Adaptive Model Predictive Control for
a Delivery Quadrotor

Author: Superuvisor:
Piwai Nigel CHIKASHA Chioniso KUCHWA-DUBE

A Dissertation submitted to the Faculty of Engineering and the Built Environment, Uni-
versity of the Witwatersrand, Johannesburg, in partial fulfilment of the requirements of the
degree of Master of Science.

November 23, 2018



Declaration of Authorship

I, Piwai Nigel CHIKASHA, declare that this dissertation titled, “Adaptive Model Pre-
dictive Control for a Delivery Quadrotor” is entirely my own work except where
otherwise stated. I confirm that this research work was done while in candidature at
the University of the Witwatersrand and no part of this research dissertation has pre-
viously been submitted for any other qualification at any other institution. Where I
have consulted the published work of others, this is always clearly attributed and I
have acknowledged all main references. I also understand what plagiarism is and I
am aware of the University’s policies in this regard.

Signed:




ii

“Go down deep enough into anything and you will find mathematics.”

Dean Schlicter
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Abstract

This work explores the application of Adaptive Model Predictive Control (AMPC)
to a quadrotor, given some delivery (varying load) task. In simulations, this is inves-
tigated as a pick-and-place task for a delivery quadrotor, then in experiments, as a
load-drop-off stabilisation task. Model Predictive Control (MPC) is a very powerful
method of Advanced Control, utilizing an implicit model to make output predic-
tions which are in turn used in computing control action. Dynamic Matrix Control
(DMC) is very common in process control today, especially for chemical plants. Due
to changes in operating points, the implicit model in MPC typically becomes insuf-
ficient, costing the quality of the controller. This work proposes Adaptation (based
on the Recursive Least Squares (RLS) algorithm), for online system identification
to update the model in real time hence taking changes in operating points into ac-
count when computing the DMC control action. Overall, Adaptive DMC (ADMC)
is investigated as to whether ADMC is capable of improved quadrotor control given
load variation. The quadrotor is modelled analytically based on the Newton Euler
Formalisation then experimentally based on system identification from flight data.
The experimental model is optimised before being adopted as the system model
for ADMC design. The adaptive controller is implemented and simulations run to
evaluate the controller against PID and also adaptive PID. The controller compar-
ison is based on experimental graphical analysis, which is possible if data is well
presented. Optimal controller tuning methods are also a common basis for con-
troller evaluation, producing precise evaluation indices for controller comparison,
although typically applied to theoretical cases. The controllers are also tested exper-
imentally, on a quadrotor and evaluated, for different load disturbance magnitudes.
The experiments reveal that ADMC provides the best control quality in terms of dis-
turbance compensation. To achieve this though, requires careful tuning of the possi-
ble ADMC parameters and in this case, additional manipulation of control action by
applying some signal smoothing algorithm to the control action. The comparison is
made by analysing, how in each case, the quadrotor responds to an in-flight weight
(load) drop-off. These experiments are also important in understanding how close
to reality system simulation is, and if not close enough, then the reasons for this too.
An important aspect that is kept in mind in the design process is that of minimis-
ing computation because the ADMC controller (which must solve an optimisation
problem at each time sample) is computationally expensive as it is.
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Chapter 1

INTRODUCTION

1.1 Background

An Unmanned Aerial Vehicle (UAV) is an aircraft controlled remotely, without a hu-
man pilot onboard. UAVs have a payload capability which means that UAVs can be
used as platforms on which objects can be lifted. This capability introduces oppor-
tunity for delivery of goods using UAVs over and above the capability to lift useful
data acquisition modules such as sensors. UAVs (as platforms on which various sen-
sors can be mounted) are fast becoming important assets in key sectors of economies
such as agriculture, mining, mapping, environment management etc. Mounting a
magnetometer allows us to execute mineral exploration, while a multi-spectral cam-
era enables agricultural research (crop health assessment, harvest estimation etc).
Alternatively, manned aircraft or Satellite Imagery can be used for these vital activi-
ties, but not without compromise to accuracy and at a cost. Figure 1.1, has been put
together to outline the comparison of these three.

Satellites

Manned Aircraft

lleya Buisealou
1s09 Buisealnag

UAV

<€
<€

FIGURE 1.1: Comparison of UAV, manned aircraft and satellite imagery
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1.2 Purpose of the study

The purpose of the study is to develop a controller based on adaptive model predic-
tive laws, for tests with a quadrotor Unmanned Aerial Vehicle (UAV). This controller
is then evaluated against Proportional Integral Differential (PID) and also adaptive
PID control. In simulation, the tests investigate the performance of the controllers
for a load pick-and-place task with a delivery quadrotor, while in practical exper-
iments, tests are carried out for the varying-load task, where is load is dropped
mid-flight. Aspects surrounding the tuning and implementation of the adaptive
predictive controller are discussed. Overall, the study establishes whether or not,
the adaptive predictive controller is capable of improved control quality.

1.3 Research background and context

The ability of quadrotors to lift loads has shown great potential in application to
transportation and aerial manipulation. To this end, some research has been di-
rected to parcel delivery using quadrotors [1], as a possible solution to the difficulty
of delivery in remote areas. When the quadrotor is programmed to automatically
approach an object to be transported, pick up the object and move the object to some
desired point, this is commonly called a “pick-and-place’ task, widely referred to as
‘aerial manipulation’. Aerial manipulation also includes cases where it is necessary
to interact with the environment physically while airborne, which applies for ex-
ample, to infrastructural inspection and/or repair. For dangerous operations, using
UAUVs for this task provides a safer alternative rather than deploying a person to
the task. This again, usually involves the pick-and-place task (using some actuated
manipulator), if the quadrotor has to pickup a certain component for example a sen-
sor, and place the sensor at some point that would be difficult for a human being to
reach.

Transporting an item with a quadrotor or attaching and/or operating a manipulator
means adding load to the quadrotor. This will affect the dynamics of the quadro-
tor. It is therefore necessary to develop controllers that take the load effects into ac-
count, or else the system is likely to perform unsatisfactorily in tracking the planned
route. Efficient and precise tracking will therefore demand high levels of reliabil-
ity and quality from the UAV controller. Error in trajectory would likely result in
an air crash or loss of the vehicle and the precious load on board. Many different
controllers have been tested for the control of quadrotors, from both classical and
modern strategies. Whether or not a controller works desirably for quadrotor con-
trol normally depends on the model of the quadrotor [2] and the environment the
quadrotor will operate in.
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1.4 Research motivation

Quadrotors can land or take-off vertically and can hover. This makes the quadro-
tor a highly recommendable robot for aerial manipulation (in this case delivery).
Successful aerial manipulation with a quadrotor will certainly require reliable and
efficient control. This research proposes adaptive model predictive control (AMPC)
for the quadrotor pick-and-place task. Adaptive control is a learning-based control
technique which allows a system to adjust control by automatically updating the
system model in real time according to the respective process dynamics. Adaptive
control has gained much ground in flight control systems [3, 4] and has become
a topic of interest in cases where plant dynamics or disturbances are unknown or
varying, as the case with the pick-and-place quadrotor. Adaptive control in this
case, will therefore offer a controller with adjustable parameters and a mechanism to
adjust the parameters [5, 6] in response to variations in the dynamics of the quadro-
tor according to, not only the loads picked up, but external or internal disturbances
too.

Model predictive control (MPC) is an optimal control technique employing an inter-
nal model to predict system behaviour in some finite time horizon. Using MPC, it is
possible to achieve:

e Optimal tracking (with compensation of model uncertainty) of the desired tra-
jectory even with the load attached.

e Direct incorporation of constraints to represent physical limitations of the quadro-
tor such as speed.

e The ability to explicitly handle the multi-variable quadrotor system which has
coupled inputs and outputs.

The combination of adaptive control and MPC provides a flexible approach to con-
trol design. While there may be standard design methods for adaptive and model
predictive control, implementation and tuning of the controllers are entirely open to
be tailored to meet the required demands [7].

1.5 Problem statement

The quadrotor must follow a specified trajectory in picking up, transporting and
placing a load at some point. It is required that the quadrotor follows this trajectory
as closely as possible regardless of the disturbances encountered. The load, with
unknown mass, introduces load dynamics to the system according to the mass, size
and position of the load. Moreover, the quadrotor also operates subject to unknown
wind disturbances and possibly with uncertain dynamics influenced by misalign-
ment of motors, weight imbalance etc. The problem is that, accurate control and
tracking of the trajectory is difficult with the stated disturbances acting against the
vehicle.
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1.6 Research Question

This research proposes AMPC for a pick-and-place quadrotor UAV. The adaptive
component must ensure that the system adjusts to the attached load while the MPC
component introduces optimal tracking. The research question is whether or not
adaptive model predictive control (in the context of Adaptive Dynamic Matrix Con-
trol - ADMC) will provide improved control in disturbance rejection and reference
tracking in executing a pick-and-place mission using a quadrotor. To answer this
question, simulations are run and experiments carried out. In these experiments,
different controllers are compared based on a particular quadrotor. The experiments
analyse the behaviour of each controller when some identical load is dropped off the
quadrotor in-flight. Particularly, this analysis explores deviation from setpoint and
ho long it takes for the system to self-correct, and also the steady-state error.

1.7 Research Objectives

The objectives of the study are to:
e Review relevant critical literature.
e Model the quadrotor system analytically.

e Explore the closed-loop quadrotor specifications and model the quadrotor ex-
perimentally.

Develop an adaptive controller and realise AMPC (Adaptive dynamic matrix
control - ADMC) based on the quadrotor system model obtained.

Simulate AMPC (ADMC) pick-and-place and make evaluations against self-
tuned adaptive control and also PID control.

Deploy ADMC on the physical model and carry out experiments.

Evaluate the quality of the deployed controller according to some experiments.

1.8 Literature Review

This research focuses on the development of a controller for pick-and-place aerial
manipulation using a quadrotor. Literature of interest will contain information
about aerial manipulation in general, control design, trajectory tracking and system
modelling.

1.8.1 Control of aerial manipulators for pick-and-place

Kim et al. [8] adopt an adaptive sliding mode controller to solve the pick-and-place
problem. This is realised by a quadrotor with a 2 degree of freedom (DOF) actuated
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arm to pick and place an object. In this work, the quadrotor and the actuated arm
are modelled in a combined system model and experiments reveal that the adaptive
sliding mode controller performs satisfactorily.

Garimella et al. [9] develop a nonlinear coupled model for a quadrotor with a 2
DOF manipulation arm. Unconstrained MPC is proposed (prediction horizon 2 to
5 seconds) and employed for trajectory tracking on an Odroid XU+E computer. An
onboard vision system is then used to locate the object to be picked up. Experiments
reveal satisfactory tracking, validated by an optical motion tracking system. Possi-
ble improvement, however, is in the efficiency of the optimisation control algorithm
for which a fast optimal control algorithm is proposed as a possible solution. Ghaf-
far et al. [10] investigate model reference adaptive control for a quadrotor designed
to pick up an unknown load. When combined with a linear quadratic regulator
(LQR) the adaptive controller is capable of ensuring a stable tracking performance
of the loaded quadrotor. Experiments are carried out on a fixed test-bench.

The most popular load-lifting technique is ‘grasping’, sometimes referred to as grip-
ping. Pounds et al. [11] address quadrotor grasping proposing proportional integral
differential (PID) control to reject the disturbances introduced by the load. Experi-
ments are carried out using an aerial manipulator testbed. Results reveal that higher
load mass had to be aligned with the centre of mass of the quadrotor as closely as
possible otherwise the PID would not meet the required stability performance in-
dices satisfactorily.

Ghadiok et al. [12] develop a quadrotor capable of picking and placing an object in
global positioning system (GPS) denied environments. Using an onboard camera
and simultaneous localization and mapping (SLAM) algorithms, the quadrotor is
able to track the planned trajectory precisely while an infrared assisted secondary
camera locates the target object. Nested PID controllers are implemented to stabilise
the quadrotor and to navigate the system. Heredia et al. [13] design a back-stepping
based controller for an octocopter with an actuated manipulation arm. A coupled
nonlinear dynamic model is proposed and indoor experiments including lifting of
sensors are successfully carried out. Mellinger et al. [14] achieve cooperative load
transportation using four synchronised quadrotors. This work includes experiments
carried out in the Vicon motion capture system but however, does not include au-
tomated load picking. The concept of cooperative grasping and trajectory tracking
with a load is also studied in [15] and [16].

1.8.2 Quadrotor trajectory tracking

The load dropping task of interest in this research relies on the trajectory tracking
capabilities of the quadrotor. Trajectory tracking with quadrotors is on-going re-
search. Suicmez [17] proposes two methods for trajectory tracking; back-stepping
and linear quadratic tracking (LQT) control. Simulation results show that both con-
trollers ensure satisfactory tracking, with LQT tracking complex trajectories more
accurately and more efficiently than back-stepping control. Bouabdallah et al. [18]
and Madani et al. [19] also study back-stepping tracking. Back-stepping control,
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though robust, depreciates in performance quality as the system model becomes
more inaccurate.

In [20] robust trajectory tracking is realised by a dual-loop control scheme. The
controller considers model inaccuracy, external disturbances and sensor noise, and
an optimisation solver computes control action. Simulation and experimentation
reveal that the controller is efficient. Lee et al. [21] propose and simulate a feedback
linearisation based controller for trajectory tracking, obtaining satisfactory results.
Benallegue et al. [22] combine feedback linearisation with a sliding-mode based
observer for command tracking. Zou [23] proposes a PD controller for trajectory
tracking and to improve performance, an optimal tracking-differentiator is added.

Liu et al. [24] propose sliding-mode control for trajectory tracking. Sliding-mode
control ensures robustness to system uncertainties and external disturbances. To
minimise the chattering effect introduced by sliding-mode control, a fuzzy con-
troller is added to the scheme and simulation results show efficient tracking. In
[18] sliding-mode trajectory tracking for a quadrotor is investigated and also in [25].
where sliding-mode control is combined with adaptation. Sliding-mode design re-
quires the knowledge of the bound on the uncertainties, which in some cases poses
a challenge in accurately estimating the uncertainty bounds. Adaptive and MPC
trajectory tracking are examined in sections 1.8.3 and 1.8.4 respectively.

1.8.3 Adaptive Control

With adaptive control, it is possible to adjust the trajectory tracking control of the
quadrotor according to the picked up load. Adaptive control, in general, is a solu-
tion to the problem of uncertain or varying plant dynamics and/or disturbances.
Adaptive control is based online system identification via estimation of process pa-
rameters. High adaptive gains technically mean fast estimation convergence but
may also cause instability and so it is typical to apply low gains, as found by Ghaf-
far et al. [10]. Monte et al. [26] propose an adaptive back-stepping controller for
quadrotor trajectory tracking based on a nonlinear system model. The controller is
based on L1 adaptive control and in simulation; compensation for model uncertain-
ties and frequency-range-specific disturbance is achieved to satisfactory levels.

Adaptive control involves automated system identification by means of estimating
parameters of the system model in real-time. Two estimator approaches are pos-
sible; the ‘black-box” approach or the ‘regressor’ approach [27]. Adaptive control
can be realised in both continuous [28, 29] and discrete-time [30, 31]. A method to
stabilise a quadrotor against unknown parameters in the system model and against
external disturbances is discussed in [32], where control is based on the use of a
cerebellar model articulation controller (CMAC). A linear model is employed in this
work in state space form. Neuro-adaptive control procedures are implemented to
train the approximation weights online. The CMAC controller is able to efficiently
return the quadrotor to the desired position after induced disturbances are applied.

In [33] an adaptive method based on sliding-mode control is proposed for quadrotor
control. The goal is to design an adaptive control law based on sliding-mode control
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without the knowledge of the bound of uncertainties/perturbations. This control
strategy is successful as demonstrated by simulations but with the possibility of
improvement in compensation of the errors in model estimation.

A block back-stepping controller is proposed for the attitude stabilisation of a quadro-
tor in [34]. Adaptive algorithms provide an estimation of the state space model
errors (nonlinear model), as well as the disturbances and a Lyapunov function en-
sures exponential estimation convergence. From simulations, it is evident that the
designed controller effectively maintains stability when momentary disturbances
are applied. An adaptive integral back-stepping controller is proposed by Fang et
al. [35] with the aim to complement any inaccuracy in the model with adaptation, to
minimise compromise on the back-stepping controller (which degrades with model
inaccuracy). Simulation shows high quality control, regardless of model uncertain-
ties.

Adaptive neural network control of quadrotor is pursued by Boudjedir et al. [36].
The research proposes an adaptive sliding-mode control based on two neural net-
works for quadrotor stabilisation. The learning algorithms are obtained using the
direct Lyapunov stability method. While sliding-mode control independently pro-
vides a systematic approach for maintenance of stability when the system model
is inaccurate, it does have some drawbacks, i.e. the chattering phenomena and the
need to have knowledge of the system dynamics. This is complemented by the Neu-
ral Network control part of the system. Results of this work show stable control of
the quadrotor regardless of dynamic model inaccuracies. Based on simulations, the
controller also maintains stability when disturbances are applied.

1.8.4 MPC

Adaptive control is a control approach rather than control law, making it flexible to
the actual control law implemented (whether PID, pole-placement, back-stepping,
MPC etc). MPC provides optimal control via minimisation of a cost function of
error and has the ability to observe constraints which typically represent physical
limitations in the system. In combination with adaptation, MPC should ensure the
desired control quality for this research. One-step-ahead prediction (e.g. Minimum
Variance approach) methods can be implemented, which are based on plant out-
put at a single future instant in the prediction horizon [37]. Control is then chosen
so that the predicted output matches the reference-point. Such methods are how-
ever, very sensitive to dead-time. To achieve high robustness, it is helpful to look
into long-range model predictive techniques such as generalised predictive control
(GPC), dynamic matrix control (DMC), identification and command (IDCOM) etc
[30]. These however, introduce a heavier computation burden.

Alexis et al. [38] propose nonlinear MPC for quadrotor trajectory tracking. The con-
troller is based on the piecewise affine (PWA) method and constraints are realised
in accordance with physical limitations of the quadrotor such as maximum rotor
rotational velocity. Simulation indicates efficiency in trajectory tracking and distur-
bance rejection. A long range model predictive controller is designed for a miniature
remote-controlled helicopter in [39] based on a Linear Time Varying (LTV) model
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approximated from the vehicle’s non-linear dynamics. A fast custom convex opti-
mization solver for the MPC iteration is developed and experiments conducted to
compare MPC against a PID controller. Results indicate that the PID does not meet
the quality indices of the MPC based controller.

An MPC scheme is proposed for attitude control in [40] for a quadrotor UAV. The
predictive controller is able to stabilise the quadrotor model when induced wind
disturbances are applied, however, when operating conditions change significantly,
the predictive controller becomes vulnerable. To this problem, the authors suggest
inclusion of on-line system identification to update the model in real-time.

In [41] MPC is implemented for the altitude control of a quadrotor employing a
reduced linear model to improve efficiency of the controller by reducing computa-
tional burden. The controller is implemented on an embedded linux-based Gumstix
flight controller for experiments and results show satisfactory response, although
the experiments are limited to a narrow range of operating conditions. Kim et al.
[42] propose MPC for quadrotor control, with the aim to improve efficiency by em-
ploying Weighted Forgetting on constraints in order to prioritise and base computa-
tion only on data that has more effect on the system. Simulations show satisfactory
response. One drawback with MPC is that if the internal prediction model deviates
from the actual process, performance of the controller degrades. We expect lifting a
load to change the dynamics of the quadrotor (system model) significantly and so,
for efficient MPC, a method to keep the internal model updated may be necessary.

1.8.5 AMPC

AMPC or Learning-Based Model Predictive Control (LBMPC) is the realisation of
MPC in a manner which involves updating the MPC internal model as system dy-
namics change. Bouffard et al. [43] apply LBMPC on a quadrotor for control and
trajectory tracking. A nonlinear model is employed in state space. The controller
ensures convergence and robustness efficiently regardless of changing process dy-
namics because the controller learns (based on statistical algorithms) and updates
the MPC internal model according to the changing dynamics. This remains true
even when the learning algorithms produce inaccurate models.

Aymes [44] also applies MPC to an adaptive scheme for the stabilisation of a marble
on a rail modelled into a simplified linear MPC transfer function model. The predic-
tive controller used is GPC based and the model is represented by an AutoRegressive-
Moving Average with Exogenous Terms (ARMAX) structure. The controller is en-
hanced to utilise a supervisor to improve robustness to modelling errors and exper-
iments reveal large stability margins and is implemented on a TMS320C50 digital
signal processor. Chowdhary [45] investigate AMPC for a UAV subsystem. The
nonlinear dynamics of the system are reduced into a linear model and simulation
shows effective control. The linearised model is represented in discrete state space
form. Rahideh et al. [46] also investigate AMPC based on a twin-rotor aerodynamic
test bed. Again, the nonlinear dynamics are linearised and represented by discrete
state space models. Yaw and pitch tracking experiments were carried out and results
showed efficiency in the method.
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1.8.6 System modelling

AMPC is based on an internal model for output prediction. It is therefore neces-
sary to have a reliable model of the quadrotor. There are two approaches to mod-
elling the dynamics of a quadrotor UAV system. The first is analytical, based on
dynamic equations (Newton-Euler or Euler-Lagrange formalisations) and the sec-
ond is experimental, based on input-output data. Balas [47] takes the first approach
to system modelling. The quadrotor dynamics are modelled based on kinematic and
dynamic equations using Newton-Euler formalisation. Bouabdallah has studied the
0S4 miniature quadrotor [48], initially, developing simple models describing the ve-
hicle in hover flight based on kinematic and dynamic equations. The rotor system
is modelled experimentally and system parameters are derived from a computer
aided design (CAD) model. Ahmed et al. [49] and Nicol et al. [50] have also taken
the analytical approach to system modelling based on Newton-Euler formulation.
The Lagrange approach, as detailed by Jithu et al. [51], models the quadrotor as a
complete (whole) instead of a system of separate components. Xu et al. [52] also
take the Lagrange approach to modelling a quadrotor. Both formulations produce
similar end models, the Newton-Euler approach being relatively more flexible.

