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Quadrotor Neural Network Adaptive Control:
Design and Experimental Validation
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Abstract—This letter presents the design and experimental
study of an adaptive nonlinear controller for Unmanned Aerial
Vehicles (UAVs) in the presence of unknown time-varying dis-
turbances, and model parametric uncertainty. We employ an
adaptive Neural Network (NN), used to approximate the partially
unknown system, in tandem with a simple controller designed
for trajectory tracking, not of the center of mass, but of a point
located along the UAVs vertical body axis. This strategy allows: (i)
to avoid the two-subsystems control paradigm generally adopted
by conventional UAV controllers; (ii) all control inputs to be
defined at once; and (iii) to lump all unknown dynamics from
both translational and rotational levels into a single vector term.
The weights of the NN are determined online by an adaptive
law based on the Lyapunov synthesis method. The tracking and
adaptation errors are shown to be uniformly ultimately bounded.
Simulation and experimental results, including comparison data,
are provided to validate and assess the proposed control solution.

Index Terms—Autonomous agents, robust/adaptive control,
artificial neural network control.

I. INTRODUCTION
A. Motivation

major confluence of advancements in engineering tech-

nology and scientific research outcomes has made Un-
manned Aerial Vehicles (UAVs) crucial to different branches
of society. Thanks to the precise maneuvering capabilities of
these vehicles, sophisticated and complex operations are now
automated, thus helping to save costs and enhance efficiency.
However, since model parametric uncertainty is inevitable
and UAVs are often subject to aerodynamic and exogenous
disturbances, robust controllers are necessary to ensure correct
performance.

A myriad of aerodynamic effects influences the motion
of UAVs through the air. Although most of these effects
cause only minor perturbations, some, like blade flapping and
induced drag (see, e.g., [1], [2]), and ground effect (see, e.g.,
[3], [4]), are especially detrimental to performance. In this
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letter, we will resort to Neural Networks (NNs) to estimate
these effects.

An often highlighted feature of NNs is their outputting of
universal function approximations (cf. [5], [6]). In essence, any
continuous bounded function can be approximated arbitrarily
closely on a compact set using a NN, given the right set of
inputs and gains. For instance, in view of the intrinsic rela-
tionship between aerodynamic disturbances acting on the UAV
and its system states, these disturbances can be approximated
by NNs. Exogenous perturbations, on the other hand, cannot.

Naturally, the computational burden associated with the
approximation grows with the number of neurons and hidden
layers of the NNs. In many cases, a one-layer NN (i.e., no
hidden layer) suffices. Indeed, one-layer NNs with specific
activation functions (e.g., sigmoids and radial basis functions)
hold the universal approximation property [7]; they are also
suitable for the control purposes discussed in this work.

B. Proposed Solution

In this letter, an adaptive NN is employed to approximate the
partially unknown system, which features model parametric
uncertainty, as well as aerodynamic and external disturbances.
Using NNs to compensate for the latter has been addressed in
[8], [9]. However, this approach is arguably imprecise since, in
theory, NNs are not designed to approximate unknown random
functions with no system dependencies. Ultimately, it is the
adaptive laws governing the NN weights that implicitly render
the networks sensitive to external disturbances. This is so
because adaptive laws are typically function of the tracking
errors. Surprisingly, and often overlooked in the literature,
the performance of adaptive NN controllers is very much
similar to that of conventional approaches, e.g., Integral Action
(IA), also referred to as integral backstepping. Indeed, the
theoretical stability guarantees are identical: uniform ultimate
boundedness of the system errors. Our goal is to find exper-
imental evidence in favor of NNs that may help to highlight
their advantages over conventional approaches. Furthermore,
we shall propose a reduced-complexity controller, wherein
tracking is performed with respect to a point offset from the
center of mass.

The highlights and contributions of our strategy are as
follows: (i) the controller requires only up to the 2"-order
time derivative of the reference trajectory, as opposed to the
usual 4™-order requirement (see, e.g., [10]); (ii) differentiation
of the NN is not required, precluding the need for command
filters or tracking differentiators; (iii) both the translational and
rotational unknown dynamics are lumped into a single vector
term approximated by a single-layer NN; (iv) an adaptive law
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for the NN weights is derived, based on the Lyapunov synthe-
sis method, that ensures boundedness of the weights through
a projection operator; (v) a rigorous stability proof is given,
which shows that the total system error in closed-loop with
the control and adaptive laws is uniformly ultimately bounded
(UUB); and (vi) extensive simulation and experimental results
using a quadrotor UAV are provided.

