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Within the past few years, civilian demand for unmanned
aircraft system (UAS), commonly referred to as drones, has
skyrocketed. Previously only used for military reconnais-
sance and later for strike programs, UAS has increasingly
been considered for a variety of civilian tasks, including
infrastructure monitoring, precision agriculture, package
delivery services, search and rescue operations, photography,
and more. Among many public and private sector agencies,
transportation agencies are in a unique position to leverage
the emerging technology, due to the nature of this profession,
the vast demand, and the great benefit in terms of reducing
accidents, mitigating congestion, and cost saving. According
to a survey by theAmericanAssociation of StateHighway and
Transportation Officials (AASHTO), 33 state departments
of transportation (DOTs) have carried out or are exploring
applications of UASs in various aspects of transportation,
including inspecting bridges, collecting traffic data, and
helping crash clear-up.

The purpose of this special issue is to publish high-quality
research papers as well as review articles addressing recent
advances onUAS and its applications in transportation. From
those submitted manuscripts, we have chosen the following
six papers to publish on this special issue:

C. Ziółkowski and J. M. Kelner proposed a solution
to address UAS vertical take-off and landing. The authors
showed the structure of an autonomous system and a
Doppler-based navigation procedure that allows for auto-
matic landing approaches. An accuracy evaluation of the

developed solution for VTOL was made on the basis of
simulation studies.

P. Chen et al. applied UAS to provide a bird’s eye view
at an urban intersection, based on which a surrogate safety
analysis was conducted on pedestrian-vehicle conflicts. The
findings demonstrated that UAS can support intersection
safety analysis in an accurate and cost-effective way.

Y. Xu et al. employed UAS flying at low-altitude in com-
bination with region-based convolutional neural network to
detect vehicles at signalized intersections. Their test results
demonstrated that this approach is robust to illumination
changes and cars’ in-plane rotation and thus can be applied
for vehicle detection from both static and moving UAV
platforms.

O. Alvear A. et al. proposed the use of UAVs equipped
with off-the-shelf sensors to perform air pollution monitor-
ing tasks. Experimental results showed that an implicit prior-
ity guides the construction of pollution maps by focusing on
areas where the pollutants’ concentration is higher. This way,
accurate maps can be constructed in a faster manner when
compared to other strategies.

U. Papa et al. reported the conceptual design of a low-
cost, electrically powered hybrid unmanned aircraft system.
Its capability of extended cruise endurance was investigated
by analyzing the design drivers affecting the craft flight
time. Experimental results in different testing scenarios and
complex environments showed 50% improvement of the
flight duration.
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O. Doukhi et al. presented the mathematical model of
a quadrotor UAV and the design of robust Self-Tuning PID
controller. The proposed controller was applied in the inner
and outer loop for heading and position trajectory tracking
control to handle the external disturbances. The results of
numerical simulation demonstrated the effectiveness of this
intelligent control strategy.

Daiheng Ni
Guizhen Yu

Sivakumar Rathinam
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This work proposes a control strategy to solve the path tracking problem of a suspended load carried by a tilt-rotor unmanned
aerial vehicle (UAV). Initially, the equations of motion for the multibodymechanical system are derived from the load’s perspective
by means of the Euler-Lagrange formulation, in which the load’s position and orientation are chosen as degrees of freedom. An
unscentedKalmanfilter (UKF) is designed for nonlinear state estimation of all the system states, assuming that available information
is provided by noisy sensors with different sampling rates that do not directly measure the load’s attitude. Furthermore, a model
predictive control (MPC) strategy is proposed for path tracking of the suspended load with stabilization of the tilt-rotor UAVwhen
parametric uncertainties and external disturbances affect the load, the rope’s length and total systemmass vary during taking-off and
landing, and the desired yaw angle changes throughout the trajectory. Finally, numerical experiments are presented to corroborate
the good performance of the proposed strategy.

1. Introduction

Firstly used mainly for military purposes, recent advances
in technology allowed large-scale production of unmanned
aerial vehicles (UAVs) and consequently their civilian usage.
Nowadays, UAVs receive great interest from engineers and
researchers and have a wide range of applications, such
as precision agriculture, cargo transportation, cinemato-
graphic filming, search-and-rescue missions, surveillance,
fire inspection, and archeology. The most commonly found
configurations of UAVs are the fixed-wing, helicopter, and
quadrotor ones. Due to the vertical take-off and landing
(VTOL) and hovering capabilities of helicopter and quadro-
tor UAVs, they are used in tasks that require high maneuver-
ability in slow velocities. Thereby, fixed-wing UAVs are used
in tasks that require improved forward flight, mostly in open
environments.

In the last decades, some hybrid aircrafts have drawn
substantial attention due to their ability to perform VTOL,

hover, and improved forward flights. The tilt-rotor configu-
ration is among the most popular ones, being provided with
fixed wings and rotary wings, and is capable of switching
between helicopter and airplane flight modes by tilting its
thrusters. Inspired by the capabilities of those aircrafts, recent
researches are looking into the design of small-scale tilt-rotor
UAVs [1–3]. Their hybrid characteristics offer advantages
over fixed-wing and quadrotor UAVs, which also come with
design and control challenges since they are complex under-
actuated mechanical systems with highly coupled dynamics.

Moreover, an important application of unmanned aerial
vehicles is the load transportation in risky and inaccessible
zones, allowing dealing with rapid deployment of supplies
in search-and-rescue missions [4], vertical replenishment
of seaborne vessels [5], and safe landmine detection [6].
However, this kind of task is a challenging subject in terms of
modeling and control. Since the payload is often connected to
the UAV through a rope, the dynamic behavior of the system
varies due to the load’s swing, which can destabilize the whole
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system if it is not well attenuated. Moreover, the suspended
load by a rope adds unactuated degrees of freedom to the
system, increasing its underactuation degree. Apart from the
exposed, in order to accomplish the load transportation task,
the knowledge on the load position is usually required. The
problem of estimating the load position then arises, being
mostly addressed through visual systems and state estimators
[7, 8].

Therefore, due to its hybrid capabilities, a tilt-rotor UAV
becomes a promising platform for aerial load transportation,
providing improved forward speed when compared with
rotary-wing UAVs, which is a desired feature for missions
requiring rapid deployment. Furthermore, missions that
demand precise positioning of the load cannot be addressed
by fixed-wing UAVs, since they are not able to perform
hover flights. Thereby, the tilt-rotor UAV can be used in both
scenarios.

In the literature, control objectives for aerial load trans-
portation include path tracking of the aircraft with reduced
load’s swing [9–14], obstacle avoidance [15, 16], transportation
by multiple aircrafts [17, 18], and path tracking of the sus-
pended load [19–24]. Since large load swing may destabilize
the aircraft, many works address the problem of swing-free
aerial load transportation. In [9], a control strategy based on a
cascade structure is proposed for load transportation using an
unmanned helicopter. A delayed feedback controller is intro-
duced in an outer loop to reduce load’s swing, while the inner-
loop controller does not take into account the dynamics of the
load. Open-loop approaches based on trajectory generation
for load transportation using quadrotor UAVs are proposed
in [10, 11], in order to obtain reduced load’s swing motion.
In [13], a robust nonlinear control strategy is proposed in
order to transport a suspended load by a quadrotor UAV
along a predefined trajectory while avoiding load’s swing.
The controller is designed based on nonlinear H∞ control
theory and Lyapunov redesign taking into account the whole
dynamics of the system. Some works have also used tilt-rotor
UAVs for load transportation. In [12], a nonlinear cascade
control strategy is proposed for path tracking of a tilt-rotor
UAV with load’s swing improvement, which is composed of
three levels of feedback linearization controllers. In [14], a
model predictive control (MPC) strategy is studied for path
tracking of a tilt-rotor UAV while carrying a load.

Whenprecise positioning of the load is of concern, swing-
free motion may not be sufficient for the accomplishment of
the task; then the problem of path tracking of the suspended
load is addressed. For instance, in [19], the authors propose
a model-free open-loop approach based on trajectory gen-
eration by reinforcement learning for path tracking of the
suspended load using a quadrotor UAV. A nonlinear control
strategy based on cascade structure and system decoupling
is proposed in [20], also for path tracking of a suspended
load using a quadrotor UAV. In [22], a nonlinear solution to
the suspended load path tracking problem using a quadrotor
UAV is presented, in which the authors assume the quadrotor
as a system actuated by total thrust and orientation. The
control problem is casted into the framework described
in [21], which deals with path tracking of underactuated
systems driven by directed thrust and angular velocity with

a double-integrator structure. By using tilt-rotor UAVs, in
[23, 24], the path tracking problem of the suspended load
is solved through the design of control and state estimation
strategies based on linearized, time-invariant state-space
equations,which did not allow yawangle tracking, neither the
occurrence of changes in the load’s mass and rope’s length.

This work intends to solve the problem of suspended
load path tracking considering a realistic scenario in which
the rope’s length and total system mass are not constant
during take-off and landing maneuvers, the desired yaw
angle varies during the mission execution, and the sensors
embedded in the UAV have different sampling rates and do
not measure directly the load’s position and orientation. Due
to the tilt-rotor UAV highly nonlinear dynamic behavior,
the unscented Kalman filter is chosen as state estimation
strategy since it is not based on model linearization. Further,
to perform path tracking while dealing with yaw regulation
and the rope’s length variation without relying only on
controller’s robustness, the MPC strategy is selected because
its model-based nature allows dealing with those problems
in a simple fashion way. Therefore, the main contributions of
this work are as follows: (i) a detailed modeling in which the
multibody system’s equations of motion are obtained from
the load’s point of view, yielding an input-affine state-space
representation with the load’s position and orientation as
state variables; (ii) a nonlinear estimation strategy dealing
with multirate noisy sensors that do not provide directly
information about the load’s pose; and (iii) a control strategy
that is able to cope with the path tracking of the suspended
load considering yaw angle regulation, to incorporate the
rope’s length variation to the control problem formulation,
and to keep the UAV stabilized while rejecting external
disturbances and parametric uncertainties.

The remainder of this paper is organized as follows:
Section 2 develops the equations of motion of the tilt-rotor
UAV with suspended load from the load’s perspective, yield-
ing a state-space representation with the load’s position and
orientation represented by state variables; Section 3 presents
the unscented Kalman Filter design based on the model and
measurement equations given by available sensors; Section 4
describes the model predictive control strategy designed to
achieve path tracking of the suspended load based on the
linearized time-varying model; Section 5 presents the model
and design parameters, besides the simulation scenario used
to validate the proposed control strategy; in Section 6, the
numerical experiments used to demonstrate the good perfor-
mance of the controller and filter are presented and discussed;
finally, Section 7 concludes the work.

2. Tilt-Rotor UAV with Suspended
Load Modeling

This section deals with the development of the equations
of motion of the tilt-rotor UAV with suspended load, from
the load’s perspective. The dynamic equations, assuming a
multibody system, are obtained through the Euler-Lagrange
formulation, in which the coupling between the aircraft and
the load is considered naturally.
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Figure 1: The tilt-rotor UAV with suspended load (CAD model).

2.1. System Description. The computer-aided design (CAD)
model of the tilt-rotor UAV with suspended load is shown in
Figure 1. The system is regarded as a multibody mechanical
system composed of four rigid bodies: (i) the aircraft’s main
body, composed of Acrylonitrile Butadiene Styrene (ABS)
structure, landing gear, batteries, and electronics; (ii) the right
thruster group, composed of the right thruster and its tilting
mechanism (a revolute joint); (iii) the left thruster group,
composed of the left thruster and its tilting mechanism;
and (iv) the suspended load group, comprising the load
and the rope. The system is actuated through the aircraft’s
thrusters and tiltingmechanisms. Formodeling purposes, the
following assumptions are made:

(A1) The rope is rigid and has negligible mass.
(A2) The rope is connected to the aircraft’s geometric cen-

ter.
(A3) Themain body’s center ofmass does not coincidewith

the aircraft’s geometric center.
(A4) The thrusters groups’ centers of mass are located at

their respective tilting axes.

Regarding the assumptions stated above, it is important
to describe the main reasons of assumption (A3), which are
as follows: (i) the center of mass is vertically displaced in
order to improve the pitch moment; and (ii) the center of
mass is displaced with respect to the 𝑥-axis of the geometric
center, allowing obtaining non-null equilibrium points for
the angular positions of the tilting mechanisms and pitch
angle. This mechanical feature improves the controllability
of the system in hover flight, allowing the projection of the
thrusts generated by propellers on the𝑥-axiswithout the need
to tilt the thrusters’ group.

2.2. Kinematics from the Load’s Perspective. The load’s per-
spective approach consists in formulating the system’s kine-
matics regarding the suspended load as a free rigid body,
with the aircraft as a multibody mechanical system rigidly
coupled to it. Six reference frames are defined, as shown in
Figure 2: (i) the inertial reference frame, I; (ii) the aircraft’s
geometric center frame,B; (iii) themain body center ofmass
frame,C1; (iv) the right thruster group center of mass frame,

C2; (v) the left thruster group center of mass frame, C3; and
(vi) the suspended load group center of mass frame, L. The
load’s position with respect to the inertial frameI is denoted
by 𝜉 ≜ [𝑥 𝑦 𝑧]𝑇. The displacement vector from L to B

corresponds to the rope and is expressed in L by dLB ≜[0 0 𝑙]𝑇, with 𝑙 as the rope’s length.Thedisplacement vectors
fromB toC𝑖 are model parameters of the tilt-rotor UAV and
are denoted by dBC𝑖 , expressed inB, with 𝑖 ∈ {1, 2, 3}.

The orientation of the load with respect to I is parame-
trized by Euler angles, 𝜂 ≜ [𝜙 𝜃 𝜓]𝑇, using the 𝑍𝑌𝑋 con-
vention about local axes. The associated rotation matrix is
given by

RI
L ≜ R𝑧,𝜓R𝑦,𝜃R𝑥,𝜙

= [[[
[
c𝜓c𝜃 c𝜓s𝜃s𝜙 − s𝜓c𝜙 c𝜓s𝜃c𝜙 + s𝜓s𝜙
s𝜓c𝜃 s𝜓s𝜃s𝜙 + c𝜓c𝜙 s𝜓s𝜃c𝜙 − c𝜓s𝜙−s𝜃 c𝜃s𝜙 c𝜃c𝜙

]]]
]
. (1)

On the other hand, the orientation of the aircraft’s geo-
metric center frame with respect toL, corresponding to the
orientation of the UAV with respect to the rope, is parame-
trized by two angles, 𝛾 ≜ [𝛾1 𝛾2]𝑇, such that

RL
B ≜ R𝑥,−𝛾1

R𝑦,−𝛾2
= [[[
[

c𝛾2 0 −s𝛾2
s𝛾1s𝛾2 c𝛾1 s𝛾1c𝛾2
c𝛾1s𝛾2 −s𝛾1 c𝛾1c𝛾2

]]]
]
. (2)

The reference frames B and C1 are parallel to each
other and attached to the same rigid body; thus the relative
orientation is null, that is, RB

C1
= I3×3 (in this work I𝑛×𝑛 is

an identity matrix with dimension 𝑛, 0𝑛×𝑚 is 𝑛 by 𝑚 zeros
matrix, and 1𝑛×𝑚 is 𝑛 by 𝑚 ones matrix). Furthermore, the
orientations of the thrusters’ groups with respect to B are
described by

RB
C2

≜ R𝑥,−𝛽R𝑦,𝛼R
= [[[
[

c𝛼R
0 s𝛼R−s𝛽s𝛼R
c𝛽 s𝛽c𝛼R−c𝛽s𝛼R
−s𝛽 c𝛽c𝛼R

]]]
]
,

RB
C3

≜ R𝑥,𝛽R𝑦,𝛼L
= [[[
[

c𝛼L
0 s𝛼L

s𝛽s𝛼L
c𝛽 −s𝛽c𝛼L−c𝛽s𝛼L
s𝛽 c𝛽c𝛼L

]]]
]
,

(3)

where 𝛼𝑅 and 𝛼𝐿 are the tilting angles of the right and left
thrusters, respectively, and 𝛽 is a fixed inclination angle of
the thrusters towards the aircraft geometric center, designed
to improve the aircraft’s controllability [25]. The angular
velocities of the system are given by𝜔LIL = W𝜂�̇�,𝜔BLB = Q�̇�,
𝜔
C1
BC1

= 03×1, 𝜔
C2
BC2

= a𝑦�̇�R, and 𝜔C3BC3
= a𝑦�̇�L, where, for
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Figure 2: Kinematic definitions, input forces, and torques.

instance,𝜔LIL denotes the angular velocity ofLwith respect
toI, expressed inL, with

W𝜂 ≜ [[[
[
1 0 −s𝜃0 c𝜙 s𝜙c𝜃0 −s𝜙 c𝜙c𝜃

]]]
]
, Q ≜ [[[

[
−c𝛾2 0
0 −1
s𝛾2 0

]]]
]
, (4)

and a𝑦 ≜ [0 1 0]𝑇.
From the rigid transformations of the system, the forward

kinematics of points that belong to each rigid body are given
by

pIL = 𝜉 + RI
LpLL, (5)

pI𝑖 = 𝜉 + RI
LdLB + RI

LR
L
BdBC𝑖 + RI

LRL
BRB

C𝑖
pC𝑖𝑖 , (6)

where pL is the position of a point that belongs to the
suspended load body and p𝑖 belongs to the rigid body with
attached frame C𝑖. Taking the time derivatives of (5) and

(6) and making use of several properties of skew-symmetric
matrices [26] yield

ṗIL = �̇� + RI
L𝑆 (pLL)𝑇𝜔LIL, (7)

ṗI𝑖 = �̇� + [RI
L𝑆 (dLB)𝑇 + RI

LRL
B𝑆 (dBC𝑖)𝑇 (RL

B)𝑇

+ RI
LR

L
BRB

C𝑖
𝑆 (pC𝑖𝑖 )𝑇 (RL

BRB
C𝑖
)𝑇]𝜔LIL

+ [RI
LRL

B𝑆 (dBC𝑖)𝑇 + RI
LR

L
BRB

C𝑖
𝑆 (pC𝑖𝑖 )𝑇 (RB

C𝑖
)𝑇]𝜔BLB

+ RI
LRL

BRB
C𝑖
𝑆 (pC𝑖𝑖 )𝑇𝜔C𝑖

BC𝑖
,

(8)

where 𝑆(⋅) denotes an operator that maps a vector to a skew-
symmetric matrix [26].

The generalized coordinates of the system are chosen
according to their degrees of freedom. For the equations of
motion describing explicitly the time evolution of the load’s
position andorientation, these are included in the generalized
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coordinates, which are chosen as

q ≜ [𝜉𝑇 𝜂𝑇 𝛾𝑇 𝛼R 𝛼L]𝑇 ∈ R
10. (9)

Note that, due to the chosen perspective for the system
kinematics, the position and orientation of the aircraft with
respect toI are not degrees of freedom of the system. Thus,
they are not included in (9), and consequently their time
evolution will not be described explicitly by the developed
equations of motion.

2.3. Kinetic and Potential Energies. Initially, in order to
derive the equations of motion through the Euler-Lagrange
formulation, the kinetic and potential energies of each body
of themechanical systemmust be obtained. For each 𝑖th rigid
body, these energies can be computed through the volume
integrals [27]

K𝑖 = 12 ∫
𝑉𝑖

𝜌𝑖 (ṗI𝑖 )𝑇 (ṗI𝑖 ) d𝑉𝑖, (10)

U𝑖 = −∫
𝑉𝑖

𝜌𝑖ĝ
𝑇pI𝑖 d𝑉𝑖 = −𝑚𝑖ĝ

𝑇oIC𝑖 , (11)

respectively, where 𝜌𝑖 corresponds to its density, 𝑉𝑖 to its
volume, and 𝑚𝑖 = ∫

𝑉𝑖
𝜌𝑖𝑉𝑖 to its mass, ĝ ≜ [0 0 −𝑔𝑧]𝑇

denotes the gravitational acceleration vector expressed inI,
and oIC𝑖 is the position vector obtained from the forward
kinematics of the origin ofC𝑖.

The quadratic terms (ṗIL)𝑇ṗIL and (ṗI𝑖 )𝑇ṗI𝑖 , 𝑖 ∈ {1, 2, 3},
are obtainedusing (7) and (8), respectively.Thekinetic energy
of the load KL and the 𝑖th body of the aircraft K𝑖 are
obtained through (10). The total kinetic energy of the system
is then computed through K = KL + ∑3

𝑖=1 K𝑖. Writing the
result in the quadratic form K = (1/2)q̇𝑇M(q)q̇, and by
defining the inertia tensors IL = −∫

𝑉L

𝜌L𝑆(pLL)2d𝑉L and

I𝑖 = −∫
𝑉𝑖
𝜌𝑖𝑆(pC𝑖𝑖 )2d𝑉𝑖, and taking into account the parallel

axis theorem [28], yielding J𝑖 ≜ −𝑚𝑖𝑆(dBC𝑖)2 + RB
C𝑖
I𝑖(RB

C𝑖
)𝑇

and D𝑖 ≜ −𝑚𝑖𝑆(dLB)2 + RL
BJ𝑖(RL

B)𝑇, we have that the inertia
matrixM(q) ∈ R10×10 is given by

M (q) =
[[[[[[[[[
[

(𝑚L + 𝑚) I3×3 M12 −RI
LRL

B𝑆 (d𝑚)Q 03×1 03×1∗ M22 M23 W𝑇
𝜂R

L
BRB

C2
I2a𝑦 W𝑇

𝜂R
L
BRB

C3
I3a𝑦∗ ∗ Q𝑇JQ Q𝑇RB

C2
I2a𝑦 Q𝑇RB

C3
I3a𝑦∗ ∗ ∗ a𝑇

𝑦I2a𝑦 0
∗ ∗ ∗ ∗ a𝑇

𝑦I3a𝑦

]]]]]]]]]
]
, (12)

with ∗ denoting terms that are deduced by symmetry, and

M12 = −𝑚RI
L𝑆 (dLB)W𝜂 − RI

LRL
B𝑆 (d𝑚) (RL

B)𝑇 W𝜂,
M22 = W𝑇

𝜂 [IL +D − 𝑆 (dLB)RL
B𝑆 (d𝑚) (RL

B)𝑇
−RL

B𝑆 (d𝑚) (RL
B)𝑇 𝑆 (dLB)]W𝜂,

M23 = W𝑇
𝜂 [−𝑆 (dLB)RL

B𝑆 (d𝑚) + RL
BJ]Q,

(13)

where 𝑚 ≜ ∑3
𝑖=1 𝑚𝑖, J ≜ ∑3

𝑖=1 J𝑖, D ≜ ∑3
𝑖=1 D𝑖, and d𝑚 ≜∑3

𝑖=1 𝑚𝑖dBC𝑖 . Note that, from the inertia matrix (12), the four
body dynamics are completely coupled, allowing to consider
this interaction in the control law design and avoid the need
of cascade control structures.

The Coriolis and centripetal forces matrix, C(q, q̇) ∈
R10×10, can be calculated via Christoffel symbols of the first
kind [26]. The element from its 𝑘th row and 𝑗th column is
computed through

𝐶𝑘𝑗 = 10∑
𝑖=1

12 (𝜕𝑀𝑘𝑗𝜕𝑞𝑖

+ 𝜕𝑀𝑘𝑖𝜕𝑞𝑗

− 𝜕𝑀𝑖𝑗𝜕𝑞𝑘

) ̇𝑞𝑖, (14)

where 𝑀 is an element of the inertia matrix and 𝑘, 𝑗 ∈ {1, 2,. . . , 10}.
The forward kinematics of each body’s center of mass is

obtained by making pLL = 03×1 in (5) and pC𝑖𝑖 = 03×1 in (6).
Thereafter, the potential energies of the load and of each body
of the aircraft are obtained using (11). The total potential
energy of the system is then computed by U = UL +∑3

𝑖=1 U𝑖 = −ĝ𝑇[(𝑚L + 𝑚)𝜉 + 𝑚RI
LdLB + RI

LRL
Bd𝑚].

Then, the gravitational force vector is given by

g (q) = 𝜕U𝜕q ∈ R
10. (15)

2.4. Generalized Forces. This section obtains the contribu-
tions to generalized forces of all nonconservative forces and
torques that actuate on the tilt-rotor UAV with suspended
load. Let f ∈ R3 and 𝜏 ∈ R3 denote a nonconservative force
and a nonconservative torque, respectively, p ∈ R3 denote
the point of application of f , and F be a reference frame
rigidly attached to the body to which 𝜏 is applied. According
to [29], the contributions of f and 𝜏 to the generalized forces
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can be computed through the following mappings:

𝜗f = (Jp)𝑇 fI ∈ R
𝑛, (16)

𝜗𝜏 = (WF)𝑇 𝜏I ∈ R
𝑛, (17)

whereJp ≜ 𝜕ṗI/𝜕q̇ ∈ R3×𝑛 andWF ≜ 𝜕𝜔IIF/𝜕q̇ ∈ R3×𝑛.
The thrust forces generated by the aircraft’s propellers,

denoted by fR and fL, and the torques generated by the
servomotors composing the tilting mechanisms, denoted by
𝜏𝛼R

and 𝜏𝛼L
, correspond to the input forces and torques of the

system. Expressed in their respective thrusters’ frames (see
Figure 2), they are given by fC2R = a𝑧𝑓R, fC3L = a𝑧𝑓L, 𝜏C2𝛼R

=
a𝑦𝜏𝛼R

, and 𝜏C3𝛼L
= a𝑦𝜏𝛼L

, where a𝑧 ≜ [0 0 1]𝑇. In the inertial
reference frame, these vectors are expressed as fIR = RI

C2
fC2R ,

fIL = RI
C3
fC3L , 𝜏I𝛼R

= RI
C2
𝜏C2𝛼R

, and 𝜏I𝛼L
= RI

C3
𝜏C3𝛼L

, with RI
C𝑖

≜
RI
LRL

BRB
C𝑖
.

This work assumes that the thrust forces are applied to the
centers of mass of the respective thrusters’ groups, which cor-
respond the origins of C2 and C3. Making pC𝑖𝑖 = oC𝑖

C𝑖
= 03×1

in (6) to obtainJoC2
= 𝜕ȯIC2/𝜕q̇ andJoC3

= 𝜕ȯIC3/𝜕q̇ yields

ȯIC𝑖 = [I3×3 (RI
L𝑆 (dLB)𝑇 + RI

LRL
B𝑆 (dBC𝑖)𝑇 (RL

B)𝑇)W𝜂 RI
LRL

B𝑆 (dBC𝑖)𝑇 Q 03×1 03×1]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
JoC𝑖

q̇.
(18)

Then, using (16) and (18) yields

𝜗fR = (JoC2
)𝑇

fIR

=
[[[[[[[[[
[

RI
LRL

BRB
C2
a𝑧

W𝑇
𝜂𝑆 (dLB)RL

BRB
C2
a𝑧 +W𝑇

𝜂R
L
B𝑆 (dBC2)RB

C2
a𝑧

Q𝑇𝑆 (dBC2)RB
C2
a𝑧0

0

]]]]]]]]]
]
𝑓R,

(19)

𝜗fL = (JoC3
)𝑇

fIL

=
[[[[[[[[[
[

RI
LRL

BRB
C3
a𝑧

W𝑇
𝜂𝑆 (dLB)RL

BRB
C3
a𝑧 +W𝑇

𝜂R
L
B𝑆 (dBC3)RB

C3
a𝑧

Q𝑇𝑆 (dBC3)RB
C3
a𝑧0

0

]]]]]]]]]
]
𝑓L.

(20)

The servomotors’ torques are applied to the respective
thrusters’ bodies, and opposite torques due to reaction are
also applied to the aircraft’s main body.These pairs of torques
are mapped to generalized forces through (17). From the
addition of angular velocities [26], we have

𝜔IIB = 𝜔IIL + 𝜔ILB = RI
L𝜔

L
IL + RI

LRL
B𝜔

B
LB

= [03×3 RI
LW𝜂 RI

LRL
BQ 03×1 03×1] q̇, (21)

𝜔IIC2
= 𝜔IIL + 𝜔ILB + 𝜔IBC2

= [03×3 RI
LW𝜂 RI

LRL
BQ RI

LRL
BRB

C2
a𝑦 03×1] q̇, (22)

𝜔IIC3
= 𝜔IIL + 𝜔ILB + 𝜔IBC3

= [03×3 RI
LW𝜂 RI

LRL
BQ 03×1 RI

LR
L
BRB

C3
a𝑦] q̇. (23)

Comparing (21), (22), and (23) to 𝜔IIB = WBq̇, 𝜔IIC2
=

WC2
q̇, and 𝜔IIC3

= WC3
q̇, respectively, and using (17) lead

to

𝜗𝜏𝛼R
= (WC2

)𝑇 𝜏I𝛼R
+ (WB)𝑇 (−𝜏I𝛼R

)
= [(03×1)𝑇 (03×1)𝑇 (02×1)𝑇 1 0]𝑇 𝜏𝛼R

, (24)

𝜗𝜏𝛼L
= (WC3

)𝑇 𝜏I𝛼L
+ (WB)𝑇 (−𝜏I𝛼L

)
= [(03×1)𝑇 (03×1)𝑇 (02×1)𝑇 0 1]𝑇 𝜏𝛼L

. (25)

This work also takes into account drag torques generated
by the propellers. These are reaction torques applied to the
thrusters’ bodies, due to the blades’ acceleration and drag
[30]. Assuming steady-state for the angular velocity of the
blades, the drag torques are given in the thrusters’ reference
frames by 𝜏C2drag,R = 𝜆R(𝑘𝜏/𝑏)fC2R , 𝜏C3drag,L = 𝜆L(𝑘𝜏/𝑏)fC3L , where𝑘𝜏 and 𝑏 are parameters obtained experimentally, and 𝜆R and𝜆L are given according to the direction of rotation of the
corresponding propeller: if counter-clockwise, 1; if clockwise,−1. In the inertial reference frame, we then have 𝜏Idrag,R =
RI
C2
𝜏
C2
drag,R and 𝜏

I
drag,L = RI

C3
𝜏
C3
drag,L.

As the drag torques are applied to the thrusters’ bodies,
through (17), (22), and (23), we have

𝜗𝜏drag,R = (WC2
)𝑇 𝜏Idrag,R = 𝜆R

𝑘𝜏𝑏
[[[[[[[[[[
[

03×1

W𝑇
𝜂R

L
BRB

C2
a𝑧

Q𝑇RB
C2
a𝑧

0
0

]]]]]]]]]]
]

𝑓R, (26)
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𝜗𝜏drag,L = (WC3
)𝑇 𝜏Idrag,L = 𝜆L

𝑘𝜏𝑏
[[[[[[[[
[

03×1

W𝑇
𝜂R

L
BRB

C3
a𝑧

Q𝑇RB
C3
a𝑧0

0

]]]]]]]]
]
𝑓L. (27)

Finally, the total mapping of the system inputs to gener-
alized forces is obtained by summing up the contributions
of the thrust forces, servomotor torques, and drag torques.
Then, from (19)-(20) and (24)–(27),

𝜗in = 𝜗fR + 𝜗fL + 𝜗𝜏𝛼R + 𝜗𝜏𝛼L + 𝜗𝜏drag,R + 𝜗𝜏drag,L

=
[[[[[[[[[
[

RI
LRL

BrR RI
LRL

BrL 03×1 03×1

W𝑇
𝜂ΛRrR W𝑇

𝜂ΛLrL 03×1 03×1

Q𝑇ΓRrR Q𝑇ΓLrL 02×1 02×10 0 1 0
0 0 0 1

]]]]]]]]]
]

[[[[[
[

𝑓R𝑓L𝜏𝛼R𝜏𝛼L

]]]]]
]

≜ Lin (q) u,

(28)

where

rR ≜ RB
C2
a𝑧,

ΛR ≜ 𝑆 (dLB)RL
B + RL

B𝑆 (dBC2) + 𝜆R
𝑘𝜏𝑏 RL

B,
ΓR ≜ 𝑆 (dBC2) + 𝜆R

𝑘𝜏𝑏 I3×3,
rL ≜ RB

C3
a𝑧,

ΛL ≜ 𝑆 (dLB)RL
B + RL

B𝑆 (dBC3) + 𝜆L
𝑘𝜏𝑏 RL

B,
ΓL ≜ 𝑆 (dBC3) + 𝜆L

𝑘𝜏𝑏 I3×3.