The experimental approach to quadrotor system modelling is done on/in quadrotor
test-beds [53]. There are two kinds of quadrotor test-beds; one based on ready-
to-fly quadrotor prototypes [53, 54] and the other based on customised platforms
in/on which the quadrotor prototype is placed and tested [55]. The combination
of both kinds of test-beds should give high accuracy (for higher cost) and safety as
proposed in [56] where a commercial quadrotor, the Vicon motion capture system
and a control station are integrated within an experimental field. The Vicon motion
capture system comprises eight cameras and a server from which data is logged in
real-time into MATLAB. From the motion tracking system, it is possible to receive
position and orientation information of the quadrotor. A mathematical model of
the quadrotor is then derived via system identification. The mathematical model
obtained resembles the physical dynamic quadrotor system closely.

In [57], research focuses on deriving a mathematical model of a quadrotor based
on a prototype quadrotor. Data is logged onto a secure digital card during flight
and is imported post-flight, into MATLAB for Single-Input Single-Output (SISO)
system identification based on Comprehensive Identification from Frequency Re-
sponse (CIFER). The quadrotor system, in its closed-loop structure, is modelled ex-
perimentally in [58], Stanculeanu et al. and PID controllers are setup to stabilise the
quadrotor to hover before the data acquisition experiment, in which control data is
stored on an SD card. Khorani et al. [59] use a genetic algorithm to process data
from the gyros and accelerometers of the quadrotor. Experimental quadrotor sys-
tem modelling is also investigated in [60] and [61]. Particularly, Yang et al. [60]
obtain second-order system models based on the ARMAX structure which is anal-
ysed to adequately characterise the closed-loop response of the system. While mod-
els obtained experimentally are generally more direct and practical, these models
are typically reduced to lower order systems, posing a drawback of possible acute
degradation in accuracy. The same applies to analytical models which are typically
linearised.
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1.8.7 Experimental Validation

The full AMPC controller must be implemented and validated via some kind of
load dropping experiments. The idea is to observe if the quadrotor follows the ref-
erence command accurately. Vicon motion capture system based experiments offer
a reliable method for validation [14, 56]. While the Vicon motion capture system
provides a reliable test platform, it does limit the experiments to an indoor setting.
However, outdoor conditions can be induced in the environment with additional
Vicon systems [56].

Less restrictive validation is possible if a data acquisition system is employed to cap-
ture position information from onboard sensors. Befus [62] takes such an approach,
where positional data is recorded from ultrasound range sensors and the inertial
sensor. This method is successful although the experiments are still limited to a
confined space (indoor). Muller et al. [63] explore a similar approach and achieve
efficient tracking with an addition of airflow sensors. Jose et al. [64] also achieve
low localisation errors by using a radio transmitter and determining distance based
on signal time delay.

1.8.8 Feasibility

The feasibility of AMPC for quadrotor control is substantially proven. It is feasi-
ble to update the prediction model of the adaptive model predictive controller in
real time, for improved quadrotor control [43]. It is worth mentioning that adpative
MPC becomes feasible if the internal model is structured to accommodate the ap-
plied recursive algorithms. Typically, simple models result in improved recursion,
although the model, in its simplicity, must maintain ability to describe the system
dynamics. Persistent excitation for the model, is another aspect that affects feasibil-
ity of adaptive MPC, as discussed in Chapter 3 of this work. Both linear [45] and
non-linear [43] models have yielded satisfactory results, and in all cases, seemingly
acceptable compensation for model inaccuracies. On the scale of implementation
and experimentation, the feasibility of AMPC for quadrotor control is heavily de-
pendent on the computational capacity of the actual hardware employed.

1.8.9 Computational speed

Due to the high computational demand of AMPC, any implementation and exper-
imental exercises require hardware equipment that is capable of meeting the com-
putation need [46]. In particular, the MPC algorithm will solve the an optimisation
problem at each sample time. On that note still, acquisition of relevant information
from the quadrotor control system sensors (accelerometers, gyros, barometer and
GPS) must be carried out, as well as execution of the AMPC control action through
the motor control modules. If the MPC iteration exceeds the loop duration (based
on the frequency specification of the processing computer), the controller is bound
to fail [44]. It is necessary to ensure that the available hardware is able to provide
the required computational speed to complete all iterations.
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1.8.10 Stability

Control system stability can be defined as the ability of the system to maintain con-
stant state unless influenced by some external action, which case the system returns
to some constant state when the external influence is removed [3]. The quadrotor
system is inherently unstable [18], stemming from the fact that the linearised system
model can be represented by transfer functions of second order with two poles on
the origin as explained in the next chapter. Stability has been successfully achieved
through the implementation of various control strategies ranging from PID [12], to
linear quadratic [17], back-stepping [19], sliding-mode [24] and so on. It is common
that finite time optimal controllers, which include MPC, do not necessarily always
result in stable closed-loop systems. MPC relies on some iterative solution of an op-
timal control problem. Typically, to ensure stability of MPC, the idea is to employ
strategies on the basis of some terminal cost function and some terminal constraint
region. It is typical to impose state constraints and also control constraints to ensure
stability. MPC stability is known to be sensitive to the lengths of the control and pre-
diction horizons too, where too short such horizons may lead to instability. Model
uncertainty as well, is a common contributor to unstable MPC.

1.9 Summary

In this chapter, a background to unmanned aerial vehicles was given and to the re-
search done in this work. It is clear from this chapter that this research investigates
the application of Adaptive dynamic matrix control (ADMC) to quadrotor control
given varying load. Varying load eercises translate to pick-and-place operations
with quadrotors, which are important for applications such as delivery of medical
supplies or even general courier. To perform this efficiently and safely, several qual-
ity requirements must be met with regards for example to control, air frame design,
electronics etc. This research investigates the control aspect. It is clear from the liter-
ature review, that several approaches can be taken for quadrotor system modelling
and control design. Each approach has disadvantages and advantages depending
on the point of view and the nature of the problem to be solved. From the literature
review, AMPC stands out for the application investigated in this research, one which
demands adaptation to changing plant dynamics and optimal reference tracking.

Since the majority of the work done on ADMC does not take computational expense
and implementation (especially for such systems as multi-rotors) into account, this
work looks into ADMC from theory to implementation. Given that ADMC typi-
cally involves frequent switching from one model to another, with the intention to
improve controller efficiency, this work proposes the use of a single adjustable step
response model for different disturbance influence, hence limiting switching. This
follows several simulations to analyse how model parameters are affected by dis-
turbance. This is supported by a Supervisor which monitors system behaviour and
then decides how to adjust the disturbance step response model. The expected prof-
its of using a supervisor are code simplicity and hence efficiency. System modelling
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is discussed in Chapter 3, ADMC in Chapter 4 and implementation of ADMC in
Chapter 5.



13

Chapter 2

SYSTEM MODELLING AND
IDENTIFICATION

Adaptive model predictive control is based on an internal model, which is updated
in real-time according to learning algorithms (adaptive laws) and is used to pre-
dict system output. The start point of this research is therefore the acquisition of
a system model. The system model is developed experimentally through system
identification of the fully integrated and ready-to-fly quadrotor system. The out-
come is a custom model based on practical inputs and outputs and representing the
dynamics of the physical quadrotor under investigation.

2.1 Analytical Modelling

Figure 2.1 shows the structure of the Quadrotor and demonstrates the inertial (right)
and body (left) axes which are useful in characterising flight principles of the quadro-
tor.

®;

FIGURE 2.1: Structure of the Quadrotor and the inertial and body axes

The angular rates of the four rotors determine the state of the UAV in a manner
described next. The two pairs of rotors (1 and 3) and (2 and 4) spin in opposite
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directions, such that the torque effect resulting from the rotors cancels and stable
operation is made possible. The ith rotor spins with angular velocity w; and pro-
duces a lift force f; and a torque 7; in the opposite direction as w;.

Analytical modelling of a quadrotor, as explained in the next, is characterised by
kinematic and dynamic equation derivation [47, 48, 49, 50], following the Newton-
Euler formalisation, as stated in Chapter 2.

2.1.1 Kinematics of Quadrotor

The inertial frame, whose origin is the centre of mass of earth, is marked by z g-yp-25
and the body frame, whose origin is the centre of mass of the quadrotor, is marked
rp-yp-2p. Linear position (expressed in the inertial frame) is defined in reference to
vertical (z), longitudinal (z) and lateral (y) displacement by equation 2.1

X= [x,y, Z}T (2.1)

Attitude (expressed in the inertial frame) is defined by three Euler Angles; roll (¢)
rotation angle about z, pitch (¢) about y and yaw (¢) about z, by equation 2.2

© = [¢,0,4]" (2.2)

i represents the thrust produced by the ith rotor, 75; represents the torque resulting
from the ith rotor and w; represents the rotational velocity of the ith rotor.

Linear and angular velocities (expressed in the body frame) are represented by u, v,
w and p, ¢, r (in the order of roll - pitch - yaw) respectively (equations 2.3 and 2.4).

V= [u, v, w]T (2.3)

T

Q= [p, q, 7"] (2.4)

The existence of two different coordinates frames means that a transformation is
necessary in each case, to convert one frame to the other for any meaningful re-
lationships to be deduced. This transformation is done by using Direction Cosine
Matrices. In this way, relationship between the velocity vectors can be presented
as equation (2.5). The reason behind the use of direction cosine matrices is that di-
rection cosine matrices allow the representation of some set of orthonormal-type
vectors in terms of another different set of vectors.

{X = R(O)V 25)

©=M1(0)Q
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R(©®) and M~'(O) are the transformation matrices for the translation (equation
2.6) and rotation (equation 2.7) velocities between the body and the earth axes re-
spectively. The angular velocity (2) is therefore a vector pointing along the axis of
rotation, while © is only the time derivative of yaw, pitch and roll.

cpcl  cpslsp — sipegp  cpsbed + sihso
R(O®) = [stch sysbhsop + cibep  spsbedp — chso (2.6)
—s6 csp cOco

where where ¢ = cos(-) and s- = sin(-) and R is a rotation matrix from the body
frame to the inertial frame, one which is orthogonal such that R~! = R” which con-
veniently represents the rotation matrix from the inertial frame to the body frame.

1 0 —sb
M(@®)= (0 cp cbOsp (2.7)
0 —s¢p clco

The angular velocity transformation matrix from the inertial frame to the body
frame is M and from the body frame to inertial is M, where:

1 s¢th cotd
MY©)= |0 @ —s¢ (2.8)
0 0 o
cl cl

2.1.2 Dynamics of a Quadrotor

The quadrotor is modelled for near-hover operation. First, the quadrotor is imag-
ined to be a free body with gravitational force (opposite to z5) and thrust force acting
on the quadrotor, opposite to gravitational force. The rotor-speeds wy, wy, ws and wy
control the quadrotor according to the four consequent physical parameters; total
thrust force (u,) in the vertical direction and rolling torque (us), pitching torque (u3)
and yawing torque (u4) in the corresponding orientation direction. The relationship
between the thrust and angular rotational velocity of a rotor is known to be of the
form (2.9)

f=kw’ (2.9)

where £ is the lift coefficient of the rotor. This comes from a series of mathematical
equations, beginning with equation (2.10), which expresses the torque produced by

a brushless motor as
T=K(I—Ip) (2.10)

where 7 is the motor torque, K; is the torque scaling constant, I is the input current
and I is the current drawn when the load is zero. The voltage across the motor is
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the sum of the back-EMF (Electro-Motive Force) and losses due to resistance (2.11)
V =IR,, + K,w (2.11)

where V is the voltage drop across the motor, R,,, the resitance of the motor, K, is
a proportionality constant for the back-EMF caused per RPM and w is the angular
velocity of the motor. It is then possible to use this description to determine the
power consumed by the motor (2.12)

(T + Kt10)<KtI()Rm + TRm + KtKvU.))

P=1V =
K}

(2.12)

If the resistance of the motor is assumed to be negligible, then the power becomes
proportional to the angular velocity (2.13)

(1 4+ Kilp) Kyw
K

P~ (2.13)
Since I is the current when there is no load, and thus rather small, it is assumed
that K/, < 7. This further reduces the power equation to (2.14)

K,
P~ Emj (2.14)

Now, the power thus will generate lift for the quadrotor. Based on the principle of
conservation of energy, the energy the motor spends in some time period will equal
the force generated on the propeller multiplied by the distance that the air displaced
travels (P - dt = f - dz). It follows that

P= ffl—f (2.15)

which can be written as
P = fu, (2.16)

vy, is the air velocity at hover, and it is assumed that the air in the surrounding envi-
ronment is stationary relative to the quadrotor such that, based on the momentum
theory [48], the equation for hover velocity is

_ | f

where p is the density of the surrounding air and A is the area swept out by the rotor.
The equation for power can therefore be written as the equation below. Torque (7)
is proportional to rotor thrust f by some constant. If this constant is denoted by K,
the following equation is derived:

fw = (2.18)
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It now comes out that f is proportional to the square of angular velocity of the motor
as in equation (2.19), which brings about equation (2.9).

2
f= (% MOJ) = kw? (2.19)

Consequently, total thrust (T) is (2.20)
4
T=k) o (2.20)
=1

The relationship between the torque and angular rotational velocity of a rotor can
also be determined. Torque is required to keep the propeller spinning. This torque
causes angular acceleration and overcomes the frictional drag force. Fluid dynamics
gives frictional (in this drag) force as (2.21)

Firag = 0.5pCp Av® (2.21)

where p is the density of the surrounding fluid, A is the reference area (propeller
cross-section in this case), Cp is a constant and v is flow velocity. It therefore follows,
assuming all the force is applied at the tip of the propeller, that torque of the rotor
due to drag is given by

7= 0.5RpCpAv? = 0.5RpCpA(wR)? (2.22)

The relationship between the torque and angular rotational velocity of a rotor can
then be written as (2.23)
T = bw? (2.23)

where b is the drag coefficient of the rotor.

Torque in the z axis for the ith motor can be written in detail as
T, = bw? + Inw (2.24)

where I, is the moment of inertia about the z axis and w is the angular acceleration
of the propeller, which at hover can be approximated to zero. A new expression for
the torque is therefore (2.25)

7, = (=1)"bw? (2.25)

where (—1)""! is positive for the ith propeller if the propeller is spinning clockwise
and negative if spinning anticlockwise. The total torque about the z axis is given by
the sum of all the torques from each propeller (2.26)

Ty = bwi — bwj + bws — bw] (2.26)
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Arbitrarily selecting motors number 1 and 3 to be on the roll axis, the roll torque can
be expressed as (2.27)

7o =Y 1rx f=Lkwi — kwj) = Lk(w; — w3) (2.27)

where L is the distance from the center of the quadrotor to any rotor and for sim-
plicity. Likewise, pitch torque can be expressed as (2.28)

79 = Lk(w; — w3) (2.28)

With equations (2.20, 2.26, 2.27 and 2.28) it is possible to consider inputs to the
quadrotor according to equation (2.29)

T =u = k(w? + wi + w? + w?)
To = ug = Lk(w? — w3) (2.29)
79 = ug = Lk(w3 — w3)

— _ 2 2 2 2

Newton’s Law can then be applied, on the basis that, the force (mV), required to
accelerate a quadrotor of mass (m) at an acceleration of (V) and centrifugal force
[v x (mV)] is equal to the sum of the gravitational force (R”g) and total thrust (T).
The thrust vector T in the zg-axis direction and is the sum of all rotor lift forces (2.30)

T=10 (2.30)
Ui

A torque vector for torques us, us and u4 in the direction of corresponding body
frame angles can be written as (2.31)

Ug
= |us (2.31)

Uy

In the body frame, the force required for the acceleration mV of mass m with some
centrifugal force (v x (mV)) is equal to the gravity R”g and the total thrust of the
rotors. The equation (2.32) can then be derived:

mV +v x (mV)=RTg+T (2.32)

In the inertial frame, only the gravitational force and the magnitude and direction
of the thrust contribute to the acceleration of the quadrotor. Centrifugal force can be
nullified given the size of earth and equation (2.33) arises

mX =g — RT (2.33)
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where —RT means direction of z is downward. This then leads to equation (2.34)

¥ = —(cpshcd + swsqﬁ)%
= —(s1psbcp — cw3¢)% (2.34)
Z= —(c@cqf))% +g

Euler angular rates are related to body angular rates with a rotational matrix as in

equation (2.35)
¢ 1 soth cotd I
| = |0 o —sof.
v A

where ¢- = tan(-). Differentiating (2.35) with respect to the Euler parameters gives
(2.36)

=R

. : 1) . . co
i |0 ngcngtQ.—i—Q% qﬁsqﬁc@.—ké’;—e . (1) st c_qste ;
il=10  —dso —ded + Cf; Zb il (2.36)
v 3L 1 bse —350 4 ol s o ||y

0 ¢c€ + ¢8¢09 ¢09 * GC(bcH 0 ct ct

Assuming the structure of the quadrotor is symmetrical, the inertial matrix is as
(2.37)

L. 0 0
I=|0 1, O (2.37)
0 0 L.

Now, torque is a product of moment of inertia and angular acceleration (c) there
equation (2.31) can be extended to equation (2.38)

Uz
T=|us| =l (2.38)

Uyq

On the other hand, angular acceleration can also be expressed as the time derivative
of angular velocity such that an equation (2.39) is obtained

= |uz| =TI |q| + (I x Q) (2.39)

Uy 7
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The term (I X €2) can be neglected in this case assuming r is small given that
(I = r*m). This leads to equation (2.40)

p U2
gl =171 |us (2.40)
T Uy

The expression in equation (2.40) can then be inserted into equation (2.36).

The system can be linearised, by Taylor’s Method, at hover condition where it is
assumed (¢ = 0 = ¢) = 0) and (us = u3 = uy = 0) and the expression for lift force is
presented by equation (2.41)

m(g - 2hov>

= 241
Ul Cehovc¢hov ( )
The linear model obtained is of the form (2.42) and (2.43)
= —gb
y=g¢ (2.42)
.. Uy
3 1
m
.l
0 = T (2.43)
B vy,
4
L

It follows that the transfer function of (z, ¢, fandy) is of second order with two poles
on the origin, and can be estimated as:

k
(tis+ 1)(tas + 1)

G(s) = (2.44)

Several other aerodynamic effects (effect of angle of attack, blade flapping, drag
force etc) [48, 50] could be included in the model but this is not in the interest of this
research as the system is modelled experimentally, in the next part of this chapter.
The experimental model is the model that is adopted for control design.

2.2 System Identification for the Quadrotor

The Newton-Euler method is able to provide a system model for the quadrotor. The
model however, is a set of nonlinear equations and which describe the quadrotor
dynamics by input signals of force and moment, instead of trajectory input com-
mands, as appropriate to this study. The model is typically linearised about the
hover-stabilisation point to produce linear models which are in some cases sufficient
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in modelling the system and also control design [45, 47, 57, 60]. In this research, the
subsystems of interest are modelled experimentally through system identification.
The result, in each case, is a linear model with input signals as position commands.
To consider the real-system non-linearities, relevant tools are therefore used such as
signal saturation and time delays.

The flight controller used on the experimental quadrotor has the capability to log
flight data. This function is used to record actual flight data in real-time, during
a flight, for example, sampled readings of altitude (height above sea level) of the
physical quadrotor in meters, recorded per unit time. In the case of altitude, this
data is measured by a real barometric sensor on board the quadrotor and this is
the data that is used for system identification, in this case, for the vertical control
subsystem. A log file is created automatically for each flight and can be analysed by
the Mission Planner software or otherwise converted into a spreadsheet and then
imported into suitable software such as Matlab for system identification; sample
input-output data is presented in Appendix A.

2.2.1 Purpose of system identification

This subsection spells out the motivation behind system identification, for this work.
The reason why flight data is collected for system identification is the need for an
experiment-based model structure, with some parameters which can be adjusted to
represent different operating conditions of the system. This model structure, will be
adopted for adaptive control design (chapter 4). It is not in the interest of this work
to identify particular model parameters such as thrust factor or moment of inertia
and so on.

2.2.2 Analytical approach

Two approaches are possible for the system identification, i.e. system identification
based on real flight experimental data or based on Simulink model simulation data
(from running the available Newton-Euler derived analytical model). As will be ex-
plained later, the main goal is to obtain an experiment-based model for quadrotor,
which is identified from real flight input-output data. Obtaining this data safely re-
quires that the quadrotor be stable for flight control hence modelling is typically for
the closed-loop case [58, 60]. In this way, the quadrotor is PID stabilised to achieve
more practical modelling.

Linearity and non-linearity

With respect to linearity and non-linearity, the conception is that when the quadrotor
is operated near the hovering condition, a linear model will suffice. Then, for hard
acrobatic-type operation, outside the linear region, the linear model typically begins
to fall short [56]. The hover operation is of interest in this work. To account for non-
linearities of the actual quadrotor system, signal saturation utilities and time delays
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are used. The models identified for this work, are characterised by the following
inputs and outputs:

1. Input control signal to longitudinal translation ().
2. Input control signal to lateral translation (y).
3. Input control signal to vertical translation (z).

Input control signal in this case refers to step inputs for example ’fly 2 meters ver-
tically.” Figure 2.2, shows the layout of the system, illustrating that the quadrotor is
controlled only by managing the rotational speeds of the four rotors.

] Motor
PMU and M »  Rotor 1
Barometer controller
Motor
" Rotor 2
r controller
Radio . , _
) Flight Controller ——
Receiver
Moto
' ™ ) » Rotor3
controller
M
. . L, otor R Rotor 4
GPS controller

FIGURE 2.2: Layout of the experimental system

Resolving motor inputs from set-point input

In order to understand how the four motor inputs are resolved from the input con-
trol commands, it is necessary to consider the equations in section 2.1.2. These ex-
pressions translate to the illustration given by the "Input block” under the ‘Simulink
model” subsection in section 2.2.2. Using the relevant simulation blocks, it is pos-
sible to realise the mathematical operations involved in modelling the quadrotor
(Figure 2.6 and Figure 2.7).

