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Event-triggered 1image moments predictive control
for tracking evolving features using UAVs

Sotirios N. Aspragkathos!, George C. Karras? and Kostas J. Kyriakopoulos?

Abstract—This paper presents a novel approach for tracking
deformable contour targets using Unmanned Aerial Vehicles
(UAVs). The proposed scheme combines image moments de-
scriptor and Event-Triggered (ET) Nonlinear Model Predictive
Control (NMPC) for efficient and accurate tracking. The de-
formable contour model allows adaptation to the evolving tar-
get’s shape, while the proposed event-triggered scheme achieves
improved computational efficiency and extended flight duration
while generating new control sequences for the UAV. Real-world
experimental validation as well as a comparative simulation per-
formance analysis validate the scheme, showcasing its robustness
in handling complex scenarios. This approach holds promise
for various applications, such as surveillance and autonomous
navigation.

Index Terms—Visual Servoing, Aerial Systems: Perception and
Autonomy, Autonomous Agents

I. INTRODUCTION

N RECENT years, Unmanned Aerial Vehicles (UAVs),

have gained widespread use across various industries, such
as agriculture, construction, film production, and environ-
mental monitoring, due to their ability to access remote or
challenging terrains. They play a crucial role in inspecting
critical infrastructure, enhancing maintenance and surveillance
processes. In the field of robotics, particularly with camera-
equipped UAVs, challenges arise in tracking dynamically
changing targets. Ongoing research aims to develop innovative
techniques for real-world surveillance scenarios, improving
UAV performance in tracking and stabilizing evolving sub-
jects.

A. Related Work

Visual servoing, combining robotics and computer vision,
facilitates accurate control and manipulation tasks based on vi-
sual feedback. Image-based Visual Servoing (IBVS), Position-
based Visual Servoing (PBVS), 2-1/2-D, and Direct visual
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Fig. 1: A multirotor aerial vehicle executing autonomous coastline
(deformable target in the nature) surveillance. A CNN classifies the
contour in real-time based on the camera images while the prediction
is fed on another CNN outputting the optical flow estimation of the
detected coastline. The UAV uses an Event-triggered Image moments-
based NMPC scheme to navigate along the coastline, detect the target,
estimate its motion, and follow it.

servoing are fundamental approaches [1], [2], [3], [4]. IBVS
is preferred for its robustness in target tracking, particularly in
UAV stabilization and tracking control applications [5]. Image
moments provide a stable alternative to point feature-based
control laws, offering stability and invariance to camera frame
rotation [6], [7], [8], [9], [10].

NMPC is a powerful method for visual servoing, used
in UAV target tracking in combination with various control
schemes such as adaptive sliding mode control, prescribed
performance control, and deep neural networks [11], [12],
[13], [14], [15], [16], [17], [18], [19]. Combining image
moments with NMPC addresses singularity cases and incor-
porates visibility and mechanical constraints [20], [21].

The emerging concept of event-triggered NMPC recom-
mends optimization triggering and less frequent sampling,
enhancing system efficiency [22], [23]. This approach has been
applied to Position and Image-based Visual Servoing MPC,
enabling asynchronous control inputs for autonomous robots.
[24] introduces an event-triggering observer-based control
scheme for UAVs, maximizing network efficiency. Other stud-
ies propose event-triggering controllers for trajectory tracking,
swarm formation control, and UAV network control [25], [26],
[27], [28].

B. Motivation

This work aims to combine image moments with model pre-
dictive control strategies for UAV deformable target tracking in
outdoor environments [29]. Previous works utilized traditional
and hybrid IBVS schemes [30], [31], [32], effective but
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amenable to improvement. The proposed method extends the
NMPC formulation of [31] into the image-moment paradigm.

