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Abstract—This paper presents a visual servoing strategy that
integrates the capabilities of a Physics-informed Neural Network
(PINN) to estimate system uncertainties and inaccuracies with
a dynamics-centered visual servoing technique for multi-rotors.
The proposed method effectively combines these approaches,
eliminating the need for inverse Jacobian calculations to de-
termine multi-rotor motion by directly relating pixel varia-
tions to the multi-rotor’s torque and thrust inputs, while also
strengthening the method’s robustness through the utilization of
the PINN to model and address uncertainties in camera and
multi-rotor parameters, as well as the modeling inaccuracies
inherent in the dynamics-centered visual servoing technique.
In contrast to existing state-of-the-art data-driven approaches,
the proposed PINN approach requires, on average, 65% less
labeled data to characterize uncertainties and inaccuracies. To
ensure real-time implementation of the visual servoing model,
the PINN-learned model is combined with an adaptive horizon
monotonically weighted nonlinear model predictive controller
(NMPC), capable of processing control efforts at rates 10 times
faster than existing Tube MPC and Adaptive MPC strategies.
These findings are validated through real-time trajectory tracking
experiments, which not only highlight the effectiveness of the
proposed approach in approximating modeling inaccuracies but
also its capability in handling uncertainties upto 70% in camera
parameters.

Index Terms—Visual Servoing; Physics-informed Neural Net-
work; Nonlinear Model Predictive Control; Autonomous Sys-
tems; Multi-rotor Control; Unmanned Aerial Vehicle (UAV).

I. INTRODUCTION

HE progress in computer vision (CV) algorithms has

spurred researchers worldwide to investigate ways to
enhance the interaction between robotic systems and their
surroundings. Numerous industrial applications, such as search
and rescue, surveillance, driver assistance, and condition moni-
toring, have experienced substantial improvements through the
seamless integration of CV algorithms with various robotic
platforms, leading to efficient task execution [1], [2]. In this
regard, multi-rotor unmanned aerial vehicles (UAVs) have
emerged as a fitting choice for these applications due to their
ability to vertically take off and land, achieve precise hovering,
and perform agile maneuvers [3].
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The implementation of CV algorithms to control the motion
of multi-rotors is known as visual servoing, and it is tradition-
ally categorized into three main types: Position-Based Visual
Servoing (PBVS), Image-Based Visual Servoing (IBVS), and
Hybrid Visual Servoing (HVS) [4]-[6]. Extensive research
has demonstrated the effectiveness of these approaches, par-
ticularly when combined with diverse controllers such as
sliding mode strategies [7]-[9], model predictive strategies
[10], and adaptive control strategies [11]. Nevertheless, these
conventional visual servoing algorithms face several significant
drawbacks that hinder their effectiveness, including depen-
dency on inverse Jacobians for computing robot motions,
leading to control singularities and increased computational
demands during implementation, susceptibility to image noise
even with robust robotic controllers, potential issues with
target and actuator saturation, and errors arising from uncertain
camera intrinsic parameters [12], [13].

Authors in [14] proposed an IBVS approach for manipulator
control, utilizing a recurrent neural network controller to
eliminate the need for inverse Jacobians. Similarly, in [15], a
sampling-based model predictive controller (MPC) was intro-
duced for visual servoing of a 6DoF manipulator, considering
constraints and avoiding the use of inverse Jacobians for
motion computation. However, it is important to highlight that
the control methods suggested in [14], [15] involve a signifi-
cant level of recursion, resulting in computational complexity
when applied to systems like the multi-rotor. In another study,
presented in [16], researchers introduced a dynamics-based
visual servoing approach for a quadrotor, incorporating pixel
velocities with the quadrotor states. The aim was to avoid the
need for computing an inverse Jacobian. However, the map-
ping between pixel variations and the quadrotor’s torque and
thrust commands is not direct. It involves a series of cascaded
intermediate blocks that first relate pixel position variations
to pixel velocity and then relate pixel velocity variations to
the quadrotor’s thrust and torque commands. This introduces
the requirement for additional outer loop control blocks in
the multi-rotor’s firmware, leading to increased computational
burden and susceptibility to system noises. Therefore, it be-
comes essential to devise a dynamics-based visual servoing
approach that can directly map pixel variations to the multi-
rotor’s input commands, eliminating the need for computing
inverse Jacobians to estimate its motions. Such a mapping
also enables the merging of image noises with the system
uncertainties, allowing for the use of a single robust robotic
controller to address both of these issues simultaneously.
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Despite having such a mapping, the visual servoing algo-
rithm remains susceptible to errors caused by uncertainties in
camera parameters. To address this issue, researchers in [17]
build upon the concept of a depth-independent interaction ma-
trix developed in [16], proposing a novel algorithm for online
estimation of unknown parameters. This approach combines
the Slotine-Li method with the idea of motion in computer
vision. Similarly, in [18], a related problem is tackled, where
the extrinsic parameters of a camera are considered unknown,
and a two-stage adaptive control law is developed for IBVS on
a nonholonomic mobile robot. However, it is noteworthy that
the development of such algorithms to support dynamics-based
visual servoing approaches is currently lacking. Additionally,
none of the aforementioned techniques address the challenges
related to target loss and actuator saturation, which are com-
mon issues in visual servoing applications.

Authors in [19] tackle the challenges of target loss and
actuator saturation by introducing a novel fuzzy sliding mode
controller for IBVS of an omnidirectional mobile robot.
However, a major drawback of this approach is its recursive
nature, with the overall system’s stability highly dependent
on the evolution of the fuzzy network utilized. To address
the issues of target loss and actuator saturation in visual
servoing of a multi-rotor, researchers in [20]-[22] propose a
robust nonlinear Model Predictive Control (NMPC) strategy
for visual servoing of a quadrotor. While these approaches
have demonstrated efficient real-time performance, NMPC
methods require a complete nonlinear dynamical model for
effective control. Incorporating camera and system uncertain-
ties, as well as modeling inaccuracies, into the NMPC’s cost
function, can significantly increase the computational burden.
Moreover, NMPC approaches necessitate the inclusion of
terminal constraints to ensure stability, further exacerbating
the computational requirements.

To efficiently handle system uncertainties and uphold con-
straints in visual servoing, one promising solution is to adopt
a completely data-driven approach for modeling the dynamic
visual servoing model, as suggested in [23]. Nevertheless,
these approaches necessitate a substantial amount of labeled
data to accurately capture the nonlinear dynamics of the
system. In certain scenarios, such as visual servoing of multi-
rotors, obtaining a sufficient volume of labeled data might
be challenging and impractical. To address the collective
shortcomings of the aforementioned approaches, this work
makes the following contributions:

1) Learning framework for visual servoing with limited
training data: Creating a framework that employs a
physics-informed neural network to learn augmented
dynamics, a direct correlation between pixel variations
and multi-rotor thrust and torque inputs, facilitating
efficient visual servoing while requiring, on average,
65% less training data compared to state-of-the-art data-
driven approaches mentioned in [24] for simple circular
trajectories.