C. Related Works

Traditional methods used to compensate for unknown dy-
namics include IA [11], Disturbance Observer Based Con-
trol (DOBC) [12], and Active Disturbance Rejection Control
(ADRC) [13], to name just a few. For instance, in [14], [15],
IAs are derived, stemming from the backstepping technique,
that are able to deal with model uncertainty and/or unknown
time-varying external disturbances. A robust attitude controller
using DOBC is proposed in [16] to maneuver a flapping-wing
UAV under external disturbances. The work in [17] reports an
ADRC strategy for a quadrotor flying under wind gusts.

These three techniques have in common the fact that the
controller design can be separated from the disturbance ob-
server design (in DOBC and ADRC) as well as from the adap-
tive law design (in IA). Similarly, under model uncertainty and
external disturbances, a nonlinear model predictive controller
augmented with an £, adaptive controller is proposed in [18]
in order to perform highly aggressive racing trajectories.

Applications with adaptive NNs are also aplenty, having
been around for more than two decades, pioneered by the
works of [19] and [20]. Recently, they have gained traction,
with a deluge of works on the topic of automata [21]-[34].

NNs can learn online the complete dynamics of a UAV, in-
cluding aerodynamic disturbances [35]. For example, the work
in [8] employs two radial basis function NNs (RBFNNs) to
approximate and compensate for the unmodeled translational
and rotational dynamics of a helicopter. RBFNNs are also
adopted in [36], [37] in the context of quadrotor UAVs subject
to unknown dynamics. However, extra care must be taken with
NNs that are used inside feedback control loops: their weights
must remain bounded. This matter is neglected in [8], [36],
[37], whose findings are limited to a theoretical scope.

By using multi-layer NNs, the geometric controller de-
veloped in [10] is capable of compensating for unknown
wind disturbances. Tracking errors are shown to be UUB
and the solution is validated with experiments. However, in
addition to the inherent complexity of multi-layer NNs, the
controller requires up to the 4M-order time derivative of the
reference trajectory, and no clue is given as to obtain the
derivatives of the NN. High differentiability class orders are
prone to rendering control actuations too sensitive, even to
slight variations in the system. This trait is also manifested in
(8], [36], [37].

II. FRAMEWORK
A. Notation

Throughout the article, a bold symbol stands for a multidi-
mensional variable. The transpose operator is denoted by (e)T,
and the trace function by tr(e). The set of unit vectors on R?

is denoted by S(2). The special orthogonal group of order
three is denoted by SO(3) := {X € R¥3 : XXT = XTX =
I, det(X) = 1}. The skew-symmetric matrix representation
of a € R? is denoted by S(a); given b € R3, one has
(the cross-product) a x b = S(a)b. Given x € R", with
X = [z1,%9,...,2,]", its Euclidean norm is denoted by
Ix|| = vxTx. The operator diag (x) returns a matrix with
x along the main diagonal. In order to simplify expressions,
whenever the argument of a scalar operator is a vector, the op-
erator is applied element-wise to each entry of its vector argu-
ment, e.g., tanh(x) := [tanh(x), tanh(zy), ..., tanh(z,)]".
We define the smooth operator T(x) : R?® — R3*3 as
T(x) := diag (tanh(x/¢)), where € > 0, with || T(x) || < 1.
The symbol © is used to denote the Hadamard (element-wise)
product, i.e., a ® b = diag(a) b, and the component-wise
division of the same dimension, i.e., the Hadamard division, is
represented by the symbol @, such that a@ b = diag (b) " a.
The symbol 0 denotes a matrix/vector of zeros, the symbol 1
denotes a matrix/vector of ones, and the symbol I denotes an
identity matrix, all of appropriate dimensions. The operators
Amax(®) and Apin(e) return the maximum and minimum
eigenvalues of the argument matrix, respectively. For conve-
nience, e, €3, e3 € S(2) are unit vectors that form a standard
orthonormal basis of R?, i.e., [e1,eq, €3] = L.

B. Neural Network Formulation

Let v € RP be a p-dimensional vector, such that there exists
a function ¢(v) : R? — R3 that will be approximated through
the following linear regression:

P(v) =0"W(v) +e(v) € R, (1)

where & € R™ 2 is an unknown constant parameter matrix
that represents the weights of a NN with n neurons given
by 8'W(v), where W(r) € R” is a vector of known
activation functions, and where e(v) € R3 is the NN re-
construction error. The term v corresponds to the input of
the NN, whose input/output response can be adjusted by
tweaking 0, with W(v) = [w1(v), we(v),...,w,(v)]T. In
this letter, we employ the Gaussian activation function, i.e.,
w;(v) = exp{-|v — p;||*/0?} € R, fori = 1,2,...,n,
with o € R being the width of each Gaussian function, and
1; € RP representing the center of the respective field.