C. Proposed Method

The study introduces an aperiodic vision-based NMPC with
a triggering mechanism for autonomous visual surveillance, re-
ducing computational effort and energy consumption. The dy-
namic model, extracted from image moments, tracks contour-
based areas with evolving features. Real-time outdoor ex-
periments demonstrate efficacy in achieving convergence and
reducing triggering instances. The proposed work combines
image moments target dynamics formulation with a vision-
based NMPC scheme using an event-triggering mechanism, a
novel contribution in UAV deformable target tracking.

D. Preliminary definitions

Some notations and fundamental mathematical definitions
are listed with the aim of facilitating the reader’s understanding
of some notations or specific concepts.

o diag() is the mathematical notation denoting a diagonal

matrix whose non-diagonal entries are zero [33].

o Lipschitz function f is any function with a bounded first
derivative. An f such that |f(z) — f(y)| < Clax — y| for
all x and y ,where C' is a constant independent of x and
y called the Lipschitz constant. [34]

o Positively invariant set: Considering a dynamical system
of state variable x, derivative # = f(x), trajectory
x(t,zo) and initial point z, then a set O can be defined
as positively invariant if the condition zy € O implies
that x(t,x9) € O ¥ ¢t > 0 [35].

E. Outline

The paper is organized as follows: Sections II and III
discuss problem formulation and visual servoing preliminaries.
Sections IV and V detail contour target perception, mo-
tion estimation, and dynamic model formulation. Section VI
presents the event-triggered NMPC scheme, while Section VII
provides a comparative, experimental study and a simulation
performance analysis. Section VIII concludes the paper.

II. PROBLEM STATEMENT

Target tracking in robotics demands precision, posing chal-
lenges for conventional methods when dealing with evolving
features like deformable contour-based regions. The dynamic
characteristics of targets, such as changes in size, shape, or ap-
pearance, create complexities for existing tracking techniques.
Consequently, the development of an autonomous vision-based
target-tracking system capable of adapting to changing features
in contour-based areas becomes imperative.

In response to these challenges, we propose a control strat-
egy (see Fig. 2) utilizing image moments as a valuable object
descriptor for achieving decoupled visual servo control. This
strategy addresses constraints in vision-based NMPC, pre-
senting an aperiodic vision-based deformable target-tracking
technique with a triggering mechanism. By focusing on im-
age moment-like parameters (centroid, area, orientation), the

approach efficiently tracks objects with complex shapes and
evolving features while reducing computational effort and
energy consumption. Additionally, a hybrid MB/DD target
motion state estimator is integrated into the control strategy.

Reference
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Target parception
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Fig. 2: Proposed control method presented in a block diagram form.

The target observation is initially obtained from the vehicle-
mounted camera using a trained Deep Neural Network (DNN)
algorithm. This information is processed to form the state
error, and the hybrid MB/DD estimator produces an esti-
mate. If the triggering mechanism is violated, this estimate
is incorporated into the NMPC optimization problem. The
resulting control sequence guides the vehicle in continuous
target following and surveillance. However, if control inputs
are used throughout the prediction horizon without triggering
mechanism violation, the optimization is re-run to generate
new velocity commands.

III. PRELIMINARIES ON IMAGE MOMENTS VISUAL
SERVOING

‘?" By = fturo i, e )T
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Fig. 3: Geometric representation of a downward-looking camera
mounted on a UAV, during autonomous contour surveillance flight
[31].

Addressing the contour tracking problem, we draw upon
visual servoing concepts [36]. The goal is to track a 3D shape
within the camera’s environment, considering the shape as a
whole. We assume a camera C with frame [X,, Y, ZC]T at
center O¢ (Fig. 3).