2) Catering to parametric uncertainties: This paper
presents results showcasing the performance of the
proposed physics-informed neural network approach
in visually servoing a ground vehicle across various

trajectories with up to 70% parameter uncertainty. A
comparison is drawn between the performance of this
approach and state-of-the-art KNODE-MPC [25] and
GP-MPC [26] approaches. Notably, despite the uncer-
tainties, the proposed approach demonstrates 42.14%
and 15.85% higher accuracy in tracking simple circular
trajectories compared to the GP-MPC and KNODE-
MPC approaches.

3) Catering to modeling inaccuracies for real-time im-
plementation: The paper also emphasizes a crucial
aspect of the proposed PINN approach as a dynamics
approximator, incorporating real-time datasets to address
modeling inaccuracies. This is showcased through real-
time tracking experiments, revealing that the proposed
approach is 43.82% and 14.57% more accurate com-
pared to state-of-the-art KNODE-MPC [25] and GP-
MPC [26] approaches.

4) Real-time implementability: To ensure real-time imple-
mentability of the learned model, the paper suggests cou-
pling it with a monotonically weighted nonlinear model
predictive controller (NMPC). This NMPC formulation
integrates constraints imposed on the physics-aware
augmented dynamics visual servoing model, effectively
addressing concerns related to target loss and actuator
saturation. The feasibility of real-time implementation
is assessed using two popular state-of-the-art techniques,
namely the Tube MPC [27] and the Adaptive MPC [28].
In the experimental results section of the paper, it is
demonstrated that the proposed approach is nearly 10
times faster compared to the Tube MPC and Adaptive
MPC approaches, rendering it a practical choice for real-
time implementation.

5) Comparison between Synthetic and Real-Time Train-
ing Data: Typically, physics-informed neural networks
incorporate a real-data loss term, necessitating exper-
imental data to approximate system modeling inaccu-
racies. This set of experimental data can be generated
synthetically using simulators like Gazebo, which fea-
ture physics engines, or obtained through actual real-
time experiments, or a combination of both. This paper
demonstrates that the proposed physics-informed neural
network exhibits the ability to model system dynamics
with reasonable precision, even with a moderate amount
of available real-time experimental data. As a result, the
trained network can be effectively employed to imple-
ment control strategies in real-time with high accuracy.

The paper’s structure is as follows: Section II provides
a concise introduction to Physics-Informed Neural Networks
(PINNSs), followed by the mathematical modeling of the aug-
mented dynamics visual servoing approach in Section III.
Section IV details the design of the monotonically weighted
NMPC, followed by the overall implementation methodology
in Section V. Section VI presents experimental validation for
the proposed approach, encompassing hardware description,
trajectory tracking performance analysis, analysis considering
uncertainty in camera parameters, comparison with existing
data-driven approaches, and real-time implementability analy-
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sis. Finally, concluding remarks are provided in Section VII.

II. PHYSICS-INFORMED NEURAL NETWORKS

Physics-informed neural networks (PINNs) were introduced
in 2019 for solving nonlinear differential equations [29].
PINNs can be used to approximate the dynamics of nonlinear
systems with limited amount of labeled data as compared
to complete data-driven models. The working of a PINN in
solving the nonlinear dynamics of a system can be understood
by considering a first order nonlinear differential equation

given by:
o(t) = fx(t), u(t)) (D

Assuming that the function f(x(t),u(t)) is Lipschitz’s
continuous and z(t) = =z at ¢ = 0 then the solution
of the differential equation (1) over the time-interval 7' is
given as z[k + 1] = F(T,z[k],ul[k]) where the function
F(T, x[k],ulk]) is the actual solution of the nonlinear dy-
namics represented by (1) which can only be obtained if
the function f(x(¢),u(t)) is completely known. In real-time
systems, the complete knowledge of the function f(x(t), u(t))
is not available and is often accompanied by uncertainties and
inaccuracies in modeling. Only a partial understanding of the
function f(x(t),u(t)) is known, referred to as the nominal
dynamics of the system fy(xz(t),u(t)). Hence, the function
F(T,z[k], ulk]) will have to be approximated with the help of
a PINN, ® (T, z[k], u[k]; w), which is a fully connected neural
network with w representing its trainable weight matrix and
(T, z[k], u[k]) representing its inputs.

Typically, dynamical models of real-time systems en-
compass system uncertainties as well as modeling inac-
curacies. Conventional data-driven approaches approximate
F(T,z[k],ulk]) using large volumes of labeled data i.e.
(T, z[k], u[k]) pairs, making them cumbersome. Additionally,
the knowledge of the nominal dynamics fn(z(t),u(t)) is
not put to use in these approaches. PINNs, on the other
hand, tend to incorporate the knowledge of fy(z(t),u(t)) in
approximating F' (T, x[k], u[k]) making them data efficient.

To model system uncertainties, a physics loss &, is com-
puted. The expression for &, V (x[i], u[i]) € P is given as:

1S o
5p:ﬁp;||q’(Tvx[l],U[2];W)
— (fn(@li], ulid]) + fp(zld], uli]))]]? (2)

where P represents the physics loss dataset which is obtained
by considering f,,(x(t), u(t)) as an additive parametric uncer-
tainty which can be sampled from standard distributions, such
as a normal distribution parametrized by A (u, o), pv and o be-
ing the mean and standard deviations, respectively. NV, repre-
sents the size of the dataset P and the term & (T, 2], u[i]; w)
is the numerical derivative of the neural network which can
be obtained by using the readily available autograd function.
The modeling inaccuracies are typically accounted for by
using a real-data loss term &, V (z[j], u[j], y[j]) € D which

is defined as:
& =~ D IIB(T alj] uljlw) -

T ]:1

ylil? 3)

where D represents the real-time dataset which is obtained by
conducting real-time experiments on the dynamical system.
Typically, a Proportional-Integral-Derivative (PID) controller
is used to stabilize the nonlinear system to conduct these
experiments and the data from these trails is recorded in the
dataset D. The output of the actual system for the control
effort u[j] and state feed-back z[j] is represented by y[j] and
the size of the real-time dataset is given by N,. The total
composite loss for the PINN is given as &, + &, which will
be used alongside the back-propagation algorithm to train the
network and obtain suitable values for the weight matrix w.
In summary, a PINN is a powerful approach that combines
neural network learning with physics-based constraints to
improve predictions, especially in scenarios where traditional
data-driven methods face challenges. PINNs excel in preserv-
ing the nonlinear nature of the modelled system, offering
advantages such as the ability to build upon a nominal model.
This unique capability allows the model to handle parametric
uncertainty and modeling inaccuracies through distinct loss
functions, denoted as &, and &;.. The resulting function approx-
imator not only demonstrates accuracy in extrapolation but
also requires significantly less data compared to conventional
data-driven approaches. Section VII of the paper will thor-
oughly exploring these advantages and presenting the findings.

