tracking with low
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Figure 4.5: Moving Window Blocking MPC Input

Figure 4.6: LQR-based Blocking MPC Input

rise time, settling time, and overshoot. There’s no extra computational burden for

finding the blocking matrix during online computations, as it can be found offline

based on the LQR law.

The proposed scheme is tested against the SISO system. One future direction

would be to extend this scheme for the MIMO system and application to a more

complex system. Another future direction would be to implement this scheme with

other schemes used to reduce the computational burden of the MPC. HIL-based

implementation can also be future work for this.
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The performance and computational complexity of the proposed algorithm are de-

pendent on the value of the error threshold. A high value of the parameter leads

to poor control performance. This will lead to increased oscillations or overshoot,

reduced accuracy, and lower robustness to disturbances. However, the computa-

tional burden will be reduced as the controller will use a few iterations. A low value

contributes to increasing performance, thus providing better tracking, smoother

response, and robustness to disturbances. However, this will affect negatively in

the form of increasing computations because of requiring more iterations. The

choice of this variable is critical in critical applications, e.g., aerospace, robotics,

or medical systems. The poor performance can lead to system instability, how-

ever, the computational burden will make real-time implementation infeasible. A

systematic way of finding this value according to the application can also be done

in the future.



Chapter 5

Non-linear MPC

5.1 Introduction

Model predictive control (MPC) is one of the most popular advanced control tech-

niques due to its ability to seamlessly handle constrained multivariable dynamic

systems [80]- [81]. The concept also naturally extends to systems best described

by nonlinear models. The main downside of MPC is that it requires the real-time

solution of a large-scale (dynamic) optimization problem, which has limited its

applicability for several decades. Although significant advances have been made

in accelerating the solution of MPC problems, it is still challenging to implement

in many fast dynamic systems (e.g., fighter aircraft).

Many versions of MPC have been designed to achieve efficient tracking, which

can be divided into further categories named Linear, Non-Linear, Explicit, and

Robust MPC. A linear MPC approach has been used in [82] for performing high

angle of attack (AOA) maneuvers in fighter aircraft, i.e., F-16. This approach

performs well for linear systems but is inefficient for nonlinear systems. Another

drawback of linear MPC is that it needs the linearized model of the system at each

sampling interval, and based on that model, it solves the MPC problem. For the

fast dynamic systems e.g., fighter aircraft, the sampling time requirement is in ms,

which needs a huge number of linearized models for the whole flight envelope. So

it’s almost impossible to save this number of linearized models offline or to linearize

the system model online along with solving MPC at this sampling interval.

73
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The other way is to use Non-linear MPC [83] or robust MPC [84]-[85], which gives

better performance because these techniques can cater to the nonlinearities in the

system by design. However, non-linear MPC is unable to provide perfect tracking

for some applications, i.e., gives offset error. The offset error has been catered

to in different ways in different control schemes. The PID controller applies an

integrator to remove offset, while LQR augments the model with output error to

reduce it as much as possible. There are multiple methods in the literature for

achieving offset-free tracking in MPC. One of them is Dynamic Matrix Control,

in which the correction term is achieved by finding the difference between actual

vs. predicted output [86]. However, this scheme does not apply to closed-loop

systems. There are several different approaches for offset-free tracking in linear

MPC, which usually use disturbance or observer models [87]-[88]. Similar types

of approaches exist in the literature for the velocity form of the linear system

[89]-[90]. These systems usually cater to the difference between the current and

previous state/input instead of the simple state/input. These linear concepts are

then transformed into non-linear MPC in [91]. This method controls non-linear

models by using non-linear MPC and a non-linear estimator. In this, the system

is augmented with disturbance, and a secondary reference is achieved by solving

a non-linear problem at steady-state along with the normal MPC problem. So,

the tracking is much better as compared to the simple MPC model. However,

using nonlinearities in the model and controller design increases the computational

complexity.

Offset-free NMPC involves augmenting the system with the disturbance. This

disturbance can be usually estimated by finding the difference between the actual

output as well as the estimated output. So, for using this model, a good estimator

is required. For state estimation, the Kalman filter provides optimal estimation

in the presence of model uncertainties and external noise [[92]]. The Kalman fil-

ter uses several measurements instead of one for estimation and provides the best

estimation. Some non-linear versions of the Kalman filter are also available in

the literature, which involves the Extended Kalman Filter (EKF) and the Un-

scented Kalman Filter (UKF). Extended Kalman Filter gives poor results when
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the model is highly nonlinear. For this type of system, the UKF provides good

approximations [93].

NMPC provides efficient tracking in the presence of nonlinearities and removes

steady-state error by using UKF and offset-free MPC. The major disadvantage

is this method that it is not suitable for real-time applications involving fast dy-

namic systems. For example the applications like fighter aircraft F-16, the system

has around 13 states and 4 inputs. However, the sampling time requirement is

around 1ms (depending on the minimum time constant of the elevator) [94]. The

computational complexity of NMPC for this type of system may lead to reduced

performance. This research focuses on reducing the computational complexity of

NMPC by using Neural Network and symbolic approximations.

In [95], a Reinforcement Learning (RL) based MPC has been proposed. This

method approximates the MPC problem as well as the cost function and uses this

approximation in the online computation of the controller. This method reduces

the online computations by carefully approximating the problem and solving only

the RL-based function during online computation. Although the online computa-

tions can be reduced, the optimal performance depends on the accurate approxi-

mation of the MPC controller. Any mismatch in the controller model or external

disturbance may affect the controller’s performance.

The main idea of this research, which distinguishes it from the available tech-

niques is to find the solution of NMPC offline by solving the problem symbolically

instead of numerically, and NN-based approximation for the part that resists sym-

bolic resolution (i.e., lookup tables). With this unique approach, the problem can

be transformed into equations with algebraic expressions instead of matrices. Sub-

sequently, leveraging this offline-derived simplified expression, it finds an optimal

solution in each iteration online using the current state estimate. A noteworthy

addition to this technique is the integration NLP solver and UKF to mitigate the

steady-state error and uncertainties due to approximations and external distur-

bances. NLP solver finds a secondary reference at the steady state. UKF estimates

the immeasurable states amidst uncertainties. This way of solving the problem

for controller design and application reduces the computational complexity, and
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steady-state error while achieving good performance.

In summary, the novel approach proposed in this research reduces the computa-

tional challenge of NMPC by combining symbolic and NN-based approximations.

This integration of NLP solver and UKF helps reduce steady-state error, resulting

in robustness enhancement. The overall result is reduced computation, diminished

steady-state error, and improved performance in controller design and application.

For symbolic solution and numerical optimization, the CasADi toolbox provides

an efficient, as well as a rapid way of implementation [96]. This platform provides a

symbolic platform for offline as well as online optimization. It helps solve complex

engineering problems and has a wide range of applications in process control,

robotics, and aerospace.

CasADi toolbox works in the symbolic environment and solves the optimization

problem by considering the system’s parameters to be constant. However, if there

are state/input-dependent parameters e.g., aerodynamics coefficients in aircraft

models, the CasADi toolbox is not applicable. These aerodynamic coefficients are

neither constants nor variables with algebraic expressions. The coefficients are

states and inputs dependent parameters and are available in lookup table form in

the mathematical model of the system. Thus, these parameters can’t be solved

symbolically by using the CasADi toolbox to find a simplified expression for the

controller. This problem is catered to by the application of the Neural Network

(NN) function approximation [97]- [98] in this research. The proposed approach

uses a feedforward-based NN approach to approximate the function of state/input-

dependent parameters, which are accepted by the CasADi toolbox.

A numerical analysis for performing a highly complex maneuver for aircraft helps

prove the efficiency of the proposed approach. The fighter aircraft have been

tested for many control applications [99] - [79]. However, with the introduction

of highly maneuverable 5th and 6th generation aircraft, the need for control de-

sign is even more demanding. With increased maneuverability, modern aircraft

are highly unstable to perform even complex maneuvers that are impossible for

earlier aircraft. This requires improved tracking while maintaining stability in mil-

liseconds. In effect, all the performance parameters for control, i.e., the rise time,
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settling time, and overshoot, should be improved. The proposed control approach

provides a computationally efficient NMPC implementation for efficient tracking

of such high-speed systems while catering to the physical constraints.

This chapter follows the following sequence. Section 5.2 describes the aircraft 6

DOF model, the states and inputs of the aircraft, the parameters of the system,

and constraints that need to be followed by the aircraft. Section 5.3 and section

5.4 describe the observability and controllability of the system. Section 5.5 gives

the description of the NMPC as well as its offset-free variation. Section 5.6 tells

about the proposed approach for a computationally efficient method using an NN-

based approach. In section 5.7, the proposed approach is applied to a non-linear

fighter aircraft model, i.e., F-16 to verify the controller efficiency in the presence

of uncertainties and non-linearities. Section 5.8 gives the stability analysis of the

controller. The conclusion is summarized in section 5.9.