Open-loop system

The open-loop uncontrolled system is unstable as seen from the linearised model,
where the transfer functions of the model are of second order, with z, ¢, 0, ¢ directly
affected by inputs u,, us, u3 and u4, with two poles on the origin, making the system
is inherently unstable. The transfer function takes the form:

k

G(s) = = (2.45)
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The system is closed and a PID controller designed for stabilisation.

Closed-loop system

The closed-loop system is illustrated by Figure 2.3 below. This illustration shows the
coupled system structure of the quadrotor, and the character F, represents the error
signal for channel z i.e. the difference between the desired and measured values.

Quadrotor Dynamics

e" Pz | Altitude U,
6 Controller
Translational

Z Longitudinal | i~
systems -
S| Attitude | U,, Us Rotational

Controller system 0,0,y

Uy Heading Ev 4 ¥
Controller

val

Position Exy X,y
=
Controller

Xas Ya T

FIGURE 2.3: Coupled closed-loop system (adopted from (48))

On the diagram, the subscript of d on any variable depicts the desired value (ref-
erence input) of the variable. The coupled system model may be implemented in
state-form as in [48] where the model is derived completely. Generally, a state vec-
tor describes not only the position of the quadrotor vehicle in space, but also the
angular and linear velocities. At this point the plant is represented by the Newton-
Euler based model derived at the beginning of this chapter.

The PID controller developed for the stabilisation of the quadrotor model is repre-
sented by Figure 2.4.

Reference _"@
nput error
&< >

=D L

Quadrotor output
dynamics

FIGURE 2.4: PID block diagram
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The saturation block is useful in limiting the control signal to values of either 3 VDC
or 5 VDC for interpretation by the motor controllers. The PID control law, of the
altitude control system in particular, is represented by:

Uy =kp(Z — Zp) +kp(Z — Zp) + ki /(Z — Zp)dt (2.46)

where kp is the proportional gain, Z) is the desired altitude, kp is the derivative
gain, Zp is the desired rate of change of altitude and k; is the integral gain.

The parameters for this case are given in Table 2.1.

TABLE 2.1: PID altitude control parameters

Parameter Symbol Value

Proportional kp 8.15
Integral kr 3.4
Derivative kp 0.28

Identification model derivation

System identification is necessary for this work because this results in a relatively
more reliable model, representing accurate system dynamics. The discrete-time
ARX model output is used, which is of the form (2.47). This model incorporates
‘regressors’, which as detailed in the next chapter, become the basis for parameter
estimation. Given the parameter estimation method applied in this work, the ARX
model is a sound solution, with a provision highly compatible with the control pro-
cesses of the overall controller.

A(2)y(t) = B(2)u(t) + e(t) (2.47)

The character u represents control action while e represents noise, then A(z) and
B(z) are backward shift operator (') polynomials (considering zero input delay
for simplification):

ARZ) =14+ a2 +agz? + -+ +ay, 2" (2.48)
B(z) = b1zt + by 2 4 -+ by, 2™ (2.49)

with the backward shift operator making » "u(k) = u(k—n). This can be understood
as:

y(t)+ary(t—1)+ay(t—2)+- - -+ anay(t —na) = byu(t) +bou(t — 1) +- - - + by, u(t —nb)
(2.50)

where the functions y(t — 1), --- ,y(t — na),u(t),--- ,u(t — nb — 1) are delayed out-
put and input variables (regressors). If these functions are nonlinear then the ARX
model is nonlinear. Having complex nonlinear functions is no guarantee that the
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resultant model is more accurate. Several simulations are run until a satisfactory
model is reached.

This model is described by Figure 2.5.

+

u ; | y
—— = B(q) O AQ) >

FIGURE 2.5: ARX model structure

A unique solution exists for the estimation of an ARX model (as with AR models).
This therefore means that the solution is guaranteed to converge to the global opti-
mum as the calculations are based on the least squares problem, which is a convex
problem [5]. The AR model however, being time-series in nature, is only useful
when modelling systems whose output is only dependent on previous outputs i.e.
without including input or disturbances. The ARX, which considers previous out-
put, input and also disturbance (stochastic) has the disadvantage on the other hand,
that if the disturbance is not white noise, this might introduce bias to the estimation
of the parameters of the model. It is important therefore, that the signal-to-noise
ratio be kept high.

Simulation-data system identification

The procedure followed in system identification is similar for all subsystems. For
this reason, only the vertical control subsystem is detailed. The analytical model is
simulated and input-output data collected. The input-output data is then processed
for system identification. The resultant model can then be compared and analysed
against the model identified from flight experiment data. One possible way to ob-
tain input-output data, is to write a simulator from the available equations of mo-
tion describing the dynamics of the system. The simulator uses Euler’s method for
solving differential equations to evolve the system state and functions to compute
the rotation matrices. Alternatively, one can, from the analytical model, develop a
Simulink model to represent the quadrotor system [18]. This method is preferable
because it comes with the advantage to use relevant Simulink blocks, for example
to analyse different model signals with ease.

For this research, the Simulink approach is taken. The ultimate goal is to model
the experimental quadrotor, and to do this safely requires that the quadrotor be sta-
bilised for flight control. Modelling in closed-loop is therefore common practice [58,
60] for quadrotors. For this reason, the quadrotor is PID stabilised to achieve more
practical modelling especially from a safety perspective. To tune the PID controller,
several methods including the Cohen-Coon method, Ziegler-Nichols rule [66] or
Loop Shaping methods [67] can be used, based on objectives such as minimisation
of overshoot or settling time. Better tuning can be achieved by using performance
index optimisation techniques, which include optimisation of such indices as the
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Integral of Squared Error (ISE), Integral of Absolute Error (IAE), Integral of Time
Multiply Squared Error (ITSE) etc [68, 69]. As is the case with most optimization
problems, this optimization is non-convex and so these optimisation techniques re-
quire some initial controller parameters, determined by one of the standard tuning
methods such as the Cohen-Coon method. In this work, the PID tuner used to tune
the PIDs is based on Ziegler-Nichols rule.

Simulink model

The analytical model is represented by a Laplace simulink model for the purposes
of developing a model for running simulations to generate input-output data. As
stated before, this input-output data is then processed to identify discrete-time ARX
models for the next chapter. Figure 2.6 shows the Simulink model (adopted from
[47] and [48]) for the input-output data modelling of the analytical model. The al-
titude control system is analysed and explained in detail. The controller block im-
plements PID controllers which are tuned to stabilise the system. As stated earlier,
DMC is based on an internal step response model, which must be stable.

phi_
Phi »phi_

e Theta U1 U1
Outter loop ’p—s,_>__ Psi Theta theta_
Out1 Phid = v2 Psi »psi_
Out2 Theta d X <
U3 U3 —
Out3 Psid
Y "y_
@—' = U4 U4
zZ
Reference Zd z
Controller Plant dynamics Outputs

FIGURE 2.6: Simulink model

As stated in 2.2.2, the dynamics of the quadrotor are implemented in Simulink by
translating the necessary mathematical expressions into the suitable blocks. Several
representation options are possible, and with a complete model, signal limits can be
set using the appropriate tools, to set for example, practical limits on angular rota-
tional velocity of motors. The 'Plant dynamics” block contains a representation of
the quadrotor plant, and is composed of two blocks, ‘Block 1" and "Block 2’. Ap-
pendix B gives the parameters used. Block 1 represents the derivation of angular
accelerations and Block 2, translational accelerations, as illustrated by Figure 2.7.
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FIGURE 2.7: Plant dynamics

To complete the model, Figure 2.8 details Block 1 of the plant, while Figure 2.9 details
Block 2.
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&> ad Elements7?
Theta dot u4
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3 Elements3 N
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. Progud of + Theta dot dot
:U2 Elements4 Add1
>
Omega Product of
TE) Elements5

FIGURE 2.8: Angular accelerations block
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FIGURE 2.9: Translational accelerations block

Finally, the 'Input block” of the plant dynamics is represented by the figure below
below, which finalises the quadrotor plant.
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FIGURE 2.10: Input block

Going back to Figure 2.6, the reference signals can be realised by time functions, to
allow commanding of complex trajectories. For the modelling exercise, step input
and response is used and ramp input and ramp response for validation of the iden-
tified model. The block labelled "Outter — loop” receives reference signals in desired
'x" and "y’ positions and translates these signals into reference theta and phi signals
which are used in the "Reference’ block. Typically this can be achieved by selecting
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desired roll (¢) and desired pitch (f) from (2.42) as follows:

——— (2.51)

g

and .
dg = X (2.52)

g

For this research, this translation is made possible by using a simple Gain Multiplier.
This gain is derived based on maximum signal magnitudes. In this case, maximum
displacement considered is 5 meters and maximum roll and pitch angle is 30 degrees
(0.52 radians). The gain from x to 6 or y to ¢ is therefore calculated as:

.02
gain = % = 0.1(rad/meter) (2.53)

The altitude system has a straight forward implementation from the analytical model.
The parameters of the model are given in Table 2.2.

TABLE 2.2: Model parameters

Parameter Unit Symbol Value

Mass kg m 0.55

Rotor wheelbase m 1 0.23
Drag factor — d 7.5 %1073
Thrust factor — b 3.13% 1073

The step response is shown in Figure 2.11 and the ramp response in Figure 2.12.
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FIGURE 2.11: PID step response
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FIGURE 2.12: PID ramp response

Appendix B gives the model parameters of the physical quadrotor used in simulat-
ing the Simulink model. Step input and output data (0.01 seconds sampling inter-
val) are used for system identification of the analytically obtained Simulink model.
A sample of the data set from the Matlab workspace is shown in Figure 2.13.

X Y Z Xref Yref Zref Clock
1 0 0 0 Q 0 0 0
2 3.9477e-100  3.9477e-10  3.1606e-08  1.7500e-04) 1.7500e-04 2.3750e-04 0.0100
3 9.0111e-09  9.0111e-09  1.7387e-06) 3.5000e-04  3.5000e-04  4.7500e-04 0.0200
4 4.9485e-08) 4.9485e-08 7.196le-06) 5.2500e-04  5.2500e-04  7.1250e-04 0.0300
5 1.5705e-07) 1.5705e-07  1.8073e-05 7.0000e-04  7.0000e-04  9.5000e-04 0.0400
6 37341e-07 37341e-07  3.5666e-05  &7500e-04  8.7500e-04 00012 0.0500
7 7.4357e-07  7.4357e-07  6.0995e-05 0.0011 0.0011 0.0014 0.0600
8 1313%e-06  1.3139e-06 9.4776e-05 0.0012 00012 0.0017 0.0700
] 21310e-06)  21310e-06 1.3753e-04 0.0014 0.0014 0.0019 0.0800
10 3.2410e-06)  3.2410e-06) 1.8968e-04 0.0016 0.0016 0.0021 0.0900
11 4689106 4.6891e-06 2.5134e-04 0.0018 00018 0.0024 01000
12 6.5196e-06  6.519e-06 3.2254e-04 0.0019 0.0019 0.0026 01100
13 87752e-06)  8.7752e-06  4.0321e-04 00021 0.0021 0.0029 01200
14 11498e-05 1.1498e-05 4.9321e-04 0.0023 0.0023 0.0031 0.1300
15 1.4728e-05 1.4728e-05 5.9229-04 0.0025 0.0025 0.0033 0.1400
16 1.8504e-05 1.8504e-05  7.0018e-04 0.0026 0.0026 0.0036 0.1500
17 2.7864e-05 2.2864e-05  8.1655e-04 0.0028 0.0028 0.0038 01600
18 2.7845e-05  2.7845e-05 9.4107e-04 0.0030 0.0030 0.0040 01700
19 33481e-05  3.3481e-05 0.0011 00031 0.0031 0.0043 01800
20 3.9807e-05  3.9807e-05 0.0012 0.0033 0.0033 0.0045 01900
21 4.6855e-05  4.6855e-05 0.0014 0.0035 00035 0.0047 0.2000
22 5465705  54657e-05 0.0015 0.0037 0.0037 0.0050 0.2100
23 6324205  6.3242e-05 0.0017 00038 00038 0.0052 0.2200
=a T EA1 - NC T IEA1 - NK nnmnoe noanan noanan nnnco na2ann

FIGURE 2.13: Sample data set
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Based on the research in [60] and [61], the quadrotor can be sufficiently modelled by
a second or third order system, the second order is used in this work, identified as
ARX221:

A(z) =1—-182"1+0.81z72 (2.54)
B(z) = 0.01z72 (2.55)
or, in the general sense:
A(z) =14 a127 4+ agz? (2.56)
B(2) = bzt + byz? (2.57)

where b, is very small, approximately equal to zero. Technically, selecting a very low
model order will likely produce a model that does not fully describe the dynamics
of the system, while high orders, though capable of describing the dynamics more
closely, pose the problem of having an unnecessarily complex model.

This model must be optimised to improve accuracy of the identified model, if pos-
sible. The Response Optimisation tool is used, with initial parameters, as shown
in Table 2.3 and a cost function of the form (2.58), using the Gradient Method to
Optimise ai, Ao, b1 and bg.

V(i)=Y € (2.58)

=1

TABLE 2.3: Model parameters

Parameter Identified value Initial value Optimised value

al -1.8 0 -1.801
a2 0.81 0 0.811
bl 0.01 0 0.01
b2 0 0 0

The optimisation is implemented as shown in Figure 2.14.

Lowmst® 1 z24312+a2 @
Reference ot . E—
input 1screte 1 Scope
model

function

Actual output

' Integrator  Minimisation Display
function

FIGURE 2.14: Optimisation scheme for identified model
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Model validation

The final stage is model validation. The idea is to adopt the model identified from
the step response data, run a ramp input simulation for this model then compare the
resultant ramp response against the ramp response of the real system. Figure 2.15

illustrates the results.

- e mm mm mm e e mm e e mm o =

[--- Real éystem -'

—_ |dentified
é -

)

°

=

<

0 2 4 6 8 10

Time (seconds)

FIGURE 2.15: Evaluation by ramp response

From Figure 2.15, it is concluded that ARX221 is sufficient to describe the altitude
system dynamics.

Further identification

The same model structure (2.56 and 2.57) is sufficient to model the lateral (y) and
longitudinal (x) dynamics of the quadrotor too and a 3-dimensional plot for the PID

trajectory tracking is shown in Figure 2.16.
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FIGURE 2.16: PID trajectory tracking

Following the same procedure for the flight experiment data, such as shown in Ap-
pendix A, yields comparable models as detailed in the next section.

2.2.3 Experimental approach

The experiments are conducted with a clear sense of safety, using the Axe quadrotor.
The experiments are limited to a space with surface ground area not more than
8m*8m in length and width and maximum altitude of 12 meters. This is monitored
and controlled by a ‘Geo-fence” algorithm which comes with the autopilot (Pixhawk
autopilot). Pixhawk has several flight modes, each with particular functions and
characteristics. Some of the flight modes are:

1. Manual mode. Pure radio control, no position or attitude stabilization.

2. Loiter mode. Radio control with GPS assistance for position stabilization.
3. Auto mode. Autonomous GPS way-point tracking.
4

. Altitude hold mode. This mode uses the barometric or ultrasonic sensor to sta-
bilise altitude, position and attitude are purely radio controlled in this mode.

The loiter mode is used at this stage, and the quadrotor operates in closed-loop,
as illustrated by Figure 2.17 while flight data is recorded and stored by the flight
controller.
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FIGURE 2.17: Closed-loop system

Figure 2.18, shows the experiment-ready physical system, the AXE Quadrotor. Mod-
elling experiments are carried out on an outdoor field.

FIGURE 2.18: Experiment-ready physical system - AXE

In-built control and stability

The Axe quadrotor is a complete open-source system, with inbuilt but adjustable
control and stability. The autopilot has been particularly tuned and optimised for
the Axe frame at the level of manufacturing. The system realises PID control for all
subsystems, which can be adjusted, but are already optimised.

Block diagram of the plant
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The system diagram of the Axe quadrotor, showing all the main components and
how they are set up is shown below in Figure 2.19.

propeller autopilot

Receiver

Antenna

Load drop-off mechanism
Battery
monitor

Battery

FIGURE 2.19: The system diagram of the Axe quadrotor

The block diagram of the Axe quadrotor is shown in Figure 2.20.
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= OM Calculation
<Omega>
Quadrotor
Dynamics

FIGURE 2.20: The block diagram of the Axe quadrotor

The actual plant detail is very similar to that already explained and illustrated ear-
lier in this chapter. The data analysis software, Mission Planner, has an interface
as illustrated by Figure 2.21 and Figure 2.22. These figures particularly demon-
strate how different variables change in-flight, allowing determination of any inter-
dependences.
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Value Graph

IMU.AceX (Min: -2 Max: 1 Mean: 0) ATT.Pitch (Min: -5 Max: 3 Mean: -2)

Line Number (1043)

FIGURE 2.21: Flight log (1)

IMU.AccX (red plot) represents acceleration along the = axis and ATT.Pitch (green
plot) represents pitch angle.

Value Graph
IMU.AccY (Min: -2 Max: 2 Mean: 0) ATT.Roll (Min: -3 Max: 4 Mean: 0)

Line Number (1043)

FIGURE 2.22: Flight log (2)

IMU.AccY (red plot) represents acceleration along the y axis and ATT.Roll (green)
represents roll angle.

Now, following the same identification procedure as with analytical data, experi-
mental data can also be processed. The resultant ARX structure, which is compara-
ble to that obtained from the analytical-data system identification, is adopted. The
actual coefficients of the model at this level are not important, only the structure.
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According to (2.42) and (2.43) the acceleration along z, can be left out of this particu-
lar exercise as this is dependent on thrust, which cannot be measured by the system
set up available. The same applies to ¢, f and v accelerations.

Validation

For model validation, first-order reduced models can be analysed. This validation
is primarily based on the sign of the gain coefficients of the lateral and longitudinal
control system identified models, in each case (depending on the orientation of the
quadrotor). The gain must be of opposite signs for either system as is the case. More
precise validation is possible, with some adjustments to the system, however, the
model structure available at this point is sufficient for the objective of this work.

Graphical validation is also possible, where the experimental data can actually be
plotted against the data from simulating the identified ARX system models. Fig-
ure 2.23 illustrates graphical validation, as for the altitude control system.
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FIGURE 2.23: Graphical validation illustration

Some comparison indices are summarised in Table 2.4 and Figure 2.24 shows the
cross-correlation for the input and output residuals.

TABLE 2.4: Graphical validation indices

Index Value
Percentage fit 88.12
Steady-state error < 0.015m
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FIGURE 2.24: Cross-correlation for input and output residuals

Cross-correlation can be defined as a measure of the similarity of two signals, ex-
pressed as the displacement of one signal relative to the other.

2.3 Summary

The quadrotor is modelled analytically based on the Newton-Euler formalisation
and experimentally from system identification based on simulation and experimen-
tal flight data. The identified model is in ARX form, a form selected because of its
ease of operation with the procedures to be detailed in the next chapter (RLS param-
eter estimation procedures).
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Chapter 3

AMPC DERIVATION

3.1 Adaptive control

Adaptive control is a technique that is based on automatic adjustment of control
parameters in order to meet some desired performance index when the dynamics
of the system are unknown and/or time-varying. This is especially useful in the
case of the quadrotor intended to lift some unknown load and follow some desired
trajectory. The minimum requirements for adaptive control are as follows:

1. A model structure to accurately represent the dynamics of the system.
2. A method for the estimation of the parameters of the model.
3. A suitable controller with adjustable parameters.

4. A mechanism to update the controller parameters.

3.1.1 Open-loop adaptive control

Adaptive control is highly flexible in terms of how this control technique can be
classified. Open-loop adaptive control typically involves a look-up table type adap-
tation mechanism with measurements stored, of the corresponding controller pa-
rameters for a given data sample of measured environment conditions [5]. This
therefore only works efficiently when a rigid relationship exists between the en-
vironmental conditions which are measured and the model parameters which are
estimated. An example of this approach is gain-scheduling, a technique which has
been successfully applied to autopilot systems.

3.1.2 Indirect adaptive control

Indirect adaptive control involves a design problem, which is solved based on the
estimated system model parameters to obtain the controller parameters [5]. Indirect
adaptive control therefore not only automates system modelling but control design
too. Inaccuracy in estimated model parameters however, will typically result in very
poor performance.
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3.1.3 Direct adaptive control

Direct adaptive control involves direct updating of the controller parameters based
on the estimated system model parameters. Direct adaptive control is generally
more practical for implementation than indirect adaptive control. This research
adopts a direct adaptive control scheme. The challenge is ensuring control signals
generated are rich enough to expose the dynamics of system (i.e. meet the Excitation
Condition). Figure 3.1 shows the general direct adaptive control scheme.

Parameter |--4
estimator |feg—
lPamneters
reference y
—_—
__ | MKC 2 System| >

FIGURE 3.1: Direct adaptive control (adapted from [3] and [5])

The signal u represents control action and y represents the system output. Using
these two signals, adaptive laws estimate parameters of the system model (within
the parameter estimator block) in real-time, the model for which control is designed
by updating the controller parameters.

3.1.4 Parameter estimation [3, 5, 6]

This research adopts the Recursive Least Squares (RLS) principle for parameter esti-
mation. The RLS principle states that, the unknown parameters of a model must be
chosen such that the sum of the squares of the difference between actual and com-
puted values is minimum. Figure 3.2 shows more detail of the parameter estimator

[3].
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A

Adjustable
predictor

(

FIGURE 3.2: Detail of the parameter estimator [3]

Adaptation
mechanism

y(t) is the model predicted output, based on the system model (with adjustable pa-
rameters) within the ‘adjustable predictor” block. The error, between the system
output at instant ¢ and the output predicted by the model (y(t) — 3(¢)), is processed
within the ‘adaptation mechanism’ block based on some adaptive law, in this case,
RLS. In this way, model parameters are updated at each sampling instant, minimiz-
ing the error. The output of the ‘adaptation mechanism’ are the estimated parame-
ters. Derivations of adaptive control algorithms are found in textbooks such as [3],

[5] and [6].

