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Abstract Rather than utilizing a sophisticated robot whichtrol which allows the system to improve tracking accuracy
is trained — and tuned — for a scenario in a speci ¢ environfrom repetition to repetition — to reduce the tracking error.
ment perfectly, most people are interested in seeing robo#dditionally, the fast C++ execution of NMPC and NMHE
operating in various conditions where they have never beetodes facilitates a complete onboard implementation of the
trained before. In accordance with the goal of utilizing aerialproposed framework on a low-cost embedded processor.
robots for daily operations in real application scenarios, an ) _

aerial robot must learn from its own experience and its interK€YWords Instantaneous learning, learning-based NMPC,
actions with the environment. This paper presents an instattMPC-NMHE framework, unmanned aerial vehicle, tilt-
taneous learning-based control approach for the precise tritor tricopter, package delivery, ground effect, wind-gust
jectory tracking of a 3D-printed aerial robot which can adap@isturbance.

itself to the changing working conditions. Considering the

fact that model-based controllers suffer from lack of model |niroduction

ing, parameter variations and disturbances in their working

environment, we observe that the presented learning-basggcent advances in sensor, actuation, and processing tech-
control method has a compelling ability to signi cantly re- nologies as well as the availability of numerous low-cost
duce the tracking error under aforementioned uncertaintiegnpoard processors, e.g. ARM-based processors, have fa-
throughout the operation. Three case scenarios are consigiitated an unprecedented growth of multicopter unmanned
ered: payload mass variations on an aerial robot for a paclgerial vehicles (UAVs) in various industries. They have been
age delivery problem, ground effect when the aerial robogyplored for various applications including, air package de-
is hovering/ ying close to the ground, and wind-gust dis- |iyery (Amazon, 2017), search and rescue at disaster sites
turbances encountered in the outdoor environment. In eac@i et al, 2016), damage evaluation after an earthquake
case study, parameter variations are learned using nonline@;hen etal, 2016), exploration tasks in an unknown environ-
moving horizon estimation (NMHE) method, and the esti-ment (Bircher et al, 2016), and aggressive ights involved
mated parameters are fed to the nonlinear model predictiv&mng perching (Mellinger et al, 2012). Researchers have
controller (NMPC). Thanks to learning capability of the pre- 51so been working on developing algorithms and interfaces
sented framework, the aerial robot can learn from its own exeq support safe physical interactions and ef cient user col-
perience, and react prompﬂy— unlike iterative Iearning Confaboration with UAVS in (Rajappa et a|, 2017) and (Szar

et al, 2017), respectively.

Mohit Mehndiratta Although their closed-loop control involves highly non-

School of Mechanical and Aerospace Engineering, Nanyang Techn@near and cross-coupled dynamics, many model-based
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Erdal Kayacan have been utilized successfully. Howbeit, these model-based
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implies, there is no performance guarantee when they opebances. The enticing feature of this control framework is the
ate in an unknown environment, full of internal and externalearning part that makes it adaptive to the changing working
uncertainties. For instance, vision-based localization whileonditions. In order to mimic the situation of an (unknown)
navigating through unstructured environment induces addieutdoor testing environment, the tracking performance of
tional uncertainties, which further degrades the performancthe learning-based NMPC is investigated — and simultane-
of the perfectly tuned controllers. As a result, people in theously compared with conventional NMPC — for three test
robotics community are getting inclined towards controllerscase scenarios, incorporating different types of disturbances:
that can perform suf ciently well when exposed to unfore- (i) sudden mass variations encountered in package delivery
seen disturbances within an unknown environment. Thereapplications, (ii) ground effect by ying in close proximity
fore, in this paper, we analyze the control performance of ato the ground, and (iii) wind-gust via two industrial fans.
aerial robot in an environment which is substantially differ-1n all the aforementioned test cases, a signi cant change in
ent than the environment controller is tuned for, by explicitlythe UAV model is expected and thus, the use of learning-
inducing operational disturbances in the form of mass varibased NMPC is justi ed for these applications. This paper
ation, ground effect, and wind-gust. is a major extension of the work presented in (Mehndiratta
Over other model-based control techniques, MPC owe§t @l: 2019), wherein the NMHE is extended to estimate two
its remarkable success to its unique ability to simultaneousI@ther types of disturbances namely, ground effect and wind-
handle constraints and optimize performance in a systengust, followed by a complete onboard implementation of the
atic and elegant manner via repetitive online optimizatiorf!0sed-loop framework on a low-cost embedded processor.
(Eren et al, 2017). Researchers are utilizing it for the conln addition, some statistical results are also obtained in this
trol of various ground robots as demonstrated in (KayacaRaper that illustrate the viability of the closed-loop frame-
et al, 2014a, 2015a, 2016), and for numerous multicoptepork for increasing disturbance levels. To summarize, the
aerial robots, including: (i) quadrotors for aerial manipu-Key contributions of this paper are as follows:
lation tasks in (Garimella and Kobilarov, 2015; Seo et al,
2017), (ii) tilt-rotor tricopters in (Alexis et al, 2016; Prach
and Kayacan, 2017 Lge et.al, 2018,)’ and (“i)_ for fault- (except electronics) tilt-rotor tricopter UAV.
tolerant control of coaX|a! tricopters in (Mehndiratta and , |- taneous learning of time-varying model parame-
Kayacan, 2018b). In addition, it has also been employed ters via NMHE.
for the cooperative Iocallzatl.on control of mu!tlp[e UAVs in 3. Fast C++ NMPC and NMHE codes have facilitated an
(Dgntler gt al, 2018), wherein the senspr limitations are de- onboard implementation on a low-cost embedded pro-
scribed with the help of potential functions. Apart from all cessor, i.e., Raspberry Pi 3. To the best of our knowl-

the ber;]e ts Fhat MPC;( b_rtljngs to the cgntr_orl] Qf rob(;tm SYS" " edge this is the rst (simultaneous) implementation of
tems, there is a weak side associated with its performance. o - <t10ds on such a low-cost processor.

That is, being a model-based controller, its performance is

only guaranteed for an accurate mathematical model of the This paper is organized as follows: Section 2 describes
system to be controlled. This implies that a precise modelthe other ongoing research in learning-based control eld
ing of the system is required in order to achieve an optimaand relates our work to them. Section 3 presents the details
performance from MPC, which is very tedious to performof the utilized aerial robotic platform along with its math-
for robotic systems (Mellinger et al, 2011; Kayacan et al,ematical model. In Section 4, control and estimation tech-
2014b). Besides linearization related errors associated withiques, in terms of NMPC and NMHE problem formulations
utilizing a linear model for a nonlinear plant as obtained inare presented. Section 5 illustrates the design of each com-
(Kayacan et al, 2015b), the changing working conditions enponent of the utilized closed-loop framework. Thereafter,
countered outdoors, induce other types of system uncertaithe experimental results are presented in Section 6. Lastly,
ties that eventually degrade the performance of the modeln Section 7, some conclusions are drawn from this paper.
based controllers. One of the arti ces is to incorporate some

learning mechanism that enables these originally static con-

trollers to learn from their own experience and hence, adapf related Work

themselves to the changing environment.

In this paper, we propose a learning-based nonlineavarious types of learning-based control schemes exist in the
MPC (NMPC) for the precise trajectory tracking control of literature. Amongst them, the most prominent ones are adap-
an aerial robot, operating in a disturbed environment. Whildive control, iterative learning control (ILC), and instanta-
NMPC is responsible for the position tracking of the UAV, neous learning control. Each of these schemes, along with
a nonlinear moving horizon estimator (NMHE) is employedthe related recent research, are discussed in the subsequent
to learn UAV model which is time-varying due to distur- paragraphs.