5.2 Aircraft Model

The aircraft model is highly non-linear. Since the controller design in this chapter

is based on the non-linear model, only the non-linear model will be considered

here. Overall, the 6 DOF model of the aircraft consists of 14 states including

longitudinal Velocity “uuu”, lateral velocity “vvv”, vertical velocity “www”, roll angle “ϕ”,

pitch angle “θ”, yaw angle “ψ”, roll rate “p”, pitch rate “q”, yaw rate “r”, north

position “Pn”, east position “Pe”, height “h”, and engine power “Pa”. However,

in fighter aircraft, it is sometimes preferred to use velocity axes instead of body

axes. This will result in a change of states uuu, vvv, and www to Vt, α, and β (i.e., Total

Velocity, Angle of Attack, and Side-Slip Angle). However, for simplicity, some

uncontrollable states are removed from the model i.e., Pn, Pe. The model follows

the following system states

xxxT = [Vt α β ϕ θ ψ p q r h Pa]

There are four control inputs. Two of them are for longitudinal control i.e., thrust

“th”, and elevator deflection “δe”. The other two inputs are aileron deflection
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Table 5.1: F-16 Parameters

Symbol Name Value

B Wing Span 30 ft

S Wing Area 300 ft2

c̄ Mean Aerodynamics Chord 11.32 ft

XCGR Reference CG in chord length 0.35

Hg Engine Angular Momentum 160 slug − ft2/s

αT Thrust Vector Angle 0◦

WWWGT Weight 20500 lb

Mxx Moment of Inertia about x-axis 9496 slug − ft2

Myy Moment of Inertia about y-axis 55814 slug − ft2

Mzz Moment of Inertia about z-axis 63100 slug − ft2

Mxz Product of Inertia 982 slug − ft2

Table 5.2: F-16 Constraints

Symbol Name Constraint

th Thrust 0 ≤ th ≤ 1

δe Elevator Deflection −25◦ ≤ δe ≤ 25◦

δa Aileron Deflection −21.5◦ ≤ δa ≤ 21.5◦

δr Rudder Deflection −30◦ ≤ δr ≤ 30◦

Vt True Velocity 390 ≤ Vt ≤ 900 ft/s

h Altitude 0 ≤ h ≤ 40000 ft

Pa Engine Power 0 ≤ Pa ≤ 100 %

“δa”, and rudder deflection “δr”. The overall input vector is as follows:

uuuT = [th δe δa δr]

The model of F-16 is taken from [100]. The system’s parameters are as in Table

5.1. There are certain constraints on the inputs and states of the model. These

constraints are summarized in Table 5.2.
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All other aerodynamics coefficients and the non-linear model of F-16 can be taken

from [100], which includes the system’s equations and the aircraft’s parameters.

5.3 Observability

The nonlinear Aircraft model doesn’t contain fully measurable states. There are a

few states, e.g., side slip angle, linear velocities, which are not directly measurable.

Hence, these unmeasurable states are estimated through a nonlinear observer, e.g.,

Kalman filter, etc. Since, the 6 DOF model of the aircraft contains longitudinal

and lateral motion, so atleast one state in each mode is required for the nonlinear

observer. This research is focused on the angle of attack maneuver, so α is chosen

as a measurable state in longitudinal motion. In lateral motion, yaw angle ψ

is considered as a measurable state because it is directly measurable. Hence, two

states α and ψ are considered as measurable states in this research. All other states

are estimated through nonlinear observer. For nonlinear observer, a nonlinear state

observability test is required.

The observability test can be performed by linearizing the system around the

equilibrium and finding the rank of the observability matrix given in the equation

OT =
[
C CA CA2 ...CAn−1

]
(5.1)

For linear analysis, the system’s linear model at equilibrium condition xxx0 =

[500; 0; 0; 0; 0; 0; 0; 0; 0; 20000; 90], uuu0 = [0.9; 0; 0; 0] is defined in equation 5.2.

The observability matrix derived by using the linear model of the system is shown

in the equation 5.3. The rank of the observability matrix is 11, which is the

number of states, indicating that it is a full-rank matrix. Thus, the system is

locally observable.

In [101], a nonlinear observability test has been defined. For the system of the

form

ẋxx = f(xxx(t),uuu(t)) (5.4)
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A =



1.004 3.1577 0 0 −3.2174 0 0 0.0291 0 −0.0001 0.0178
0 0.9416 0.0001 0 0 0 0 0.0951 0 0 0
0 0 0.9795 0.0064 0 0 −0.0001 0 −0.0996 0 0
0 0 0 1 0 0 0.1 0 0 0 0
0 0 0 0 1 0 0 0.1 0 0 0
0 0 0 0 0 1 0 0 0.1 0 0
0 −0.0587 −1.2910 0 0 0 0.8020 0 0.0255 0 0
0 0.1055 0 0 0 0 0 0.9428 −0.0003 0 0
0 −0.0042 0.4576 0 0 0 0.0003 0.0003 0.9748 0 0
0 −50 0 0 50 0 0 0 0 1 0
0 0 0 0 0 0 0 0 0 0 0.4734



B =



0 0.0005 0 0
0 −0.0001 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 −0.0385 0.007
0 −0.0092 0 0
0 0 −0.0017 −0.0032
0 0 0 0

112.7531 0 0 0



C =
[
0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0

]
(5.2)

O =



0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0
0 0.94 .0001 0 0 0 0 .0951 0 0 0
0 0 0 0 0 1 0 0 .1 0 0
0 0.8965 .0002 0 .0001 0 0 .1792 0 0 0
0 −.0004 .0458 0 0 1 0 0 .1975 0 0

−.0001 −.8629 .0002 0 .0002 0 0 .2543 −.0001 0 0
0 −.0012 .1352 .0003 0 1 .0001 0 0.2879 0 0

−0.0001 .8391 .0002 0 .0004 0 0 .3218 −.0002 0 0
0 −.0024 .2641 .0012 0 1 .0001 0 0.3672 0 0

−0.0001 .8238 .0002 0 .0006 0 0 .3833 .0003 0 0
0 −.0038 .4265 .0029 0 1 .0003 −.0001 .4316 0 0

−0.0001 .8157 .0002 0 0.001 0 0 .4397 −0004 0 0
0 −.0054 .6149 .0056 0 1 .0006 −.0004 .4783 0 0

−0.0002 .8140 0 0 .0014 0 0 .4923 −.0006 0 0
0 −.0072 .8204 .0096 0 1 .0011 −.0008 .5050 0 0

−0.0002 .8179 −.0002 0 .002 0 0 .5416 −.0007 0 0
0 −.0091 1.0332 .0148 0 1 .0019 −.0013 .5105 0 0

−0.0002 .8266 −.0004 0 .0026 0 0 .5886 .− 0008 0 0
0 −0.0109 1.2432 .0215 0 1 .0031 −.0019 .4948 0 0

−0.0003 .8396 −.0007 0 .0034 0 0 .6338 −.0009 0 53
0 −.0128 −1.4401 .0295 0 1 .0047 −.0027 .4858 0 0



(5.3)

where f is the nonlinear function of the state xxx, and input uuu at time t (here non-

linear 6DOF aircraft model defined in Chapter 1). The system is fully observable

if nonlinear observability matrix O has full rank. The observability matrix O is

defined as
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OT (x) = ∇
[
L0
fhhh L1

fhhh ... Ln−1
f hhh

]
(5.5)

The operator L0
fhhh is the Lie derivative of hhh in the direction of f , and 0 denotes

the 0th Lie derivative. The operator ∇∇∇ is the gradient of the matrix with respect

to the state xxx. Lie derivative represents the directional derivative of the function

hhh in the direction of the function f , and can be calculated in general as

Lfhhh =∇h(x)∇h(x)∇h(x) (5.6)

where

∇h∇h∇h =
∂hhh

∂xxx
(5.7)

which is a row vector of the derivatives of h with respect to each state, with each

element of the column is represented by ∂hhh
∂xxxi

. In this way, Lie derivative in each

row of the observability matrix O can be calculated as given in the equations

L0
fhhh = h(x)h(x)h(x) (5.8)

L1
fhhh =

∂L0
fhhh

∂xxx
f (5.9)

which further implies in nth lie derivative as

Ln
fhhh =

∂Ln−1
f hhh

∂xxx
f (5.10)

The observability condition is then defined as

rank(O(xxx0)) = n (5.11)

The simulation is performed in MATLAB using the CasADi platform. The ob-

servability matrix obtained is given in the equation 5.12.

The MATLAB simulation result in Figure 5.1 show that the system is fully ob-

servable.
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O =



0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0
0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0
0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0
0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 0 1 0 0 0 0 0
0 1 0 0 0 0 0 0 0 0 0
0 0 1 0 0 1 0 0 0 0 0
0 2 0 0 0 0 0 0 0 0 0
0 0 1 0 0 1 0 0 0 0 0
0 3 0 0 0 0 0 1 0 0 0
0 0 1 0 0 1 0 0 0 0 0
0 20 0 0 0 0 0 2 0 0 0
0 0 2 0 0 1 0 0 0 0 0
0 108 0 0 0 0 0 13 0 0 0
0 0 21 0 0 1 0 0 3 0 0
0 −416 0 0 0 0 0 81 0 0 −1
0 1 −74 1 0 1 0 0 15 0 0
0 7814 0 0 −1 0 0 −360 0 0 53
0 1 −111 2 0 1 0 0 56 0 0



(5.12)

Figure 5.1: Observability Test Result in Matlab

5.4 Controllability

The controllability test can be performed by using the linear model of the system

around the equilibrium point in equation 5.2. The controllability matrix given as

Cr =
[
B AB A2B ... An−1B

]
(5.13)

The system is locally controllable if the rank of the matrix Cr is equal to the

number of states.

rank(Cr) = n (5.14)
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The controllability matrix for the linear system in equation 5.2 is calculated in

Matlab by using the equation 5.13. The rank of the controllability matrix is 11

which shows that the system is locally controllable.

5.5 Output Feedback Non-linear MPC Strategy

NMPC uses a non-linear prediction model (instead of a simple model) to find

the optimal input required to achieve a certain reference based on the current

input and state estimate. It does this on each sampling interval. So, most of the

disturbances can be catered to by this repetition. Hence, this controller is better

than other controllers regarding performance.

