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A system using aerial vehicles to autonomously locate and retrieve ground packages of various colors and shapes within a designated area
was developed. This system was notable for its use of an innovative rotor configuration that offered a higher degree of control compared
to traditional designs. To accurately identify and track the packages, a multi-sensor approach combining vision and Light Detection and
Ranging technologies was implemented, integrating data into an extended Kalman filter framework for precise position and velocity
estimates. An electro-permanent magnet was employed to securely grab and release the packages, which have a ferrous material. The
process of path planning and collision avoidance was conducted in a decentralized manner, leveraging a shared global map among the
airborne vehicles. This paper details system technical design, including the integration of various technologies, and shares insights and
outcomes derived from its application.
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us
1. Introduction with reduced human involvement, though several technical
challenges still need to be addressed.
The development of unmanned aerial vehicles (UAVs) has This paper examines a team of one to four UAVs col-
surged in the past 20 years, driven by affordable micro-  Jaborating to search an arena for ground objects, pick them
electro-mechanical systems (MEMS) and powerful compact  yp, and deliver them to specified locations. The package
computers. Companies like Zipline [1], Amazon [2], Google,  delivery challenge encompasses several complex areas of

DHL and UPS have leveraged this technology to enh.ance ongoing research, including multi-UAV collaboration in
package delivery systems [3, 4]. Drones offer faster delivery  ,ytdoor environments, visual detection and tracking of
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due to known visual features, the system must determine
the object’s location and execute a landing despite wind
conditions. Upon landing, the vehicle must grasp the target
and transport it to the destination, posing another location
challenge. The UAVs are designed and tuned to fly for ap-
proximately 30 min (a self-imposed requirement) and carry
up to 2 kg of payload, a difficult task given their small size.
Even if this capability is demonstrated in a single vehicle,
the collaborative nature of the challenge requires dupli-
cating the system. Variations in hardware, manufacturing
tolerances, settings and software make it challenging to
replicate a functioning prototype. Collaborative search
requires multiple UAVs to share information, autonomously
determine search strategies, and execute them without
collision. The systems described in this paper are developed
for a Mohamed Bin Zayed International Robotics Challenge
competition [5-8] where the mission is illustrated in Fig. 1.
The requirements and our design choices are

(1) Autonomous Multi-UAV Collaboration

e Requirement: The system needs to handle collaboration
between one to four UAVs for searching, picking and
delivering packages.

e Design Choice: We implemented a decentralized ap-
proach, leveraging a shared global map among airborne
vehicles to avoid collisions and redundant searches. Each
UAV autonomously determines its search strategy and
executes it independently.

(2) Visual Detection and Object Tracking

e Requirement: The UAVs must reliably detect and track
ground objects in an outdoor environment with varying
conditions.

e Design Choice: A multi-sensor approach combining vision
and LIDAR was implemented, integrating data into an
Extended Kalman Filter (EKF) for precise position and
velocity estimation. The vision system detects packages
using color filtering and contour detection.

\
search §

N\
\

\pick

(3) Grasping and Payload Handling

e Requirement: The UAVs must autonomously land, grasp,
release and carry payloads of up to 2 kg.

e Design Choice: The UAVs use an electro-permanent
magnet (EPM) mounted on a soft plate to grab and re-
lease ferrous packages.

(4) Endurance

e Requirement: The UAVs should have an endurance of
approximately 30 min with a payload.

e Design Choice: The vehicle is powered by a 6S (22.2V)
16000 mAh battery. The system is optimized to hover for
30 min and carry the payload for 5 min using a Tarot 680
frame with 700 KV motors.

(5) Collision Avoidance

e Requirement: The system must avoid collisions during
multi-UAV operations.

e Design Choice: Priority assignment and avoidance guid-
ance rules were implemented, with a focus on priority-
based navigation. Velocity adjustments are made for
lower-priority UAVs to prevent collisions.

(6) Map Sharing and Search Strategy

e Requirement: UAVs need to explore the environment ef-
ficiently without duplicating efforts.

e Design Choice: A grid map system is used, where each cell
is marked as explored, unexplored, or ignored. UAVs
share map updates with others. Waypoint generation and
reassignment are optimized using market-based coordi-
nation principles.

(7) Stability while Performing Maneuvers

e Requirement: UAVs must maintain stability during flight,
especially when grasping and carrying payloads.

e Design Choice: We implemented direct force control
(DFC), where the motor tilt angles allow the UAV to

deliver
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Fig. 1.

Mission overview: A team of aerial robots collaboratively performs searching, picking and delivering packages. This represents a

core capability for urban package delivery and aerial manipulation in general.



control all six degrees of freedom. This enables precise
control over the vehicles position and attitude.

(8) Autonomous Takeoff, Landing and Delivery

e Requirement: UAVs must accurately detect the drop-off
bin and deliver packages autonomously.

e Design Choice: The system uses LIDAR for centering the
UAV during descent and detecting the drop-off bin. A GPS
is used for navigation, and the perception system handles
bin detection during the final approach.

For detailed technical approach, the system architecture
and vehicle design are described in detail in Secs. 2 and 3,
respectively. The autonomy that enabled package delivery
is described in Sec. 4. Experiments and competition results
are discussed in Secs. 5 and 6, respectively.

1.1. Previous work

Many of the tasks essential to the mission can be research
topics, including controller architecture for variable mass
and unknown CG offsets, target detection and tracking,
multi-vehicle operations and vehicle sizing and propulsion
optimization. A UAV is considered fully autonomous if it can
successfully complete its assigned mission without human
intervention or external assistance, while adapting to op-
erational and environmental conditions [9].

The package pickup and delivery task requires the reli-
able detection, tracking, grasping and release of ground
objects in an outdoor environment. Common sensors used
for object detection include vision, laser and radar. While
radar sensors are typically large and expensive, visual
sensors are smaller and more affordable but demand
greater processing power. Light Detection and Ranging
(LIDAR) sensors offer lower computational costs but can be
heavy and expensive depending on the model.