(29)

Note that, although in this current work no aerodynamic
surfaces are considered in the tilt-rotor UAV (see Figure 1),
the system modeling developed here is general enough to
describe the dynamics of any tilt-rotor carrying a suspended
load. The only constraint is that the aircraft needs to be seen
as amultibody systemwith similar frames definitions as those
shown in Figure 2. Further, in presence of aerodynamics
surfaces (e.g., wings and horizontal and vertical stabilizers),
the lift and drag forces generated by them can be added to
the model in a straightforward manner, by including these
terms in (28), which will allow dealing with both helicopter
and airplane flight modes.

In addition, viscous friction is taken into account at the
revolute joints of the tilting mechanisms and also at the point
of connection between the rope and the tilt-rotor UAV. It is
assumed that the friction torques are mapped to generalized
forces as

𝜗fr = −Lfrq̇, (30)

where Lfr ≜ diag(0, 0, 0, 0, 0, 0, 𝜇𝛾, 𝜇𝛾, 𝜇𝛼, 𝜇𝛼) with 𝜇𝛾 and 𝜇𝛼

being constant parameters.
External disturbances applied to the suspended load are

also considered, whichmay represent wind gusts affecting the
system. Defining these disturbances in the inertial reference
frame as the force vector d ≜ [𝑑𝑥 𝑑𝑦 𝑑𝑧]𝑇 ∈ R3, and
assuming that is applied to the load’s center of mass, it can
be mapped to generalized forces through (16), yielding

𝜗db = (𝜕ȯIL𝜕q̇ )𝑇

d = [I3×3 03×3 03×2 03×1 03×1]𝑇 d
≜ Ldbd,

(31)

where ȯIL = �̇� is obtained by making pLL = 03×1 in (7).

2.5. Equations of Motion. From (12), (14), and (15), the
equations of motion of the tilt-rotor UAV with suspended
load can be written in the Euler-Lagrange formulation as [27]

M (q) q̈ + C (q, q̇) q̇ + g (q) = 𝜗, (32)

where 𝜗 is the total generalized forces vector, obtained by
summing up the contributions from the input forces and
torques (28), viscous friction torques (30), and external
disturbances (31). Thus, substituting 𝜗 = 𝜗in + 𝜗fr + 𝜗db in
(32) yields

M (q) q̈ + (C (q, q̇) + Lfr) q̇ + g (q) = Lin (q) u + Ldbd. (33)

Finally, by defining the state vector

x ≜ [q𝑇 q̇𝑇]𝑇 ∈ R
20, (34)

and recalling the input vector defined in (28), the dynamic
equations (33) can bewritten in the state-space representation

ẋ = 𝜑 (x, u, d)
= [ q̇

M (q)−1 [− (C (q, q̇) + Lfr) q̇ − g (q) + Lin (q) u + Ldbd]] , (35)

which is nonlinear and highly coupled. Since the load’s posi-
tion and orientation are among the generalized coordinates
(9), they are represented by the state variables (34), and,
consequently, the load’s behavior is described explicitly by
(35). On the other hand, the aircraft’s position and orientation
are described only with respect to the load, thus appearing in
(35) only implicitly.

3. Nonlinear State Estimation

This section presents a state estimation strategy to cope with
the problem of predicting the states related to the load’s
pose, using the information of noisy sensors with different
sampling rates, in order to gather the information necessary
to build the state vector (34). The following sensors are
assumed to be available: (i) a Global Positioning System
(GPS) equipment to measure the 𝑥 and 𝑦 positions of
the UAV; (ii) a barometer to measure the UAV’s altitude;
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Figure 3: Tilt-rotor UAV pose and load’s position measured by the available sensors.

(iii) an Inertial Measurement Unit (IMU) that provides the
orientation and angular velocity of the UAV; (iv) a camera
that gives the position of the load with respect to the UAV;
and (v) embedded sensors at the servomotors to provide the
tilting angles and their time derivatives.

The measurement model is highly nonlinear and there-
fore some well-known estimation techniques based on
linearized transformations may have limited performance.
Thereby, this paper considers the unscented Kalman filter
strategy that estimates the mean and covariance of the
likelihood distribution bymeans of the Unscented Transform
(UT) and then uses the Kalman Filter (KF) equations to
compute the posterior distribution [31, 32].

3.1. Measurement Equation. The relation between the vari-
ables measured by the embedded sensors and the state vector
x at time instant 𝑘 is given by the measurement equation

y𝑘 = 𝜋 (x𝑘) + 𝜐𝑘, (36)

where y𝑘 is the measured vector, 𝜋(x𝑘) corresponds to a
nonlinearmapping to be obtained, and 𝜐𝑘 is themeasurement
noise.

Let 𝜉B ≜ [𝑥B 𝑦B 𝑧B]𝑇 be the position of the aircraft
with respect to I (see Figure 3). Then, through forward
kinematics, the following holds:

𝜉B (𝜉, 𝜂) = 𝜉 + RI
LdLB. (37)

Additionally, let 𝜂B ≜ [𝜙B 𝜃B 𝜓B]𝑇 be the aircraft
attitude with respect toI parametrized by Euler angles using

the local roll-pitch-yaw convention. Therefore,

RI
B ≜ R𝑧,𝜓B

R𝑦,𝜃B
R𝑥,𝜙B

= [[[
[
c𝜓B

c𝜃B c𝜓B
s𝜃Bs𝜙B

− s𝜓B
c𝜙B

c𝜓B
s𝜃Bc𝜙B

+ s𝜓B
s𝜙B

s𝜓B
c𝜃B s𝜓B

s𝜃Bs𝜙B
+ c𝜓B

c𝜙B
s𝜓B

s𝜃Bc𝜙B
− c𝜓B

s𝜙B−s𝜃B c𝜃Bs𝜙B
c𝜃Bc𝜙B

]]]
]
. (38)

Recalling that the relation RI
B = RI

LRL
B holds and consi-

dering 𝜃B ̸= ±𝜋/2, it is possible to state that
𝜙B (𝜂, 𝛾) = arctan((RI

LRL
B)

32(RI
L
RL
B
)
33

) ,
𝜃B (𝜂, 𝛾) = arcsin (− (RI

LRL
B)

31
) ,

𝜓B (𝜂, 𝛾) = arctan((RI
LRL

B)
21(RI

L
RL
B
)
11

) .
(39)

Furthermore, the angular velocity provided by the IMU
is given by

𝜔BIB (𝜂, 𝛾, �̇�, �̇�) = 𝜔BIL + 𝜔BLB

= (RL
B)𝑇 W𝜂�̇� +Q�̇�, (40)

where the matricesW𝜂 andQ were defined in (4).
Let dBBL denote the displacement vector from B to L,

expressed in B, which is the measurement provided by the
camera (see Figure 3). Then,

dBBL (𝛾) = −dBLB = − (RL
B)𝑇 dLLB ≜ − (RL

B)𝑇 dLB. (41)
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Finally, (37), (39), (40), and (41) along with the system’s
states 𝛼𝑅, 𝛼𝐿, �̇�𝑅, �̇�𝐿, and the measurement noise ^𝑘 can be
grouped into the nonlinear measurement equation

y𝑘 = 𝜋 (x𝑘) + ^𝑘 ≜

[[[[[[[[[[[[[[[[[[[[[[[
[

𝜉B (𝜉, 𝜂)
𝜙B (𝜂, 𝛾)
𝜃B (𝜂, 𝛾)
𝜓B (𝜂, 𝛾)
𝜔BIB (𝜂, 𝛾, �̇�, �̇�)

dBBL (𝛾)
𝛼R𝛼L�̇�R�̇�L

]]]]]]]]]]]]]]]]]]]]]]]
]

+ ^𝑘

=

[[[[[[[[[[[[[[[[[[[[[[[[[[[[[
[

𝜉 + RI
LdLB

arctan((RI
LRL

B)
32(RI

L
RL
B
)
33

)
arcsin (− (RI

LRL
B)

31
)

arctan((RI
LRL

B)
21(RI

L
RL
B
)
11

)
(RL

B)𝑇 W𝜂�̇� +Q�̇�

− (RL
B)𝑇 dLB𝛼R𝛼L�̇�R�̇�L

]]]]]]]]]]]]]]]]]]]]]]]]]]]]]
]

+ ^𝑘.

(42)

This work assumes synchronized sensors with sampling
rates equal to 10𝑇𝑠, 2𝑇𝑠, and 𝑇𝑠, respectively, for the GPS,
camera, and remaining sensors,𝑇𝑠 being the control sampling
time. Since not all information is available at time instant 𝑘,
the dimension of the vector y𝑘, as well as the transformation
𝜋(⋅), will change with time. Thus, from now on, the variables
that have different data acquisition rates will be denoted with
the subscript (⋅){𝑇𝑠}.
3.2. Unscented Kalman Filter. In the unscented Kalman filter
(UKF), a fixed number of sigma points are chosen deter-
ministically to capture the mean and covariance of the prior
distribution. These points are then propagated through a
nonlinear transformation to estimate the posterior distribu-
tion [32].

Consider the discrete representation of (35) and themeas-
urement equation (42)

x𝑘 = 𝜑 (x𝑘−1, u𝑘−1, d𝑘−1) + w𝑘−1, (43)

y𝑘,{𝑇𝑠}
= 𝜋{𝑇𝑠} (x𝑘) + ^𝑘,{𝑇𝑠}, (44)

where w𝑘 is the process noise. Also, let (̂⋅) denote estimated
variables, (⋅)𝑚|𝑛 denote information at time instant 𝑚 given
measurements up to instant 𝑛, and 𝐸[⋅] be the expected
value operator. This work assumes that measures of d𝑘 are
always available, and the mean x̂0|0 = 𝐸[x0] and covariance
P𝑥

0|0 = 𝐸[(x0 − x̂0|0)(x0 − x̂0|0)𝑇] are known. Furthermore, the
process and measurement noises are assumed to have zero
mean and covariances 𝐸[w𝑘w𝑇

𝑘 ] = Q𝑘 and 𝐸[^𝑘,{𝑇𝑠}^𝑇
𝑘,{𝑇𝑠}

] =
R𝑘,{𝑇𝑠}

, respectively, and the cross-covariance between them
is assumed to be null, that is, 𝐸[w𝑖^

𝑇
𝑗,{𝑇𝑠}

] = 0 ∀𝑖, 𝑗.
In order to describe the prior statistics using UT, only𝑛sp = 2𝑛 sigma points are necessary, where 𝑛 is the dimension

of the state vector x [31]. The sigma points X1, . . . ,X𝑛sp
must

satisfy

x̂ = 𝑛sp∑
𝑗=1

𝛾𝑗X𝑗,

P𝑥 = 𝑛sp∑
𝑗=1

𝛾𝑗 [X𝑗 − x̂] [X𝑗 − x̂]𝑇 ,
(45)

where 𝛾𝑗 areweights defined as 𝛾𝑗 = 1/2𝑛 subject to∑𝑛sp
𝑗=1 𝛾𝑗 =1.

The sigma point matrix X ≜ [X1 X2 ⋅ ⋅ ⋅ X𝑛sp] is chosen
as

X = x̂11×𝑛sp
+ √𝑛 [(P𝑥)1/2 − (P𝑥)1/2] , (46)

where (⋅)1/2 is the Cholesky square root.
The likelihood distribution statistics can be obtained by

propagating the sigma points 𝑋1, . . . , 𝑋𝑛sp
through the non-

linear measurement equation (42), yielding

Y𝑗,{𝑇𝑠}
= 𝜋{𝑇𝑠} (X𝑗) , 𝑗 = 1, . . . , 𝑛sp (47)

such that

ŷ{𝑇𝑠}
= 𝑛sp∑

𝑗=1

𝛾𝑗Y𝑗,{𝑇𝑠}
,

P𝑦

{𝑇𝑠}
= 𝑛sp∑

𝑗=1

𝛾𝑗 [Y𝑗,{𝑇𝑠}
− ŷ{𝑇𝑠}

] [Y𝑗,{𝑇𝑠}
− ŷ{𝑇𝑠}

]𝑇 .
(48)

Algorithm. The UKF algorithm is formed by a forecast and a
data assimilation step [32]. The operations presented below
must be performed at each measurement step 𝑘 = 1, 2, 3, . . ..
(i) Forecast Step

(1) Form the sigma points using (46),

X𝑘−1|𝑘−1 = x̂𝑘−1|𝑘−111×𝑛sp

+ √𝑛 [(P𝑥
𝑘−1|𝑘−1)1/2 − (P𝑥

𝑘−1|𝑘−1)1/2] . (49)
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(2) Propagate the sigma points through the nonlinear
transformation (43)

X𝑗,𝑘|𝑘−1 = 𝜑 (X𝑗,𝑘−1|𝑘−1, u𝑘−1, d𝑘−1) , ∀𝑗 = 1, . . . , 𝑛sp. (50)

(3) Compute the predicted mean and covariance using
(45) together with the process noise covariance

x̂𝑘|𝑘−1 = 𝑛sp∑
𝑗=1

𝛾𝑗X𝑗,𝑘|𝑘−1,
P𝑥

𝑘|𝑘−1 = 𝑛sp∑
𝑗=1

𝛾𝑗 [X𝑗,𝑘|𝑘−1 − x̂𝑘|𝑘−1] [X𝑗,𝑘|𝑘−1 − x̂𝑘|𝑘−1]𝑇
+Q𝑘−1.

(51)

(4) Form the sigma point matrix with the estimation of
x̂𝑘|𝑘−1

X𝑘|𝑘−1 = x̂𝑘|𝑘−111×𝑛sp

+ √𝑛 [(P𝑥
𝑘|𝑘−1)1/2 − (P𝑥

𝑘|𝑘−1)1/2] . (52)

(5) Propagate the sigma points X𝑗,𝑘|𝑘−1 through the mea-
surement model (44)

Y𝑗,𝑘|𝑘−1,{𝑇𝑠}
= 𝜋{𝑇𝑠} (X𝑗,𝑘|𝑘−1) , ∀𝑗 = 1, . . . , 𝑛sp. (53)

(6) Compute the measurement statistics using (48)
together with the measurement noise covariance and
the cross-covariance of the states and measurements

ŷ𝑘|𝑘−1,{𝑇𝑠}
= 𝑛sp∑

𝑗=1

𝛾𝑗Y𝑗,𝑘|𝑘−1,{𝑇𝑠}
,

P𝑦

𝑘|𝑘−1,{𝑇𝑠}
= 𝑛sp∑

𝑗=1

𝛾𝑗 [Y𝑗,𝑘|𝑘−1,{𝑇𝑠}
− ŷ𝑘|𝑘−1,{𝑇𝑠}

] [Y𝑗,𝑘|𝑘−1,{𝑇𝑠}
− ŷ𝑘|𝑘−1,{𝑇𝑠}

]𝑇 + R𝑘,{𝑇𝑠}
,

P𝑥𝑦

𝑘|𝑘−1,{𝑇𝑠}
= 𝑛sp∑

𝑗=1

𝛾𝑗 [X𝑗,𝑘|𝑘−1 − x̂𝑘|𝑘−1] [Y𝑗,𝑘|𝑘−1,{𝑇𝑠}
− ŷ𝑘|𝑘−1,{𝑇𝑠}

]𝑇 .

(54)

(ii) Data Assimilation Step

(1) Compute the filter gain K𝑘,{𝑇𝑠}
and the innovations

𝜐𝑘,{𝑇𝑠}

K𝑘,{𝑇𝑠}
= P𝑥𝑦

𝑘|𝑘−1,{𝑇𝑠}
(P𝑦

𝑘|𝑘−1,{𝑇𝑠}
)−1 ,

𝜐𝑘,{𝑇𝑠} = y𝑘,{𝑇𝑠}
− ŷ𝑘|𝑘−1,{𝑇𝑠}

. (55)

(2) Compute the corrected mean and covariance condi-
tional on the measurement information

x̂𝑘|𝑘 = x̂𝑘|𝑘−1 + K𝑘,{𝑇𝑠}
𝜐𝑘,{𝑇𝑠},

P𝑥
𝑘|𝑘 = P𝑥

𝑘|𝑘−1 − K𝑘,{𝑇𝑠}
P𝑦

𝑘|𝑘−1,{𝑇𝑠}
K𝑇

𝑘,{𝑇𝑠}
. (56)

Observe that the UKF algorithm uses at all time instant𝑘 all available information from the sensors to estimate
the posterior distribution. For those time instants in which
the measurement vector is full, that is, it has all sensors
information, the estimation of x̂𝑘|𝑘 will be more accurate
and the covariance P𝑥

𝑘|𝑘 reduced. On the other hand, when
neither GPS nor camera information is available, the data
assimilation step will have a less important role on the
estimation algorithm, and x̂𝑘|𝑘 will be less accurate and P𝑥

𝑘|𝑘

bigger.

Finally, the state vector estimated in this section, x̂𝑘|𝑘, will
be used by the control strategy presented in the next section
to perform the state feedback control.

4. Suspended Load Path Tracking Controller

This section describes the model predictive controller design
for performing the suspended load path tracking. The main
objectives of the control system are as follows: ensure
closed-loop stability, reject constant external disturbances
and parametric uncertainties, and satisfy constraints on state
deviations and control inputs.

Aiming at an improved path tracking control and recall-
ing the system’s underactuated behavior, the load’s position𝜉 = [𝑥 𝑦 𝑧]𝑇 and its yaw angle𝜓 are chosen to be regulated,
while the other degrees of freedom will be only stabilized.

This paper works with the incremental MPC framework
[33], for which the prediction model is obtained using a
discrete linear time-varying state-space model that is not
affine in the parameters. On one hand, the use of this kind
of linear system improves the aircraft’s nonlinear dynamics
representation, when comparing to time-invariant linearized
models, and, particularly for the proposed application, allows
yaw movements regulation and copes with the rope’s length
variation during the take-off and landing. On the other hand,
because the time-varying linearized model used in this work
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is non-affine in the time-varying parameters, it is not possible
to obtain, for instance, a polytopic representation for the
linearized model and, then, use some well-know techniques
to improve the MPC robustness.

4.1. Linearized Error Dynamics. Seeking to obtain the dis-
crete linear time-varying state-space model to construct the
prediction model, the equations of motion (35) must be
linearized around a time-varying trajectory. Additionally, due
to limited computational resources, this process needs to be
done with most of the physical parameters numerically eval-
uated. However, it is possible to let some physical parameters
be variables in a way that they will appear in the linearized
Jacobians after finishing the linearization process.

Let xtr and utr denote trajectory values and, for lineariza-
tion purposes, consider d = 03×1 (see (31)). This work
assumes that the desired trajectory is feasible, that is,

ẋtr = 𝜑 (xtr, utr, d) . (57)

Then, linearizing the state-space equations (35) around
these trajectories, through first-order expansion in Taylor
series, yields

Δẋ = A (𝑡) Δx + B (𝑡) Δu, (58)

where Δx ≜ x − xtr, Δu ≜ u − utr, and

A (𝑡) = 𝜕𝜑 (x, u, d)𝜕x
 x=xtr
u=utr

∈ R
20×20,

B (𝑡) = 𝜕𝜑 (x, u, d)𝜕u
 x=xtr
u=utr

∈ R
20×4.

(59)

In this work, the trajectory values for x and u are given by

xtr = [(qtr)𝑇 (q̇tr)𝑇]𝑇 , (60)

utr = Lin (qtr)+ [M (qtr) q̈tr + (C (qtr, q̇tr) + Lfr) q̇tr + g (qtr)] , (61)

where Lin(qtr)+ denotes the left pseudoinverse of Lin(qtr) and
qtr, q̇tr, and q̈tr are provided reference signals with qtr ≜[𝑥tr(𝑡) 𝑦tr(𝑡) 𝑧tr(𝑡) 𝜙eq 𝜃eq 𝜓tr(𝑡) 𝛾eq1 𝛾eq2 𝛼eq

𝑅 𝛼eq
𝐿 ]𝑇, in

which (⋅)eq is the state’s equilibrium value. Notice that utr,
since it is computed using a left pseudoinverse, will be an
exact solution to the dynamic equations (33) only if the
desired trajectory is feasible.

Therefore, by linearizing the system using (59) with the
trajectories defined in (60) and (61) added to the rope’s
length 𝑙(𝑡) as a time-varying parameter, the linearized Jaco-
bians are A(𝜁(𝑡)) and B(𝜁(𝑡)), where 𝜁(𝑡) ≜ [𝑥tr(𝑡) 𝑦tr(𝑡)𝑧tr(𝑡) 𝜓tr(𝑡) �̇�tr(𝑡) ̇𝑦tr(𝑡) �̇�tr(𝑡) �̇�tr(𝑡) �̈�tr(𝑡) ̈𝑦tr(𝑡) �̈�tr(𝑡)�̈�tr(𝑡) 𝑙(𝑡)]𝑇 is the vector of time-varying parameters.

To improve the trajectory tracking of the regulated vari-
ables and provide constant disturbance and parametric un-
certainties rejection, the state vector Δx is augmented with

integral actions [34], yielding

Δx ≜ [[[
[

Δx
∫ (𝜉 − 𝜉tr)
∫ (𝜓 − 𝜓tr)

]]]
]

∈ R
24, (62)

whose dynamics are given by

Δẋ =
[[[[[[[
[

A (𝜁 (𝑡)) 020×41 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0
0 0 0 0 0 1

04×14 04×4

]]]]]]]
]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

A(𝜁(𝑡))

Δx

+ [B (𝜁 (𝑡))
04×4

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
B(𝜁(𝑡))

Δu.

(63)

To obtain a discrete prediction model using the incre-
mental form and, thereafter, improve performance with input
integrators added to the closed-loop system [33], it will be
necessary to map the model (63) from the continuous-time
to the discrete-time domain, which yields

Δx𝑘+1 = A (𝜁𝑘) Δx𝑘 + B (𝜁𝑘) Δu𝑘, (64)

being thematricesA(𝜁𝑘) andB(𝜁𝑘) obtained after discretizing
the model using a zero-order hold with sampling time 𝑇𝑠

(in this work, variables in continuous-time and discrete-time
domain are differentiated by the time variable 𝑡 and the
sampling variable 𝑘).

Finally, choosing the control increment 𝛿u𝑘 ≜ Δu𝑘 −Δu𝑘−1 to be the control input, the extended discrete linearized
system can be rewritten in the incremental form as

[Δx𝑘+1Δu𝑘

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
ΔX𝑘+1

= [A (𝜁𝑘) B (𝜁𝑘)
04×24 I4×4

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
A(𝜁𝑘)

[ Δx𝑘Δu𝑘−1

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
ΔX𝑘

+ [B (𝜁𝑘)
I4×4

]⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
B(𝜁𝑘)

𝛿u𝑘. (65)

4.2. Prediction Model. The state-space model (65) gives the
one-step ahead prediction and can be used recursively to
obtain the predictionmodel considering a prediction horizon𝑁𝑝 and control horizon𝑁𝑐. Thus, considering the case where𝑁𝑐 < 𝑁𝑝 and assuming 𝛿u𝑘+𝑖 = 04×1, ∀𝑖 ≥ 𝑁𝑐, the 𝑁𝑝-step
ahead prediction yields

ΔX𝑘+𝑁𝑝
= (𝑁𝑝∏

ℓ=1

A (𝜁𝑘+𝑁𝑝−ℓ))ΔX𝑘

+ (𝑁𝑝−1∏
ℓ=1

A (𝜁𝑘+𝑁𝑝−ℓ))B (𝜁𝑘) 𝛿u𝑘 + ⋅ ⋅ ⋅

+ (𝑁𝑝−𝑁𝑐∏
ℓ=1

A (𝜁𝑘+𝑁𝑝−ℓ))B (𝜁𝑘+𝑁𝑐−1) 𝛿u𝑘+𝑁𝑐−1.

(66)
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Thereby, defining ΔX
→

≜ [(ΔX𝑘+1)𝑇 ⋅ ⋅ ⋅ (ΔX𝑘+𝑁𝑝
)𝑇]𝑇

and 𝛿u
→

≜ [(𝛿u𝑘)𝑇 ⋅ ⋅ ⋅ (𝛿u𝑘+𝑁𝑐−1)𝑇]𝑇, it is possible to write
the prediction model as

ΔX
→

= PΔX𝑘 +H𝛿u
→
, (67)

where the matrices P ∈ R28⋅𝑁𝑝×28 and H ∈ R28⋅𝑁𝑝×4⋅𝑁𝑐 are
given by

P = [
[( 1∏

ℓ=1

A (𝜁𝑘+1−ℓ))
𝑇 ( 2∏

ℓ=1

A (𝜁𝑘+2−ℓ))
𝑇 ⋅ ⋅ ⋅ (𝑁𝑝∏

ℓ=1

A (𝜁𝑘+𝑁𝑝−ℓ))
𝑇]
]

𝑇

,

H =
[[[[[[[[[[[[
[

B (𝜁𝑘) 028×4 ⋅ ⋅ ⋅ 028×4

(2−1∏
ℓ=1

A (𝜁𝑘+2−ℓ))B (𝜁𝑘) B (𝜁𝑘+1) ⋅ ⋅ ⋅ 028×4

... ... d
...

(𝑁𝑝−1∏
ℓ=1

A (𝜁𝑘+𝑁𝑝−ℓ))B (𝜁𝑘) (𝑁𝑝−2∏
ℓ=1

A (𝜁𝑘+𝑁𝑝−ℓ))B (𝜁𝑘+1) ⋅ ⋅ ⋅ (𝑁𝑝−𝑁𝑐∏
ℓ=1

A (𝜁𝑘+𝑁𝑝−ℓ))B (𝜁𝑘+𝑁𝑐−1)

]]]]]]]]]]]]
]

.
(68)

4.3. Optimization Problem. Consider the standard quadratic
cost function

J = 𝑁𝑝∑
𝑖=1

W𝑘+𝑖 − ΔX𝑘+𝑖
2Q + 𝑁𝑐−1∑

𝑗=0

𝛿u𝑘+𝑗

2R , (69)

whereW𝑘+𝑖 = (Xtr
𝑘+𝑖−Xtr

𝑘 ) for 𝑖 = 1, . . . , 𝑁𝑝,X
tr
𝑘+𝑖 being the

reference trajectory at the instant 𝑘+ 𝑖. Moreover,Q ∈ R28×28

and R ∈ R4×4 are, respectively, weighting matrices of states
error and control effort.

The cost function (69) can be written in the matrix form
by means of the prediction model (67) as

J = (H𝛿u
→

+PΔX𝑘 −W
→

)𝑇

⋅ΩQ (H𝛿u
→

+PΔX𝑘 −W
→

) + 𝛿u𝑇

→
ΩR𝛿u

→
, (70)

where ΩQ ≜ blkdiag(Q, . . . ,Q) ∈ R28⋅𝑁𝑝×28⋅𝑁𝑝 and ΩR ≜
blkdiag(R, . . . ,R) ∈ R4⋅𝑁𝑐×4⋅𝑁𝑐 are block diagonal matrices,
andW

→
≜ [(W𝑘+1)𝑇 ⋅ ⋅ ⋅ (W𝑘+𝑁𝑝

)𝑇]𝑇.
Finally, (70) can be rewritten in the canonical quadratic

form as

J = 12𝛿u𝑇

→
Λ𝛿u

→
+ f𝑇𝛿u

→
+ 𝑓0, (71)

where 𝑓0 = (PΔX𝑘 − W
→

)𝑇ΩQ(PΔX𝑘 − W
→

), f𝑇 =
2(PΔX −W

→
)𝑇ΩQH, and Λ = 2(H𝑇ΩQH +ΩR).

Adding constraints on the objective variable 𝛿u
→
, the most

general optimization problem must be solved:

min
𝛿u
→

12𝛿u𝑇

→
Λ𝛿u

→
+ f𝑇𝛿u

→
+ 𝑓0 s.t. M𝛿u

→
≤ N. (72)

The constraints considered above can be used to limit the
control signal amplitude avoiding saturation in the actuators
and to limit the maximum state error. In both cases, the
constraints must be mapped to the amplitude of the control
increment 𝛿u as in [14]

M ≜ [[[[[
[

C2−C2

H

−H
]]]]]
]
, N ≜

[[[[[[
[

C1 (umax − Δu𝑘−1) − utr𝑘
→−C1 (umin − Δu𝑘−1) + utr𝑘
→ΔXmax −PΔX𝑘−ΔXmin +PΔX𝑘

]]]]]]
]
, (73)

where (⋅)max and (⋅)min are, respectively, the maximum and
minimum values allowed for the variable, and the matrices
C1 and C2 are defined as

C1 =
[[[[[[
[

I4×4

I4×4...
I4×4

]]]]]]
]
, C2 =

[[[[[[
[

I4×4 04×4 ⋅ ⋅ ⋅ 04×4

I4×4 I4×4 ⋅ ⋅ ⋅ 04×4... ... d
...

I4×4 I4×4 ⋅ ⋅ ⋅ I4×4

]]]]]]
]
. (74)

4.4. Applied Control Signal. Using the relationsΔu𝑘 = u𝑘−utr𝑘
and 𝛿u𝑘 = Δu𝑘 − Δu𝑘−1, the control signal at the time instant𝑘 can be written as

u𝑘 = utr𝑘 + Δu𝑘−1 + 𝛿u𝑘, (75)

where 𝛿u𝑘 results from the optimization problem (72) and utr𝑘
is the feedforward term (61).



Journal of Advanced Transportation 13

MPC
controller

Unscented
Kalman

�lter

ZOH
Tilt-rotor UAV

with suspended load

12 ms,
24 ms,
120 ms

Sensors

+

uk

xk

d

yk vk

(x)q̈ＮＬ

q̇ＮＬ

qＮＬ

Figure 4: The proposed control and state estimation strategy.

5. Simulation Scenario

This section describes the simulation scenario used to eval-
uate the performance of the proposed control and state
estimation strategy. The implemented control structure is
presented in Figure 4.

5.1. Model and Design Parameters. The model parameters of
the tilt-rotor UAV with suspended load are shown in Table 1.
Mass, inertia, and displacement parameters of the aircraft

were obtained from CAD model, designed in Solidworks�
software. The parameters related to the suspended load,
as well as 𝑘𝜏 and 𝑏, are the same considered in [12]. The
gravitational acceleration is assumed constant, and 𝜆𝑅 and𝜆𝐿 are given according to the following: the right propeller
of the aircraft rotates counter-clockwise and the left one
rotates clockwise. From those data, and assuming 𝜓 = 0, the
following equilibrium points was obtained to construct the
vector qtr used in (60) and (61)

𝜙eq = 0, 𝜃eq = 0, 𝛾eq1 = 0.0001563, 𝛾eq2 = 0.0287134,
𝛼eq
R = 0.0288375, 𝛼eq

L = 0.0283718, 𝑓eq
R = 9.7903455, 𝑓eq

L = 9.8252665,
𝜏eq𝛼R

= 0, 𝜏eq𝛼L
= 0.

(76)

For simplicity, the sensors’ noise was assumed to have
a Gaussian probability distribution, and the measurement
error is defined as three times the standard deviation.
However, such assumption is not required by the UKF
to estimate the system states (34). Additionally, this work
considers known disturbances affecting the aircraft, which
may represent the presence of wind gusts, and all sensors
are synchronized. Table 2 shows the sensors’ measurement
error and their sampling time. The relations between the
measured variables and those presented in (42) are as follows:
𝜉B ≡ {𝑠1, 𝑠2, 𝑠3}, 𝜂B ≡ {𝑠4, 𝑠5, 𝑠6}, 𝜔BIB ≡ {𝑠7, 𝑠8, 𝑠9}, dBBL ≡{𝑠10, 𝑠11, 𝑠12}, 𝛼R ≡ {𝑠13}, 𝛼L ≡ {𝑠14}, �̇�R ≡ {𝑠15}, and �̇�L ≡ {𝑠16}.