The LRS principle applied is based on a model represented in the Regressor Form
as in equation (3.1) [3, 5, 6]

y(i) = p1()01 + @2(i)02 + ...on(i)0n (3.1)

y(i) is the measured output and time sample i. 6, to 6, are the model parameters
to be estimated while ¢; to ¢,, are some functions (can be linear or nonlinear). The
equations that follow in this subsection, in detailing the RLS algorithm are refer-
enced to [5] with further referencing to [3, 6] as well. Equation (3.1) can be written
as (3.2)

i) = () (3.2)

where @7 and 6 are vectors and  is particularly referred to as the Regressor. The
RLS principle works efficiently with the regressor-type time function model and so
it is necessary to reference the regressor-type model to the available model type. As-
suming a deterministic environment and a SISO time-invariant system in the form
of a discrete-time model:

y(t) == awy(t—i)+ > bu(t —d—i) (3.3)
=1 i=1
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where t is the normalised sampling time (t = # and T, = sampling period), u(t)
denotes input, y(t) output, a; and b; are model parameters to be estimated and d is
the number of sampling periods contained in the system time delay. n4 represents
the number of time samples on the horizon of past outputs while n is the number of
samples on the horizon of past inputs, delayed of course, by d samples. The system
output is therefore, the sum of the weighted averages of past outputs over ny and
past inputs over ng. Introducing the forward shift operator (¢) or the backward shift
operator (¢~') results in a more convenient presentation of the model.

qy(t) = y(t+1) (3:4)

¢ ly(t) =yt —1) (3.5)
Applying the shift operators gives

1+Zazq N =14¢ A () (3.6)
Z big" =B(¢)=q¢'B*(q"") (3.7)
where:
Al =1+aqg '+ +an,qg™ (3.8)
A*(q_l) =a1+ayqg 4+ anAq_"AJrl (3.9)
Blg™") =big "+ +buyg " (3.10)
B (q7" ) =bi+bog 4+ byyg (3.11)

The model (3.3) can therefore be written as:
Alg y(t) = ¢ "Blg)u(t) = ¢ ' B (g7 )ult) (3.12)
then in forward time also as:
Alg y(t+d) = Blq u(t) (3.13)
and also as:
y(t+1) = —A*y(t) + ¢ B u(t) = —A*y(t) + B u(t — d) (3.14)
which can actually be represented in regressor form as in (3.15)

yt+1) =G )0 (3.15)

Further if the elements on both sides of equation (3.12) where passed through a
filter Ve _1 the result would be the traditional:

¢ “B(qg")

Al u(t) = G(qg " )u(t) (3.16)

y(t) =



Chapter 3. AMPC DERIVATION 43

with G(q~') being the transfer operator.

3.1.5 Task

The task at hand is therefore to determine # such that the output from the esti-
mated model (i) matches as closely as possible to measured/actual output /(7).
This means that error ¢, as in equation (3.17), must be minimal.

e(t) = y() — (1) (3.17)

VD =5l - i .18)
V(1) = 3 Sl ~ F P (3.19)

i=1

The global minimum of the cost function (3.20) corresponds to the derivative of the
cost function with respect to ¢ equated to zero.

OV o iy (1)
o5~ W) =@ (0)(=¢ () =0 (3.20)

It is therefore possible to solve for 0, which corresponds to the estimated parameters
¢, in an equation (3.21) referred to as the Least Squares Formula

0= ("9 '3y (3.21)

The matrix ¢” ¢ is always non-negative definite and so cost function V has a unique
minimum. Proof of this formula is available in [3, 5, 6].

Adaptive Gain

For better presentation and even exploration, a variable P can be introduced accord-
ing to equations (3.22) and (3.23) [3]

P(t) = (@ (0F6) ™ = 3" ()¢) ™ (3.22)

0(t) = P(O)(Y_ (& (D)3ii(i) (3.23)
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P is referred to as the adaptive gain as will be detailed later in this chapter. In [3],
P is clearly defined as some measurement of the progression of the covariance of
the error in parameter estimation. The matrix g7 must be invertible, a condition
known as the excitation condition [5]. If this condition is met, it means that input
signals to the system are rich enough to characterise the dynamics of the system.

3.1.6 A more practical approach

For practical implementation, it is necessary to consider a model (discrete-time model)
which makes use of "priory predicted output’ [3, 6] as presented in equation (3.24)

Yt +1) = arp(t) + bipa(t) = Q—T@(t) (3.24)

where
0 = [ar, bi] (3.25)
@(t) = [p1(t), pa(t)] (3.26)

The prediction model can therefore be written as (3.27)

~ A

Gt +1) = di()ea(t) + bi(t)ea(t) = 07 4(1) (3.27)

This means that the error minimised is in fact (¢ + 1) rather than £2(¢). The cost
function to be minimised can be represented as follows [3, 5, 6]:

V(1) = 5 Sl — 6 ()8 - 1P (3.29)

i=1

This makes more sense in that, the predicted output at the time instant i(i < ¢) is
based on the estimated parameters at the time instant ¢ which are obtained using ¢
measurements. The parameter ¢ must be estimated at the time instant ¢ and must be
such that the sum of the squares of the differences between the system output and
the prediction model output, within a horizon of ¢t samples, is minimised. This is
done by partial derivation of the cost function [fully detailed in 5] with respect to 0
and results in:

0(t) = P(t) Z y(i)p(i — 1) (3.29)
where .
P(t)™ = p(i—1)p"(i—1) (3.30)

=1

Equation (3.29) represents the parameter estimator law used in estimating parame-
ters of the system.



Chapter 3. AMPC DERIVATION 45

3.1.7 RLS parameter estimation algorithm

The idea behind recursion is to use results obtained at time sample t to compute esti-
mates at time sample ¢t + 1. In general, the estimated parameter output is equal to the
previous value of estimated parameters plus some correcting term which depends
on the most recent measurements [3].

new Previous

‘ . adaptation measurement functionof
estimated estimated , )
= + gain X function X error
parameters parameters )
(matriz) (vector) (scalar
(vector) (vector)
(3.31)

To factor in recursion, equation (3.29) is manipulated to suit the expression above.
This mathematical manipulation is explained step by step in [3]. The final recursive
representation is as follows:

0t +1) = 0(t) + P(t + 1)p(t)e(t + 1) (3.32)

where .
et +1) =yt +1)— 0" (t)p(t) (3.33)

The part P(t + 1) in equation (3.32) is the gain matrix of the adaptive law as already
stated. This gain matrix must be adjusted with recursion such that while in the
vicinity of the minimum, smaller steps in gradient are taken (to avoid oscillation)
but larger steps are taken while far from the minimum (to achieve high convergence
speed) [5]. The expression for P however, is in terms of P(t+1)~! instead of P(t+1)
which is the form in the estimator. This can be solved by using the Matrix Inversion
lemma, as detailed in [3, 5, 6], and completes the RLS law with:

P()p(t)e" (t)P(t)

PU+1) = PO = 1m0 P e

(3.34)

The RLS parameter estimation algorithm is summarised by the equations (3.32),
(3.33)and (3.34).

The RLS algorithm must start from an initial estimation given at time point ¢, where
to = dimp(t), basing on the fact that P(¢)~! would typically become non-singular
for t <ty [3]. Practically, the algorithm is initiated by selecting:

1
P(0) = 5[ = (GI)I (3.35)
where 0 < 0 < 1 and with typical values § = 0.001 i.e. GI = 1000. Analysing the

RLS algorithm, the influence of the initial error is observed to decrease in time, and
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the criterion to be minimised is as follows [3]:

t

minV(t) = 20 =07 (i = 1) + 0 - 67O PO)0 - 6(0)]"  (3.36)

Given P(0) > 0, for the matrix P(0):

lim e(t+1) =0 (3.37)
t—o00

Considering single parameter estimation where P(¢) and ¢(t) are scalars, it is possi-
ble to further determine whether or not the adaptation gain of the RLS algorithm is
of a decreasing type or not. For this condition, the expression for P(¢ + 1) becomes:

P(t)

P T

P(t) (3.38)
where (t), P(t)eR'. It can be observed that the adaptation gain of the RLS algorithm
is of a decreasing type. Moreover, ¢(t)¢’ (t) being greater or equal to zero, it can
be concluded that if p(t)p” (t) is greater than zero in average, then P(¢)~! tends to
infinity and so P(t) tends towards zero.

The RLS algorithm can be generalised for any discrete-time model (of any dimen-
sion) of the form:

dn(,—~1
¢“Blq"")
t) = ————u(t 3.39
vit) = 3 L utt) (3.39)
which, as shown earlier in (3.1.4) can be written in the form:
na nB
y(t+1)=— Z ay(t+1—1i)+ Z biu(t —d+1—14) =0T p(t) (3.40)
i=1 i=1
where:
07 =[a1,...,an,,01,... byl (3.41)
o' (t) = [—y(t),...,—y(t —na+1),ult —d),...,u(t —d—np+1)] (3.42)

The general predictions are given by:

gt+1) = =X ayt+1—1i) + S but —d+1—1i) (3.43)

0" (D)p(t)

where: R )
07 (t) = [a1(1), .. éin, (£),51(1), . .., by, (1)] (3.44)

the estimation of whose parameters can be done by the RLS algorithm already de-
tailed in this chapter. The RLS algorithm discussed thus far applies to time-invariant
systems, on the basis that less and less weight is given to new measurements, as to
new prediction errors. The parameters of the quadrotor model are however, time
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varying. There are several methods to adjust the RLS algorithm for time-varying
models including using:

e Forgetting Factor

e Constant Trace

e Decreasing (Vanishing) Gain

e Kalman Filter

e Constant Gain (Gradient Algorithm)

These different methods work by means of manipulation of the adaptation gain and
can be used in combinations. Each approach has specific advantages depending
on the nature of the problem to be solved, but as a basis [5], the Forgetting Factor
approach can be tuned to suit both systems with time-invariant and time-variant
parameters. Constant Trace can handle systems with rapid time-varying parame-
ters while the Decreasing Gain algorithm is recommended for stationary systems.
The Gradient Algorithm, while simpler to implement, only works efficiently with
systems with few parameters, typical a maximum of three and in the presence of
low noise. The Kalman Filter algorithm is relatively more flexible, in the sense that,
the algorithm can be tuned to suit time-invariant parameters, slowly varying pa-
rameters or even rapidly varying parameters.

3.1.8 Manipulating the adaptive gain

The inverse adaptation gain can have weights A, (¢) and \(¢) introduced as [5]:
Pt+1)7" = MOPE) ™ + Xa(t)e(t)e" () (3.45)

where ) (?) is greater than zero and less than or equal to one, \»(t) is greater than
or equal to zero and less than 2 and F'(0) is greater than zero. A;(¢) and A\y(¢) work
in ‘opposite” in the sense that A (¢) < 1 tends to increase adaptation gain while Ay (?)
decreases the adaptation gain. Depending on the selection of \;(¢) and As(¢) val-
ues, the parameter estimation algorithm can be controlled to behave in a particular
manner according to the requirements at hand.

Forgetting Factor
In the case of Constant Forgetting Factor [5]:
M) = A da(t) = A =1 (3.46)

where \, greater than zero but less than one. A, being less than one means that the
weighting weakens on older data, maximising weight on the latest data.

In the case of Variable Forgetting Factor:
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and

where ) (initial condition) greater than zero but less than one. This setup will hold
high gain for regions relatively far away from the optimum and will lower gain as
the optimum approaches, consequently speeding up convergence. A more practical
realisation of the Forgetting Factor can be considered if weighting is applied to the
cost function (3.19) to give:

k
VR = 3 SN (k) - o (i) 3.49)

which is referred to as least squares with exponential forgetting. Smaller values of
Aresult in a quicker loss (forget) of the previous data giving the solution [3]:

—1 t

o(t) = [Z A'“_iso(k)soT(/f)] D Ny (R)e(k) = P(1) Y Ny (k)e(k)  (3.50)
k=1 k=1 k=1

where:

Pt) =" (M@ (k)@(k) (3.51)
k=1

The idea is that when ) is close to 1, the result is good convergence and small vari-
ances of the estimates.

3.1.9 Adaptive control implementation

Adaptive control design is simulation intense. The idea is to find a starting point,
then gradually improve the controller according to simulation results and back-
ground knowledge. Figure 3.3 illustrates an implementation scheme for online esti-
mation of a process.
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FIGURE 3.3: A scheme for online estimation

The preprocessing block is meant to refine data passed into the estimator and typ-
ically includes removal of outliers or sensor bias etc. The On-line Estimation block
is where parameter estimation takes place. The estimator can be implemented by
Matlab file code or the Matlab toolbox, the System Identification Toolbox.

Persistent excitation

The quality of the estimated parameters is affected by the properties of the signals
(system inputs) used by the parameter estimator. Persistent excitation refers to the
provision of input signals to the system, with characteristics that enables compre-
hensive display of the system dynamics [5].

Persistent excitation typically guarantees exponential convergence of the estimated
variables to the optima. This topic has several ways to look at it and many papers
present derivations of the general expressions that can be used when analysing this
aspect of persistent excitation [3, 5, 70, 71], including the general theorem. It is im-
portant to note that methods exist, to achieve exponential convergence without the
need to meet the ‘restrictive’ (as referred to in [72]) persistent excitation condition
[72, 73], and typically, stochastic noise signals allow persistent excitation. The ap-
proach taken in this work involves inclusion of an extra perturbation signal to the
system, to allow persistent excitation. This signal acts on the closed-loop system
before calculation of the error, in each subsystem case. Figure 3.4 illustrates the im-
plementation where a white stochastic noise signal generator is utilised to provide
the perturbation signal.
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FIGURE 3.4: Persistent excitation realisation

Several approaches can be taken when developing the adaptive controller. Ulti-
mately, the controller must satisfy the desired stability and performance require-
ments.

Starting Values

The initial model parameters are 0(0). P(0) represents some estimate of the covari-
ance matrix of the initial parameters. Small P(0) results in small K (¢) and conse-
quently small changes of the estimated parameters 6(t). On the other hand, large
P(0) results in quick a rapid move from 0(0) to 0(t) [74]. Typically, for the practical

case:
6(0) =0 (3.52)

and
P(0) = pl (3.53)

where p is a gain constant and I is a unitary identity matrix. It makes sense there-
fore, to use a large p when the initial estimates are uncertain, in which case, low
confidence is given to §(0) and then rapid transient until the final parameter values
are met. Reducing the value of p means that the gain factor is reduced which then
results in slower convergence. The effects of the tuning parameters of the parameter
estimator are investigated next.

Effects of the Forgetting Factor

The effect of the Forgetting Factor, as explained earlier, is that a decrease in the value
of A results in [74] the parameter estimates reaching the true value quicker.

The forgetting factor directly affects the several indices of the RLS algorithm in-
cluding, and especially stability and convergence [75]. To investigate the effects of
the forgetting factor, a Recursive Least Squares Estimator is run from m-file code.
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Running this simulator allows comparison of the response of the modelled system
against the response of the estimated model.

The estimator is developed for analysis purposes. A typically takes values between
0.95 and 1 [3, 75] and it is common practice to select staring parameter values as zero
while the covariance matrix of parameters typically takes a wide range of values.

The strategy implemented in tuning the estimator is as follows:
1. Tune and set \ for 6(0) = 0.
2. Select values for the covariance matrix, with initial p = 100.

In tuning ), the estimator is first run for the case without forgetting (A = 1). Fig-
ure 3.5 shows a comparison of the response of the estimated system versus the true

response, for different \ settings.
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FIGURE 3.5: Effects of \

Analysis of several outcomes reveals that the forgetting factor (\), has some effect
on the convergence of the estimated model response. Reducing A results in more re-
liable model estimation where steady state error lessens while convergence becomes
more rapid. The value settled for is A = 0.98. This means that the estimated quadro-
tor model parameters become more reliable as A decreases from 1 to approximately
0.98. This should mean more accurate capture of the quadrotor dynamics.

Effects of the gain constant
The p has an effect on the convergence and on the rate of convergence of parameters.

Increasing p, as expected, not only brings satisfactory convergence accuracy, but also
increases the rapidness of estimated model response in matching the true response.
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Figure 3.5 shows a comparison of the response of the estimated system versus the
true response, for different p settings.
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FIGURE 3.6: Effects of p
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This means that the estimated quadrotor model parameters converge more rapidly
as p increases. The setting of p = 1000 and A = 0.98 provides such rapid convergence
and at the same time, high accuracy of the estimated model response to the real
response. Values of p that are too high however do increase initial convergence
rapidness but at the cost of poor recovery, should the true response change, say for
example from transient to steady state. Further analysis of the adaptive controller
follows towards the end of the chapter, on the complete system which includes the
full controller, as shown in Figure 3.7.
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FIGURE 3.7: General adaptive controller
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In this way, uref is the system reference input, in this case for example reference
longitudinal trajectory. ud is the disturbance affecting the system, which can be
measured and possibly fed-forward to enhance control design, will be explored
later. This disturbance, for the quadrotor, will simulate the varying load effects.
The whole idea is therefore to design a controller that can make corrections for the
disturbance. The 'Process’” block represents the plant, that is, the quadrotor. This
plant has some output y which is measured by on-board sensors. To make the mea-
surement more realistic, some noise can be added to the output signal through the
‘measurement noise” block. The "post processing” block is typically used for con-
version of the model type into a suitable model (for example ARX to state space),
deployed in the 'controller’. Based on the up-to-date model, the controller can then
compute control action (manipulated variable) v in accordance to the real-time sys-
tem dynamics.

3.2 Model predictive control

Model Predictive Control (MPC) has seen significant development over the past few
decades. MPC is an optimal control technique employing an internal model to pre-
dict system behaviour in some finite time horizon. As such, MPC is also referred to
as Moving Horizon Control (MHC) or Receding Horizon Control (RHC). Using the
model predictions, it is possible to optimise some performance index by generating
a sequence of control action into the predicted time horizon.

MPC gained early popularity in control of slow dynamical systems, especially in
chemical process control, mainly petrochemical process control [76]. Recent ad-
vances in processing power have seen MPC spreading into fields of control where
system dynamics are fast, such as the type considered in this research, i.e. quadro-
tor control system. The idea behind MPC is to minimise the difference between the
model predicted output and the desired reference. This difference is minimized over
some time horizon with finite time samples. The process can be directly subjected to
constraints on the control action, outputs and states. MPC is based on the receding
horizon philosophy which can be summarised as follows:

At time sample t, from the sequence of calculated control action commands, only
the first input is applied to the plant and the rest deleted. The optimal problem is
solved again at time sample ¢ + 1 and a new sequence of control action calculated.

Common forms of MPC are DMC, Model Algorithm Control (MAC), Predictive
Functional Control (PFC) and Generalised Predictive Control (GPC). DMC and GPC
are more common. The differences are rather subtle, but important to note with
DMC and GPC is that DMC, which was developed and introduced by Charles Cut-
ler in the 1970s [77, 105], uses a stable step response model, and puts relatively more
emphasis on past input data to make predictions [78]. DMC is less sensitive to noise
because it is non-parametric (utilising a step response model with 60 or 100 data
points for example), although a little more computationally expensive than GPC.
MAC utilises an impulse response, again, only applicable to stable systems. MAC
however is typically even more computationally expensive [79]. PFC, developed by



Chapter 3. AMPC DERIVATION 54

Rachalet [80] uses state space models, and is generally more complex than DMC or
MAC. GPC utilises Controlled Auto Regressive Moving Average (CARIMA) models
[81] and as stated, is relatively more sensitive to noise. It should be noted though
that, methods do exist, to make GPC less sensitive to noise (for example implement-
ing filters). For the advantage of noise sensitivity, the type of MPC investigated in
this work is DMC, leading to Adaptive Dynamic Matrix Control (ADMC).

3.2.1 Structure of MPC

MPC utilises two main components, i.e. the model and the optimisation solver.
Figure 3.8 details the structure of an MPC scheme. The basics of MPC can be sum-
marised as follows:

e Model prediction of process output in the prediction horizon.
e The receding horizon technique, i.e. forward shift of the prediction horizon

into the future at each time sample.

cost
constraints

function
predicted x x
reference : cutput
+ error .. X
. o Optimiser #  Process *
Model predictive
. controller
predicted r -
input
i
predicted output
Model

FIGURE 3.8: Basic MPC scheme - adapted from [82]

Derivations of various MPC algorithms are presented in [82] and [83]. MPC is based
on the internal model deployed. Process models are commonly used in MPC, which
can be:

e state space models (used mostly in research)
e transfer function models

e impulse response models (mostly industrial)
e step response models

Disturbance models can also be used, commonly the Controlled AutoRegressive
and Integrated Moving Average (CARIMA) models. Some of the aspects that have
fuelled the popularity of MPC are that MPC:
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e offers optimal tracking (with compensation of model uncertainty).

e allows direct incorporation of constraints to represent limitations of certain
parts of a system for example actuator limits.

e is able to handle the multi-variable quadrotor system.
e can handle non-minimal phase and unstable processes.
e is flexible in terms of tuning.

MPC can be classified according to linearity (linear and non-linear MPC). Linear
MPC will be used in this research. The methodology of MPC comes down to three
main steps, step 1 to step 3 [83], illustrated by Figure 3.9.

PAST FUTURE
—— A—

- Py . s

* = —»— Reference Trajectory
- +—  Predicted Output
; Measured Output
Predicted Control Input
—— Past Control Input

—] Prediction Horizon
< >

l | | | | | | | |

T 1 T 1 1 T 1 1 1 )
+—

Sample Time

k k1 k+2 k+p

FIGURE 3.9: The methodology of MPC [86]

Step 1: The predicted outputs are denoted by 4(¢ + k|t), where k =1, ..., N, (N being
the prediction horizon) and the ¢ preceded by the vertical slash is the point in time,
at which the prediction is made. The predicted outputs are calculated at each time
sample from the system model. Contributing to this calculation, are the past inputs
and outputs, the current output (denoted y(¢)) and the future control signals to be
calculated, u(t + k|t), where k =0, ..., N — 1.