III. MATHEMATICAL MODELING
A. Nominal Model
This paper employs the idea presented in [30] to derive the
nominal model for augmented dynamics visual servoing of a

6DoF multi-rotor. The state space representation of the multi-
rotor model is depicted below [31], [32]:
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where [z, y, 2] € R3 and [p, 0, ] € R® represent

the position, altitude, roll, pitch and yaw of the multi-rotor,
satisfying the conditions —5 < ¢ < 5, =5 < 0 < 3
and —7 < ¢ < m. The terms [ug, u,, u,] € R* and
[ug, ug, uy] represent the auxiliary control efforts and the
main control effort in the outer loop and the inner loop of
the multi-rotor, respectively. The terms g € R*, m € R™T,
Jy, € RT, J, € RT and J, € RY represent the acceleration
due to gravity, mass of the multi-rotor and the inertia in the
x, y and z directions, respectively. The terms aq, ao and as
are defined as a; = J"/J_sz, as = JzJ—me and ag = %
The terms 17, € R® = [z y 2] and m; € R® = [¢ 0 o]
represent the outer and inner loop state variables, while
f,ceR3*=1[00 —g] f; € R? = [a10¢) asipo a3q§9]
R3*3 = diag[L %], and J; € R¥*® = diag[+ - i]
represent the nonhnear dynamlcs of the multi-rotor. Ad(ﬁtlon-
ally, i, € R? = [uy uy, u;])7 and §; € R3 = [ug ugp uy]?
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denote the auxiliary control effort in the outer loop and
the actual control efforts of the inner loop of the multi-
rotor. Furthermore, D, € R? and D; € R? represent the
bounded disturbance in the outer loop and inner loop state
variables, respectively. The relationship between the actual
thrust input (ur) of the outer loop and the auxiliary control
efforts ([ug, uy, u.]) and the desired values of the inner
loop state variables (¢% and 6%) can be obtained using the
relationships provided in [9].

To obtain the augmented dynamical multi-rotor model it is
necessary to establish a relationship between pixel variations
and the multi-rotor’s state variables. To do so, consider the
relationship between the motion of *n’ points of interest (POIs)
in the camera plane and their velocities in the 3D plane:

P=AV ®)

where # € R?" represents the velocity of the ’n’ POIs,
VeR =v w]T with v € R? and w € R3 repre-
senting the 3D linear and angular velocities of each POI in
r = [u; v1 ug v2 - U, vy]T. The matrix A € R27*6
represents the stacked camera interaction matrix for 'n’ POIs
which is defined as shown:

U
—f v2
0 owhowr (FeF) o o
2
sLo0 g me (f1%) w
_ —f v
A=lowf ey (FeF) e
—f 0 Uy Up Uy _ (f _|_ ﬁ)
P.. P.. 7 7 Un
O 7f _Un f _|_ ﬁ __UnVn —Uu
L P.n Paon f f 77,_

where f € R represents the focal length, u;, v; and P,
represents the pixel address and the depth of the it" POI,
respectively. Since pixel accelerations will be needed for the
augmented dynamical model (5) needs to be differentiated with
respect to time as follows:

VTAV

VIiz v 1

VIAV| (DS
fF—AA4 | VIE2V| LT 6)

vra,v| LPr

V7=,V |

where A € R% = [a a]T with a € R3, a € R? representing
the 3D linear and angular accelerations of the POIs, respec-
tively and A; € R5%6 and Z; € R%*6 are expressed as in
(7) and Di € R? represents the bounded image disturbance
vector associated with the 7*" POL

To obtain the augmented dynamical model, the outer loop
dynamics of (4) and (6) can be combined as follows:

1, = fo + Joti, + D, (8)

Since pixel acceleration in (6) is for 2D pixel values and the
outer loop dynamics of the multi-rotor has three variables, the
relationship between them will have to be obtained by splitting
the outer loop dynamics into two subsections as shown:

ﬁdep _ fdep Jdep 0 adep Ddep
I SR i R e
where the subscripts dep and pos represent the depth and the
position subsystem, respectively. For instance, if the camera
setup is as depicted in Fig. 1, the dep parameter would align
with the z-axis of the multi-rotor and the components of
MNpos € R? would align with the = and y of the multi-rotor.
The augmented dynamical model can be obtained using the
pos subsystem alongside (6). To relate the variables of (6) with
that of (9) a rotation matrix RUAY € R?*2 is considered that
relates the multi-rotor’s body frame and the camera frame. The
product RYAY %), R? and RUAY 4, € R? are related to V

cam cam

and A as:

000 o0
00 0 o

V = [REY iy

cam

A = [RE5 o

(10)

Substituting (10) in (6) and eliminating the zero columns:

[VTAVT
UAV = vVTi=z v
Rcam npos \_/TAl\_/' D%
0 Visiy| D
P=A 0 + | VIEV L (11)
0 : 5n
0 VTA,Y Dy
_VTEnV_
For ease of representation, (11) can be rewritten as:
i= Faug + Jaugﬁpos + Daug (12)

where Fouy € R?", J,, € R?™%2 and Dy, € R
(transformed bounded disturbance vector) are functions of r,
¥, 7,05 and 7),,,. From (9) and (12), the overall outer loop

dynamics are given as:
|:ﬁdep:| _ |:fdep:| |:Jdep 02n><1:| |:udep:| |:Ddep:|
| = + _ +
r Faug 0 Jaug Upos Daug
Therefore, the outer loop control is now split into two
subsystems: the depth subsystem and the augmented dynamics
position subsystem. The state of the multi-rotor in each of
these subsystems is influenced by the camera’s orientation in
relation to the multi-rotor. The complete state model for the
augmented dynamics visual servoing of a multi-rotor is:

ﬁdep fdep Jdep ﬂde]r) Ddep
r = Fgug + J(Lug 1_117()5 + Daug
—— ——
T ADVS fN —ADVs (Mdep TN, Udep Upos, i) Dapbvs
= "apvs = faDvs (nde;m T, 1, Udeps Upos, ﬁi) (14)

where M,pys € RAT8 represents the overall states of
the augmented dynamics model, fy_apys € R*"*8 repre-
sents the nominal model for the augmented dynamics and
Dapvs € R**8 represents the merged disturbance term.
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The merged disturbance term can encompass system un-
certainties, image noises as well as modeling inaccuracies.
fapvs (Ndep, T, M, Udep, Upos, W) € R4"+8 represents the com-
plete nonlinear model of the augmented dynamics visual
servoing approach.