For time instants 𝑘multiples of 120ms, the measurement
vector is full, being y𝑘,{𝑇𝑠}

= [𝑠1 𝑠2 𝑠3 𝑠4 𝑠5 𝑠6 𝑠7 𝑠8 𝑠9𝑠10 𝑠11 𝑠12 𝑠13 𝑠14 𝑠15 𝑠16]𝑇, while for those multiples
of 24ms the vector does not have GPS information,
and then y𝑘,{𝑇𝑠}

=[𝑠3 𝑠4 𝑠5 𝑠6 𝑠7 𝑠8 𝑠9 𝑠10 𝑠11 𝑠12 𝑠13 𝑠14𝑠15 𝑠16]𝑇. Finally, for time instants multiples of 12ms, the
measurement vector does not have neither GPS nor camera
information; thus y𝑘,{𝑇𝑠}

= [𝑠3 𝑠4 𝑠5 𝑠6 𝑠7 𝑠8 𝑠9 𝑠13 𝑠14𝑠15 𝑠16]𝑇.

The initial state vector is considered to be precisely
known, that is, x̂0|0 = x0, and the covariance matrices used
in the filter algorithm are given by

P𝑥
0|0 = 0.001 ⋅ I20×20,
Q𝑘 = diag (0.0001 ⋅ 12×1, 0.001, 0.00001 ⋅ 13×1, 0.05 ⋅ 12×1,

0.001 ⋅ 12×1, 0.01 ⋅ 16×1, 0.05 ⋅ 12×1, 0.1 ⋅ 12×1) ,
(77)

and R𝑘,{𝑇𝑠}
being a diagonal matrix composed by the sensor

standard deviation, that is, the measurement error divided by
three, regarding the sensors information available at the time
instant 𝑘.

For discretization of the linearized Jacobians,A(𝜁(𝑡)) and
B(𝜁(𝑡)), in (63), it is assumed that 𝑇𝑠 = 12ms. The predic-
tion and control horizons, chosen considering the trade-off
between good performance and small computational cost, are𝑁𝑝 = 100 and 𝑁𝑐 = 10. Furthermore, the saturation level
of the tilt-rotor UAV actuators and the maximum state error
allowed, used in (73), are
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Δ𝑥 = [−1, 1] , Δ𝑦 = [−1, 1] , Δ𝑧 = [−1, 1] ,
Δ𝜙 = [−0.8, 0.8] , Δ𝜃 = [−0.8, 0.8] , Δ𝜓 = [−0.8, 0.8] ,

Δ𝛾1 = [−0.8, 0.8] , Δ𝛾2 = [−0.8, 0.8] , Δ𝛼R = [−0.8, 0.8] , Δ𝛼L = [−0.8, 0.8] ,
𝑓R = [0, 15] , 𝑓L = [0, 15] , 𝜏𝛼R

= [−2, 2] , 𝜏𝛼L
= [−2, 2] ,

(78)

where the error limitations were chosen regarding mea-
surement error and disturbances effect on the system. The
actuators’ bounds are due to physical constraints.

The Bryson’s rule [35] was used as starting point to
synthesize the MPC controller’s weighting matrices, which
are given by

Q = diag(4022
, 4022

, 2022
, 5(𝜋/2)2 , 5(𝜋/2)2 , 10(𝜋)2 , 10(𝜋/2)2 , 10(𝜋/2)2 , 0.1(𝜋/2)2 , 0.1(𝜋/2)2 , 1022

, 1022
, 522

, 1(𝜋/3)2 , 1(𝜋/3)2 , 1(𝜋/4)2 , 5(3𝜋)2 ,
5(3𝜋)2 , 0.1(3𝜋)2 , 0.1(3𝜋)2 , 40, 40, 40, 20, 40

(𝑓eq
𝑅 − 15)2 ,

40
(𝑓eq

𝐿 − 15)2 ,
20

(𝜏eq𝛼𝑅 − 2)2 ,
20

(𝜏eq𝛼𝐿 − 2)2) ,
R = diag( 200

(𝑓eq
R − 15)2 ,

200
(𝑓eq

L − 15)2 ,
1000

(𝜏eq𝛼R − 2)2 ,
1000

(𝜏eq𝛼L − 2)2) .
(79)

5.2. Desired Trajectory. To explore the controller capabilities,
the proposed trajectory to be tracked by the suspended
load is composed of several interconnected paths, which are
described by polynomial and/or sinusoidal functions. It starts
with vertical take-off, followed by straight line tracking with
changes in direction, and ends with vertical landing. Along
with the desired position, yaw’s movements are specified in
order to always have the aircraft performing the trajectory
head-on (see Figure 5). Moreover, to evaluate the disturbance
compensation of the proposed strategy, external forces are
applied to the suspended load. Figure 6 shows the distur-
bance profile for the desired trajectory, which may represent
sustained wind gusts affecting the load.Themagnitude of the
disturbancesmay seem low at a first glance; however themass
of the load is very small (see Table 1).

6. Numerical Results and Discussion

This section presents the numerical results obtained with the
proposed control and state estimation strategy when sub-
jected to the simulation scenario described before.The simu-
lations have been carried out using the MATLAB/Simulink�
environment. A detailed analysis about the performance of
the control system when solving the path tracking problem
of a suspended load carried by a tilt-rotor UAV is provided.

The trajectories performed by the tilt-rotor UAV and
the suspended load are shown in Figures 5 and 7. The
tracking error is illustrated in Figure 8. The path tracking
was performed successfully, from take-off to landing, and
throughout the different paths that compose the trajectory,
including yaw angle regulation.These results demonstrate the
joint performance of the designed MPC controller and the
UKF estimator, using the adopted control structure.

During the vertical take-off, the aircraft starts to fly while
the load remains in the ground. Only when the distance
between the aircraft and the floor is greater than the rope’s
length, the tilt-rotor UAV starts to carry the load. Vice versa,
in the landing maneuver, the aircraft flies free of load once it
has touched the ground. Figure 9 highlights this behavior in
the first 5 and last 10 seconds of simulation. At the beginning
of the simulation, the rope’s length increases until it reaches
its maximum value; then, the aircraft starts to carry the
suspended load and the totalmass increases. Likewise, during
the landing, last 10 seconds, the load touches the ground
and the rope’s length decreases until the aircraft landing
finishes. Also, Figure 9 shows the total mass reduction when
the load touches the ground. The controller was capable of
dealing with this problem due to the incorporation of 𝑙(𝑡)
in the time-varying parameters vector 𝜁(𝑡) and the model-
based nature of predictive controllers. The load’s mass was
not incorporated in 𝜁(𝑡) for two main reasons: (i) in order to
consider the mass variation as a time-varying parameter in
the same way that 𝑙(𝑡) was considered, the load’s mass needs
to be estimated or informed to the controller before the flight
starts; (ii) it is reasonable to assume that the relation between
the UAV’s mass and the load’s mass is small enough to be
rejected by the controller as parametric uncertainty when
the actual load’s mass is different from the one considered in
Table 1.

Figure 10 shows the time evolution of the remaining
degrees of freedom, which are kept stable as the trajectory is
performed. Since the aircraft’s behavior is described implicitly
by those variables, one can conclude that the UAV was
stabilized along the trajectory. It is important to note that
the designed MPC controller was able to stabilize the aircraft
without the need of a cascade control structure, since the



Journal of Advanced Transportation 15

x (m)

−2

0
2

4
6

8

−1

0

1

2

3

4

5

6

7

z
(m

)

0

2

4
6

8
10

12

y (m
)

Desired
Performed (load)
Performed (UAV)

Figure 5:Three-dimensional trajectories of the suspended load (blue), the tilt-rotor UAV (red), and the desired trajectory (dashed black). At
the beginning and at the end of the path, the rope’s length is reduced, while throughout the trajectory the rope reaches its maximum value.

0

0.02

0.04

0.06

0.08

0.1

0 10 20 30 40 50 60

Time (s)

dx

dy

dz

d
(N

)
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proposed modeling considered all the dynamic couplings
between the rigid bodies.

Figure 11 shows the actuator signals generated by the
MPC controller. Despite being noisy, the control signals did
not reach the actuators’ limits. In an experimental setup, the
inherent inertial properties of the aircraft actuators, which
are commonly brushless DCmotors and servomotors, would
attenuate such noise naturally.

Figures 12 and 13 present, respectively, the estimation
error for the generalized coordinates and for their time
derivatives, along with the confidence limits (i.e., three times
the standard deviation). In all cases, the estimation error
is close to zero and is kept inside the confidence limits,
demonstrating the performance of the unscented Kalman
filter. Recalling the nonlinearities of the system (35) and
the measurement equation (42), the UKF was then able
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Table 1: Model parameters of the tilt-rotor UAV with suspended
load.

Parameter Value
𝑚L 0.05000Kg𝑚1 1.70249Kg𝑚2,𝑚3 0.13973Kg𝑙max 1m
dL
B [0 0 𝑙]𝑇 m

dB
C1

[−0.00433 0.00060 −0.04559]𝑇 m
dB
C2

[0.00002 −0.27761 0.05493]𝑇 m
dB
C3

[0.00077 0.27761 0.05493]𝑇 m
IL 2.645 ⋅ 10−6 ⋅ I3×3 Kg⋅m2

I1
[[[[
[

3697.66749 0.36342 −9.51029
∗ 840.10403 0.61804
∗ ∗ 3865.05354

]]]]
]

⋅ 10−6 Kg⋅m2

I2
[[[[
[

441.68245 0 0
∗ 441.67985 −1.07006
∗ ∗ 0.64418

]]]]
]

⋅ 10−6 Kg⋅m2

I3
[[[[
[

441.68245 0 0
∗ 441.67985 1.07006
∗ ∗ 0.64418

]]]]
]

⋅ 10−6 Kg⋅m2

ĝ [0 0 −9.81]𝑇 m/s2

𝑘𝜏 1.7 ⋅ 10−7 N⋅m⋅s2𝑏 9.5 ⋅ 10−6 N⋅s2(𝜆R, 𝜆L) (1, −1)𝛽 5∘

𝜇𝛾, 𝜇𝛼 0.005N⋅m/(rad/s)

Table 2: Sensors parameters for the considered scenario.

Sensor Measurement error Sampling time
GPS {𝑠1, 𝑠2} ±0.15m 120ms
Barometer {𝑠3} ±0.51m 12ms

IMU {𝑠4, 𝑠5, 𝑠6} ±2.618 ⋅ 10−3 rad 12ms{𝑠7, 𝑠8, 𝑠9} ±16.558 ⋅ 10−3 rad/s

Camera {𝑠10, 𝑠11} ±0.005m 24ms{𝑠12} ±0.02m
Servos {𝑠13, 𝑠14} ±5.67 ⋅ 10−3 rad 12ms{𝑠15, 𝑠16} ±0.50772 rad/s

to estimate the means and covariances of the posterior
distributions in a consistent manner, despite the sensors’
different sampling rates.

Some patterns arose in the confidence limits due to the
greater sampling rates of the GPS and the camera, whose
measurements are available only every 120ms and 24ms for
performing the data assimilation step, respectively.The other
sensors’ data are available every 12ms, which is also the
controller sampling time. These patterns are expected since
the estimation is more accurate and has smaller confidence
limits every time that more data are available to be used
in the data assimilation step. This result illustrates that,
despite having nonlinear dynamics and sensors with different
sampling rates, the unscented Kalman filter is able to recover
the state vector from the information provided only by the
UAV’s embedded sensors.

Based on the presented results, the proposed modeling,
control and estimation strategies were demonstrated to be
appropriate to solve the problem of path tracking control of
the suspended load. A next research step consists in vali-
dating the proposed approach considering an experimental
setup.
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7. Conclusions

This paper proposed a detailed model and the design of a
control and state estimation strategy to solve the path tracking
control problem of a suspended load using a tilt-rotor UAV
when it is operating in the helicopter flight-mode.

A modeling approach was presented, in which the
kinematics of the system were formulated from the load’s
perspective, being the load’s position and orientation chosen
as degrees of freedom of the multibody mechanical system.
The UAV’s position and orientation were described only with
respect to the load. By using the Euler-Lagrange formulation,
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Figure 12: Time evolution of the estimation error of the generalized coordinates, along with the confidence limits. Patterns are highlighted
to illustrate the estimation behavior in presence of different sampling rates.

the equations of motion were obtained, while taking into
account the dynamic coupling between the aircraft and the
load, the existence of viscous friction at the suspension
point and at the tilting mechanisms, and also external forces
affecting the load. The nonlinear state-space representation
of the system was obtained, with the load’s position and
orientation as state variables.

Assuming that the UAV’s embedded sensors provide
noisy informationwith different sampling rates, an unscented
Kalman filter was proposed for nonlinear state estimation
of all the state variables, based on the model attained
and measurement equations developed from kinematic con-
cepts. Moreover, based on linearized time-varying state-
space equations augmented with integral actions, a model
predictive control strategy was designed for path tracking
of the suspended load with stabilization of the tilt-rotor
UAV. The proposed model predictive controller allows yaw

angle tracking, take-off and landing maneuvers, situations
where the rope’s length and the total system mass are not
constant.The feedback control loop was performed using the
estimation provided by the UKF.

The proposed strategy in this workwas evaluated through
numerical experiments in MATLAB/Simulink environment.
The trajectory performed by the load comprised vertical
take-off, straight line following with direction changing, and
vertical landing, with disturbances being applied to the load
and also under total mass and rod’s length variation. The
unscented Kalman filter was able to estimate the entire
state vector from the information provided by the sensors,
while the MPC controller was able to perform the control
task using the provided estimation, without saturating the
aircraft actuators. The presented results demonstrated the
good performance of the designed MPC controller and
the unscented Kalman filter for path tracking of the load
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Figure 13: Time evolution of the estimation error of the generalized coordinates derivatives, along with the confidence limits. Patterns are
highlighted to illustrate the estimation behavior in presence of different sampling rates.

using a tilt-rotor UAV, in this challenging, not yet addressed
scenario.

One of the biggest appeals of tilt-rotor UAVs is their
ability to take-off and land vertically, perform hover flights,
and achieve improved forward velocities when in airplane-
like mode. This work dealt only with helicopter-like flights,
in which the thrusters’ groups motions are limited to small
tilting angles. However, as stated before, the inclusion of
aerodynamic surfaces into the proposedmodel is straightfor-
ward. Further, the proposed estimation and control strategy
is general enough to cope with both flight modes, including
the transition between them.

7.1. Future Works and Limitations. The main limitation of
the proposed approach is the computational cost associated
with the estimation and control algorithms. Since one of the
goals of this work was to perform yaw angle tracking, the

use of a nonlinear estimator and a controller based on a lin-
earized time-varying model became necessary. As discussed
in Section 4, this model is not affine in the parameters; that
is, it is not possible to obtain a polytopic representation for
the linearized model. This fact prevents the use of techniques
that could allow the prediction horizon reduction, which is
directed related to the controller computational cost. Regard-
ing the estimator, the requirement to perform yawmotion on
flight, which makes the linearized model unsuitable far from
the chosen operational points, together with the inability to
derive Jacobian andHessianmatrices from themodel derived
in Section 2 using numerical computation software, made the
choice of a filter with higher computational cost necessary.

Future works will propose ways to reduce the computa-
tional cost of the proposed controller allowing implementing
it in embedded systems. Approaches that use piecewise
linearized models or models identified in subspace models
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could be a possible way to address this issue. Also, studying
computational efficient ways to implement UKF algorithms
will be a future work. Once the problems related to compu-
tational cost have been solved and the prototype is finished,
future works will present the aircraft aerodynamic design,
that is currently being developed, together with simulation
and experimental results for load transportation tasks.
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Currently, almost unrestricted access to low-lying areas of airspace creates an opportunity to use unmanned aerial vehicles (UAVs),
especially those capable of vertical take-off and landing (VTOL), in transport services. UAVs become increasingly popular for
transporting postal items over small, medium, and large distances. It is forecasted that, in the near future, VTOL UAVs with a high
take-offweight will also deliver goods to very distant and hard-to-reach locations.Therefore, UAVnavigation plays a very important
role in the process of carrying out transport services. At present, during the flight phase, drones make use of the integrated global
navigation satellite system (GNSS) and the inertial navigation system (INS). However, the inaccuracy of GNSS + INS makes it
unsuitable for landing and take-off, necessitating the guidance of a human UAV operator during those phases. Available navigation
systems do not provide sufficiently high positioning accuracy for an UAV. For this reason, full automation of the landing approach
is not possible. This paper puts forward a proposal to solve this problem.The authors show the structure of an autonomous system
and a Doppler-based navigation procedure that allows for automatic landing approaches. An accuracy evaluation of the developed
solution for VTOL is made on the basis of simulation studies.

1. Introduction

Military applications [1–3] were the beginning of the devel-
opment of unmanned aircraft systems. The increase in their
availability contributes to the widespread use of unmanned
aerial vehicles (UAVs) in civilian applications. In this case,
monitoring large areas of land or sea is the main purpose. It
concerns such areas of human activity as an agriculture [4, 5],
energetics (i.e., photovoltaic plants [6–8] and high voltage
lines [9]), environment protection [10], search and rescue [11],
forestry and fire detection [12, 13], water area management
[14, 15], and so on. An automation of monitoring procedures,
low costs, and minimization of human resources in the UAV
exploitation are conducive to the dynamic growth of their use
in the civilian applications. The UAV monitoring is mainly
based on optical sensors, whereas take-off and landing are
usually done in the same place. Currently, almost unrestricted
access to low-lying areas of airspace creates an opportunity to
use UAVs in transport services. In this case, the place of the
take-off and landing is far removed.This significantly hinders

the implementation of navigation procedures, especially at
the landing stage. In this article, we present a method of
automatic landing approach that can be used especially in
UAV transport services over long distances.

The advantage of this mode of transport is its indepen-
dence of road infrastructure, traffic volume, and difficult
terrain conditions. Hence, UAVs are increasingly used to
transport long distances to small postal items and medicines
in hard-to-reach areas. A practical example of such a solution,
developed at the initiative of the United Nations Children’s
Fund (UNICEF), is the use of UAVs to transport blood sam-
ples in Malawi (Africa) [16]. Nowadays, the transportation
of blood at close distance between hospitals [17] or other
packages [18] is already achieved. In the future, increasing
the load capacity of UAVs will enable fast transport services
in hard-to-reach environments such as islands, mountainous,
desert, and polar areas (i.e., the Arctic and the Antarctic). In
this case, vertical take-off and landing (VTOL)UAVswill play
a special role, as they do not require landing strips, but only
small landing pads. Hence, VTOLs may be used to land at
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such locations as islands, oil platforms, vessels, or skyscraper
roofs.

The basic method for navigating UAVs over long dis-
tances is based on the use of a global navigation satel-
lite system (GNSS) supported by the UAV’s own inertial
navigation system (INS) [19–22]. However, these systems
cannot be directly used in the final stage of the flight, that
is, during landing, due to the low positioning accuracy of
moving objects inherent in such systems. A practical solution
to this problem is to use optical cameras, which allow the
operator to remotely control the landing process. However,
this method requires the use of a broadband control channel
and may only be used during daylight and in good visibility
conditions. Under night conditions and in poor visibility,
a thermal imaging camera [6, 23–25] or synthetic aperture
radar (SAR) [26–28]may be used. Furthermore, long distance
wireless communications are characterized by significant
delays and, in the case of the hard-to-reach areas, only
satellite communications [29] can be used. In these cases, the
navigation system requires a large and expensive extension,
which prevents its commercial use. High costs and, above all,
the necessity to change the destination location (landing area)
for the transport also prevent the use of conventional landing
navigation systems [20, 21, 30, 31] such as the instrument
landing system (ILS), microwave landing system (MLS), or
local area augmentation system (LAAS). In this case, the
operational range for these systems is limited to the space
around large airports.

The high precision required for determining the current
position of the object and the required flexibility in terms of
landing spots limit the ability to use UAVs for air transport.
Therefore, the study of a precise and simple positioning
method, which would give the user flexibility in terms of
landing locations and conditions, is essential for development
of this transport sector. This paper presents a proposal for a
solution that uses spatially distinctive features of the Doppler
effect. The presented navigation procedure is based on an
analytical relationship that describes the Doppler frequency
shift (DFS), as a function of the receiver position [32].
This formula is the basis of the signal processing method
called the signal Doppler frequency (SDF) [33–35], which is
used in the location systems of emission sources [36] and
navigation of objects [37, 38]. Using this method enables
complete automation of the UAV landing procedure and
eliminates the need for a broadband remote control channel.
Contemporary navigational systems often make use of pulse
signals. Consequently, these systems require large spectrum
resources. In contrast to these solutions, the developed
system is based on narrowband signals (harmonics), which
minimizes the spectrum cost. Simulation studies for VTOL
are performed in order to determine the effectiveness of the
developed procedure, that is, the accuracy with which the
flight trajectory is determined.The obtained results show the
position errors that may occur during the VTOL landing
process and thus provide the opportunity to evaluate the
practical implementation of the developed procedure.

The remainder of the paper is organized as follows.
Section 2 presents operation principles of the Doppler-based
landing approach system for UAVs. The authors show a

structure of this system and a navigation procedure for
the landing phase. Simulation scenarios are described in
Section 3. In simulation studies, the authors assume that the
vehicle is VTOL-capable. In Section 4, obtained results are
presented. Section 5 contains the summary of the paper.

2. Operation Principle of the Proposed
Landing System

Assuming that the receiver (i.e., the UAV) moves at constant
velocity, V, the relationship between DFS, 𝑓𝐷, and the signal
source coordinates, (𝑥, 𝑦, 𝑧), is described by [32]

𝑓𝐷 (𝑥, 𝑦, 𝑧, 𝑡) ≅ 𝑓𝐷max
𝑥 − V𝑡

√(𝑥 − V𝑡)2 + 𝑦2 + 𝑧2 , (1)

where 𝑓𝐷max = 𝑓0V/𝑐 is the maximum DFS, 𝑓0 is the carrier
frequency of the emitted signal, and 𝑐 is the speed of light.

Based on (1), it follows that, for known (𝑥, 𝑦, 𝑧), direction,
and values of V, DFS measurement gives the possibility of
determining the coordinates of two possible positions of the
receiver. By using a system of two reference sources that are
located at the distance 𝑟, we eliminate the ambiguity of the
result. Averaging the results obtained from several reference
sources reduces the error of estimation for the position
coordinates of the object. Thus, increasing the number of
reference sources increases the accuracy of the positioning
of the receiver. The structure of the narrowband automatic
landing systembased on the SDFmethod is shown in Figure 1.

The basic elements of the system are the narrowband
navigation receiver (NR) and GNSS receiver integrated with
INS, both of which are installed in the UAV, and four radio
beacons (RBs) that serve as reference signal sources. Three
of RBs emit harmonic signals at frequencies 𝑓1, 𝑓2, and𝑓3, respectively. The fourth RB emits a modulated signal
that contains information about the location of each RB
relative to the destination UAV landing site. In addition,
the narrowband measurement receiver (MR) of this RB
measures the current frequency of each RB.This information
is also included with the modulating signal. This minimizes
the impact of RB instability on the DFS determination
accuracy [39].The frame structure of themodulating signal is
presented in Figure 2. Transmission of information contained
in the modulation signal frame is based on differential binary
phase shift keying (DPSK). Selecting this modulation type
makes it easy to eliminate signal modulation. The operation
of raising the DPSK signal to the second power provides
for the reconstruction of the carrier wave whose frequency
includes DFS [40].

As shown in Figures 1 and 4, the UAV navigation process
consists of two essential stages: long-range navigation and
landing. Long-range navigation uses integrated GNSS +
INS, because at this flight stage, accurate positioning is not
a critical issue. However, the landing stage requires high
positioning accuracy. The standard GNSS receiver cannot
achieve such accuracy, and thus navigation stage requires the
use of dedicated solutions. A generalized algorithm of the
precise UAV positioning at the landing stage is shown in
Figure 3.
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Figure 4: Direction of VTOL arrival to landing site with respect to the location of RBs.

Strictly determined DFSs, which occur for a close prox-
imity to particular RBs, are the criterion for the transition of
the UAV navigation system to the landing stage (point 𝐿, see
Figures 1 or 4). At a relatively large distance from the landing
site, the azimuth angle, 𝜑, has a dominant impact on 𝑓𝐷. In
this case, it is

𝜃 ≅ 𝜑, so 𝑓𝐷 ≅ 𝑓𝐷max cos𝜑, (2)

where 𝜃 is the angle between the velocity vector of the receiver
(i.e., UAV) and the direction to the signal source (i.e., RB).

Hence, changes of DFSs on the 𝐿𝑃 (see Figures 1 or
4) line segment are the basis for correcting the UAV flight
direction at a fixed altitude. Length of this segment is 𝑑.
Because UAV is moving in the direction of signal sources, the
criterion of this correction is a simultaneousmaximization of
DFSs for the all RBs’ signals. In close proximity, the elevation

angle begins to play a significant impact. If the smallest DFSs
decrease to a certain criteria value, for example, 0.8𝑓𝐷max,
then UAV changes the flight direction by 𝜃 and begins to
approach toward the nearest RB. During movement, the
RBs’ coordinates are determined in NR with respect to the
system whose 𝑂 (see Figures 1 or 4) is the origin and the 𝑥-
axis coincides with the direction of the new trajectory. The
formulas that describe the RBs’ coordinates are defined using
the SDF method [33]

�̃�𝑘 = V
𝑡2𝐴𝑘 (𝑡2) − 𝑡1𝐴𝑘 (𝑡1)𝑡2𝐴𝑘 (𝑡2) − 𝑡1𝐴𝑘 (𝑡1) , ∀𝑘=1,...,𝐾

�̃�
𝑘

2 + �̃�𝑘2 = [V (𝑡2 − 𝑡1) 𝐴𝑘 (𝑡2) 𝐴𝑘 (𝑡1)𝐴𝑘 (𝑡2) − 𝐴𝑘 (𝑡1) ]2 , ∀𝑘=1,...,𝐾,
(3)
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where (�̃�𝑘, �̃�𝑘, �̃�𝑘) is the estimated coordinates of the 𝑘th RB,
𝐴𝑘(𝑡) = √1 − 𝐹𝑘2(𝑡)/|𝐹𝑘(𝑡)|, 𝐹𝑘(𝑡) = [𝑐�̃�

𝐷𝑘
(𝑡)]/[V𝑓𝑘(𝑡)],�̃�

𝐷𝑘
(𝑡) is DFS for the 𝑘th RB estimated by NR at 𝑡 time

moment, 𝑓𝑘(𝑡) is the carrier frequency of the 𝑘th RB signal
measured by MR and obtained from the last received data
frame, and 𝑡1 and 𝑡2 are two different time moments of the
DFS measurement.

The navigational coordinates of UAV are determined
by transforming the RBs’ coordinates and the coordinates
obtained by the system based on the UAV’s flight trajectory

�̃�UAV𝑘 = 𝑥𝑘 + (�̃�𝑘 cos �̃� + �̃�𝑘 sin �̃�) cos �̃� + �̃�𝑘 sin �̃�,
∀𝑘=1,...,𝐾

�̃�UAV𝑘 = 𝑦𝑘 − �̃�𝑘 sin �̃� + �̃�𝑘 cos �̃�, ∀𝑘=1,...,𝐾
�̃�UAV𝑘 = 𝑧𝑘 − (�̃�𝑘 cos �̃� + �̃�𝑘 sin �̃�) sin �̃� + �̃�𝑘 cos �̃�,

∀𝑘=1,...,𝐾,

(4)

where (�̃�𝑘, �̃�𝑘, �̃�𝑘) are the real coordinates of the 𝑘th RB
included in each data frame and �̃� and �̃� are the estimated
directions of the UAV flight in the azimuth (𝑂𝑋𝑌) and
elevation (𝑂𝑋𝑍) planes determined relative to the destination
landing site (see Figure 4) by using (3); that is,

�̃� = atan( 1𝐾
𝐾∑
𝑘=1

�̃�
𝑘
+ 𝑦𝑘�̃�𝑘 + 𝑥𝑘)

�̃� = atan( 1𝐾
𝐾∑
𝑘=1

�̃�𝑘 + 𝑧𝑘�̃�𝑘 + 𝑥𝑘) .
(5)

In [33, 35, 37], analysis of the SDF method shows that
the trajectory location relative to the signal source has a
significant influence on the accuracy of the positioning the
object.The smallest positioning error occurs when 𝛼 tends to90∘, that is, when DFS converges to zero. Therefore, to min-
imize the navigation error, the weighted average coordinates
relative to the individual RBs are used to estimate the UAV
coordinates [37]

(�̃�UAV, �̃�UAV, �̃�UAV)
= ( 1𝑊

𝐾∑
𝑘=1

𝑤𝑘�̃�UAV𝑘, 1𝑊
𝐾∑
𝑘=1

𝑤𝑘�̃�UAV𝑘, 1𝑊
𝐾∑
𝑘=1

𝑤𝑘�̃�UAV𝑘) , (6)

where 𝑤𝑘 = 1 − |𝐹𝑘(𝑡)| and𝑊 = ∑𝐾𝑘=1 𝑤𝑘.
RB system simplicity gives us the ability to position the

navigation system in any field conditions. Additionally, the
minimization of spectral resources is a significant advantage
of the presented method compared to the existing solutions.

3. Scenarios of Simulation Studies

The effectiveness of the developed navigation procedure
determines the accuracy of determining the current UAV
coordinates. In this paper, an assessment of the procedure

accuracy is made on the basis of simulation tests, of which
scenarios concern the VTOL navigation. In our studies, the
following assumptions and input data are accepted:

(i) landing point is the origin of the coordinate system;
(ii) base of the navigation system is four RBs whose

positions describe the coordinates, (𝑥𝑘, 𝑦𝑘, 𝑧𝑘), where𝑘 = 1, 2, . . . , 𝐾, (𝐾 = 4); the RBs’ coordinates and
frequencies, 𝑓𝑘, of the emitted signals are presented
in Table 1;

(iii) the 𝐾th RBs emit the modulated DPSK signal, which
contains information about the position coordinates
and the current frequencies of the individual RBs;

(iv) bandwidth of the DPSK signal is 𝐵𝑇 = 80 kHz;
(v) operating frequency of NR is 𝑓𝑅 = 2.4GHz and the

reception bandwidth is about 𝐵𝑅 = 500 kHz;
(vi) instantaneous DFS is determined every 0.5 s on the

basis of the spectral analysis duration of 1.0 s; basic
frequency of the spectral analysis is 0.1Hz;

(vii) to analyze the Doppler curves, the time windows𝑇1 =5 s and 𝑇2 = 10 s are used;
(viii) in electromagnetic environment, additive noise is

occurred, and the level of the emitted signals at the
most distant point of the trajectory provides SNR =8 dB;

(ix) VTOL speed is V = 72 km/h = 20m/s and the flight
altitude is ℎ𝐿 = 50m.

The research focuses on the impact assessment of various
factors, such as the VTOL trajectory position and the flight
direction relative to the RBs. In the first stage of simulation
studies, two scenarios, Sc. 1 and Sc. 2, are examined (𝛼 = 0).
Figure 4 shows their geometry in the elevation (a and b, resp.,
for Sc. 1 and Sc. 2) and azimuth plane (c). The second stage
of the research is also based on Sc. 1 and Sc. 2. In this case,
the study focuses on the impact assessment of the arrival
direction in the azimuth plane, 𝛼.

We assumed that the UAV is flying using the long-range
navigation (GNSS + INS) method at an average altitude ofℎ𝐿. At the point 𝐿, the aircraft navigation system switches
to the landing phase, that is, it begins to use the navigation
procedure descripted in Section 2. In Sc. 1, VTOL flies at a
constant altitude to the point𝑃 located above the landing site.
The destination landing point 𝑂 is reached by reducing the
altitude in the vertical direction. In the case of Sc. 2, the flight
on the line segment 𝐿𝑃 is performed at the angle 𝛽, assuming
that, at the point 𝑃, UAV is at the altitude ℎ𝑃. This angle is
determined by

𝛽 = atan(ℎ𝐿 − ℎ𝑃𝑑 ) , (7)

where𝑑 is the length ofLP graphical projected on the azimuth
plane (𝑂𝑋𝑌). In simulation studies, we assume that 𝑑 =400m and ℎ𝑃 = 30m.