1. Design of a learning-based NMPC to realize the precise
position tracking of a custom-designed, fully 3D-printed
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The adaptive controllers modify the controller parame-tracking application of a quadrotor. In ILC scheme, how-
ters in order to match the performance of a reference modegver, a few trial runs are required before the uncertain model
A well-utilized approach is the adaptive-optimal control gets identi ed fully. This is not the case with our approach,
strategy which comprises of the use of an adaptive controlleas it is based on the instantaneous learning which enables
for stability during the learning phase, followed by switch- the feed of the estimated model to the controller just after a
ing to the main model-based optimal controller that eventufew observations.
ally optimizes the performance (Chowdhary et al, 2013a,b).
An online switching metric is developed that initiates the
switching to MPC after gaining enough con dence in the
parameter estimates. Since the adaptive controller aims to
match the performance of a reference model, it requires
an accurate identi cation of the system in the rst place.
This is in contrast with our learning-based NMPC approach,
wherein we learn the model parameters during operatio
and hence, a precisepriori model is not mandatory. Other
types of control approaches that facilitate the adaptation
the system to a certain extent are: gain scheduling contr
(Ataka et al, 2013) and control based on switching betwee
multiple models (Alexis et al, 2011). While computing the
control gains for various ight conditions is quite tedious,

" Iterative learning methods may work well in repetitive
Operations where the statistical properties of the uncertainty
o(iJo not vary drastically; e.g., a ground robot application for
g)lgricultural operations where soil conditions do not vary re-
markably from one repetition to another. On the other hand,
there are some robotic applications, such as aerial robots
where wind-gust disturbances play a critical role in the per-
o - ) .’ formance, while the statistical properties of the uncertain-
in- ight switching between multiple models may destabi- .. I . .

ties vary signi cantly over time. Therefore, an instant adap-

lize the closed-loop. Rece_ntly, a simple Iegrnmg strateg ation approach is needed throughout the operation with-
has been demonstrated to improve the tracking performance

. . A . out waiting for the next repetition. The instantaneous (on-
of traditional feedback linearization controller for an aerial

. . . line) learning scheme utilizes estimation algorithms in or-
robot in (Mehndiratta et al, 2018). However, feedback lin- ) : 9 ; ; ' alg
o ) e ., der to identify the uncertain or time-varying model param-
earization control has its own limitations over MPC, which

. Lo . T eters, and subsequently, feed them to the controller. Nu-
includes the plausible instability of the zero dynamics in the imol tations have been made for the instanta-
presence of model uncertainties. Merous implemen . : . .
neous learning-based scheme, incorporating various estima-

In various model learning control frameworks, the basictors. For instance, (Shin et al, 2010) utilized a support vec-
idea is to learn the uncertain (and/or time-varying) modetor regression method to learn the lateral dynamical model
parameters throughout the operation. These learned parantd-a UAV. In (Garcia and Keshmiri, 2013), an arti cial neu-
ters are then modi ed within the controller, in contrast to theral network-based estimator is employed in order to identify
controller parameters as done in adaptive control. Two maithe model of a meridian unmanned aerial system, operat-
types of model learning approaches exist; iterative learning in off-nominal conditions. Other applications of instan-
ing and instantaneous learning. The ILC technique whichianeous learning-based scheme include: an onboard control
is based on the iterative learning paradigm utilizes expeef a quadrotor using modi ed extended Kalman Iter (EKF)
rience from the system repetitions in order to identify thefor learning in (Bouffard et al, 2012), control of a 3 degree
uncertain dynamics. In many applications, the unknown dyef freedom helicopter setup utilizing NMHE (and EKF) -
namics is modeled as Gaussian process (GP) because it based learning of aerodynamic coef cients in (Mehndiratta
fectively captures the complex nonlinear behaviors. For inand Kayacan, 2017), online learning-based cascade control
stance, (Ostafew et al, 2016) utilized this ILC scheme irof tilt-rotor tricopter UAV with varying thrust and drag-
order to improve the tracking performance of NMPC for amoment coef cients in (Mehndiratta and Kayacan, 2018a),
ground robot which is operating in an uncertain terrain. Theand centralized control of autonomous trailer-tractor system
disturbances are modeled as GPs, which actually represeutilizing NMHE-based learning of slip parameters in (Kay-
the discrepancies between thgriori model and the mea- acan et al, 2015a). Although we are incorporating a simi-
sured system behavior. In addition, (Cao et al, 2016) implelar learning strategy with the above applications, the factors
mented the ILC technique for the control of an unmannedhat differentiate our work from the others are: (i) we utilize
quadrotor. In their application, the whole quadrotor dynamNMHE for estimation which can deal with constraints in its
ics is modeled using GP and is learned from the beginningprmulation and is better in performance in comparison to
purely utilizing observations. Another UAV related ILC ap- EKF, as illustrated from our previous work in (Mehndiratta
plication is presented in (Schoellig et al, 2012), where arand Kayacan, 2017), and (ii) we explicitly induce three types
optimization-based learning strategy is incorporated that upsf operational uncertainties, and learn the varying model pa-
dates the feed-forward input signal for a precise trajectoryameters in real-time for better tracking accuracy.
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with hooks, which are positioned within slots of the latter
plate. For the dropping mechanism, a circular gear which is
attached to the servomotor drives a linear gear that results
in a translation motion of a push rod. This translation mo-
tion of the rod eventually opens the interlocking for blocks
and thus, allows them to be dropped sequentially. The entire
assembly of the dropping mechanism is shown in Fig. 3.
Fig. 1: SolidWorks CAD drawings of the 3D-printed tilt- ~ Pixhawk ight controller is incorporated to provide low-
rotor tricopter UAV. level stabilization. Additionally, the underside of the UAV
houses an onboard computer (Raspberry Pi 3), which be-
sides running the control and estimation codes, also controls
the servomotor for the dropping mechanism. Finally, the two
views of the whole assembled UAV in ight are presented in
Fig. 4. As desired, it is a compact UAV with span and length
of 424 cm and 37 cm, respectively. Its overall weight is
around 1018 kg including all electronics except the battery.

(a) Side view. (b) Isometric view.

3.2 System Modeling

(2) Base hub plate. (b) Top hub plate. The considered tilt-rotor tricopter is has two stationary ro-

Fig. 2: 3D-printed hub plates of the tilt-rotor tricopter UAv, OrS in the front — RR (right rotor) rotating clockwise and
LR (left rotor) rotating counter-clockwise — and one non-

stationary (or tilting) rotor at the back — BR (back rotor)

3 Prototyped Aerial Robot for Package Delivery With rotating counter-clockwise —as shown in Fig. 5.

an Automated Dropping Mechanism The translational kinematic equations, describing posi-
tion of the UAV, are obtained using the transformation from