The image frame I, has coordinates [u,v]’ in pixels,
with Oy, representing the upper-left corner. By utilizing
the camera’s geometric model, we project N points (P; =

]T

(X;,Y;,Z;]F, 5 = 1,...,N) in the camera frame onto
the normalized image plane as 2-D points s; = [z;,y;]7,
j=1,...,N:

T_[xc ve]" e vi—en]T
s; = [z;,u;] :[Tg’i] :{“11‘7&7%] g=1,--.N (1)

x
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where ¢, c, are the pixel coordinates of the primary point,
fz, [y are the focal lengths, in pixels, for each image axis, and
u;,v; are the pixel coordinates of the j-th feature. Assuming
that any such points move on the physical, three-dimensional
space along a path, then the following Ordinary Differential
Equation (ODE) models the motion of any feature on the
image plane [37]:

GeDvrioiN, o

where v = [z/x, Vy, Vs W, wy,wz} denotes the velocity of the
camera and L the overall interaction matrix. The function %
denotes (with abuse of notation) the time derivative of the
motion of each feature on the image plane that is imparted
owing to the motion of the features on the physical space.
The 3D shape target on a continuous surface assumes no
depth-discontinuity, allowing the depth Z of a target’s point
as a continuous function of its image plane coordinates. For a
deformable target with N point features and (z, y) coordinates
from (1), image moments m;; and centered moments fi;;
(order (i + j)) serve as statistical descriptors [6].
Considering a polygonal contour on the image plane with

vertices s = [s],s3,---,sN] € R* and each vertex s; =
T .
[xj,yj] ,j=1,--- N, we denote the state vector:
> — |7 a7 ~F A T 4
:L—[:E,y,ma] ,GR, (3)
where £ = 240 ¢ = 0L pepresent the coordinates of
moo moo

the gravity center, ¢ = mygo the area of the target under
surveillance, where & € R, and & is a reference angle for
the polygon’s orientation & = %arctan(ﬂjf‘ﬁ).

After extracting analytical expressions over the chosen state
vector components, we can now formulate the corresponding
dynamics allowing us to implement an NMPC approach for
solving the contour tracking task by using image moments
as an analytical descriptor. The following Sections present
the contour perception and motion estimation module and the
formulation of the dynamics used for the control development
of the even-triggered image moments-based NMPC scheme
for autonomous surveillance.

IV. TARGET PERCEPTION AND MOTION ESTIMATION
MODULE

In our control approach, we employ a hybrid MB/DD
approach for target perception and motion estimation [32].
Focusing on deformable contour-based areas with evolving
features, the target detection module uses a Keras CNN trained
on real UAV data [31], [38]. The CNN output is processed with
FlowNet 2 [39] for optical flow estimation.

For target motion, we use KalmanNet [40], combining
CNN-based coastline detection, CNN-based optical flow, and
an EKF in a NN-aided framework. This allows motion esti-
mation with partial knowledge of the target’s dynamics. The
output integrates into our control strategy, detailed in Sections
V and VL

V. DYNAMIC MODEL FORMULATION

In this section, we focus on formulating the dynamics of
the state vector components followed by the proposed control

development. The calculations presented herein pertain solely
to the state vector’s motion relative to the camera’s movement,
excluding the motion of features in physical space. According
to the selected state vector and the utilization of the image
moments [6], the full dynamics assume the following form:

i = g(i;s)v, 4)

where g has the form of the overall interaction matrix of image
moments for finite horizon propagation of the NMPC [6],
[21], [41] using the state vector established in (3) with the
corresponding variables.

This indicated formulation leads to the complete dynamics
in (4). While considering the dynamics of the vertices, this
approach allows for computing the relevant dynamics at any
time instant. In the subsequent NMPC scheme, the computa-
tions associated with the propagation of vertex dynamics are
computationally efficient, resulting in a manageable scheme.
Hence, the control development employs the following cou-
pled dynamics model:

§ =Lv+ %
i =g(@s)v+Viee

®)

While the above equation could be evidently expressed in the
form of a single system of Ordinary Differential Equations
ODEs, the above distinction is maintained in the following
NMPC formulation for clarity, both notational and in scope,
as the two preceding subsystems are employed in an entirely
different manner. Additionally, V1% expresses the derivative
of the state vector £ with respect to the vertices comprising
the contour-based area under tracking.