The VTOL approach direction with respect to the posi-
tion of RBs has also a significant influence on the navigation
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Table 1: Location coordinates of RBs and frequencies of signals emitted by them.

𝑘th RB 𝑥𝑘 (m) 𝑦𝑘 (m) 𝑧𝑘 = ℎ𝑇 (m) 𝑓𝑘 (kHz) Notes
1 20 20 2 2,399,800 Harmonic signal
2 20 −20 2 2,399,850 Harmonic signal
3 −20 −20 2 2,399,900 Harmonic signal
4 −20 20 2 2,400,100 DPSK; RB + MR

accuracy. The results of these studies show the required
location of RBs relative to the expected direction of VTOL
approach. In simulation studies, Sc. 1 and Sc. 2 are also used
to evaluate the impact of theVTOL approach direction on the
navigation error.

4. Results

The simulation studies involve the implementation of pro-
cedures such as the generation of RBs’ harmonic signals,
generation of environmental noise, and determination of
the VTOL coordinates based on the estimated DFSs. Each
generated harmonic signal contains DFS that results from
the VTOL position relative to corresponding RB.This DFS is
determined on the basis of (1). The generated environmental
noise is a normal band signal, whose dynamics relative to the
harmonic signal dynamics provides SNR = 8 dB at the range
of the navigation system.TheVTOL positioning procedure is
performed as described in Section 2.

To evaluate the positioning error, Δ𝑅, also called the
navigation error, the following metric is used:

Δ𝑅
= √(�̃�UAV − 𝑥UAV)2 + (�̃�UAV − 𝑦UAV)2 + (�̃�UAV − 𝑧UAV)2,

(8)

where (�̃�UAV, �̃�UAV, �̃�UAV) and (𝑥UAV, 𝑦UAV, 𝑧UAV) are the
estimated and real coordinates of UAV, respectively.

The assessment of the impact of the landing trajectory
position with respect to RBs is performed for 𝛼 = 0∘ and
two analyzed temporal windows. Figures 5 and 6 present the
navigation error versus the distance to the target landing site
for 𝑇1 and 𝑇2, respectively.

As you can see, the average navigation errors, Δ𝑅 on line
section 𝑑 = 400m for Sc. 1, are more than 1.3 and 1.6 times
smaller compared to Sc. 2 for 𝑇1 and 𝑇2, respectively. At the
target landing point, these errors reach 𝑇1 Sc. 1: Δ𝑅 = 0.08m
and Sc. 2: Δ𝑅 = 0.33m; on the other hand 𝑇2 Sc. 1: Δ𝑅 =0.18m and Sc. 2: Δ𝑅 = 0.46m. For Sc. 2, the navigation error
has a large deviation (spread), 𝜎Δ, which is 12m, and for Sc.
1, this error deviation does not exceed 5m.

The direction of the VTOL landing approach relative to
the RBs’ locations has also a significant impact on Δ𝑅. Based
on Sc. 1 for 𝑇1, simulation studies that show a variability
in navigation accuracy as a function of distance from the
landing site are performed. The results of these tests, that is,Δ𝑅 versus the distance from the landing point, are shown in
Figure 7 for selected values 𝛼 = 0∘, 𝛼 = 20∘, and 𝛼 = 40∘.

It can be seen that the proper VTOL approach direc-
tion with respect to the landing site minimizes navigation

Sc. 1: ΔR(l)

Sc. 2: ΔR(l)

Sc. 1: ΔR = 7.1 m
Sc. 2: ΔR = 9.05 m
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Figure 5: Navigation error for Sc. 1 and Sc. 2 and 𝑇1.
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Figure 6: Navigation error for Sc. 1 and Sc. 2 and 𝑇2.
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Figure 7: Navigation error for 𝛼 = 0∘, 𝛼 = 20∘, and 𝛼 = 40∘ – Sc. 1.
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Figure 9: Final navigation error versus arrival direction for Sc. 2.

errors. This fact results from the comparison of mean errors,
which are 7.10m, 2.66m, and 3.10m, respectively, for 𝛼 ={0∘, 20∘, 40∘}.

However, the navigation error that occurs at the destina-
tion landing point is most significant. Hence, the influence
assessment of the approach direction in the azimuth plane on
the final error of the VTOL positioning is made on the basis
of simulation research. For Sc. 1 and Sc. 2, the obtained results
are presented in Figures 8 and 9, respectively.

For Sc. 1, the obtained results show that the average errors
of the final position for all directions are smaller than 0.5m
for 𝑇1 and 𝑇2. In the case of Sc. 2, these errors are 0.52m
and 0.63m for 𝑇1 and 𝑇2, respectively. In Figure 8, we see
that there are four crucial sectors of the VTOL arrival for
which Δ𝑅 can reach up to 0.90m and 1.3m for 𝑇1 and 𝑇2,

respectively. These cases occur when the approach direction
overlap with the directions set by pairs of RBs. In the case of
Sc. 2 for 𝑇2, we can see that a distribution of the final errors
has a more uniform character. This is also evidenced by the
error deviations, which for Sc. 1 are larger (0.22m) than for
Sc. 2 (0.08m). For 𝑇1, the error deviations are similar, that is,0.14m and 0.16m for Sc. 1 and Sc. 2, respectively.

The results of the simulation tests show the high posi-
tioning accuracy of the aircraft in the landing phase. This
indicates the reasonability of the practical implementation
of the developed procedure. Based on the results, it can be
concluded that the smaller navigation errors were obtained
for Sc. 1 and the longer analysis time, that is, for 𝑇1. However,
given the nature of the VTOL flight, the smaller time window
may be more practical. In this case, the location of the
flight trajectory shown in Sc. 2 may be better, due to the
independence of the navigation error from the direction of
landing approach.

5. Conclusions

This paper provides the navigation procedure that enables
the automatic landing approach of VTOL. The developed
procedure is based on the Doppler effect and can be made
using a simple short-range navigation system that is mounted
anywhere at the target UAV landing. Around this place,
RBs are deployed, which transmit the harmonic signals and
the narrowband signal containing the information about
them positions. In addition, the transmission of frequency
corrections ensures that the influence of frequency instability
of signal sources is minimized. This navigation system can
work completely independently of GNSS and requires small
spectrum resources.

In the paper, the authors evaluated the impact of the
UAV trajectory, the direction of landing approach relative
to RBs, and the temporal window of the signal analysis on
the accuracy of the developed procedure. This assessment
was made on the basis of simulation studies. The results
show the high precision of the VTOL positioning. Proper
selection of parameters shows that the navigation error
near the destination landing point is less than 1m. The
executed research has shown that the developed procedure
can contribute to the full automation of the UAV landing
process, which may be important for their use in transport.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

References

[1] M. Tortonesi, C. Stefanelli, E. Benvegnu, K. Ford, N. Suri,
and M. Linderman, “Multiple-UAV coordination and com-
munications in tactical edge networks,” IEEE Communications
Magazine, vol. 50, no. 10, pp. 48–55, 2012.

[2] M. A. Ma’Sum, M. K. Arrofi, G. Jati et al., “Simulation of intelli-
gentUnmannedAerial Vehicle (UAV) formilitary surveillance,”
in Proceedings of the 2013 5th International Conference on



8 Journal of Advanced Transportation

Advanced Computer Science and Information Systems, ICACSIS
2013, pp. 161–166, September 2013.

[3] D. Orfanus, E. P. De Freitas, and F. Eliassen, “Self-Organization
as a Supporting Paradigm for Military UAV Relay Networks,”
IEEE Communications Letters, vol. 20, no. 4, pp. 804–807, 2016.

[4] J. A. J. Berni, P. J. Zarco-Tejada, L. Suárez, and E. Fereres,
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UAV based trafficmonitoring holds distinct advantages over traditional traffic sensors, such as loop detectors, as UAVs have higher
mobility, wider field of view, and less impact on the observed traffic. For traffic monitoring from UAV images, the essential but
challenging task is vehicle detection. This paper extends the framework of Faster R-CNN for car detection from low-altitude UAV
imagery captured over signalized intersections. Experimental results show that Faster R-CNN can achieve promising car detection
results compared with other methods. Our tests further demonstrate that Faster R-CNN is robust to illumination changes and cars’
in-plane rotation. Besides, the detection speed of Faster R-CNN is insensitive to the detection load, that is, the number of detected
cars in a frame; therefore, the detection speed is almost constant for each frame. In addition, our tests show that Faster R-CNNholds
great potential for parking lot car detection. This paper tries to guide the readers to choose the best vehicle detection framework
according to their applications. Future research will be focusing on expanding the current framework to detect other transportation
modes such as buses, trucks, motorcycles, and bicycles.

1. Introduction

Unmanned aerial vehicles (UAVs) hold promise of great
value for transportation research, particularly for traffic data
collection (e.g., [1–5]). UAVs have many advantages over
ground based traffic sensors [2]: great maneuverability and
mobility, wide field of view, and zero impact on ground traffic.
Due to the high cost and challenges of image processing,
UAVs have not been extensively exploited for transportation
research. However, with the recent price drop of off-the-
shelf UAV products and widely applications of surveillance
video technologies, UAVs are becoming more prominent in
transportation safety, planning, engineering, and operations.

For UAV based applications in traffic monitoring, one
essential task is vehicle detection. This task has become chal-
lenging due to the following reasons: varying illumination
conditions, background motions due to UAV movements,
complicated scenes, and different traffic conditions (con-
gested or noncongested). Many traditional techniques, such
as background subtraction [6], frame difference [7], optical

flow [8], and so on, can only achieve low accuracy; and some
methods, such as frame difference and optical flow, can only
detect moving vehicles. In order to improve detection accu-
racy and efficiency, many object detection schemes have been
applied for vehicle detection from UAV images, including
Viola-Jones (V-J) object detection scheme [9], the linear sup-
port machine (SVM) with histogram of orientated gradient
(HOG) features [10] (SVM + HOG), and Discriminatively
Trained Part Based Models (DPM) [11]. Generally, these
object detection schemes are less sensitive to image noise
and complex scenarios therefore aremore robust and efficient
for vehicle detection. However, most of these methods are
sensitive to objects’ in-plane rotation; that is, only objects
in one particular orientation can be detected. Furthermore,
manymethods, like V-J, are sensitive to illumination changes.

In recent years, convolutional neural network (CNN) has
shown impressive performance on object classification and
detection.The structure of CNNwas first proposed by LeCun
et al. [12]. As a feature learning architecture, CNN contains
convolution and max-pooling layers. Each convolutional
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layer of CNN generates feature maps using several different
convolution kernels on the local receptive fields from the
preceding layer. The output layer in the CNN combines
the extracted features for classification. By applying down-
pooling, the sizes of feature map can be decreased and the
extracted features become more complex and global. Many
studies [13–15] have shown that CNN can achieve promising
performance in object detection and classifications.

However, directly combining CNN with sliding window
strategy has difficulties to precisely localize objects [16, 17].
To address above issues, region-based CNN, that is, R-CNN
[18], SPPnet [19], and Fast-R-CNN have, been proposed
to improve objected detection performance. But the region
proposal generation step consumes too much computation
time. Therefore, Ren et al. further improved Fast R-CNN
[20] and developed the Faster R-CNN [21], which achieves
state-of-the-date object detection accuracy with real-time
detection speed. Inspired by the success of Faster R-CNN [21]
in object detection, this research aims to apply Faster R-CNN
[21] for vehicle detection from UAV imagery.

The rest of the paper is organized as follows: Section 2
briefly reviews some related work about vehicle detection
withCNN fromUAV images, followed by themethodological
details of the Faster R-CNN [21] in Section 3. Section 4
presents a comprehensive evaluation of the Faster R-CNN for
car detection. Section 5 presents a discussion on some key
characteristics of Faster R-CNN. Finally, Section 6 concludes
this paper with some remarks.

2. Related Work

A large amount of research has been performed on vehicle
detection over the years. Here we only focus on vehicle
detection with CNN from UAV images. Some of the most
related work is reviewed here.

Pérez et al. [22] developed a traditional object detection
framework based on the sliding window strategy with a
classifier.This paper designed a simple CNN network instead
of using traditional classifiers (SVM, Boosted Trees, etc.).
As the sliding window strategy is time-consuming when
handling multiscale objects detection, the framework of [22]
is time-consuming for vehicle detection from UAV images.

Ammour et al. [23] proposed a two-stage car detection
method, including candidate regions extraction and classi-
fication stage. In the candidate regions extraction stage, the
authors employed the mean-shift algorithm [24] to segment
images. Then fine-tuned VGG16 model [25] was used to
extract region feature. Finally, SVM was used to classify
the features into “car” and “non-car” objects. The proposed
framework of [23] is similar to R-CNN [18], which was
time-consuming when generating region proposals. Besides,
different models should be trained for the three separate
stages, which increases the complexity of [23].

Chen et al. [15] proposed a hybrid deep convolutional
neural network (HDNN) for vehicle detection in satellite
images to handle large-scale variance of vehicles. However,
when applying HDNN for vehicle detection from satellite
images, it takes about 7-8 seconds to detect one image even
using Graphics Processing Unit (GPU).

Training
videos

Training stage

Training dataset

Region Proposal
Networks (RPN)

Testing
videos

Image extraction

Detection stage

Vehicle detection results

Vehicle detection
with Faster R-CNNFast R-CNN

Joint training

Final Faster
R-CNN Model

Figure 1: Car detection framework with the Faster R-CNN.

Inspired by the success of Faster R-CNN in both detection
accuracy and detection speed, this work proposed a car
detection method based on Faster R-CNN [21] to detect cars
from low-altitude UAV imagery. The details of the proposed
method are presented in the following section.

3. Car Detection with Faster R-CNN

Faster R-CNN [21] has achieved state-of-the-art performance
for multiclass object detection in many fields (e.g., [19]). But
so far no direct application of Faster R-CNN on car detection
from low-altitude UAV imagery, particularly under urban
environment, has been applied. This paper aims to fill this
gap by proposing a framework for car detection from UAV
images using Faster R-CNN, as shown in Figure 1.

3.1. Architecture of Faster R-CNN. TheFaster R-CNN consists
of two modules: the Regional Proposal Network (RPN)
and the Fast R-CNN detector (see Figure 2). RPN is a
fully convolutional network for efficiently generating region
proposals with a wide range of scales and aspect ratios which
will be fed into the second module. Region proposals are
rectangular regions which may or may not contain candidate
objects. Fast R-CNN detector, the second module, is used to
refine the proposals.TheRPNand Fast R-CNNdetector share
the same convolutional layers, allowing for joint training.
The Faster R-CNN runs through the CNN only once for the
entire input image and then refines object proposals. Due
to the sharing of convolutional layers, it is possible to use a
very deep network (e.g., VGG16 [25]) for generating high-
quality object proposals.The entire architecture is a single and
unified network for object detection (see Figure 2).

3.2. Fast R-CNN Detector. The Fast R-CNN detector takes
multiple regions of interest (RoIs) as input. For each RoI (see
Figure 2), a fixed-length feature vector is extracted by the
RoI pooling layer from the convolutional layer. Each feature
vector is fed into a sequence of fully connected (FC) layers.
The final outputs of the detector through the softmax layer
and the bounding-box regressor layer include (1) softmax
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Figure 3: (a) Region Proposal Network (RPN), from [21]. (b) Car detection using RPN proposals on our UAV image.

probabilities which estimate over 𝐾 object classes plus the
“background” class and (2) related bounding-box (bbox)
values. In this research, the value of 𝐾 is 1, namely, the
object classes only contain one object “passenger car” plus the
“background” class.

3.3. Region Proposal Networks and Joint Training. When
using RPN to predict car proposals from UAV images, the
RPN takes a UAV image as input and outputs a set of
rectangular car proposals (i.e., bounding boxes), each with an
objectless score. In this paper, the VGG-16 model [25], which
has 13 shareable convolutional layers, was used as the Faster-
RCNN convolutional backend.

The RPN utilizes sliding windows over the convolutional
feature map output by the last shared convolutional layer to
generate rectangular region proposals for each position (see
Figure 3(a)). A 𝑛 × 𝑛 spatial window (filter) was convolved
with the input convolutional feature map. Then each sliding
window is projected to a lower-dimensional feature (512-d for
VGG-16), by convolving with two 1 by 1 filters, respectively,
for a box-regression layer (reg) and a box-classification layer
(cls). For each sliding window location, 𝑘 possible proposals
(i.e., anchors in [21]) were generated in the cls layer. For the
reg layer, 4𝑘outputswere generated to encode the coordinates
of 𝑘 bounding boxes. Meanwhile, 2𝑘 objectness scores were

output in the cls layer to estimate probability whether each
proposal contains a car or a non-car object (see Figure 3(b)).

As many proposals highly overlap with each other,
nonmaximum suppression (NMS) was applied to merge
proposals that have high intersection-over-union (IoU). After
NMS, the remaining proposals were ranked based on the
object probability score, and only the top 𝑁 proposals are
used for detection.

For training RPNs, each proposal is assigned a binary
class label which indicates whether the proposal is an object
(i.e., car) or just background. A positive training example is
designated if the proposal overlaps with a ground-truth box
with an IoUmore than a predefined threshold (0.7 in [21]), or
if it has the highest IoU with a ground-truth.

A proposal will be assigned as a negative example if its
maximum IoU is lower than the predefined threshold (0.3
in [21]) for all ground-truth boxes. Following the multitask
loss in Fast R-CNN network [20], the RPN is trained by a
multitask loss, which is defined as

𝐿 ({𝑝𝑖} , {𝑡𝑖}) = 1𝑁cls∑𝑖 𝐿cls (𝑝𝑖, 𝑝
∗
𝑖 )

+ 𝜆 1𝑁reg∑𝑖 𝑝
∗
𝑖 𝐿 reg (𝑡𝑖, 𝑡∗𝑖 ) ,

(1)
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(a) (b)

Figure 4: Car detection. (a) Signalized intersection; (b) arterial road.

where 𝑖 is the index of an anchor and 𝑝𝑖 is the predicted
probability of anchor 𝑖 being an object. The ground-truth
label 𝑝∗𝑖 is 1 if the anchor is positive and 0 if the anchor
is negative. The multitask loss has two parts, a classification
component 𝐿cls and a regression component 𝐿 reg. In (1), 𝑡𝑖 is
a vector representing the 4 parameterized coordinates of the
predicted bounding-box; and 𝑡∗𝑖 is the vector of the ground-
truth box associated with a positive anchor. These two terms
are normalized by𝑁cls and𝑁reg and weighted by a balancing
parameter 𝜆. In the released code [26], the cls term in (1) is
normalized by the minibatch size (i.e., 𝑁cls = 256), the reg
term is normalized by the number of anchor locations (i.e.,
𝑁reg ∼ 2,400), and 𝜆 is set as 10.

Bounding-box regression is to find the best nearby
ground-truth box of an anchor box. The parameterization of
the 4 coordinates of an anchor is described as follows:

𝑡𝑥 = (𝑥 − 𝑥𝑎)𝑤𝑎 ,

𝑡𝑦 = (𝑦 − 𝑦𝑎)ℎ𝑎 ,

𝑡𝑤 = log( 𝑤𝑤𝑎) ,

𝑡ℎ = log( ℎℎ𝑎) ,

𝑡∗𝑥 = (𝑥
∗ − 𝑥𝑎)
𝑤𝑎 ,

𝑡∗𝑦 = (𝑦
∗ − 𝑦𝑎)
ℎ𝑎 ,

𝑡∗𝑤 = log(𝑤
∗

𝑤𝑎 ) ,

𝑡∗ℎ = log(ℎ
∗

ℎ𝑎 ) ,

(2)

where 𝑥, 𝑦, 𝑤, and ℎ denote the bounding-box’s center
coordinates, width, and height, respectively. 𝑥, 𝑥𝑎, and 𝑥∗
are for the predicted box, anchor box, and ground-truth box,
respectively. Similar definitions apply for 𝑦, 𝑤, and ℎ.

The bounding-box regression is achieved by using fea-
tures with the same spatial size on the feature maps. A set of 𝑘
bounding-box regressors are trained to adapt for varying size.

Since the RPN and Fast R-CNN detector can share the
same convolutional layers, these two networks can be trained
jointly to learn a unified network through the following 4-
step training algorithm: first, training the RPN as described
above; second, training the detector network using propos-
als generated by the RPN trained in the first step; third,
initializing RPN training by the detector network but only
train the RPN specific layers; and finally, training the detector
network using the new RPN’s proposals. Figure 4 shows two
screenshots of car detection with the Faster R-CNN.

4. Experiments

4.1. Data Set Descriptions. The airborne platform used in this
research is a DJI Phantom 2 quadcopter integrated with a 3-
axis stabilized gimbal (see Figure 5).

Videos are collected by a Gopro Hero Black Edition 3
camera mounted on the UAV. The resolution of the videos
is 1920 × 1080 and the frame rate is 24 frames per second
(f/s). The stabilized gimbal is used to stabilize the videos
and eliminate video jitters caused by UAV therefore greatly
reducing the impact from external factors, such as wind. In
addition, an On-Screen Display (OSD), an image transmis-
sion module, and a video monitor are installed in the system
for data transmission and airborne flying status monitoring
and control.

A UAV image dataset is built for training and testing
the proposed car detection framework. For training video
collection, we followed the following two key suggestions:
(1) collecting videos with cars of different orientations; (2)
collecting videos with cars of a wide range of scales and aspect
ratios. To collect videos with cars of different orientations,
UAV videos from signalized intersections were recorded;
since cars at intersections have different orientations while
making turning. To collect videos covering cars of a wide
range of scales and aspect ratio, UAV videos at different
flight height, ranging from 100m to 150m, were recorded.
In this work, UAV videos were collected from two different
signalized intersections. For each intersection, videos 1-hour
long were captured. Totally, videos two hours long were
collected for building the training and testing datasets.
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Figure 5: UAV system architecture.

In our experiment, the training and testing datasets
include 400 and 100 images, respectively. Note the images
for training and testing are collected from different UAV
videos. The whole dataset contains 400 images with 12,240
samples for training and 100 images with 3,115 samples for
testing. Note the samples for training and testing are collected
from different UAV videos. Training and testing samples
are annotated using the tool LabelImg [27]. During the
testing and training stage, in order to avoid the same car in
consecutive frames being used too many times, images were
extracted every 10 seconds from UAV videos.

4.2. Training Faster R-CNN Model. Faster-RCNN was pow-
erful in multiclass object detection. But in this research, we
only trained the Faster-RCNN model for passenger cars.
Particularly, we applied the VGG-16 model [25]. For the RPN
of the Faster-RCNN, 300 RPN proposals were used. The
source code of Faster R-CNN was from [26]. GPU was used
during the training.Themain configurations of the computer
used in this research are

(i) CPU: Intel Core i7 hexa-core 5930K@3.5GHz, 32GB
DDR4;

(ii) Graphics card: Nvidia TITAN X, 12GB GDDR5;
(iii) Operating system: Linux (Ubuntu 14.04).

The training and detection implementation in this paper
is all performed on the open source code released by the
authors of Faster R-CNN [21]. The inputs for training and
testing are images with the original size (1920 × 1080) without
any preprocessing steps.

4.3. Performance Evaluation

4.3.1. Evaluation Indicator. The performance of car detection
by Faster R-CNN is evaluated by four typical indicators:

detection speed (frames per second, f/s), Correctness, Com-
pleteness, and Quality, as defined in (3):

Correctness = TP
TP + FP ,

Completeness = TP
TP + FN ,

Quality = TP
TP + FP + FN ,

(3)

where TP is the number of “true” detected cars; FP is the
number of “false” detected objects which are non-car objects;
and FN is the number of cars missed. In particular, Quality
is considered as the strictest criterion, which contains both
possible detection errors (false positives and false negatives).

4.3.2. Description of Algorithms for Comparison. To compre-
hensively evaluate the car detection performance of Faster R-
CNN fromUAV images, four other algorithms were included
for comparison. The four algorithms are

(1) ViBe, a universal background subtraction algorithm
[6];

(2) Frame difference [7];
(3) The AdaBoost method using Haar-like features (V-J)

[9];
(4) Linear SVM classifier with HOG features (HOG +

SVM) [10].

As ViBe [6] and frame difference [7] are sensitive to
background motions, image registration [28] is applied first
to compensate UAV motions and delete UAV video jitters.
The time for image registration is included in the detection
time for these two methods. The performance indicators are
calculated based on the same 100 images as the testing dataset.
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Table 1: Car detection results.

Metrics ViBe Frame difference V-J HOG + SVM Faster R-CNN
Correctness (%) 76.64% 78.17% 84.74% 84.33% 98.43%
Completeness (%) 38.65% 39.78% 41.89% 43.18% 96.40%
Quality (%) 34.58% 35.80% 38.96% 39.97% 94.94%
Detection speed (f/s)

CPU mode 7.42 11.83 3.38 1.45 0.018
GPU mode N/A N/A 20.61 6.82 2.10

Note, for ViBe and Frame Difference, the postprocessing
for blob segmentation results is very important for the final
car detection accuracy as blob segmentation using ViBe and
Frame Difference may yield segmentation errors. In this
work, two rules are designed to screen out segmentation
errors: (1) the area of a detected blob is too large (2 times
larger than that of a normal passenger car) or too small
(smaller than 1/2 of a normal passenger car); (2) the aspect
ratio of the minimum enclosing rectangle of a detected blob
is larger than 2. Note, the area of the normal passenger car
was obtained by human. If any of the two rules is met, the
detected blob will be screened out as segmentation errors.

TheV-J [9] andHOG+ SVM [10] methods are trained on
12,240 positive samples and 30,000 negative samples. These
12,240 samples only contain cars orientated in the horizontal
direction. Besides, all positive samples are normalized to a
compressed size of 40 × 20. The performance evaluations of
Faster R-CNN, V-J, and HOG + SVM are run on our testing
dataset (100 images, 3,115 testing samples).

4.3.3. Experiment Results. The testing results of five methods
are presented in Table 1. The detection speed was an average
of the 100 tested images. To comprehensively evaluate the
performance of different algorithms on both CPU and GPU
architectures, detection speeds for V-J, HOG + SVM, and
Faster R-CNN were tested on the i7 CPU and the high-end
GPU, respectively.

The results show that Faster R-CNN achieved the best
Quality (94.94%) compared with other four methods. ViBe
and Frame Difference achieved fast detection speed under
CPUmode but with very lowCompleteness.The reason is that
many stopped cars (such as cars waiting at the traffic light)
are recognized as background objects, therefore generating
many false negatives and leading to a low Completeness. Only
when those stopped cars run again could they be detected. As
many moving non-car objects (such as tricycles and moving
pedestrians) lead to false positives, the Correctness of those
two methods is low (76.64% and 78.17%, resp.).

Although the two object detection schemes V-J and
HOG + SVM are nonsensitive to image background motions
compared with ViBe and Frame Difference, the Completeness
of these two methods is also as low as 41.61% and 42.89%,
respectively, which is only slightly higher than that of ViBe
and Frame Difference.The reason, as mentioned in Section 1,
is that both V-J and HOG + SVM are sensitive to objects’ in-
plane rotation. Only cars in the same orientation with the
positive training samples could be detected. In this paper,

Figure 6: Car detection under illumination changing condition
using Faster R-CNN.

only cars in the horizontal direction can be detected. A
sensitivity analysis of the impact of cars’ in-plane rotations
has been provided in Discussion.

The method of Faster R-CNN achieved the best perfor-
mance (Quality, 94.94%) among all five methods. As Faster
R-CNN can intelligently learn the information of orientation,
aspect ratio, and scale during training, this method is not
sensitive to cars’ in-plane rotation and scale variations.
Therefore, Faster R-CNN achieves high Correctness (98.43%)
and Completeness (96.40%).

Though Faster R-CNN achieved 2.1 f/s under GPUmode,
which is slower than other methods, 2.1 f/s can still satisfy
real-time applications.

5. Discussion

5.1. Robustness to Illumination Changing Condition. For car
detection from UAV videos, one most challenging issue is
the illumination changing. Our testing datasets (100 images,
3,115 testing samples) do not contain cars in such scenes;
for example, cars travel from an illumination (or shadowed)
area to a shadowed (or illumination) area. Therefore, we
further conducted an experiment using a 10min long video
captured under illumination changing condition to evaluate
the performance of the Faster R-CNN (see Figure 6).

The testing results are highlighted in Table 2. The results
show that Faster R-CNN achieved a Completeness of 94.16%,
which is slightly lower than that in Table 1 (96.40%), due
to the oversaturation of the image sensor under strong
illumination condition. The Correctness of Faster R-CNN is
98.26%. The results shown in Table 2 confirm that illumina-
tion changing condition has little impact on the accuracy of
vehicle detection using Faster R-CNN.
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Table 2: Vehicle detection under illumination changing condition.

Metrics ViBe Frame difference V-J HOG + SVM Faster R-CNN
Correctness (%) 81.91% 80.15% 87.27% 88.45% 98.26%
Completeness (%) 67.90% 64.69% 81.36% 82.38% 94.16%
Quality (%) 59.05% 55.76% 72.73% 74.38% 92.61%

Figure 7: Car detection by HOG + SVM using image dataset which contain cars orientated in different orientations (0∘, 10∘, 20∘, 30∘, 40∘, 50∘,
60∘, 70∘, 80∘, and 90∘).

The methods of ViBe and Frame Difference achieved
higher Quality than that shown in Table 1. That is because
this test scene is an arterial road (see Figure 6), where most
cars were running fast along the road; therefore these moving
cars can be easily detected by ViBe and Frame Difference.
However, many black cars that have similar color as the
road surface and cars under strong illuminations could not
be detected; therefore, the Completeness of ViBe and Frame
Difference are still low (67.90% and 64.69%, resp.). The V-
J and HOG + SVM methods achieved higher Completeness
(81.36% and 82.38%, resp.) than those shown in Table 1
(41.61% and 42.89%, resp.); because most of these cars in this
testing scene (see Figure 6) are orientated in the horizontal
direction; thus these vehicles can be successfully detected by
V-J and HOG + SVM. However, the Completeness of these
two methods is significantly lower than that of the Faster R-
CNN. As argued by some research [29], methods like the V-J
method are sensitive to lighting conditions.

5.2. Sensitivity to Vehicles’ In-Plane Rotation. As mentioned
in Section 1, methods like V-J and HOG + SVM are sensitive
to vehicles’ in-plane rotation. As the vehicle orientations are
generally unknown inUAV images, the detection rates (Com-
pleteness) of different methods may be affected significantly
by the vehicles’ in-plane rotation.

To analyze the sensitivity of different methods to vehi-
cles’ in-plane rotation, experiments are conducted based
on dataset which contains vehicles orientated in different
directions (see Figure 7). The dataset contains 5 groups of
images; each group contains 19 images which orientated in
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Figure 8: Sensitivity to vehicles’ in-plane rotation.

different orientations as 0∘, 5∘, 10∘, . . . , 85∘, 90∘ at an interval
of 5∘.

From Figure 8 we can see that the Completeness of the V-J
downgrades significantly as the vehicles’ orientation exceeds
10 degrees. Compared to V-J, HOG + SVM is less sensitive
to vehicles’ in-plane rotation, but the Completeness of HOG
+ SVM still downgrades significantly when the vehicles’
orientation exceeds about 45 degrees.
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Figure 9: Sensitivity of detection speed to different detection load
(tested on i7 CPU).

Compared with V-J and HOG + SVM, Faster R-CNN
is insensitive to vehicles’ in-plane rotation (the red curve
in Figure 8). The reason is that the Faster R-CNN can
automatically learn the information of orientation, aspect
ratio, and scale of vehicles from vehicle training samples
during the training. Therefore, Faster R-CNN is insensitive
to vehicles’ in-plane rotation.

5.3. Sensitivity of Detection Speed to Different Detection
Load. Detection speed is crucial for real-time applications.
Detection speed can be easily affected by many factors, such
as the detection load (i.e., the number of detected vehicles
in one image), hardware configuration, and video resolution.
Among these factors, the most important factor is detection
load.