Over the years, a variety of different models of MPC have been designed. These

models include linear, non-linear, explicit, and robust MPC. Among them, non-

linear MPC is the most suitable choice for non-linear systems. So, for a prediction

horizon and control horizon to be N , the general non-linear MPC problem is

min
UUU

l = EEETQEEE +UUUTRUUU (5.15)

where

EEET =
[
eee(0)T eee(1)T eee(2)T ... eee(N)T

]
(5.16)

eee(k) = xxx(k)−RRRref (5.17)

XXXT =
[
xxx(0)T xxx(1)T xxx(2)T ... xxx(N)T

]
(5.18)

UUUT =
[
uuu(1)T uuu(2)T ... uuu(N − 1)T

]
(5.19)

xxx(k + 1) = f(xxx(k),uuu(k)) (5.20)
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yyy(k) = g(xxx(k),uuu(k)) (5.21)

xxxmin ≤ xxx(k) ≤ xxxmax (5.22)

uuumin ≤ uuu(k) ≤ uuumax (5.23)

Q = diag(q) (5.24)

R = diag(r) (5.25)

xxxref is the reference input. xxxmin,xxxmax,uuumin, and uuumax are the upper and lower

limits of state xxx and input uuu. Q and R are of the order of N × n and N × l.

These are the tuning matrices for state and input, respectively. The MPC solves

the optimization problem by using the prediction model of the system over a

current state estimate. It finds the optimal input required to reach a reference for

a prediction horizon of “N” and applies only the first of the inputs. After this, it

solves the optimization problem again at the next sampling interval and repeats

this process until the end of the process. This way, optimizing each sampling

interval makes it more efficient and caters to the disturbances.

MPC is not always accurate. Since MPC is model-dependent, any uncertainties in

the system and disturbances may give a steady-state error. One way is to put an

integrator in the forward path of the controller. Another way is to use offset-free

MPC instead of using another controller in a single system.

The nominal MPC solves the optimization problems efficiently and gives quite

good performance. However, in some applications, it’s unable to provide perfect

tracking. In some applications, there is an offset error, which is caused by plant

model mismatches and external disturbances. Ignoring these disturbances and

uncertainties while designing the controller may lead to drastic results. The offset-

free MPC solves this issue.
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Offset-free MPC is a modification of the general MPC problem. This model takes

account of the system uncertainties and disturbances based on the non-linear es-

timation of the states. Then it solves another optimization problem to find the

secondary reference state and input, which is

min
xxxss,uuuss

lss = eeeTssQsseeess + uuuTssRssuuuss (5.26)

where

eeess = xxxss −RRRref (5.27)

xxxss = f(xxxss,uuu, ŵww) (5.28)

ŵww = x̂xx− xxx (5.29)

xxxss is the secondary reference state required to be tracked at steady-state, uuuss is

the steady-state input required to cater for the disturbances, ŵ is the estimated

disturbance, x̂xx is the estimated state. The initial and final states will be “RRRref+ŵww”

and “RRRref” respectively. Now, the MPC problem will be to track the new reference

state xxxss instead of the original reference RRRref , and the MPC problem will take

the form

min
UUUe

le = EEETQeEEE +UUUT
e ReUUU e (5.30)

where

EEET =
[
eee(0)T eee(1)T eee(2)T ... eee(N)T

]
(5.31)

eee(k) = xxx(k)− xxxss (5.32)

UUUT
e =

[
uuue(0)

T uuue(1)
T uuue(2)

T ... uuue(N − 1)T
]

(5.33)
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uuue(k) = uuu(k)− uuuss (5.34)

xxx(k + 1) = f(xxx(k),uuu(k)) (5.35)

yyy(k) = g(xxx(k),uuu(k)) (5.36)

x̂xx(k + 1) = f(x̂xx(k),uuu(k), ŵww) (5.37)

ŵww = x̂xx− xxx (5.38)

xxxmin ≤ xxx(k) ≤ xxxmax (5.39)

uuumin ≤ uuue(k) ≤ uuumax (5.40)

Qe = diag(qe) (5.41)

Re = diag(re) (5.42)

Now, the controller solves the optimization problem on each sampling interval to

find the secondary reference state and input required to cater to that state. This

secondary input will play a part as a reference input to the general MPC problem.

The most important part here is the disturbance estimate, which can be estimated

by ŵww = x̂xx− xxx.

Another way of catering to uncertainties is the use of a non-linear state estimator.

The Kalman filter is known to be an optimal estimator. Kalman filter, which is

also known as Linear Quadratic Estimator (LQE) was initially designed by Rudolf

E. Kalman and gained popularity even in its early days of design. The main
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Figure 5.2: Kalman Filter State Estimation Process

reason for its popularity is that it provides a more accurate estimate of the states

despite noisy data and uncertainties in the system model. Kalman filter uses a

series of state values instead of a single measurement, hence providing a better

approximation. There are mainly two phases of Kalman filter estimation, namely

prediction and update. In the prediction phase, the current states are estimated,

which includes uncertainties. In the update phase, the system’s states are updated

according to noisy measurements, and this process is repeated. The process of the

Kalman filter can be better understood by Figure 5.2.

This technique was further extended for non-linear systems. The updated forms

of the algorithm were named EKF and UKF. In EKF, the function f for state

estimation and function h for output measurement need not be linear. Non-linear

models can be used to estimate the next states. But EKF finds the Jacobian

in each iteration for a current state estimate, thus linearizing the model in each

iteration. This linearization gives an error that propagates in each iteration. In

addition, it’s really hard to find Jacobian analytically as well as numerically for

complex systems. This problem was further solved by the UKF.

UKF finds sigma points around the mean by using Unscented transformation (UT)

instead of funding Jacobian. These sigma points are then used to find the new
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covariance and mean by using the non-linear model. The accuracy of the filter

depends on the statistics of UT and the choice of sigma points. UKF has many

applications in aerospace, underwater vehicles, and other navigation applications.

In offset-free MPC, there is a need to estimate the system’s state in each iteration.

Based on the pros and cons of the different estimating schemes, UKF best suits

this application [93]. The aircraft model is a highly non-linear function operating

in a highly uncertain environment, and controller requirements are changing in

milliseconds. This application needs an accurate estimate because any inaccuracy

may lead to disastrous effects.

5.6 Computationally Efficient NMPC using Neu-

ral Network

Implementation of the NMPC is quite challenging because of the high computa-

tional requirements and limited hardware resources. The applications of MPC are

mostly restricted to the slow dynamic system i.e., process industry, etc. However,

for fast dynamic systems i.e., fighter aircraft, it’s still a challenge (F-16 needs a

sampling time of about 1ms with 14 states and 4 inputs). Other than the high

dimensional model, the aircraft model has constraints on the states and inputs.

Online solution of NMPC involves solving high dimensional matrices and then

optimization of the solution for non-linear systems under given constraints. The

online solution may lead to delayed controller response or no solution in the worst-

case scenario. The ultimate effect would be disastrous, and this is the reason for

the use of NMPC for fast dynamic systems.

This chapter proposes a way to reduce online computations as much as possible by

solving the aircraft control problem symbolically (offline) and then optimizing the

solution online in each iteration. This is done by using two different tools named

CasADi and NN.

CASADI [96] is a symbolic tool that works with MATLAB, Python, and other

applications to enhance computational efficiency. It simplifies the problem in

symbolic expression and solves the expression or finds the derivatives by using AD
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(Algorithm Differentiation). This is done in CasADi’s virtual machine or by using

CasADi’s generated C code. CasADi is mainly inspired by MATLAB (Matrix

expressions). It treats all matrices as sparse matrices or column matrices and solves

them symbolically once at the start instead of solving them numerically in each

iteration. CasADi provides support to modeling in mathematical optimization,

including linear, quadratic as well as non-linear optimization. The non-linear

optimization in CasADi uses objective and constraint functions that are dependent

on optimization variables and constant known parameters. The non-linear solvers

supported by CasADi are IPOPT, BONMIN, KNITRO, WORHP, and SNOPT.

This toolbox has gained popularity in educational as well as industrial applications

since its start in 2011. In the educational sector, it is used to teach optimization

tools and to test new algorithms and software. In industry it’s being used in

the energy sector, automotive industry, process industry, robotics, and assorted

applications. The reason for its popularity is it’s easy to design and compatible

with the hardware.

In today’s world, function approximation through NN has attracted most re-

searchers. These approximations proved to be very accurate in most of the ap-

plications. One such approximator is the Feed-forward Neural Network (FNN),

which is the universal approximator. The function approximations don’t need any

compact formula for approximations. They just need the data from input to out-

put in the form of (xxx, f(xxx)). So for an input “xxx” of vector length “N” and output

yyy of the same length as xxx, the function approximation is to find

yyy = f(xxx)

A feedforward neural network is used here in this research for approximating the

aerodynamic coefficients of the aircraft. The limits of the inputs are obtained by

the state’s constraints Table 5.2 and outputs are available in the form of interpo-

lation for each aerodynamic coefficient. So, the data set for the function can be

easily calculated. The whole aircraft model can also be approximated by using

NN, but more approximations lead to more uncertainty. To reduce uncertainty,

only necessary parameters have been approximated. Then the data is scaled to
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avoid the unstable behavior of the function. In this research, multiple coefficients

need to be approximated. All of these coefficients have different numbers of inputs

and outputs. By hit and trial, a different number of layers and a different number

of nodes have been tuned to get the optimal result. A network training function

“translm” is used for the backpropagation algorithm, which provides the updated

weights and bias by using the Levenberg-Marquardt optimization. The hyperbolic

tangent sigmoid function introduces the non-linearity.