The equation 1) spys = fv—ADVS (Mdep, T, M Udep, Upos, Ti)+

Dapvs is obtained by converting each of the
second order differential equation into two first
order differential equations. For future sections of
this work fx—apvs (Ndep, T, M3, Udep, Upos, Ui) and

£apvs (Mdep, T, M5, Udep, Upos, ;)  will be referred to as
fnv_apvs and fapys which are continuous-time functions
representing the nominal and the total dynamics of the
system, respectively. As explained in the preceding section of
this work, the nonlinear dynamical differential equation (14)
can be solved as an initial value problem as the values of the
state variables 7)q¢p, r and 17; at ¢ = 0 is known. The solution
of (14), for a sampling time-interval of 7, is:

t=k+1 t=T
/ dNapvs = /
t=k t=0

= Napvslk + 1] = Napyslk] +/ .
t=

= Napvs|k + 1] = Fapvs (T, napysk], G[k])
= Napvslk + 1] = Fapvs(T} k)

fapvsdt

=T
fapvsdt

5)

where mapys(k] = [nacplk] Tkl mi[M]] and alk]
[Ggep|k] Tpos[k] T;[k]]. The following section of this work
describes the development of a PINN structure that can be
used to accurately approximate the function Fapys using the
nominal dynamics fy_apys and additional datasets to capture
system uncertainties and modeling inaccuracies.

Remark 1: The transformed bounded disturbance vector i.e.

Dg.g combines the system disturbance Dy, and the bounded

Fig. 1: Multi-rotor and camera setup.

image noise D! for each POI being tracked. This merger
facilitates in designing of a single controller to tackle both.

B. System Uncertainties and Modeling Inaccuracies

To approximate the system uncertainties and modeling
inaccuracies consider a fully connected neural network
P apvs(T, ks w) = Papvs(T, napys k], G[k]; w) to approx-
imate the function Fapys(7, k). System uncertainties are
estimated using the physics loss term which is modelled as an
additive parametric uncertainty and encompasses uncertainties
in the camera parameters as well as multi-rotor’s mass and
inertia terms. Such deviations can be sampled from standard
distributions, such as a normal distribution parametrized by
N(u,0), p and o being the mean and standard deviations,
respectively. Since this additive term is included alongside the
nominal dynamics, the physics loss £, V (napys[i], @[i]) € P
of the PINN is obtained as follows:

N,
1 <& .
E = Fp ; ||®apvs(T,4;w) — (fnv—aDvs + fp—ADvs)H2

(16)
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where f,_apys is the additive parametric uncertainty function
which is sampled from a standard normal distribution, P
represents the physics loss dataset and [V, represents the size
of the physics loss dataset. The function fx_apvs +f,—Apvs is
computed at every i" time sample by substituting the values
of T ADVS [2], ﬁ[Z} in foADVS and fpfADVS-

Modeling inaccuracies can arise due to external environ-
mental conditions, such as wind, as well as nonlinear terms
corresponding to the system’s unmodeled internal dynamics,
such as frictional effects due to the rotor’s inertia and the
elasticity of the propellers. These effects are typically tough to
model into the multi-rotor dynamics and can only be captured
by performing real-time tests on the system. To facilitate the
addition of such effects, a non-parametric function f,._ spys has
to be added to the existing nominal dynamics fy_apys and
the parametric uncertainty term f,_apvs. Hence, the function
fapvs = fn_apvs + fp—apvs + fr_apvs. Including the non-
parametric function into the system dynamics, (15) is re-
written as:

t=k+1 t=T
/ dNapys = / fapvsdt
t=k t=0

t=T

nmw%+ﬂ=nmww+/‘ (fn—apvs + f—apvs)dt
=0

+ f._apvs = Fapvs,.. (T, k) (17)

where the expression Fapys,.(T,k) = Napyslk] +

t=T
+—o (En—apvs + f,_apvs)dt + £ _apvs now represents the

true real-time dynamics of the system under considera-
tion, inclusive of the nominal model, physics-loss function
and the real data loss function. Since the objective of the
PINN is to approximate napys(k + 1] = Fapvs,.,. (T,k) to
Napvslk + 1] = Papys(T, k;w) the real data loss func-
tion will have to be approximated using the loss function
E- Y (Mapvslil, lj], ¥1j]) € D which is defined as:

N.
1 o _ -
& = A Z | @ apvs (T j; W) — Fapvs,.. (T, 7)|

Jj=1

N,
1 & ) .

= FZ 1@ apvs (T, j; w) — y[i]l?
TJ:1

(18)

where D represents the real-time dataset and N, represents
the size of D and y[j] = Fapvs,,. (7, J) represents the output
state vector of the system obtained by conducting real-time
experiments for gathering D.

The experimental section of this paper explains details
on the method used to collect the datasets P and D. The
cumulative loss function that is used to train the PINN is
obtained by considering &7 = &, + &,. The weight matrix w
is obtained using the back-propagation algorithm and is tuned
to minimize E7. Once fully trained the PINN F spys (7, k) can
be used as a replacement for ®pys(7, k; w) and the overall
system transforms into a physics-aware augmented dynamical
model that can be used for visual servoing applications. The
discrete-time representation of this trained PINN model is:

Napys [k + 1] = @apvs (T, k; w) (19)

where QADVS (T, k; W) = (I>ADVS (T7 T ADVS []{3]7 l_l[k’}; W) The
following section of this work presents the control framework
that facilitates the implementation of the physics-aware aug-
mented dynamics visual servoing approach on a multi-rotor.

IV. CONTROL DESIGN
A. Monotonically Weighted NMPC

To effectively control the physics-aware augmented dynam-
ics visual servoing model derived in (19), it is necessary to
employ a discrete-time controller that not only guarantees
system stability but also ensures adherence to prescribed input
and state constraints. The inclusion of an input constraint in
the control design helps prevent issues related to actuator sat-
uration, while the state constraints assist in avoiding problems
such as target loss, as the term associated with image pixels,
denoted as r, is one of the states present in 1,pys.

An approach frequently employed is the development of a
nonlinear model predictive controller (NMPC) that considers
these constraints, ensuring both effective tracking performance
and system stability. However, conventional NMPC formula-
tions often require significant computational resources, making
them impractical for implementation on systems with limited
on-board computation capabilities, such as multi-rotors. The
computational burden is further exacerbated when incorpo-
rating terminal constraints into the NMPC formulation to
guarantee stability.

An effective method to solve this issue is to use a monoton-
ically weighted NMPC in which the cost function is modified
such that each term in the cost function is associated with
an increasing weight [33]. The computational burden of im-
plementing the monotonically increasingly weighted NMPC is
reduced as the formulation eliminates the use of terminal con-
straints. The cost function for the monotonically increasingly
weighted NMPC formulation for the dynamical model (19) is
given as:

T i m
Tononslialk) =3 () Ulnovsli + 1
i=1
— Napvs|k + ZH‘QQ +[lafk +i]|I%)  (20)
where U[k] = [Ugep|k] Tpos[k] T;[K]], m € N is an integer,
N4pys[k] is the desired value of the system states 7,pys/k]
at the k' time sample, |[napysile = \/MApyvsQMapvs and
[i|lr = VaTRa with Q € RUn+8)x(4n+8) apnd R € R6*6
are positive definite matrices used to compute the weighted

norm.
The NMPC formulation can now be derived as:

min J(napys k], G[k])

G[k]
Napys [k + 1] = ®apvs(T, k; w)
X
Subject to : v 7_7ADVS [k] € 1)
VakleUu

Vi=1,2,---,T

where X and U represent the state and the input constraints,
respectively. The idea is to evaluate an optimal value of the



IEEE TRANSACTIONS ON CYBERNETICS

control effort i[k] at the k*" instance that will minimize the
cost function J(npys|k], G[k]). Typically, this control effort
is denoted as @i*[k] and the optimal cost at the k" instance
is represented as J*(n,pys[k], @*[k]). the above optimization
problem can be solved using nonlinear programming tech-
niques such as interior point-optimization (IP-OPT) which are
readily available in open-source solvers [34].
Assumptions: The following assumptions are made:
1) There exists a value of @[k] € U for which
@ apvs(T, ks w) € X'V npys[k] € X.
2) X and U are closed and bounded sets containing the
origin in its interior.
3) The PINN is trained such that @apys(7T, k;w) = 0
when @[k] = 0 and n,pys[k] = O simultaneously.