To comprehensively explore the speed characteristic of
Faster R-CNN, experiments on images which contain dif-
ferent number of detected vehicles have been conducted
(see Figure 9). Other four methods are also included for
comparison. To fairly evaluate the detection speed of different
algorithms on different architectures, the speed tests are
performedon the i7CPUand the high-endGPU, respectively.
We explored the detection speed on i7 CPU for all five
methods (see Figure 9) and explored the detection speed on
GPU for VJ, HOG+ SVM, and Faster R-CNN (see Figure 10).

From Figure 9 we can see that the detection speeds of V-
J and HOG + SVM are monotonically decreasing with the
increase of the number of detected vehicles. The V-J method
presents a higher descending rate than HOG + SVM as the
number of detected vehicles increases. The speed curves of
ViBe and Frame Difference are unsmooth, but we can see
that the increase of the number of detected vehicles has little
influence on the detection speed of the two methods.

Thedetection speed of Faster R-CNNwas very slowunder
CPU mode (see Figure 9). Under GPU mode (see Figure 10),
the detection speed of Faster R-CNN was about 2 f/s. From
Figures 9 and 10, we can find that the Faster R-CNN holds
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Figure 10: Sensitivity of detection speed to different detection load
(tested on GPU).

Table 3: Training cost.

Metrics V-J HOG + SVM Faster R-CNN
Training time 6.8 days 5 minutes 21 hours

similar speed characteristic as the ViBe and FrameDifference
but with a smooth speed curve.The detection load almost has
no influence on the detection speed of Faster R-CNN. The
reason is that when detecting vehicles using Faster R-CNN,
the method is applied on the entire image. In the proposal
regions generation stage, 2000 RPN proposals are generated
from the original image [21]. The top-300 ranked proposal
regions are fed into the Fast R-CNN [20] to checkwhether the
proposal region contains one car. The computational cost is
almost the same for each frame; therefore, the detection speed
of Faster R-CNN is nearly insensitive to detection load.

5.4. Training Cost Comparison. When applying the Faster R-
CNN for vehicle detection, one important issue that should be
considered is the computational cost of training procedures.
As the training samples may change, it is necessary to
efficiently update the Faster R-CNN model to satisfy the
requirement of vehicle detection. The training costs of three
different methods are shown in Table 3. Because the open
source code of Faster R-CNN can only support training
function under GPU mode, only training time under GPU
mode was provided. For V-J and HOG + SVM, as the open
source code only supports CPU mode, only training time
under CPU mode was provided.

As shown in Table 3, the AdaBoost method using Haar-
like features (V-J) trained on 12,240 positive samples and
30,000 negative samples takes about 6.8 days. The training
procedure was only run on CPU without parallel computing
or other acceleration schemes.The linear SVM classifier with
HOG features (HOG+SVM) shares the fastest training speed
among all the three methods. It only takes 5 minutes on the
same training set as the V-J method. Although HOG + SVM
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has the fastest training speed, its detection performance is
significantly lower than that of Faster R-CNN (see Table 1).
The training of Faster R-CNN takes about 21 hours to
complete. For practical applications, 21 hours is acceptable,
as the annotation of training samples may take several days.
For example, in this paper, the annotation of thewhole dataset
(12,240 training samples and 3,115 testing samples, totally 500
images) using the tool LabelImg [27] costs 4 days by two
research fellows.

6. Concluding Remarks

Inspired by the impressive performance achieved by Faster R-
CNN on object detection, this research applied this method
for passenger car detection from low-altitude UAV imagery.
The experimental results demonstrate that Faster R-CNN
can achieve highest Completeness (96.40%) and Correctness
(98.43%) with real-time detection speed (2.10 f/s), compared
with four other popular vehicle detection methods.

Our tests further demonstrate that Faster R-CNN is
robust to illumination changing and cars’ in-plane rotation;
therefore, Faster R-CNN can be applied for vehicle detection
from both static and moving UAV platforms. Besides, the
detection speed of Faster R-CNN is insensitive to the detec-
tion load (i.e., the number of detected vehicles). The training
cost of Faster R-CNN network is about 21 hours, which is
acceptable for practical applications.

It should be emphasized that this research provided a rich
comparison of different vehicle detection techniques which
covers a lot of aspects of object detection challenges that are
usually partially covered in object detection papers: detection
ratewithout in-plane rotation, sensitivity to in-plane rotation,
detection speed, and sensitivity to the number of vehicle in
the image as well as the training cost.This paper tries to guide
the readers to choose the best framework according to their
applications.

However, due to the lack of enough training samples,
this research only tested the Faster-RCNN networks for
passenger cars. Future research will expand this method for
the detection of other transportation modes such as buses,
trucks, motorcycles, and bicycles.
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Air pollution monitoring has recently become an issue of utmost importance in our society. Despite the fact that crowdsensing
approaches could be an adequate solution for urban areas, they cannot be implemented in rural environments. Instead, deploying a
fleet ofUAVs could be considered an acceptable alternative. Embracing this approach, this paper proposes the use ofUAVs equipped
with off-the-shelf sensors to perform air pollution monitoring tasks. These UAVs are guided by our proposed Pollution-driven
UAV Control (PdUC) algorithm, which is based on a chemotaxis metaheuristic and a local particle swarm optimization strategy.
Together, they allow automatically performing themonitoring of a specified area usingUAVs. Experimental results show that, when
using PdUC, an implicit priority guides the construction of pollutionmaps by focusing on areas where the pollutants’ concentration
is higher. This way, accurate maps can be constructed in a faster manner when compared to other strategies. The PdUC scheme is
compared against various standardmobility models through simulation, showing that it achieves better performance. In particular,
it is able to find the most polluted areas with more accuracy and provides a higher coverage within the time bounds defined by the
UAV flight time.

1. Introduction

Industrial growth has brought unforeseen technological
advances to our societies. Unfortunately, the price to pay
for these advances has been an increase of air pollution
worldwide, affecting both our health [1] and our lifestyle.

Air quality monitoring is relevant not only for the people
living in urban areas, but also because it directly affects crops
and different animals/insects in rural environments [2].Thus,
different solutions for measuring air quality should be sought
for such environments.

For abovementioned reasons, environmental organiza-
tions and governmental institutions are beginning to con-
sider the monitoring of environmental pollutants as a pri-
mary goal [3, 4].

The majority of methods used insofar to keep track of air
pollution inmajor cities rely on fixedmonitoring stations [5].

However, the use of such dedicated architectures and hard-
ware for pollutionmonitoring is outmatched, in theory, by the
use of crowdsensing [6] in areas with a high population den-
sity. Also, new ground-vehicle-based mobile sensors, which
would theoretically be able to cover the same areas as the fixed
solutions while employing a reduced number of agents, are
emerging as a viable alternative (e.g., [7, 8]).

With respect to the widespread use of small pollution
monitoring sensors embedded in mobile vehicles, the possi-
ble scenarios can be divided into two main classes:

(i) Urban environments, where it is possible to embed the
sensors on a wide set of vehicles like bicycles [9, 10] or
cars [8].

(ii) Rural and industrial areas, where vehicular traffic is
scarce and limited to themain transportation arteries.
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In the latter case, crowdsensing often fails to provide enough
data to obtain realistic measurements having the required
granularity.

Regarding crowdsensing approaches, projects like [11–
13] relied on crowdsensing solutions to monitor pollution in
urban areas. However, in rural and industrial zones, available
options are quite more limited. In the particular case of large
rural or industrial areas, a fleet of mobile vehicles could be
efficiently used to cover the vast distances associated with
them. Furthermore, the use of autonomous sensor carriers
is even more encouraged in this case due to the following
considerations:

(i) The relative absence of civilian population to be taken
care of during robotic operations.

(ii) Stable and regulated positioning of obstacles.
(iii) Fewer constraints concerning UAV flight laws
(iv) Safety and security concerns, as some areas could be

dangerous to access for human operators.

Since, in these environments, ground access is usually
hindered and full of obstacles, the most feasible way to
implement a fleet ofmobile pollutionmonitoring robots is via
Unmanned Aerial Vehicles (UAVs) [14].

Taking the aforementioned issues into consideration,
in this paper we propose the use of UAVs equipped with
commercial and off-the-shelf (COTS) devices and sensors to
implement a service of air pollutionmonitoring that leverages
the use of bioinspired approaches as its main control strategy.
These choices allow covering a specific area automatically and
enable discovering the pollution distribution of a large area by
prioritizing the most polluted zones inside it.

We show that, using our chemotaxis-based approach for
UAV path control, it is possible to achieve faster and more
accurate estimations about the location of the most polluted
areas with respect to classical area-search approaches. Our
analysis also takes into account uncertainty-based consider-
ations in the sensor sampling operations.

This paper is organized as follows: in Section 2 we refer
to some related works addressing UAV-based sensing, UAV
mobility models, and UAV control protocols. Sections 3 and
4 present an overview of the UAV Configuration and the
UAV Control System, respectively. In Section 5, we compare
our algorithm against the Billiard and Spiral mobility models
via simulation. Section 6 discusses the open issues in air
pollution monitoring using UAVs. Finally, in Section 7, we
present the conclusions of our work.

2. Related Works

UAV-based solutions have experienced a very substantial
increase in the last decade, especially in the past five years.
Back in 2004, NASA experts defined a wide set of civil
applications for UAVs [15], highlighting their potential in
the near future in areas such as commercial, Earth Sciences,
national security, and land management. This preliminary
report was ratified years later by authors such as Hugenholtz
et al. [16], who explained how the use of UAVs could
revolutionize researchmethods in the fields of Earth Sciences

and remote sensing. In [17], authors display the results of
a detailed study on different UAVs aspects, showing their
applicability in Agriculture and Forestry, Disaster Monitor-
ing, Localization and Rescue, Surveillance, Environmental
Monitoring, Vegetation Monitoring, Photogrammetry, and
so on.

If we focus specifically on research using quadrotor
multicopters, authors like Gupte et al. [18] and Colomina and
Molina [19] consider that, given their high maneuverability,
compactness, and ease of use, different applications for these
devices are being found in areas including civil engineering,
search and rescue, emergency response, national security,
military surveillance, border patrol, and surveillance, as well
as in other areas such as Earth Sciences, where they can be
used to study climate change, glacier dynamics, and volcanic
activity or for atmospheric sampling, among others.

In our case, we are more interested in atmospheric
sampling to measure air pollution levels. In this research
area, Anderson and Gaston [20] highlight the applicability
of UAVs in the field of ecology, emphasizing that the spatial
and temporal resolutions of the data obtained by traditional
methods often fail to adapt well to the requirements of local
ecology-oriented research. Furthermore, the use of UAVs,
when flying at low altitudes and speeds, offers new oppor-
tunities in terms of ecological phenomena measurements,
enabling the delivery of data with a finer spatial resolution.
In fact, Zhang and Kovacs [21] explain how the images taken
by small UAVs are becoming an alternative to high-resolution
satellite images, which are muchmore expensive, to study the
variations in crop and soil conditions. Specifically, the use of
UAVs is considered a good alternative given its low cost of
operation in environmental monitoring, its high spatial and
temporal resolution, and its high flexibility in the scheduling
of image acquisitions. A good example of this use can be
found in the work of Bellvert et al. [22], which shows how,
by using a multicopter equipped with a thermal camera, it
was possible to obtain a very precise map of water levels in a
vineyard, thereby achieving significant advances in the field
of precision agriculture.

Focusing on our topic, despite the presence of several
works related to air pollution monitoring using Unmanned
Aerial Systems (UAS), the majority of these involve, mainly,
swarmcreation or communication interaction between them.
An example of such work is [23], where authors propose
a mobility model for a group of nodes following “Virtual
Tracks” (highways, valley, etc.) operating in a predefined
“Switch Station” mode, through which nodes can split or
merge with another group of nodes.

Different works have been done related to mounting
sensors in Unmanned Aerial Vehicles. In this regard, Erman
et al. [24] use an UAV equipped with a sensor to create
a Wireless Sensor Network, thereby enabling each UAV to
act as a sink or as a node, but it does not try to optimize
the monitoring process. Teh et al. [25] propose a fixed-wind
aircraft carrying a sensor node that acts as a mobile gateway,
showing the communication between the UAV and different
static base stations which monitor the pollution. In this case,
theUAVonly recovers the data collected by the stations. Khan
et al. [26] propose the design of a lightweight laser-based
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sensor for measuring trace gas species using UAVs, mainly
analyzing how the optical sensor captures the air pollution
samples. In [27], authors use a large-sized aircraft equipped
with ozone sensors to cover a wide area in an automated
manner, showing how the UAV improves the sampling
granularity.

If we analyze works related to mobility models for
UAS mobility control that could be used for air pollution
monitoring tasks, we can observe that basically no work
focuses on the coverage improvement for a certain area.

For instance, in [28], authors propose a mobility model
based on the Enhanced Gauss-Markov model to eliminate or
limit the sudden stops and sharp turns that the random way-
point mobility model typically creates. Also, in [29], authors
present a semirandom circular movement (SRCM) based
model. They analyze the coverage and network connectivity
by comparing results against a random waypoint mobility
model.

The authors of [30] compare their models against ran-
domwaypoint-based,Markov-based, and Brownian-motion-
based algorithms to cover a specific area, analyzing the
influence of the use of collision avoidance systems in the
time to achieve full area coverage. The work in [31] compares
the results of using the “Random Mobility Model” and the
“Distributed Pheromone Repel Mobility Model” as direction
decision engines (next waypoint) in UAV environments. The
authors of [32] propose an algorithm to cover a specific area;
it selects a point in space along with the line perpendicular
to its heading direction and then drives the UAV based on
geometric considerations.

There are works focusing on using UAVs for specific tasks
involving autonomousmovements. An example is [33], where
authors present a mobility model for the self-deployment of
an Aerial Ad Hoc Network in a disaster scenario in order
to create a flying and flexible communications infrastructure
that victims can use. The mobility model proposed is based
mainly on the Jaccard dissimilarity metric to control the
deployment of the Unmanned Aerial Vehicles composing the
network. A similar work is presented in [34], where instead
an in-network density analysis is used to select the physical
areas that need to be visited by a flying robot.

Focusing solely on existing proposals addressingmobility
models, we can find works such as [35] where authors
propose the Paparazzi Mobility Model (PPRZM) by defining
five types of movements—Stay-On, Waypoint, Eight, Scan,
and Oval—following a defined state machine with different
probabilities to change between states. There are even studies
following animal-based navigation patterns. An example
of such work is [36], where authors investigate the UAV
placement and navigation strategies with the end goal of
improving network connectivity, using local flocking rules
that aerial living beings like birds and insects typically follow.

The use of UAVs for air pollutionmonitoring in a specific
area using multirotor drones is, however, still not present
in scientific literature, and this work can be seen as one of
the first approaches in this direction. Our contribution can
be divided into two parts: (i) the design of a low-cost and
open-source UAV equipped with off-the-shelf sensors for
monitoring tasks and (ii) the deployment of a protocol called
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Figure 1: Proposed UAV with air pollution sensors.

PdUC (Pollution-drivenUAVControl) to automatically track
a target area by focusing on the most polluted regions.

3. Overview of the Proposed Solution

To implement a solution for air pollution monitoring using
UAVs we have to consider, like in any cyber-physical system,
two main aspects: (i) the hardware configuration and (ii) the
control process for controlling the system behavior.

By following these guides, our proposal can also be split
into two parts: (i) the physical configuration of the UAV and
the environmental sensors and (ii) the algorithm to control
the UAV for automatically monitoring a specific area called
Pollution-driven UAV Control (PdUC).

Even though we are not proposing, in this paper, an
implementation using real UAVs, we nevertheless present the
specification of the devised cyber-physical system.

3.1. UAV Configuration. We have designed a scheme to
dynamically drive the UAV by connecting the UAV control
module to a Raspberry Pi [37] and connecting the latter to the
set of pollution sensors via an analog converter. The scheme
is shown in Figure 1.

The UAV is driven using a Pixhawk Autopilot [38, 39],
which controls its physical functioning. The Raspberry Pi is
mounted over the UAV chassis and connected to the Pixhawk
through a serial port. The sensors are connected to the
Raspberry Pi using a Grove Raspberry Hat (GrovePi) [40],
which allows connecting different kinds of COTS sensors
easily. Specifically, we are using

(i) Pixhawk Autopilot: a high-performance flight control
module suitable for several types of autonomous vehi-
cles including multirotors, helicopters, cars, boats,
and fixed-wind aircrafts. It is developed under the
independent, open hardware Pixhawk project, and
it has two main components: (i) an Autopilot hard-
ware provides an industry standard autopilot mod-
ule designed as a 168MHz Cortex M4F CPU with
3D ACC/Gyro/MAG/Baro sensors, microSD slot, 5
UARTs, CAN, I2C, SPI, ADC, and so on; (ii) an
Autopilot software that includes a real-time Operat-
ing System (RTOS) with a POXIS-style environment
to control the drone.
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Figure 2: UAV control loop.

(ii) Raspberry Pi: one of the most popular single-board-
computers (SBC) worldwide. It is a low-cost and
small-sized piece of hardware that allows exploring
computing and that supports different Operating
Systems. The most popular of them is Raspbian,
which is based on Debian, although Ubuntu Mate
or Windows 10 IoT Core can also be installed,
thereby allowing using several programming lan-
guages. Besides, all Raspberry Pi versions benefit
from several input/output ports operating at 5V, thus
being ideal for all sorts of IoT projects.

(iii) GrovePi: extension board that allows connecting sev-
eral analog/digital grove ports to a Raspberry Pi in an
easyway. It has several grove ports: seven digital ports,
three analog ports, three I2C ports, one serial port to
the GrovePi, and a serial connector to the Raspberry
Pi.

(iv) Grove Sensors: sensors which use a grove-stand-
ardized connector, providing an easy connection to
different boards like GrovePi.There are several COTS
environmental sensors such as CO2, CO, or alco-
hol. Specifically, we mostly focus on ozone sensors
(MQ131).

Figure 2 shows the closed-loop control scheme of our
proposal. The Pixhawk Autopilot is responsible for the phys-
ical control system of the UAV (lower level), while the Rasp-
berry Pi is in charge of the Guidance system (higher level)
determining the way forward.

3.2. Autonomous Driving. To deploy an algorithm for auto-
matically monitoring a specific area we have analyzed, first of
all, different existing possibilities that could be useful to our
goals.

So, to elaborate the proposed PdUC solution, we have
used specific techniques such as the metaheuristics and
optimization algorithms described below.

3.2.1. Chemotaxis Metaheuristic. The use of rotary-wing
UAVs, equipped with chemical sensors and tasked to survey
large areas, could follow chemotactic [41] mobility pat-
terns, since their flight behavior could easily implement the

following two-phase algorithm: first, read a pollution concen-
tration while hovering; next, follow a chemotactic step.

Chemotaxis metaheuristics are based on bacteria move-
ment. In this model, the microorganisms react to a chemical
stimulus by moving towards areas with a higher concentra-
tion of some components (e.g., food) or moving away from
others (e.g., poison). In our system, we have considered the
following adaptation of the chemotaxis. Let us consider an

agent 𝑖 moving on a Euclidean plane, located at position →𝑃 𝑖𝑗
from an absolute reference axis, and moving along time in
sequential steps 𝑗. For every chemotactic step, a new position→𝑃 𝑖𝑗 is calculated based on the previous one, defined by 𝑥𝑖𝑗−1
and 𝑦𝑖𝑗−1, plus a step size 𝑑𝑖 applying a random direction 𝜃𝑖𝑗,
as specified in (1).

→𝑃 𝑖𝑗 = (𝑥
𝑖
𝑗−1𝑦𝑖𝑗−1) + (

𝑑𝑖 × cos (𝜃𝑖𝑗)𝑑𝑖 × sin (𝜃𝑖𝑗)) , (1)

𝜃𝑖𝑗 = {{{
𝜃𝑖𝑗−1 + 𝛼𝑖𝑗, 𝑝𝑖𝑗 ≥ 𝑝𝑖𝑗−1,
−𝜃𝑖𝑗−1 + 𝛽𝑖𝑗, 𝑝𝑖𝑗 < 𝑝𝑖𝑗−1. (2)

The direction 𝜃𝑖𝑗, as shown in (2), is calculated on the basis
of the concentration value of a certain chemical component,
sampled by an agent 𝑖 at step 𝑗: 𝑝𝑖𝑗. With respect to the pre-
viously sampled value 𝑝𝑖𝑗−1, the following two types of move-
ments are contemplated:Run andTumble. In the former, Run,
when the component concentration is increased with respect
to the previous sample, the movement continues to follow
the same direction as before (𝜃𝑖𝑗−1) plus a random angle 𝛼𝑖𝑗.
Regarding the latter, Tumble, when the concentration is
decreasing, the movement takes a turn in the opposite
direction −𝜃𝑖𝑗−1, plus a random angle 𝛽𝑖𝑗. Notice that both 𝛼𝑖𝑗
and 𝛽𝑖𝑗 are used to introduce variability and to maximize the
gradient, allowing reaching the most polluted areas faster.

3.2.2. Particle Swarm Optimization. Particle Swarm Opti-
mization (PSO) is a technique introduced in [42] where a
solution to a problem is represented as a particle 𝑝𝑖 moving
in a D-dimensional space at a time 𝑡; each particle 𝑝𝑖
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Figure 3: Overview of different states associated with the PdUC algorithm.

maintains its position 𝑝𝑖𝑡 and its best performance position𝑝𝑖𝑏. To determine the next position 𝑝𝑖𝑡+1, PSO calculates the
stochastic adjustment in the direction of the previous local
best position of 𝑖’s 𝑝𝑖𝑏 element, along with the general best
position of any element 𝑝𝑔

𝑏
, as shown in

𝑝𝑖𝑡+1 = 𝛼 ⋅ 𝑝𝑖𝑡 + 𝑈 (0, 𝛽) ⋅ (𝑝𝑖𝑏 − 𝑝𝑖𝑡) + 𝑈 (0, 𝛽)
⋅ (𝑝𝑔
𝑏
− 𝑝𝑖𝑡) , (3)

where 𝛼 and 𝛽 are constants to calibrate the algorithm and𝑈(0, 𝛽) is a random number between [0, 𝛽].
4. Proposed Autonomic Solution

To consistently drive the UAVs, so as to achieve the desired
area coverage goals, we have devised the following algorithm,
which incorporates a chemotactic approach.

4.1. PdUC Algorithm. In this context, we have developed
an algorithm called Pollution-driven UAV Control (PdUC),
based on the chemotaxis metaheuristic concept, to search an
area for the highest pollution concentration levels. Once this
pollution hotspot is found, the flying drone covers the whole
area by following a spiral movement, starting from the most
polluted location.

Our algorithm is composed of two phases: (i) a search
phase, in which the UAV searches for a globally maximum

pollution value, and (ii) an exploration phase, where the UAV
explores the surrounding area, following a spiral movement,
until one of the following conditions occurs: it covers the
whole area, the allowed flight time ends, or it finds another
maximum value, in which case it returns to the search phase,
as shown Figure 3.

The exploration phase is based mainly on two previously
described techniques: a chemotaxis metaheuristic and a
local particle swarm optimization algorithm. As detailed
in Algorithm 1, initially, before the UAV starts its first
movement, it samples the pollution value and puts it in a
buffer. For each chemotactic step, it starts to hover, collects
another sample, and compares it with the previous one. If the
sampling variation is positive (increasing), the UAV follows
a “Run” chemotaxis direction, with a random 𝛼𝑖𝑗 of [−30, 30]
degrees. Otherwise, if the sampling variation is decreasing,
the UAV calculates the “Tumble” chemotaxis direction in the
reverse orientation with a random 𝛽𝑖𝑗 of [−150, 150] degrees,
although modified by the actual maximum value reached
(𝑚𝑑𝑖), as shown in Figure 4. Equation (4) denotes the formula
to calculate the new direction, and 𝛾 specifies the weight of
the𝑚𝑑𝑖, which must be between 0 and 1.

To determine when PdUC has found a maximum local
value, we use a TTL (time-to-live) counter. When PdUC
finds a maximum value, the TTL is reset and increasing
until a new maximum pollution value is found or until the
maximumTTL value is reached. In this case, PdUC reverts to
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(1) while isSearching do
(2) 𝑝𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛2 ← 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛(𝑝2)
(3) ∇𝑝𝑜𝑙𝑙 ← 𝑝𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛2 − 𝑝𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛1

(4) 𝑝1 ← 𝑝2
(5) if ∇𝑝𝑜𝑙𝑙 > 0 then
(6) 𝑡𝑡𝑙 ← 0
(7) 𝑝2 ← Run(𝑝1)
(8) 𝑝𝑚𝑎𝑥 ← 𝑝2
(9) else
(10) 𝑝2 ← 𝑇𝑢𝑚𝑏𝑙𝑒(𝑝1)
(11) 𝑡𝑡𝑙 ← 𝑡𝑡𝑙 + 1
(12) 𝑝2 ← 𝐴𝑑𝑗𝑢𝑠𝑡𝑃𝑆𝑂(𝑝2, 𝑝𝑚𝑎𝑥)
(13) if 𝑖𝑠𝐼𝑛𝑠𝑖𝑑𝑒𝐴𝑟𝑒𝑎(𝑝2) then
(14) 𝑀𝑜V𝑒𝑇𝑜(𝑝2)
(15) else
(16) 𝑝2 ← 𝑇𝑢𝑚𝑏𝑙𝑒(𝑝1)
(17) if 𝑡𝑡𝑙 > 𝑡𝑡𝑙𝑚𝑎𝑥 then
(18) 𝑖𝑠𝑆𝑒𝑎𝑟𝑐ℎ𝑖𝑛𝑔 ← 𝑓𝑎𝑙𝑠𝑒
(19) 𝑖𝑠𝐸𝑥𝑝𝑙𝑜𝑟𝑖𝑛𝑔 ← 𝑡𝑟𝑢𝑒
(20) end

Algorithm 1: PdUC search phase.
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Figure 4: PdUC algorithm: calculation of a new direction.

the exploration phase since it considers that a localmaximum
value has been found.

𝜃𝑖𝑗 = {{{
𝜃𝑖𝑗−1 + 𝛼𝑖𝑗, Run,
(1 − 𝛾) (−𝜃𝑖𝑗−1 + 𝛽𝑖𝑗) + 𝛾𝑚𝑑𝑖, Tumble. (4)

Once a maximum value is reached, the next phase is to
explore the surrounding area. As shown in algorithm 2, this
is achieved by following an Archimedean spiral similar to
the one depicted in Figure 5. Starting from the maximum
value, it covers the surrounding area by applying a basic step
size 𝑑𝑖𝑗 and changing it depending on the detected pollution
variations, a procedure that is similar to the 𝑓𝑖𝑛𝑑𝑖𝑛𝑔 phase.
If the variation is less than a preset value 𝑐𝑖, the step size
increases until reaching 3 × 𝑑𝑖𝑗; otherwise, it decreases until𝑑𝑖𝑗 is reached. If a maximum pollution value is found, PdUC
automatically returns to the exploration phase. Finally, once
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r1 r2 rm
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Figure 5: PdUC algorithm: exploration phase.

thewhole area is covered, theUAVchanges to a return-to-base
(RTB) mode to finish the exploration.

4.2. Algorithm Optimization. Next, analyzing the overall
behavior, we have introduced somemodifications to optimize
the performance of the proposed PdUC algorithm.

4.2.1. Spiralling with Alternating Directions. As shown in
Figure 6, to avoid large steps in the exploration phase when
the spiral center is next to a border, the direction of the spiral
will alternate for each round to allow minimizing the length
of some of the steps. To this purpose, for each spiral round,
we calculate the direction adopted as being the opposite
direction with reference to the previously used one. The
system can get the general size of the area to search, as well as
its borders, before starting the mission. This procedure takes
place in line 4 of Algorithm 2. In detail, it follows

𝜃𝑠,𝑟 = {{{
𝛼 + 𝛽𝑠,𝑐, if 𝑟 is even,
𝛼 − 𝛽𝑠,𝑐, if 𝑟 is odd,

𝑝𝑠,𝑟 = (𝑥𝑠𝑦𝑠) = (
𝑥𝑐 + 𝑅𝑠 × cos (𝜃𝑠,𝑟)𝑦𝑐 + 𝑅𝑠 × sin (𝜃𝑠,𝑟)) ,

(5)

where 𝜃𝑠,𝑟 defines the angle in round 𝑟 and step 𝑠, 𝛼 is the
initial angle, and 𝛽𝑠 is the angle in step 𝑠. Using it, angle 𝜃𝑠,𝑟
and the next point 𝑝𝑠 are calculated using as a reference the
coordinates for the spiral center (𝑥𝑐 and 𝑦𝑐) and radius 𝑅𝑠.
4.2.2. Skipping Previously Monitored Areas. As shown in
Figure 7, to avoidmonitoring the same areamultiple times, all
samples, which were taken within the area monitored during
the exploration phase, are internally stored. For this purpose,



Journal of Advanced Transportation 7

(1) while isExploring do
(2) 𝑟𝑜𝑢𝑛𝑑 ← 𝑟𝑜𝑢𝑛𝑑 + 1
(3) 𝑟𝑜𝑢𝑛𝑑𝑠𝑖𝑧𝑒 ← 2𝜋 ⋅ (𝑟𝑜𝑢𝑛𝑑 + 𝑟𝑜𝑢𝑛𝑑𝑛𝑒𝑥𝑡)/2
(4) 𝑟𝑜𝑢𝑛𝑑𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 ← −𝑝𝑟𝑒V𝑖𝑜𝑢𝑠𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛
(5) 𝑎𝑛𝑔𝑙𝑒𝑐𝑜𝑢𝑛𝑡 ← 2𝜋/(𝑟𝑜𝑢𝑛𝑑𝑠𝑖𝑧𝑒/𝑑)
(6) 𝑠𝑡𝑒𝑝 ← 0
(7) 𝑎𝑛𝑔𝑙𝑒 ← 0
(8) while 𝑠𝑡𝑒𝑝 < 𝑟𝑜𝑢𝑛𝑑𝑠𝑖𝑧𝑒 and 𝑖𝑠𝐸𝑥𝑝𝑙𝑜𝑟𝑖𝑛𝑔 do
(9) if 𝑖𝑠𝐼𝑛𝑠𝑖𝑑𝑒𝐴𝑟𝑒𝑎(𝑝2) and 𝑖𝑠𝑁𝑜𝑡𝑀𝑜𝑛𝑖𝑡𝑜𝑟𝑒𝑑(𝑝2) then
(10) 𝑝𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛2 ← 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑃𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛(𝑝2)
(11) if 𝑝2 > 𝑝𝑚𝑎𝑥 then
(12) 𝑠𝑡𝑜𝑟𝑒(𝑝𝑚𝑎𝑥)
(13) 𝑠𝑡𝑜𝑟𝑒(𝑟𝑜𝑢𝑛𝑑)
(14) 𝑖𝑠𝐸𝑥𝑝𝑙𝑜𝑟𝑖𝑛𝑔 = 𝑓𝑎𝑙𝑠𝑒
(15) 𝑖𝑠𝑆𝑒𝑎𝑟𝑐ℎ𝑖𝑛𝑔 = 𝑡𝑟𝑢𝑒
(16) 𝑝𝑚𝑎𝑥 = 𝑝2
(17) else
(18) ∇𝑝𝑜𝑙𝑙 ← 𝑝2𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛 − 𝑝1𝑝𝑜𝑙𝑙𝑢𝑡𝑖𝑜𝑛
(19) 𝑀𝑜V𝑒𝑇𝑜(𝑝2)
(20) 𝑠𝑡𝑒𝑝 ← 𝑠𝑡𝑒𝑝 + 𝑑
(21) 𝑎𝑛𝑔𝑙𝑒 ← 𝑎𝑛𝑔𝑙𝑒 + 𝑎𝑛𝑔𝑙𝑒𝑐𝑜𝑢𝑛𝑡 × 𝑟𝑜𝑢𝑛𝑑𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛
(22) 𝑝1 ← 𝑝2
(23) 𝑝2 ← 𝑁𝑒𝑥𝑡𝑃𝑜𝑖𝑛𝑡(𝑝1, 𝑎𝑛𝑔𝑙𝑒, 𝑠𝑡𝑒𝑝)
(24) 𝑝𝑟𝑒V𝑖𝑜𝑢𝑠𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 ← 𝑟𝑜𝑢𝑛𝑑𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛
(25) end

Algorithm 2: PdUC exploration phase.