After choosing the network structure and activation function, the neural network

can be trained by reducing the mean square error between the estimated value

and actual value as

MSE =
1

k

k∑
n=1

(Cout − Ĉout)
2 (5.43)

A good fit of the function will be if there’s no error between the approximated

value and the actual value. The function can then be approximated by

z1 = 2(xin − datamin)./(datamax − datamin)− 1 (5.44)

for all layers i = 1 to L

zi = tansig(W (i+ 1) zi + b(i+ 1)) (5.45)

The variables “W” and “b” are tuning parameters called weight and bias respec-

tively. These parameters have been tuned for the best approximation of the func-

tion. Thus

yout = W (L+ 1) zi + b(L+ 1) (5.46)

The approximated function would be

f = (yout + 1)/2× (tmax − tmin) + tmin (5.47)

A complete process for the controller implementation involving NN and symbolic

approximation, integration of NLP solver, and utilization of UKF can be described
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in the following steps:

1. Problem Formulation: The 1st step involves defining the system’s dy-

namics, including constraints and control problems with control objectives.

2. Symbolic Representation: The system dynamics and control problem is

then transformed into a symbolic representation by using CasADi or similar

tools.

3. Lookup Table Integration Issue: The next step involves identifying the

system’s parameters (e.g., lookup tables for aerodynamics coefficients) that

can’t be integrated into a symbolic representation.

4. NN Approximation: The lookup tables and other parameters identified

in the previous step are then approximated through Neural Network.

5. Integration with Symbolic Framework: The trained neural network is

then incorporated into symbolic representation, thus replacing lookup tables

with symbolic approximation.

6. Offline Optimization: This step involves the utilization of the symbolic

representation for the offline solution of the NMPC problem, thus converting

the problem from matrices to algebraic expressions.

7. NLP Solver Integration: An NLP solver then finds the secondary refer-

ence trajectory for mitigating the steady-state error.

8. Online Computation: An optimal control sequence is then computed

based on the offline computed cost function and feedback control strategy

by using the current state estimate. The system’s states are estimated by

utilizing the UKF, incorporating uncertainties and disturbances.

9. Application of Control: From the computed control sequence, 1st of them

is applied on the system that need to be controlled. The system’s states are

continuously estimated by utilizing UKF.
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10. Iterative Process: The online process is repeated at each sampling inter-

val, and the control sequence is optimized based on the updated states and

reference trajectory.

11. Performance Evaluation and Tuning: The controller performance is

evaluated by using simulations or real-time experiments. The tuning pa-

rameter and NN architecture can be updated for better performance and

stability.

12. Deployment and Monitoring: The designed controller with optimal tun-

ing parameters can then be deployed in the actual environment.

The effective control of complex dynamic systems can be achieved by following the

above steps, thus reducing the computational complexity and removing steady-

state error. The complete structure of the process is shown in Figure 5.3.

5.7 Numerical Example

The aircraft control problem is tested in MATLAB within the CasADi framework.

The focus of the simulation is to perform a high angle of attack maneuver, so

AOA tracking is performed in this simulation. The aim is to track AOA as close

as possible to the maximum limit of the model. As compared to other control

problems of fighter aircraft, a single controller is used to control the aircraft. The

controller is applied in a closed-loop formation. The closed-loop block diagram of

the system is shown in Figure 5.4.

In Figure 5.4, xxxref is the reference input of the system, which in our case is the

angle of attack (AOA). The second block named “NLP” is the Non-linear problem

solver, which gets the information about the reference input, currently estimated

states, and states calculated through a mathematical model. It then processes

information to get a second reference input required to be tracked in the pres-

ence of uncertainties and disturbances. “NN” is the Neural Network block that

approximates the aerodynamic coefficients from the lookup table of the mathe-

matical model, which is then used to find the function value. These aerodynamic
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Figure 5.3: NN Based NMPC Flow
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Figure 5.4: NN-based Closed Loop MPC Implementation

coefficients are constrained by the physical limits of the aircraft such as angle of

attack, side slip angle, velocity, elevator angle, aileron angle, and rudder angle.

The range of these aerodynamic coefficients depends on the physical limits of the

control inputs and the operational envelope of the states. Hence, there’s no need

to approximate these variables beyond limits. The controller catered to these lim-

its as well. The MPC block further bounds the system within limits defined by

finding optimal solutions within the constraints defined. The “MPC” block finds

the optimal controller to get the desired response. These three blocks i.e., NLP,

NN, and MPC work in the CasADi environment to lessen the computational bur-

den of the hardware. The output of MPC is then fed to the Aircraft which based

on the input gives the output. The “UKF” block is the Unscented Kalman Filter,

which is used to estimate the non-linear states of the system which are used as

feedback to the controller.

The simulation process follows the sequence in which the first step is the non-linear

function approximation of the model through NN. UKF estimates the system’s

non-linear states before the start of the iteration. NLP block then finds a secondary

reference based on the available inputs. The MPC block then finds the optimal

control input for perfect tracking of the AOA of the aircraft. The aircraft then
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Figure 5.5: AOA Tracking using NN-based NMPC

Figure 5.6: Speed Response using NN-based MPC

receives the control command and responds accordingly, and then gives the output

to the UKF, and the process repeats on each cycle. The tuning parameters for

each block have been found by trial and error approach for better performance.

In this simulation, an Angle of Attack maneuver is performed using the non-

linear model of the F-16. The parameters of the aircraft are same as mention in

aircraft model. An angle of attack maneuver is to be performed. Thus, the desired

performance is to track the angle of attack while other states remain unchanged.

The angle of attack maneuver changes the speed and altitude, so these states are
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Figure 5.7: Side-Slip Angle Response using NN-based MPC

Figure 5.8: Roll Angle Response using NN-based MPC

not expected to be unchanged. The main control surfaces involve in this maneuver

are throttle and elevator deflection. The controller is implemented in CasADi

with an NN-based non-linear model of the aircraft. NN only provides the function

approximation of the aerodynamic coefficients. Figure 5.5 shows the controller

performance for tracking of non-linear controllers. The Aircraft is getting the

desired Angle of Attack within a suitable time. The rise time tr and settling time

ts of the closed-loop system are quite adequate. There is a little overshoot Mp

that can be further improved. The performance parameters of the closed-loop
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Figure 5.9: Pitch Angle Response using NN-based MPC

Figure 5.10: Yaw Angle Response using NN-based MPC

simulations for non-linear controllers are given as

tr = 1.00s

ts = 2.50s

Mp = 8%

These results are compared to the maneuver control of fighter aircraft for the linear

controller as in Chapter 3. In a linear controller, a linear model of the system and

a linear controller is used. However, the latter results are for a non-linear model
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Figure 5.11: Roll Rate Response using NN-based MPC

Figure 5.12: Pitch Rate Response using NN-based MPC

and a non-linear controller. The performance parameters are

tr = 1.30s

ts = 3.00s

Mp = 8.3%

The performance comparison of the two methods clearly shows that the new tech-

nique performs better than the available technique. Also, this new technique is

comparable to the linear MPC concerning computational complexity.
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Figure 5.13: Yaw Rate Response using NN-based MPC

Figure 5.14: Altitude Response using NN-based MPC

The speed of the aircraft is shown in Figure 5.6, which is as expected from the

desired maneuver. The speed goes down while performing the maneuver, and goes

up when the maneuver is over. All other states from Figure 5.7 to 5.10 remain

almost unchanged for lateral motion but change accordingly for longitudinal mo-

tion. These variables change slightly but are negligible. The altitude of the aircraft

is shown in Figure 5.14, which indicates an increase during the maneuver and a

decrease at the end of the maneuver. Figure 5.15 shows the longitudinal control

surface deflection. It can be seen that the control limits reach their maximum
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Figure 5.15: Longitudinal Input Controls using NN-based MPC

Figure 5.16: Lateral Input Controls using NN-based MPC



Non-linear MPC 101

limits while performing the maneuver. However, the controller doesn’t allow the

surface above its physical limits. Hence, the control input is constrained. Figure

5.16 shows the lateral control surface deflection used to control the lateral motion

of the aircraft while performing a maneuver.

5.8 Stability Analysis

To check the stability of the proposed control method, a Lyapunov-based stability

analysis is performed. The Lyapunov-based stability analysis has been explained

in [102]. The basic idea behind Lyapunov direct stability analysis is to choose an

energy-like function for states x, and observe if its decay over time. A decreasing

Lyapunov function indicates that the system is stable. For non-linear systems

there’s no general rule to select a Lyapunov function, and the presence of states

and input constraints makes it almost impossible to check the global stability of

the system. However, local stability can be proved by using a linear model of the

system around a closed region of equilibrium. A usual approach is to select the

Lyapunov function to be a positive definite function as in the equation below

V (xxx) = xxxTQxxx (5.48)

which has the property of a positive definite function, i.e., positive except when

xxx is zero. The second property, which is the Lyapunov function, shows that it is

monotonically decreasing.

V (xxx) > 0 ∀xxx ̸= 0, V (0) = 0 (5.49)

V̇ (xxx) ≤ 0 (5.50)

In NMPC, the Lyapunov candidate is chosen as the optimal cost-to-go value func-

tion, as defined

V (xxx) = l (5.51)
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Figure 5.17: Lyapunov Stability Analysis

where l is defined in equation 5.15 and is given as

min
UUU

l = EEETQEEE +UUUTRUUU (5.52)

Which is the cost function in case of nonlinear MPC. The goal is to find out that

the Lyapunov candidate decays over time.