Since @ is unknown, we take @ € R™*3 as an estimate of
0, and then proceed to define the estimation error as

0:=60—-0cR"3, )
Assumption 1. Each dimension of € in (1) is bounded by an
unknown constant, i.e., |eiT€| <, forie€{1,2,3}
Next, let 9 := [t)1,1)9,13]T € R3, and further consider P e
R? to be an estimate of 1. Then, similar to (2), we define

P =1 — 1 € R 3)

1I1. QUADROTOR MODEL
A. Rigid body kinematics and dynamics

The classic quadrotor model consists of a rigid body dynam-
ics subjected to gravity and to non-conservative forces and
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Zp, T3

Figure 1. Quadrotor, reference frames, thrust force vector f drawn along the
direction opposite to r3, and position vectors of both the quadrotor (pg) and
the virtual point (ps), the latter marked with a star.

torques. In order to express the attitude associated with our
model, we consider an inertial frame, denoted by {I}, and a
body-fixed frame, denoted by { B}, whose origin is coincident
with the center of mass of the vehicle, see Fig. 1. Throughout
the rest of the article, all vectors are expressed in the inertial
coordinate frame {7} unless otherwise stated.

The kinematic equations describing the translational and
rotational motions of the quadrotor are given by

(4a)
(4b)

Po = Vg,

Kinematics : .
{ R = RS(Q),

where p, € R® and v, € R3 are the position and linear
velocity, respectively, of the vehicle, € R? denotes the
vehicle’s angular velocity expressed in {B}, and R € SO(3)
represents the rotation matrix from frame {B} to frame {I}.

Assuming all four rotors are identical, we let 7; € R denote
the thrust generated by the i-th motor, for i € {1,2,3,4}.
In turn, we denote the net total thrust by 7' € R, with
T = Zle T;. Accordingly, the quadrotor thrust force,
henceforward denoted by f € R3, is a vector always aligned
with the body’s z-axis, meaning that f := -TRegs, with ej
representing the unit vector along the z-axis of {B}.

Hence, we can write the dynamics of the system as

mvy, =t + £ + mges,
JQ=-S(Q)IQ+ T+ 74,

(5a)

Dynamics :
(5b)

where m > 0 and J := diag([j1, jo, j3]) € R®**3 are the mass
and moment of inertia, respectively, of the vehicle, g > 0 is the
gravitational acceleration, and f; € R? and 74 € R3 stand for
aerodynamic and exogenous disturbance forces and torques,
respectively, which are assumed bounded. The control inputs
to the quadrotor system described in (4) and (5) are the thrust
T € R and the torque T € R3.

IV. TRAJECTORY TRACKING CONTROLLER

In this section, we design an adaptive NN control scheme
for the UAV system (4)-(5). A flowchart depicting the overall
control process is displayed in Fig. 2.

————————————— N

.

Controller

\ 4

Pd Calculation of Zpy Zo
System errors

Pos Vo R, Q v, T

{ @7 Quadrotorsystem  Je—d

Figure 2. Flowchart of the proposed trajectory tracking control scheme. The

A. Backstepping Quadrotor Controller

Consider a virtual point whose position is given by ps :=
Po + 0Res, for some § # 0. For the sake of illustration, in
Fig. 1, the virtual point is drawn below the vehicle. We define
the position and velocity errors concerning this point as

Zp ‘= Ps — Pd S Rg, (6)
where pg € R? is a reference curve of class C3, and
Zy = Zp + knzp = v + ORS(Q)es + kaz, — pa € R?. (7)

The time derivative of z,,, using (5), follows as z, = (1/m)f—
SRS(e3)J~lr+d—k3z,+ge3—Pa+IRS(e3)I1S(2)JQ+
SRS?(Q)e3+kpz,, where d := (1/m)f;—RS(e3)J 171, €
R3. Note from %, that: (i) T and T are already simultaneously
available at this stage, which is not the case in conventional
methods (see, e.g., [10]); and (ii) both the unknown transla-
tional and rotational dynamics can be lumped at once into d.