B. Adaptive Horizon for Monotonically Weighted NMPC

While monotonically weighted NMPC is beneficial in cir-
cumventing stringent terminal constraints, it necessitates a
sufficiently long prediction horizon to maintain stability when
the states are far from the equilibrium point. Moreover, this
method relies on prior knowledge of an appropriate prediction
horizon for stabilizing the system. In the following formu-
lation, we present an approach that adjusts the prediction
horizon based on specific requirements. By reducing the length
of the prediction horizon, the computation time for solving
the optimization problem can be decreased. To achieve this
mechanism consider J*(npys(k], 0*[k]) and J*(napvslk —
1],@*[k — 1]) which are the optimal costs obtained at the
k" and (k — 1)'" instances. At the k'" instance, consider
computing a contraction factor s as:

J*(Mapvslk — 1], [k — 1)) — J*(napvs[k], 0" [k])
J*(Napys[k — 1], 0% [k — 1])

Hf:

(22)
The factor ~ indicates the extent to which the current cost
has contracted/expanded with respect to the previous cost. A

positive value of x; indicates a contraction in cost where as
a negative sy represents an expansion in the optimal cost.
Typically, the prediction horizon length 7" is to be designed
such that ¢ is bounded within (Kymin, Kmas) Where the values
of Kpin and Kpq, are determined heuristically by simulating
the model (19) alongside the proposed NMPC in (21). The
adaptive horizon logic is used to determine the value of 7" at
each time sample k£ + 1 which is defined as follows:

Ty if Kpin < Kf < KBmax
Tk—].if/ﬁif>l<cmaz & T > Thin
Tk+1ifﬁf<,‘€min & T < Thaz

Tt = (23)

where T}, and T}, represent the values of T at the (k + 1)*"
and k'™ time samples, respectively. Ty, and T),,, denote
the minimum and maximum acceptable prediction horizon
lengths, ensuring feasibility. The stated condition must be
satisfied for all time samples where k > 2.

Remark 2: The horizon adaptation, as outlined in (23),
is executed at the conclusion of each time instance k (after
solving the NMPC formulation for that particular time instant)
to determine the value of 7" for the subsequent time interval.
In summary, the initial value of 7" at £k = 1 is arbitrarily
assumed and remains unchanged for £ = 2. This fixed value
is utilized to derive the quantities J*(napys[1],dl1]) and
J* (M apvs[2], @l2]) for the respective time instances, which are
then employed to calculate the contraction factor at k = 2
using (22). Subsequently, this computed value is used to
determine the expression for 7" at £k = 3 and so forth.

C. Stability Analysis

Theorem: Assuming the physics-aware augmented dynam-
ics visual servoing model for the multi-rotor, as presented in
(19), is subject to input constraints ¢/ and state constraints
X, the monotonically weighted NMPC formulation outlined
in (21), along with the horizon adaptation rule obtained in

7
ADVS
d — R |
Jaapvslkl alkD) = (;) mapyslk+ il = mapyslk + il 1[5 + | 18lk+ i) | ;)
i=1 -
nApvslk + 11 = @apys(T k; W) u CONTROL ACTION, UAV CAMERA
; v Hex g
min J(ADySIK).BlK]) - Subjected o' V:_’l‘[‘lg":[w] s
Yi=12,-,T ¢ o
- / C
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A 4 v v
r REAL DATA LOSS P A "o 9
FROM {#apys, U} € D U‘ /Ak‘\’l{{&k\\’l{{.
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Fig. 2: Overall implementation block diagram.
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(23), will asymptotically drive the system states to the origin.
This holds true for all values of 1,pyg that originate within
X, given that Assumptions 1, 2, and 3 are fulfilled.

Proof: To establish the stability of the aforementioned
controller, we investigate the convergence of the control effort
under three major cases, namely: Increasing horizon (T} =
T + 1), Unchanged horizon (Ty4; = T}), and Decreasing
horizon (T)4+1 = T} — 1). The proof for the three cases can
be found in the supplementary material attached to this paper.

V. IMPLEMENTATION METHODOLOGY
A. Physics Loss and Real-time Datasets

As mentioned in the preceding sections of this work the
physics loss dataset is sampled from a normal distribution A/
For the tests conducted in this work the physics loss dataset
P was sampled from a zero mean normal distribution and
a unit constant standard deviation. The real-time dataset is
obtained by conducting autonomous landing tasks partly in
the ROS based simulator Gazebo and partly in the real-time
test scenario which is depicted in the following section of
this work. A conventional PID controller is implemented on
the nominal dynamics fy.apys When conducting the landing
trials and 50% of the dataset D is populated using the data
obtained from Gazebo and the rest from the real-time test
scenarios. The physics engine in the Gazebo test environment
helps in injecting the multi-rotor model with a Gaussian noise
defined by A(0,1) and a polynomial aerodynamic drag force
to simulate a real-time test scenario. Furthermore, the plat-
form supports addition of propeller elasticity and asymmetric
propeller voltages which were considered when preparing the
dataset D. To account for uncertainties and inaccuracies in the
camera parameters, trials were conducted with un-calibrated
and partially calibrated camera matrices in Gazebo as well as
real-time test scenarios. These outputs are also amalgamated
into the dataset D. A total of 3000 data points are gathered for
P and 6000 data points are gathered for D with 3000 points
coming from Gazebo and 3000 points from real-time flights.

B. Overall Implementation of PINN and NMPC

The overall system implementation is depicted in Fig. 2.
The PINN is trained in an off-line mode with S; turned ON
and C; OFF. the trained PINN is then deployed to support
the NMPC formulation presented earlier for real-time flight
by turning C; ON and S; OFF. The training of the PINN
is based on batch update policy using the memory-efficient
quasi-newton L-BFGS optimizer [35].