Step 2: The sequence of control signals required to minimise the error (difference
between desired and predicted trajectories) is calculated.

Step 3: Only the current control signal u(t|t) is applied to the system. For the next
sampling time, y(¢+1) is measured and step 1 is repeated. In this way, the prediction
horizon translates by a sampling interval at each computation.

3.2.2 Cost function

Equation (3.54) represents the general cost function [82, 83].

p c—1
T= (W (k+i) =gk +0))*+r> Au(k + i)’ (3.54)
i=1 =0
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where

o keZ is the sampling instant and the real time ¢, relates to k by t = kT where T}
is the sampling time.

e y"°/ is the reference trajectory.

e y* is the set-point.

e y(k) is the predicted output at instant £.

e Au(k) is the control move at instant £ and Au(k) = u(k) — u(k — 1).
e pis the prediction horizon, c is the control horizon.

e r is a weighting factor and generally represents the ratio of importance be-
tween costs due to deviation from desired output and costs due to control
moves.

To minimise the cost function, an optimisation problem must be solved, which can
be constrained in the system output (Y,in < ¥ < Ymas), manipulated variable (u,,;, <
U < Upmqz) and change of manipulated variable (A, < At < Atlyay).

y"¢!, which is typically an exponential rise, is the reference trajectory to move from
measured output to the set-point. The expression for 3¢/ can be manipulated to
tune the rate at which the output approaches the set-point, as shown in Figure 3.10.
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FIGURE 3.10: The aggression of the predictive controller

Casel on the response graph, shows more aggression compared to case2 which is
slower. To achieve this, a constant « is placed in the expression of y™/ as follows:

Yt 4+ k) =ay(t+k—1)+ (1 —a)yP(t + k) (3.55)
« is a value between zero and one and technically (from the expression of y"/),

should result in aggressive response when closer to zero and sluggish response
when closer to one.
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3.2.3 Output prediction [82, 83]

For this research, the Dynamic Matrix Control algorithm (DMC) is used. In mak-
ing predictions, DMC uses a step response model and typically, a discrete transfer
function. DMC as stated earlier, has gained popularity as a control strategy in indus-
try, especially the petrochemical industry. The following subsections, which study
derivations of DMC are referenced to [82, 83] and are based on the fact that if consid-
ering a unitary finite step input #, the system output can be represented by equation
(3.56)

5= 10.5(1),5(2), 5(3), .., s(n), s(n) .. J” (3.56)
where s is the step response output. It is assumed that s(0) = 0 and also that the
steady state is maintained after transienti.e. s(n + 1) = s(n + 2) = s(c0).

Input @ where @ = [u(0), u(1),u(2),u(3),...]T can be written as an addition of steps,
equation (3.57)

=[1,1,1,1,...]" x u(0) +1[0,1,1,1,.. .]" x (u(1) — u(0))

+0,0,1, 1,~--] x (u(2) —u(1) + ... (3.57)

where @ remains a vector of repeating «(0) for a step input. If Au(k) = u(k)—u(k—1),
then the output can be written as

g = [0),y(1),y(2),y(3),...]"
= [0,s(1),s(2),s(3),...,s(n),s(n),s(n),...]T x u(0) (3.58)
+10,0,s(1),s(2),...,s(n—1),s(n),s(n),...]" x Au(1) ’
+[0,0,0,8(1),...,8(n—2),s(n —1),s(n),...J" x Au(2)
It therefore follows that
y(0)] | 0 |
y(1) s(1)u(0)
y(2) $(2)u(0) + s(1)Au(1)
y(3)| _ s(3)u(0) 4+ s(2)Au(1l) + s(1)Au(2) (3.59)
y(n) s(n)u(0) + s(n — 1)Au(l) (DAu(n — 1)

The output at time instant (k) can be represented by equation (3.60)

y(k) = S, s(i) Auk — i)
= S(yulk —n) + X5 s(6) Ak — 1) (3.60)
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Output predictions can be seen as having two parts, i.e. a free response part and
a forced response part such that predicted output is the sum of the free response
prediction and the forced response prediction. Free response is the system response
when the input is unchanged i.e. Au(k) = 0 and the forced response is the system
response caused by changing input. Multiple step ahead predictions can be pre-
sented by writing the individual predictions as in equation (3.61), which considers
past input:

y(k[k) = 00 (s(D)Au(k — i) + s(n)u(k —n)
y(k+1k) = S0 (s(i)Au(k + 1 —14)) + s(n)u(k +1—n)
= YN (s())Au(k +1 =) + s(n)ul(k + 1 —n) + s(1)Au(k|k)
yb+2) = SA(s()Aulk+2 - ) + s()ulk +2 — n)
= S (s()Au(k + 1 — i) 4+ s(n)u(k 4+ 2 — n) + s(1)Au(k — 1|k)
+5(2) Au(k|k)
y(k+n—1k) = Y5 (s(0)Aulk +n —1— ) + s(n)u(k — 1)
= s(n)u(k — 1) + 3205 (s(D) Au(k — i +n — 1[k))
y(k+nlk) = S0 (s()Au(k +n — i) + s(n)u(k)
= s(n)u(k —n)+ > " (s(i)Au(k — i + nlk))

(3.61)

The forced response (a function of the current or future changes in the input vari-
able) can be noted separately from the free response (which is a function of the past
inputs) can be observed and denoted as f according to

[y

n—

fkIE) =) (s()Au(k —1)) + s(n)u(k — n) (3.62)
fk+1k) = "z: DAu(k+1—14)) + s(n)u(k+1—n) (3.63)
f(k+2|k) = Z( s())Au(k +1— 1)) + s(n)u(k +2 —n) (3.64)
flk+n—1lk) = s(n)u(k —1) (3.65)

Vector f (3.66) can be used to represent the predictions of the free response at time
instant k

f(k) = [f(klk), f(k+1|k), f(k +2|k),..., f(k+n—1|k)]" (3.66)

While input is unchanged, the free response equals the system response (f (k+1|k) =
y(k +1)). Also, from the last predicted time point, (k + n — 1) going ahead, the free
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response is constant. The multi-step presentation can be written as

y(k|k) = f(k|k)

y(k+11k) = f(k+ 1|k) + s(1)Au(k|k)

y(k +2|k) = f(k +2|k) + s(1)Au(k + 1|k) + s(2) Au(k|k)

y(k+3lk) = f(k+3|k) + s(1)Au(k + 2|k) + s(2)Au(k + 1|k) + s(3) Au(k|k)

. (3.67)

In matrix form, equation (3.68) can represent the expression above
y(k +1]k) f(k+1]k) sh) 0 - 0 Au(k|k)
y(k+2[k) || f(k+2k) 5@ s e Au(k + 1[k)
: 5 : : 0 5
y(k + nlk) f(k+nlk) s(n) s(n—1) --- s(1) Au(k +n —1]k)
(3.68)

—

where f(k + 1|k) is the free response prior to knowledge of Au(k|k). Equation (3.68)
can be written in short as (3.69)

—

ik +1) = Mf(k) + GAu(k) (3.69)

where M is the free response and G, which is part of the forced response expres-
sion, is the dynamic matrix and determines how current and future changes in in-
put affect the output. G is made up of p rows and ¢ columns, of the step response
model (closed-loop stabilised model as required by DMC) values of the system. The
closed-loop stable step response for the vertical control system, obtained from sys-
tem identification, is given by the data points shown partly in Figure 3.11.

1.2
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() Response | |
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FIGURE 3.11: Step response model for DMC
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When 40 sample points are used, this model can be written as:

40
y(t) =D gidult =) (3.70)

Now, the resulting dynamic matrix can be constructed from:

S1 0
52 S1
G-= (3.71)
S¢ Se—1 S1
[Sp Sp—1 "7 Sp—ct1]]

To obtain the actual system output in simulations, a discrete transfer function of
the system is typically used. Based on this transfer function, the idea is to express
the current prediction in terms of the past output and current input. The standard
method therefore, as found in [82, 84] and considering the available system follows

this procedure:
0.01

G(z) = 3.72
(4) = =107 036 (3.72)
is written in the form: ]
Ui = Z a;Yi-1 + Z bju; (3.73)
j=1 j=1

where d and n are the number of available terms, a; and b; are the coefficients of the
denominator and the numerator of the transfer function, such that the actual output
is expressed as:

9; =| —1.80 4 0.86]9;—1 + 0.01%;

A (3.74)

This method slightly compromises accuracy hence reliability thus, in this thesis, a
slight modification is applied to obtain actual output from the full model, expressed
as:

3.2.4 Free response recursion

At time sample k, f is given by equation (3.76) [82]

flk) = [F(RIR), £k + 1[R), f(k+2[k), -, f(k+n = 1)[k)]" (3.76)
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At instant k + 1, the vector of f is given by equation (3.77)

Fle+1) = [f(k+1]k), f(k+2lk), -, f(k+n—1)k), f(k+n—1)]k)]T +sAu(k) (3.77)

The term f(k+n—1)|k) is repeated because the system transient is assumed to reach
steady state at the end of n steps. The term sAu(k) is the change caused by the step
input Au applied at k. Equation (3.77) can therefore be written as

0 1 0 0 '5(1)'
0 1 . s(2)
flk+1) = 0 ol - Fk)+ [5B)| - Au(k) (3.78)
N :
0 1] _3(”)_

The equation above can be written as equation (3.79)

— —

Flk+1) = MFf(k) + §Au(k) (3.79)

3.2.5 Adding disturbance

For practical purposes, it is necessary to consider disturbance in the model. The con-
trol problem arising is such as that shown in Figure 3.12. This introduces measured
disturbance d and unmeasured disturbance w (which, includes model inaccuracy).

d w

4

Sd

u U vy +

S +L(-J +‘(-J

+
r

FIGURE 3.12: Scheme of the DMC algorithm including disturbance

where S* and S* model the effects of u on y and d on y respectively. For the initial

computations of the free response f, itis assumed that disturbance and control step
Au(k) are equal to zero. The output is a summation of:

—

e predicted free response (f(k + 1)), as in (3.68)
e forced response (S"Au)
e forced response (SYAd)

e the response due to w
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Considering the prediction horizon p (p = number of predictions) and available in-

formation to the point £, the resultant equation is (3.80) for p-step ahead prediction
[82, 83]

—

g=flk+1)+S"Au+ SAd+ & (3.80)

This is expanded to (3.81)

gk+1k)]  [fE+1e] [0 0 0 Aufk|k)
gk +2[k)| | f(k+2[k) L@ s e ] Au(k + 1[k)
: : : : S :
gk + plk) f(k +plk) si(p) st(p—1) --- su(1)] [Aulk+p—1]k)
Fs?(1) 0 0 Ad(k|k)
si2)  sf(1) . Ad(k +1|k)
* : : 0 ' :
i) sip—1) - (1)) |Ad(k+p—1lk)
[w(k + 1]k)
.\ wamm
| w(k + plk)
(3.81)

In (3.80), the matrices S* and S? have p rows and if n < p the missing elements in the
step responses S" and S? are then duplicates of the last values S“(n) and S%(n) of
the corresponding step response model, as it was assumed earlier that the transient
ends after n instants. To calculate the change in measured disturbance at instant k,
the relationship (Ad(k|k) = d(k) — d(k — 1)) is used. A few assumptions need to be
made now to cover for Ad and w which are unknown. To this end, it assumed that:

e Measured disturbance is constant (Ad(k + 1) = Ad(k +2) = ... = 0)

e Unmeasured disturbance is the difference between the model predicted output
and the actual output (w(k|k) = y(k) — g(k)). The predicted output can be
represented as f(k|k) and g(k) = f(k|k).

e Unmeasured output also remains unchanged in future, (w(k + 1|k) = w(k +
2lk) = ... = w(k + p|k)).

It is further assumed that the measurements in output and in disturbance are free of
noise, although in simulation, noises will be taken into account. Equation (3.81) can
therefore be written as equation (3.82)
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gk+1k)]  [fe+1k)]  [s*@ 00 Aufk|k)
gk +2[k) | _ | f(k+2[k) I EC R C RN Au(k + 1[k)
: E : : .. 0 :
gk + plk) f(k +plk) si(p) si(p—1) --- su(1)] [Aulk+p—1]k)
s4(1) 1
s%(2)
+ |7 - Ad(klk) + :
s(p) 1- (y(k) — f(k|k))
(3.82)

Equation (3.82) can be arranged as equation (3.83) where the prediction is a sum of
the past, present and the future [83]

Gk +1) = Tf(k)+s4Ad(k) + (y(k) — f(k|k)) + GAu(k) (3.83)
dicti past h pv t . fut
=prediction =pas =presen =ruture

The idea then, is that the prediction comprises some free response Tf due to the be-
havior of the system in the past, some measured disturbance (which is fed forward)
and some measurement bias (which is fed back) both based on the current state of
the system, and then finally, some component due to the future control action to
be applied to the system after the optimisation problem is solved. The matrix s¢ is
obtained by performing a step test to model the effect of disturbance on the system
then, in the same way as for the dynamic matrix, coefficients of sd are obtained, with
the same dimensions.

3.2.6 Free response

To this point, the free response f has been a column vector as equation (3.66). Equa-
tion (3.83) introduced the p x n matrix T which is characterised as follows [82]:

e when p > n, T displaces vector f and repeats the last element
e when p = n, T displaces vector f and repeats the last element once

e when p < n, T displaces vector f and cuts it to have p elements

[0 1 0 e 0]
00 1 - 0
: o . 0 °:
Tpxn = | .1 0 (3.84)
0 0 1
_0 () 1_p>n
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01 0 0
00 1 0
Ty = 0 0 (3.85)
0 1 0
0 0 1
0 0o 1|
- - p=n
0 1 0 0 0]
00 1 0
Tpn = | 0 0 : (3.86)
0 10 - 0
0 0O 1 0 --- 0

- = p<n

To consider a case with a manipulated variable and some measured disturbance, it
is necessary to update the expression (3.79) to include a feedfoward term for the free
response(3.87) [82]

o1 0 --- 00 -~ ( )_ _ d( )_
. s*(1 s*(1
B 5(2) 54(2)
fk+1)) = |° o Fll)+ [5G | Au(k) + |3°G) | Ad(k)  (3.87)
o100 ; :
0 1 | s*(n) | | s4(n)
10 0 1_1 %/—/w Hz—/sd

(3.87) can be represented as (3.88)
£(k + 1) = Mf(k) + stAu(k) + siAd(k) (3.88)

where M is an n x n matrix, and s* and s? have the same number of step coefficients.

3.2.7 Control horizon

The final element to consider before looking into the realisation of the cost function,
is the control horizon c. Introducing ¢ means that only ¢ future control moves are
considered in the optimization while the remaining changes will be zeros [82, 83]

Au(k+clk) =Au(k+c+1k)=---=Aulk+c+p—1]k) =0 (3.89)
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Prediction of output can therefore be written as (3.90)

g(k + 1|k) f(k+1]k)
§(k + 2|k) f(k+2[k)

k)| | Fk+plk)

@0 0 o Au(klE) T
s'(2)  s*(1) : Au(k +1k)
w(2) 0 z
+ ] s4(1) - | Au(k + ¢ — 1]k)
s1(2) 0 (3.90)
3 0
s"(p) s"(p—1) s'p—c+1)| - )
E - -
(1) |
s(2)
7 k) + || k) — FRIR))
: L
s'(p) 1|
This can be summarised by (3.91)
gk +1) = Tf(k) + s'Ad(k) + (y(k) — f(k|k)) +GAu(k) (3.91)
yp(c1)
Equation (3.91) simplifies to (3.92)
gk +1) = gp(k + 1) + GAu(k) (3.92)

The term y? where (y* (k+1) = [yP(k+1),y?(k+2), - -, y*(k+p)]7) represents the past
free response term and the present feedforward and feedback terms. GAu where G
is of p x ¢ dimension is due to the future control moves.

3.2.8 Optimisation

The DMC algorithm is intended to determine the sequence of control action Au

that will cause a forced response GAu in a manner such that the error between the
output of the system and the desired reference is minimum. It is common to define
the future reference sequence by a set point y*”. The task is therefore to find

GAu + yp = y (3.93)
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This problem has p equations and ¢ unknowns and when p = ¢, a unique solution
exists to the equation, while, when c is less than p, which would likely be the case,

there is generally no exact solution. In this case, it helps to find a vector Au which
optimally minimises the sum of squared errors €

-

€= GAu — (yr — yp) (3.94)
The cost function to be minimised is written as [82]

J=ée (3.95)

This quadratic cost function can then be solved by setting the derivative to zero,
which would correspond to the minimum [82].

oJ

— = 2GT[GAU — (¥ — y?)] =0 (3.96)
Au

G'GAu = GT (y — yP) (3.97)

Au = [GTG]'GT (y% — yP) (3.98)

Equation (3.98) represents a solution, which is the minimum if the second derivative
G'G is 'positive definite’, where some matrix M is said to be positive definite if
wTAz > 0 for all x # 0. The control moves of the predictive controller can be
weighed by adding a factor r:

J =&t Au' riu (3.99)

The solution, which represents the DMC formulation, is then written as equation
(3.100)

Au = [GTG+ I 'G” (y% — yp)
S ~ S (3.100)

H e

= He¢

With a value for r, [G" G +7I]7'G” can be calculated for the unconstrained problem.
The constrained problem is an extension to the unconstrained case as the necessary
derivations are spelt out in texts such as [82] and [83].

3.29 DMC implementation

The design process involves selection of the controller sampling time and horizons
(prediction and control horizon), specifying the desired constraints, scaling factors
and weights.
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Prediction Horizon

The prediction horizon, p, is the number of control intervals ahead from the current
time interval %k, which the controller must evaluate when computing control action
at interval k. The prediction horizon p is selected and held constant early in the
controller design while tuning other controller settings. The value of p is selected
according to the rule-of-thumb that given the desired closed-loop response time (T)
T ~ pT, [96].

Control horizon

The control horizon ¢, is the number of moves in the control action to be computed
by the controller at the time k. The control horizon falls between 1 and the pre-
diction horizon p. Keeping c small means fewer variables need to be calculated by
the Quadratic Program (QP) at each control interval [96]. This in turn, allows faster
computation.

Sampling time

It is recommended to set the sampling time 7 initially and the hold it constant while
other controller parameters are adjusted and typically, T is set between 10 percent
and 20 percent of the minimum desired closed-loop response time [82] although this
applies mainly to process control. Much lower T is used for the quadrotor system
given the faster dynamics. Technically, as T, decreases, unmeasured disturbance
rejection improves, however, the computational demand increases too. The task is
therefore to balance performance and the computational expense.

3.2.10 Tuning the model predictive controller

Typically, tuning the model predictive controller is not standardised but rather more
intuitive. Certain aspects have however come to realisation, aspects that provide
some guideline as to approximation of controller parameters. In order to get rea-
sonable reference points for the tuning parameters, these typical guidelines will be
followed. To do this, the system model will be converted (approximated) into a
First Order Plus Time Delay (FOPTD) model, which is represented by the differen-
tial equation:
dy
"t
where 7, is a time constant, K, is the process gain and ¢, is delay time. The time
constant is the amount of time taken for the output to reach 63.2 percent of the
steady-state condition. The process gain is the change in the output, caused by a
unit change in the input. The time delay can be defined as the time shift in the input
variable. The FOPTD models are very useful because they approximate systems of
higher order with acceptable deviation, in most cases. The transfer function for the
differential equation is:

+y(t) = Kyult — tq) (3.101)
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Y(s)  Kpe'#
G6) = G = ot (3.102)

From the FOPTD model, it is possible to select tuning parameters as follows [96]:

e For the sampling time interval 7', time constant 7, and delay time ¢, (defined

aboved):
T < 0.5, (3.103)
and
T <0.17, (3.104)
e Discrete dead-time & ;
k=241 1
T+ (3.105)
e Prediction horizon p
9Ty
= — k} .1
p T + (3.106)

e Control horizon c is selected usually up to a maximum of the value 6.

The FOPTD model for the altitude system is:

1.002¢0-04845

= 107
0.14436s + 1 (3.107)

Z(s)
With these values, the tuning parameters are calculated as shown in Table 3.1
Parameter Value

p 78
C 5

TABLE 3.1: Tuning parameters

To verify that the parameters are in good range, it is possible to use the system step
response and some standard criterion [96] as follows. FOPTD models can be derived
from a step response according to Figure 3.13:

The criterion states that, from the step response [96]:

1
Tp = ﬁ(t2 - tl) (3108)
tqg =1t — 0.4, (3.109)
The step responses of the initial systems are given in (Appendix C) and produce:
1
7= 57 (0:22 - 0.12) = 0.142 (3.110)

tqg=0.12 — 0.4 %0.142 = 0.063 (3.111)
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FIGURE 3.13: Derivation of FOPTD from step response

These results are clearly comparable to the values obtained earlier. However, be-
cause the step response model used has 70 data points, p is set initially to 65. The

parameters used for the initial tuning of the predictive controller are as shown in
Table 3.2

Parameter Value
p 65
C 5

TABLE 3.2: Tuning parameters (initial)

To implement the DMC algorithm efficiently, a flow chart is drawn up and is as
shown in Figure 3.14:
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!

Apply the first input term of the
control horizon

End

FIGURE 3.14: DMC flow chart
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The DMC algorithm can then be implemented. The overall strategy is as follows:
e Optimise p and ¢
e Tune r and o

e Apply more complex reference signals and investigate the behaviour of the
system in each case.

DMC simulation

The initial simulation is run with the set parameters p = 65 and ¢ = 5 while r and
a are kept in the middle, i.e. 0.5. The behaviour of the system is characterised by
Figure 3.15.