Since d is unknown, we will use (1) to obtain an ap-
proximation. We can then write d = 8'W(v) + e(v)'.
Moreover, according to (2), we can express BTW(V) =

~T ~T
0 W(v)+60 W(v). As result, the expression of z, becomes

2 =(1/m)f — 6RS(e3)I "7 + 8 W(v) + 8 W(v)
+ 6RS(e3)I7!1S(02)INQ + FRS?*(N)es (®)

+ kazy — k3zp + ges — Pa +e(v).
Let us now introduce an auxiliary system parameter matrix
defined as A := -[-Lej,0S(e3)J '] € R**4, and a control

input vector set as

.
wi= [T, (r + kyidey)| € RY ©)

where k., is a positive gain and + is an arbitrary (bounded)
scalar function set by the control designer to add an extra term
of angular motion about the e3 axis. It is thus convenient to
write the following compact expression:

(1/m)f — 6RS(e3)J '7 = RAu. (10)

We proceed by gathering the known terms in (8), in addition
to new feedback terms Kz, + K, z,, into £ € R3, given by

~T
¢ :=K,z, + K,z, + ges + SRS (N)es +6 W(v)
+ 0RS(e3)J 'S(R)IQ + kaz, — k3z, — Pa € R,
(1D
where K, K,, € R3*3 are positive definite gain matrices. At
this stage, we are ready to set the control input as

u:=AT (AAT)'RT [g + RK,S(e3) sat(€2)
~ (12)
+T(5zy + 2) 1/1] € R%,

where 38 > 0 is a control gain, K; € R3*3 is a positive definite
gain matrix, and where the term RK ;S (e3) sat(€2) is included
to induce a damping effect on 2, with sat(e) denoting an oper-
ator that bounds its input to predefined upper and lower satura-
tion values. Note that (AAT)~! = diag([j2/62,j2/6%,m?]),
which is always well-defined on account of ¢ # 0.

IThe choice of input v is detailed in Section V-C, after the specifics of d
have been established.
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From (9) and (12), the control laws are updated as

T :=[1,0]u,
7:=1[0,1]u

(13)
— kyides. (14)

B. Neural Network Adaptive Laws

Let each column of @ be denot;c\d by ~02 e R", for 1 =
1,2, 3, and let us do the same for 0 and 6. Then, within the
control scheme developed in Section IV-A, the adaptive laws
governing 0 and 1) shall be set as smooth projections. We
begin with 8 := K, 01,92,03} € R™*3, where Ky € R**"
is a positive definite gain matrix, and where

6 := Proj (Agl,H) eR", fori=1,2,3, (15)
with Ag; € R" representing the i-th column of
Ao :=W() (Bzy, +2,) — k18 € R™3, (16)

for some k; > 0. In turn, the adaptive law for 1) is defined as
¥ := K, Proj (AW?;) ER

where K, € R3*3 is a positive definite gain matrix, and where

a7

Ay :=T(Bz, + 2,) (Bzp + 2,) — kot € R?,

for some k3 > 0. In (16) and (18), k; and ko are constant
design parameters associated with leakage terms.

The smooth projector operator Proj(e, ®) employed in (15)
and (17) aims to tackle the windup phenomenon. In this work,
we adopt the celebrated projector developed in [38], which, for
X,y € R™, is defined as Proj (y,X) :=y — M&%i €
R™, where 1 = (X'X — B?)* if X'X > B2, otherwise
n1 = 0, and where 72 = X'y ++/(XTy)2 + €3, with arbitrary
parameters 1,2 > 0, and B a predefined bound. Given x to
be the actual value associated with estimate X, then (cf. [38])

y-(19)

(18)

IX|| < B+eq and (x — X)TPI’OJ(y, X)> (x— x)

C. Stability Analysis

Theorem 1. Consider the quadrotor system (4)-(5) in closed-
loop with the control laws given in (13) and (14), as well as
with the NN adaptive laws established in_(15) and (17). The
closed-loop error system (z,, z,, 0 and 1) is UUB.

Proof. Recalling (6) and (7), a first Lyapunov function can-
didate is devised as V; := 1/2z K,z, + 1/2z) z, + Bz Zy,
which is posmve for %I < K,,”. Its derivative, using (7), glves
Vi = z, K (2, kAzp)—i—ﬁ(zU —kAzp) Z, (sz—&—zv) Zy.
Notice from (8), (10) and (11), that z, can be written as
7, = RAu+£+0 W(v)+e(v) -K,z,—K,z,. Therefore,
and according to (12), we may rewrite the derivative of V; as

. v, Vi[OV ~
Vi =-W; — 321 (e3)sat(Q2) — 8Z11, T<8Zi) P
AT
o [0 W) + (u)}, (20)

28 < v/ Amin (Kp) is a sufficient but not necessary condition.