VI. EXPERIMENTAL RESULTS
A. Hardware Description

The effectiveness of the proposed approach is verified
through experiments conducted on a quadrotor system, shown
in Fig. 3. This quadrotor is assembled using a DJI F450 frame
and incorporates a carbon fibre landing gear to improve shock
absorption during landings. The flight controller firmware is
run on a Pixhawk 6X flight controller and the application layer
runs on a NVIDIA Jetson Nano board. For visual perception,

the quadrotor is equipped with a Logitech BRIO 500 camera
facing downwards, boasting a 4K ultra-high-definition sensor,
ensuring clear and sharp image capture even under low-light
conditions. Moreover, to enhance depth estimation, a LiDAR
sensor is employed in conjunction with the downward-facing
camera, operating within the same reference frame.

i‘Webcam

Fig. 3: Hardware setup.

[ Parameters | Value [ Parameters | Value |
m 1.5 kg g 9.8 m/sec?
Jx 0.0150 kg.m? Jy 0.00150 kg.m?
J. 0.0300 kg.m? f 27 mm

TABLE I: Hardware parameters.

Table I provides the essential parameters of the quadrotor
and camera setup employed in this work. For the NMPC, a
prediction horizon of 1 second and a publishing frequency of 1
kHz are chosen, enabling the controller to be deployed on the
actual Pixhawk based hardware. The outer-loop of the Pixhawk
hardware operates at 50 Hz, while the inner attitude loop
functions at 250 Hz. NMPC implementation on the Pixhawk
flight controller is performed using the logic presented in [36].
The number of POIs to be tracked is determined as n = 4,
leading to the selection of positive definite diagonal matrices
Q € R?*%2% and R € RY*6 for the cost function and the
value of m is set to 3. To evaluate the effectiveness of the
proposed PINN framework, it is compared to two state-of-
the-art KNODE-MPC [25] techniques.

B. Target Tracking Performance

The proposed approach’s efficacy is assessed through a
moving target tracking task. For this task, an automatic ground
vehicle (AGV) affixed with an ArUco marker is utilized to
aid in target tracking. The AGV is programmed to follow a
lemniscate trajectory with a radius of 1m and a constant speed
of 0.5m/sec. The quadrotor’s objective is to track the AGV
while maintaining a visual contact with the AGV at an altitude
of 4m. The PINN is trained with 2000 samples of physics loss
data and 2000 samples of real-time data to complete this task.
Fig. 4 represents the 3D tracking trajectory of the quadrotor
and the associated motion in the AGV. Similar experimental
trails are performed for the analysis presented in the following
sections of this work.

C. Effect of Data-skewness on PINN

The quadrotor’s tracking performance is significantly af-
fected by the accuracy of the PINN, which approximates the
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Fig. 4: 3D trajectory of quadrotor (in orange) tracking the
AGYV (in green) using proposed PINN approach.

augmented dynamical model. Therefore, it is crucial to assess
the PINN’s performance by adjusting the dataset used during
training. A valuable metric for evaluating this characteristic is
referred to as data-skewness, denoted by € = %; This ratio
represents the proportion of real-time data points used to train
the PINN compared to the physics loss data points.

A nil data-skewness corresponds to € = 1, indicating an
equal number of real-time data points and physics loss data
points used for training. In contrast, a high data-skewness
of € = % indicates that the real-time data points are fewer
compared to the physics loss data points. Consequently, a
high data-skewness may lead to the PINN inaccurately captur-
ing modeling inaccuracies, resulting in larger tracking errors
during real-time experiments. To analyze the effect of data-
skewness on the proposed PINN, the value of ¢ is varied
between 1 to 3% following a geometric progression of common
ratio % The precision of the PINN for each value of the
data-skewness is measured using the percentage tracking error
which is evaluated using the percentage Dynamic Time Warp-
ing (%DTW) algorithm [37]. These trials are conducted for
tracking the previously mentioned lemniscate trajectory and
the performance of the proposed PINN approach is evaluated
with the KNODE-MPC [25].

[ Skewness (¢) | Proposed [ KNODE-MPC [25] |

1/32 110.39 121.45
1/16 103.28 106.28
1/8 70.32 80.32
1/4 58.56 66.78
12 38.22 43.19
1/1 10.28 21.88

TABLE II: Effect of data-skewness between KNODE-MPC
[25] and proposed PINN approach based on %DTW.

Table II displays the %DTW comparison between the
proposed approach and KNODE-MPC [25] when tracking a
lemniscate with a radius of 1m. The PINN is trained using
a total dataset size of IV, + N, = 4000. The values in the
table represent the relative %DTW errors, normalized with
respect to the nominal value achieved during the tracking
task while using a conventional PID controller to control only
the nominal dynamics. As discussed earlier, it is evident that
the %DTW errors are higher under a high data-skewness
condition of € = % compared to the nil data-skewness
condition of € = 1. This observation indicates that the PINN

struggles to accurately capture the model, underscoring the
importance of employing equally balanced datasets for PINN
training. Moreover, the proposed approach demonstrates a
greater reduction in %DTW errors compared to the KNODE-
MPC [25] approach. Specifically, for a data-skewness of € = 1,
the proposed approach achieves an error reduction of 53.23%.

Further, extending the analysis discussed earlier, we assess
the training time for both the KNODE-MPC [25] and the
proposed approach under different levels of data-skewness
(). The training durations for the proposed approach and
KNODE-MPC [25] are detailed in Table III and are measured
in seconds. It is crucial to highlight that these comparisons
are performed using training data gathered for tracking a
lemniscate trajectory and are executed on a ground station
computer featuring an Intel Iris XE graphics card.

[ Skewness (¢) | Proposed [ KNODE-MPC [25] |

1/32 268 397
1/16 426 680
1/8 551 1008
1/4 724 1249
172 908 1832
1/1 1193 2633

TABLE III: Comparing the effect of data-skewness on train-
ing time (sec) between KNODE-MPC [25] and proposed
approach.

From the entries in Table III, it can be observed that with an
increase in the data-skewness, the training time required for
convergence for both approaches increases. For the proposed
approach, this increase is about 35.3% with a 100% increase in
the data-skewness factor, and about 48.76% with the KNODE-
MPC [25]. Additionally, the average training time difference
between the two approaches increases from 48% for a data-
skewness of 3—12 to 120.7% for a data-skewness of 1. This is due
to the fact that an increase in data-skewness implies that there
is an increase in the number of data points depicting modeling
inaccuracies obtained from the dataset D, which consequently
introduces data points that can only be fit using approximators
with physics-based constraints such as the proposed approach.

[ Trajectory [ Circle | Cardioid | Lemniscate |
GP MPC [26] 78 83.24 92.79
KNODE MPC [25] 53.63 72.18 80.65
Proposed 45.13 46.87 50.22

TABLE 1IV: %DTW errors for GP MPC [26], KNODE MPC
[25] and proposed PINN approach.

D. Uncertainty in Camera Parameters

Since camera uncertainties are modelled as a part of the
physics loss dataset, the PINN is able to maintain an efficient
tracking performance alongside the monotonically weighted
NMPC approach, provided the data-skewness is maintained
close to nil i.e. € = 1. To analyze this phenomena, the tracking
task is repeated using a camera with an uncertainty of 70.38%
in its intrinsic parameters. Three trajectories are executed using
the AGV for this trial, namely: a lemniscate, a circle and a
cardioid with a radius of 2m and the quadrotor maintaining its
altitude at 4m. The AGV moves at a speed of 0.5m/sec for each
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trajectory. The effectiveness of the proposed PINN approach is
compared with the existing KNODE-MPC [25] and GP-MPC
[26] approaches and the %DTW errors are shown in Table IV.