In [10], a review of combined sensors (vision/laser) for
detecting and tracking multiple objects (DATMO) was pre-
sented, primarily focused on larger objects like people and
vehicles. Detecting smaller objects presents a greater chal-
lenge, but the problem could benefit from a multi-sensor
approach, leveraging the complementary strengths of dif-
ferent sensors. For example, at higher altitudes where laser
scanners may be less reliable, visual sensors could detect
objects. As the UAV descends, the laser scanner’s precision
becomes advantageous, providing better object location
measurements when cameras may struggle due to partial
occlusion. Cameras have proven effective for object detec-
tion and tracking, but visual-based autonomous landings on
static and moving objects remain an active research area.
Standard helipads have been detected and tracked using
methods like Hu moments and Haar-like features [11]. For
object tracking and estimating their locations, [12]
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employed a multi-EKF to track multiple objects and enable
landings on moving targets.

Aerial vehicles offer the potential for faster and more
cost-effective delivery compared to ground transportation.
Developing systems that can reliably grasp and release
packages is an ongoing research area. Various approaches
have been explored, including mechanical grabbers [13],
suction systems [14] and magnetic solutions [15]. For
packages with ferrous surfaces, EPMs are advantageous due
to their selectable operational state and low power con-
sumption. The designed system uses an EPM mounted on a
custom soft-mounted plate, enabling the grasping of objects
even at nonlevel attitudes.

The challenge of simultaneously mapping an area and
searching for objects has been a recurring focus in UAV
competitions since the early 2000s, such as the UAV Out-
back Challenge [16] and the International Aerial Robotics
Competition [17]. This problem remains relevant, particu-
larly in scenarios involving multiple UAVs working collab-
oratively. Multi-vehicle exploration is faster and more
robust than single-vehicle approaches [18]; if one vehicle
fails, others can continue the mission [19, 20]. However,
multi-vehicle operations often face challenges with data
communication links [21], particularly when sharing vehi-
cle states and maps. Accurate vehicle state sharing is crucial
for collision avoidance, and issues like time delays and
temporary communication outages must be effectively
managed. Maintaining a consistent and updated global map
can also be complex, depending on the mission and
environment.

Various methods for map sharing in simultaneous lo-
calization and mapping (SLAM) are reviewed in [18].
Frontier-based multi-robot exploration using shared occu-
pancy maps is discussed in [20, 22], where occupancy maps
are used to calculate the cost-to-go values for reaching cells.
In [19], a collaboratively generated terrain map is later
employed to develop a pursuit-evasion strategy. An effec-
tive exploration strategy is as crucial as the mapping algo-
rithm itself. Methods based on market economy principles
to enhance multi-robot exploration strategies are presented
in [23] and [24]. In our approach, map sharing is solely
aimed at avoiding redundant searches, with the map only
tracking whether a cell has been explored.

To enable aerial vehicles to carry large payloads while
maintaining extended endurance, careful consideration of
propulsion sizing is essential. Additionally, factors such as
transporting multiple vehicles across seas and compensat-
ing for significant wind conditions must be addressed.
Currently, there are few general, rigorous and comprehen-
sive design methods for electric propulsion systems. Many
existing methods are either too specific to be applicable to
general electric vehicles or tailored to standard or non-
standard geometries. For larger, turbine-powered, manned



184 S. Haviland et al.

Ly

bl sk e At

Fig. 2.

% e

Xdes ()

Planar multirotor (1) versus a higher degree-of-freedom multirotor (2) in moving to a new desired horizontal position (Xges)-

Regions (a)-(c) are at different times during the maneuver with arrows indicating the force vector used to achieve it. As a result, attitude

and position can be effectively controlled independently.

helicopters, the required fuel fraction (RF) method [25, 26]
has been used for years, though it is suited for gas-/jet-
fueled aircraft. However, a comparable method for sizing
electric vehicle drive components is lacking in the litera-
ture. Several rigorous studies on propulsion system design
have been presented. Some use blade element and mo-
mentum theory (BEMT) for an iterative selection of motors,
propellers, and batteries [27]. Multi-disciplinary optimiza-
tion (MDO) methods have also been explored for designing
propulsion systems [28], aiming to meet performance goals
such as loiter time and rate of climb while analyzing motor
and battery requirements.

Standard multirotor platforms are underactuated be-
cause their thrusters are aligned. To move from one posi-
tion to another, the vehicle must command a torque to
adjust the orientation of the overall thrust vector, as illus-
trated in Fig. 2. Smaller multirotors can track trajectories
more easily due to their higher agility [29]. However, as
vehicles grow larger, precise position control becomes more
challenging because position and attitude control are cou-
pled in underactuated systems. Higher degree-of-freedom
(DoF) multirotors, such as vehicle 2 in Fig. 2, can generate
forces in additional directions, allowing them to decouple
position and attitude control. This capability enables the
vehicle to translate without rotating and results in quicker
position changes, as shown in Fig. 2(a). While most higher
DoF multirotors can only generate a limited horizontal body
force compared to vertical force, they can achieve greater
horizontal acceleration by tilting, as depicted in Fig. 2(b).
During deceleration, however, a planar vehicle must exe-
cute more aggressive maneuvers compared to a higher DoF
vehicle, which often leads to overshooting the target posi-
tion (xg4es), as seen in Fig. 2(c). Higher DoF vehicles can also
perform the same maneuvers while flying at nonlevel atti-
tudes. Additionally, they offer the advantage of maintaining
position and orientation in windy conditions. Conventional
planar multirotors must fly at nonlevel attitudes to com-
pensate for disturbances, which can be problematic for

high-precision tasks or environmental interactions, espe-
cially in strong winds.

Another challenge with under-actuated designs is their
limited ability to counteract reaction forces when manipu-
lating objects. Research has explored fully actuated multi-
rotors by adding servos to each arm, allowing for motor
orientation adjustments [30-32]. While this increases
complexity and reduces survivability, it can be advanta-
geous depending on mission requirements. However, servo-
ed designs often have limitations that restrict orientation
and trajectory tracking. To address this, some systems use
modified electronic speed controller (ESC) firmware and
symmetrical propellers to create omnidirectional vehicles
[33, 34]. These vehicles, while offering enhanced tracking
capabilities, may have reduced efficiency and increased
power requirements for hovering due to nonconventional
rotor orientations.