VI. CONTROL DESIGN

The control methodology based on (4) is being presented
through the application of the Newton-Euler method. The
discrete-time form of (5) at k + 1 with £ = 1,...,n, for
a sampling time At is given:

At
) (6)
Try1 = Tp + g(F; se)veAt + VIZE | At
tr

Sk+1 = Sk + Ly At + %

where s, = [s},...,st ]T is the vector of the features
comprising the polygon and Zj = [:?k,yk,ﬁk,dk]T is the
discrete-time form of the proposed state vector at each time-
step k. For the interaction matrix and camera velocity at
sampling time k. The stacked version of nominal model (6)
can be expressed with ;11 = f(Z; sk, k), where the camera
velocities belong to vy, € Vs C R* and are bounded through
the input constraints such as |v*| < 7, HV;;H <7y, |IvF| <
7, lwh|| < @, [[wf]] < @y, [|wf|| < @.. The upper bound of
system’s control input is denoted through ( - ). Furthermore,
we assume that the system is affected by disturbances (i.e.
change of lighting conditions, weather effects, dynamic back-
ground, shadows and occlusions, reflection and glare or even
wildlife and insects in the Field of View (FoV)) caused during
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the visual tracking algorithm, hence the stacked version of the
system can be expressed in a more general form as:

Try1 = f(Trs Sk V) + &k (7)

where &, a vector representing these disturbances expressed
. T

at each time step as & = [fjk,fgk,fak,fak] where the
disturbances are considered to belong to the set =,.; where
£, € Eger C RE. Meanwhile, the system must comply to the
constraints of the state variables, which are formulated through
the limits of the camera FoV resulting to the state constraint
set X,or, which is defined as &, € Xor C R%:

xmzn < 'Z‘k < xmaw
ymzn < yk < ymaoc
O_m'm, < Uk; < O.maac

mzn S a/k} S amaz

®)

FMaxr 7min

where, z;'%*, 27"" and y***,y**" are the maximum and
minimum bounds for the position of the center of gravity
in the image plane. """ and ;"°" are the maximum and
minimum bounds of the value of the target’s area defined from
g = mygg , while a ’m”’ and a the maximum and minimum
bounds of the « angle of the target’s orientation. These bounds
are defined by the nature of the application and the visual
data specifications we need to acquire during the autonomous
control procedure. For example, in the case of monitoring an
oil spill, it is required to occupy a size of the image plane,
and to be recorded from some angles, by extension, defining
the boundaries of 57", 7"** and a*" and a}***.

A NMPC scheme aims to drive (7) to a desired state
jges — [ des’ zjdes —des7 —ges)}T c Xset C R4 through
constant solving the optimization problem over a receding
finite horizon of size n. The desired state values are determined
while trying to maintain the target’s center of gravity close to
the center image plane, while the same stands for ¢ and a.
According to the nature of the application and the visual data
specification we may need to acquire during the autonomous
control procedure, similar to the visual constraint bounds
determination. The solution of the optimization problem is
taking place online based on the constant observation of the
states at the time step k.

This action requires the utilization of the dynamics estab-
lished in Section V for the four state variables, Zy, Yi, 0k, Q-
After each optimization run a n-sized control vector vp(k) =
[v(klk),v(k + 1|k,...,v(k + n — 1|k))] is generated which
minimizes the cost function while simultaneously satisfying all
the aforementioned state and input constraints of the system
while the optimization problem of the NMPC scheme is
formulated such as:

—max 5min
)

*7"(1.’[‘

min,, gy Tn(Zr; sk, vr(k)) =

min,,. » Sy F(@(k +ilk),v(k + i|k)) + E(z(k + N|k))
} subject to: 9)
z(k+ilk) € Xser Vi={l,....,n—1}

v(k+ilk) €veer Vi={1,...,n—1}
z(k + n|k) cEy

where n the prediction horizon, I the states error w.r.t. the
desired state vector values, & = T— pdes, F(x v) =2TQx +
vTRv the stage cost, while E(z) = 7 Pz is the terminal

cost. All the positive definite matrices incorporated in (9) are
defined such as: Q = diag(qi,...,q4), R =diag(ry,...,ryq)
and P = diag(p1, - . ., p4). To fully define the control problem
and formulate the framework for NMPC, we introduce the
following lemmas and assumptions.

