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Probabilistic Modeling and Control for Multi-UAV
Search Over Uneven Terrain

Luka Lanca

Abstract—This article addresses survey missions involving mul-
tiple uncrewed aerial vehicles (UAVs) over complex, varying ter-
rain. The methodology integrates a probabilistic model of target’s
position uncertainty with UAV flight dynamics, camera properties,
and a machine learning-based detection system. It estimates un-
detected target probability and overall search performance, feed-
ing into a feedback loop that combines 2-D ergodic search with
model predictive control (MPC) of UAV altitude and velocity. Trial
trajectory optimization accounts for sensing characteristics and
operational constraints, producing terrain-aware, collision-free
trajectories that balance area coverage with target detection. Sim-
ulations demonstrate the integration of MPC and ergodic search,
enabling dynamic altitude adjustments to enhance the search per-
formance. The control algorithm operates in real time and performs
reliably under uncertainty. Field experiments provided training
data, validated the method, and confirmed compliance with mo-
tion constraints. Detection rates closely match model predictions,
demonstrating stable performance even under significant devia-
tions from ideal conditions. The framework, thus, offers a reliable
solution for autonomous multi-UAV search operations in real-world
environments.

Index Terms—Ergodic search, motion control, multirobot
systems, search and rescue robots.

I. INTRODUCTION

HE main objective of search and rescue (SAR) operations
T is to locate lost, missing, or injured individuals as quickly
as possible, to minimize their suffering and reduce the risk
of environmental effects, injuries, and other hazards. These
operations often occur in remote or inaccessible areas, such
as wilderness, urban ruins, and the ocean, which makes them
particularly challenging. Autonomous UAVs can offer numerous
benefits in SAR operations, as they can efficiently and quickly
survey a large area at a relatively low cost, which is particularly
important when time is of the essence.

While conducting area surveys, keeping the UAV within a
designated altitude range is crucial to achieve good ratio between
area coverage and image details. The primary objective of the
search is speed, prioritizing maximum velocity to cover as much
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Fig. 1.  Streamlined visual representation of the proposed UAV search frame-
work, highlighting its key components and functionality.

area as possible, which is crucial for SAR operations over
endurance. Maximizing velocity while ensuring a collision free
path, adhering to desired altitude goals and constraints over un-
even terrain while respecting the UAV’s technical constraints and
capabilities poses a significant challenge. Employing multiple
UAVs can further expedite the search process, but it requires high
computational efficiency to coordinate the search and ensure safe
operation.

The location of the (undetected) target is uncertain, and rep-
resented by a probability distribution over the search domain,
which evolves dynamically based on the UAVs’ sensing effects.
These effects involve properties of the sensor and probabilistic
performance of the target detection model. The distance between
the sensor and the targets effects the detection performance. This
poses a challenge when searching over uneven terrain, since
the topography needs to be reflected in the UAV flight altitude
control, motion constraints, as well as in the probabilistic model
of the search.

To address the challenges mentioned, a multiagent er-
godic control approach, enabling efficient two-dimensional area
search, was paired with model predictive control (MPC) for
managing velocity and altitude, allowing for three-dimensional
motion control (see Fig. 1). Ergodic control was implemented
using the heat equation driven area coverage (HEDAC) method.
The sensing and detection model utilize a sensor with a pyra-
midal field of view (FOV) that simulates an orthophoto camera.
The camera and computer vision (CV) detection system are in-
tegrated to provide a broad definition of the detection rate, which
depends on the distance to the target. Terrain is represented using
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TABLE I
FEATURE COMPARISON FOR REVIEWED SEARCH METHODS