3.1 System Description body frame F ) to Earth- xed frame E g)(Bouabdallah,
2007):

The aerial robot used in this application is a 3D-printed2 3 2 u3

tilt-rotor tricopter UAV. Two views of its SolidWorks CAD
drawing are shown in Fig 1. For the package delivery
problem considered in this paper, it is a fully custom-
designed UAV which is inspired by commercial Talon tri- \yherex, y, zrepresent the translational position which is de-
copter frames available in the market. The major design réqg in frameF g u, v, ware the translational velocities that
quirement was to obtain a small and light-weight platform iny e de ned in frameF 5 Reg is the translation transforma-

order to suit our constrained real-time testing environment;on matrix between frames £ andF g, and is expressed as
In addition, the required payload dropping mechanism anzaC . cos s: sin; t : tan):

electronics are integrated into the frame design to provide

4y5 = Reg4v5; 1)
w

a compact, stable and lightweight UAV system. Guide rails cqcy sfsqoey  sycf cf sqoy + sf sy 3
are printed on the UAV hub base to hold the heaviest comRgg = 4 cqsy sf sqsy + cy cf cf sqsy sfcy 9; (2)
ponent, the battery, in the center of the UAV, thereby reduc- S sf cq cf cq

ing the mass center deviation and providing greater stability.
Attachment points are also printed on the hub plates to hold
the servomotor for the payload dropping mechanism. Ad-
ditionally, grommet holders are embedded with the hub top
to provide damping for the ight controller. All aforemen-
tioned features can be seen in the images of the 3D-printed
base and top hub plates, depicted in Fig. 2.
The payload dropping mechanism, mounted at the base
of the UAV, consists of two plates. Amongst them, one (a) Without payload. (b) With payload.

houses the servomotor, while the other holds the payload ) ) _
blocks to be dropped. These payload blocks are designe'a'g' 3: Inverted views of the payload dropping mechanism.
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(a) Side view.

(b) Isometric view.

Fig. 4: Prototyped 3D-printed tilt-rotor tricopter UAV.

Newton-Euler formulation in the body coordinate system:

u=rv qw+ gsin(q)+ %Fx; (3a)
v=pw ru gsin(f)cogq)+ %Fy; (3b)
w=qu pv gcogf)cogq)+ %Fz; (3c)

whereFy, Fy, F; are the total external forces acting on the
tricopter body in framé g. In general, these external forces
are generated when a rotor is propelled through the sur-
rounding air and are modeled depending on the number of
rotors in the system. Therefore, using the momentum theory,
a hovering rotor can be modeled &= KFVViZ, whereF; is

the force generated b{f rotor with\W angular velocity and

Kk represents the aerodynamic parameter of the rotor which
is commonly referred as the force coef cient. In addition
to the propulsive force, other perturbation forces including
wind-gust, also act on the UAV during its outdoor operation.
Therefore, the expression for the total external force acting
on the tricopter body ifr g frame is written as:

2 3 2 3
I:x I:xDist
Fext= 4 I:y5 =4 Fssin(m) + Fypist S; 4)
F, F1+ F2+ Fscoqm) + Fopist

wherem is the tilting angle of the back rotor, arfgpist,

Fypist andF;pist are the considered disturbance forces along
X-, y- and z-directions, respectively. In general, these dis-
turbance forces cannot be measured directly, and hence, an

wheref , g,y represent rotational attitude of the UAV de- ypcarveris employed to estimate them.

ned in frame F g. In addition, the rigid-body dynamic

The constant intrinsic parameters for the custom-

equations of a tilt-rotor tricopter are derived based on th%lesigned 3D-printed tilt-rotor tricopter UAV are listed in

Table 1. While parameters such as masy §nd the arm
lengths [1,l2,I3) are directly measured, the thrust coef cient
is evaluated based on a simple experimentation. It involves
measuring thrust generated by the propeller for various rotor
RPMs and later plotting them together in order to compute
the slope of the plot. Regarding the details of this experi-
ment, one may refer (Li et al, 2018).

For the purpose of real-time implementation, the non-
linear tricopter model is discretized incorporating the di-
rect multiple shooting method with a shooting grid size of
Dts = 0:01s. In addition, the explicit Runge-Kuttd4or-
der integrator is utilized with 2 steps per shooting interval.
Finally, the full-state discretized nonlinear model of the tilt-
rotor tricopter UAV can be represented as:

X+ 1= Fa(Xi; Uk p); (%)

Fig. 5: Coordinate frame and sign conventions for the con- 2k = h(Xk; U); (6)

sidered tilt-rotor tricopter UAV.

Notation:[Wi; Ws; W5] - rotational RPM of three rotorsn-
tilting angle of back rotor[F;; F; Fs] - forces generated by
three rotorsjt 1;t2;t 3] - moments generated by three rotors;

where the state vector2 R™ and control vectou 2 R™
are:

x=[xy.zuvwi;qy;pgrl’; ©)

[tx;ty;t;] - external moments acting on the tricopter body. u=[Wy;Ws; Ws; m'; (8)
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Table 1: 3D-printed tilt-rotor tricopter intrinsic parameters, problem is of the form:
as visualized in Fig. 5.

1 et 2
— mn = 3§ Xk X+ ue U +

Par. Description Value XUk 2 K= | Wk Wy

m Mass of tricopter UAV 1:442 kg ref 2

Ih Moment arm 0:284m XNe XN (9a)
I Moment arm 0:212m Whe

I3 Moment arm 0:092m . s.t. Xj=Xj; (9b)
I MOI about F g, 0:016053 kg m _ . T .

by MOl about F g, 0:028158 kg m? X1 = faicugp); - k=ji 1j+Ne 1 (9c)
|2z Mgl aSOUt Fe, 8833722 tg mi Xicmin -~ Xk Xkmax K= ] 5]+ Ng (9d)
| MOI about F g, :0297 g m . . . .

prz MOI of propeller 6 10 °5kg n? Uemin - Uk Uemaxs  K=j; j+Nc 1, (%)
Ks Force coef cient 376 105N &

wherex, 2 R™ is the differential statay, 2 R™ is the con-
trol input andxj 2 R™ is the current state estimate; time-
varying state and control references are denotex{ﬁi;and

andz 2 R™ is the measurement vector. The tepn@ R™ ule’, respectively; terminal state reference is represented by

f.
denotes the system parameter vector. Also, the state affel,; Wk 2 R™ ™, W, 2 R™ ™ andWh, 2 R™ ™ are the
measurement functions are denoted gy; ; ):R™ R™ corresponding weight matrices, which are assumed constant

R® 1 R%andh(;):R™* RMW1 R respectively. for this application. However, their time-varying formula-
tion can also be included in a similar manner. Furthermore,

Remark 1Since the presented algorithm is not utilized tOXmin ~ Xkmax2 R™ andukmin  Ukmax 2 R™, specify the

perform the low-level (attitude) control for the UAV, the lower and upper bounds on the states and control inputs, re-

rotational kinematic and dynamic equations are omittegpectively.

for brevity. However, the interested readers are referred to The last expression in (9a) represents the nal cost in-

(Mehndiratta et al, 2019) for an elaborate model of the tilt-curred due to the nite prediction horizon and is gener-

rotor tricopter UAV. ally referred as the terminal penalty term. This term is of-
ten included in the problem formulation for stability reasons
(Kraus et al, 2013). In addition, some other stability results

4 Instantaneous Learning-based Nonlinear Model include a problem formulation with a suf ciently long hori-

Predictive Control zon (Giline, 2012), an additional prediction horizon, and a

locally stabilizing control law (Nicolao et al, 1998). One

may note that the stability and optimality proofs of NMPC

) ) L are not explicitly included in this paper, however, the inter-

(N)MPC is an advanced, dynamic opt|m|zat|on-ba_lsed_stratésted readers are referred to (Mayne et al, 2000; Diehl et al,

egy for feedback control. Its overall performance is prlmar—2001)_

ily reliant on the accuracy of the system model. Conceptu-

ally, it computes an optimum current control action by opti-

mizing model's behavior over a nite window, often recalled 4.2 Nonlinear Moving Horizon Estimation

as prediction horizonN;). The optimal forecast of the sys-

tem behavior results from an open-loop online optimization Typically, (N)MHE is considered as dual problem of

represented in the form of a constrained, nite horizon, opti-(N)MPC as they both exploit the same optimization problem

mal control problem (OCP). The solution of this open-loopstructure; despite the fact that (N)YMPC predicts the future of