Assumption 1: The nominal model has the following charac-
teristics: the origin is a steady state, f(Z, ) is locally Lipshitz
in Z in the domain Xye; X Vset, while finally there exists a
0 < L < 0o such that for all #1, %y € Xet ¥V v € Vger,

1/ (#1,v)

where the £ constant denotes the Lipschitz constant in some
j norm, ie. j =1,2,...,00.

= [(@2,v)|l; < Lyl — 225 (10)

Lemma 1: For the aforementioned system the error between
the predicted and the actual system state observation at each
k + ¢ should be limited within a certain range provided with
an input vector:

[Grs — 2k +ilk — 1)) < D2 (L))ie an

where Z;;é (Lp) = ﬁ;j and Ly is the Lipschitz constant

of the nominal system.

Lemma 2: Considering the input and FoV constraints, we
can determine its Lipschitz continuity of the nominal system
(7) in Xset. The value of L, is defined by the equation:

Ly = [2max(4(1 + Zdt)? 4(@.d1)?), 1] (12)

Lemma 3: Let Lr a Lipschitz constant for the stage cost.
The stage cost is Lipschitz continuous while the constant
stands for Xset and Ly, for vg, while both constants are
non-negative real numbers.

Lr =2(1z + |5 + |6 + |a[?) 2 0mae (Q) (13)

where 0,4, (Q) represents the biggest singular value of matrix
Q.

Lemma 4: We have to fill in that a K.-function provides
a lower bound for the stage cost F(Z; s, v):

F(&;s,v) > )z (14)

F(Z;s,v) = min(q1,...,q4,71,...,74

Assumption 2: Supposing that there exists a positively
invariant set Epy, as defined in [35], within the set Xset for
the system described in equation (7). Then this set satisfies
E; C Ey, where Ey is defined as & € KXot |Z] < €0 and ¢
is a positive value.

Assumption 3: Additionally, an existing controller denoted
as v, = h(Zg) € vse that stabilizes the system within the
set Ex. Subsequently, this controller is accompanied by a
Lyapunov function, denoted as V, satisfying the inequality
V(f(Zg, h(zr))) — V(Zk) < —F(Zg, h(2y)) for all Z in Ey.
Moreover, for any Z in E, there are positive constants £, and
Ly, such that the following conditions hold: |h(Z)| < L|Z]
and | (2, h(#))| < L, ]3]

Assumption 4: Lipschitz continuity of the terminal cost
associated Lyapunov function V(&) with respect to Ey is
ensured by a Lipschitz constant Lg = 2€90 4. (P) for all
T € Eyn:

V(&) -

V(Z2)|| < LellZ1 — 22| 15)
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Assumption 5: A local stabilizing controller h(Z) € vset,
exists such that there is a positive constant £, > 0 for all
Z € Ey, satisfying |h(Z)| < Lp|#|. Consequently, it can be
inferred that for any positive constant L¢, > 0 and all Z € E,
the condition | f(Z, h(Z))| < Lp|Z| holds true.