V (xxxk+1)− V (xxxk) < 0 (5.53)

A simulation-based Lyapunov stability analysis is performed by assuming the Lya-

punov candidate is the same as the cost function. To check the robust stability

of the system, several simulations have been performed with random initial condi-

tions of the states around the equilibrium point. The results are shown in Figure

5.17, which proves the local stability of the controller. The Lyapunov function is

slightly increasing in some moments that is because of the NN approximation of

the aircraft. More careful approximation and more tuning of the controller will

solve this issue.
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5.9 Conclusion

The proposed method overcomes the drawback of the computational complexity

associated with non-linear MPC to control the fast dynamic systems while re-

maining within physical control limits. NMPC may produce steady-state error

in some cases. The combination of Offset-free MPC and NMPC mitigates the

steady-state error. The only problem with NMPC is the high computation cost

due to solving non-linear optimal control problems on each sampling instant. The

proposed scheme addresses this problem with an offline simplification of NMPC

using deep learning and symbolic approximation which would work in the CasADi

toolbox for non-linear controller optimization and implementation. The integra-

tion of an unscented Kalman filter and NLP solver further improves robustness

while mitigating the steady-state error.

Simulation results show the efficient performance of the proposed scheme for per-

forming a high-angle of attack maneuver for fighter aircraft while showcasing the

good rise and settling time. The computational complexity is reduced by solving a

major part of the problem offline and finding the optimal solution online by using

the simplified model. The computational complexity is calculated by performing

simulations for a simulation time of 10 sec conducted in Matlab 2024 on a Dell

Laptop with a 13th Gen Core i7-1355U processor (1.7GHz) and 16GB of RAM.

The results are compared with those of the linear MPC controller in Chapter

3. The linear MPC controller takes on average 540sec, however, this proposed

controller takes on average 214sec. The computational efficiency of the proposed

controller is much better than the linear MPC.

A limitation of the proposed method is that it can’t operate the system at its

maximum limit, i.e., α = 45◦. This method can only cater to uncertainties and

disturbances to some extent, resulting in performance reduction or system insta-

bility. A further improvement to this method could be to use a variation of the

NMPC to remove the effects of these uncertainties and disturbances effectively. A

fault-tolerant model can also be considered in further research.

The proposed method can reduce the computational complexity to make real-time

implementation possible for fast dynamic systems. Most of the problems‘ can be
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solved offline, but the online solution of NMPC in each iteration under constraints

is still computationally challenging. A computationally efficient solution to this

online optimization could broaden the applicability of the proposed technique.

The CasADi platform works well with the hardware. So a future direction would be

to perform the Hardware-in-loop-based simulations for validation of the controller

in the actual environment. This research has the potential for implementation for

other fast dynamic systems i.e., spacecraft and UAVs etc.



Chapter 6

NN-based Offset-free

Scenario-based MPC

6.1 Introduction

The previous chapter’s NN-based NMPC provides good tracking while reducing

the computational complexity of MPC [103]. This technique also mitigates uncer-

tainty to some extent. However, for applications like fighter aircraft, uncertainty

and external disturbances are not limited and must be efficiently catered to by the

controller.

While performing complex maneuvers, the aircraft suffers from high aerodynamic

forces [82] and the control surfaces can’t reach their maximum limits. This is called

an actuator fault. Actuator faults can be categorized as (i) permanent faults and

(ii) temporary faults. Permanent faults are the ones in which the actuator fixes

on a certain position and is unable to move. These faults can only be covered by

some other actuator. Temporary faults are those in which the actuator is unable

to get full deflection while performing complex maneuvers for a short period. After

the maneuver, the actuator regains its original limits. The actuator’s maximum

deflection limit doesn’t remain fixed throughout the maneuver but changes with

time and aerodynamic force. These time-varying faults have been dealt with in

[82] by using fault detection and MPC. However, only linear MPC and a linear

model of the aircraft have been considered in that research. This chapter will

105
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consider non-linear MPC and non-linear aircraft models.

The time-varying faults or the environmental effects pose uncertainty and distur-

bances in the model and should be catered to in the controller model. A special

type of controller that handles uncertainty and considers constraints in its design

is the scenario-based MPC (SMPC) [104]. SMPC solves non-linear MPC while

considering different levels of uncertainty at each time step of the horizon, hence

making an uncertainty tree. This uncertainty tree may contain fixed levels of

uncertainty or vary at each level. This research considers only fixed uncertainty

levels.

SMPC may also give an offset at the steady-state point. This problem can be

solved by using offset-free MPC which solves another optimization problem at

each sampling point to find the secondary reference [86]-[91]. Then SMPC follows

the secondary reference instead of the original reference to remove the steady-

state error. The use of SMPC with different levels of uncertainty at each time

step, as well as solving another optimization problem along with MPC, makes the

controller computationally complex.

The above-mentioned control scheme is ideal for constraint handling and optimal

performance, but suffers from the computational burden. Because of this com-

putational burden, this scheme is not useful for fast dynamic systems i.e., fighter

aircraft. This research proposes an NN-based symbolic solution to the MPC prob-

lem in an offline manner for computational reduction. This offline solution solves

the complex matrices offline and provides an algebraic expression. This algebraic

expression can be used for online optimization based on the current scenario. The

symbolic simplification of the SMPC problem can be achieved by a tool CasADi

[96]. Thus, as in the previous chapter, the sMPC problem is then solved symbol-

ically instead of numerically at the start, and a solution is obtained offline that

contains algebraic expressions only. Then, in each iteration of optimization, it

finds the solution numerically by just solving the algebraic expression instead of

solving whole matrices. Hence, it reduces complexity to a large extent when solv-

ing complex problems, i.e., MPC. This research considers the use of CasADi with

MATLAB only for controller design and application.
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As in the previous chapter, the use of CasADi needs a model of the system that

contains either constants or variables to be optimized. The problem where the

model contains the state and input dependent variables (available in the form of

lookup tables), the CasADi is also unable to tackle them. This type of problem

is encountered in controlling the complex model, i.e., the aircraft model. The

aircraft model contains the aerodynamic coefficients which are available in lookup

tables and change the value with states and inputs. This type of problem can be

solved using the function approximation of the lookup table for each aerodynamic

coefficient, and then the problem converts to optimization variables only. Here

again, Neural Networks (NN) is used for approximating the aerodynamic coeffi-

cients [97]-[98]. Also, this research uses NN as the function approximator for the

aerodynamic coefficients only.

The use of offset-free MPC requires the value of the estimated states in the pres-

ence of external disturbances and noise because these values deteriorate the per-

formance. Among many available estimators, the Kalman filter is assumed to be

the optimal estimator. As for the complex system, i.e., fighter aircraft Unscented

Kalman Filter (UKF) provides the best performance in the presence of external

disturbances. That’s why this research uses UKF for state estimation [92]-[93].

The proposed scheme in this chapter takes advantage of SMPC and NN-based

offset-free NMPC in the previous chapter. This scheme transforms the aircraft

control problem into symbolic formation and an NN-based approximated function

in an offline fashion. Then it solves the NLP problem for offset-free reference and

solves SMPC under different levels of uncertainties online. UKF helps estimate

the system states in the presence of uncertainties.

The rest of the chapter follows the following pattern. Section 6.2 describes the

specifications and constraints involved for the fighter aircraft used. It also contains

the description and requirements for the Herbst-type maneuver. Section 6.3 in-

cludes the MPC problem, which is followed by scenario-based MPC and offset-free

variation. A proposed solution for computationally efficient implementation of the

chosen controller is discussed in 6.4, which describes the use of the CasADi tool-

box and Neural Network (NN). This is further followed by UKF for the non-linear



NN-based Offset-free Scenario-based MPC 108

state estimation. Section 6.5 tells about the time-varying faults while performing

maneuvers. Closed-loop simulation and simulation results are shown in section

6.6. Computational complexity analysis is performed in section 6.7. Section 6.7

and Section 6.8 gives the conclusion and future directions for the current work.

6.2 Fighter Aircraft Specifications

Fighter aircraft are complex systems from a control point of view, with multiple

states and multiple inputs. The model used for the current research is the F-16

model [100]. F-16 is one of the modern fighter aircraft and is being used widely

in research because its data is easily available. The model contains 13 states and

4 inputs. 2 of the states are uncontrollable and, hence, not considered in this

research. The current model contains 11 states and 4 inputs. The 11 states and 4

inputs in vector form are as

xxxT = [Vt α β ϕ θ ψ p q r h Pa]

uuuT =
[
th δe δa δr

]
where Vt is the true velocity. α and β are the angle of attack and side slip angle.

ϕ, θ, ψ are the roll angle, pitch angle, and yaw angle. p, q, and r are the roll rate,

pitch rate, and yaw rate. h is the height and Pa is the engine power. The control

vector contains 4 inputs namely thrust th, elevator deflection δe, aileron deflection

δa, and rudder deflection δr respectively.

The aircraft’s general equation of motion has not been shown here. However, some

specific parameters related to F-16 aircraft are shown in Table 6.1. Aircraft have

certain limits on states and control inputs as in Table 6.2.