OCP for the current system's state and at the current timehe system, while (N)MHE utilizes the past measurements

instant results in an optimal sequence of control actions; thever an estimation horizon for state estimatioriifiKet al,

rst term of which is then regarded as the optimal control ac-2011). Moreover, the two main differences in the OCP for-

tion (Eren et al, 2017). Moreover, the nite prediction win- mulation of (N)MHE and (N)MPC are: (i) there is no initial

dow recedes forward in time, which results imexeding state constraint like (9b), and (ii) the optimization variables

horizon controltechnique. are the states and unknown system parameters only, exclud-

For our trajectory tracking application similar to (Vukov ing the control inputs.

et al, 2015), we formulate the parametric OCP for NMPC  Hence, in a similar manner to NMPC, NMHE scheme

utilizing a least square function that penalizes the deviais formulated using a least square function to penalize the

tions of predicted state and control trajectories from theideviation of estimated outputfi( ; ) from measurements

speci ed references, over the given prediction horizon win<z). Typically, the estimation horizon contaiivd measure-

dow ; t tj+n). Therefore, a discrete time optimization ments g; ;z;) that are taken attime < < tj, where

Kt Drag-moment coef cient 256 10 SNm &

4.1 Nonlinear Model Predictive Control
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the length of the horizon is given by = t; t., and 5 Implementation

i M+1 %\ is assumed. As the performance of NMHE

also relies on the availability of an accurate system modefn this implementation, NMPC is designed as a high-level
a mismatch in the form of process noise may deterioratgontroller that is responsible for tracking a given position
the optimal estimation solution, which eventually may leadtrajectory. Based on the current feedback of the other states,
to an unstable closed-loop. To address this issue, a suitadfee optimized solution for the control input in terms of total
component (arrival cost) is included in the nal optimization thrust and attitude angles is computed. This optimized solu-
problem formulation of NMHE (Kihl et al, 2011). Finally, tion is then passed to the low-level controller as its desired
the discrete time dynamic optimization problem to estimat&€tPoint. Moreover, the low-level controller has a P-PID ar-
the constrained states)(as well as the unknown parameter chitecture (implemented in Pixhawk), which comprises of a
() at timet; using the process mode( ; ; ), measurement P controller for attitude and PID controller for angular rate.

modelh( ; ) and available measurements within the horizon,ThiS low-level control architecture is utilized for each of the
is of the form: three axes (roll, pitch, and yaw) separately, as their dynam-

ics is considered to be decoupled for a standard multirotor

9 UAV. Hence, the combined control vector of the low-level

min >A(AL gL + é kzy h(f(k;uk)k\z/ controller can be written_asrp_pm: [_Wl;V_\lz;\Ng;n"]T. The
i P PP g oL overall control scheme is summarized in a block diagram
i1 shown in Fig. 6. Next, we will individually illustrate the
+ & kwek, (10a) design of high-level NMPC and NMHE for the presented
k=L framework.
st Xr1= fa(Rgup)+ W, k=1L; ;j 1, (10b)
)A(k;min Kk kk;max; k=L, s (10c)
Prin - B Pmex (10d) 5.1 High-level NMPC Design

wherew, represents the added process noigsg;ir  Xkcmax  1N€ State, control, measurement and parameter vectors for
and Pmin ~ Pmax Specify the lower and upper bounds on the high-level NMPC are composed of:

the estimated states and parameters, respectiRely. and

W are the respe_ctive weight ma_trices that.ar"e usually ingyyec =[x vizuviw]™; uwvec=[f;q;y;F]"; (12a)
terpreted as the inverse of covariance matricagh{ket al,

) ZNMPC = XNMPC; pampc = [ M; Fxpist; Fypist] ™ :
2011): (120)
1
R=Q% V=R3 W=Q 7 (11)  In the parameter vector, one may observe that only the dis-

turbance forces along andy- directions, i.e.Fxpist and

. o . o . Fypist are considered. This is because the effecEgis
whereQy is the initial covariance matrix (incorporating state along z-direction already appears while learning the mass

and parameter, bothR is the measurement noise covariance(m) of the UAV. Additionally, the following state and con-

matrix, andQ is the process noise covariance matrix. In ady.,| reference trajectories are selected for the optimization
dition, x_ andp_ denote the estimated state and parameter

values (arrival cost data) at the start of estimation horizon.

In general, the performance of NMHE in terms of its rate
of learning is dependent on the choice of estimation win-
dow lengthM, which is mainly problem-specic. That is,
in fast dynamical systems like UAVs, we cannot inde nitely
increaseM as limited computational power is available on-
board. Moreover, it is not necessarily true that the estimation
accuracy always increases whith as the plant-model mis-
match degrades the signi cance of model prediction which
adversely affects the estimation performance (Kraus et aFig. 6: Closed-loop control diagram of the proposed instan-
2013). This implies that the selection of a too high value oftaneous learning scheme.
M for the system in which the unknown parameter (to be eskow-level PID gains: Ry = 6:5, Roli.rate = 0:1, lroll-rate =
timated) is radically changing, plant-model anomalies may:05, Droiirate = 0:002; Rijitch = 6:5, Rpitch-rate = 0:1,
eventually result in a deteriorated overall estimation quality.!pitch-rate = 0:05, Dpitch-rate= 0:002; Raw = 4:8, Rjaw-rate=
0:15, aw-rate= 0:1, Dyaw-rate= O.
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problem of high-level NMPC: Again, the three rotational rates are included in the measure-
rof _ ref v T ments along with states and inputs, in order to solve the un-

X = XN = [X ¥ 250,0,01 (133)  derlying OCP, as also done for high-level NMPC.

uref = [ 0:04140;0; mg]T : (13b) For the selected tricopter model, the weight matriges

o ~ VandW, are chosen to be:
wherem andg are mass and gravitational constant, listed

in Table 1. It is to be noted that for the OCP formulation AL = diag(0:1%,0:1% 0:1% 0:031€;0:1%,0:1%) % (17a)
of high-level NMPC, the parametrization of the nonlinear v = diag(22:367; 22:367; 22:36%; 31:62%; 31:62;

model (in translation) is also done with respecptag andr. 14142) 172, (17b)
Hence, the three rotational rates are fed to high-level NMPC ' '

along with the other states, as also illustrated in Fig. 6. W = diag(0:63%;0:63%;0:633"; 0:31€%; 0:316;

Some input constraints are imposed in the de nition of 0:3162) 1=2. (17¢)
NMPC in order to achieve a stable behavior from the low-
level controller: The above values of weight matrices are decided based on
calibration experience with the onboard (and external) sen-
0:5mg(N) F,  L:7mg(N); (14a)  sors, incorporating the de nitions in (11). In addition, the
20() f 20(); (14b) arrival cost is initialized with the following state and param-
20() q 20(); (14c) eter vectors:

=000 B =r19501-017
wherem is the maximum takeoff mass (with payload), i.e.,X'- =000 pL=[18501,0:1] (18)

m= 1:9 kg. Also, the following weight matrices are obtained Also, the following constraints are imposed in order to

by trial-and-error: achieve a constrained estimation of the parameter vector:
Wy = diag(22; 25;20;1:3;1:3; 2:0); (15a) 1:35(kg) m 2:0 (kg), (19a)
W, = diag(23;24;80;0:012); (15b) 4 (N) Fopist 4 (N); (19b)
Wi, = diag(40;40;40;2;2;2); (15¢) 4(N) Fypist 4(N); (19¢)

in order to obtain a smooth response from high-level NMPCWwhere the minimum and maximum limits for the disturbance
Amongst the above matrices, the terminal weight matrixforces are obtained based on experience with the utilized
(W) is weighted more in comparison to the weight ma-fans. Furthermore, the estimation window lenghis se-

trix for states ). This is a typical way of de ning them, lected to be equal to 40, which is more than the prediction
where the reason being is to assure the stability of the OCRorizon length of 30 for high-level NMPC. This is purposely
Itis to be noted that these weight matrices do not imply tunkept in order to realize comparatively slower learning from
ing of the UAV for a particular takeoff mass in a speci c NMHE.

scenario. Rather, they are obtained to achieve a smooth Bemark 21N the beginning, even longer estimation horizon
sponse from the UAV for a range of takeoff mass and for,

Il th nsidered narios in thi ¢ Furtherm rm: 50) was aimed. However, due to a limited computa-
all the considered case scenarios S paper. FUTtNermorg, | power available in Raspberry Pi 3, it was observed
the prediction windowN; = 30 is selected to facilitate the

i licability of th d irol f K that the sampling frequency for NMHE came down to al-
rea-lime applicability ot the proposed control ramework. - ,st 18-Hz. Therefore, in order to maintain the frequency

to 30-Hz, the estimation horizon was brought down to 40.
5.2 NMHE Design

5,3 Solution Technique
For the considered scenarios in this paper, the main task of q

NMHE is to estimate online a parameter vector that COMy nqing the fact that the optimization problems of NMPC
prises of UAV mass and two disturbance forces. This paramsnq NMHE have similar forms, both are solved utilizing the
eter vector is made to vary with time by introducing arti cial ¢5me solution technique. Amongst the two most prominent
disturbances of different nature in different scenarios. In refapproaches namely, indirect and direct methods, we utilize
erence to Fig. 6, the NMHE is designed with the following yhe |atter on account of its several computational advantages

state, control, measurement and parameter vectors: over the former. In addition to this classi cation, the directs
(16a) methods are further categorized whether being sequential or
simultaneous, wherein, a variant of the simultaneous tech-

ZNmHE = [ XNmre; Unmrel s Pavine = [m; Fuoist Fypist] " : nique, i.e., direct multiple shooting, is favored over the se-

(16Db) guential technique (single shooting) in this work. Again, this

XnmHe = [ U v W] unvne = [F;a;F";
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selection is due to its several advantages including exibil-has a limitation of obtaining only the local solution in the
ity in initializing the problem along with parallelizing the vicinity of the previous guess. Hence, not much can be im-
algorithm which results in faster convergence propertiesplied about the optimality (local/global) of the obtained so-
especially for unstable systems (Albersmeyer and Diehlution without performing extensive analysis. Nevertheless,
2010). The resulting discretized OCP reduces to a sequentilizing high sampling rate for the closed-loop and long
tial quadratic program (SQP), which is further solved in-enough estimation window length positively contribute to
corporating the generalized Gauss-Newton (GGN) methodhe stability of the overall method. Another important point
This GGN method is a tailored variant of the classical New-+to note here is that the single iteration solution negatively
ton method which is solved with the help of a special realimpacts the convergence properties of these methods. That
time iteration (RTI) scheme proposed in (Diehl et al, 2002).is, with every new reference value, it takes a few iterations
For real-time feasibility, the maximum number of Gauss-before the solution could converge to the actual (sub)optimal
Newton iterations are constrained to one within the RTIpoint which eventually increases the response time for these
scheme such that each new OCP is initialized utilizing thenethods.
solution of the previous. This results in a faster convergence
which is crucial for the real-time implementation of NMPC
and NMHE on the Raspberry Pi 3 embedded processor. 6 Experimental Results

As a solution platform, we adopt ACADO toolkit
(Ariens et al, 2010) which incorporates the direct muItipIe'” this section, we present the experimental results of fast
shooting method and RTI approach for solving (9) and (lo)NMPC for the high-level position tracking of a 3D-printed
the ACADO toolkit is an open-source C++ based softwardilt-rotor tricopter UAV. The indoor experimental setup in-
environment which provides a link to an exhaustive codéuding the cameras of the utilized motion capture system
library for optimization solvers. Firstly, the optimization IS depicted in Fig. 8. In order to thoroughly investigate the

problems, in terms of system equations and constraints, afd cacy of the proposed learing-based NMPC, three types
de ned in a C++ environment and then. the self-contained® €xperiments incorporating different disturbance sources
C codes are obtained utilizing its code generation packag®® devised. Moreover, in all the experiments, the results are

(Ariens et al, 2010). Later, these generated C codes can [@tained for two cases: (i) NMPC without learning (con-
imported to any computational platform for their nal exe- Ventional NMPC), and (ii) NMPC with learning (NMPC-
cution. NMHE framework), to validate the supremacy of one over

In our application, we directly import the ACADO gen- the other.
erated C codes onboard Raspberry Pi 3. Although Rasp- N the subsequent part, we illustrate each of the three
berry Pi 3 has low computational power, the optimized na&xPeriments in detail. Firstly, a description of the ex-
ture of generated C codes and our ef ciently created ROPeErment is provided. Thereafter, the implementation de-
(robot operating system) scripts help us achieve a samplin@”s are included which is followed by our interpretation
frequency of about 50-Hz for high-level NMPC and aboutOf the obtained results. Different trajectories are selected
30-Hz for NMHE. For the feedback of the UAV, an Opti- for these experiments in order to depict the robustness
Track motion capture system, consisting of eight 240 Fpf the framework towards various trajectories. A demon-
(frames per second) cameras, is utilized which provides thgiration video depicting the experiments can be found at:
position and attitude data over a local area network. Thig!ttPs://youtu.be/B9I4rPONa44.
position and attitude information is given to an estimator
(EKF), which subsequently computes the other states in- L :
cluding translation and rotational velocities of the UAV. 6.1 Case Scenario 1. Payload Dropping

Then, the full-state feedback along with the reference tral—n the rst experiment, we tackle a package delivery sce-
jectory command[k:yr;z]") is provided to the high-level ' y

) : . nario where a UAV tracks a reference trajectory while drop-
NMPC via ROS scripts, over a wireless network. Thereafter J y P

. ! . ing packages to their time-based designated locations, as
high-level NMPC (running on Raspberry Pi 3) computes thEgepicted in Fig. 9. The utilized UAV has a total takeoff mass

optimal cpntrol cor'nman.ds that are fed .to theilow-level CONf 1:442 kg with a payload of 4579, which is about 32% of
troller (Pixhawk) via serial communication. Finally, the ac-

; . the empty (without payload) mass of the UAV. The drop of
tuator commands are obtained and given to the rotors and. L . )
il o a be visualized from the block diaaram i is payload implies a massive change in the model param-
Ii' mgserv » 8s can be visualized from the block diagram Iy o {n) that has to be handled by the controller, and hence,
'9. 1 justify the use of learning-based framework for this applica-
Remark 3ltis to be noted that the adopted solution method-tion.
ology, i.e., direct multiple shooting technique along with a  Next, we provide the position tracking results for a time-

single iteration per sampling solution of the GGN methodbased circular trajectory of radius5 alongx- and y-
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Fig. 7: Schematic block-diagram of the real-time implemen

tation.