Table IV presents %DTW values that have been normalized
with respect to the tracking performance of a monotonically
weighted NMPC applied to the nominal dynamics. Generally,
when tracking a lemniscate trajectory compared to circular
or cardioid trajectories, the errors are higher. This difference
is attributed to the lemniscate’s increased complexity, which
places higher demands on motor control, particularly neces-
sitating increased yawing to compensate for environmental
disturbances. However, it is important to note that the proposed
approach achieves a lower %DTW when tracking trajectories
compared to existing approaches, despite the presence of
uncertainties in the camera parameters.

E. AGV speed and radius variations on tracking performance

To further assess the effectiveness of the proposed approach,
the tracking task is repeated for various AGV speeds and
radii, and the resulting %DTW errors normalized to the
nominal MPC are illustrated using heatmaps depicted in Fig. 5.
Comparing the %DTW errors normalized in the heatmaps, the

10

proposed approach consistently exhibits superior performance
compared to the KNODE-MPC [25] and GP-MPC [26]. It is
observed that the %DTW values are higher when tracking the
lemniscate trajectory in comparison to tracking the cardioid
and circle trajectories, for all three cases. Across speeds
ranging from 0.5m/sec to 1.5m/sec, the proposed approach
outperforms both KNODE-MPC and GP-MPC. The average
%DTW error values for all three algorithms and trajectories
are summarized in Table V.

[ Trajectory | Circle | Cardioid | Lemniscate |
GP MPC [26] 74.05 83.7 88.65
KNODE MPC [25] 48.7 64.15 73.7
Proposed 41.6 46.45 46

TABLE V: Average %DTW errors for GP MPC [26], KNODE
MPC [25] and proposed approach when tracking different
trajectories for AGV speed variations between 0.5m/sec to
1.5m/sec and radius variations between 1m to 2.5m.

FE. Comparison with data-driven approaches

In this section, a comparison is presented between the
proposed approach and an existing data-driven method. Specif-

Proposed PINN KNODE-MPC GP-MPC
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(a) Circle tracking.
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(c) Lemniscate tracking.

Fig. 5: Heatmap of %DTW between KNODE-MPC [25], GP-MPC [26] and Proposed PINN approach when tracking a circle,

cardioid and lemniscate trajectory at varying speeds and radius.
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ically, the study evaluates the data-driven approach outlined in
[24] for this comparative analysis. The results are presented
in two sets, illustrating the effectiveness of the proposed ap-
proach in comparison to [24]. The first set includes heatmaps
depicting the %DTW of both approaches when tracking a
circle, lemniscate, and a cardioid. It is important to note
that the number of data points considered for training in
both approaches remains constant, i.e., N, + N, = 4000.
Furthermore, the results are presented with a data-skewness of
1 for both networks, as it has been observed that the PINN’s
lowest accuracy occurs when € = 1.

Proposed PINN Data-Driven Approach
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(b) Cardioid tracking.
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(c) Lemniscate tracking.

Fig. 6: Heatmap of %DTW between a data-driven approach
[24] and the Proposed approach when tracking a circle, lem-
niscate and cardioid trajectory at varying speeds and radius.

In Fig. 6, the %DTW results are presented for both the
proposed approach and the data-driven method outlined in
[24]. The training involved 4000 data points, with 2000
sourced from the physics loss dataset and the remaining 2000
from the real-time dataset. Similar to previous procedures, the
%DTW errors in the heatmap are normalized to the nominal
MPC in both cases, assuming an uncertainty of 70.98% in the
intrinsic parameters of the camera during the tracking of the
moving AGV. It is evident from the results that the proposed
approach consistently outperforms the data-driven approach
[24] in tracking the three trajectories, as indicated by the lower
%DTW values. This superiority can be attributed to the en-
hanced function approximation capability of PINNs compared
to comprehensive data-driven approaches when dealing with

a limited number of data points.

This does not necessarily imply that data-driven approaches
lack proficiency in function approximation. In situations where
the number of training data points is increased, the data-driven
approach [24] possesses the capability to achieve performance
comparable to that of the proposed approach. To illustrate this
point, the second set of results are presented, wherein the
dataset size used to train the data-driven approach is increased
to obtain an equivalent %DTW as that of the proposed
approach. The paper introduces this result to showcase the
percentage increase in dataset size required for a complete
data-driven approach to be equally accurate as the proposed
approach in tracking targets. It is important to note that the
data-skewness is maintained at 1 for this analysis, and the
accuracy of the proposed approach is assumed to remain
unchanged, serving as a benchmark for comparison with [24].

Fig. 7 presents heatmaps illustrating the fraction /C, indicat-
ing the percentage increase in data points needed to ensure that
the data-driven approach outlined in [24] can achieve a %DTW
comparable to the proposed method. This comparison extends
beyond trajectory contour analysis to encompass the speed
of the AGV. Notably, tracking a circular trajectory demands
a significantly lower data increment factor than a lemniscate
trajectory. On average, attaining a %DTW equivalent to the
proposed approach requires an increment of 65% for a circular
trajectory, 126.25% for a lemniscate trajectory and 101.25%
for a cardioid trajectory. In each scenario, it is evident that
the factor K > 50%, indicating that the data-driven approach
necessitates a larger dataset to approximate the system dy-
namics compared to the proposed approach. This not only
extends the training time for the network prior to deployment
but also increases the storage space needed for enhancing the
approximated system dynamics.

This phenomenon can be explained by the inherent nature of
the PINN, which exhibit a propensity to fit data onto a nominal
model. This characteristic contributes to a more effective
approximation of system dynamics compared to complete
data-driven approaches. The latter often involve fitting given
datasets onto a set of arbitrary nonlinear equations that closely
mimic the system dynamics only within the range where the
training data was collected. In essence, data-driven approaches
prove to be less adept at extrapolations, particularly in sce-
narios characterized by uncertain parameters and modeling
inaccuracies.

G. Feasibility of Real-time Implementation

This subsection aims to validate the feasibility of integrating
the proposed physics-aware model with the monotonically
weighted NMPC strategy for real-time experiments. Specif-
ically, the proposed approach is compared to existing state-
of-the-art MPC strategies, namely the Tube MPC [27] and
the Adaptive MPC [28], both proven to be effective for real-
time implementation in problems similar to the one considered
in this work. The experiments are conducted on a NVIDIA
Jetson Nano companion computer, equipped with a 128-core
Maxwell GPU, making it well-suited for real-time assess-
ments. Table VI illustrates the latency comparison between the
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Fig. 7: Heatmap depicting the percentage /C increase in data necessary for the data-driven approach in [24] to achieve

performance parity with the proposed approach.

proposed approach and the approaches presented in [27] and
[28], providing measurements in seconds for a single forward-
pass calculation. It is important to note that these comparisons
are performed while tracking a lemniscate trajectory of 2.5m
at an AGV speed of 1.5m/sec. Additionally, the Tube MPC
and the Adaptive MPC are tuned, and constraints are adjusted
to achieve nearly equivalent %DTW as that of the proposed
approach for the similar tracking scenario.