where, for convenience, we have 9V;/0z, = (82, + z,)" €
R'3, and where Wy := (kx + )z, Kz, + Bz, (kAT +
K.,)z, +z] (K, — fI)z, € R is positive granted that (kj +
BK, (K, — BI) — (8/2)?(kal + K,)? is a positive definite
matrix. The final Lyapunov_function, which incorporates the
NN estimation errors, i.e., 8 in (2) and v in (3), is designed
~T ~ ~T ~

as Vo= Vi +1/2tr(6 K;'0) + 1/2¢ K 'ep. Its time
derivative, using (2), (3) and (20), as well as employing the
fact that 0 and 1) are constants, can be computed as

V=-W; — g‘z/l RK,;S(e3)sat(Q2) — g‘Z/I <ZV1) P (21)
+ % {6TW(V) + e(u)} —tr (AéTKgla) — ’(/’ K;Lw

Simplifying (21) sheds some light on the beneficial role played
by the proposed adaptive laws. Recall that the trace of the
outer Tproduct is equlvalent to the inner product. Therefore,

Nig W(v) = tr(0 W(v )‘Wl) from where it follows that

Oz,
aVl ~T 15 o ~T av1 _1’:\
Ga 0 W)t (0 K, 0) —tr <9 {W(u)azv - K, 0]).

(22)
Lemma 1 (Lemma 1 in [19]). For any n € R, and for any
€ > 0, the following inequality holds (with k = 0.2785): 0 <
[n| —ntanh (n/€) < ke

According to Assumption 1, and based on (3) and
Lemma 1, it follows that

i Vi (Vi T Vi [OVI ~
_ < .
92,5 ")~ 7a, (a )"b el ¢+asz<azv>¢
(23)

Consequently, using (22) and (23), V in (21) becomes

V =-Wi + kel 4 + tr <6T {W(V) g:l - K;lé}) (24)

v

8V1 5T —14 Vi M !
o RK;S(e3) sat(2) —p lej w—T<3zU> (azv)

Next, we use (15), (17) and (19), in addition to the linear
mapping property of the trace operator, to simplify (24) as

) oV, .
Vi<W g (e3) + kel Tap + ki tr (0 9)
~T~
+ kotp . (25)

A useful bound concerning (3) can be written as

3 = Liwrz—Liarz—Liae < Liwre—Liae
B % = SIS 1D -5 IBI? < SIwIP -5 1Bl 26)

Note that (26) establishes a well known result associated with
the sum of vectors. Naturally, it also applies to (2). Another
property of the trace operator states that
3
tr (9T0) =tr (Vec(H)T vec()) = Z 6.0,

i=1

27)

where vec(8) := [0],05,03]T € R3" denotes the (column)
vectorization of 6. It follows then, using (26) and (27), that,

3 3
~T~ ~T ~ 1 1 ~
w(0°9)=)6:6< (20i||2—20i||2>. (28)
i=1 =1
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In addition, Youngs inequality leads to:

o
0z,

2
1
TN (K) D

1

Sl

1
RK S (e3) sat(2) < =1z, +
(29)

where Qumax > 0 denotes the maximum value of |sat(€2)].
According to Wy in (20), there exists a wy := Amin([(ka +
BKy, 8/2(kal+K,); 8/2(kaI+K,), K, — £I}), with wy >
1/2, such that Wy > w1 (||z,]|*+ |z, ||?). By using (26), (28)
and (29), V in (25) satisfies the following bound: V <-Watp,
where Wy i= (w1 — 1/2) 2yl H|z12) + k1 /2 55, 642+
ka/2||9p]|> € R is also a positive quantity, and where
poi= B125 IO+ Ra/2IR 4 eelTy (52

DAZ L (Kg)Q2,./2 € R is also a bounded positive constant.
~T ~T ~T ~T
Furthermore, let us define z := [z;,z1,01,02,93,¢ T e

R9+37_ Hence, an updated bound for V satisfies

V < —allz|? + i, (30)
where o := min(w; — 1/2,k1/2,k2/2) € R and where [i is a
positive bounded constant such that ||x(¢)|| < f for all ¢. The
result in (30) implies that the error vector z is UUB, more
specifically, there exists a t* > 0, such that ||z(t)|| < \/[i/cv,
for ¢ > ¢*. Thus all errors contained in z are UUB as well. [