Ergodic Real-time . Velocit Probabilistic Terrain Collision
Study Method cogmrol control Multi-UAV conLroly detection following avoidance
Mavrommati et al., 2017. [37] MPC v v v - v -
Abraham and Murphey, 2018. [1] MPC v v v - - '
Silvagni et al., 2017. [50] Pattern search v - - - v -
Tordesillas and How, 2021. [55] MADER v v - v
Phung et al., 2021. [41] PSO - - - v v
Hubenko et al., 2011. [18] SMC v v v - -
Ivi¢ et al., 2022. [24] HEDAC v v v v '
Ivi¢ et al., 2023.[22] HEDAC v - v - v v v
Proposed HEDAC + MPC v v v v v v v

open-access digital elevation model while accounting for terrain
inaccuracies, vegetation height, and human-made structures,
ensuring safety. The UAV performance and search success of
the proposed method is evaluated through three test cases with
varying terrain complexities.

One of the main contributions of this article is the development
of an accurate probabilistic model managing the target proba-
bility distribution over uneven terrain using arbitrary sensing
functions that can be derived from the performance of realistic
sensors. Ergodic control employs a convolution of varying base
functions reflecting changes in altitude and terrain influencing
the sensing. The MPC for altitude and velocity considers UAV
properties and motion constraints for efficient and feasible flight.
The proposed control framework was tested in realistic search
scenarios, demonstrating advantages over baseline methods and
robustness to control and localization uncertainties. Finally, the
probabilistic model and control framework is validated in field
experiments confirming assessed metric for overall detection
probability. All simulations inputs and results, terrain and mesh
data, collected telemetry and images, trained YOLO detection
model, as well as animations of simulations and experiments are
available on public OSF repository.

II. LITERATURE OVERVIEW

The following review covers current state of research re-
garding UAV operations, focusing on search mission strategies
and their implementations, including considerations, such as
altitude control, sensing, and target detection. Conveniently, in
Table I, we provide an overview of the most important features
of relevant methods for search control.

A. UAV Search

To execute a search with a UAYV, it is essential to navigate
it effectively through the environment, which involves comput-
ing flight trajectories. Depending on the required computation
time and mission demands, they can either be computed in
advance [2] or calculated in real time [11]. Executing missions
with planned trajectories is well-suited for known, static environ-
ments [13], [52]. While real-time computation presents signifi-
cant challenges due to its complexity, it facilitates autonomous
decision-making during flight [59].

Several methods for 2-D path planning are outlined in [31].
Optimization techniques, such as particle swarm optimization
(PSO), are often used for trajectory generation as presented

in [41] where authors compare different variations of PSO
for computing three-dimensional trajectories that avoid obsta-
cles and satisfy altitude constraints. Generated trajectories are
validated in field test experiments, demonstrating their valid-
ity for real-world applications. In addition, the study in [54]
presents an intelligent flight task algorithm that employs PSO,
skeletonization, and B-spline curves to determine optimal UAV
flight routes in complex topographies. MPC, also known as
receding horizon control (RHC) can be used for trajectory
planning as demonstrated by [8], [29]. It is also a commonly
used technique for controlling UAVs in real time. In [45], model
predictive contouring control method was utilized to perform
time-optimal quadrotor flight through multiple waypoints in
a closed loop. It was compared to standard MPC and expert
human pilots in a real-world experiment. Real-time trajectory
generation system for flight in complex environments is pre-
sented in [11] where a quadrotor equipped with onboard sensors
collects environmental data and utilizes gradient information to
produce smooth, collision-free trajectory through optimization.
Further improvements in efficiency and convergence rate are
demonstrated in [59] where the proposed method is validated
through real-world experiments.

Swarm-based or multiagent approaches are frequently em-
ployed to address coverage problems, since they provide more
efficient exploration compared to single agent approaches [15].
In a multiagent system, agents can operate autonomously as
independent units [4], [20] or in coordinated groups with des-
ignated leaders and followers [5], [13]. Multiple agents can
either share the entire search domain [19], [37] or it can be
divided into distinct subdomains [3], [58]. The system can be
centralized [10] or decentralized [1], each with its own benefits
and drawbacks. In a decentralized system, the computational
load can be distributed among agents, enhancing efficiency and
scalability. However, this approach presents greater challenges
in terms of information sharing, interagent communication [33],
and collision avoidance. A hybrid approach is proposed in [37],
where information is shared globally while each agent locally
computes its own control actions.