Assumption 6: The Lyapunov function associated with the
set Ey can be expressed as follows: V(%) = 71 Pz. This
function is bounded and satisfies the condition V(Z) <
a., where a. is a positive constant defined as a. =
max{pi,...,ps}e& > 0. Additionally, if we assume that E
is defined as T € Xset(n — 1) : h(Z) € Vget, and we choose a
positive parameter a.y such that 0 < a.y < a., we can state
that the terminal set E; is defined as # € R*: V(%) < a,.
Moreover, for any Z € Ey, the function f(Z,h(Z)) belongs
to E f-

In time-triggered NMPC, only the first control sequence
element is implemented. The event-based policy triggers opti-
mization when the error surpasses a threshold. As long as the
error stays below this limit, the computed control sequence
based on the current system state is applied in an open-
loop manner. The problem aims to achieve two objectives:
(i) develop a feedback control scheme ensuring Input to
State Stability (ISS) for the nominal system under NMPC
constraints, and (ii) determine the event-based condition for
initiating the optimization problem solution, accounting for
constraints and control sequence updates.

A. Feasibility & Convergence Analysis of the Event-triggering
NMPC scheme

Let at k; = k — i the NMPC optimization problem is solved
for the first time, generating an optimal control velocity vector
vi(k—1) & [vi(k—1]k—1),...,vi(k+n—2|k—1)], for which
the * notation is used. Assuming that the state vectors are all
contained in Xy, where a feasible generated velocity vector
satisfies all the optimization problem constraints. In this case,
any Up(k+m) at a subsequent k+m withm =0,...,n—1
is described by:

vp(k+m)=v(k+ilk+m)=
{y*(k+i|k1) fori=m,...,n—2

h(z(k+ilk+m)) fori=n—1,....n4+m—1
(16)
where a part of the optimal velocity vector generated at k — 1
isv*(k+ilk—1) fori = m,...,n—2. The generated at k—1,
optimal control vector v (k — 1) denotes that at all subsequent
time steps m = 0,...,n — 1 can also belong to the vy, i.e.
v(k 4 ilk +m) € vger. To improve recursive feasibility, it is
necessary to prove that &(k +n — 1|k +m) € Ej for all time

steps. Utilizing (11), we can derive:

|2k 4+n—1k+m)—2(k+n—1k—1)] <
n—1)—m m i
5; D D L€
Utilizing the terminal cost function Lipschitz constant from
(15), we can derive:
E(Z(k+n—1k+m)) —B@k+n—1k—1)) <
Lellz(k+n—1k+m)—i(k+n—1k—1)| <
n—1)—m m i
LeLl{ VTS L

a7

(18)

Exploiting z(k+n—1|k—1) € E # as initial feasibility, we may
utilize Assumption 6 to derive that E(Z(k+n—1[k—1)) < acs.
While the aim is the proof of z(k +n — 1|k +m) € Ey,

Assmption 6 proves that:

E@(k+n—1k+m)) < ac =
acp + LeLy VTS LYE < ae =
€< St Ly £
19)
The aforementioned mathematical expression states that as
long as (19) bounds the disturbances of the system then
a robust positively invariant set Xp and a local stabilizing
controller (%) ensure that &(k +n — 1|k +m) € E; for all
m=20,...,n—1.

For the proof of ISS stability under an event triggered
NMPC scheme, the cost function of the optimization problem
under the optimal velocity vector vy is chosen as a Lyapunov
function. Formulating AZ,Y = J¥(k+m)—J(k—1) as the
optimal cost difference between the initial triggering instant
k—1 and a subsequent step k+m we can extract the following
Lemma:

Lemma 5: Let the (7) satisfy all the state, input constraints,
and all the aforementioned conditions and assumptions. In this
case, we can denote that the difference between the optimal
cost value at k — 1 and all subsequent steps k + m, with
m=0,...,n— 1, is bounded as described by:

AT < Lo |Erpm — 2k +mlk = 1)] = S E(|Ek-1-imll)
(20

where the £, is defined by: £, = EEE;"_I)_’” ¥

£y
ﬁFfLT
Utilizing [42] the event-triggering policy ensures operation
with ISS while:
(i) there exists a positively invariant set, )~(F, of the system.
(i) the existence of the functions aq,as, a3 € K, and
01 € K satisfies the two conditions following:

or (&) < T (k) < an(lE])