Another approach fixes rotors to produce horizontal
force components [35], which improves functionality for
level flight and hovering in nonlevel orientations without
adding complexity. Though there is some efficiency loss, the
added tracking ability can be beneficial. Under windy con-
ditions, tracking and landing on moving objects become
challenging if constant attitude adjustments are needed.
The rotor orientations in this design are optimized for lat-
eral movement, considering the self-imposed operational
requirement of picking up discs in strong winds [36].

2. System Architecture

The system architecture, illustrated on the right side of
Fig. 3, enables UAVs to handle all perception, planning and
control tasks autonomously. On the left side, ground control
stations serve as relays, sharing a global map and providing
telemetry for vehicle collision avoidance. While the scenario
involves three vehicles, the system is scalable and can
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Fig. 3. An illustration of system architecture.

operate individually or on a larger scale. In summary, the
system can be described as

o Direct force control (DFC) UAV — vehicle has downward
facing camera (Pointgrey Blackfly), LIDAR (Hokuyo
URGO04LX), Inertial Measuring Unit (IMU), Global Posi-
tioning System (GPS), barometer, magnetometer, electro-
permanent magnet (EPM) and contact switch. Sensor
data are fused to estimate object positions on a global
map. The ground station provides updates to the map
and other vehicle data for collision avoidance. Addition-
ally, the operator can optionally control each UAV.

e Wireless communications — each UAV has an outdoor
5.8 GHz WiFi router that is set up in bridge mode to send
and receive information from the ground station.

e Ground control station (GCS) — single or daisy-chained
computers on the ground act as relays for sending and
receiving all vehicles and map information. The global
map is displayed on the GCS where an operator can in-
teract with each vehicle.

The communication between UAVs and GCSs is designed to
minimize onboard communication load. Each UAV com-
municates only with GCS 1, while the GCSs are connected in
a daisy-chain fashion — GCS 1 communicates with GCS 2,
GCS 2 with both GCS 1 and GCS 3, and so on. This setup
allows data to be relayed from UAVs to the last GCS without
excessive direct communication.

Each airborne vehicle faces two perception challenges:
detecting and tracking ground-based objects, and detecting
the drop-off bin. The drop-off bin is 1m? with known
coordinates. Depending on the choice between single-point
or real-time kinematic (RTK) GPS, detection of the bin may
or may not rely on GPS, as standard GPS lacks precision.
Although affordable RTK solutions exist, they often prove
unreliable, so a single-point GPS receiver is used. Conse-
quently, the perception module must be capable of detect-
ing the drop-off bin after an object is grabbed.

Figure 4(a) shows the base plate with sensor mountings
used on each vehicle. The EPM is positioned at the vehicle’s
center of gravity (CG) to minimize the impact of mass and
CG changes when lifting heavy targets, which can weigh up
to 2 kg (over 50% of the vehicle’s gross takeoff weight). The
EPM is mounted on four loose rails, allowing it to adjust its
attitude, which is useful when the EPM and package make
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(@) (b)

Fig. 4. (a) Top-down view of vehicle baseplate with sensor con-
figuration including camera, LIDAR, computer and magnet (b) DFC
vehicle with baseplate mounted executing a package pickup, the
package is tracked with LIDAR and camera.

contact at an angle. Two electrical switches beside the EPM
inform the autopilot when the package is grabbed and re-
leased. The camera is offset by 225 mm to avoid being
obstructed by the carried package, enabling it to detect the
drop-off bin. However, this offset causes the camera to lose
sight of the target at lower altitudes. To mitigate this, a
downward-facing LIDAR centers on the target during the
descent, and a large section of the baseplate is removed to
improve the LIDARs field of view. A 5.8 GHz WiFi router is
mounted directly on the baseplate with antennae pointing
upward. The vehicle layout is shown in Fig. 4(a).

An Intel NUC i7 runs all perception, in-house guidance,
navigation and control (GNC) software, and interfaces with
the sensor board. The sensor board, a Pixhawk modified
with custom firmware for new motor mixing logic, func-
tions as a sensor and motor interface in ‘Auto’ mode. In
‘Manual’ mode, the original Pixhawk code is used. Pixhawk
is an open-source autopilot popular with hobbyists, known
for its customizable software and hardware.

Two perception modules onboard the NUC handle de-
tection tasks. Laser data are processed at 10 Hz, matching
the frequency of above-ground-level (AGL) and object
estimates. The camera outputs 320 x 240 images at 30 Hz,
with target tracking running at the same rate. The Pixhawk
sends IMU (100 Hz), barometer (25Hz), magnetometer
(25 Hz), and switch (25 Hz) data via USB to the NUC for GNC
and mission manager updates. GPS data (10 Hz) connect via
USB-UART. All sensor data are fused into a single navigation
solution using an EKF [37].

A contact switch, an analog voltage button, detects
whether an object has been grabbed or released, as the EPM
lacks feedback on its ‘On’ or ‘Off state. The mission manager
updates the planner, which sets new position and velocity
commands for the controller to track. The controller out-
puts three torque and three force commands at 100 Hz, sent
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to the Pixhawk autopilot. Rate feedback for the torque
commands is processed onboard the Pixhawk at 400 Hz to
minimize latency between commands and gyroscope data.
This architecture was initially developed in [38], proving
effective with low-cost MEMS devices.

3. Direct Force Control Hexarotor: Design,
Sizing and Control

A vehicle capable of controlling all six-DoF would offer
significant advantages. Precise control is crucial for accu-
rate positioning, especially during touchdown on an object.
Upon contact, reaction forces and moments may arise that
an underactuated vehicle might struggle to counter. Addi-
tionally, if the vehicle is not level during touchdown, the
grabbing mechanism might fail. With DFC, the motor tilt
provides added DoF, enabling the vehicle to maintain level
flight even in windy conditions or when the C.G. is offset.