Limit

d1

dn

d2d3

r1r2rm

Figure 6: PdUC algorithm: alternating spiral direction.

PdUC maintains a list containing the location of the central
position of all spirals with their respective radius to determine
the monitored areas (as a circumference determined by a
center and a radius). Next, in the exploration phase, all points
inside these circles are omitted for the sake of celerity, as
shown in line 9 of Algorithm 2.

Previously
monitored
area

Previous 
maximum

Actual 
maximum

d1

dn

d2d3

r1r2rm

Figure 7: PdUC algorithm: skipping monitored areas.

5. Validation and Simulation

To validate our protocol, we have run several simulations
with different configurations implemented in the OMNeT++
simulation tool, as shown in Figure 8.

To prepare a suitable data environment, we have created
various pollution distributionmaps representing ozone levels
to be used as inputs for testing. These pollution maps were
generated using the R Graph tool [43] and following a
Kriging-based interpolation [44]. In particular, a Gaussian
distribution is used to adjust the parameters coming from
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Figure 8: Example simulation scenario showing possible initial UAV positions over a randomly generated pollution map.

random data sources of ozone concentration. The actual
values range between 40 and 180 ppb, thereby providing a
realistic ozone distribution.

Figure 9 shows some samples of the created maps,
which have the highest pollution concentration (areas in red)
located at completely different positions due to the stochastic
scenario generation procedure adopted.

Using the previously created data as input, we have
run several simulations using OMNeT++, comparing our
protocol against both the Billiard and Spiral mobility pat-
terns. In the simulator, we have created a mobility model

implementation of PdUC. In addition, to simulate the sam-
pling process, we have configured OMNeT++ to periodically
performmeasurements taken from the pollution distribution
map defined for the test.

Figure 10 shows an example of the path followed by an
UAV using the PdUC algorithm as a guidance system. As
expected, the UAV starts a search process throughout the
scenario until it locates a position with the highest degree
of pollution (local maximum). Afterward, it follows a spiral
pattern to gain awareness of the surrounding gradients. If,
while following the spiral-shaped scan path, it finds a higher
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Figure 9: Pollution distribution examples used for validation.

Start

End

Figure 10: Example of an UAV path when adopting the PdUC
mobility model.

pollution value, the algorithm again switches to the search
phase. Finally, when the entire target area has been sampled,
the algorithm finishes.

Table 1: Simulation parameters.

Parameter Value
Area 4 × 4Km
Pollution range [40–180] ppb
Sampling error 10 ppb
Max. speed 20m/s
Sampling time 4 seconds
Step distance 100m
Mobility models Billiard, Spiral, and PdUC

To compare the three options under study, we recreate,
using the R Graph tool, the pollution distributionmaps using
the simulation output as the input for the Kriging-based
interpolation. In this way, we obtain new pollution maps for
comparison against the ones used as reference.

Table 1 summarizes the parameters used in the simula-
tions.

Since we are proposing the PdUC algorithm for rural
environments, the simulation area defined is a 4 × 4Km
area. As indicated above, the pollution distribution relies on
synthetic maps that are generated by combining a random
Kriging interpolation following aGaussianmodel with values
between 40 and 180 units based on the Air Quality Index



10 Journal of Advanced Transportation

Mobility model
Billiard
PdUC
Spiral

0.00

0.25

0.50

0.75

1.00

Si
m

ul
at

io
ns

2400 3000 3600 4200 4800 54001800
Simulation time

Figure 11: Cumulative Distribution Function of the time spent
at covering the complete area for the Billiard, Spiral, and PdUC
mobility models.

(AQI) [45]. Since samples are taken using off-the-shelf sen-
sors, which are not precise, we introduce a random sampling
error of ±10 ppb based on real tests using theMQ131 (Ozone)
sensor. In our simulation, we set the maximum UAV speed
to 20m/s, a value achievable by many commercial UAVs.
The step distance defined between consecutive samples is
100 meters. Once a new sampling location is reached, the
monitoring time per sample is defined to be 4 seconds.

The mobility models used are Billiard, Spiral, and PdUC.
Thesemodels have different assumptions regarding the initial
UAV position. In the Billiard model, the UAV starts in a
corner of the target area and then covers the whole area
by “bouncing” when reaching the borders. The Spiral model
starts at the center of the area to cover and then gradually
moves to the periphery of the scenario following a spiral
pattern. Finally, PdUC is set to start at a random position
within the target area.

We now proceed by analyzing the time required to cover
the entire area using each of the approaches being tested.
For this purpose, we defined 100 simulations for each model
(Billiard, Spiral, and PdUC) and determined the required
time to cover the whole area, estimating the pollution map
afterward.

For each run, the starting position of theUAV is randomly
set on the map, as shown in Figure 8.

Figure 11 shows the Cumulative Distribution Function
relative to the time required to cover the whole area for the
three mobility models. It can be seen that the Billiard and
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Figure 12: Relative error comparison between the PdUC, Billiard,
and Spiral mobility models at different times, when analyzing all the
values.

Spiral models do not depend on the start position, spending
a nearly constant time (5600 and 2600 seconds, resp.) for
each configuration defined. In the case of the PdUCmobility
model, since it reacts to air pollution, the time required
to cover the complete area varies between 1800 and 4300
seconds, depending on the start position.

Due to battery restrictions, it is interesting to analyze how
fast each mobility model discovers the most polluted areas
and how accurately does it recreate the pollution distribution.
For this purpose, we analyze the relative error for the three
mobility models at different time instants (600, 1200, 1800,
2400, 3000, and 6000 seconds); this error is defined by

𝑒𝑡 = ∑
𝑚
𝑖=1∑𝑛𝑗=1 (𝑠𝑥,𝑦,𝑡 − 𝑏𝑥,𝑦) /Δ𝑏𝑚 ⋅ 𝑛 , (6)

where 𝑒𝑡 is the relative error at time 𝑡; 𝑠𝑥,𝑦,𝑡 is the recreated
pollution value at position (𝑥, 𝑦) using the samples taken
during simulation until time 𝑡, 𝑏𝑥,𝑦 is the reference pollution
value at position (𝑥, 𝑦), and 𝑛 and 𝑚 are the dimensions of
the target area, respectively.

Figure 12 shows the temporal evolution of the relative
error between the three mobility models (Billiard, Spiral, and
PdUC) and the original one. We can observe that all mobility
models have roughly the same behavior: they start with a
high relative error, which is foreseeable since we are using
Kriging interpolation to recreate the pollution distribution,
and it tends to the mean value when the number of samples
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Figure 13: Relative error comparison between PdUC, Billiard, and
Spiral mobility models at different times when only considering
values higher than 120 ppb.

is not enough. Then, as more samples become available, the
spatial interpolation process quickly becomes more precise.

Although the three mobility models are similar, the
spiral approach achieves a better performance in terms of
relative error reduction. However, if we analyze only the
most polluted regions, that is, regions characterized by values
higher than a certain threshold (120 and 150 ppm in our case,
based onAQI [45]), we find that PdUC clearly provides better
results.

Figures 13 and 14 show the comparison between the
Billiard, Spiral, and PdUC mobility models at different
times when only focusing on air pollution values higher
than 120 and 150 ppb, respectively. These results show that
PdUC clearly provides better results than the Billiard and
Spiral movement patterns, outperforming their accuracy
from nearly the beginning of the experiment (1200 seconds)
and reaching the lowest relative error values in just 3600
seconds, with these two othermobility approachesmore than
doubling the error values for the same time. In particular,
the Billiard mobility pattern requires about 6000 seconds to
achieve a similar degree of accuracy (120 ppb case), while
the Spiral approach is not able to achieve values as low as
PdUC in any of the cases. This occurs because PdUC focuses
on the highest values in the chemotaxis-based phase. PdUC
always prioritizes the most polluted areas in detriment of less
polluted ones, thus allowing obtaining, at least, details about
the region with the highest pollution values.
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Figure 14: Relative error comparison between PdUC, Billiard, and
Spiral mobility models at different times when only considering
values higher than 150 ppb.

To complete our study, Figure 15 presents an example
of the evolution of predicted pollution values for the whole
target area and for the three algorithms under analysis (Spiral,
Billiard, and PdUC), at different times (1200 s, 2400 s, 3600 s,
and 6000 s). We can observe that PdUC is able to quickly
find the most polluted areas, while the effectiveness of other
approaches highly depends on the actual location of pollution
hotspots in order to detect them at an early stage.

6. Open Issues

Unmanned Aerial Systems (UAS) have been quickly adopted
in different application areas due to their flexibility and rel-
atively low cost. Focusing on the environmental monitoring
area, in a previousworkwe introduced the idea of usingUAVs
for air pollutionmonitoring [46] by equipping themwith off-
the-shelf sensors. Instead, in the current paper, we introduce
an algorithm called PdUC to guide a single UAV in the task
of monitoring a specific area. However, there are still several
open issues related to this topic.

Until now, we have only considered operations limited to
a single UAV. The next step in our research is to introduce
multiple-UAVs and the associated cooperation schemes. The
following aspects need to be addressed to follow this research
line:

(i) Cooperation. To maximize the effectiveness and
reduce mapping times, it is advisable to have several
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(b.1) Spiral 1200 s (d.1) PdUC 1200 s(c.1) Billiard 1200 s
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(b.3) Spiral 3600 s (d.3) PdUC 3600 s(c.3) Billiard 3600 s

(b.4) Spiral 6000 s (d.4) PdUC 6000 s(c.4) Billiard 6000 s
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Figure 15: Visual representation of the estimation output for the PdUC, Billiard, and Spiral mobility models at different times.

UAVs that cooperate with each other to achieve the
same task, thereby accelerating the whole process and
avoiding battery exhaustion before completing the
monitoring process.

(ii) Collision Avoidance. Since the different UAVs are
expected to have some degree of autonomy regarding
theirmobility pattern, a correct coordination between
nearby UAVs is required to avoid collisions when
flying at a close range.

(iii) Communications. To achieve the aforementioned
goals of cooperation and collision avoidance, com-
munications between UAVs and between UAVs and
a central management unit are required.

On the other hand, using mobile sensors installed on
UAVs introduces new issues to the sensing process that
should also be addressed:

(i) Altitude. Despite the fact that currently most pol-
lution studies are made at a ground level, the use
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of UAVs allows determining the concentration of
pollutants at different heights, allowing determining
if there are layers of pollutants that can cause health
problems in rugged mountainsides.

(ii) Influence of the Wind. The sampling procedure
includes sensors that are sensitive to the wind con-
ditions. In addition, wind causes the overall pollution
map to be more dynamic. In this context, both issues
deserve more scrutiny.

7. Conclusions

Despite the fact that we have several options to monitor air
pollution in urban scenarios, being crowdsensing an emerg-
ing approach arousing great interest, finding an adequate
approach for industrial or rural areas remains a pending task.

Recently, Unmanned Aerial Systems have experienced
unprecedented growth, offering a platform for the fast devel-
opment of solutions due to their flexibility and relatively low
cost; in fact, they can be good options to solve the previous
requirements, allowing monitoring remote areas that are
difficult to access.

In this paper, we propose a solution where we equip an
UAV with off-the-shelf sensors for monitoring tasks, using a
Pixhawk Autopilot for UAV control, and a Raspberry Pi for
sensing and storing environmental pollution data.

To automatically analyze pollution values within a target
area, we also propose an adaptive algorithm for autonomous
navigation called Pollution-based UAV Control system
(PdUC). This algorithm allows an UAV to autonomously
monitor a specific area by prioritizing the most polluted
zones. In particular, PdUC combines different concepts
including a chemotaxis metaheuristic, a local particle swarm
optimization (PSO), and an Adaptive Spiralling technique, to
create an algorithm able to quickly search for hotspots having
high pollution values, and to cover the surrounding area as
well, thereby obtaining a complete and detailed pollutionmap
of the target region.

To validate our proposal, we compared the proposed
PdUC solution against the Billiard and Spiralmobilitymodels
through simulations implemented in OMNeT++. Simulation
experiments show that PdUC offers significantly better per-
formance at reducing prediction errors, especially regarding
the accuracy achieved for the high-values range.
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Thepaper presents themathematicalmodel of a quadrotor unmanned aerial vehicle (UAV) and the design of robust Self-Tuning PID
controller based on fuzzy logic, which offers several advantages over certain types of conventional control methods, specifically in
dealing with highly nonlinear systems and parameter uncertainty.The proposed controller is applied to the inner and outer loop for
heading and position trajectory tracking control to handle the external disturbances caused by the variation in the payload weight
during the flight period. The results of the numerical simulation using gazebo physics engine simulator and real-time experiment
usingAR drone 2.0 test bed demonstrate the effectiveness of this intelligent control strategy which can improve the robustness of the
whole system and achieve accurate trajectory tracking control, comparing it with the conventional proportional integral derivative
(PID).

1. Introduction

The payload variation has been playing an important role in
the field of transportation. The control for the unmanned
aerial vehicles (UAV) becomes more challenging when it
involves the payload variation over time. With the increasing
popularity of autonomous UAVs in the field of military
and civilian such as surveillance, disaster monitoring, rescue
mission, firefighting, and package delivery [1], where carrying
and transporting external payload is essential to complete the
mission successfully, the safe and fast transportation of fragile
or dangerous payloads by UAVs has become an interesting
and important topic for the recent researchers in the field.The
control of such UAVs requires the UAV stability and constant
performance with the changing payload weight during the
flight. But these UAVs are inherently unstable, nonlinear, and
multivariable with complex and highly coupled dynamics [2].
It is also very sensitive to unmolding dynamics, parametric
uncertainties, and external disturbances. Thus, it makes the
control design for UAVs with payload variation very critical.
The critical design of such controllers leads the field of control
theory to introduce new intelligent types of controllers [3].

Recent researches on the same field show different con-
trol methodologies. Bouabdallah and Siegwart present the

real-time tests with an integral backstepping controller for
an autonomous vehicle [4] and Boudjedir et al. mentioned
an Adaptive Neural Control technique at the presence of
sinusoidal disturbance [5] which is tested only in a simulation
environment. Even though there exists another controller
depicting the adaptive nature using sliding mode, control
in the presence of external disturbances is described in [6],
but it holds the simulation environment only. The work in
[7] describes a Fuzzy PID for quadrotor with space fixed-
point position control in a real-time flight test. Kim and Lee
extend their control idea to nonlinear attitude stabilization
and tracking control for an autonomous hexarotor vehicle
[8]. A new approach is taken in the field of control by the
design of an Intelligent controller for unmanned quadrotor
[9] which seems to be promising. But the discussed works
lack the analysis of the payload weight variation effects and
the performance of the UAV in presence of such variations
on the weight. This phenomenon is an integral part of the
environments like mountains or unstructured areas for real
UAV applications where UAV needs to drop the payload
gradually without landing. The most practical example to
view the importance of such system is the application in
firefighting.Other applications like package delivery andmail
delivery involve maximizing the number of delivery within
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an area where package or mail drop from air helps to make
delivery easier. In hazard situations like fire control, such
system can be used as continuous spray ofwater or fire control
gases. The application also extends to the field of agriculture
with medicine spray in a crop field.

It is extremely painful that there exists a few successful
research focused on payload weight variation and its effect
on the UAV performance. These studies include a fixed
wing UAV that has been used for payload dropping mission
[10]. It lacks the stationary flight capability which leads the
researcher to focus onVertical Take-Off andLanding (VTOL)
vehicles such as quadrotor UAV which offers the ability to
fly in any direction and even to stop their movement staying
hovering above a specific target.

In [11] a robust adaptive control is designed for quadrotor
payload add and drop applications in simulation environ-
ment. Another research presented a payload drop application
of unmanned quadrotor helicopter using Gain-Scheduled
PID and model predictive control techniques in real-time
experiment [12] but the work analyzes the effect only in
altitude. Muhammad presented the simulation work with the
PID controller for payload drop of a quadrotor UAV [13]. To
handle such complex UAV systems to unload package or to
drop payload without landing, a robust flight controller is
needed which must be intelligent enough to keep the UAV
stable in different circumstances. The intelligent controller
must adapt itself in a short duration of time with the sudden
changes in the payloadwhich enable theUAV to be stabilized.
The design of such controllers aims to avoid the damage
of the system and guarantees the safety operation for the
surrounding environment and people present.

This work studies the effects of payload weight variation
and analyzes the behavior of the UAV in a 3-dimensional
space (𝑥, 𝑦, 𝑧) along with the attitude (roll, pitch, and yaw
angles) instead of the single axis 𝑧 (altitude) consideration
of most of the present works. The work contributes to the
design of a robust intelligent self-tuning PID controller based
on fuzzy logic to ensure the trajectory tracking performance
in the presence of payload weight variations. The proposed
control idea is tested both in the simulation as well as in real-
time environment.

The paper introduces the existing research works which
are similar to the topic of the paper, the pros and cons of
such control ideas, the problem definitions, and the proposed
idea in Section 1. The next part describes the dynamic model
of the quadrotor in Section 2 and the controls development
is presented in Section 3. Section 4 presents the simulation
environment and asymptotic tracking results obtained in
that environment which is further extended to real-time
environment and the real flight test results are presented in
Section 5. Finally, the paper concludes with the promising
result and uses of proposed idea in near future to handle
payload variation on a UAV effectively.

2. Description and Dynamics of the Quadrotor

The work uses a quadrotor, AR Drone 2.0, that was unveiled
at CES Las Vegas 2012. It comes with 720p camera and
the onboard sensors (like ultrasonic altimeter and 3-axis

F1

F2

F3

F4

X Y

Z

Rm

Rb
𝜃𝜙

𝜓

x y

z

Figure 1: Quadrotor configuration frame scheme with body-fixed
and inertia frames.

gyroscope, along with a 3-axis accelerometer and magne-
tometer) which allow the quadrotor for greater control. The
wifi communication with 802.11n standard provides better
communication with the ground station. The rotors are
powered by 15 watts and brushless motors are powered by an
11.1 Volt lithiumpolymer battery.This provides approximately
12 minutes of flight time at a speed of 5m/s (11mph). In
order to design a flight controller, one must first understand
the quadrotormovements, its dynamics, and consequently its
dynamic equations. This understanding is necessary not just
for the design of the controller, but also to ensure that the
simulations of the vehicle behavior are closer to the reality
when the command is applied.

The quadrotor is classified in the category of the most
complex flying systems given the number of physical effects
that affect its dynamics, namely, aerodynamic effects, gravity,
gyroscopic effects, friction, and moment of inertia. The
schematic configuration of a quadrotor we adopted in this
study is shown in Figure 1. Four rotors are usually placed
at the ends of two orthogonal axes. The rotation for two
propellers needed to be in a clockwise direction while the
other two are in a counterclockwise direction. The modeling
of flying robots is a delicate task as the dynamics of the
system are strongly nonlinear and fully coupled. In order to
understand the model dynamics developed in this work, the
working hypotheses are given below [14]:

(1) The structure of the quadrotor is assumed to be rigid
and symmetric.

(2) The propellers are rigid.
(3) Thrust and drag forces are proportional to the square

of the rotors speed.
(4) The center of mass and origin of the coordinate

system related to the quadrotor structure coincide.

To evaluate the mathematical model of the quadrotor, we
use two reference frames, a fixed frame linked to the ground
called inertial frameRb and anothermobile frameRm with its
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Table 1: Quadrotor parameters.

Symbol Quantity Value
𝑘1 Thrust factor 8.048 × 10−6N⋅S2
𝑘2 Drag coefficient 2.43 × 10−7 N⋅m⋅s2
𝐼𝑥𝑥 Moment of inertia along 𝑥 direction 0.002237568 kg⋅m2
𝐼𝑦𝑦 Moment of inertia along 𝑦 direction 0.002985236 kg⋅m2
𝐼𝑧𝑧 Moment of inertia along 𝑧 direction 0.00480374 kg⋅m2
𝑙 Center distance between the gravity of quadrotor and each propeller 0.1785m
𝑚 Total mass of the quadrotor 0.450 kg
𝐽𝑟 Rotor inertia 2.029585 × 10−5 kg⋅m2
𝑔 Gravity 9.81m/s2

origin at the center of mass of the quadrotor. By varying the
rotor speeds, the thrust forces Fi=1⋅⋅⋅ 4 can be changed which
results in the six principal motions as follows:

(1) Roll rotation 𝜙 followed by translation along 𝑂𝑦
(2) Pitch rotation 𝜃 followed by translation along 𝑂𝑥
(3) Yaw rotation 𝜓
(4) Translation along 𝑂𝑧 (the altitude).

Let 𝑞 = [𝑃, 𝑟]𝑇 ∈ 𝑅6 be the generalized coordinates for the
quadrotor where 𝑃 = [𝑥, 𝑦, 𝑧]𝑇 denotes the absolute position
in the inertial frame Rb, and 𝑟 = [𝜙, 𝜃, 𝜓]𝑇 is the vector
consists of three Euler angles 𝜙, 𝜃 and 𝜓. 𝜗 = [Ω1, Ω2, Ω3]𝑇
denotes the vector containing angular velocities of roll, pitch,
and yaw with respect to the body-fixed frame Rm. The
rotation matrix from body frame to earth frame can be
obtained as follows:

𝑅 = [[
[

𝑐𝜙𝑐𝜃 𝑠𝜙𝑠𝜃𝑐𝜓 − 𝑠𝜓𝑐𝜙 𝑐𝜙𝑠𝜃𝑐𝜓 + 𝑠𝜓𝑠𝜙
𝑠𝜙𝑐𝜃 𝑠𝜙𝑠𝜃𝑠𝜓 + 𝑐𝜓𝑐𝜃 𝑐𝜙𝑠𝜃𝑠𝜓 − 𝑠𝜙𝑐𝜓
−𝑠𝜃 𝑠𝜙𝑐𝜃 𝑐𝜙𝑐𝜃

]]
]
, (1)

where 𝑠(⋅) and 𝑐(⋅) are abbreviations for sin(⋅) and cos(⋅)
functions, respectively.

Using the Newton-Euler formulation, the rotational and
translational dynamics are written in the following equation
with the corresponding parameters presented in Table 1:

�̈� = (𝑐𝜙𝑠𝜃𝑐𝜓 + 𝑠𝜙𝑠𝜓) 1𝑚𝑈1,
̈𝑦 = (𝑐𝜙𝑠𝜃𝑠𝜓 − 𝑠𝜙𝑐𝜓) 1𝑚𝑈1,

�̈� = −𝑔 + (𝑐𝜙𝑐𝜃) 1𝑚𝑈1,
̈𝜙 = ̇𝜃�̇� (𝐼𝑦𝑦 − 𝐼𝑧z𝐼𝑥𝑥 ) − 𝐽𝑟𝐼𝑥𝑥 ̇𝜃Ω𝑑 + 1𝐼𝑥𝑥𝑈2,
̈𝜃 = ̇𝜙�̇� (𝐼𝑧𝑧 − 𝐼𝑥𝑥𝐼𝑦𝑦 ) + 𝐽𝑟𝐼𝑦𝑦 ̇𝜙Ω𝑑 + 1𝐼𝑦𝑦𝑈3,

�̈� = ̇𝜃 ̇𝜙 (𝐼𝑥𝑥 − 𝐼𝑦𝑦𝐼𝑧𝑧 ) + 1𝐼𝑧𝑧𝑈4,

(2)
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Figure 2: PID controller structure.

where

Ω𝑑 = 𝜔2 + 𝜔4 − 𝜔1 − 𝜔4 (3)

and 𝑈𝑖 (𝑖 = 1, 2, 3, 4) is the virtual control input defined as
follows:

[[[[[
[

𝑈1
𝑈2
𝑈3
𝑈4

]]]]]
]

=
[[[[[
[

𝐾1 𝐾1 𝐾1 𝐾1
0 −𝑙𝐾1 0 𝑙𝐾1

−𝑙𝐾1 0 𝑙𝐾1 0
𝐾2 −𝐾2 𝐾2 −𝐾2

]]]]]
]

[[[[[[
[

𝜔21
𝜔22
𝜔23
𝜔24

]]]]]]
]
. (4)

3. Control Development

The work develops a self-tuning PID controller for position
and heading trajectory tracking control to deal with the mass
variance of the quadrotor when the payload is gradually
changed.

3.1. Design of PID Controller. The proportional integral
derivative (PID) controller is designed to ensure the tra-
jectory tracking capability of {𝜓} and {𝑥, 𝑦, 𝑧} along the
desired yaw angle trajectory {𝜓𝑑} and {𝑥𝑑, 𝑦𝑑, 𝑧𝑑, } position
as illustrated in Figure 2.
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The based control laws of PID controller for position and
heading take the following form:

𝑈4 = 𝐾𝑝𝜓 ⋅ 𝑒𝜓 + 𝐾𝑑𝜓 ⋅ ̇𝑒𝜓 + 𝐾𝑖𝜓 ⋅ ∫ 𝑒𝜓 ⋅ 𝑑𝑡,
𝑈1𝑥 = 𝐾𝑝𝑥 ⋅ 𝑒𝑥 + 𝐾𝑑𝑥 ⋅ ̇𝑒𝑥 + 𝐾𝑖𝑥 ⋅ ∫ 𝑒𝑥 ⋅ 𝑑𝑡,
𝑈1𝑦 = 𝐾𝑝𝑦 ⋅ 𝑒𝑦 + 𝐾𝑑𝑦 ⋅ ̇𝑒𝑦 + 𝐾𝑖𝑦 ⋅ ∫ 𝑒𝑦 ⋅ 𝑑𝑡,
𝑈1 = 𝐾𝑝𝑧 ⋅ 𝑒𝑧 + 𝐾𝑑𝑧 ⋅ ̇𝑒𝑧 + 𝐾𝑖𝑧 ⋅ ∫ 𝑒𝑧 ⋅ 𝑑𝑡,

(5)

where
𝑒𝜓 = 𝜓des − 𝜓,
𝑒𝑥 = 𝑥des − 𝑥,
𝑒𝑦 = 𝑦des − 𝑦,
𝑒𝑧 = 𝑧des − 𝑧

(6)

and 𝐾𝑝., 𝐾𝑑., 𝐾𝑖. are parameters tuned without payload
onboard. 𝑈1𝑥 and 𝑈1𝑦 are virtual control inputs used to
generate the desired roll 𝜙𝑑 and pitch 𝜃𝑑 angles as illustrated
in Figure 2:

𝜙𝑑 = 1𝑔 (𝑈1𝑥 sin𝜓des − 𝑈1𝑦 cos𝜓des) ,
𝜃𝑑 = 1𝑔 (𝑈1𝑥 cos𝜓des − 𝑈1𝑦 sin𝜓des) .

(7)

3.2. Fuzzy Logic for Self-Tuning of PID. Fuzzy logic is a tool
for reasoning propositions that can be manipulated with
mathematical precepts. It has been suggested by researchers
that measurements, process modeling, and control can never
be exact for real and complex processes. Also, there are uncer-
tainties such as incompleteness, randomness, and ignorance
of data in the process model [15].

The seminal work of Zadeh introduced the concept of
fuzzy logic to model human reasoning from imprecise and
incomplete information by giving definitions to vague terms
and allowing construction of a rule base (Zadeh, 1965, 1973).
Fuzzy logic can incorporate human experiential knowledge
and give it an engineering flavor to model and control such
ill-defined systems with nonlinearity and uncertainty. The
fuzzy logic methodology usually deals with reasoning and
inference on a higher level, such as semantic or linguistic.
Fuzzy logic requires knowledge in order to reason which is
provided by a person who knows the process or machine
(the expert). One of the most important components of fuzzy
logic is membership function. Membership functions group
input data into sets, such as temperatures that are too cold,
motor speeds that are acceptable, and distances that are too
far. The fuzzy controller (see Figure 4) assigns the input data
a grade between 0 and 1 based on how well it fits into each
membership function [16].

Mathematically a fuzzy set is described as a set 𝐴 in 𝑋.
The set 𝐴 is characterized by a membership function 𝜇𝐴(𝑥)

associated with each point in 𝑥, a real number in the interval[0, 1], with the values of 𝜇𝐴(𝑥) at 𝑥 representing the grade of
membership of 𝑥 in 𝐴.

The function that characterizes the fuzziness of a fuzzy set𝐴 in 𝑋, which associates each point in 𝑋 with a real number
in the interval [0, 1], is known as membership function.

Fuzzification and Defuzzification. The process that allows
converting a numeric value into a fuzzy input is called
fuzzification.

Defuzzification is the reverse process of fuzzification.
Mathematically, the defuzzification of a fuzzy set is the
process of conversion of a fuzzy quantity into a crisp value.
This is necessary when a crisp value is to be provided from a
fuzzy system to the user.

InferenceMechanism. Inference is the process of formulating a
nonlinear mapping from a given input space to output space.
The mapping then provides a basis from which decisions
can be made. The process of fuzzy inference involves all the
membership functions, operators, and if-then rules [16].

3.3. Self-Tuning of the Designed PID Controller. Traditional
PID designed in Section 3.1 comes with a lot of limitations.
For example, its three parameters are tuned for a specific
operating condition such as with constant payload or without
payload. Therefore, such mass uncertainty may significantly
affect the fly control performance. To solve this problem
of designed PID, a self-tuning mechanism based on fuzzy
logic is developed which has the capability of adjusting
the parameters of designed PID online which enables the
previously developed PID to handle the sudden or gradual
change of the payload weight. We know that the weight
change practically has a big and inevitable effect not only in
the altitude stability of the quadrotor but also in 𝑥-𝑦 position.
More specifically, in the hovering condition, a quadrotor with
its onboard load is seen as a heavy body [13], thus requiring
more upward thrust to attain the desired altitude. Once the
payload is dropped or gradually changed, the quadrotor will
reach a higher altitude, thus, producing overshooting on
its desired height. The self-tuning intelligent PID controller
mustmonitor this overshoot and quickly compensates for this
and return the quadrotor to its desired altitude by lowering
the upward thrust by slowing the speed of the brushless DC
motor (BLDC) or in the opposite way when the payload is
added to compensate the undershoot.

The self-tuning mechanism is designed for automatic-
tuning of each of PID controller parameters so that the
system becomes robust to the mass uncertainty. The inputs
to the fuzzy mechanism are error and change in the error. It
produces the output of the PID parameters “𝐾𝑝”, “𝐾𝑖”, “𝐾𝑑”
as presented in Figure 3.

3.4.Design ofMembership Function (MF). Theworkdesigned
five triangular membership functions nl, ns, ze, ps, and
pl which represent negative large, negative simple, zero,
positive simple, and positive large for each input variable (see
Figure 5) and seven triangular membership functions pvs,



Journal of Advanced Transportation 5

−

−

−

−

+

+

+

+Desired
position

Desired
heading

Desired
altitude

Guidance

Position
controller

Attitude
controller

Altitude
controller

Fuzzy logic
mechanism 1

Scaling
factor

Fuzzy logic
mechanism 2

Scaling
factor

Fuzzy logic
mechanism 3

Scaling
factor

e

e

e

Quadrotor control
allocation Quadrotor dynamics

𝜓des

d/dt

d/dt

d/dt
zdes z

𝜓

u1

u2

u3

u4

[x, y]

[𝜃, 𝜙]

w1

w2

w3

w4

[xdes, ydes]

[𝜃des, 𝜙des]

Figure 3: Overall structure for the developed control mechanism.