T(k+m)—J(k—1) < —as(|lZ]]) + o1 ([Z]])
The aforementioned Lyapunov function operates under upper
and lower bounds that have been defined by (19) and utilized
through combination with the optimality of the NMPC OCP
solution resulting to:

3y

ar([[Zl)) < T (k) < aa(Z]) (22)

where oy ([lZ]) = E(|zxl) and eo(llZ]) = (Lr +
cFuch)ﬁffi||5:k|| + LgLy,||Zx||. Exploiting (20) it is de-

noted that:"

o1(|l]) = Ls,, | Exsm — Z(k +mlk — 1))

az([[Z]) = 2izo E(l1Zk-1-itml)
Hence, the system achieves input to state stability under the
event-triggering NMPC method while o1 (||z]]) < eas(]|Z]])

where € is a positive constant 0 < € < 1 and the triggering
condition ruling all the above is:

(23)

sz‘i'kdrm - é(k + m|k - 1)| < EZ:’ZO E(Hi'kflfi«kfmu)
(24)
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Finally the OCP of the NMPC scheme will be solved again if
the triggering condition (24) is violated.

B. Implementation Details

1) Multirotor Under-actuation: The study uses cascaded
P/PID controllers for multirotor control. Attitude control sta-
bilizes orientation and angular velocity, while velocity control
manages linear and yaw rate velocity commands. UAVs typ-
ically use velocity control mode to address underactuation.
Effective control requires interaction matrices considering
kinematic capabilities and omitting corresponding columns for
under-actuation [13].

2) Multirotor low-level control: Cascaded P/PID con-
trollers ensure stability and regulate attitude and velocity in the
vehicle. Underactuation is addressed through velocity control
mode. The deployed UAV uses Pixhawk Cube Orange with
ArduPilot framework for a fully integrated low-level control
architecture. Velocities are computed in the camera frame C
and transformed to the vehicle body frame B [43].

VII. RESULTS
A. Experimental Validation of the Proposed Method

1) Experimental Setup: Two sets of experiments were con-
ducted to evaluate the proposed event-triggered image mo-
ments NMPC against a time-triggered counterpart. A custom
octocopter equipped with a ZED 2 Stereo Camera and Pix-
hawk Cube Orange running ArduPilot firmware served as the
experimental platform. The Robot Operating System (ROS)
[44] facilitated target recognition, optical flow prediction, Ex-
tended Kalman Filtering, and vision-based NMPC. MAVROS
communication protocol [45] conveyed velocity commands to
the Pixhawk microprocessor. The detailed octocopter low-level
control is in Section VI-B2.

2) Experimental Results: Experiments focused on dynamic
shoreline tracking using the proposed NMPC. Vision-based
NMPC operated below 20 m above sea level, assuming con-
stant depth for all target features. Environmental variables re-
mained exogenous and immeasurable. Motion estimates were
derived from the target perception module, detailed in Fig. 4.
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optical flow field
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features states

Fig. 4: Detailed view of the green block in Fig. 2, representing the
target perception and motion estimation module.

Fig. 5 illustrates the detection of a dynamic shoreline, with
subsequent optical flow prediction and motion estimation using
a hybrid MB/DD framework [32].

Fig. 6 compares two scenarios: time-triggered NMPC (blue
line) and proposed event-triggered NMPC (orange line). The

me ¥

Fig. 5: Results of the trained CNN results for coastline detection
(left) and optical flow estimation (right).
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Fig. 6: Experimental validation results for a time- (blue line) and an
event-triggered (orange line - proposed strategy) image moments
NMPC: Normalized centroid error along z-axis (upper left), y-
axis (upper right), normalized polygon area error (middle left),
normalized polygon angle error (middle right) with respect to y-
axis of the image plane during the experimental scenarios conducted
in a beach setting. In all cases the confidence interval calculated over
all the experimental trials for each method, is depicted. Triggering
instances (bottom), each time we get value 1.0, denoting the times
that the (24) is violated and the OCP is running again.

latter demonstrates successful coastline tracking while reduc-
ing optimization instances by 24 — 30% across 10 sessions.