Notation:Xpos=[X¥; 4"; Xvel = [t ViWIT; Xare = [ ;0;Y 175 Xrate = [ ;G5 1] T

Fig. 8: Indoor testing environment for the real-time experi-
ments.

directions with a ight speed of 1 m/s. Initially, the state of
the UAV isx(0) =[ 0;0; 1:5;0;0;0]". For both the aforemen-
tioned cases (without and with learning), rst a complete
circular trajectory is tracked by the UAV with maximum

NMHE are modi ed to be:

PnmMPC = PNMHE = M (20)

The overall position tracking performance of both conven-
tional NMPC (without learning) and NMPC-NMHE frame-
work (with learning) are presented together in Figs. 10a and
10b. As visualized from the gures, thedirection tracking

of NMPC-NMHE framework is much precise without any
error accumulation with weight drops, in comparison to the
conventional NMPC. This effect is anticipated as NMHE in
the learning case helps NMPC to adapt itself to the changing
dynamics (UAV mass) and hence, the plant-model mismatch
(mostly alongz-direction) diminishes with time. Moreover,
the position tracking Euclidean error and the absolute er-

takeoff mass and thereafter, the four blocks are dropped at

xed time-intervals in the sequence: 86g 114g! 114g

!
disturbance by weight dropping is only introduced alang
direction, the contributions of disturbance fordggist and

143g. It is to be noted that in this application, since the

Fypist are expected to be negligible. Therefore, they are not o _ ) )
estimated here, and the parameter vectors for NMPC and Fi9: 9: Payload drop experiment in Case scenario 1.
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ror alongz-direction @error) for both the cases are shown in Finally, the execution time at each sampling instant for
Fig. 10c. While the mean values of Euclidean errorand;  both conventional NMPC and NMPC-NMHE framework is
for NMPC without learning case arel®98m and @113m, shown in Fig. 11b. While the average execution time for
respectively, the learning helps to lower them down as th&lMPC in without learning case is3ms, the average exe-
mean Euclidean error argd;or for NMPC-NMHE frame-  cution times for NMPC and NMHE in the case with learning
work are 00962m and 0159m, respectively. That is, learn- are 44 ms and & ms, respectively. The difference in com-
ing improves the tracking performance by86 cm in terms  putation times of NMPC and NMHE within NMPC-NMHE
of Euclidean error and:94 cm in terms oferror. framework is due to the choice of a longer estimation hori-
zon (M = 40) over the prediction horizoMN¢ = 30).

Remark 41t is to be noted that in this paper, the tracking remark 5For a shorter horizon, the mass learning is fast
error is considered to be the distance between the currepfich eventually makes NMPC to be aggressive towards the
position and the corresponding closest point on the trajeCChange. On the other hand, for a longer horizon, the NMHE

tory. gradually learns the mass parameter and hence, a smooth re-
sponse is obtained from NMPC. Therefore, selecting an ap-
The control outputs in terms of thrust and attitude anglegyropriate estimation horizon on Raspberry Pi is a trade-off
commanded by the controller within conventional NMPC petween the desired rate of learning and the available com-
and NMPC-NMHE framework are presented in Figs. 10epytational power. In general, the latter is more important due

and 10f, respectively. From Figs. 10e and 10f, itis visualizedg the minimum sampling frequency required for a sustained
that the NMPC commands for both the cases are well withigosed-loop.

the constraints speci ed in (14). Moreover, one may notice N ) o )
a comparatively poor tracking performance in terms of the ~ Additionally, in order to statistically support the claim
yaw angle y ) response for both the cases. It is emphasize{1at l€armning-based NMPC improves the tracking perfor-

that this is due to the tuning of PIDs along the yaw channef@nc€ in presence of abrupt mass disturbance, experiments
in the low-level controller i.e.. within Pixhawk. with four different levels of payload drop, each repeated 10

times, are performed for both types of NMPCs and their
mean Euclidean error values are recorded. Thereafter, a box
served that the mass estimation always stays within th IOtt'fh otbttrz:uned wh;:h I',Z presentecfj in Fig. 1t,2' Itllf\ll\j\gc
bounds specied in (19), which eventually illustrates the, ent that the mean Euclidean error for conventional
bounded learning capability of NMHE. This is an importammcreases with the increasing weight drop level, while the

aspect as the stability of NMPC is typically guaranteed foynean _Eucl|de_ar_1 errornse for_ NMPC-NMHE framework IS
>;}%(_agllglble. This is also according to our expectation because

Figure 10d depicts the performance of NMHE in esti-
mating the UAV mass, along with its true value. It is ob-

an accurate system model; whereas an unbounded (dive | 0 helos NMPG o adant itself to the chana
ing) estimation of time-varying parameters may eventuall 1€ learning helps 0 adaptitseil to the changing con-
itions, and hence, results in a minimal error rise even with

destabilize the closed-loop. It is to be noted that, althoug i ) ) .
mis a physical parameter, its estimation by NMHE also ac-t € increasing magnitude of disturbance.
commodates the modeling and operational uncertainties (for
instance, discharging of battery) induced during operationg 2 Case Scenario 2: Ground Effect
Primarily, it is deduced as an adaptive parameter that en-
ables NMPC to realize an offset-free tracking along zhe In the second experiment, we investigate another type of dis-
direction. turbance which is commonly encountered when a UAV ies
The single Gauss-Newton iteration per sampling instantin proximity to the ground, i.e., when it is within the in u-
performed to solve the optimization problems of NMPC andence of ground effect. For this scenario, the tricopter UAV
NMHE would result in a suboptimal solution. Therefore, itis made to track a circular trajectory of radius 1m along
becomes necessary to check the optimality of the control- andy-directions, involving two different heights, as de-
framework. To do that, Karush-Kuhn-Tucker (KKT) toler- picted in Fig. 13a. The UAV begins to follow the trajectory at
ances are obtained and plotted for the respective NMP@= 0:7m with negligible in uence of ground effect. There-
and NMHE in both learning and without learning cases, asfter, while on the circular path, it descendszte 0:15m,
shown in Fig. 11a. For a linear system with a least-squarerhere the ground effect gets dominating. After completing
objective, these values reduce to zero. However, for the corralf-a-circle, it climbs back t@= 0:7m and stays at this
sidered tilt-rotor tricopter UAV, these values are anticipatecheight for a while, before going for another round. Further-
due to the highly nonlinear dynamics along with the addednore, since the disturbance is only introduced alongzthe
yaw instability (odd number of rotors). Nevertheless, theirdirection, the in uence of disturbance forceSist, Fypist)
low and not too drastically varying magnitudes still signify is expected to be negligible in comparison to the ground ef-
well-de ned optimization problems. fect. Therefore, in this application also, these forces are not
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(a) 3D view of circular reference trajectory, and the tracked (b) Time propagation of reference and actual trajectories.

trajectories using conventional NMPC and NMPC-NMHE
framework.

(d) True values of tricopter mass and its estimation using

(c) Time propagation of Euclidean error and error along
NMHE.

z-direction.

(f) Controller outputs for NMPC-NMHE framework with

(e) Controller outputs for conventional NMPC with the ac-
the actual response of the UAV.

tual response of the UAV.