For testing the controller’s efficiency, a Herbst-type maneuver is performed. Herbst-

type maneuver is one of the complex maneuvers and is essential for air superiority

in a dogfight. This maneuver was named after Dr. W.B. Herbst as he proposed

the maneuver. The complexity of this maneuver can be realized by the fact that

it involves a strong coupling between longitudinal and lateral motion. In control
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Table 6.1: Aircraft Parameters

Symbol Name Value Unit

Moment of Inertia

Mxx x-axis 9496 slug − ft2

Myy y-axis 55814 slug − ft2

Mzz z-axis 63100 slug − ft2

Mxz Product of xz 982 slug − ft2

Geometry

W Weight 20500 lb

B Span 30 ft

S Area 300 ft2

c̄ Mean Aerodynamics Chord 11.32 ft

Hg Engine Angular Momentum 160 slug − ft2/s

αT Thrust Vector Angle 0◦

xCGR Ref cg in c 0.35

Table 6.2: Aircraft Constraints

Symbol Name Constraint

States

VT Velocity 390 ≤ vt ≤ 900 ft/s

h Altitude 0 ≤ h ≤ 40000 ft

Pa Engine Power 0 ≤ Pa ≤ 100 %

Inputs

Longitudinal Control

th Thrust 0 ≤ th ≤ 1

δe Elevator Angle −25◦ ≤ δe ≤ 25◦

Lateral Control

δa Aileron Angle −21.5◦ ≤ δa ≤ 21.5◦

δr Rudder Angle −30◦ ≤ δr ≤ 30◦
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Figure 6.1: Herbst Maneuver

terms, it involves the tracking of AOA, velocity, and roll. A complete Herbst

maneuver can be realized by Figure 6.1. In this maneuver, the aircraft goes at a

high angle of attack at the start. Then, at this moment it rolls and changes the

direction of velocity. After changing its direction it comes back to the equilibrium

point. In effect, the aircraft goes at high altitude with its direction backward from

the start of the maneuver.

In effect, the aircraft goes on a high angle of attack, thus reducing speed. Subse-

quently, it rolls and changes the direction of the velocity. After that, it reduces

the angle of attack and maintains the speed in the reverse direction. From a con-

trol point of view, it involves the tracking of the angle of attack and roll angle

while maintaining the side slip angle at zero. The strong coupling between the two

modes of the aircraft makes the choice of the controller very critical. For achieving

highly complex maneuvers, maximum control effort might be needed to achieve

the best performance and quick response. Therefore, NMPC is the best choice for

this type of maneuver control, which can give optimal performance while handling

constraints.
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6.3 NN-based Offset-Free Scenario-based MPC

NMPC is the one that solves optimization problems while using the non-linear

prediction model of the system. One of the advantages of NMPC is that, unlike

linear MPC, we don’t need to change the model at each time step of the MPC.

The NMPC problem is solved by finding the minimum cost (error) for a finite

horizon of input i.e.,

J = min
∀uuu(j)

(
N∑
i=1

eee(i)T q eee(i) +
N−1∑
j=1

uuu(j)T r uuu(j)

)
(6.1)

where N denotes the prediction horizon and

eee(i) = xxx(i)−RRRref (6.2)

which denotes the state error in time step i from the current step with xxx(i) as the

state at that time step and RRRref as the desired state. uuu(j) is the control input at

time step j from the current input. The values of the future states can be found

by using the non-linear model of the system

xxx(i+ 1) = f(xxx(i),uuu(i)) (6.3)

yyy(i) = g(xxx(i),uuu(i)) (6.4)

f and g are the non-linear functions of the states and inputs. The states and

inputs have to fulfill the following inequality constraints

xxxmin ≤ xxx(i) ≤ xxxmax (6.5)

uuumin ≤ uuu(j) ≤ uuumax (6.6)

in which xxxmin is the lowest value of the state and xxxmax is the state’s highest

value. Similarly, uuumin and uuumax are the lowest and highest values of the inputs,

respectively. The matrices q and r can be defined as:
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q = diag(n) (6.7)

r = diag(m) (6.8)

Which shows the diagonal matrices for n number of states and m number of in-

puts. The NMPC solves the control problem efficiently. However, this controller

cannot cater to environmental disturbances and uncertainties. The application,

i.e., fighter aircraft, suffers from unavoidable disturbances and, thus, should be

catered to in the controller design for better performance. Model-based controllers

require the model to be perfect. However, environmental disturbances and mod-

eling uncertainties may pose serious issues in controller design and applications.

For applications like fighter aircraft, these issues may lead to disastrous effects.

Scenario-based MPC resolves this issue by finding the optimal value for each dif-

ferent uncertainty at each time step of the horizon. In NMPC, the prediction

model gives the future states for a current state estimate, which is further used to

find the optimal input for the next step. However, in SMPC, the prediction model

predicts the future states based on the current state and input. It also predicts

the future states based on possible uncertainty in control input and states. Then,

using all of these predicted values, finds the optimal by minimizing the expected

value of the cost function instead of the simple cost function.

A scenario tree for horizon length N = 3 and the number of scenarios s = 2 levels

is shown in Figure 6.2. The scenario tree is constructed as follows. When N = 1,

based on the current state xxx0, the model predicts the future state xxx1. Because

of considering two scenarios (i.e., s = 2), if finds two values xxx
(1)
1 and xxx

(2)
1 based

on the input uuu0 and estimated uncertainty www
(1)
0 and www

(2)
0 . In second horizon (i.e.,

N = 2), the states xxx
(1)
2 and xxx

(2)
2 are predicted based on the values of xxx

(1)
1 and

estimated uncertainties. Similarly, state xxx
(2)
1 gives the values of the states xxx

(3)
2 and

xxx
(4)
2 . Then the same process will be repeated in the 3rd horizon, which will give

8 states out of 4. This process will go on with the horizon length. The scenario

tree grows with the horizon length and the number of scenarios, hence increasing

computational complexity. The SMPC then solves the optimization problem of
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Figure 6.2: Scenario Tree

the form of equation

min
∀u(i)

J = eee(0)T q eee(0) + uuu(0)T r uuu(0) + E
{(
eee(1)T q eee(1) + uuu(1)T r uuu(1)

)
+ ...+ E

{(
eee(2)T q eee(2) + uuu(2)T r uuu(2)

)
+ E

{(
eee(N − 1)T q eee(N − 1)+

uuu(N − 1)T r uuu(N − 1) + ...+ E
{
eee(N)T q eee(N)

}}}}
(6.9)

where E denotes the conditional expectation with respect to uncertainty w and

calculated by

E
{
eee(xxx,uuu,www)

}
=

s∑
i=1

pieee(xxx,uuu,www(i))) (6.10)

s denotes the number of scenarios, and pi denotes the weights for each uncertainty.

The number of scenarios and their weighting numbers are not fixed. These values

can be chosen based on the uncertainties available in the system, and on how

important it is to remove the uncertainty. e represents the error at time step i
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from the current time and is difference between state x(i) and desired state xdes

which is defined as

eee(i) = xxx(i)−RRRref (6.11)

The state xxx(i) can be found by the non-linear function of the model

xxx(i+ 1) = f (xxx(i),uuu(i)) +Bd www(i) (6.12)

where www is used for disturbance in the system at the current time step. This

can be found by the disturbance model. The controller must fulfill the following

constraints

xxxmin ≤ xxx(i) ≤ xxxmax (6.13)

uuumin ≤ uuu(j) ≤ uuumax (6.14)

SMPC is good for handling environmental disturbances and system uncertainties.

However, in applications i.e., fighter aircraft it may give a steady-state error. The

steady-state error can either be removed by inserting an integrator in the closed-

loop model, but that means inserting another controller along with MPC. However,

offset-free MPC resolves this issue by changing the controller design a little bit,

and there’s no need for an extra controller to remove steady-state error. The

offset-free MPC finds the secondary reference for the steady state in the presence

of system uncertainties and disturbances. This is done by solving the optimization

problem at each sampling interval for the secondary reference.

l = min
xxxss,uuuss

eeeTssqsseeess + uuuTssrssuuuss (6.15)

where

eeess = xxxss −RRRref (6.16)

xxxss = f(xxxss, u) +Bdwww(i) (6.17)
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xxxmin ≤ xxxss ≤ xxxmax (6.18)

uuumin ≤ uuuss ≤ uuumax (6.19)

Now the SMPC is to solve

min
∀uuu(i)

le = eee(0s)T q eee(0s)+uuu(0s)T r uuu(0s)+E
{(
eee(1s)T q eee(1s) + uuu(1s)T r uuu(1s)

)
+ E

{(
eee(2s)T q eee(2s) + uuu(2s)

T r uuu(2s)
)
+ ...+

E
{(
eee((N − 1)s)T q eee((N − 1)s) + uuu((N − 1)s)T r uuu((N − 1)s)

)
+

E
{
eee(Ns)T q eee(Ns)

}}}}
(6.20)

E
{
eee(is)(xxx,uuu,www)

}
=

s∑
j=1

pjeee(is)(xxx,uuu,www(j))) (6.21)

e denotes the error in time step i from the secondary reference found above and

is calculated as

eee(is) = xxx(is)− xxxss (6.22)

With the system model represented by the non-linear equation

xxx(i+ 1) = f (xxx(i), u(i)) +Bd www(is) (6.23)

Under the constraints

xxxmin ≤ xxxis ≤ xxxmax (6.24)

uuumin ≤ uuuis ≤ uuumax (6.25)

The NMPC is itself computationally complex. The addition of uncertainty-based

scenarios leads to finding more optimization variables. The increasing number
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of optimization variables further increases the computational complexity. This

problem will be resolved in the next section.

6.4 Computationally Efficient Implementation

The above-mentioned controller is quite efficient in tracking, but computationally

inefficient. This inefficiency limits the controller’s real-time implementation for

fast dynamic systems, e.g., fighter aircraft. The fast dynamic systems require

a response in milliseconds, and any delay in the controller response may lead

to reduced performance. This chapter resolves this issue with a new NN-based

solution that uses offline function approximation of the controller model and then

online optimization of the control inputs based on that approximated function. A

toolbox named CasADI also helps in the symbolic simplification of the function.