A vehicle capable of carrying the necessary avionics, an
additional 2 kg payload, and achieving up to 30 min of en-
durance is desired. In our previous research [39], we de-
veloped a tool for sizing multirotors for specific missions,
which was used to design this vehicle. The vehicle is sized
to take off, hover for 30 min, and carry a 2 kg payload for
5min, assuming a 100% depth of discharge. The large
payload represents the worst-case scenario in terms of
power requirements. The optimization algorithm’s output,
shown in Table 1, led to the selection of the Tarot 680 frame
with Tiger Motors U3-700 KV. The battery chosen is a 6S
(22.2V) 16000 mAh 15C GensAce Tattu. The optimization
software also provided an estimated motor configuration,
recommending 6S, even though the motors are rated for 3-
4S (11.1-14.8V). The fully enclosed motors are advanta-
geous for operation in sandy environments.

The vehicle is designed as an underactuated hexarotor,
with modifications to enable DFC. Instead of creating a
chassis from scratch, we chose the Tarot 680 frame and
adapted it for DFC. The motor tilt angles were determined
to maintain position in known wind conditions. Previous

Table 1. Optimizer output for rubber propulsion system
requirements 30-min hover including 5-min hover with
additional 2 kg payload compared to the built design.

Parameter Value (rubber) Value (built)
Battery configuration 6S 6S
Battery capacity 17423 mAh 16000 mAh
Propeller diameter 14” 13”
Propeller pitch 4” 4.4”
K, 658 RPM/V 700 RPM/V

work [36] optimized motor orientation angles to maximize
horizontal acceleration limits, which we enhanced with
updates to propulsion, aerodynamics and dynamics
modeling. Figure 5(b) shows how changing motor tilt affects
body-axis acceleration. As tilt is added, body x and y ac-
celeration capabilities increase, while body z decreases.
With a tilted hexarotor, symmetry is lost, causing different
capabilities in the x- and y-directions, though symmetry can
be restored with eight rotors. However, a trade-off exists
with fixed motor tilt: hovering power increases because
thrust vectors are no longer planar. Despite this, rotor
downwash interactions slightly improve overall efficiency
[36]. Some DFC-like vehicles use servos to tilt rotors only
when needed [32], but this introduces complexity. Our
motor tilt design is robust to wind conditions.

Assuming the attitude control system can maintain a
level vehicle, Eq. (1) represents the forces acting on the
vehicle in the horizontal plane. For steady-level hover, the
DFC forces must counteract the wind drag forces. Using
Eqg. (2) with estimated area (S), drag coefficient (Cp), and
accounting for a 38 kph wind (doubled for a safety margin),
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45 . . . . .
........................... <
vvvvvvvv body
40 I
body
3/ e Zbody 4
< 30f i
K4
E
z 25f 1
S
®
G 20f 1
®
Q
Q
< 15F S
10F =] 1
51 /,,f” i
0 . . . . .
0 10 20 30 40 50 60
Motor tilt (r) degrees
(b)
Fig. 5. (a) The fixed angles defining the DFC motors and (b)

Optimization routine to get maximum body acceleration values
while changing motor tilt (7).
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Fig. 6. High-level block diagram of the model inversion controller; outer loop controls position, inner loop controls attitude, daisy-chain

architecture manages to interconnect between them.

the required motor tilt angle is approximately 30°.

mx = Fdfc +D, (1)
2
ov2. SC
Fdfc _ Wl;d D ) (2)

3.1. Daisy chain control

By rotating the motors into a fixed but nonplanar orienta-
tion, the multirotor gains additional degrees of freedom,
enabling it to translate without rotating or rotate without
translating. DFC-like designs allow for direct body acceler-
ation commands in the horizontal plane, effectively adding
two extra control inputs. However, as shown in Fig. 5(b),
the horizontal body acceleration inputs are typically much
smaller than the vertical ones. To utilize these DFC
inputs effectively, modifications to our standard controller
[40] were necessary. Figure 6 illustrates the high-level ar-
chitecture of the controller. The outer-loop controller
generates acceleration commands (6y = [dfcy, dfc,, du,|) and
attitude commands (qq.s) based on the error between
the trajectory generator’s position and velocity commands
(P, V,.) and the estimated states (x = [pT vioq" wT]T).
These commands are then processed by the inner-loop
controller, which generates moment commands (6, =
[6ai17 6e1e7 6rud])'

If the outerloop controller demands larger horizontal
acceleration commands than the vehicle’s capabilities, the
vehicle’s attitude must be adjusted. The daisy chain ap-
proach [41] addresses this by adjusting the outer-loop
control to account for the vehicle’s horizontal acceleration
limits. If necessary, it uses the available DFC actuator limits
and requests a change in attitude to meet the acceleration
command. This daisy chain scheme is implemented on top
of the adaptive controller architecture described in [40].
The adaptive control addresses actuator dynamics and
saturation issues, and pseudocontrol hedging [42] is
employed to modify both inner and outer loop dynamics.

Algorithm 3.1. Daisy-Chain acceleration command
modification

L dfeg < Gdes,, dfcy < Ades,
Op < \[/df 2 + df
if 6’1 > dfcmax then

dfcy %, dfe, %

end if
Gdes, < Odes, — dfCz, Qdes, < Odes, — dny

@ g W

This technique helps the system adapt even when facing
input saturation.

According to the Daisy Chain Algorithm 3.1, the out-
erloop acceleration commands (@) are adjusted so that all
horizontal acceleration commands utilize the available DFC
limits, if necessary. If there are still remaining horizontal
acceleration commands, the vehicle must adjust its attitude
to accommodate them. To convert the remaining accelera-
tion commands into attitude commands, a similar algorithm
to the one described in [43] is used.

4. Enabling Autonomy

4.1. Collision avoidance

Collision avoidance is crucial for the safety of multi-vehicle
operations. Our approach comprises two components: pri-
ority assignment and avoidance guidance. Priority assign-
ment is inspired by right-of-way rules commonly used in air
transportation, where less maneuverable aircraft are given
priority. In our system, an aircraft performing a higher-
priority task is granted right-of-way. For instance, an air-
craft heading toward a drop-off bin is prioritized over one
engaged in a search mission. When two aircraft have the
same priority, a unique ‘tail number’ is used to break the tie.



188 S. Haviland et al.

The priorities for determining right-of-way are as follows,
with higher numbers indicating higher priority:

(5) Executing a pickup attempt

(4) Dropping off an object

(3) Has the target and is flying toward the drop bin
(2) Taking off

(1) Searching

Once priorities are assigned to all aircraft, those with lower
priority will adjust their velocity commands to avoid air-
craft with higher priority. If multiple avoidance maneuvers
are required, the velocity commands will be combined. The
following logic is applied when an aircraft needs to avoid a
higher-priority aircraft.