V. SIMULATION AND EXPERIMENTAL RESULTS

A. Blade flapping, induced drag, and ground effect

To model the blade flapping and induced drags, we start
by considering that the linear velocity of the i-th rotor
hub, expressed in coordinate frame {B} is given by v,, =
RT(vy — V) +Q x d,, where, for i = {1,2,3,4}, v, € R3
denotes the wind velocity and d; € R? is the displacement,
expressed in {B}, of the i-th rotor w.r.t. the vehicle’s center of
mass. Then, the drag forces caused by the blade flapping effect
and the induced drag can be respectively modeled by (cf. [1],
[39D: fy = -aR Z?Zl @2 [Cay—Cp, 0; Ch, Ca, 0;0,0, 0]V,
and f;; := -¢,.R Zle w? diag ([Cd;,;, Cdy, O]) v,.;, Where ¢; >
0 is a constant shared by the four rotors; c,,c;, > 0 are
blade flapping coefficients, cg,,cq, > 0 are induced drag
coefficients, and w; € R is the angular speed of the i-th motor.

The ground effect, i.e., the force induced when the vehicle
is below a threshold distance zy from the floor, is given by
(cf. [40]): £ := —[cg/(4p%) — ¢4/ (20 — p=)?)es, if p. < 20,
otherwise f;, := 0, where ¢, > 0 is the ground effect
coefficient, and p, is the distance between the vehicle and
the floor.

In summary, the disturbance forces fi¢, fiq and f; may
be lumped together into a secondary aerodynamic force
foero (D2, Vo, R, Q) := fyr + £, + f,. In similar fashion, the
aerodynamic torque acting on the vehicle due to f; ¢ and f;4 can
be expressed as Tero(Vo, R, Q) := Z?Zl S(di)(for; + fiai)-

It is important to remark that the aerodynamic disturbances
perturbing the quadrotor are function of the system states.

B. Wind Disturbance

Suppose there is a wind source characterized by a pseudo-
random Brownian motion, whose velocity is governed by the
following differential equation v,, := [-v,, + [80,75,24] ®
wa] ©[1.65,1.5,1.9] m/s, where wq € R3 is a vector of zero-
mean white Gaussian noise sequences generated from different
seeds, with noise power set to 10~3. This wind will generate a
force f,, with each of its components being calculated accord-
ing to the classic drag equation as (area of air impact m?) x
(air density kg/m?®) x (wind speed m/s)2. We set f, =
[0.00350,,2, 0.0035v,,7,0.02460,,2], where vy, for i =
{z,y, z} are the components of wq.

C. Simulation Results

Table I
PARAMETERS AND GAINS USED IN THE SIMULATIONS AND EXPERIMENTS.
Symbol Value
R Pa(0),v4(0) 1.1, 05" m,0m/s
Initial conditions R(0), 2(0) 1,0 rad/s
m,g,d 0.247 kg, 9.81 m/s2, -0.005
Model parameters 3 diag (|7,7, 13]) 104
Ky, ka diag ([3.8,3.8, 3.8]),0.11
. K., B diag ([2.5,2.5,2.5]),0.5
Control gains Ky diag ([0.68,0.7,1.2])
Ko, Ky, k1, k2 0.15I,0.011,0.01,0.01
NN parameters n,o 1024, 7.07

Consider a reference Clelia curve described by

1.3 cos(p(t)) cos(o(t)/4)
1.3 cos(p(t)) sin(o(t)/4)
1.3sin(p(t)) — 2.2

where, in order to ensure constant speed along the trajectory,
ie, |[pa(®)] = 1 m/s for all ¢ > 0, o(t) € R is a
parameter set as o(t) := fg |0pa(o(r))/do(r)|| " dr. The
results in this section are obtained under the effect of the
aerodynamic disturbances and the wind force, i.e., according
to (5), fg := fuero + £, and T4 := T4ero. Initial conditions,
physical parameters and control gains are listed in Table I.
Based on Section V-A, we choose the input to the
R13,

(m), 3D

pa(y(t)) =

NN as v := [R"z,,R7z,,p,,vo, Q] € The
centers of the activation functions are laid out as
p = [hpl,h,1,2.5h,,2.5h,1,101]T @ A € RI3*512

where h,,h, > 0 are tuning parameters, A =
[2/n(-n/2,...,-1,0,1,...,n/2 — 1) € R is an aux-
iliary sequence, and where @ denotes the Kronecker product.
We resort to the Monte Carlo method to obtain suitable h,
and h,. Each run of the algorithm consists in having the
vehicle tracking the reference (31) while under the influence of
randomly generated wind disturbance sequences. The resulting
analysis is displayed in Fig. 3, where the steady-state mean
position error, computed for ¢ > 30 s, is color mapped for
different combinations of h,, (horizontal axis) and h,, (vertical
axis). Statistically, smaller gains lead to better performances,
which corresponds to a less discriminatory NN.