Fig. 10: Case Scenario 1: trajectory tracking control performance of the tilt-rotor tricopter UAV with varying mass, where
the vertical magenta lines represent the instants of payload drop. In (d), it is observed that the estimated UAV mass converges
to the true value after a transition time of few seconds. Moreover, none of the constraints ever get violated, which implies

constrained learning.
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(a) KKT tolerance for conventional NMPC and NMPC- (b) Execution time (ms) for solving the OCP for conven-
NMHE framework. tional NMPC and NMPC-NMHE framework.

Fig. 11: KKT tolerance and execution time for the payload drop experiment. It is to be noted that in the interest of space,
these plots are only provided for Case scenario 1.

when tricopter starts to climbs, its estimated (effective) mass
within NMPC-NMHE framework is less, and hence, the
tracking error instantaneously rises until the new true mass
is estimated by NMHE. Moreover, in the experiments with
ground effect, the mean values for Euclidean errorzpet

in conventional NMPC case arel®52m and €1091m, re-
spectively, while for NMPC-NMHE framework the mean er-
ror values are 1380m and @459m, respectively. Hence,
the learning resulted in an improvement of2 cm in terms

of Euclidean error and:82 cm in terms 0feror.

Next, the control outputs for conventional NMPC and
Fig. 12: Mean Euclidean error for four levels of abrupt NMPC-NMHE framework are presented in Figs. 13e and
weight drops, where 10 tests for each weight level are perk3f; respectively. From these gures, it is evident that
formed. NMPC commands for both the cases are well within the
speci ed constraints. Moreover, comparably poor tracking
estimated, and the corresponding NMPC and NMHE paranf2f the commanded yaw by the UAV can again be explained,
eter vectors are: happening due to a conservative tuning of low-level PIDs
along the yaw channel.
PNMPC = PNMHE = M (21)
The mass estimation performance of NMHE in NMPC-
The position tracking performance for both without andNMHE framework is depicted in Fig. 13d. The estimated
with learning cases, in presence of ground effect can begalue always stays restricted within the speci ed bounds that
seen in Figs. 13a and 13b. As expected, the learning-baseg@ain showcases the bounded learning capability of NMHE.
NMPC dominates the conventional NMPC in termszef |n addition, the estimated mass value varies in an intuitive
direction tracking. The improvement is better visualizedpattern along the trajectory. That is, when the UAV is ying
from Fig. 13c, where the Euclidean error amghor are  under the in uence of ground effect, the effective mass is
plotted. As observed in Fig. 13c (particuladyror plot),  expected to decrease as also seen in sections Il and IV of
there lies an offset along thedirection for conventional Fig. 13d, and vice versa for the UAV ying away from the
NMPC, due to which itgeor always stays more than that ground.
for NMPC-NMHE framework. Although there are two in-
stances (around 15s and 30s) where 2l for NMPC- Finally, the average execution time for NMPC in without
NMHE framework becomes more, this is the part whenlearning case is:21 ms, while the average execution times
tricopter is climbing and hence, can be associated witfior NMPC and NMHE in the case with learning ar83 ms
the transient response of the UAV. That is, at the instanand 7591 ms, respectively.



14

Mehndiratta and Kayacan

(a) 3D view of circular reference trajectory, and the tracked (b) Time propagation of reference and actual trajectories.

trajectories using conventional NMPC and NMPC-NMHE
framework.

(c) Time propagation of Euclidean error and error along

z-direction. (d) Tricopter mass estimation using NMHE.

(f) Controller outputs for NMPC-NMHE framework with

(e) Controller outputs for conventional NMPC with the ac-
the actual response of the UAV.

tual response of the UAV.
Fig. 13: Case Scenario 2: trajectory tracking control performance of the tilt-rotor tricopter UAV in presence of ground effect,
where the vertical magenta lines in (c) and (d) represent sections with thezgamsition, such that sections I, lll and V are
with z= 0:7m, and sections Il and IV are with= 0:15m. Additionally, in (d), it is observed that the tricopter mass decreases
as it hovers close to the ground which is also intuitively consistent.
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6.3 Case Scenario 3: Wind-gust Disturbance values, the UAV proceeds further on its course, making the
estimated values obsolete for the current corrections. Hence,
In the third experiment, we mimic one of the most com-there lies a time-lag between the estimation and corrective
monly occurring disturbance, i.e., wind-gust, for a UAV y- action taken by the controller, thereby making learning less
ing outdoor. Although all our experiments are performedeffective within the scope of this trajectory. Nevertheless,
indoors, the main goal of this work is to bring the UAV in order to validate the pro ciency of learning, these ex-
from an engineered (well-known) indoor environment to aperiments are performed again for a hover with varying
less known outdoor world, as mentioned previously. Alsoposition trajectory, the results of which are discussed later.
in order to achieve an exhaustive investigation in this pa-
per, studying the effects of wind-gust on a ying UAV and For the sake of completeness, control outputs for con-
evaluating the improvements that a learning-based framaentional NMPC and NMPC-NMHE framework for a
work can bring, are mandatory tasks. Therefore, in this sceslanted circular trajectory are presented in Figs. 14e and
nario, arti cial wind-gust disturbances are introduced with 14f, respectively. From these gures, itis again evident that
the help of two industrial fans that are placed perpendicthe NMPC commands for both the cases are well within the
ular to each other at a distance abgh from the origin.  SPeci ed bounds.

Overall, they generate disturbances of magnitucg337 Figure 14d depicts the performance of NMHE in esti-
m/s (each fan) along x and y directions, as can be vi- mating the UAV mass along with the introduced disturbance

sualized from Fig. 8. For a better judgment on the learnforces in NMPC-NMHE framework. The constrained esti-
ing ability of NMPC-NMHE framework, the experiments mation ability of NMHE is again validated here, as none of
are conducted with two trajectories namely, slanted circlethe speci ed bounds are ever violated, even when the esti-
and hover at the origin with sinusoidally varyizgosition. ~ mated values for disturbance forces reached the bounds.

Moreover, in this experiment, since the disturbances are ex- ] ) ) )
plicitly introduced alongc- andy-directions, the magnitudes Remark 7Since the disturbance forces are induced via same

of disturbance forces(pist, Fypist) are expected to get sub- wind speed for bgth Fhe fan§, th.e estimator is expectgd .to
stantial. Hence, they are also estimated along with the mageduce less oscillating estimation values. However, it is

of the UAV: pointed out that due to the circular motion of the UAV, the ef-
fective disturbance forces acting on the UAV vary with time.
PNMPC = PNMHE = [ M Fupist; Fypist] (22)  This assertion is validated by the estimation results of the

hover trajectory that are presented later in this section.
Next, we sequentially present the trajectory tracking results
for slanted circle and hover trajectories. Furthermore, the average execution time for NMPC in

without learning case is:212 ms, while the average execu-
tion times for NMPC and NMHE in the case with learning

Case Scenario 3a — Slanted Circular Trajectory:
J y are 492 ms and 694 ms, respectively.