We first try to encapsulate the idea that aircraft do not
need large horizontal separation if there is already a suffi-
cient altitude separation. Define the altitude difference be-
tween an ownship and a higher priority aircraft to be
Ah = hgyn — hyigh. A separation cylinder of radius Ars,
and half-height Ah, form a cylinder inscribed inside an el-
lipsoid of parameters Argy and Ahgg.

Ah \?
Arsep:Arsafe 1_<Ah f) . (3)
safe

The two tuning parameters Argg and Ahgg both have
physical meanings. The parameter Arg,y is the distance to
keep apart if two aircraft are at the same altitude. The pa-
rameter Ahgy quantifies altitude separation. If
|Ah| > |hgaee|, the traffic is considered no-factor. Collision
avoidance is not needed. Note that Eq. (3) is always valid
since 1 — ( A%S’ife)z is strictly positive for all cases where
avoidance is necessary.

Let rown and vg,n be the ownship horizontal position
and velocity. Let Iyjgp and Vg, be the higher priority air-
craft’s horizontal position and velocity. The states for both
aircraft are obtained from EKF-based navigation solutions
mentioned in Sec. 2. The higher-priority aircraft states are
relayed via the ground station. Additionally, the higher-
priority aircraft’s position is modified to be Iyigh + Vhigh At
instead of only ry;gn to account for the aircraft’s movement
during the communication relay. This allows for the pre-
diction of the aircraft’s position based on its velocity during
the time interval At.

The approach speed between ownship and the higher
priority aircraft is defined as

Ar - Av
Vapp TRy TR (4)
[Ar|
where Ar = royn — Inigh and AV = Vo, — Vyign. Positive
V.., means aircraft are approaching each other, while nega-

app
tive V,,, means aircraft are flying away from each other.

app

The allowable approach speed is a function of the sep-
aration cylinder radius, the distance between aircraft, and
the tuning parameter wy which can be thought of as the
desired frequency response.

Vapp,all = (HAI‘H - Ar'sep)(")d' (5)

If Vapp > Vapp.an, aircraft are approaching each other faster
than allowed, and it is necessary to deconflict by changing
ownship velocity command by AvV,yeig-

Ar
Avavoid = (Vapp - Vapp,all)m- (6)
The direction Hﬁ—:\l ensures that aircraft is commanded away

from higher priority aircraft. This logic holds true regard-
less of the sign of V,,, and V,, .. The algorithm can handle
various scenarios. Examples of various cases are shown in
Figs. 7(a)-7(e). The overall avoidance algorithm is also
summarized in Algorithm 4.1.

The complexity of this algorithm in the worst case is
O(n) where n is the total number of aircraft in operation.

4.2. Collaborative map and search

We approach multi-vehicle operations with a strategy that
each aircraft will grab the first target it sees. This method
[19], summarized in Fig. 8, avoids the need to store and
share target states among multiple aircraft.

4.2.1. Map update
Each aircraft uses a grid map with a 2 x 2 ft resolution to
cover the arena. Each grid cell can be in one of three states:
explored, unexplored or ignored. All cells are initialized as
unexplored, except for launch and drop zones, which are
marked as ignored. As an aircraft moves through the arena,
it marks cells as explored based on its altitude and camera
field of view. Ignored zones ensure that the aircraft does not
attempt to pick up a target if it is in an ignored area, such as
a drop zone. Additionally, if an aircraft fails to pick up a
target after multiple attempts, it marks the cell as ignored
to prevent other aircraft from attempting to pick up the
target. Failures may occur due to various reasons, such as
the target falling off or being undetectable. Updated map
cells are sent to the Ground Control Station (GCS), which
then relays these updates to all other aircraft. Each aircraft
updates the shared map when 50 cells have changed or
after 2s, whichever comes first. This approach ensures
consistent maps across all aircraft while minimizing com-
munication bandwidth.

With an implementation of a hash map, the complexity of
this map update procedure is O(1).
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Fig. 7. Top view and side view for different collision avoidance scenarios (a) |Ah| > |hg,y|- There is a sufficient altitude separation.
Avoidance is not needed. (b) V,pp, < Vappan and || Ar|| — Arg, > 0. The approach speed is slow, and the higher-priority aircraft is outside

the separation cylinder. Avoidance is not needed. (c)
separation cylinder, but the approach speed is too fast. Avoidance is needed. (d) Vo > Vappair Vapp
higher-priority aircraft is inside the separation cylinder. The aircraft are approaching each other. Avoidance is needed. (e)

Vapp

each other but not fast enough. Avoidance is needed.

4.2.2. Waypoint generation

Each aircraft explores the arena using waypoint guidance. A
new waypoint is generated randomly. If this waypoint is
within an explored area, an ignored zone, or too close to
another aircraft, it will be discarded, and a new waypoint
will be generated. The aircraft will proceed toward the

waypoint until it either encounters

waypoint. If the waypoint is reached without encountering

app

Vapp > Vappan and ||Ar|| — Arg, > 0. The higher-priority aircraft is outside the
>0 and ||Ar|| — Argp, < 0. The
V. >V, pp.alls
< 0 and [|Ar|| — Arg, < 0. The higher-priority aircraft is inside the separation cylinder. The aircraft are already moving away from

a target, a new waypoint is generated. If a target is found,
the aircraft will stop searching and attempt to pick it up.

a target or reaches the

After a successful drop or if several pickup attempts fail, the
aircraft will resume search mode.