Upon data inspection, we concluded that the best result was
obtained for h, = 2.5, and h, = 1.5, with a steady-state
mean position error of 4.3 cm. The plot in Fig. 4 corroborates

~ ~T
this result by showing the NN output, given by d := 8 W,
compared to the actual values of the lumped disturbances.
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Notice the good tracking performance, which attests to the
strong estimation capabilities of the implemented NN.
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Figure 4. Component-wise comparison between the actual lumped disturbance
d and the NN output d. The observed adaptation delay is caused by the
random/unpredictable nature of the time-varying disturbances, and naturally
by the finite bandwidth of the NN.

D. Experimental Setup

A rapid prototyping and testing architecture by means of
a MATLAB/Simulink environment was used to seamlessly
integrate the sensors, the control algorithm, and the commu-
nication with a vehicle whose frame was 3D printed in-house
using a tough polylactic acid material. The power distribution
board, main flight control board, and motors are identical to the
ones equipping the radio-controlled Blade 200 QX quadrotor.

Due to the lack of payload for onboard sensors, the states
of the quadrotor were measured through external sensors. The
indoors drone-testing arena in the SCORE Laboratory of the
University of Macau is an 11 x 5 x 7 m? volume featuring
a VICON motion capture system comprising a total of 30
Vantage cameras. This high-performance system operates with
sub-millimeter accuracy at 100 Hz, which allows for an
accurate tracking of the reflective markers attached to the
vehicle, resulting in position and attitude measurements, i.e.,
Po and R. The linear and angular velocities, i.e. v, and €2, are
obtained from the first difference of position and attitude time
series. Command signals are sent to the quadrotor through RF
transmitter at 45 Hz. This rate is much faster than the system
dynamics and does not alter significantly the control feedback.

The physical constants, control gains, and NN parameters
employed in the experiments are the same as in Section V-C.
Note that all values mentioned above remained unchanged
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across the different experiments reported in this section, fur-
ther attesting to the robustness of the proposed strategy.

E. Trajectory Tracking

Our first batch of experiments focused on trajectory track-
ing. For comparison purposes, we performed, in identical
conditions, three tests where: (i) the NN was kept off; (ii)
an TA approach adapted from [15] was used; and (iii) the
geometric multiple-layer NN controller [10] was used. The
information fed to the controller about the UAV mass had a
20% discrepancy, (0.1976 kg instead of the actual 0.247 kg).
This discrepancy, according to (5a), produces a time-varying
model uncertainty with repercussions across the whole system.

The comparison data concerning the tracking of (31) are
plotted in Fig. 5. From the leftmost plots, we see that our
controller with the NN off performs worst: the noticeable
vertical offset is attributed to the lack of compensation for
disturbances, particularly unknown mass. This offset notwith-
standing, even when accounting just for the motion on the
x — y plane, the trajectory tracking accuracy of the controller
with NN off was calculated at 30.5 cm in terms of steady state
mean magnitude of the position error, whereas the proposed
controller with NN attained a 4.8 cm accuracy under the exact
same conditions. Mass discrepancies aside, another reason
why the controller with NN off performs so poorly is that
our theoretical dynamic model deviates considerably from the
actual model of a 3D printed vehicle. These pieces of evidence
underline the importance of always including adaptation in
controllers.

Starting with large initial position error (2.086 m) and
velocity error (1 m/s), the maneuver with NN on enters steady-
state roughly at the 10 s mark. The steady-state mean position
error is 5 cm (better than the 7.3 cm attained by the IA
controller [15], and the 5.3 cm attained by the geometric NN
controller [10]. The corresponding standard deviations are 1.7
cm, 2.6 cm and 1.8 cm, respectively. Most importantly, both
T and 7 control laws are well behaved for the entirety of
the maneuver, and the vehicle’s angular velocity €2 remains
low in steady-state. The robustness of the proposed controller,
in particular its action against the mass discrepancy and
unmodeled dynamics is highlighted in the evolution of the
NN output d (see bottom right plot in Fig. 5).

F. Robustness to Wind Disturbances

A hovering maneuver in the presence of external wind
disturbances was carried out to further attest to the robustness
of the proposed NN controller. The controller in [10] was
tested for comparison. Wind was generated by a mechanical
office desk fan. Using an anemometer, the mean wind speed
was measured at roughly 5.79 m/s within a 0.5 m radius from
the source. The results are showcased in Fig. 6.