To guarantee safety and successful execution of tasks it is
important to consider the surrounding environment and avoid
possible collisions. Collision avoidance can be implemented in
various ways. The generation of local guidance vector fields for
collision avoidance, enabling UAVs traveling at constant veloc-
ity to evade both static and moving obstacles, is presented in [35].
In [53], MPC and an artificial potential field are used to navigate
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fixed-wing UAVs while avoiding collisions by utilizing points of
repulsive potential. In multiagent systems, avoiding collisions
between agents is essential. Decentralized, asynchronous 3-D
trajectory planner for multiagent systems, generating collision
free routes in an environment with static and moving obstacles
was presented in [55]. Collision avoidance can be implemented
in practice by gathering environment information using light
detection and ranging and/or sonar sensors [4], [59].

In the context of SAR, UAVs can work independently or
conjunction with a team of ground searches as described in [16].
Simulations of UAV swarms aiding SAR missions during natural
disasters, such as earthquakes and tsunamis, are presented in [4].
A real-world application of a UAV system for a mountain
avalanche SAR scenario is showcased in [50]. Implementation
and experimental comparison of different motion planners for
the area coverage problem using real fixed-wing UAV is pre-
sented in [57]. It uses robot-specific controller, which takes
the optimal coverage path and makes the motion plan that
satisfies the dynamic constraints of the aircraft. It also compares
simulation results and real-world experiments. Another practical
implementation is presented in [30] where a multirotor UAV
equipped with appropriate sensors is used on a field test for
radioactive source search.

B. Velocity and Altitude Control

When performing search missions over relatively large ar-
eas, its important to consider the energy limitations and flight
range of UAVs, especially when using multirotor UAVs. Each
UAV has an optimal velocity for achieving maximum range or
endurance [7]. As UAV velocity increases, it becomes more
difficult to adhere to constraints like collision avoidance [26].
This underscores the importance of velocity control, especially
when the UAV is unable to execute certain maneuvers at its
optimal (endurance or range) velocity, allowing it to reduce
flight speed during critical maneuvers. Velocity control of a
large number of UAVs was implemented in [12] using mid-field
game approach in order to bring the energy consumption to
a minimum. An example of endurance-constrained multi-UAV
planning for disaster area coverage is shown in [52].

The primary objective of UAV search missions is to locate
targets by flying over them and detecting them with a sensor.
The altitude of the UAV, or the distance between the sensor
and the target, greatly influences detection success [16]. When
using a camera sensor and a CV model, target detection is
particularly affected by altitude [40]. When surveying a flat
area, the UAV can fly at a fixed height, maintaining a constant
distance from the ground, which can be adjusted for optimal
target detection. Solving the coverage problem at fixed flight
height was presented in [57], utilizing a single fixed-wing UAV.
In a study carried out in [2], RHC was employed to address the
cooperative coverage path planning problem while considering
collision avoidance constraints for heterogeneous autonomous
vehicles operating at fixed flight height.

Altitude control becomes crucial when inspecting uneven,
hilly, or sloped terrain, as flying at a fixed height results in
altitude changes due to variations in the terrain below. In this
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context, the UAV’s height is relative to sea level, while altitude
is relative to the terrain below the UAV. Altitude control serves
two main purposes: avoiding collisions by maintaining a safe
minimum distance form the terrain and ensuring the optimal
altitude for target detection. Coverage task with imposed altitude
goals is presented in [13], which focuses on predefined agent
trajectories computed using the fast marching method with
additional terrain-following functionality. Another approach for
generating terrain-following trajectories is presented in [28],
which employs neural networks to generate two-dimensional
trajectories that meet constraints, such as drone dynamics, min-
imum, and maximum flight height. Strong focus on terrain
following is presented in [26], where an autonomous UAV low
altitude flight was executed by utilizing an onboard laser sensor
for detecting the environment.