The complexity of this algorithm in the worst case is
O(n) where n is the total number of grid cells in the
map. However, the worst-case scenario is unlikely to hap-
pen as it implies that the map has been almost thoroughly
explored.
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Algorithm 4.1. Collision Avoidance Algorithm
1: for all other aircraft in operation do

2: AvVayoia < 0
3: if Lost right of way to the higher priority aircraft
then
4: if |Ah| > |hsate| then > sufficient altitude
separation
Do Nothing
else
Vapp « Calculate the actual approach
speed
8: Vappal <+ Calculate the allowable
approach speed
9: if Vipp < Vapp,an then > the approach
speed is within allowable value
10: Do Nothing
11: else > necessary to modify ownship
velocity
12: AVayoid < getAvoidVelocity (Vapp all,
Vapp,Ar)
13: end if
14: end if
15: end if
16: Vemd ¢ Vemd + AVavoid > Superimpose
velocity correction
17: end for

4.2.3. Promoting random exploration

To encourage random exploration and prevent an aircraft
from becoming stuck at a location, a new waypoint is au-
tomatically generated after a specific timeout. This mecha-
nism ensures that an aircraft does not remain indefinitely at
a point due to obstacles or conflicts. The timeout period is
set to be longer than the time it would take for the aircraft
to fly diagonally across the entire arena at its typical ex-
ploration speed. For example, an aircraft could become
trapped if it is avoiding another aircraft engaged in a pickup
operation, as the stationary aircraft could block its path. The
automatic waypoint generation helps to mitigate such
situations by continuously redirecting the aircraft, pro-
moting effective exploration of the arena.

A waypoint swap logic has been implemented to en-
hance efficiency in multi-vehicle operations. Since way-
points are generated randomly, an aircraft might end up
crossing another aircraft’s path, leading to inefficiencies.
Additionally, if a waypoint is closer to another aircraft, the
further aircraft should relinquish the waypoint to the closer
one. This reassignment logic is managed at the Ground
Control Station (GCS), where waypoints are reallocated to
the nearest vehicle every second. This approach is inspired
by market-based robot coordination [23]. Note that this
replanning is intended to optimize search efficiency; if
communication is unreliable, each aircraft can still conduct
its own search without the reassignment.

Simulation and flight tests indicate that with the correct
search altitude, the entire arena can be explored in under

80% of map
are explored

ms

 MAPINIT

SEARCH
Found nothing - Map_upd'ate
Keep searching - Looking for target

- Flying toward waypoint

Target 3 Istarget
T g 5 o inignored
< o - zone? i

Onboard Mission Manager

——— oo Success
Ha PICKUP

———" FIYTODROP ——»  DROP |

*
|
I
|
|
|
I
|
|
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I Map from
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Map update to GCS I via GCS waypoint swap
Vo GCS Mission Manager
GROUND MISSION UPDATE
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Fig. 8. Mission level state machine for a single vehicle. This architecture enables collaborative package pick-up and delivery.



20 min. However, flight tests also reveal that targets may be
missed due to various uncertainties. To address this, the
algorithm includes map resets after 80% of the arena has
been explored. This 80% threshold is chosen as a balance
between aircraft endurance and the likelihood of a target
being in the explored area. If a target is missed and remains
in the explored area, continuing to explore all remaining
unexplored areas could deplete the aircraft’s batteries and
increase the risk of mid-air collisions, as all aircraft would
converge on the smaller unexplored regions.

4.3. Vision system

The vision system is responsible for detecting and tracking
packages and providing visual feedback for autonomous
landing. To achieve this, it generates criteria to initiate,
continue, or abort the mission based on the reliability of
visual tracking. To detect packages, the system uses a color
filter in the Hue, Saturation and Value (HSV) space and
constructs a contour tree [44]. The package’s dimensions in
the image are calculated using camera calibration para-
meters and the vehicle’s above-ground level (AGL) altitude.
False positives are filtered out by comparing the detected
results with the expected package area and aspect ratio.
Once this filtering process is complete, the system retains
the 2D measurements of the packages location and size,
along with its color label.

The color filtering step involves taking onboard images
and applying thresholds based on HSV values. A contour
tree is then computed from the binary image, and bounding
boxes of the contours are used to size measurement can-
didates, as shown in Fig. 9(a). Only bounding boxes with
valid aspect ratios and areas are considered for measure-
ments in the EKF. The colored diagonal crossings in
Fig. 9(b) represent the final measurements, while the rec-
tangles indicate the EKFs estimations. Although the algo-
rithm was intended for both circular and rectangular
packages, simulations revealed that measuring the center of
rectangular packages is more challenging due to significant
changes in bounding box size and aspect ratio with

(a) Image thresholding using HSV
filter & bounded contour boxes

(b) Measurements (cross) &
EKF estimated positions

Fig. 9. Circular package detection and tracking.
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orientation, as depicted in Fig. 10. Figure 11 displays results
from a Monte Carlo simulation where the vehicle flew over
packages with various initial attitudes and positions. The
simulation, which included 7000 samples per experiment,
showed that the measurement error covariance for rect-
angular packages was larger than for circular packages.

The position and the velocity estimates of the package
are expressed in the local north-east-down (NED) frame,
which is denoted as pp, and vp,, respectively. The super-
script indicates the coordinate frame, and the subscripts
represent the coordinate frames the vector is measured
with respect to. For instance py, is the position vector of a
package (p) with respect to the NED frame expressed in the
NED frame. The system also obtains estimated distances to
the packages from the method described in Sec. 4.4. The
state vector of the EKF is expressed as follows:

X = [IA)Zp ‘A/Zp]’ra (7)
where pj, € R® and vj, € R% The positions on the x-y
plane (denoted pﬁp,x and pp,,) are propagated using

ﬁzp,x(t + dt) = Iagp,x(t) + ‘A/Zp,x(t)dta (8)
ﬁZpy(t + dt) = Iazp.y(t) + ﬁzp.y(t)dt' (9)

The estimated error covariance matrix (P) is propagated
using the discrete Lyapunov equation

Py =F 1Py Fi 1 +0Q, (10)

where F is a discrete-time state matrix, and Q is a process
noise matrix. Since the dynamics model (static or mobile) is
measured by color, a small Q is given to the static packages,
and a large Q is given to the mobile packages.