Response
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FIGURE 3.15: DMC p=65, c¢=5, r=0.5 and a=0.5

While the response shows poor performance before change in input, it is clear that
the starting point for the tuning of the controller is feasible in reaching the end goal.
This poor initial performance is characterised by an undershoot, in altitude, prior
to the step input response. This undershoot relates to the non minimum phase be-
haviour of the quadrotor and must be fixed by adjusting p and c settings. It becomes
necessary at this point to discuss the non minimum phase quadrotor behaviour.

Non minimum phase behaviour

The response of a non minimum phase system to some step input is typically char-
acterised by an "undershoot". This means that, given zero initial output and positive
step input, the output becomes negative before switching direction and converging
to the set positive value. The undershoot most commonly occurs when the control
system has an odd number of real right-half plane zeros. In some cases though, non
minimum phase could result from time delay in the control system, which is highly
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likely in this case. Adjusting the tuning parameters p and c should therefore affect
this non minimum phase behaviour, as these parameters affect computation.

DMC simulation

Moving on with DMC simulations, the next simulation is run with p = 65 and ¢ =
10, and then several other settings until performance is satisfactory. The results are
shown by Figure 3.16
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FIGURE 3.16: DMC p=65, c=10, r=0.5 and o=0.5

Increasing the length of the control horizon proves to improve the initial system
performance. However, higher values of p and c increase computational expense.
For efficiency, the computation expense must kept to a minimum. The preferred
value for cis in fact 5 or less and for p, the smallest possible value is desired. A way
must be found, to achieve high quality performance with small values of p and c.

In [85], a solid conclusion is reached stating that, in reality, a low and intermediate
value of p results in a better performance of a Dynamic Matrix Controller. Based
on this, low values of p are tested with ¢ = 5. Some of the results are shown by
Figure 3.17 to Figure 3.18.
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FIGURE 3.17: DMC p=20, c=5, r=0.5 and «=0.5
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FIGURE 3.18: DMC p=5, c=5, r=0.5 and o=0.5

It is observed that p = 5 and ¢ = 5 bring about the desired response.

Now, adjusting o must control the aggression (and consequently, the smoothness)
of the response. The simulation is therefore run for p = 5 and ¢ = 5 with o = 0.2,
a = 0.7and o = 0.9. The responses are given by Figure 3.19
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FIGURE 3.19: DMC aggression

It is observed a = 0.7 settles to steady-state within 100 samples and gives satisfac-
tory response. o = 0.7 is selected as the DMC setting.

3.2.11 More complex reference trajectory

The selected setting based on the simulations carried out so faris p = 5, ¢ = 5,
r = 0.5 and o = 0.7. This setting, with a = 0.7, is examined for different set point
trajectories. The ramp response is as shown in Figure 3.20 and a sinusoidal response
is as shown in Figure 3.21.
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FIGURE 3.20: DMC p=5, c=5, r=0.5 and o=0.7
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FIGURE 3.21: DMC p=5, c=5, r=0.5 and a=0.7

The selected setting shows higher quality control with DMC. The 3D trajectory
tracking with DMC is shown in Figure 3.22.
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FIGURE 3.22: DMC p=5, c=5, r=0.5 and a=0.7

It can be concluded that DMC, at this point without adaptation (Figure 3.22), achieves
superior reference tracking for the quadrotor, especially even as the reference trajec-
tory becomes more complex.

3.2.12 Considering Disturbance

The next step would be to investigate how ADMC handles disturbance. The dis-
turbance, as explained later, considers a load mass being suddenly thrown onto the
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support of the quadrotor in hover. Step disturbance (which can be modelled as a
change in sensor output [87] or as a force [88]) is used. Disturbance simulations are
run and detailed in the next section.

3.3 ADMC implementation

Before discussing the implementation of ADMC, the general structure of the control
law must be summarised, from the information already given within this chapter.
The first part is a representation of the DMC formulation, which computes the con-
trol law: B

Au = [G"G+ 171G (y — y7) (3.112)

This formula is based on an adjustable system model whose parameters are updated
by an adaptive law, and given by:

O(t+1)=0(t)+ P(t+ 1)p(t)e(t + 1) (3.113)

Both equations were derived and explained earlier in this chapter. There are two
main ways to implement ADMC. The first form of ADMC is one in which adap-
tation is used to calculate and update horizon parameters of the DMC controller
i.e. the prediction and/or control horizons, depending on the estimated real-time
system dynamics. In the work of Klopot, this is achieved by using linear spline in-
terpolation, for a nonlinear hydraulic plant [89]. In a similar way, the suppression
and scaling factor can also be adjusted in time [90].

Another (somewhat more complex) realisation of ADMC is one where the actual
DMC model is updated. This has been investigated for a distillation column [91]
and also for a turbine system [92]. This form of ADMC typically involves utilisa-
tion of several models of the system, for different points, then, based on system
measurements, finding the best model for a particular operating point, typically us-
ing interpolation. This has also been successfully implemented for process control
[93, 94, 95]. Other forms of ADMC have been implemented and are in most ways,
extensions of the above stated. In this research, the second approach to ADMC
is taken because this approach potentially poses higher robustness especially for
larger disturbances. Two things, are done differently though. This paper proposes
using a single step response model for different disturbances to act on the system,
causing change of dynamics. As stated earlier, typically, several models are utilised
for different operating points and one is activated at each sampling instant. To do
this efficiently, the deactivated models do not compute the control laws but, to en-
sure bump-less transfer from one model to another, the deactivated controllers are
required to continue calculations for the dynamic matrix. This is therefore com-
putationally expensive and even worse for the quadrotor given the fast dynamics
and limited computing power. The idea for this research, is therefore to run mul-
tiple simulations to attempt to find a single adjustable step response model to use
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for different control scenarios resulting from load pick-up, load drop-off or exter-
nal disturbance (wind), based on analysing how model parameters are affected by
disturbance.

Secondly, instead of using interpolation to switch from one model to another, a Su-
pervisor is used. The Supervisor monitors system behaviour and then decides how
to adjust the DMC step response model which is used for prediction. The advan-
tages of using a supervisor over interpolation formulae are:

e Code is relatively simple (and supposedly more efficient).

e A RLS estimator already exists, which estimates model parameters in real time,
which can then conveniently and readily be used by the supervisor in making
decisions.

3.4 Summary

Tuning the ADMC is quite an intuitive process, one which demands extensive sim-
ulation. The adaptive controller must be tuned for the available plant (from system
identification based on experimental data), then the DMC controller according to
the required performance. When tuned well however, the ADMC controller satisfies
the two main objectives i.e. adaptation to varying plant dynamics and optimal refer-
ence tracking. ADMC simulations can be run from a Matlab file with the necessary
mathematical expressions, or from a Simulink model. The latter, while more chal-
lenging, does however provide much more flexibility and convenience for model
modification and extension. At this point, constraints have not been considered.
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Chapter 4

IMPLEMENTATION OF ADMC

ADMC is implemented and evaluated based on some designed experiment to in-
vestigate the pick-and-place operation of the delivery quadrotor in simulation. Ob-
servations can therefore be made to determine the real performance of ADMC. The
idea is to start with simulation tests, then develop the simulation experiment grad-
ually until tests can be conducted experimentally, in a manner that is safe, reliable
and able to demonstrate the performance of ADMC (and other controllers) for a
load-place task given a delivery quadrotor.

4.1 The Simulation Experiment

Before discussing the implementation of ADMC for the available system, the gen-
eral experiment to be simulated is described. The experiment involves the quadrotor
flying across the room, in picking up a load and dropping the load over some wall
as illustrated by Figure 4.1. The load, which initially rests on a holding platform, is
hooked by a hook on the bottom of the quadrotor along the central axis, and falls
onto the support of the quadrotor until placed. This experiment is simulated from a
Matlab file, coded from the RLS and DMC equations described in Chapter 3.

06

05
N /\
0.3 “ | Load

dropped
here

Z (m)

0.2
| \
0
2
T Load picked
up here

FIGURE 4.1: Pick and place experiment

0.5
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AMPC in general, uses a fixed model structure, whose parameters are updated with
time. Ideally, when the controller makes a prediction, the prediction is based on a
model representing the current conditions. The approach taken in implementing
AMPC is generally to first design a traditional model predictive controller. This
controller is designed based on the model of the quadrotor at nominal operating
conditions. The next step is to introduce adaptation to update the system model as
the system dynamics change. A supervisor is used to achieve this step. To imple-
ment the supervisor, it is necessary to understand how the system dynamics change
when the quadrotor, in this case, picks up a load. This is done by running several
simulations on the system. The parameters a; and a, in the subsystems of control
change significantly as dynamics change, compared to b, and b, as a result of load
disturbance. Figure 4.2 shows how the parameters change over time, as an example
for the altitude subsystem.
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FIGURE 4.2: Parameter change

The plot al — change for example shows how the parameter a1 changes with load
drop-off. To add adaptation to DMC, disturbance step responses are required, which
will then be used in computing control action (manipulated variable) to compen-
sate for the disturbance. Different step responses exist for different disturbances as
shown by Figure 4.3, for example, which gives responses from load drop-off of two
different weights.
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FIGURE 4.3: Disturbance step response

The disturbance step response is considered from hover, with some load pre-attached
from take-off.

Adding adaptation to DMC

It is intended to correct for the load pick up using one step response model, and not
multiple individual response models. This means that one step response model is
used for different load disturbances. This model must however be scaled, hence ad-
justed according to disturbance magnitude and direction. A scaling factor (k) which
is dependent on the magnitude and direction of change caused by the disturbance
is proposed. It is necessary to therefore introduce a reliable method to adjust the
scaling factor according to the measurements of the RLS estimator. Supervision is
proposed as detailed next.

4.1.1 Supervision

Supervisory control is a method of control based on switching. Mathematical logic
is applied to improve system response quality especially in cases where a controller
designed for one operating point does not meet the required quality [98, 99]. In
close relation to supervisory control, is variable structure control (VSC). The VSC
method is based on changing the dynamics of a non-linear system through some
high-frequency switching process. The simplest illustration of control supervision
is that of an industrial system with a human technician who periodically adjusts
the set points of some number of PID controllers to best account for changes in the
operational environment. The switching is based on decisions made by the super-
visor (monitor), from the result of processing some output and input data from the
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system. Figure 4.4 shows the general architecture of supervisory control, in this case
switching between only two controllers.

supervisor

V7
’—‘ controller 1 }—' T

?\ = process -

L N U Y
controller 2 —

FIGURE 4.4: Architecture of supervisory control

In Figure 4.4, D represents the disturbance signal while o represents the switching
signal. The main types of supervision are as follows [99]:

1. Sequenced supervision - this follows a defined sequence in trying out one con-
troller after the other until acceptable performance in reached.

2. Performance-based supervision - this uses some available data and decides a
controller to switch to only when performance becomes unsatisfactory accord-
ing to some set performances indices or index.

3. Estimator-based supervision - this uses some observed data to estimate the
process model and then select a controller based on the estimated model.

In this work, estimator-based supervision is proposed because an estimator is avail-
able already. Based on the estimated parametric value, some scaling factor (k) of
the step response model is adjusted. The way this is implemented is that the step
response model (DMC internal) is prefixed by a scaling factor (k):

Responseste, = k * [0, 5(1),s(2),s(3),s(4), ...] 4.1)

Now, changing the sign of k allows for the consideration of opposite disturbance
effects (quadrotor load drop-off or pick up). Changing the value (magnitude) of
k then allows for the consideration of different load sizes (weights). To make this
useful, it is then necessary to get an appreciation of how the actual parameters of
the estimated model vary according to different loads, and also whether the load is
dropped or picked. The description of Figure 4.2 makes this possible. Adjusting & is
therefore a matter of mapping the change in the parameters. As stated earlier in this
chapter, the parameters a; and a, change significantly with loading and offloading
of the quadrotor. These parameters change almost equally, relying on either is suf-
ficient in determining loading on the quadrotor. The parameter a, is used, where,
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knowing how the parameter changes when the quadrotor drops or picks a load, is
used to adjust k. In implementation, "i f* commands are employed.

The theory of RLS parameter estimation has been covered in the first section of this
chapter. The final proposed control scheme is illustrated by Figure 4.5, where the "k’
block represents the scaling factor explained above.

- Parameters
Supervisor [« RLS

ref DMC ~ Process H—

FIGURE 4.5: Proposed control scheme

Simulations are carried out with three controllers, before evaluations are made. In
this chapter, another adaptive controller is introduced, so that evaluation of ADMC
is not against non-adaptive controllers only.

4.1.2 Model Reference Adaptive Control (MRAC)

Already, because the PID controller is the default controller on the quadrotor avail-
able, evaluations must include PID. The PID is however tuned for the hover oper-
ating point and is not expected to perform to the quality of ADMC. However, if the
PID controller were to be adaptive, i.e. adjust according to operating conditions,
this adaptive PID controller must perform, perhaps even to the level of quality of
ADMC. The three controllers evaluated are therefore PID, ADMC and adaptive PID
realised in the form of Model Reference Adaptive Control (MRAC).

The idea behind MRAC is that, from the internal prediction model, the output of
the prediction model and that of the plant are compared. The difference between
the two (sometimes referred to as plant-model error) is then manipulated for control
[3]. Figure 4.6 shows a scheme for MRAC.
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FIGURE 4.6: MRAC scheme (adopted from (3))

The scheme is very similar to that already presented in the previous chapter. The
structure is flexible especially with respect to the dashed lines feeding into the adap-
tation mechanism. These can be neglected, depending on the desired system struc-
ture. Further explanation, equation derivation and control tuning for MRAC are
available in most adaptive control literature such as [3]. This information will not
be presented in this report.

The reference model used for the MRAC is the same ARX model identified earlier,
while the plant is that presented in the second chapter. The adjustable controller is a
PID controller, with a value of gain that is adjusted based on the plant-model error
(difference between the output of the prediction model and that of the plant). The
work of Ghaffar et al. is a useful piece of literature in implementation of MRAC.

Figure 4.7 shows the MRAC simulation model.
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FIGURE 4.7: MRAC simulation
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Figure 4.8 shows the adaptation mechanism. This mechanism manipulates the plant-
model error by scaling the error. This scaling factor (C) allows adjustment of the
convergence of the measured system output to the reference input, hence useful for
MRAC tuning in this case, as illustrated by the results of the simulations run next.

gain

T i

e E

FIGURE 4.8: Adaptation mechanism

Figure 4.9 shows the controller of the model, illustrating how the PID controller is
adapted, based on the plant-model error.

PID(s)

PID Mul

FIGURE 4.9: Controller

The overall control law (for control action U) in this case is therefore:

UZG*UPID (42)

where Up;p is given by 2.46.

MRAC tuning

The MRAC controller is tuned and this tuning applies to the scaling factor C. The
PID part is maintained (as from chapter 2). Simulations are then run for different
values of C' as depicted by the step responses in Figure 4.10.
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FIGURE 4.10: MRAC tuning

Figure 4.11 zooms into the results shown in Figure 4.10 for comparison.
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FIGURE 4.11: MRAC tuning results

When C' increases, the system adaptation gains aggression, leading to oscillation as
C' becomes too high. The value of C' used is 0.1.

4.1.3 Evaluation simulations

PID, MRAC and ADMC are simulated for the pick-and-place mission. At this stage,
the purpose of simulation is to evaluate the overall performance of all concerned
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controllers. The PID controller is auto-tuned to provide high quality, as much as
possible. The results are shown in Figure 4.12, Figure 4.13 and Figure 4.14, which
include disturbance, modelled as change in sensor output, at this point, while sim-
ulations improve gradually.
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FIGURE 4.12: Pick and place - PID
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FIGURE 4.13: Pick and place - MRAC
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FIGURE 4.14: Pick and place - ADMC

It can be observed, in tracking how closely the response follows the reference (Fig-
ure 4.12, Figure 4.13 and Figure 4.14), that ADMC offers slightly higher precision
trajectory tracking compared to the two counterparts. In terms of compensation
for load pick-up and drop off, ADMC and MRAC demonstrate equal competence,
while PID shows a slightly longer disturbance-correction time. Modelling the dis-
turbance as a change in sensor output does not however give a convenient platform
for the investigations of interest. Disturbance will therefore be modelled as a force
for further investigation.

The experiments carried out with the quadrotor are simplified. The quadrotor is
programmed to hover with altitude hold. While at hover, a load mass is dropped
off the support of the quadrotor and the altitude response is recorded. Effects of the
load mass can then be analysed.

414 Implementation

To achieve better simulation flexibility i.e. in disturbance simulation and reference
signals, the available Matlab file model is redone as a Simulink Model. The next step
moving on, is therefore to develop a Simulink model of the ADMC system. This
means that a block is required to represent the ADMC algorithm as illustrated by
Figure 4.15, for the altitude control sub-system, where the controller is represented
by Figure 4.16.
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FIGURE 4.15: Functional diagram of the Simulink model
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FIGURE 4.16: ADMC controller

To achieve this, it is necessary to adopt an S-function in Simulink to run the DMC
script. The S-function therefore is used to describe the function block of the con-
troller, which is in fact written in C-code. The idea then, is to set up the S-function
accordingly. This involves defining functions to initialise or terminate the block and
also to process inputs to outputs.

Something to note, is the presentation of the plant in the Simulink model. At this
level, this research adopts an FOPTD model. The reason behind this is that it makes
sense to consider command lags, measurement lags and computation or communi-
cation lags when the practical system is considered. While the consideration of the
time delay is beneficial in that sense, it may drop the response time. Regardless, this
even further allows for better understanding of the practical system.

Again, simulations are carried out with three controllers, PID, MRAC and ADMC
as shown in Figure 4.17. The purpose of these simulations is to evaluate how each
controller handles load drop-off and pick up, on a more qualitative basis.
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FIGURE 4.17: Simulink model simulation

These simulations show that ADMC performs better in compensating for the load
mass in terms of correction response time, than MRAC or PID. This is further illus-
trated by the plot of the manipulated variable (control action) which is most optimal
for the ADMC case. MRAC performs almost to the match of ADMC, but slightly
having more disturbance error, due to the fact that ADMC incorporates an aspect of
optimal control, through the DMC algorithm. PID overall, though able to provide
zero steady-state error, comes with more error in magnitude at disturbance applica-
tion. The error resulting from disturbance is higher in magnitude and the time taken
to correct for this error. This makes sense, given that the PID controller is tuned for
the hover operating point.

From the simulations carried out, it can be concluded that the adaptive controllers
offer improved control to PID. Before moving to the experiments, the effect of sam-
pling time is discussed.

4.1.5 Sampling Time

The ADMC Simulink model simulations carried out are run well with a sampling
interval of 0.025 seconds. It is observed that the setting of the sampling interval
has significant effect on the performance of the controller. To this end, a series of
simulations is run for different sampling intervals (0.0001 seconds, 0.025 seconds
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and 0.1 seconds) giving results as shown in Figure 4.18, Figure 4.19 and Figure 4.20
based on the Simulink model.
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FIGURE 4.20: Sampling time 0.1 seconds

It can be concluded (and noted for the purposes of the real controller) that too large a
sampling interval prevents adequate capture of the plant dynamics, while too small
a sampling interval fails to allow for the full computation of the algorithm.

4.2 The Physical Experiments

As stated already, MPC is computation-intensive as the MPC algorithm solves the
optimisation problem at each sample time. This optimisation problem is typically
reduced to the Quadratic Programming (QP) problem. Applying DMC to real con-
trol systems is not an easy task [100]. One of the reasons for this is that the C-code
required to solve the QP problem is complex and computationally expensive [101].
As a result, research into implementation of DMC on real systems, on actual micro-
controllers has not received as much attention [102]. Off-the-shelf solvers do exist
however, such as the qpOASES solver, and are typically used in the implementation
of MPC [101] especially in industrial systems. This simplifies the implementation
but interfacing the solver to the input-output modules of the system still poses a
complex task.

Over time, advances in control and in computer science have constantly improved
not only the theory of control, but implementation too. As such, implementation
of control has found new methods, particularly, the so-called Control Prototyp-
ing approach which is based on common programming languages, typically Mat-
lab/Simulink. In this way, it is possible to automatically generate C-code from a
system model in Matlab/Simulink for example. This has been successfully done in
[100, 102]. Control Prototyping, better known as Rapid Control Prototyping (RCP)
is a process of deploying a controller to a real system by translating for example,
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Matlab/Simulink models, to a control processing computer with input-output in-
terfaces.

RCP can be adopted for this research in which case, the code generation can be
done from a Matlab file or Simulink model. The generated code can then be de-
ployed on a micro-controller such as Arduino. This only works if the available
micro-controller is able to meet the computational demand. Alternatively, a fusion
of a micro-controller and more powerful computer can be used. The more powerful
computer then runs the expensive algorithm in Matlab/Simulink and sends control
commands to the micro-controller. This second approach has strong benefit espe-
cially in terms of ease of data capture and signal analysis. While both approaches
make controller deployment easier, it is not as straight forward. Additionally, it will
be necessary to perform some manual integration to some "legacy’ code required for
proper functioning of the quadrotor. This involves for example IMU sensor initiali-
sation, processor scheduling, calibration etc., and would fall out of the scope of this
research.

Typically, as in process control, the more powerful computer is the control PC, from
which the human counterpart can receive data (state information) from the system
and also send data (control data) to the system [100]. This works well for stationary
systems where data transmission can be done via wire. In this work, ADMC must be
implemented on a stand-alone computer on-board the quadrotor and tested through
a set experiment. The flight controller is desired to function as follows:

1. Measure relevant information using a data acquisition system on the flight
controller, with relevant sensors.

2. Send the sensor information to the on-board computer.
3. ADMC control action is calculated.

4. The flight controller sends the control action commands to the speed con-
trollers of the motors of the quadrotor.

Two different quadrotors will be explored for experimentation. The first preliminary
experiments are based on a small scale quadrotor. Findings from these experiments
are then used in setting up the second preliminary experiments which use a larger
quadrotor. Improvements are made to the system and then the final experiments
are carried out, with the larger quadrotor.