Rule Base

Fuzzification

Inference

Defuzzification
Crisp
inputs

Crisp
output

Rule base

Fuzzification Defuzzification

Figure 4: Fuzzy structure.

ps, pms, pm, pml, pl, and pvl for each output variables (see
Figures 6–8). Based on experience, 25 fuzzy rules are defined
for all possible combinations of the inputs. The “centroid
method” is used for defuzzification. The three-dimensional
surface of chosen fuzzy rules for the controller design is
shown in Figures 9–11. Fuzzy controller is made of “if-then”
rules.The selected rules for the quadrotor control process are
shown in Tables 2–4. The equation for the control algorithm
is given as

𝑈 (𝑡) = 𝑈 (𝑡)SP + 𝑈 (𝑡)Sd + 𝑈 (𝑡)SI , (8)

where the control signals self-tuning proportional, self-
tuning Integral, and self-tuning derivative are

𝑈 (𝑡)SP = 𝑆𝑘𝑃𝐹𝑃𝑒 (𝑡) ,
𝑈 (𝑡)Sd = 𝑆𝑘𝑑𝐹𝑑𝑒 (𝑡) ,
𝑈 (𝑡)SI = 𝑆𝑘𝑖𝐹𝑖𝑒 (𝑡) ,

(9)
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Figure 5: Membership functions designed for the inputs.

where 𝐹𝑃, 𝐹𝑑 and 𝐹𝑖 are scaling factors; hence, three fuzzy
controller outputs are

𝑆𝑘𝑝 = 𝑓𝑝 (𝑒, 𝑑𝑒𝑝𝑑𝑡 ) ,

𝑆𝑘𝑑 = 𝑓𝑑 (𝑒, 𝑑𝑒𝑑𝑑𝑡 ) ,

𝑆𝑘𝑖 = 𝑓𝑖 (𝑒, 𝑑𝑒𝑖𝑑𝑡 ) .

(10)
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Therefore, the self-tuning control input can be written as

𝑈 (𝑡) = 𝑓𝑝 (𝑒, 𝑑𝑒𝑝𝑑𝑡 )𝐹𝑃𝑒 (𝑡) + 𝑓𝑑 (𝑒, 𝑑𝑒𝑑𝑑𝑡 )𝐹𝑑𝑒 (𝑡)
+ 𝑓𝑖 (𝑒, 𝑑𝑒𝑖𝑑𝑡 )𝐹𝑖𝑒 (𝑡) .

(11)
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4. Simulation Setup and Results

Simulations have been conducted using robot operating
system (ROS) interfaced with Matlab/Simulink and gazebo
physic engine simulator as illustrated in Figure 12, in order
to verify the efficiency of the proposed self-tuning PID
controller for heading and position control and benchmark
with a regular PID.
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Figure 14: Response curves of quadrotor UAV position (𝑥, 𝑦, 𝑧).
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Firstly PID parameters are tuned in normal case quadro-
tor without payload; from Figures 13–15, we can see that the
proposed self-tuning controller gives us very good result in
terms of trajectory tracking performances. In the next section
to demonstrate the effectiveness of the proposed controller
against adverse condition, like payload weight variation, we
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Table 2: Fuzzy rule for 𝑘𝑝.
de/e NL NS ZE PS PL
NL PVL PVL PVL PVL PVL
NS PML PML PML PL PVL
ZE PVS PVS PS PMS PMS
PS PML PML PML PL PVL
PL PVL PVL PVL PVL PVL
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Figure 17: Quadrotor 𝑥 position under payload with variable
weight.

need to do some experimental tests; we change the weight
gradually and then we analyze the effect of this change in
the position tracking performance and we compare it with
conventional PID.

5. Experiment Setup and Results

In this section to validate the position and heading trajectory
tracking performance experiment tests (the experimental
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Figure 18: Quadrotor 𝑌 position under payload with variable
weight.

video is available at the URL https://www.youtube.com/
channel/UC6eedfqCWGpj1YqANGdzfIg) are implemented
on the Ardrone 2.0 testbed as presented in Figure 16. Firstly
the quadrotor is on the ground with initial payload of
20 g onboard; after takeoff the quadrotor was ordered to
follow square trajectory, and then during the fly maneuver
we change gradually the weight by adding external load
till we reach the maximum load supported by our system
which is about 60 g; from Figures 17–21 we can see that
the the self-tuning PID algorithm based on fuzzy logic that
automatically adjust the parameter gain within rage 𝑘𝑝, 𝐾𝑑 ∈[0.4 3], 𝐾𝑖 ∈ [0.1 2.5] is able to make the quadrotor
reach the desired trajectory, without overshoot and with

https://www.youtube.com/channel/UC6eedfqCWGpj1YqANGdzfIg
https://www.youtube.com/channel/UC6eedfqCWGpj1YqANGdzfIg
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Table 3: Fuzzy rule for 𝑘𝑑.
de/e NL NS ZE PS PL
NL PVS PML PM PL PVL
NS PMS PML PL PVL PVL
ZE PM PL PL PVL PVL
PS PML PVL PVL PVL PVL
PL PVL PVL PVL PVL PVL

Table 4: Fuzzy rule for 𝑘𝑖.
de/e NL NS ZE PS PL
NL PM PM PM PM PM
NS PMS PMS PMS PMS PMS
ZE PS PS PVS PS PS
PS PMS PMS PMS PMS PMS
PL PM PM PM PM PM
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Figure 19: Quadrotor 𝑧 position under payload with variable
weight.

slightly oscillatingmotion compared to the conventional PID
controller system which presents about 19 cm of overshoot
in the altitude and position, because the control parameters𝑘𝑝 = 1.5 𝐾𝑑 = 0.8 𝐾𝑖 = 0.3 are tuned in the initial case with
constant payload.

6. Conclusion

This paper presents a self-tuning PID control algorithm to
achieve quadrotor aerial vehicle’s performancewith a variable
payload. The comparison between the conventional PID and
self-tuning PID base on fuzzy logic has been conducted; the
result shows that both control methodologies are acceptable
in the case of no variation in the payload weight, experi-
mental results demonstrate the superiority of the proposed
self-tuning PID comparing to the PID in case of variable
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Figure 20: Response curves of quadrotor UAV attitude (𝜙, 𝜃, 𝜓).
payload weight, and it provides good performance in terms
of disturbance reduction and trajectory tracking.
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UAS (Unmanned Aircraft System) technologies are today extremely required in various fields of interest, from military to civil
(search and rescue, environmental surveillance and monitoring, and entertainment). Besides safety and legislative issues, the main
obstacle to civilian applications ofUAS systems is the short time of flight (endurance), which depends on the equipped power system
(battery pack) and the flight mission (low/high speed or altitude). Long flight duration is fundamental, especially with tasks that
require hovering capability (e.g., river flow monitoring, earthquakes, devastated areas, city traffic monitoring, and archeological
sites inspection).This work presents the conceptual design of a Hybrid Unmanned Aircraft System (HUAS), merging a commercial
off-the-shelf quadrotor and a balloon in order to obtain a good compromise between endurance and weight. The mathematical
models for weights estimation and balloon static performance analysis are presented, together with experimental results in different
testing scenarios and complex environments, which show 50% improvement of the flight duration.

1. Introduction

Unmanned Aircraft Systems (UAS) play an important role
in various military and civil applications, particularly for
monitoring and surveillance of areas (urban traffic, coast
guard patrolling, border patrolling, detection of illegal
imports, archeological site prospection, etc.), climate research
(weather forecast, river flow), agricultural studies, air com-
position and pollution studies, inspection of electrical power
lines, monitoring gas or oil pipe lines, entertainment, and TV:
their diffusion is mainly due to the capacity to perform dan-
gerous, sensitive, environmentally critical, or dull tasks with
low costs and increased manoeuvrability and survivability.
Most civilian UAS missions require flying speeds lower than
50 kts (70 km/hr) at low altitudes, with hovering capability
to perform close proximity inspection (e.g., air quality mea-
surements at high spatial resolution [1], powerline inspection,
subsurface geology and agriculture [2], mineral resource
analysis, or incident control by police and fire services) [3–5].
Some missions also require significant flight duration time.
Increasing endurance generally implies additional costs in
terms of fuel consumption and airframe complexity, resulting

in reduced efficiency of payload and/or reduced range for
size, mass, and financial cost.

Currently, a broad range of UAS exists, from small and
lightweight fixed-wing aircrafts to rotor helicopters, large-
wingspan airplanes, and quadcopters, generally providing
persistence beyond the capabilities of manned vehicles [6].
Table 1 [7] classifies UAS with respect to mass, range, flight
altitude, and endurance.

VTOL (Vertical Take-Off and Landing) aircrafts provide
many advantages with respect to Conventional Take-Off and
Landing (CTOL) vehicles, first of all the capability of hovering
and the small area required for take-off and landing. Among
VTOL aircrafts, such as conventional helicopters and crafts
with rotors like the tilt-rotor and fixed-wing aircrafts with
directed jet thrust capability, the quadrotor or quadcopter
is often preferred, especially in the academic research on
mini- or microsize UAS. Quadrotors are a good alternative
to conventional rotorcrafts, due to their ability to hover and
move without the complex systems of linkages and blade
elements typical of a standard single-rotor vehicle [5] [8, Ch.
1]. By employing four rotors to generate differential thrust,
the quadrotor gains flexibility, swift manoeuvrability, and
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Table 1: Extract of UAV categories defined by UVS International
(Unmanned Vehicle Systems Association). Figures on category
name “mini” depend on different countries.

Category name Mass
[kg]

Range
[km]

Flight
altitude [m]

Endurance
[hours]

Micro <5 <10 250 1
Mini <25/30/150 <10 150/250/300 <2
Close range 25–250 10–30 3000 2–4
Medium range 50–250 30–70 3000 3–6
High altitude,
long range >250 >70 >3000 >6

Table 2: Comparison among different VTOL concepts and design
issues (see text for explanation).

Design driver A B C D E F G H
Mechanics simplicity 1 1 1 1 3 4 3 4
Aerodynamics
complexity 1 1 1 1 1 3 1 4

Low-speed flight 2 4 3 2 3 4 4 4
Stationary flight 1 4 4 2 4 3 4 4
Control cost 2 1 2 1 1 3 4 3
Payload/volume 2 2 3 1 2 1 4 3
Maneuverability 3 4 3 3 2 1 2 3
High-speed flight 3 2 2 3 4 1 1 3
Miniaturization 2 2 2 4 3 1 4 3
Power cost 3 2 2 3 2 4 2 1
Survivability/Endurance 2 1 1 3 3 3 3 1
Total quality index 22 24 24 24 28 28 32 33

increased payload. Table 2, adapted from [5], gives quality
indexes (from 1 = bad to 4 = very good) for some design issues
pertaining to different VTOL vehicle concepts, namely, bird-
like (A), single-rotor (B), tandem rotors (C), insect-like (D),
axial rotor (E), blimp (F), coaxial rotors (G), and quadrotor
(H).

The quadrotor has good ranking among VTOL vehicles,
but it still keeps some drawbacks. For example, the craft size
is rather large; the energy consumption is great; therefore the
flight time is short, the control algorithms are very complex,
as only four actuators have to control the six degrees of
freedom (DOF) of the craft (a quadrotor is a typical example
of an underactuated system), and the changing aerodynamic
interference patterns between the rotors have to be taken into
account [5, Chap. 3] [8, Parts I and II].

Endurance is a fundamental task in UAS design. Gener-
ally, it depends on the payload and the aircraftmission (search
and rescue, inspection tasks, etc.). Typical UAS endurances
are in the range from 30min (micro UAS) to 24 hours (high
altitude, long endurance, orHALE, vehicles). Table 3 classifies
UAS in terms of mass, range, flight altitude, and endurance.

Extended flight duration has been mainly addressed by
means of optimization of the electric propulsion system
[9, 10], use of hybrid-electric systems [11], investigation
on innovative power sources [12, 13], use of solar-powered

Figure 1: The adopted small quadrotor (Conrad 450ARF 35Mhz).

HALE [14], or use of a variable pitch propeller [15]. This
work proposes an alternative approach to improve endurance
of a nonexpensive (micro-UAV), commercial quadrotor, by
applying a balloon to reduce weight and power consumption.

Little research is available in the literature in the field of
low-altitude, low-speedUAVs equippedwith balloons, except
for some work related to subsurface geology detection with a
hybridUAV equippedwith an airbag [16]. Our approach aims
for a multimission platform with dedicated payload, suitable
for a broad range of applications in the fields of Simultaneous
Localization and Mapping (SLAM), exploration, search and
rescue, remote sensing, and environmental monitoring.

The mini quadrotor used for our investigations is the
Conrad Quadrocopter 450ARF [17], shown in Figure 1.

The quadrotor is equipped with a payload composed of a
Global Positioning System (GPS) receivermodule, an Inertial
Measurement Unit (IMU), a sonar altimeter, a small cam-
era module, and main microcontroller hardware (Arduino,
Raspberry). Such a payload was selected considering a
multimission data gathering platform (attitudemeasurement,
GPS data collection, remote sensing, vision-based navigation,
etc. [18–20]). Typical endurance of the chosen quadrotor is
less than 2 hours (without payload), whereas in our case
(motor propeller plus payload) the flight time has found to
be less than 1 hour [18]. Balloons are not easilymanoeuvrable,
but a hybrid solution (quadcopter merging) could effectively
exploit the advantages of a quadrotor vehicle (flexibility, well-
designed structure, and security) and the strength points of a
balloon (low noise, low energy consumption, and buoyancy
providing most of the flight lift), increasing endurance by
reducing power consumption [2, 20, 21].

The preliminary design involves determination of
weights, gross static lifting capability of the balloon (i.e., the
portion of the balloon’s total lift attributable to its buoyancy),
lifting gas properties, atmospheric conditions in the flight
range, and influence of the balloon size on lift. Although the
dynamics and aerodynamics of the HUAS operations must
be considered in a complete design of the balloon, we will
consider only the balloon static performance, following the
approach described in [22].

The paper is structured as follows: in Section 2 we
present theHUAS conceptual design. In Section 3we describe
the mathematical models to estimate weight and size of
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Table 3: UAS classification based on mass, distance covered, altitude, and flight endurance [5].

Category
name

Mass
[kg]

Range
[km]

Flight
altitude
[m]

Endurance
[hours]

Micro <5 <10 250 1
Mini 5–100 <10 150–300 <2
Close range 25–250 10–30 3000 2–4
Medium range
Low endurance 50–250 30–70 3000 3–6

High altitude, long range >250 >70 >3000 >6
Medium altitude
long endurance
(MALE)

>1000 >100 5000–15000 <24

High altitude
long endurance
(HALE)

>10000 >100 >15000 24+

the inflated balloon and to calculate its static performance,
presenting preliminary results in Section 4. In Section 5 we
present our conclusions and future research challenges.

2. HUAS Conceptual Design

The most interesting improvement created by the HUAS is
the aerostatic lift provided by the balloon, which, combined
with the fan lift of the propulsion system, allows the vehicle
to achieve easy take-off, climbing, hovering, and landing with
reduced power consumption.Themain issues which inspired
us to propose a hybrid solution are as follows:

(1) Effective control of the HUAS flight path by static lift
(provided by the balloon) and rotor power: this allows
hovering, flying, climbing, and landing at any height,
improving flexibility of the mission and enlarging the
range of applicability.

(2) Low operating speed, low-altitude missions, oper-
ation in discontinues trajectories: the HUAS could
be effectively used in high-resolution spatiotemporal
sampling applications and inmonitoring known envi-
ronments.

(3) Minimization of complexity of the fuselage structure,
drive mechanisms, and engine systems: this implies
simpler manufacturing process and shorter produc-
tion cycle.

(4) Low noise, low vibration, low turbulence generation:
the HUAS does not disturb the environment that
is being monitored or measured and reduces sensor
noise and potential hardware malfunction due to
vibration.

(5) Reduced cost of energy and power systems and
rapid prototyping: the HUAS is an advanced low-
cost system easily viable for potential commercial
operators.

A stand-alone balloon is not easily manoeuvrable mainly
for its big inertia, but in static conditions it is very reliable.

Figure 2: HUAS design concept.

It is possible to manage and control the balloon by means
of propeller speed changes. Creating hybrid lift (static lift
and fan lift) to achieve take-off, hovering, and landing with
reduced energy consumption would improve flight duration.
The overall system is able to correct any change of flight
attitude due to voluntary actions or instability induced by the
balloon.

Figures 2 and 3 show the structure of the HUAS, with
a basic balloon, support lines, safety lines, and a synthetic
model of the quadcopter. The balloon diameter has been
chosen to be 1.5m. Thrust propellers improve manoeuvra-
bility of the HUAS. A simple web frame is chosen to wrap
the balloon and link to quadrotor; it is a nonrigid solution,
able to keep the two systems linked but independent, each
with its own function: the balloon for static gross lift (mainly
upward) and the quadrotor for flight control. The buoyancy
of the balloon provides most of the flight lift, reducing power
consumption and increasing endurance. 3D CAD software
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Figure 3: HUAS 3D CAD.

Figure 4: LiPo battery packs used in research tests.

was used to make a preliminary structure for successive
balloon size validation.

The installed battery packs are lightweight LiPo (Lithium
Polymer), with capacities of 1800mAh and 4000mAh
@11.1 V, respectively (Figure 4).

Endurance in minutes, without the balloon, for a normal
mission (take-off, hovering, and landing) is shown in Table 4.

3. Estimation of Weights and Balloon Sizing

Each configuration was checked through a static analysis
in CAD software, choosing a solution which allowed us to
achieve good compromise between weight and lift. The ana-
lytical techniques described in [22] were applied, considering
three subsystems of the HUAS:

(i) Inflation gas

(ii) Balloon structure

(iii) Quadrotor system

Weight and the static performance of each part were
determined separately and successively added. Inertia and

Table 4: Endurance for the two LiPo batteries used.

Capacity of
LiPo battery Take-off and landing Hovering

4000mAh <5 min ≈40min
1800mAh <5 min ≈15min

dynamic properties were not considered, postponing their
evaluation to future work.

3.1. Take-Off Weight Estimation. For a correct evaluation of
the gross static lift provided by the balloon, it is necessary
to estimate the HUAS take-off gross weight (𝑊TO), which
depends on all components of the HUAS (the quadcopter
structure, payload, battery pack, support lines, safety lines,
tether lines, and the balloon itself).

The net force acting on the balloon tether line equals the
gross static lift of the balloon less the constant tare of the bag.
Equation (1) gives the gross static lift 𝐿 of the balloon [22]:

𝐿 = (𝜌air − 𝜌𝑔)𝑉𝑔, (1)

where𝑉𝑔 is the volume occupied by the gas when the balloon
is fully inflated. In ideal conditions, the gross lift is equal to
𝑊TO, given by

𝑊TO = 𝑊eq +𝑊𝐵 +𝑊batt +𝑊𝑝, (2)

where weights are referred to empty quadcopter𝑊eq, balloon
(lines, gas, and bag included) 𝑊𝐵, battery pack 𝑊batt, and
payload (sensors onboard) 𝑊𝑝. Obviously, 𝑊𝐵 depends on
the balloon size and is the unknown parameter, whereas the
other contributions to𝑊TO are constant and known. Using a
weight coefficient 𝑘𝑥 = 𝑊𝑥/𝑊TO (with 𝑥 representing any of
the subscripts in the right side of (2)), (2) is rewritten as

𝑘eq +
𝑊𝐵
𝑊TO
+ 𝑘batt + 𝑘𝑝 = 1 (3)

and derive𝑊TO as follows:

𝑊TO = −
𝑊𝐵

(𝑘eq + 𝑘batt + 𝑘𝑝)
. (4)

The UAS system considered in this work has a total
weight (𝑊eq + 𝑊batt + 𝑊𝑝) of about 3 kg: this is, according
to Archimedes’ law, the buoyancy requirement.

3.2. Balloon Static Performance and Sizing. A classical airship
has various configurations: flabby balloon with ballonet (air
chamber), partially inflated and fully inflated (Figure 5). It can
also be composed of two parts: a hull and a tail fin assembly.
In this work, a fully inflated configuration (logging balloon,
without tail fin) was chosen.

For safe flight conditions, the gas volume in fully inflated
configuration must always be less than or equal to the
total volume. Correct sizing must also take into account
temperature and pressure influences on the lifting gas, which
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Table 5: Lifting gas comparison.

Lifting gas Density at sea level and
0∘C

Lifting force of
1m3 of gas

Helium (He) 0.178 kg/m3 11.8N
Hydrogen (H) 0.090 kg/m3 10.9N
Air 1.292 kg/m3 ##

Partially in�ated

Ballonet
(air)

Fully in�ated
Vlif ting_gas < Vtotal Vlif ting_gas = Vtotal

Figure 5: Balloon configurations.

obviously must have density lower than air density. Among
several available types of lifting gases (hot air, hydrogen,
helium, ammonia, etc.), we have chosen helium (He), due
to its availability and readiness to use without many control
systems (valve, pipes, etc.). Table 5 compares lifting forces of
He and hydrogen.

From (1), we consider a lifting force for 1m3 of gas at sea
level and 0∘C. Lift decreases proportionally with the altitude
(temperature and pressure).The evaluation of the lifting force
is only referred to 1m3 of lifting gas and does not include the
bag and lines of the balloon.

The balloon was modelled as a sphere, which contains
lifting gas sufficient to equalize, more or less, 𝑊TO. The
main mission parameters to be defined are altitude (pressure
altitude (pressure altitude is the reading of an altimeter when
adjusted to the standard MSL (mean sea level) atmospheric
pressure of 1013.25mbar (29.98 inches ofmercury); it does not
correspond to the actual elevation): PA, temperature 𝑇), gas
density, and air density. Typical PA values in the range 6–20m
(20–65 ft) and air temperature of 288K (15∘C), reasonably
constant in the selected altitude range, were considered. The
density-pressure-temperature nomogram (Figure 6) can be
used to determine the inflation requirements of the balloon.

The blue dashed line in Figure 6 shows the initial inflation
in the selected operational conditions and determines a
balloon gas density of 0.168 kg/m3. The design volume 𝑉𝐷 of
the spherical balloon and the weight of the inflation gas,𝑊He,
were computed through use of the perfect gas law, giving

𝑉𝐷 =
𝑊TO

(1 − (𝑝𝑔/𝑝air) (𝑅air/𝑅𝑔)) (𝑔𝑝air/𝑅air𝑇∗)
, (5)

𝑊He = 𝜌𝑔𝑉𝐷, (6)

where 𝑇∗ = 𝑇𝑔/𝑇air and 𝑉𝐷 is referred to a fully inflated
balloon.
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Figure 6: Density-pressure-temperature nomogram and initial
inflation determination (dashed line).
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Figure 7: Nomogram for the expected gross static lift (𝑇air =
299K, 𝑇He = 322K).

Equation (7) gives the design volume (cubic feet are the
preferred unit in the compressed-gas industry) required in
standard conditions, 𝑉STD:

𝑉STD =
𝜌𝑔
𝜌STD

𝑊TO
(1 − (𝑝𝑔/𝑝air) (𝑅air/𝑅𝑔)) (𝑔𝑝air/𝑅𝑒𝑇∗)

. (7)

It is now possible to calculate the expected gross static
lift (𝐿exp), given by (1), considering the nomogram for initial
inflation, shown in Figure 7. From the blue dashed line 𝐿exp is
found to be 6.78 kg per kg of He, considering the maximum
expected temperatures: 𝑇air = 299K (≈27∘C) and 𝑇He =
322K (≈49∘C).

Generally, 𝐿 depends on atmospheric pressure and tem-
perature, but we considered a constant pressure value, due
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to the low altitude and the small altitude range (0 to 19m)
chosen.

The gross static lift 𝐿 is given by

𝐿 =
𝐿exp𝜌𝑔𝑊TO

(1 − (𝑝𝑔/𝑝air) (𝑅air/𝑅𝑔)) (𝜌STD𝑔𝑝air/𝑅air𝑇∗)
. (8)

The design volume𝑉𝐷 is themain parameter determining
gross static lift for a specific diameter of the balloon. Various
diameters have been considered, in order to attain good
efficiency (𝐿(𝑉𝐷)/Drag ≈ 1), at low altitude and low speed.

Recalling that𝑊TO is equal to 3 kg, the balloonweight𝑊𝐵
given by

𝑊𝐵 = 𝑊He +𝑊bag +𝑊lines (9)

has to be added. 𝑊He is given by (6), and the remaining
weights are a function of 𝑉𝐷 and the material used for the
bag and the lines. In Section 4 we will show a set of diameters
and the corresponding solutions.

The balloon thickness is obviously dependent on the
helium pressure, which in turn depends on temperature,
volume of the bag (𝑉𝐷), and number of moles of He. Using
the ideal gas law and assuming operational conditions at 𝑇 =
15∘C (288.15 K) and 𝑝 = 1031.25 hPa, the helium pressure,
which must be sustained by the structure (bag), is given by

𝑝He =
𝑛𝑅𝑇
𝑉𝐷
. (10)

Young-Laplace law [23] can be used to derive the pressure
difference Δ𝑝 = 𝑝He − 𝑝air, across the interface between air
and helium, assuming a spherical balloon of radius 𝑟:

Δ𝑝 = 2𝜏 (𝑟)
𝑟
, (11)

where 𝜏 is the surface tension (obviously, Δ𝑝 should be less
than the maximum tension of the balloon, to avoid bursting).
The material chosen for the balloon was PVC (polyvinyl
chloride), whose mechanical characteristics are summarized
in Table 6.

It turned out that the tension forces 𝜏 are small and the
balloon pressure is very close to the atmospheric pressure.
Therefore, thickness in the range 0.10–0.30mm is sufficient
to guarantee the necessary lift, keeping the balloon away from
bursting conditions.

4. Preliminary Results

The test field and the atmospheric conditions are very
important in order to evaluate the lifting properties of the
inflation gas used for our HUAS. Experimental results were
acquired considering three cases (modelling three different
environmental conditions):

(i) Standard operating conditions (International Stan-
dard Atmosphere, ISA, 0 km mean sea level (MSL),
temperature 15.0∘C (288.15K), density 1.225 kg/m3,
and pressure 1013.25 hPa)

Table 6: PVC mechanical characteristics.

Property Units Method Value
Specific weight g/cm3 ISO 1183 1.42
Yielding tension MPa DIN EN ISO 527 58
Elastic modulus MPa DIN EN ISO 527 3000
Hardness SHORE D — ISO 868 82
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Figure 8: Gross static lift versus balloon diameter.

(ii) Complex scenario (ISA +25∘C and ISA −25∘C)

In this paper only the temperature variation of air and of
the inflation gas is considered. Relative humidity is not taken
into account due to its negligible influence on the lifting prop-
erties. Air speed has been set equal to 0 (hovering condition).
No variation on the payload mass was taken into account,
since there is no fuel consumption. Table 7 summarizes the
expected operating conditions and the helium expected gross
static lift in the standard operating conditions.

Helium density and the expected gross static lift are quite
similar (see Figures 6 and 7) and were considered constant.
On average, we have a gross static lift (from (8)) of 2.84 kg. In
this case, one kg of He is sufficient to lift the UAS and sensors
(𝑊eq +𝑊batt +𝑊𝑝).

Using a spherical configuration, the total gross static lift
becomes a function of the balloon diameter, as shown in
Figure 8 (see also (6)).

Figure 9 shows the dependence of the gas weight (to be
added to obtain𝑊TO) on the balloon diameter.

In order to analyse the effects of temperature on the
static lift, we performed several tests in different conditions,
namely, ISA −25∘C and ISA +25∘C, that is, −10∘C and +40∘C,
as operational boundaries in which the HUAS is expected to
work.

By using the nomograms of Figures 6 and 7 and (8), an
estimate of the expected helium gross static lift is shown in
Table 8 and Figures 10 and 11.

We found little differences with respect to the standard
condition, concluding that the balloon can provide the
required lift even in complex scenarios, since its inflation
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Table 7: Lifting properties of He in standard (ISA) operating conditions.

Pressure
altitude [m]

Air or helium
temperature
[∘C]

Helium expected
gross static lift
[kg per kg of He]

Helium
density
[kg/m3]

Air density
[kg/m3]

7 17.1045 6.78 0.1681 1.2241
10 17.0850 6.78 0.1681 1.2238
13 17.0655 6.78 0.1681 1.2234
16 17.0460 6.78 0.1682 1.2231
19 17.0265 6.78 0.1682 1.2227

Table 8: Results in ISA −25∘C and ISA +25∘C operating conditions.

Pressure
altitude
[m]

Air or helium
temperature
[∘C]

Helium
expected gross

static lift
[kg per kg He]

Helium
density
[kg/m3]

Air
density
[kg/m3]

Gross static
lift (see (8))
[kg]

7 −10.609 6.23 0.161 1.17 2.61
10 −10.609 6.23 0.161 1.17 2.61
13 −10.608 6.23 0.161 1.17 2.61
16 −10.605 6.23 0.161 1.17 2.61
19 −10.605 6.23 0.161 1.17 2.61
7 40.253 6.21 0.158 1.15 2.61
10 40.248 6.21 0.158 1.15 2.61
13 40.233 6.21 0.158 1.15 2.61
16 40.230 6.21 0.158 1.15 2.61
19 40.226 6.21 0.158 1.15 2.61
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Figure 9: Gas weight versus balloon diameter.

requirement is not dependent on temperature in the range
from −10 to +40∘C.

The total balloon weight 𝑊𝐵 is estimated considering
a PVC bag with thickness in the range 0.18–0.28mm. The
weight of the link lines is reasonably constant within the
considered thickness range.

A diameter of 2.7 meters provides full 𝑊TO equivalence
(bag and lines included, see Figure 9), but in terms of control
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Figure 10: Air and helium densities in ISA −25∘C and ISA +25∘C.

and manoeuvring it is a poor choice, since such a value
involves high drag force, depending on body sectional area,
acting opposite to the relative motion. This, in turn, involves
weakmanoeuvrability and control. Since our goal is to reduce
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Figure 11: Expected static lift per kg of He in ISA −25∘C and ISA
+25∘C.The value (almost the same for both cases) has been found to
be about 6.22 kg per kg of He.

power consumption of the rotors to increase endurance, it is
not necessary to maximize the total gross lift (i.e., 𝐿 = 𝑊TO).
In this preliminary design (Figure 12 shows the relationships
among design parameters), a solutionwith gross static lift less
than𝑊TO has been chosen, resulting in low diameter and low
drag force, with acceptable manoeuvrability and control.

Under these hypotheses, considering the initial inflation
parameters, it is be possible to estimate gross static lift values
for a specific balloon diameter.The generated gross lift is 67%
of 𝑊TO, for a 2-meter balloon diameter: in this condition
the HUAS is able to come back to the ground by its own
gravity. During landing and hovering, the lift provided by the
balloon and quadcopter can help to get the desired hovering
height; so, the total lift is less than the HUAS weight (sensors
included). If the propeller speed decreases, the HUAS can
land due to its own weight.

Table 9 shows increased performance of the HUAS
in the hovering phase, with respect to the standard UAS
(without balloon), showing 50% and 40% improvement on
the hovering time with the 4000mAh and 1800mAh LiPo
battery pack used, respectively. No significant change in take-
off and landing time was observed.

5. Conclusions and Further Work

This paper reported themain phases of the conceptual design
of a low-cost (less than 2 k€), electrically powered hybridUAS
(quadrotor + airship). We investigated the HUAS capability
of extended cruise endurance by analysing the design drivers
affecting the craft flight time. With respect to conventional
electric-motor/battery powered UAS, in which increasing
endurance requires heavier batteries, with a consequent
weight increment, we propose a solution that increases
endurance by using a balloon, resulting in a favourable
endurance/weight ratio.

Table 9: HUAS versus UAS endurance.

UAS HUAS
Take-off and
landing Hovering Take-off and

landing Hovering

4000mAh <5min ≈40min <5min ≈60min
1800mAh <5min ≈15min <5min ≈25min

Ballon
diameter Drag

Manoeuvrability
and control

Gross static li� Take-o�
weight

Power consumption

Figure 12: Relationships among design parameters.

The installation of a balloon with a diameter of about
2 meters provided significant increase in flight time, as
demonstrated in test missions developed in situ (urban
traffic monitoring scenario). As shown in Table 9, the HUAS
endurance (with 1800mAh LiPo battery) increased by 50%.
The effect of temperature changes on the static lift provided
by the balloon (inflated with helium) has been found to be
negligible, providing an average value of 2.84 kg lift (27.8N)
per kg of He.