When a new onboard image is available, the positions of
packages are detected and used to update the estimated
states of an EKF. This measurement correction is conducted
using the standard Kalman equations

Ki = PiHy (HPic Hg +R) 2, (11)
i =Xp +Ki(z — Hiky), (12)
P = (I — K¢Hy )Py (13)

(@ ()

Fig. 10. Tracking of the rectangular packages in an image-in-the-
loop simulation.
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(a) Circular package

Fig. 11.
samples were obtained in each experiment.

where R is the measurement error covariance matrix
obtained from an experiment shown in Fig. 11, and H is the
discrete-time output matrix obtained from linearization. Let
z=1[u v]T denote the observed location of a package
expressed in pixels. Then, the measurement model is

Z:m:

where f, and f, are the focal lengths of the onboard camera,
and v is a measurement noise v ~ N(0,R). Using this
measurement model, H is derived from

Py
Y
7pgp,x
Pepz

v, (14)

5

0z
H= a|x7x
[ O 0.
[z a9
1OPpnp  OVip
f oz Op°
~ e et 9 (16)
LOP & OP mp
- 1 pe
0 fize— ~hra
Pepz .z | ~¢
= . pe . 0f, (17)
—f — 0 f _ cp,z
L 7 p EPA,Z g p (L{[ZJZ
where R}, = Rf,i?z is an estimated rotation matrix from the
navigation frame to the camera frame. Note gg @ —R;
np

because i)gp = _Rzpll;c + kfl(ﬁﬁp - ﬁZb)

The vision system needs to have the ability of handling
multiple targets in view. The color label and the x? test
gating help the system separate multiple targets. The
Mahalanobis distance is computed from

7% =Ty e, (18)
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(b) Rectangular package

Measurement error distribution of the vision system in a Monte Carlo simulation for circular and rectangular packages. 7000

where ¢ =z — Hyx, is the measurement residual. The
Mahalanobis distance is an adaptive factor to separate
multiple targets. When Z? is greater than a designated
threshold, the system recognizes the measurement as a
different target and initiates another EKF rather than using
the measurement to update the states. X is the estimated
covariance matrix of the residual

Y = Elee”] = HP  H{ +R. (19)

The more confident the estimator is, the more strict this
gating is. The error covariance matrix of the estimated state,
P, is also used to initiate a mission. Algorithm 4.2. shows the
overall procedure of the vision system. Note that each EKF
does a loop over all of the measurements in order to find
the available measurements.

The complexity of this algorithm in the worst case is
O(mnp) where m is the number of EKFs, n is the number of
colors and p is the number of measurements.

4.4. LIDAR system

The LIDAR system onboard the vehicle serves two main
purposes: providing AGL altitude estimates for the naviga-
tion filter and offering accurate low AGL object detection.
While laser rangefinders could be used for AGL estimates,
they may fail if directly over an object. A 2D LIDAR, on the
other hand, can potentially provide both AGL estimates
and the C.G. of objects in view. To estimate AGL and
object locations, Random Sample Consensus (RANSAC) is
employed. RANSAC is an iterative method used to fit a
model to data by repeatedly selecting random subsets
and estimating the model parameters, which helps in de-
termining AGL and object positions despite noise and
outliers.



Algorithm 4.2. The EKF-based algorithm to deter-
mine a navigation target.
1: for : = :NUMBER OF EKFS do

2: for j = :NUMBER OF COLORS do

3: for £ = 1:NUMBER OF MEASUREMENTS
do

4: Z} = e} (Hy P HI + R;) ‘e, > Compute

the Mahalanobis distance

5: if 7, is less than a threshold then

6: use Measurement (k) to update EKF(i)

7: else

8: A new EKF is started at measure-
ment(k) with a small random velocity

9: end if

10: end for

11: end for

12: if EKF is started then

13: Propagate EKF

14: for k= 1:NUMBER OF VALID MEASURE-
MENTS do

15: Update EKF with measurement (k)

16: end for

17: end if

18: |P|1 = det(P[z])
19: if |P|; is less than a threshold then

20: EKF(i) is a valid navigation target
21: end if
22: end for

It is reasonable to assume that the ground for package
pickup and delivery will be relatively flat, with packages el-
evated above it. Consequently, a 2D laser scanner at range
typically detects one or two lines: one from the ground and
one from the package. RANSAC is employed to estimate the
parameters of the model that best fit the data through mul-
tiple iterations. It identifies the points that best fit the model,
known as inliers, while other points are considered outliers.
This approach is used to determine the AGL and object lo-
cation, as detailed in Algorithm 4.3. The Point Cloud Library
(PCL) provides RANSAC algorithms for different models, in-
cluding lines, and is integrated into our simulation environ-
ment (described in Sec. 5). The line model is parameterized
with six coefficients: three for a point on the line and three for
the lines direction. When RANSAC is executed, the output
direction of the line is checked. If this direction is nearly
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Algorithm 4.3. RANSAC AGL and Object detection
estimation
1: Aga < Laser scan input (681 points) [-120° 120°]
2: Ay + Downsize laser scan to usable set [-85° 85°]
3: [ inliers, outliers, model | +~ RANSAC (A4 )
4: if number inliers > min inliers and model axis
threshold is met then
5: Arem < Remove all outlier points within thresh-
old
if Arem is not empty then
[inliers, outliers, model] - RANSAC (Ayem)
if number inliers > min inliers and model

axis threshold is met then

9: Zagl < Model with longer distance

10: if Model with shorter distance is close to
height of object (200mm) then

11: Object converged

12: Calculate centroid of object

13: else

14: Object nonconverged

15: end if

16: else

17: Zagl <+ Aq model is ground

18: end if

19: else

20: Zagl < Agq model is ground

21: end if

22: else

23: Zagl < out of range

24: end if

parallel to the ground, it indicates that the line could repre-
sent either the ground or an object resting on it.

Algorithm 4.3. outlines a method for estimating AGL and
object location. It is crucial to accurately identify which
RANSAC model corresponds to which feature. At higher
altitudes, most points will reflect off the ground, so the first
RANSAC function call typically models the ground. How-
ever, as the vehicle descends and the laser scans objects, the
initial RANSAC call might model the object instead of the
ground. Simulations and flight tests validate this approach,
as detailed in Sec. 5.