Errors were computed over 10 sessions for each controller.
Fig. 7 displays statistics for state variables, including mean,
minimum, maximum values, and standard deviation. In Fig. 7,
the event-triggered scheme outperforms the time-triggered one,
as seen in VII-A3. This is attributed to unaccounted factors
like wind gusts. A comparative study in the next section with
[32] and [31] provides conclusive insights.

3) Experimental video: A video demonstrating the afore-
mentioned experimental comparative results of the proposed
methodology can be found at the following URL: https:
/lyoutu.be/TfEOW2vPsnA

B. Comparative Simulation Results

1) Simulation Setup: To evaluate the proposed strategy
in a realistic scenario, a synthetic coastline environment is
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Fig. 7: Average comparative performance analysis between the pro-
posed controller and a time-triggering image moments NMPC for the
coastline UAV tracking. The figure is color-coded according to the
different axes, black on the left and blue on the right axes.

employed, as described in [32], using Robot Operating Sys-
tem (ROS) [44], Gazebo [46], and MAVROS [45] as SITL
communication protocol.

2) Simulation Results: Five comparative contour surveil-
lance scenarios of a synthetic coastline environment are con-
sidered:

o Simulation scenario 1: Partitioned Visual Servo (PVS)
controller of [32].

e Simulation scenario 2: Time-triggered IBVS-NMPC
scheme of [31].

e Simulation scenario 3: Event-triggered IBVS-NMPC
scheme of [31].

o Simulation scenario 4: Time-triggered image moments
NMPC scheme presented in Section VII-A2.

o Simulation scenario 5: Event-triggered image moments
NMPC (proposed method) scheme presented in Section
VII-A2.
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Fig. 8: Average comparative performance analysis between the 5
Simulation scenarios presented: PVS control scheme, time-triggered
IBVS-NMPC scheme, event-triggered IBVS-NMPC scheme, time-
triggered image moments NMPC scheme, proposed event-triggered
image moments NMPC scheme. The figure is color-coded according
to the different axes, black on the left and blue on the right axes.

Based on 50 sessions executed per scenario, statistical met-
rics (mean, min, max, standard deviation) for all state variables
are calculated and presented in Fig. 8. The performance
ranking is as follows:

1) Simulation scenario 4 deploying the time-triggered im-
age moments NMPC of the current work.

2) Simulation scenario 5 deploying the proposed event-
triggered image moments NMPC scheme of the current
work.

3) Simulation scenario 2 deploying the time-triggered
IBVS-NMPC scheme presented in [31].

4) Simulation scenario 3 deploying the event-triggered
IBVS-NMPC presented in [31], also managing a 15 —
22% reduction of the triggering instants.

5) Simulation scenario 1 deploying the PVS control scheme
of [32].

Results indicate that the proposed event-triggered image
moments NMPC method, while not having the highest ac-
curacy, offers significant power efficiency with a 30 — 35%
reduction in triggering instants. This makes it suitable for
tracking deformable targets using UAVs with enhanced energy
endurance.

VIII. CONCLUSION

This work presents a novel approach for autonomously
tracking moving deformable targets comprised of evolving
features using UAVs. It utilizes Visual Servoing NMPC and
image moments to effectively track evolving features. The
proposed scheme was successfully tested in beach settings,
tracking a coastline with an octocopter. By incorporating a
motion target estimate and an event-triggering framework,
computing resources are minimized without sacrificing perfor-
mance. This architecture enhances autonomy and endurance in
small autonomous robotic systems like UAVs.
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