This way of reducing computational complexity and making the MPC problem

simple finds the use of CasADi for the control of complex systems i.e., OSMPC-

based control of fighter aircraft. The non-linear solver used for CasADi is of the

form:

min
xxx,uuu

f(xxx,uuu) (6.26)

where

xxxmin ≤ xxx ≤ xxxmax (6.27)

uuumin ≤ uuu ≤ uuumax (6.28)

gmin ≤ g(xxx,uuu) ≤ gmax (6.29)

Like in the previous chapter, the lookup tables for the aerodynamic coefficients

have been approximated through Neural Network for use in the CasADi platform.

The OSMPC needs information on disturbances and uncertainties to cater to them

in design. Also, not all the system’s states are measurable. There are various ways
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Figure 6.3: UKF Cycle

to estimate this disturbance. One of them is to estimate the system through a

non-linear estimator and find the difference between the measured value and the

estimated value as

ŵww = x̂xx− xxxm (6.30)

where

x̂xx(i+ 1) = f(x̂xx(i),u(i)u(i)u(i), ŵww) (6.31)

and the measured value is

xxx(i+ 1) = f(xxx(i),uuu(i)) (6.32)

For optimal estimation, UKF has been extensively used for non-linear state esti-

mation in many applications involving full-state feedback. This research makes

use of the UKF for non-linear state estimation of the aircraft. The UKF algorithm

contains four steps involving initialization, finding sigma points, time update, and

measurement update. The four steps can be viewed in Figure 6.3.
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The structure of the proposed scheme can be summarized in Figure 6.4.

6.5 Time Varying Faults Tolerance

Environmental disturbances and aging effects in all the plants lead to performance

degradation of the controller. The performance goes to the worse scenario and

even leads to instability in several critical applications, i.e., fighter aircraft. Slight

performance degradation may lead to drastic results in dog fights. Therefore, these

effects must be catered to in controller design and applications.

For applications like fighter aircraft, the controller performance may suffer from

two major issues, i.e., sensor fault and actuator fault. This work focuses on the

actuator faults. Actuator faults are also of two types, i.e., Permanent and tem-

porary. Permanent faults are the ones in which the actuator goes to a certain

position and is unable to recover at any time. This is also known as a stuck fault,

as the actuator is stuck in a certain position. No matter what the desired position

suggested by the controller, the aircraft is unable to provide that position. This

can be easily understood by Figure 6.5. The controller can only cater to these

types of faults if there’s an alternative to that control surface. In this research,

this type of fault has not been considered.

Another type of fault, which is most prominent in aircraft maneuvers and is the

focus of current research, is temporary jamming or temporary faults. In applica-

tions like fighter aircraft, this type of fault may also be referred to as stall load. In

this type, the actuator is not damaged but suffers from high aerodynamic forces.

Due to these aerodynamic forces, the actuator can’t reach its extreme limits, which

may lead to reduced performance or worse in certain scenarios. This type of fault

is shown in Figure 6.6. In effect, the actuator can’t go beyond the reduced limit,

even if the controller requirement is more. However, this kind of fault is there

for a short period, i.e., while performing maneuvers. Once the maneuver is over,

the actuators regain their original limits. Since these types of faults may appear

in any aircraft while performing maneuvers, therefore must be catered to in the

controller design. Thus, the current research focuses on the control of these types

of faults along with optimal tracking.
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Figure 6.4: NN-based OSMPC Structure
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Figure 6.5: Stuck Fault

The aerodynamic forces, which are the main cause of temporary faults and are

mostly encountered while performing high maneuvers in fighter aircraft, are not

guaranteed to be fixed throughout the maneuver. The environmental effects may

change in nanoseconds and may lead to a change in load on the actuator. These

changing loads are reflected as time-varying faults in actuator performance. So,

the actuator, which was assumed to be stuck to a certain fixed position during the

fault period, doesn’t stick to the fixed reduced limit. But this reduced limit may

vary with time, which is termed as time-varying faults. This can be viewed as in

Figure 6.7.

6.6 Numerical Example

The controller efficiency is tested in Matlab within the CasADi environment with

the closed-loop model as in Figure 6.8. The aircraft data is available in non-linear

form, and all necessary parameters are available in Table 6.1. xxxref is the desired
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Figure 6.6: Stall Load

Figure 6.7: Time-Varying Stall Load
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Figure 6.8: NN-based OSMPC Closed Loop Block Diagram

state with the specification obtained from the Herbst-type maneuver mentioned

earlier. In effect, the reference is to track the angle of attack, roll angle, and

side-slip angle.

The NN block is the neural network block. NN block approximates the function

for different aerodynamic coefficients, which will be used for the non-linear model

of the aircraft in the CasADi environment. This model will be further used in

controller design.

NLP is the non-linear solver that is used to obtain a secondary reference for re-

moving the steady-state error. The NLP block receives inputs from the NN block,

reference input, and estimated value of state xxx from the estimator.

UKF is the Unscented Kalman Filter used to estimate the non-linear states of the

system from the Aircraft’s outputs and inputs. The estimated states have been

fed to the NLP and SMPC block. SMPC is the heart of the controller, which is

Scenario-based Model Predictive Control. The SMPC block gets the information of

estimated state, secondary reference, and measured states from NN and based on

that information, gives the input required by the aircraft to perform the maneuver.

The block is also responsible for fault tolerance during complex maneuvers. This

block forces the controller to work under reduced limits if necessary.
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Figure 6.9: Angle of Attack tracking using OSMPC

In this chapter, a Herbst-type maneuver is performed. That means the aircraft

performs longitudinal as well as lateral motion. An angle of attack tracking is

shown in Figure 6.9. The results show that the aircraft follows the desired reference

trajectory required to perform the desired maneuver quite efficiently. The tracking

is quite smooth, which, in effect, gives minor overshoots and zero steady-state

errors. The aircraft quickly follows the reference command with very small rise

time, settling time, and overshoot as shown below.

tr = 0.10s

ts = 0.20s

Mp = 0.00%

The lateral motion i.e., roll rate has also been controlled efficiently. There are

some jerks in tracking lateral motion, but the overall performance is good. The

tracking results for roll rate are shown in Figure 6.10. For this certain type of

maneuver, the side-slip angle should be zero throughout the maneuver. The result

for this controller is shown in Figure 6.11. This result indicates that the controller

efficiently controls the side-slip motion. The controller is also able to control the

speed of the aircraft as indicated by Figure 6.12. While performing the maneuver,

it’s been observed that a minor reduction in speed. The speed then increases at
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Figure 6.10: Roll Rate Response using OSMPC

Figure 6.11: Side Slip Angle Response using OSMPC

the end of the maneuver. The pitch rate and yaw rate changes have been shown

in Figure 6.13 and Figure 6.14, respectively.

The control inputs required to perform the desired maneuver have been shown in

Figure 6.15 to Figure 6.18. All of the control surfaces remain in their constraints,

yet give the best tracking in the presence of uncertainties.

As discussed earlier, the aircraft suffers from high aerodynamic forces while per-

forming complex maneuvers. In these scenarios, the aircraft works under reduced

control limits, and the controller has to redefine the control limits for efficient
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Figure 6.12: Speed Response using OSMPC

Figure 6.13: Pitch Rate Response using OSMPC

control. The controller has also been tested against faulty scenarios in which the

controller has to work under reduced control limits because of high aerodynamic

forces. In simulations, a saturation block is implemented on the elevator input,

for which the saturation limits vary with time. In effect the control surface deflec-

tion is reduced by the saturation block. The controller adjusts the control limits

seamlessly and operates under reduced limits in these scenarios, and the results re-

main unaffected. This behavior indicate that the controller shows robust behavior

against faulty or degraded conditions.
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Figure 6.14: Yaw Rate Response using OSMPC

The results of the proposed controllers are compared with the results of [105]. In

[105], a high angle of attack maneuver has been performed on an F-16 fighter air-

craft with the thrust vectoring technique. In order to deal with non-linearities and

uncertainties of the system, a Finite Time Extended State Observer has been used

with Super Twisting Sliding Mode Control. A Herbst-type maneuver has been

performed to validate the controller’s efficiency. The simulation results indicate

quite a good performance, giving performance parameters as

tr = 1.70s

ts = 2.50s

Mp = 0.00%

Although thrust vectoring has been applied in the referenced work, our proposed

scheme outperforms for the same type of maneuver. The performance metrics are

much better in the proposed work.

6.7 Complexity Analysis

To compare the computation time of different control schemes. The computation

time is obtained for the simulation time of 10 sec conducted in Matlab 2024 on
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Figure 6.15: Thrust Input using OSMPC

Figure 6.16: Elevator Angle using OSMPC

a Dell Laptop with a 13th Gen Core i7-1355U processor (1.7GHz) and 16GB

of RAM. The computation time of SMPC, is higher than the computationally

efficient NMPC (discussed in Chapter 5) but less than standard linear MPC. This

increase on computations is mainly due to the fact, that in SMPC the number of

states and number of inputs increase with the number of scenarios. Thus, giving

a good performance at the cost of more computation time. The computation time

of different MPC schemes is summarized in Figure 6.19 showing that LMPC takes

more time than the computationally efficient NMPC and SMPC.