4.3 First preliminary experiments

Throughout this work, the experiments conducted are gradually developed step
by step until safety and reliability are guaranteed. This minimises any risk in the
exercises, and also allows for effective planing.
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4.3.1 First phase

The Parrot AR Drone is used for the first preliminary experimental testing. The
AR drone is a light weight, wifi controlled quadrotor whose propeller guard frame
makes it relatively safer to operate indoor. The AR drone used is shown in Fig-
ure 4.21.

FIGURE 4.21: Parrot AR drone

Library blocks are set up to interface the input and output modules of the AR drone
system. The AR is then controlled from a computer running Matlab via wifi. By de-
fault, the User Datagram Protocol (UDP) is used, where speed guarantee is relatively
high. Control algorithms are run on the computer and only motor commands are
sent to the AR drone. This allows running computationally expensive algorithms
with ease using the processing power of the Matlab-installed computer. In order to
do this, a support package for the AR drone is used. Control is PID regulated, tuned
optimally for the robot. Figure 4.22 illustrates the desired function as stated above.
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FIGURE 4.22: Functional diagram of the experimental system
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To carry out the required experiments and acquire useful data, a peripheral data
acquisition system is proposed. This isolates the data measurement from the con-
trol computation during flight. Measured data is not processed in real-time, but is
stored for post processing and analysis. Processing power is prioritised for the con-
trol computation. This peripheral system comprises an Arduino computer (micro-
controller), ultrasound sensor and bluetooth module as shown in Figure 4.23.

FIGURE 4.23: Peripheral data acquisition system

Experiments are carried out to investigate the general performance of ADMC and
PID control. The quadrotor is set to hover at 0.75 m above the floor, which is a safe
height in case of unexpected emergencies and, given the small size of the drone,
the ground effect turbulence is negligible at this level. The settings of ADMC are as
shown in Table 4.1.

TABLE 4.1: ADMC parameters

Parameter Value
Prediction horizon (p) 5
Control horizon (c) 5

Weighing factor (r) 0.5
Aggression factor (o) 0.7

First, with the added weight of the peripheral system (which required a separate
power source), the quadrotor is unfortunately unable to gain sufficient lift to rise to
the desired height above the floor. The quadrotor is only able to hover less than 15
cm from the floor. This however presented an opportunity for a quick analysis of
the general performance of ADMC and PID control on a real system. The behaviour
of the two controllers are illustrated in Figure 4.24 and in Figure 4.25.
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First phase observations

It is observed that ADMC is more aggressive in attempting to track the set 75 cm
and does actually get closer to the target, than the Parrot AR PID controller. This
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is due to the relatively high value of the aggression factor (0.7). Given the lift de-
ficiency, throttle is stepped up manually at the points indicated by blue arrows, to
force the quadrotor to gain lift. Again, with ADMC, this has an effect of raising the
quadrotor in height. The PID controller does not respond to the increased reference
height. This proves the ADMC aggression in control which in this case results in
more aggressive command tracking.

4.3.2 Second phase

Having adjusted weighting on the quadrotor by removing the propeller guard, ex-
periments are repeated. This time, the lift generated by the motors is enough to raise
the quadrotor to the set 75 cm. Results are illustrated by Figure 4.26 and Figure 4.27.
In these experiments, the load disturbance is applied as marked by the red circles,
by a matter of forcing the quadrotor slightly below the set hover height and then
releasing the force for the quadrotor to correct back to the reference altitude.
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FIGURE 4.26: PID response
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Second phase observations

Analysing the results, ADMC out performs PID in both maintaining steady height
and in correcting for the load disturbance. The noisy oscillation from Figure 4.27 is
a result of tilt in pitch and row as the quadrotor attempts to maintain stability. The
aggressive ADMC corrections result in more defined tilt and this is picked up by
the peripheral ultrasound sensor as measured distance changes, and rapidly. The
off-set of ADMC is a matter of different calibration for the peripheral ultrasound
sensor and that of the Parrot drone, and is at this point not important.

4.3.3 Unexpected ADMC flaws

A problem identified is that while the ADMC setting results in unnecessarily ag-
gressive (rough) control, reducing the aggression factor slightly (from o = 0.7 to a
= 0.6) however lowers the ADMC correction response-time to almost the same level
as PID. This means that the ADMC expensive algorithm cannot be justified, unless
some improvement is implemented for ADMC. A possible and simple improvement
would be to determine the value between a = 0.7 and « = 0.6, which gives the best
response. The approach taken in this work is to employ some algorithm to smooth
out ADMC, as will be detailed later.

4.4 Second preliminary experiments

The next preliminary experiments are based on tests conducted outdoor, with the
Axe quadrotor, illustrated in Figure 4.28 below. These experiments are an improve-
ment from the tests already presented.
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FIGURE 4.28: Axe quadrotor outdoor

4.4.1 Articulation of the experimental process

With the Axe, all computation is carried out by the flight controller on-board. This
quadrotor has a larger payload capacity, maximum of approximately 0.7 kg. The
experiment is set up such that ADMC is applied to the altitude control system while
the attitude subsystems are PID regulated, in a coupled set-up, as presented by the
system model in chapter 2. The reasons for this are as follows:

1. To minimise the on-board computational requirement to levels that the flight
controller can handle.

2. To minimise risk. The Axe is a relatively large drone. It is worthwhile to
invest in reliable systems such as the Vicon motion capture system for fuller
exploitation on experimental basis.

3. Exploitation of the altitude system alone is expected to produce meaningful
results for informed conclusions.

The Axe is equipped with a Pixhawk flight controller. The idea is to execute the
ADMC (and PID) control on this autopilot, such that the sensors available with this
flight controller are used. This avoids the use of peripheral systems hence avoid-
ing compromise in system and process integrity. To assist with this, Pixhawk Pilot
Support Package (PSP) is used. PSP is useful because this package offers an effi-
cient, safer and practical method to implement custom controllers on the Pixhawk
autopilot. The method adopted will investigate PID control and ADMC and at a
later stage, adaptive PID is added. PID is investigated first because PID is much
simpler and less prone to error or failure resulting from complexity.

The set-up of the Axe for experiments is such that:
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1. Altitude is measured by the barometric sensor on the Pixhawk flight controller.
This sensor provides more stable and reliable measurement compared to the
GPS altitude measurements.

2. GPS data is used to stabilise the quadrotor on the X-Y axis.

The default PSP model does not include the barometer and GPS sensor. The model
is modified to utilise the barometric and GPS sensors. The final model therefore
comprises the sensors shown in Figure 4.29.
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FIGURE 4.29: Modified Pixhawk quadrotor model

The source code files and header files (containing declarations) are set up, for full
integration of the GPS and barometric sensor. Details regarding the code generation
from the model, for Pixhawk using the Pixhawk support package are available in
Appendix D and are guided by instructions given in [106].

Experiment strategy

Experiments are carried out outdoor, in GPS assisted mode of flight, for safety rea-
sons. This ensures stability in the X-Y directions. Flight data is written onto the
Pixhawk flight controller micro-SD card for analysis. The idea is to therefore hover
the loaded Axe quadrotor then drop the load. The experiments are set up to evolve
and gradually improve. The first and second preliminary experiments are therefore
building stones for the final experiments, so it is from the final experiments that
conclusions with substance will be written up.

Reference input

The reference input for each experiment will vary. The reason for this is that from
take-off, the quadrotor is flown to hover with altitude hold, in the shortest time
possible. This level, for each flight, is then taken as the reference altitude.
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Payload release

A payload release mechanism is designed and mounted safely on the Axe. This
mechanism, at this point, is remotely controlled from a unique radio, other than that
used for commanding the Axe quadrotor. The Axe therefore takes off, with some
load and the load is released at hover and the effects of this load drop off on altitude
are analysed. The load mass is a sand bag, weighed and marked accordingly. In this
way, by releasing the load, a disturbance is introduced.

Choice of results visualisation

The visualisation of experimental results must be standardised so that meaningful
analysis can be executed and useful conclusions derived. The final experiments
(which close this chapter) are more standardised because these experiments are im-
proved from all prior experiments. For this reason, results visualisation is empha-
sised for the final experiments.

Chosen variables plotted

The variables plotted for each experiment must pronounce indices that allow ac-
curate evaluation of the different controllers involved. Again, these variables are
emphasised for the final experiments.

4.4.2 Aggression control for ADMC

As highlighted after the first preliminary experiment, the aggression of the ADMC
controller needs attention. This must be done preferably, without dropping the
value of the DMC aggression factor as this was observed to reduce the response time
of ADMC to levels close to PID. To address the matter at hand, a smoothing func-
tion is proposed for post ADMC processing. Specifically, the Hyperbolic Tangent
function (first used in the work of Sauri L in 1774) [107] is proposed. The hyperbolic
tangent (tanh() function) is proposed for smoothing the aggression of ADMC. An
advantage of the tanh() function is that this function is readily available in many
programming languages, including Matlab. The hyperbolic tangent is a function
useful in controlling the transition from one point to another [108]. The hyperbolic
tangent function is defined as the ratio of the hyperbolic sine and hyperbolic cosine
in radians (4.3) [107]:

sinhx
tanhx =

cgshx_w

- cc (4.3)
er +e %

2z 1

e
e2r 1

in which case sinhx represents hyperbolic sine and coshz, the hyperbolic cosine on
a radian scale. In simulation, the hyperbolic tangent can be wtitten as:

1. x =-4:0.1:4;
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2. plot(x,tanh(x));
3. grid

Figure 4.30 gives a simple illustration of the hyperbolic tangent signal smoothing.
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FIGURE 4.30: Hyperbolic function

For more flexibility, the hyperbolic tangent function is defined as:

func(xz) = 2% (0.5 4 0.5 x tanh(k * x)) (4.4)

where £ is a smoothing factor, as explained in Figure 4.31. In this way, the DMC
control action is smoothed. The radian input of the hyperbolic function is mapped to
the manipulated variable scale, which is in fact a pulse between 1000 micro-seconds

and 2000 micro-seconds.

func(x)

FIGURE 4.31: Hyperbolic function smoothing factor
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The hyperbolic tangent smoothing allows for the aggression factor of DMC to be
stepped up from 0.7 to 0.82. Other changes made, in the interest of reducing com-
putational load, include reduction of the step response model to size 8 (with steady
state from the third point), prediction horizon to 4 and the control horizon to 2. The
Axe experiments are carried out with this setting, as summarised by Table 4.2.

TABLE 4.2: Adjusted ADMC parameters

Parameter Value
Prediction horizon (p) 4
Control horizon (c) 2

Weighing factor (r) 0.5
Aggression factor (o)  0.82

4.4.3 Results of the second preliminary experiment

The flight logs of the PID and ADMC controllers are analysed. It is important to
note that, while the Axe quadrotor has meaningful payload capacity, the Axe does
present some issues with respect to safety. The relatively large size of the Axe means
higher operational risk, especially in experimentation. For this reason, experiments
are minimised to only demonstrate the necessary aspects, for response comparison.
Experiments are conducted as follows:

1. Implementation of ADMC on the altitude control system. The idea is to run
experiments for the PID, standard ADMC and smoothed ADMC.

2. Experiments are improved step by step until it is possible to draw meaningful
conclusions.

Several flights are carried out under calm wind conditions and flight logs stored on
the SD card are closely analysed and presented, with the aid of relevant software.
The PID controller is investigated first.

PID

Four load masses are available for tests, 0.15 kg, 0.3 kg, 0.4 kg and 0.6 kg. The 0.15
kg is experimented with first. When released, the load mass of 0.15 kg is observed
to not cause sufficient and measurable disturbance to the system. The 0.6 kg load,
on the other hand, is rather too heavy for the quadrotor, causing the quadrotor to
struggle, especially at take-off. For this reason, the 0.4 kg and 0.3 kg load masses
are adopted and used for the experimentation. These are able to induce measurable
disturbance, and also ensure safety in carrying out experiments.

Figure 4.32 and Figure 4.33 show the response of the PID controller when the load
mass of 0.4 kg is dropped. The altitude given is as measured by the on-board barom-
eter and the red arrows mark the point of load drop-off, this applies to all experi-
ments (second preliminary experiment). This load drop-off point is determined by
analysing the response of the quadrotor against the input of the pilot (in landing the
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quadrotor), which gives an indication that the experiment is complete and the load
was released. This strategy will be improved in the final experiment. Experimen-
tal data in this section is presented only for and around the point of application of
disturbance because it takes fairly long to actually get the quadrotor to hover sta-
bly (because of the load) before triggering the load drop-off. This is something that
must and will be improved for the final experiment, before concluding this work,
but for the purposes of preliminary tests, data is analysed.
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Immediate observations

The first observation is that altitude rises at load drop-off, without the compensa-
tion that is expected, as with simulation. To analyse this case, an understanding of
the architecture of the system algorithm is required. The algorithm implementing
the altitude-hold relies on sensors that are affected by some practical factors. While
altitude hold must maintain altitude accurately, magnetic interference on the com-
pass and vibrations compromise the accuracy and steadiness of the output. Exper-
imental data cannot therefore be as clean as simulation data but, because the same
quadrotor is used for all experiments with the different controllers, any superiority
or deficiency of a particular controller will self define.

Another observation worth pointing out is that the measured data is in fact quite
unstable (noisy). Making this worse, is the fact that the noise is rather inconsistent
from one experiment to the other, one minute to the next. The reason behind this
is that the barometric sensor is affected by atmospheric conditions such as pressure
change and wind.

PID observations

To allow for comparison of the different controllers, performance indices are used.
At this point (preliminary experiments), the indices used are stability and error. In
control engineering, a control system is generally stable if every bounded input to
the system gives bounded output response. It is observed that the PID controller
manages to maintain stability in altitude after load drop-off. The filtered plot of the
raw data is meant to highlight the trend in the data. The maximum altitude error
resulting from load drop-off can be approximated to 1.3 m.

Standard ADMC

The standard ADMC (without smoothing) is investigated next. Based on the first
preliminary experiment, standard ADMC is expected to be relatively aggressive in
correcting for disturbance and also in reference tracking. Experiments with this con-
troller are conducted with care. The first flight shows some uncontrollability even
to the point where it is impossible to execute the actual load drop-off. The cause
of this, is the combined effect of high aggression and also unstable sensor output
from the measurement system. The plot of "Altitude PWM’ on Figure 4.34 shows
the applied control command input in stabilising the quadrotor. This, in reality, is
the pulse width of the signal, which ranges from a minimum of approximately 1000
microseconds to a maximum of approximately 2000 microseconds, where 1500 mi-
croseconds should typically cause the quadrotor to hover. Slight command input
adjustments are observed to result in excessive changes in altitude, in some cases
causing rapid and unsafe drop in altitude (circled in red) on Figure 4.34 below.
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FIGURE 4.34: First standard ADMC experiment

Standard ADMC observations

It is concluded that the standard ADMC is not entirely safe for immediate deploy-
ment on the physical Axe quadrotor. The aggression with the Axe quadrotor is in
fact observed to be relatively more pronounced than that of the smaller AR quadro-
tor used in the preliminary testing. From a safety perspective, further experimental
testing cannot go on without improving the controller or measurement system. In
this way, the smoothing algorithm is therefore added to the standard ADMC.

Smoothed ADMC

Flight tests with smoothed ADMC should reveal the influence of the smoothing al-
gorithm implemented. Figure 4.35 and Figure 4.36 show the response of the ADMC
controller with smoothing, when the 0.4 kg load is dropped. Again, experimental
data is presented only for and around the point of application of disturbance.
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FIGURE 4.36: Second smoothed ADMC experiment

While Figure 4.35 and Figure 4.36 show improved performance for smoothed ADMC
compared to the standard ADMC (Figure 4.34, it is important to however point out
that one or two of the total number of flight tests with smoothed ADMC did reveal
unfavourable aggression. The aggression of these discarded flights is however less
pronounced than that of the standard ADMC.
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Smoothed ADMC observations

Smoothed ADMC shows improved control (compared to the standard ADMC) to
the point where load drop-off tests can actually be executed safely. Itis observed that
smoothed ADMC manages to maintain stability in altitude after load drop-off. The
maximum error can be approximated to 0.3 m. Based on these accomplishments,
the effort required in developing ADMC can already be justified.

General observations

Other observations from the second preliminary experiment include:

1. The output data of the barometric sensor is noise polluted, something expected
in real systems. In particular, the barometric sensor is actually slightly affected
by wind and pressure differences. The result is that the noise in the measured
data will not be consistent from experiment to experiment.

2. The method of determining the point of disturbance application must be im-
proved. Preferably, the available system must cater for disturbance triggering,
instead of introducing an external system.

3. While smoothed ADMC reveals improved control for most of the flight tests,
the few flight test that revealed undesirable aggression and control difficulty
are a cause for concern. The final controller must be designed to work as de-
sired at all times with no chances of misbehaving. The general ADMC code
must therefore be revisited and analysed.

4. The simulation-tuned ADMC controller cannot be implemented without sig-
nificant adjustment. Experimentation does introduce deeper understanding of
the controller and how best to implement the controller.

5. By readjusting PID gains for different operating points, PID control may gain
more quality, for the particular operating point tuned for. This comes back
down to adaptation, in which case, adaptation is useful because adaptation
eliminates the need for controller re-adjusting for each different operation. As
with simulations, it is helpful to add tests which include some adaptive PID
control so that experimentally, ADMC is not only evaluated against PID only,
but adaptive PID too.

Adjustments to address the negative observations

Based on the observations as stated in Section 4.4.3, certain elements of the system
must be adjusted. It is expected that these adjustments will results in improved
performance and measure-ability.

Adjustments made to the system are as follows:

1. First, the noisy altitude data is addressed. Less noise in the data will allow bet-
ter analysis of output data. The solution is to introduce a more stable sensor.



Chapter 4. IMPLEMENTATION OF ADMC 108

An ultrasound distance sensor is proposed. While this sensor gives more sta-
ble readings, it is not entirely noise-free especially as distance increases. This
sensor has a maximum range of 6 m and so flight tests are conducted within a
limit of 6 m from the ground. On the hardware side, the sensor is connected to
the flight controller via the I2C connection. The sensor is mounted below the
payload bay as shown in Figure 4.37.

FIGURE 4.37: Ultrasound distance sensor

On the software side, it is necessary to build the Simulink block for the ultra-
sound sensor for the Simulink model, prior to code generation. To accomplish
this, the S-Function approach is adopted.

2. To ensure precise tracking of the disturbance application time point, the load
triggering system is centralised to the flight control system. A button is pro-
grammed on the remote controller to trigger the load drop-off. This button,
like all other buttons, is monitored and logged by the flight controller and then
used as a reference in determining the exact point of disturbance application.

3. To ensure that the ADMC behaves as expected (without control difficulties),
the system must be analysed to determine potential causes of the seasonal dif-
ticulty in control. The problem is of the nature that, in some cases, the quadro-
tor (ADMC based only) tends not to respond to control input as commanded,
in real-time. The documentation of the Simulink Support Package for the AR
drone, used in Section 4.3 specifies that, for the AR quadrotor, incorrect sample
rates will result in incorrect system behaviour. In the case of the Axe quadro-
tor, if the ADMC sample rate is too low (for the processor), this will result in
fragmented data due to loss of data. Now, when a particular data packet is
lost (dropped) at any given point, the data from the previous time point is in
fact used. Modifying the sample rate (set to 40 Hz at this point) of the ADMC
controller is therefore the first step taken, in trying to solve the issue stated in
item 3 of Section 4.4.3. The sample rate is increased by a factor of two.
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4. An adaptive PID controller is implemented for the physical system, for the
purpose of adding substance to the evaluation of ADMC on an experimental
scale.

4.5 Final Experiments

Flight tests are repeated for the improved system (adjusted according to Section
4.4.3), for the PID, adaptive PID, standard and smoothed ADMC controllers. Three
experiments are considered for each controller, for both the 0.4 kg and 0.3 kg load.

4.5.1 Choice of results visualisation and variables plotted

The visualisation of results is reliant on the capability of the system and the available
sensors. The presentation of results graphically illustrates four variables, which are,
the measured altitude, filtered altitude, load PWM and pilot PWM. Collectively,
these plots allow evaluation of the different controllers, also in the capacity of the
system capabilities.

Load PWM

The Load PWM plot shows the point at which the load drop-off was triggered, and
does so accurately, with reference to precise point in time the PWM signal was sent
to trigger the load release.

Pilot PWM

The fourth graph (Pilot PWM) shows the pilot altitude input control command. This
is the pulse width of the signal, which ranges from a minimum of approximately
1000 microseconds to a maximum of approximately 2000 microseconds. At approx-
imately 1500 microseconds PWM, the quadrotor is expected to hold altitude, when
unloaded. This upper limit of 2000 microseconds (which is not reached in this work)

means that at this point the input signal is saturated. This translates to maximum
lift.

At take-off, the quadrotor will not immediately gain altitude when the Pilot PWM
reaches 1500 microseconds! This is because thrust needs to first build up, as the
motors gain in rotational velocity, until enough lift force is produced.

Reference input

The reference input is indicated on the measured altitude plot from the the point
of load drop-off. The explanation is that it makes sense to consider the altitude at
which hover is achieved, as the reference input. The experiments are conducted in
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such a manner that on releasing the load, the quadrotor is given time, in which the
response is monitored, before the pilot takes control to land the quadrotor safely
and fly the next mission.