In this maneuver, a period of nominal hovering (¢t = [0, 20]
s) with the fan turned off was followed by a period of
strong wind disturbances (¢ = [20,50] s). The vehicle was
commanded to hover at a constant distance of 0.5 m from the
fan. During the nominal hovering, the steady-state mean norm
position errors are 5.3 cm (proposed) and 6.4 cm [10]. Even
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Figure 5. Left: superposition of reference trajectory (31) and actual 3D trajectories, along with two plane perspectives. Quadrotor is plotted every 10 s, with
realistic depictions of position and attitude. On the center (from top to bottom), time evolution of: norm of the position error z;; norms of the velocity error
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Figure 6. Top: anemometer reading and mechanical fan setup. Bottom
left: top-view sketch of the quadrotor; red circles mark the positions in
t = [10,19] s (steady-state maneuver with fan off), blue circles mark the
positions in ¢ = [20, 50] s (steady-state with fan on). Bottom right: plots with
the time evolution of the norms of the position errors, and the NN output d;
gray shaded areas highlight the period when the fan was blowing air.

in the presence of strong wind, the vehicle commanded by
the proposed solution remained rather still; this robustness is
substantiated by an 8.1 cm steady-state mean norm position
error. The NN proposed in [10] displays a slower convergence,
but ultimately achieves a similar performance, with a 11.7
cm steady-state mean norm position error. The strength of the
wind disturbance can be inferred from the evolution of d,
which features an abrupt change along the z-axis at t = 20 s.

G. Robustness to Ground Effect
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Figure 7. Left: plane perspectives of superposition of reference trajectory
and actual trajectories. Right (top to bottom): evolution of reference trajectory
(pa); norm of position error (||z,||); NN output (d).

Our final batch of tests aimed at evaluating the performance

of the proposed controller under the influence of ground effect.

To this end, a trajectory with reference altitude approaching
and moving away from the ground was implemented (see
Fig. 7). To contrast performances, two runs were carried out:
with NN on and with NN off. In the latter, the altitude of
the actual trajectory is noticeably higher than the reference,
which is caused by lift induced by ground effect. On the
other hand, the maneuver with the NN on retained a high
accuracy in tracking (5.3 cm mean steady-state position error).
The compensation for ground effect is evident from the z
component of d in Fig. 7 (bottom right subplot).

VI. DISCUSSION

Despite many contributions on the topic of adaptive NN
control, the frequent lack of experimental results, and the
omission of details surrounding the NN implementations cre-
ate a certain degree of opaqueness that hinders any chance of
objective analyses. One key objective of this letter is to lift the
veil on some of the idiosyncrasies of NNs in the context of
adaptive control, where many times the role played by NN is
not discussed, or properly contrasted with, e.g., IA strategies.

In theory, based on the universal approximation theorem, the
NN input should abide by the nature of the functions which
the NN wants to approximate. This motivated our choice of
input, which includes system states related to the aerodynamic
disturbances, in addition to tracking errors, which can yield
improved tracking precision under time-varying disturbances.

The fact that these adaptive NNs can approximate unknown
time-varying disturbances is also worth discussing. Simula-
tion and experimental analyses confirm this ability, but little
has been discussed about the underlying mathematical agent
responsible for it. Adaptive NNs trace back to the works
of [19] and [20]. They are structurally akin to conventional
backstepping IAs. Indeed, when the NN input v is set to be

identical to w;, the term gTW(V) becomes @ 1. In other
words, the NN degenerates into an IA whose adaptive law
is function of the tracking errors. This explains why adaptive
NN’ can approximate time-varying disturbances while offering
UUB guarantees. Nevertheless, adaptive NNs are still an up-
graded iteration of IAs. The centers and width of the activation
functions act as extra tuning parameters that enable a finer
adjustment of performance. Adjusting these gains manually is
cumbersome, which justifies a Monte Carlo statistical analysis
like the one reported in this letter.
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VII. CONCLUSION

This study set out to solve the trajectory tracking problem
of UAVs in the presence of unknown dynamics, including
unknown time-varying disturbances, and model parametric un-
certainty. A control framework was first designed that allows to
compute all control inputs at once while lumping all unknown
dynamics into a single term. A NN was then employed to
deal with the lumped unknown system dynamics. The resulting
errors stemming from the closed-loop system were shown to
be UUB. Simulation and experimental results were presented
to demonstrate the performance of our approach. Experimental
comparisons with state-of-the-art controllers further confirmed
the good performance attained by the proposed solution.
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