Further investigations will focus on stability and control
problems [3, 22] of the HUAS, caused by wind flow (e.g.,
vertical/horizontal gusts [24, 25]), critical scenarios in take-
off and landing (e.g., sloped terrain, obstacles), and pendu-
lum effects during left/right turning, which make trajectory
tracking and attitude stabilization challenging tasks [26].
These effects mainly depend on nonlinearities like coupling
between the quadrotor and the balloon.Nonlinear techniques
[27] are currently under study, together with a structural
modification of the craft. The main theoretical aspects to
be analysed in further developments will concern optimal
control techniques for the following critical issues:

(1) Stabilization and attitude control during the hovering
phase and capability of tracking straight-line trajecto-
ries [28, 29]

(2) Transition between flight modes and operation near
ground (especially in take-off and landing missions,
where the HUAS is supposed to smoothly reach a
desired hovering height or to descend from initial
height to 0m)

(3) Collision avoidance

As a preliminary step, two additional propellers (Fig-
ure 13) will be added to the existing configuration in order
to provide thrust for flight direction changing. To remove the
nonlinearity introduced by pendulum moments, the tether
lines will be reduced, obtaining a final UAS + balloon single
structure shown in Figure 14. Preliminary simulations and
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Figure 13: Latest HUAS configuration, with directional propellers.

Figure 14: Newest configuration to reduce nonlinearities.

dynamic studies confirm improved HUAS stability, allowing
us to tune themechanical design for optimal control sensitiv-
ity and disturbance rejection.

Another issue to be explored in further work is the purity
of the lifting gas (it is not easy to find 100% pure He),
which could impair the gas performance during the mission.
The impact of nonpure helium on the lifting properties is
currently under examination.

Nomenclature

𝜌𝑔 and 𝜌air: Gas density and air density (kgm−3)
𝑔: Gravitational acceleration (9.8066ms−2)
𝐿: Static lift (kg)
𝑝, 𝑝𝑔, and 𝑝air: Pressure, gas pressure, and air pressure

(Pa)
𝑅: Perfect gas constant

(8.314 Pam3mol−1 K−1)
𝑇𝑔 and 𝑇air: Gas temperature and air temperature (K)
𝑉𝐷: Balloon design volume (m3)
𝑉𝑔: Gas volume (m3)
𝑊 and𝑊TO: Weight and take-off gross weight (kg).
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Conflict analysis using surrogate safety measures (SSMs) has become an efficient approach to investigate safety issues. The state-
of-the-art studies largely resort to video images taken from high buildings. However, it suffers from heavy labor work, high cost of
maintenance, and even security restrictions. Data collection and processing remains a common challenge to traffic conflict analysis.
Unmanned Aerial Systems (UASs) or Unmanned Aerial Vehicles (UAVs), known for easy maneuvering, outstanding flexibility, and
low costs, are considered to be a novel aerial sensor. By taking full advantage of the bird’s eye view offered by UAV, this study,
as a pioneer work, applied UAV videos for surrogate safety analysis of pedestrian-vehicle conflicts at one urban intersection in
Beijing, China. Aerial video sequences for a period of one hour were analyzed. The detection and tracking systems for vehicle and
pedestrian trajectory data extraction were developed, respectively. Two SSMs, that is, Postencroachment Time (PET) and Relative
Time to Collision (RTTC), were employed to represent how spatially and temporally close the pedestrian-vehicle conflict is to a
collision.The results of analysis showed a high exposure of pedestrians to traffic conflict both inside and outside the crosswalk and
relatively risking behavior of right-turn vehicles around the corner. The findings demonstrate that UAV can support intersection
safety analysis in an accurate and cost-effective way.

1. Introduction

Pedestrian safety at intersections remains a critical issue.
With the dramatic increasing of urban traffic flow, the major
threat to pedestrians comes from frequent interactions with
turning vehicles at crosswalk. Though crosswalks are oper-
ated to give pedestrians prioritized right of way over vehicles,
still around 30% of the total traffic accident fatalities in China
are pedestrians according to the accident statistics from the
Ministry of Public Security of China [1]. The National High-
way Traffic Safety Administration Report [2] indicated that
pedestrians account for 15%of the fatalities in traffic accidents
in the US. Japan National Policy Agency [3] stated that more
than one-third of the total traffic accident fatalities in Japan
are pedestrians at signalized and unsignalized crosswalks.
Pedestrian safety has become a major concern worldwide.

So far the reactive strategies for the purpose of improving
pedestrian safety have been primarily based on identify-
ing sites with high crash rates. It is subject to less crash
records or validity losing due to changes of road system
and operation. On the other hand, traffic conflict tech-
nique (TCT) represents an efficient approach to enable a
preventive strategy development. Surrogate safety measures
(SSMs) serve as near-crash indicators to measure spatial
and temporal proximity of road users. In the context of
safety assessment and improvement of urban intersections,
the conflict between pedestrians and turning vehicles needs
special attention. However, there are still limited applications
of SSM on pedestrian-vehicle conflict assessment [4]. One
possible reason is that pedestrian exposure to the risk of
collision is difficult to measure directly, since this would
involve tracking the movements of all people at all time [5].
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Data collection and processing remains a common challenge
to pedestrian studies.

Field surveys of pedestrian-vehicle conflict are costly to
conduct and suffer from inter- and intraobserver variability
for the repeatability and consistency of results [6]. Video
detection, as alternative data collection procedure to relieve
the issues and limitations of manual data collection, has
attracted considerable interest. It provides a reliable way to
collect road users’ positions in time and space, that is, trajec-
tories, that benefit the detailed analysis of pedestrian-vehicle
conflict [7]. However, this method is relatively expensive and
in practice it is difficult to collect and process video data at
a large scale over a long period of time. In order to enable
a view of both pedestrians and conflicting vehicles at the
monitored intersection, video cameras should be installed
high enough, for example, mounted on existing poles located
near the intersection. This usually brings heavy labor work
and high cost of maintenance and even is not allowed due
to security restrictions. Furthermore, the synchronization
among multiple cameras for one intersection is complicated
and requiresmuch extra effort. Last, to extract pedestrian and
vehicle trajectory data from videos with a desirable accuracy
and efficiency remains a difficult problem.

Unmanned Aerial Systems (UASs) or Unmanned Aerial
Vehicles (UAVs), known for easy maneuvering, outstanding
flexibility, and low costs, are considered to be a novel aerial
sensor. UAVs can be launched and deployed within minutes
and exchange with the control center in real time. While
in the last decade UAVs have been frequently employed
in the military, civilian applications of UAVs still face sev-
eral technical and institutional barriers, for example, strict
airspace and route restrictions. In recent years, an increasing
number of countries such as China and US have begun to
consider and evaluate flexible air traffic control rules. For
instance, the China Air Traffic Control Center promised to
open up the low attitude space (lower than 1000m) manage-
ment in the following years. Such emerging trend presents
a great opportunity for the transportation departments to
fully explore the potential of UAVs in road traffic network
surveillance.The equipped sensors on theUAVs such as high-
resolution camera, radar, and infrared camera can provide
bird’s eye view over an intersection or a large area. The entire
images and video can be further processed to monitor traffic
flow interaction and evaluate traffic state evolution. Thus,
UAVs can be an effective aerial traffic information gathering
platform.This study will investigate the potential of applying
UAVvideos for surrogate safety analysis of pedestrian-vehicle
conflicts in an accurate and cost-effective way. To the best of
the authors’ knowledge, it will be the first attempt to employ
UAVs for detailed safety assessment at intersections.

The remainder of the paper is organized as follows. A
thorough literature review on UAV applications in trans-
portation engineering and operation as well as SSMs for
pedestrian-vehicle conflict assessment is presented first.Then
the process of data acquisition using UAVs is introduced and
the procedures of trajectory extraction are elaborated. Next,
postextracted SSMs at one urban intersection in Beijing,
China, are investigated in detail by referring to intersection
geometry, traffic volume, and signal control strategy. Last,

conclusions are drawn and recommendations are provided
for future consideration.

2. Literature Review

2.1. UAV Applications in Transportation Engineering and
Operation. UAV, as an aerial traffic information gathering
platform, has been becoming more prominent in transporta-
tion engineering and operation. For instance, by utilizing
aerial images captured from UAVs, the Washington State
Department of Transportation evaluated the use of a UAV
as an avalanche control tool on mountain slopes above state
highways [8]. The Michigan Department of Transportation
tested fivemainUAVplatformswith a combination of optical,
thermal, and LiDAR sensors to assess critical transportation
infrastructure and issues such as bridges, confined spaces,
traffic flow, and roadway assets [9]. The Utah Department
of Transportation examined the use of high-resolution aerial
photography obtained from UAVs to monitor and docu-
ment State Roadway structures and associated issues [10].
The Florida Department of Transportation investigated the
feasibility of using surveillance video from UAVs for traffic
control and incident management [11].

Perhaps the most important role that UAVs could fill
is providing a rapid response to incidents [12]. Since time
of response is vital to victim survivability and eventual
health state, a UAV could fly directly to an incident ahead
of emergency responders. The timely aerial video images
transmitted back to the operators will allow rapid assess-
ment of the situation and proper allocation of emergency
response resources. Besides emergency-based applications,
UAVs are also valuable for traffic management and mon-
itoring applications. Coifman et al. (2006) demonstrated
several applications by using data from a UAV flying in
an urban environment, for example, determining level of
service, estimating average annual daily travel, documenting
intersection operations, and measuring Origin-Destination
flows. Cheng et al. [13] presented a method for detecting and
counting vehicles from UAV video flow. Hart and Gharaibeh
[14] used micro-UAVs as a tool for collecting condition and
inventory data for roadside infrastructure assets. Yu and
David [15] investigated the feasibility of using high-resolution
images acquired by the smallUAV inwork zonemanagement,
traffic congestion, safety, and environmental impact studies.

The spatial perspectives offered by UAVs from the air
demonstrate to be more promising than presently available
ground-based views for traffic management and monitoring.
Useful information can be derived from UAV video for
both offline planning and real-time management. To this
end, vision-based detection and frame-to-frame matching
to track road users are important. However, in practice
accurate detection and tracking from the UAV platform is a
challenging task due to platform motion, image instability,
the relatively small size of the objects, varied appearance,
and so forth. Such technical issues may impose limitations
to transportation professionals in a variety of intensive
research and applies uses. Recently, by using UAV images,
Xu et al. [16] developed a new hybrid vehicle detection
scheme which integrated the Viola-Jones and linear Support
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VectorMachine (SVM) classifier with Histogram of Oriented
Gradient (HOG) feature methods; Ma et al. [17] developed
a pedestrian detection and tracking system using thermal
infrared images recorded from UAVs. The proposed detec-
tion and tracking approaches would facilitate a more detailed
analysis of road users’ behavior and interaction based on
accurate trajectory data extracted from UAV video. As an
extension of the above work, the aim of this paper is to apply
UAV video for surrogate safety analysis of pedestrian-vehicle
conflict at intersections.

2.2. SSMs for Pedestrian-Vehicle Conflict Assessment. As an
alternative to crash risk estimation based on limited crash
data, SSMs serve as near-crash indicators to measure the
severity and frequency of traffic conflict events. Numerous
SSMs have been suggested for safety evaluation of traffic
facilities as shown in Allen at el. [18], Gettman andHead [19],
and HSM [20]. In general, a SSM is supposed to satisfy two
conditions in order to be useful for safety applications [4]: (1)
a measurable or observable noncrash event that is physically
related in a predictable and reliable way to crashes and (2) a
practical method for converting or calibrating the noncrash
event into a corresponding crash frequency and/or severity.

In the case of pedestrian-vehicle conflict at intersections,
turning vehicles typically have to filter through conflicting
pedestrian flow at crosswalk during permitted signal phase
as implemented in China and US. Under the mixed impact
of surrounding environment, crosswalk geometry, signal
operation, and pedestrians moving in different directions,
turning vehicles might take risky behavior by not yielding to
pedestrians or passing through small gaps in pedestrian flow,
which poses a threat to pedestrian safety.Themost commonly
used SSMs for pedestrian conflict assessment include but not
limited to the following measures:

(i) Time to Collision (TTC), which is defined as the time
that remains until a collision between two road users
would have occurred if the collision course and speed
difference are maintained [21].

(ii) Postencroachment Time (PET), which is defined
as the time difference between the moment when
an offending road user leaves an area of potential
collision and the moment of arrival of a conflicted
road user possessing the right of way [22].

(iii) Time to Zebra (TTZ), which is a variation of TTC
in order to estimate frequency and severity of critical
encounters between crossing pedestrians and vehicles
that are approaching the crosswalk [23].

(iv) Deceleration-to-Safety Time (DST), which is the nec-
essary deceleration to reach a nonnegative PET value
if the movement of the conflicting road users remains
unchanged [24].

(v) Gap Time (GT), which is defined as the time lapse
between the completion time of encroachment by one
road user and the arrival time of the interacting road
user if they continue with the same speed and path
[25].

In general, Allen et al. [18], Gettman and Head [19], and
Gettman et al. [26] found that TTC and PET are ranked
as the most accurate measures for the analysis of safety at
intersections in light of ease of measurement, consistency
over time, and relation to other measures. TTC requires
estimating the time remaining to the conflict point at each
time instant in the case of pedestrian-vehicle conflict, while
to measure PET, only their passing times at conflict point
are necessary. Due to its simplicity, PET is also amenable
to automated measurement methods using techniques such
as video image processing. Another important property of
PET is that it is continuous from crash-free operations to
crash occurrences with a distinct boundary at zero. The
smaller value of PET implies a greater risk of vehicle-
pedestrian collisions. In practice, Songchitruksa and Tarko
[27] demonstrated the usefulness of the number of short PETs
in explaining the variability of crash counts and concluded
that the frequency of short PETs is a potential indicator in
discriminating varying safety levels across survey sites.

However, PET has inherent drawbacks in its ability to
accurately capture conflict severity [6]. For example, the
events in which the approaching vehicle decelerated to near-
stop to avoid collision with the conflicting pedestrian may
have PET values that do not reflect that true severity of the
interaction. On the other hand, the main advantage of TTC
is its ability to capture the severity of an interaction in an
objective and quantitative way. Thus, a combination of these
SSMs would be necessary to help identify all the dangerous
interactions between vehicles and pedestrians.

3. Methodology

3.1. Detection and Tracking. In order to investigate pedes-
trian-vehicle conflict, road users should be detected and
then tracked frame-to-frame in UAV video. In this study,
we extract the trajectories for vehicles and pedestrians,
respectively, at intervals of every 0.04 s by using the detection
and tracking system developed in our previous studies [16,
17]. A brief introduction is provided below.

An image processing system for automated vehicle tra-
jectory extraction was developed based on UAV videos [16].
As shown in Figure 1, the system mainly includes three
modules: (1) video stabilization; (2) vehicle detection; and(3) vehicle tracking. Note that, due to UAV motions, image
registration algorithm [29] was first applied to stabilize UAV
videos. The object detection framework of faster R-CNN
[30] was applied for vehicle detection. Then the algorithm
of kernelized correlation filters (KCF) [31] was applied for
vehicle tracking. The trajectory of one vehicle will be derived
after the tracking was finished.

Similar to the work of Beymer et al. [32], several entry
and exit regionswere set as shown in Figure 2. Commonly, the
entry and exit regions are set at the upstreamanddownstream
of a signalized intersection. Once a vehicle entered the
entry region it will be detected and tracked; the tracking
will be finished until the vehicle entered the exit region.
Left-turn and right-turn vehicles can be distinguished by
the information of entry and exit included in the trajecto-
ries. For example, trajectories of left-turn vehicles from the
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southbound approach can be obtained between Entry 1 and
Exit 2 by distinguishing from through and U-turn vehicles
as shown in Figure 2(a); similarly, trajectories of right-turn
vehicles from the northbound approach can be obtained
between Entry 2 and Exit 2 as in Figure 2(b).

Pedestrian detection and tracking from theUAVplatform
is a challenging task due to the small size of the objects
and the high-density crowd. A semiautomatic pedestrian
detection and tracking system was developed for pedestrian
trajectory data extraction from UAV aerial images [17].
The developed system consists of two components, that is,
detector and tracker.Thedetector is responsible for automatic
aerial pedestrian detection.The tracker is used for pedestrian
tracking and extracting trajectory coordinate data. Figure 3
illustrates the overall workflow of the system. First, pedestri-
ans are detected by detector in detection area (green region as

shown in Figure 3), which is manually set up according to the
crosswalk location. A general and machine learning-based
method is employed for constructing pedestrian detector.
It includes two stages, that is, pedestrian feature descriptor
extraction and pedestrian classification. HOG feature, as a
kind of local gradient feature, has been proved to perform
well in pedestrian detection problems [17, 33]. Hence, our
pedestrian detector employs HOG feature as pedestrian
descriptor. By utilizing multisize sliding window method,
detector scans the detection area. For each window, a linear
SVM classifier [34] is used to classify window as pedestrian
or nonpedestrian. When pedestrians are detected, their
coordinates will be fed as inputs for initialization of trackers.
Then the trackers apply the pyramidal Lucas–Kanademethod
[35] to compute the local sparse optical flow, together with a
secondary detection in the search region for correcting the
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(a) (b)

Figure 4: (a) Tracking trajectory visualization and (b) tracking point visualization.

drift when tracking pedestrians. A tracker is responsible for
only one pedestrian object. After tracking, the pedestrian tra-
jectory data can be saved for further analysis. Figure 4 shows
the pedestrian tracking results and trajectory visualization.

Note that the tracked positions or trajectories might
contain measurement errors. Kalman filtering (KF) was used
to correct the errors and smooth the raw trajectory data.
The KF computes the best estimate of the state vector
(i.e., position coordinates) by minimizing the squared error
according to the estimation of the past state and the present
state. The image coordinates were converted to geographic
coordinates by projective transformation.

The available observations are trajectory profiles based
on time series. From these data, all relevant quantities of
vehicles and pedestrians, such as positions, velocities, and
acceleration, can be derived either directly or by applying
finite differences. The ordinary differential equations for
speed and acceleration can be solved as follows:

v⃗𝛼 (𝑡) = [v⃗𝑥𝛼 (𝑡) , v⃗𝑦𝛼 (𝑡)] = [𝑥𝛼 (𝑡 + 1) − 𝑥𝛼 (𝑡 − 1)2Δ𝑡 ,
𝑦𝛼 (𝑡 + 1) − 𝑦𝛼 (𝑡 − 1)2Δ𝑡 ] ,
⃗f𝛼 (𝑡) = [ ⃗f𝑥𝛼 (𝑡) , ⃗f𝑦𝛼 (𝑡)]
= [(𝑥𝛼 (𝑡 + 1) − 𝑥𝛼 (𝑡)) − (𝑥𝛼 (𝑡) − 𝑥𝛼 (𝑡 − 1))(Δ𝑡)2 ,
(𝑦𝛼 (𝑡 + 1) − 𝑦𝛼 (𝑡)) − (𝑦𝛼 (𝑡) − 𝑦𝛼 (𝑡 − 1))

(Δ𝑡)2 ] ,

(1)

where v⃗𝛼(𝑡) is the speed vector for vehicle/pedestrian 𝛼 at
time 𝑡, ⃗f𝛼(𝑡) is the acceleration vector for𝛼 at time 𝑡, 𝑥𝛼 and𝑦𝛼
are the positions in the 𝑥 and 𝑦 directions, respectively, andΔ𝑡 is the time interval for trajectory extraction, that is, 0.04 s.

3.2. SSMMeasurement. Traditional traffic conflict technique
usually use PET and TTC to represent the probability of
collision or how close the conflict is to a collision [7, 36].

In the context of vehicle conflict assessment, PET is
defined as the time difference between the moment when the
first vehicle passed the conflict area and themoment of arrival
of the second vehicle subsequently at the same area. In the
context of vehicle-pedestrian conflict assessment, PET can be
similarly defined as the time difference between the departure
of the encroaching pedestrian from the potential collision
point and the arrival of the conflicting vehicle at the point, or
vice versa. However, as PET only considers the last moment
of the interaction, it has limitations in indicating pedestrian
safety during the course of vehicle-pedestrian interaction.

Alternatively, TTC has been commonly implemented as a
measure of conflict severity for the whole interaction process.
It was originally defined as the time that remains for the
paired vehicles before they collide, if both continue at their
present speeds along their respective trajectories. TTC can
be easily detected in the rear-end conflict situation because
the trajectories of the paired vehicles are assumed to be
overlapped.However, it cannot be detected (or does not exist)
in most of the interactions if the trajectories of the paired
users intersect, for example, the pedestrian-vehicle conflict
and the conflict between left-turn and opposing through
vehicles. In the rear-end conflict, the following vehicle will
definitely collide with the leader vehicle if the speed of
the follower is higher. However, for the pedestrian-vehicle
conflict, the cases that the pedestrian and the vehicle occupy
the trajectory intersection point at the same moment are
rare. To overcome this problem, we use the Relative Time
to Collision (RTTC) as the indicator to measure the conflict
severity. As shown in Figure 5, RTTC is defined as the time
difference between the first road user arriving at the potential
conflicting location and the second road user arriving at this
location if they keep their current speeds. It should be noted
that the TTC can be detected only when the RTTC equals
zero. The RTTC can be formulated as follows:

RTTC (𝑡) = P⃗𝑐 (𝑡) − P⃗V (𝑡)
v⃗V (𝑡) −

P⃗𝑐 (𝑡) − P⃗𝑝 (𝑡)
v⃗𝑝 (𝑡) , (2)

where P⃗𝑐(𝑡) is the potential conflicting point at the moment𝑡, which is the intersecting point determined by the moving
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Figure 5: RTTC and PET of pedestrian-vehicle conflict identified
on the time-space diagram (modified from [28]).

directions of two road users [37], as shown in Figure 5; P⃗V(𝑡)
is the location of the vehicle at the moment 𝑡; P⃗𝑝(𝑡) is the
location of the pedestrian at the moment 𝑡; v⃗V(𝑡) is the speed
of the vehicle at the moment 𝑡; v⃗𝑝(𝑡) is the speed of the
pedestrian at the moment 𝑡.

In data processing, both RTTC and PET are obtained as
a function of paired vehicle-pedestrian speeds and spacing.
A time-space diagram identifying RTTC and PET for a
pedestrian-vehicle conflict event is illustrated in Figure 5.The
trajectories of the crossing pedestrian and the turning vehicle
are represented by curve A and curve B, respectively. In such
cases, RTTC at instant 𝑡1 can be obtained as

RTTC (𝑡1) = 𝑡5 − 𝑡3. (3)

The PET for such a conflict event can be obtained as

PET = 𝑡4 − 𝑡2 (4)

Note that RTTC is instant varying and continually cal-
culated between conflicting vehicles and pedestrians. Thus,
a set of RTTC values will be obtained for each conflict. The
minimum RTTC (RTTCmin) can be extracted from this set
to indicate the maximum severity of this interaction. In this
study, only traffic events with associated minimum RTTC of
less than 3 s are considered for safety assessment. This value
was selected by considering the close proximity of road users
in space and time based on the work of Sayed and Zein [38].
On the other hand, by referring to the empirical work by Ni
et al. [36], only the conflicting events with PET values of less
than 3 s are included for safety assessment.

4. Experiment Results and Analysis

4.1. Study Site. The selected study site is the intersection of
Huayuan Road and Beitucheng Road in the Haidian District

of Beijing, China. The intersection is located on a key route
to the downtown area, characterized by higher vehicle
volume and medium-to-high pedestrian demand during
peak hours. For signal control, this intersection is fixed-time
controlled with a cycle length of approximately 120 s. The
yellow time durations are 3 s and the all-red durations are
1 s at all the approaches. The three-phase control plan is
presented in Figure 6. Note that, for the northbound and
southbound approaches, both left-turn and right-turn phases
are permitted, indicating that potential conflicts exist when
turning vehicles filter through conflicting pedestrian streams
at crosswalk. The length and width of the crosswalks in the
north-south directions are 35m and 5.5m, respectively. The
green phase for pedestrians at the two crosswalks is 45 s.
The light volume of bicycles at the site ensures that bicycle
interference with pedestrian flow can be roughly neglected.

Experiments were conducted using aerial videos captured
by an optical camera (Gopro Hero Black Edition 3) with a
1920 × 1080 resolutionmounted on a quadrotor UAV (model:
Phantom 2). Figure 7 shows the basic components of the
UAV platform. A 3-axis gimbal is mounted on the UAV
to stabilize the videos and eliminate video jitters caused by
UAV, thus greatly reducing the impact from external factors,
for example, wind. Besides, an on-screen display, an image
transmission module and a video monitor are installed in
the system for data transmission and airborne flying status
monitoring and control. The flexibility of this device enables
wide coverage of the scene from a top-down view. The flight
altitude was set approximately 100m above the ground in this
experiment. Aerial videowas recorded by theUAV from5PM
to 6 PM on 17 of April 2015.

4.2. Data Extraction. In total, the dataset consists of the
trajectories of 1494 pedestrians and 282 right-turn vehicles.
The visualization of the extracted trajectories is presented
in Figure 8. The significant variation of pedestrians and
turning vehicles’ trajectories can be identified. It is worth
mentioning that not a small number of pedestrians walked
outside the crosswalk during pedestrian green phase and
some rushed into crosswalks without necessarily heeding
approaching turning vehicles during pedestrian flashing
green phase, which may increase the occurrence probabil-
ity of severe conflicts. Besides, by taking the westbound
approach as an example, Figure 9 compares the distributions
of the extracted right-turn vehicle trajectories at three cross-
sections. Though right-turning vehicles entered the inter-
section centered around the middle point of the through-
right lane, as shown in Figure 9(a), the exiting positions
of right-turning vehicles are widely distributed through the
cross-sections 2 and 3, as in Figures 9(b) and 9(c). It may
lead to widely distributed conflict points on crosswalk. In
reality, pedestrians and vehicles behave by anticipating the
behavior of each other to avoid collision. On signalized
crosswalk, pedestrian trajectories are supposed to be under
the interaction between pedestrian flow, conflicting vehicles,
pedestrian signal control, intersection geometry, and so forth
[37, 39]. Turning vehicle trajectories are also sensitive to
intersection corner radius, turning angle (i.e., the angle
between entering and exit approaches), and vehicle speed.
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1 2 3

Figure 6: Signal phasing at study site.
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UAV battery
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Figure 7: Quadrotor UAV for video collection.
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1
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Figure 8: Visualization of extracted trajectories.

The accurately extracted trajectories from UAV video offer a
good basis for intersection safety assessment.

4.3. SSM Analysis. Based on extracted trajectory data, traffic
conflicts between pedestrians and right-turn vehicles were
identified and SSMs, that is, PET and RTTC, were calculated

accordingly. In terms of SSMs, the conflict analysis aims to
identify conflict frequency, severity and location (conflict
points).

The spatial distribution of small PETs (which are less
than 3 s in this study) is shown in Figure 10. A smaller PET
value indicates a higher probability of collision occurring at
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Figure 9: Comparison of extracted right-turn vehicle trajectories at cross-sections.
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Figure 10: Spatial distribution of the number of small PETs.

the end of the vehicle-pedestrian interaction. It shows that
most of the small PETs as well as the related conflict points
are widely distributed on the area in front of downstream
exiting approaches. The details of the statistics are shown in

Figure 11. It is found that 57% of the small PETs occur inside
the crosswalk, while 43% outside the crosswalk. Even though
the pedestrians are supposed to walk inside the crosswalk,
not a small number of them walk outside the crosswalk
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Figure 11: The number of small PETs inside and outside of the crosswalk.

under complex interactions with opposing pedestrians and
turning vehicles. If we look into the percentage of severe
conflicts (PET < 1 s), it is found that 20% of the PETs are
less than 1 s for the pedestrians walking inside the crosswalk,
while there are 25% of the PETs that are less than 1 s for
the pedestrians walking outside the crosswalk. It indicates
that walking outside the crosswalk is more dangerous. A
possible reason is that drivers might not recognize and yield
to the pedestrians if the pedestrians do not walk inside the
crosswalk. Figure 11 shows that almost 64% of the small
PETs and 70% of the sever conflicts (PET < 1 s) occur at the
northern and eastern crosswalks due to the large pedestrian
flow.

Different from PET, RTTC reflects the potential conflict
severity during the course of vehicle-pedestrian interaction.
Figure 12 presents the spatial distribution of pedestrian-
vehicle conflicts with the minimum RTTC of less than 3 s by
heatmapping. It clearly shows thatmost of the severe conflicts
occur outside the crosswalk. Two reasons may lead to this

phenomenon. First, not a small number of pedestrians walk
outside the crosswalk, which may cause the severe conflict
with right-turn vehicles. Second, the potential conflict point
for calculating RTTC is determined by the intersection of
the current speed vectors of the paired users, which may
distribute sparsely due to the flexible change of pedestrian
movement.

In general, there are two types of vehicle-pedestrian
conflict, that is, vehicle yielding to pedestrian, also known
as pedestrian passing first (PPF), and pedestrian yielding to
vehicle, also known as vehicle passing first (VPF). The PPF
and VPF cases are compared because these two types of
conflicts can result in different safety performance. Figure 13
provides the details of statistics of the critical PPF and VPF
(RTTC < 1 s) inside and outside the crosswalk. It is found
that VPF occupies 55%, while PPF occupies 45% for the total
critical RTTCs. It indicates that VPF is more dangerous than
PPF. This is because both the vehicle and the pedestrian do
not yield to each other and the vehicle tries to accelerate to
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pass the conflict area first. For the PPF cases, most of the
vehicles decelerate to yield to the pedestrians, even though
the vehicle may not totally stop and reaccelerate quickly once
the pedestrians pass the conflict area. It was also found that
a large percent of VPF occur outside the crosswalk at the
northbound and eastbound due to the high traffic flow of
right-turn vehicles and pedestrians at these two crosswalks.
The statistics of PET in Figure 11 also show the potential
risk at these crosswalks. Because drivers may not notice
the pedestrian outside the crosswalk, the frequent critical
confliction may lead to accidents. Thus, we propose the
recommendation that a special pedestrian phase should be
set to separate the right-turn vehicles from the southbound
and eastbound. In practice, varying pedestrian and vehicular
behavior may lead to misunderstanding of others’ decisions,
which may result in safety problems. Considering widely
distributed conflict points, both pedestrians and turning
vehicles must pay attention to a broader area where conflicts
may occur.

5. Conclusions and Future Work

Despite the prominent advantage of UAVs for emergency
and traffic monitoring, there has been no research yet to
employ UAVs for detailed safety assessment at intersections.
In practice, accurate detection and tracking from UAVs is a
challenging task due to platform motion, image instability,
the relatively small size of the objects and varied appearance,
and so forth. This study, as a pioneer work, investigated the
feasibility of applying UAV video for surrogate safety analysis
of pedestrian-vehicle conflict at intersections. By taking full
advantage of the bird’s eye view offered by UAV, the image
processing systems for automated vehicle trajectory extrac-
tion and semiautomatic pedestrian trajectory extraction were
developed, respectively. Based on the trajectory data collected
fromone urban intersection in Beijing, China, two SSMs, that
is, PET andRTTC, were employed to represent the frequency,
severity, and location of pedestrian-vehicle conflict. The
results of analysis showed a high exposure of pedestrians
to traffic conflict both inside and outside the crosswalk and
relatively risking behavior of right-turn vehicles around the
corner. The findings demonstrate that UAV can support
intersection safety analysis in an accurate and cost-effective
way.

Still, there are some limitations of this study. Firstly, due
to the limitations of top-down views, the characteristics of
pedestrian heterogeneity, for example, gender and age, cannot
be identified in the video and thus are not discussed in this
study. In pedestrian safety analysis, a recognized key issue
[40] is that pedestrians of different gender and age behave
differently on crosswalk. This aspect will be investigated in
future studies with aerial videos captured at a lower flight
altitude and with better visibility. Secondly, it is necessary
to further study the interactions between pedestrian groups
and vehicle (platoons), since the safety assessment for group
interactions and pairwise intersections can be different [36].
Thirdly, the threshold values of PET and RTTC in this study
were derived from previous studies, whichmay be influenced
by the configuration of intersections and crosswalks and

need further investigation. The pedestrian-vehicle conflict
at other intersections with different intersection geometries,
traffic volumes, and signal control strategies is supposed to
be analyzed and compared in terms of SSMs with more UAV
videos. Last but not least, it is essential in practice for trans-
portation authorities to equip and manage UAVs in order to
quickly detect and evaluate intersection safety, especially for
the sites with frequent and severe traffic conflicts.Thus, it will
be interesting to analyze the cost-benefit of establishing an
integrated UAV network with fixed detectors by accounting
for various UAV speed, admissible airspace, and operational
budget constraints.
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