Determining steady-state

An important aspect in evaluating the different controllers is an analysis of the sys-
tem disturbance response. The key, is to correctly take note of how (or when) the dis-
turbance is compensated. This requires the ability to correctly determine the point
where steady-state is reached, after the effect of disturbance, despite the noise pollu-
tion affecting the measured data. A flight test with the quadrotor unloaded is used
to determine the general response of the quadrotor hover steady-state. Figure 4.38
below shows the steady-state condition (approximately 18 seconds to 23 seconds)
as recorded by the flight controller. During this interval the altitude reading dis-
played on the ground control computer is fairly constant. The acceptable margin of
fluctuations due to noise is set to £ 0.15 m.
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FIGURE 4.38: Steady-state hover

The procedure shown by Figure 4.38 is one where the quadrotor is lifted by man-
ual flight control. Pilot PWM is gradually increased from about the 12 sec mark
(top graph) and when thrust builds up to produce enough lift force to raise the
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quadrotor, the quadrotor takes-off (just before the 14 sec mark - bottom graph). Af-
ter take-off, the pilot almost immediately begins to cut the throttle input, to the
point at which the quadrotor is expected to hover at constant altitude. This point
corresponds to 50-percent-throttle-lever-deflection on the radio transmitter used to
control the quadrotor. The quadrotor successfully hovers until the 23 sec mark when
PWM is decreased to lower the quadrotor for landing.

4.5.2 Adjusted PID

Figure 4.39 shows the general response of the PID controller, for the 0.4 kg load,
while Figure 4.40 shows that for 0.3 kg. Three experiments are considered for each
controller, for each load mass. Knowing how steady-state is represented graphically,
it is possible to more accurately analyse and evaluate the results.
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FIGURE 4.39: Final PID experiment results (0.4 kg)

As before, the procedure is to throttle up and get the quadrotor to hover. Hover
is achieved at the 30 sec mark and the load is dropped off, as shown by the "Load
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PWM'’ plot, just before the 32 sec mark. In response, the quadrotor gains approxi-
mately 1 m in altitude over 4.5 seconds, before achieving hover state (steady-state)
with 1 m error from the initial altitude before load release. The quadrotor is left to
hover for approximately 2 seconds before being brought down to land, from the 38
sec mark.
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FIGURE 4.40: Final PID experiment results (0.3 kg)

In order to analyse the responses of the different controllers, some evaluation in-
dices are required. These indices are useful in evaluating the different controllers,
as explained under the next subsection.

Basis for controller evaluation

Each response is analysed to draw up conclusions. Indices of interest are steady-
state error, maximum error, compensation time and overshoot. Figure 4.41, which is
extracted from the PID response to the 0.3 kg load disturbance (Figure 4.40), at the
point of load drop-off, is used to explain the basis for controller evaluation.
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FIGURE 4.41: Basis for controller evaluation

Steady-state error is denoted Egg, maximum error is £, compensation time is T
and overshoot is denoted Oy. The indices are defined (for all experiments) as fol-
lows:

1. Maximum error is the largest difference between the reference altitude input
and measured altitude output from the point of disturbance application until
steady-state is reached in compensation for the disturbance.

2. Steady-state error is the difference between reference input and measured out-
put at steady-state, after disturbance compensation.

3. Compensation time is the time the measured output takes to reach steady-
state, from the point of application of disturbance.

4. Overshoot is the difference between steady-state measured output and the
maximum measured output reached after disturbance application, as a per-
centage of the steady-state output.

Error-specific control indices

Some error specific control indices exist, which are useful for controller comparison
(or tuning), and are typically based on empirical and also some analytical aspects.
These indices include Integral Absolute Error (IAE), Integral Squared Error (ISE),
and Integral Time-weighted Absolute Error (ITAE).

It is important to note that the computed total index generally depends on the par-
ticular system under investigation such that these indices are typically difficult to
standardise or generalise especially for real systems. The difficulty comes from the
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fact that with real systems, random disturbances act and affect the plant during
experiments. These random influences affect the system output response thus alter-
ing the cumulative error measures in a manner that is unrepeatable. To draw more
useful conclusions, it is common practice to introduce some unique indices, in this
case to analyse system response to load disturbance. The indices defined under the
previous subsection are therefore used.

PID observations for the adjusted system

The results from the experiments with the PID controller, for the different loads are
as follows:

Stability

The PID controller, manages to maintain stability in altitude after load drop-off, as
illustrated by the "Altitude (m)” plots of Figure 4.39 and Figure 4.40. These figures
show that altitude converges to steady-state without unstable oscillation or drift
after load drop-off. The 0.3 kg load when compared against the 0.4 kg load, requires
50 percent less time

Steady-state error

From Figure 4.39, the steady-state error with PID control ("Altitude (m)” plot) is ap-
proximately 1.0 m for 0.4 kg disturbance load. This relatively large error is from the
fact that the disturbance is of such magnitude that the PID control action (hover-
tuned PID controller) is unable to completely compensate for the disturbance. An-
other contribution is the instability of the actual measurements fed from the altitude
sensor, the ultrasound sensor, which in its form is affected by the corrections made
by the quadrotor and is fairly noisy. ADMC is expected to be less sensitive to this
measurement instability, as detailed in Chapter 3. As the magnitude of the load
disturbance drops to 0.3 kg, PID performance does improve, with steady-state error
falling by approximately 22 percent.

Overshoot

PID control has approximately 10 percent overshoot for the 0.4 kg load and 6 percent
for the 0.3 kg load. Figure 4.39 and Figure 4.40 show that the measured altitude
exceeds the steady-state level before settling, hence the overshoot.

Deadtime

At the point of drop-off, there is no deadtime in the response. Any delay in reaction
at the point of drop-off is a result of the servo sweep, which then causes the load
release when complete. What appears to be delay in response to particular input as
represented by the Pilot PWM plot, is a result of thrust build, as explained under
the Pilot PWM subsection of this Chapter. This applies to all plots.

The system performance indices used are summarised by Table 4.3, together with
the other controllers.
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453 MRAC

Flight tests with adaptive PID (MRAC) give a general trend as illustrated by Fig-
ure 4.42 and Figure 4.43.
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FIGURE 4.42: Final MRAC experiment results (0.4 kg)
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FIGURE 4.43: Final MRAC experiment results (0.3 kg)
MRAC observations

The results from the experiments with MRAC are as follows:
Stability

Adaptive PID manages to maintain stability after load release as illustrated by Fig-
ure 4.42 and Figure 4.43 where measured altitude settles at steady-state after distur-
bance application ("Altitude (m)” plot). Evidence of adaptation to the disturbance is
illustrated by the more rapid disturbance compensation illustrated by shorter com-
pensation time compared to PID. Decrease in disturbance magnitude increases con-
troller performance as a matter of reduced steady-state error.

Steady-state error

The adaptive PID controller offers approximately 50 percent less steady-state error
for both load disturbances as illustrated by Figure 4.42 and Figure 4.43. Adaptation
thus proves useful in providing the capability to adjust to the effect of disturbance.

Overshoot
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Figure 4.42 and Figure 4.43 show more pronounced adaptive PID overshoot com-
pared to pure PID. This overshoot goes well with the much shorter compensation
time related to adaptive PID.

4.54 Adjusted standard ADMC

Flight tests with the improved standard ADMC give a general trend as illustrated
by Figure 4.44 and Figure 4.45.
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FIGURE 4.44: Final standard ADMC experiment results (0.4 kg)
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FIGURE 4.45: Final standard ADMC experiment results (0.3 kg)

Standard ADMC observations for the adjusted system

The results from the experiments with the standard ADMC controller are as follows:
Stability

Standard ADMC, like PID and adaptive PID is able to achieve stability in the quadro-
tor altitude after load release. Standard ADMC is observed from Figure 4.44 to os-
cillate in compensating for the load drop-off (226 sec - 228 sec "Altitude (m)” plot).
Together with Figure 4.45, the two demonstrate a relatively rough (better defined
as less constant) steady-state output compared to adaptive PID, suggesting high ag-
gression of the standard ADMC, which then tends to over compensate.

Steady-state error

Standard ADMC and adaptive PID have comparable steady-state error, for example
0.45 m against 0.5 m for the 0.4 kg load. If the standard ADMC is smoothed, steady-
state error is expected to reduce with the smoothed ADMC as smoothing would
ease out the over-compensation.
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Overshoot

Standard ADMC, to this point, demonstrates highest overshoot for the three con-
trollers discussed already. For the 0.4 kg load, Standard ADMC has approximately
25 percent overshoot (Figure 4.44, 226 sec - 228 sec "Altitude (m)” plot), compared
to 15 percent and 10 percent for adaptive PID and PID respectively. This high over-
shoot is explained by the aggression of the DMC controller. Overshoot reduces as
the load reduces in weight, where the 0.3 kg load response has a 15 percent over-
shoot.

4.5.5 Adjusted smoothed ADMC

Flight tests with the improved smoothed ADMC give the general responses illus-
trated by Figure 4.46 and Figure 4.47.
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FIGURE 4.46: Final smoothed ADMC experiment results (0.4 kg)
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FIGURE 4.47: Final smoothed ADMC experiment results (0.3 kg)

Smoothed ADMC observations for the adjusted system

The results from the experiments with the standard ADMC controller are as follows:
Stability

Smoothed ADMC manages to maintain altitude stability after load drop-off, as the
case with standard ADMC. Smoothed ADMC is able to more closely return to the
initial drop-off altitude where for example 0.4 kg load smoothed ADMC offers ap-
proximately 0 m steady-state error against 0.45 m, 0.5 m and 1 m for standard
ADMC, adaptive PID and PID respectively.

Steady-state error

Smoothed ADMC, as stated above, offers the least steady-state error. It can be con-
cluded from this fact, that smoothed ADMC is capable of highest precision input
command tracking, given the controllers involved.

Overshoot
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No overshoot is observed for the smoothed ADMC case. The smoothing function is
capable of ensuring rapid but smooth correction for the load drop-off.

4.5.6 Overall analysis
Table 4.3 is useful in carrying out an overall analysis of the results presented for
the experiments above, for the load drop-off disturbance experiment with the Axe

quadrotor.

TABLE 4.3: Final evaluation

Index Maximum Steady-state Compensation Percentage
error (m) error (m) time (sec) overshoot
PID 1.35 1.0 4.5 10
(0.4 kg)
PID 0.95 0.78 1.5 6
(0.3 kg)
MRAC 0.8 0.5 <0.5 15
(0.4 kg)
MRAC 0.6 0.3 <0.5 15
(0.3 kg)
Standard 0.8 0.45 2 25
ADMC (0.4 kg)
Standard 0.4 <0.1 2 15
ADMC (0.3 kg)
Smooth 0.2 <0.1 <0.5 0
ADMC (0.4 kg)
Smooth <0.1 <0.1 <0.5 0
ADMC (0.3 kg)

To fully analyse all the work done, it is necessary to present data from all three
experiments carried out for each controller, for each load. Figure 4.48 illustrates a
box plot for the steady-state errors from the three experiments considered for each
controller.
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FIGURE 4.48: Steady-state error box plot

For each box, the horizontal lines (top, middle and bottom) indicate the values for
steady-state error recorded for each of the three experiments. ADMC-1 represents
standard ADMC while ADMC-2 represents smoothed ADMC. The red and blue
dotted lines, plot the mean steady-state error for the three experiments for each
controller, for the 0.3 kg and the 0.4 kg load respectively.

General analysis

Simulation experiments and physical experiments do not produce exactly identical
results. In simulation, all controllers perform better than the experimental counter-
part. It can be confirmed that the real system operating in the real world is atfected
not only by unforeseen eternal influences, but also the quality of the modules and
systems utilised. This includes sensors, computers and software.

Controller specific analysis

The PID controller performs to high quality for the intended purpose, without load
disturbance. With the introduction of varying loads, especially loads of significant
weight such as demonstrated in this work, PID performance deteriorates. As the
magnitude of the disturbance falls, PID control does improve. Modifying the PID
controller by means of making the controller adaptive must improve PID perfor-
mance for the varying load case. Tests with the adaptive PID controller do reveal
improved PID performance. Adaptation allows better compensation for the load
drop-off, better in the sense of reduced steady-state error, more rapid compensa-
tion and reduced maximum error on application of load disturbance. The standard
and smoothed ADMC also reveal improved control. Compared against adaptive
PID, the ADMC experiments demonstrate two sides. ADMC results in reduced
steady state error although, for standard ADMC case, while steady-state error is
less, disturbance compensation is quicker for adaptive PID, if the mild oscillations
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of standard ADMC are to be considered. The DMC algorithm in ADMC, which is
of optimal control, seeks to track reference input as closely as possible. Without
smoothing, this then results in over-compensation in some cases. From Figure 4.48,
it is observed that the effects of the difference between the 0.3 kg and 0.4 kg load
disturbance is most pronounced for the standard ADMC controller, and this is due
to the over-compensation which makes it more difficult for the quadrotor to settle
back at the precise initial altitude (as from Figure 4.44, 226 sec - 228 sec). When a
smoothing function is implemented, the result is then of minimal error and rapid
compensation and this is displayed by smoothed ADMC. Overall, for systems oper-
ating in environments where disturbance varies significant in magnitude, adaptive
control is recommended.

4.5.7 Case study - computational cost

To understand exactly how much more expensive ADMC is computationally, an ex-
ercise is carried out to evaluate the time execution of the PID and ADMC. The idea is
to measure the amount of time required by each controller to produce control action.
While this gives some idea of the computational requirement for each controller, the
time measurement is actually affected by initialisation time, which is observed to
vary from one simulation to another even for one controller.

To carry out this exercise, a ‘timestamp’ is put to use. This timestamp is able to anal-
yse execution performance in real-time and highlight the time a particular signal
becomes live, from the start of the run. The implementation of the Timestamp block
in this case is as shown by Figure 4.49, using a subtraction technique.

Timestamp . | ‘
stamp1 Add Display
Ref|
L |
Input
In Out—— Timestamp : u Output
stamp?2
Controller

Process

FIGURE 4.49: Implementation of the Timestamp block

Four simulations are run for each controller and the average execution time for each
case is presented in Table 4.4. The simulations are ran in external mode on a Rasp-
berry Pi computer.
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TABLE 4.4: Controller execution time

Controller Time (microseconds)
ADMC (Z) 420
PID 110

This exercise shows that, in reality, the difference in computational cost between PID
and ADMC is comparable, but yes, it is significant. Measures were taken though, to
minimise computational cost, which include:

e Removal of scope blocks.
e Removal of unnecessary out-port blocks.

e Elimination of redundant calculations.

4.6 Summary

It can be concluded that implementation of ADMC achieves high quality control for
the load pick-up and drop-off quadrotor, coming from both simulation and experi-
ments. This quality is with respect to steady-state error, maximum error and com-
pensation time. Compared even against adaptive PID, ADMC performs slightly
better. ADMC is seen to genuinely provide faster and more accurate disturbance
compensation and adaptation to the disturbance, ensuring precise tracking of the
reference input command. This comes from both simulation and experimentation.
This however comes at the cost of increased complexity (and computation) such
that, the performance of the predictive controller will indeed depend on hardware.
While experiments introduce certain difficulties, experiments expose aspects oth-
erwise sometimes not fully exposed in simulation. With the computers available
today, the complexity of ADMC can however be handled just as efficiently as the
simple PID. It should also be mentioned that the performance of a system is affected
by the quality of system modules used such as sensors. ADMC is, overall, a topic
worth researching into for improved control of quadrotors, especially on an experi-
mental basis.
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Chapter 5

Conclusion

5.1 Conclusion

This work shows that ADMC is capable of improved quadrotor control in trajectory
tracking and disturbance rejection in the case of a delivery quadrotor. The cost of
ADMC was, in this work justified, based on the ability of ADMC to produce dis-
turbance rejection and adaptation to the effects caused by disturbance (loading or
unloading), ultimately tracking the required reference command more accurately
than the PID counter-part, and slightly more that adaptive PID too.

First of all, it can be concluded, based on findings from literature review, that the
application of quadrotors to pick and place operations is beneficial, for example in
delivery of medical supplies in emergency situations or delivery of goods, especially
to remote destinations. This requires viable operational protocols to ensure safety
of people and property.

Further on, experimental modelling of the quadrotor based on system identification
is capable of producing high accuracy system models. It is however important to
verify the accuracy of identified models against the analytical models. This is be-
cause system identification may be affected negatively by outliers and sensor bias
etc. Chapters 4 and 5 show that ADMC provides adaptation to changing dynamics
(simulation and experiments), in this case caused by load pick-up, drop-off or both.
The DMC part of the controller ensures high reference tracking accuracy based on
optimal control. Implementation of ADMC demands caution. First, the controller
must be tuned to satisfactory standards regardless of the fact that the tuning pro-
cess is mostly intuitive. The end controller product will perform according to the
computational capacity of the computer used for implementation. As for noise sen-
sitivity, ADMC, because it is non-parametric, is less sensitive to noise compared to
the standard PID controller. It must be mentioned that the simulation-tuned ADMC
controller had to be adjusted significantly, to achieve the expected control quality
with the practical quadrotor system. ADMC aggression is an aspect of interest, and
is tuned by adjusting some aggression factor, which in turn regulates how aggres-
sive the ADMC controller is in reference tracking. While high values of the ag-
gression factor may result in overcompensation, lower values may compromise the
control quality negatively by slower response time. This work explored a strategy
to employ a smoothing algorithm while keeping the aggression factor high. This
was observed to improve ADMC.
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Overall, the exploitation of ADMC theoretically is not entirely adequate because in
the real world, ADMC will depend on the system involved, the different compo-
nents of the system and external conditions. In this work, the simulation controller
had to be changed significantly on the experimental stage, even though simulations
revealed desired quality in control. Finally, the complexity of ADMC is justified
based on the improved control quality in reference command tracking and distur-
bance rejection.

5.1.1 Research summary

In this work, Adaptive Dynamic Matrix Control (ADMC) is investigated for the
quadrotor pick-and-place task. The overall goal is to test ADMC experimentally.
Steps taken in tuning ADMC are laid out, together with some investigations which
showcase the effects of the adjustable parameters of the controller. Simulations are
carried out, gradually increasing complexity and closeness to the reality of the phys-
ical quadrotor. Ultimately, the simulations compare ADMC against adaptive PID in
the form of Model Reference Adaptive Control (MRAC) and also Proportional In-
tegral Derivative (PID) control, for the pick-and-place delivery quadrotor. Results
show that ADMC and MRAC offer higher control quality. The ADMC controller is
deployed on a physical quadrotor and tests carried out in comparison to PID and
adaptive PID. Some issues to look out for when implementing ADMC are investi-
gated. The simulation tuned ADMC is initially observed to be excessively aggres-
sive hence the proposition of a smoothing algorithm. The final experiments reveal
that smoothed ADMC is capable of improved quadrotor control for the varying load
case. Adaptive PID, which is capable of self-adjusting for different control points,
demonstrates improved control as well, from standard PID.

5.2 Future work

Based on the findings in this work, it is evident that research into application of
ADMC to aerial robots such as quadrotors is worthwhile. More can be done in
investigating various ADMC settings experimentally. This however depends on
the system’s capability to be operated safely. A unique test bench will go a long
way towards this future work. Ideally, this should include complete pick and place
experiments, with obstacle avoidance. Future work will also extend to investigate
effects of different manoeuvres, for example, effects of yawing on altitude, for the
different controllers studied in this work.
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Sample input-output flight data

This Appendix demonstrates a sample input-output flight data log. Altitude is in
this case measured by a barometric sensor and is defined as height above sea level

not ground.

Value Graph

ATT.Pitch (Min: -12 Max: 6 Mean: 0) ATT.DesPitch (Min: -4 Max: 7 Mean: 1)

Line Number (103)

FIGURE A.1: Altitude experiment input-output data



Quadrotor model parameters

This Appendix demonstrates the simulation quadrotor model parameters.
Iz = 7.5 % 1072 Quadrotor moment of inertia around X axis

Iy = 7.5 % 1073 Quadrotor moment of inertia around Y axis

Iz = 1.3 ¥ 1073 Quadrotor moment of inertia around Z axis

Jr = 6.5 % 107? Total rotational moment of inertia around the propeller axis
b = 3.13 * 1073 Thrust factor

d = 7.5 % 1073 Drag factor

[=0.23

m = 0.55

g=9.81
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Initial quadrotor step responses

This Appendix illustrates the initial quadrotor step responses before ADMC.
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FIGURE C.2: Initial X and Y control step response
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Pixhawk flight controller code generation

This Appendix details the code generation for the Pixhawk flight controller used in
some parts of this research.

Signal limits

For the generated code to work correctly with the flight controller on the AXE
quadrotor used for experiments, it is necessary to match the signal limits of the
reference input and motor output. Motor output upper limits are given in the AXE
manual, while reference input lower and upper limits are determined from RC cal-
ibration through the flight controller. It is established that the input limits for the
AXE are as shown in Figure D.1 for the four channels of control. For code genera-
tion, it is necessary to configure Simulink to generate Pixhawk targeted code. This
configuration is guided by instructions provide in [106].

um|

Roll
1508

1183
1058
| |
Pitch Throttle

1591 1059
[..1100

|

Yaw
1508

FIGURE D.1: Input signal limits

The relevance of this matching is important because in deploying the generated code
onto Pixhawk, some auto calibration processes will be overwritten (as explained in
the next Section).
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Code generation

Using the tools provided by the Pixhawk Toolchain and the PSP, together with
Simulink, the control code based on the desired controller can be generated and
loaded onto Pixhawk. This code is in practice, loaded onto a micro-SD card which
is then inserted into Pixhawk.

Will the generated code meet Pixhawk scheduling deadlines?

A serious problem that may arise in deploying the generated code is that if the al-
gorithms are too heavy for Pixhawk, Pixhawk will shut down automatically. This
matter is therefore considered seriously. To address this issue, the newer version
of the support package must be used (2016). This version includes a feature to ac-
tually determine if the desired control algorithm will meet scheduling deadlines of
Pixhawk. This is done by examining if the model generated code completes a task
(call) on Pixhawk, in the specified sample time set by the Simulink model as shown
in Figure D.2. If a task is not completed in the sample time, this is referred to as an
over-run. In this way, there is guarantee that the flight controller will not shut down
during flight.

_____ bee _——
Task 1 2 i 3 I i

1 t2 t3 t4

Base time-schedules

FIGURE D.2: Task over-run
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