NN-based Offset-free Scenario-based MPC 128

Figure 6.17: Aileron Angle using OSMPC

Figure 6.18: Rudder Angle using OSMPC

6.8 Conclusion

This chapter provides a computationally efficient implementation approach for

OSMPC over fast dynamic systems i.e., fighter aircraft. The proposed approach

also caters to uncertainties in the system and environmental disturbances. In ef-

fect, it caters to faults due to high aerodynamic forces on the control surfaces. The

computational complexity is reduced by the NN-based system’s approximation and

then symbolic simplification of the controller formulation offline in CasADi. The
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Figure 6.19: Computation Time

resulting simplified controller can then be optimized online for current estimates.

A scenario-based MPC approach is used for controller implementation, which in-

corporates offset-free MPC for removing the steady-state error. A UKF-based

state estimation provides optimal state estimation in the presence of uncertainties

and disturbances.

This research considers only the uncertainty in approximating the aerodynamic

coefficients, however, external disturbances and other uncertainties have not been

considered in this research. One future direction is to test the controller under

environmental disturbances.

This research considers only the Herbst-type maneuver for validation of the con-

troller. This research assumes that if this type of maneuver can be performed

efficiently by the controller, the other maneuver can also be performed efficiently.

Thus those maneuvers can also be checked in the future by using this technique.

The future direction for this could be the application of other fast dynamic systems

i.e., UAVs, etc. Another direction could be the use of other methods for reducing

the computational complexity of MPC along with this method.



Chapter 7

Conclusion and Future Work

7.1 Conclusion

This research is intended to find a computationally efficient solution for the control

of modern fighter aircraft. The aim is to control fast maneuvers during dogfights.

The reason for choosing the fast maneuvers for fighter aircraft is that it’s hard

to control. The other application won’t be tough for a controller model that

can control these types of maneuvers for fast aircraft. Considering this type of

application, different controllers have been reviewed and tested for the fighter

aircraft. The research starts with the LQR application for the fighter, which

was followed by an H∞ controller. The results of both of these controllers were

compared with those of the MPC controller. The research shows that Model

Predictive Control (MPC) is the best controller available. The MPC control model

provides constraint satisfaction and excellent performance.

The aircraft chosen for this research is the F-16. F-16 is one of the modern

fighter aircraft whose data is non-confidential and openly available. Thus the fast

maneuver control of the F-16 using MPC is the main focus of the research. One

of the challenges while performing the fast maneuvers is a stall load (temporary

fault) in which the control surfaces can’t achieve full deflection. Previous research

in this area considers only fixed faults, i.e., the control limit reduces to a certain

fixed limit. However, this research considers time-varying faults while performing

fast maneuvers, and a new way of detecting and controlling these time-varying

130



Conclusion and Future Work 131

faults through MPC has been discussed. The results of the new time-varying fault

detection algorithm have been verified on a linear model of the F-16 for high angle

of attack maneuver control. The results show that this new method improves

performance as compared to the old techniques.

Considering MPC as the best controller, this research focuses on the computation-

ally efficient ways of applying MPC for the fast maneuver control of modern fighter

aircraft. The main problem with MPC is high computations, which is the reason

for its application limitations. Further research is needed to find different ways of

applying MPC with reduced computations. Among many available computation

reduction techniques for MPC, one is move-blocking MPC. This technique fixes

a certain number of inputs in a receding horizon fashion while finding the opti-

mal control input using a blocking matrix. Among the different available blocking

strategies for MPC, none gives optimal results. In Chapter 4, an LQR-based algo-

rithm has been proposed for finding the optimal blocking matrix. This algorithm

is based on the optimal behavior of the LQR controller. This method first finds

the optimal controller using LQR and the optimal sequence offline. Based on this

optimal sequence, it then fixes the number of inputs if the difference between two

consecutive inputs is not too much. This method has been tested against Cessna

aircraft. However, this method is not beneficial for fast maneuver control of fast

aircraft. Besides, using linear MPC for these fast applications needs more com-

putations because of the linearization of the model at each sampling interval (in

mSec), other than solving large MPC problems.

The non-linear MPC performs better than linear MPC because it handles the

nonlinearities of the system. However, non-linear MPC is more computationally

complex than linear MPC. In the next research, a new way of implementing non-

linear MPC has been shown for reduce computation time and better performance.

This method involves solving the MPC problem offline using symbolic simplifi-

cation by a toolbox named CasADi and NN where the approximation is needed.

This method uses simplified functions instead of solving big matrices in the on-

line computation of the MPC controller. This method has been modified using

offset-free MPC to reduce steady-state error. This method has been tested for
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Table 7.1: Performance Comparison of different MPC schemes

LMPC NMPC SMPC STSMC[105]

tr sec 1.2 1.0 0.1 1.7

ts sec 2.2 2.5 0.2 2.5

%OS 3.3 8.0 0.0 0.0

high angle of attack maneuver control of the non-linear F-16 model. The result

shows good performance for this scenario.

The next step is to improve performance in the presence of uncertainties and time-

varying external disturbances while performing an even more complex Herbst-type

maneuver. This maneuver uses both longitudinal as well as lateral motion control.

In this part, the MPC model has been replaced by scenario-based MPC, which

is further solved symbolically using CasADi and NN and modified by offset-free

MPC. This method considers different levels of uncertainties in the input and

state and solves the MPC problem using these scenarios. This method increases

computational complexity but performs better in the presence of uncertainties

and external disturbances. A Herbst-type maneuver has been performed quite

efficiently for F-16 aircraft by using this new technique. The results validate the

performance at the cost of increased computations.

The performance of different controllers, i.e., linear MPC, Non-linear MPC, and

Scenario-based MPC, has been compared with STSMC. The performance sum-

mary is in Table 7.1. The performance comparison indicates that SMPC performs

much better as compared to other controllers. The rise time, settling time, and

overshoot are much better for SMPC as compared to LMPC, NMPC, and STSMC.

The key findings of the research are summarized as:

• The design and implementation of the Time-varying fault detection and

fault-tolerant algorithm using linear MPC.

• The design of the LQR-based optimal blocking strategy for reduced compu-

tational complexity and optimal performance in linear MPC.

• A NN-based computationally efficient offset-free nonlinear MPC.
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• A computationally efficient NN-based offset-free scenario-based MPC.

7.2 Future Work

This research aims to find a computationally efficient solution of MPC for the

control of fighter aircraft. However, hardware implementation is not within the

scope of this research. One research direction is the HIL-based implementation

of the designed controller by using some computationally efficient hardware. This

could be done by implementing controller parts on hardware and aircraft models

in MATLAB. However, controller selection and programming language play an

important role in computational analysis. The controller must be able to perform

each iteration of MPC within a specified sampling time. Otherwise, a reduction

in performance can be observed.

Another way to implement this controller is to test these controllers on low-cost

hardware applications, e.g., a quadcopter. Remotely operated machines, e.g.,

UAVs, can also be operated by this. However, the controller should be tuned for

the particular application. Since MPC is a model-based controller, the controller

design requirements might change slightly based on the application.

In addition to hardware implementations of this research, this research can be

modified by other computationally efficient methods for MPC. One way could be

using move-blocking MPC with the NN-based solution proposed in this research.

The other way could be to use a different MPC solver for computational reduction.

However, CasADi uses only a few solvers, so only those solvers that are compatible

with CasADi can be used. Another approach can be the use of fast MPC.

This research can be further extended to include the use of the designed controller

for other phases of aircraft flight, e.g., taxi, takeoff, and landing. However, the

model specifications and flight conditions change accordingly.

This research targets the application of fighter aircraft. However, the scope of

the proposed schemes in different chapters is not limited to the aircraft only.

The proposed control scheme and implementation methods can be applied to any

application. The future work includes the application of the proposed control

schemes to different applications.
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Longitudinal Mode

Phugoid Mode Specifications

Table 5: Phugoid Mode

Level 1 ζp > 0.04

Level 2 ζp > 0

Level 3 T2p > 55s

Short Period Mode Specifications

Table 6: Short Period Mode Damping Ratio

Cat. A & C Flight Phases Cat. B Flight Phases

Level Minimum Maximum Minimum Maximum

1 0.35 1.30 0.30 2.00

2 0.25 2.00 0.20 2.00

3 0.15 no limit 0.15 no limit

Table 7: Short Period Mode ωn

Cat. A Phases Cat. B Phases Cat. C Phases

Level Minimum Maximum Minimum Maximum Minimum Maximum

1 0.28 3.60 0.085 3.60 0.16 3.60

ωn ≥ 1.0 ωn ≥ 0.7

2 0.16 10 0.038 10 0.096 10

ωn ≥ 0.6 ωn ≥ 0.4

3 0.16 no limit 0.038 no limit 0.096 no limit
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Lateral Mode

Roll Mode

Table 8: Roll Mode Max. Time Constant

Flight Level

Phase Category Class 1 2 3

A I,IV 1.0 1.4 no limit

II,III 1.4 3.0 no limit

B All 1.4 3.0 10

C I,II-C,IV 1.0 1.4 no limit

II-L,III 1.4 3.0 no limit

Spiral Mode

Table 9: Spiral Mode Min. Doubling Time Constant

Flight Phase Category Level 1 Level 2 Level 3

A & C 12s 8s 4s

B 20s 8s 4s

Dutch Roll Mode

Table 10: Dutch Roll Mode

min min min

Level Phase Category Class ζd ζdωnd ωnd

1

A I,IV 0.19 0.35 1.0

II,III 0.19 0.35 0.4

B All 0.08 0.15 0.4

C I,II-C,IV 0.08 0.15 1.0

II-L,III 0.08 0.15 0.4

2 all all 0.02 0.05 0.4

3 all all 0.02 no limit 0.04
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