Examining the entries in Table VI, it is evident that the
time required for completing a single forward-pass is nearly 10
times lower when utilizing the proposed algorithm compared
to the algorithms presented in [27] and [28]. This can be
attributed to the following reasons:

e The Tube MPC [27] is a conventional robust Model
Predictive Control method that depends on a nominal
dynamics model and imposes conservative bounds on dis-
turbances affecting the state variables. While this strategy
ensures stable behavior even in worst-case scenarios, it
achieves this by introducing additional constraints to the
optimization problem. As a result of this approach, the
computation time required for a single forward-pass is
significantly higher compared to the proposed approach.

e The Adaptive MPC [28] approach employs control
parameter adaptation to emulate the reference model,
thereby ensuring robustness against parametric uncertain-
ties. However, these methods are limited in their ability to
address modeling inaccuracies. To address this limitation,
modeling inaccuracies must be incorporated into the MPC
formulation as a disturbance constraint. This addition, in
turn, increases the time required for a single forward-pass
to achieve a similar %DTW as the proposed approach.

[ Algorithm [ Mean [ Median |
Tube MPC [27] 9.53 x 10=3 [ 9.19 x 10~3
Adaptive MPC [28] | 3.34 x 1073 | 3.05 x 103
Proposed 6.37 x 1074 | 3.15 x 10~4

TABLE VI: Latency comparison between the proposed ap-
proach, [27] and [28] method for a single forward-pass.

Despite the mentioned limitations, both the Tube MPC and
the Adaptive MPC have found widespread application in real-
time implementations in the past. In contrast, the proposed

approach offers two significant advantages over these methods.
Firstly, the monotonically weighted NMPC with its adaptive
horizon helps reduce the estimation horizon for each pass,
thereby decreasing computation time. Secondly, the PINN
in the proposed approach effectively approximates both the
modeling inaccuracies and the parametric uncertainties of the
system, eliminating the need to add these as constraints to
maintain high tracking accuracy. This further reduces the
computational burden for real-time implementation. These
advantages position the proposed approach as a suitable al-
ternative to the existing state-of-the-art methods in terms of
real-time implementability.

Remark 3: The rationale behind selecting the proposed
approach as the benchmark %DTW for comparing its perfor-
mance with the existing Tube MPC [27] and Adaptive MPC
[28] approaches stems from the observation that the %DTW
for tracking a lemniscate was found to be higher in the case of
[27] and [28] with their default gain and constraint settings. It
is important to note that these specific details are not included
in the results section due to space constraints.

H. Effect of Gazebo and Real-time experimental data on
tracking performance

In the context of the previously presented findings, a data-
skewness of € = 1 was employed, involving the use of 2000
data points from P and an additional 2000 from D for training
the PINN. The standard configuration for D consisted of 10%
of data acquired through ROS Gazebo, while the remaining
90% was obtained from real-time hardware experiments. To
illustrate the impact of increasing the influence of Gazebo on
these outcomes, the %DTW is presented in Table VII for the
proposed approach when tracking a lemniscate trajectory of
radius 2.5m with varying proportions of Gazebo and real-
time experimental data in D. Note that that the %DTW values
displayed in Table VII have been normalized to the nominal
MPC, as previously specified. The comparison parameter
employed is the ratio Ny, /Nre,,» Where Ny, represents
the number of data points derived from ROS Gazebo, and N,
denotes the data points acquired from real-time experiments.

The data entries in Table VII clearly indicate that an increase
in Gazebo data within D, relative to real-time experimental
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Nrguepo/Nrggy | 05 [ 075 [ 1 [ 125 1.5 ]

10/90 43 55 38 43 69
30/70 47 60 43 48 73
50/50 50 64 47 52 76
70/30 55 71 54 59 83
90/10 61 77 68 63 85

TABLE VII: %DTW for tracking a lemniscate of radius 2.5m
with varying values of the ratio N, /N, and AGV speed
used for training the PINN.

Gzebo Exp

data, leads to an augmentation in %DTW for the lemniscate
tracking scenario. Nevertheless, it is important to note that
the average %DTW values are approximately 51 for a speed
of 0.5m/sec, 65 for a speed of 0.75m/sec, 50 for a speed of
Im/sec, 53 for a speed of 1.25m/sec, and 77 for a speed of
1.5m/sec. These values are not significantly higher than the
baseline scenario with Ny, /Nr,, = 10/90. This can be
attributed to the fact that the PINN incorporates physics-based
constraints to model the system dynamics, making it robust
against uncertainties encountered during real-time flight tests.
Despite a reduced volume of real-time experimental data in
D, the outcomes of the tracking experiments are reasonably
satisfactory. This suggests that PINNs possess the capability to
model system dynamics with reasonable precision, even with
a moderate amount of available real-time experimental data.
Consequently, the trained network can be effectively utilized to
implement control strategies in real-time with high precision.

VII. CONCLUSION

This study introduced a novel visual servoing approach
that merges the capabilities of PINN for estimating system
uncertainties and inaccuracies with a dynamics-centered visual
servoing technique tailored for multi-rotors. This integrated
method effectively combines these strategies, eliminating the
requirement for inverse Jacobian calculations to determine
multi-rotor motion. Instead, it directly correlates pixel vari-
ations with the multi-rotor’s torque and thrust inputs. Further-
more, the method enhances robustness by utilizing PINN to
model and address uncertainties in camera and multi-rotor pa-
rameters, as well as the inherent modeling inaccuracies in the
dynamics-centered visual servoing technique. To ensure real-
time feasibility, the acquired augmented dynamical model is
integrated with a monotonically weighted NMPC framework,
facilitating trajectory tracking tasks. Subsequently, the results
are compared with the state-of-the-art literature for validation.

The results demonstrate that, for a data-skewness of 1, the
proposed approach achieves a 120% faster training speed com-
pared to [25]. Furthermore, it exhibits an average %DTW of
46.45%, 41.6%, and 46% when tracking cardioid, circle, and
lemniscate trajectories, respectively. These values are notably
lower than those achieved by the approaches presented in [25]
and [26]. Additionally, when compared with a purely data-
driven approach from [24], the proposed approach requires,
on average, a 97% increase in the number of data points to
achieve an equivalent %DTW for trajectory tracking. This
outcome is attributed to the PINN’s ability to incorporate
nominal dynamics into its approximation, enhancing accuracy
and reducing the amount of labeled data required. In terms

of real-time implementability, the proposed approach achieves
nearly 10 times lower latency than current state-of-the-art
techniques, establishing it as a viable and elegant solution for
real-time experiments.
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