The position tracking performance of NMPC for a slanted

circular trajectory of radius 1m, in without and with learn- Case Scenario 3b — Hover Trajectory:

ing cases can be seen in Figs. 14a and 14b. To further ana-

lyze tracking accuracy, the Euclidean error is also plotted foAS asserted before, due to the time-varying nature of the
both the cases and is presented in Fig. 14c. From Fig. 14c,{find-gust disturbance while ying a circular trajectory,
is evident that the Euclidean error for NMPC-NMHE frame- NMHE does not have enough time to learn the true dis-
work always stays below than that for conventional NMPC turbance values. As a result, only a limited performance
In addition, the mean Euclidean error values for without andmprovement is observed. Therefore, in order to validate
with learning cases areZD78m and 0L515m, respectively, the efcacy of learning in dealing with the induced wind-

which eventually implies an improvement ab3 cm due to ~ 9ust disturbances, these experiments are performed again
learning. for a hover trajectory, involving a motion only along tke

direction. While selecting the hover trajectory, it is expected
Remark 6Looking at these error values, one may questiorthat the stationary (along andy-directions) nature of this
the magnitude of improvement that a learning-based framerajectory would provide ample time to NMHE for learning
work brings to this application. Regarding this doubt, wethe disturbance forces, such that, a signi cant improvement
would like to emphasize that when the UAV encounters dn tracking would be observed.
wind-gust disturbance, there is a time-lapse before which The position tracking results for a hover with changing
the magnitude of the learned disturbance force is fed ta-position reference by both types of NMPCs can be seen
NMPC and it can perform the necessary corrections. Howin Figs. 15a and 15b. As expected, there lies a steady offset
ever, by the time NMPC receives the learned disturbancalong+ x- and y-directions for conventional NMPC, while
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(a) 3D view of slanted circular reference trajectory, and the (b) Time propagation of reference and actual trajectories.
tracked trajectories using conventional NMPC and NMPC-

NMHE framework.
(c) Time propagation of Euclidean error. (d) Tricopter mass and disturbance forces estimation using
NMHE.
(e) Controller outputs for conventional NMPC with the ac- (f) Controller outputs for NMPC-NMHE framework with
tual response of the UAV. the actual response of the UAV.

Fig. 14: Case Scenario 3a: trajectory tracking control performance of the tilt-rotor tricopter UAV in presence of wind-gust
disturbance for a slanted circular reference. In (d), it is observed that none of the constraints are violated that again validates

the safe learning capability of NMHE.

the NMPC within NMPC-NMHE framework compensates which makes NMPC account for the experienced distur-
it. This is mainly due to the learning ability of NMHE, bance forces. Moreover, the corrective actions of learning-
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based NMPC are more visible in Fig. 15c, where the Eu¥ Conclusion

clidean errors for both without and with learning NMPCs

are presented. In addition, the mean Euclidean error val-

ues for without and with learning cases ard @0m and

0:1047m, respectively, which eventually showcases an imin this paper, we have developed an instantaneous learning-
provement of 7L3 cm brought by learning for this sce- based NMPC for the trajectory tracking of a 3D-printed tilt-
nario. Furthermore, the estimation results of NMHE withinrotor tricopter UAV without violating the system constraints,
NMPC-NMHE framework are shown in Fig. 15d. One may resulting in safe learning. The main motivation is to develop
observe a comparatively less oscillating estimation of disan aerial robot that can learn from its past interactions with
turbance forces for this hover trajectory, which is in con-the environment, and thus, can perform suf ciently well in
trast with the estimation results for the previous trajectoryunknown working conditions for which the aerial robot has
As a summary, the mean Euclidean and absaiiesition  not been trained. Within the utilized learning-based frame-
error values for all the aforementioned test case scenariogiork, the NMPC is designed as the high-level controller for
obtained with both types of NMPCs are listed in Table 2.  the position tracking of the UAV, and the NMHE is em-

Finally, in order to further support the claim that Ployed to simultaneously learn the time-varying model pa-
learning-based NMPC improves the tracking performancéameters in an instantaneous manner. Thanks to its learn-
in presence of wind-gust disturbance, 10 experiments eadRg capability, the NMPC can adapt itself to the changing
with three different levels of wind speeds are performed foivorking conditions, and hence, performs satisfactorily well
both types of NMPCs and their mean Euclidean error valin any unknown working condition. The ef cacy of the pro-
ues are recorded. Thereafter, a box plot is obtained whicRosed learning-based framework has been investigated for
is presented in Fig. 16. It is evident from Fig. 16 that thethree case scenarios, where disturbances in the form of mass
mean Euclidean error for both type of NMPCs increase wittvariation, ground effect, and wind-gust, are explicitly in-
the increasing wind speed, which is also intuitive. Howeverduced. On account of learning, taelirection tracking im-
the error rise for NMPC-NMHE framework with increasing Provements of 85% and 57% have been observed for
wind speed is minimal compared to the one for conventionaihe case scenarios 1 and 2, respectively. In case scenario
NMPC. This is also in accordance with our expectation be3, rstly with a slanted circular trajectory, the achieved im-
cause the learning helps NMPC to adapt itself to the changrovement of 271% in terms of Euclidean error has been

ing conditions, and hence, results in a slower error rise evefpund insuf cient in portraying the true capability of the
with the increasing magnitude of disturbances. learning-based framework. Therefore, the experiments with

wind-gust disturbances have been repeated for a hover with
varying z-position trajectory, which nally resulted in a Eu-
clidean error improvement of 48% with the help of learn-

Remark 80ne may think that the wind speeds which are - o ; )
utilized for testing may not be too strong. However, wen9- Additionally, the performed statistical analysis vali-

would like to emphasize that these speeds are strong enouf@ted @ consistent improvement by learming-based NMPC
to employ a signi cant gust-force on the considered UAv, When compared to conventional NMPC for the payload drop
This is due to the high ratio of the applied wind-gust dis-a”d wind-gust disturbance s_cenanos. What is more, owing
turbance magnitude in comparison to the UAV size/masd0 the fast C++ based execution of NMPC and NMHE codes,
Moreover, it is to be noted that the closed-loop frameworkd COMplete onboard implementation of the presented closed-

should be able to handle any wind-gust magnitude, providelpOP could be realized on a low-cost embedded processor.
that the UAV actuators (rotors) can handle the disturbancP€Signed with more adaptive control structures — also with

force and the NMHE is designed with the appropriate conthe help of arti cial intelligence and machine learning meth-
straint values. ods —, it is not so far-fetched that the robots of the future

could learn from their own experience, interact with envi-
ronment, and eventually adapt themselves to different work-

Table 2: Mean Euclidean and absolatposition errors for ing conditions.
the three case scenarios. (N.A.: not applicable)

Euclidean error (cm) z-position error (cm)

NMPC NMPC-NMHE NMPC NMPC-NMHE  Acknowledgements This work was equally nancially supported by
the National Research Foundation, Prime Ministers Of ce, Singapore

Case 1 17572 1593 561 ]':09 under its Medium-Sized Centre funding scheme, and the Aarhus Uni-
Case 2 1852 1380 1091 459 - ) ) o

. versity, Department of Engineering (28173). In addition, the authors
Case3a 2078 1515 N.A. N.A. Id like to acknowledge Siddharth Patel, Lee Ying Jun Wil d
Case 3b 1770 1047 NA. NA. would like to acknowledge Siddharth Patel, Lee Ying Jun Wilson an

Suraj Ravindrababu for their support during the real-time experiments.
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(a) 3D view of hover reference trajectory, and the tracked (b) Time propagation of reference and actual trajectories.

trajectories using conventional NMPC and NMPC-NMHE
framework.

(c) Time propagation of Euclidean error.
(d) Tricopter mass and disturbance forces estimation using

NMHE.

Fig. 15: Case Scenario 3b: trajectory tracking control performance of the tilt-rotor tricopter UAV in presence of wind-gust
disturbance for a hover with varyirgposition reference. It is to be noted that in (d), smoother estimation performance is

observed in contrast with Fig. 14d.
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