The time complexity of this algorithm depends on the
implementation of the RANSAC function. With a vanilla im-
plementation, the RANSAC time complexity is linear in the
product of the number of iterations by the number of data
points [45].
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5. Experiments Conducted

5.1. Simulations

We developed a simulation environment using the Penn
State—Georgia Tech UAV Software Tool (PSU-GUST) [46].
PSU-GUST supports software-in-the-loop (SITL), hardware-
in-the-loop (HITL), and ground station operations. It fea-
tures DFC vehicle dynamics, target dynamics, sensor models
and communication emulation. This allowed us to test
mission managers, guidance systems, DFC controllers,
LIDAR and vision-tracking algorithms without physical
vehicles.

Table 2 presents results from 10 20-min simulation
runs. Each run begins with 10 stationary disks, and yellow
moving targets are not detected. Waypoint reassignment is
not used, and each vehicle attempts a maximum of seven
grabs before resuming the search. The simulations dem-
onstrate effective searching, grabbing and delivery of disks.

Figure 12 shows a snapshot of one run, with three vehicles
“Vulture, Crow and Kite” searching for packages. Red areas
in the figure denote explored regions, while purple areas
indicate zones to ignore. From Table 2, it is evident that
most disks are located and delivered successfully in most
runs. On average, the map was reset four to five times.
However, without tracking the drop bin or using RTK GPS,
the navigation alone is insufficient for accurate disk delivery
into the drop bin.

5.2. Package detection and DFC validation

Flight tests were conducted to validate the package detec-
tion software. Two colored circular disks were constructed
to ensure the vision and laser algorithms function correctly.
Figure 13 displays detection results and EKF outputs
overlaid on the onboard images from the test. Diagonal

Table 2. Disk pickup results when running simulation 10 times.
Vulture Crow Kite Total drops
Run Pick/attempt Pick/attempt Pick/attempt In bin/in zone Map reset
1 4/38 2/7 3/26 1/9 5
2 1/35 3/45 2/40 0/6 4
3 2/23 5/31 3/22 1/10 5
4 3/23 4/24 2/43 1/9 5
5 2/30 2/34 2/41 1/6 4
6 2/15 5/47 3/37 1/10 5
7 4/28 3/29 3/35 2/8 4
8 2/46 2/22 1/51 0/5 4
9 3/23 5/52 1/37 1/9 4
10 4/31 2/30 1/45 0/7 4

Vulture V1 || Crow V2 | Kite V4

show... | planA... | chase

Fig. 12. Screenshot of full scenario simulated in PSU-GUST, enabling the detailed development of the entire mission.
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(a) Initialization of green disk EKF

(b) Tracking of green disk

(c) Initialization of blue disk EKF

Fig. 13.

crossings indicate detection locations, with colors repre-
senting the detected disk colors. The boxes represent EKF
positions, with red and green indicating the first and second
EKFs, respectively. The HSV bound values are as follows:

o Blue: Hue 105-115, Saturation 220-240, Value 245-255

o Green: Hue 80-92, Saturation 155-175, Value 235-255

To validate the RANSAC method for AGL sensing, the
Hokuyo sensor was moved along a ladder at known dis-
tances. The method consistently provides accurate AGL
measurements within its practical maximum range of 4 m.
Once accuracy was confirmed, the vehicle was flown over

(@

(a) Captured still from PSU-GUST ground station during hover over target. (b) Normalized hover error over target.

Fig. 14.

(d) Tracking both green and blue disks

Detection and EKF results overlaid on the images obtained in the flight test.

targets. Figure 14(a) shows the ground station view of the
vehicle hovering over a package. LIDAR colors indicate AGL-
RANSAC method usage: blue for ground points, green for
points in range but not considered ground, and red for out-
of-range points. A blue circle on the ground indicates
package identification. Preliminary flight tests revealed
difficulties in obtaining consistent LIDAR hits on the pack-
age. Figure 14(b) shows the normalized position error, with
a mean error of 0.17 m compared to the package diameter
of 0.02m. Scaled DFC commands and raw IMU data are
shown in Fig. 15(a), with commands scaled by the esti-
mated maximum DFC capability (7m/s®). Roll and pitch
during hover were near zero, as seen in Fig. 15(b),

[lef| (m)

0 5 10 15 20 25 30 35 40 45

Time(s)
(b)
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Fig. 15. (a) Scaled DFC commands with raw IMU comparison. (b) Estimates of roll and pitch over target.

Fig. 16. Ground station stills from the practice attempt. Note the even map coverage by the aircraft based on their traced paths.

indicating that the daisy-chain limit was not reached during
this flight segment.

6. Flight Demonstration

We performed flight demonstrations of our presented work
at the Mohamed Bin Zayed International Robotics Challenge
(MBZIRC) competition [5-8]. Four identical vehicles were
built—Buzzard, Crow, Kite and Vulture.

We completed a practice run on the competition arena
with two aircraft: Vulture and Kite. The collaborative flight
lasted 23 min, during which Vulture successfully dropped
one package in the bin and another inside the drop zone.
Figure 16 shows the ground station view of the practice.
The RANSAC algorithm was effective for 98.75% of the
flight. Vulture made five attempts to grab packages, with

70

Distance between aircraft (m)

0 100 200 300 400 500 600 700 800 900 1000
Time(s)

Fig. 17. Distance between aircraft (two in air) during the com-
petition. The minimum specified distance of 4 m was met.
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Fig. 18. Autonomous package searching, picking and delivering.

two successes. Kite detected and attempted to pick up one
of two targets it flew over. The mission manager limited the
aircraft to three descent attempts per package. This was our
teams first test at the competition field. Figure 17 shows the
distance between the two aircraft for that attempt. The set
avoidance distance was set to 4 m.

On the last grand challenge attempt, Vulture and Crow
each grabbed the first package they saw (first 2 min of
flight). Video of the aircraft performing the competition
tasks has been uploaded online® and the snapshots are
shown in Fig. 18.

2https://youtu.be/04Rg55rRVIs

7. Conclusion

The system described in this paper was fully capable of
completing autonomous package pickup and delivery using a
group of aerial vehicles. The combined laser and vision sys-
tem provided a method to locate and grab packages. The DFC
vehicle allowed the vehicle to stay level during wind and
position changes. A map-sharing method was developed to
allow multiple vehicles to search an area for packages while
avoiding each other. The EPM enabled packages to be me-
chanically picked up and released. The team was able to
successfully deliver five packages into the drop zone au-
tonomously during missions flown in a competition setting.
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