C. Ergodic Search

In search tasks, the target’s location is uncertain and rep-
resented as a probability distribution over the search domain.
Traditional greedy methods focus on high-probability regions,
which works well if the belief is accurate but fails when the
target lies in low-probability areas. When uncertainty is high,
it becomes important to explore the whole distribution, since
the target may be anywhere. Searching uniformly is inefficient,
so ergodic methods are used instead. These methods guide the
search so that, over time, the search effort matches the probabil-
ity distribution: regions with higher probability are visited more
often, while lower probability regions are still explored but less
frequently. Formally, a trajectory y (7) is ergodic with respect to
a spatial distribution v(f) over domain €2 if the time spent along
the trajectory matches the spatial probability distribution [47]

1
lim —
t—oo t

/ fly(r) dr = [sow@a

for all integrable test functions f € L}(Q), p € € R™. Alter-
natively, it can be interpreted as driving the difference between
the trajectory coverage and the goal distribution to zero in the
infinite-time limit [25], [36].

Several benefits of ergodic search are highlighted in [39],
which shows its robustness to initial condition configurations
and demonstrates that it outperforms alternative approaches in
the presence of distractions. For controlling multiagent systems
in ergodic exploration, several key approaches stand out: MPC,
spectral multiscale coverage (SMC), and HEDAC. Many appli-
cations of ergodic control require modifications to the Sobolev-
norm-based formulation presented in [36]. However, many of
these algorithms, including this one, still indirectly minimize
the Sobolev norm, and the resulting motion can be considered
ergodic.

Research related to MPC is reviewed in [38]. It can be used
to generate ergodic trajectories by incorporating an ergodicity
metric into the trajectory generation process. MPC was utilized
in [37] to achieve ergodic coverage alongside target localization.
Although the computation is distributed among multiple agents,
the method is not fully decentralized since every agent needs to
communicate with the central transceiver. A similar approach is
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used in [1], with a modification to the control policy that allows
the system to be fully decentralized.

The SMC method, introduced in [36], utilizes Sobolev-norm-
based smoothing of the difference between achieved and goal
coverage in order to provide directions for search agents. In mul-
tiscale adaptive search, presented in [18], SMC was combined
with decision-making based on Neyman—Pearson lemma and
utilized for solving a 2-D search problem. A modified SMC
method (mSMC) was introduced in [21] and applied to the
MH370 search simulation.

It can also be beneficial to include objectives beyond ergodic-
ity in the path planning process, as demonstrated in [15], where
a multiagent ergodic search trajectory planner is proposed that
accounts for multiple objectives, including ergodicity, control
energy, and interagent distance (collision avoidance). Multiple
objectives in ergodic search were also considered in [44] by
introducing multiple information maps. In addition, Prabhakar
et al. [42] demonstrated a decentralized system for ergodic
control of a swarm that can dynamically adapt to user input
and environmental changes

The foundation of this article is the HEDAC algorithm, which
was initially introduced in [25] and has since been further
improved for search applications incorporating agent sensing
and detection [19]. To enhance its capabilities, the finite element
method was utilized for solving underlying heat equation in [24].
This integration enabled greater control over the agents’ motion,
facilitating the handling of irregularly shaped domains and in-
terdomain obstacles without incurring additional computational
costs. The versatility of the algorithm has led to its application
in various contexts. For instance, it was adopted for multiagent
maze exploration [10] and it can be utilized for controlling
multiple UAVs performing nonuniform crop spraying [20]. The
method was also applied to three-dimensional multi-UAV path
planning for the vision inspection of complex structures [22].
In [9], HEDAC was employed in a whole-body ergodic explo-
ration method for robotic manipulators. In [58], it was used to
solve a coverage problem by dividing the search region into
multiple subregions. In addition, in [34], the algorithm was em-
ployed to create artistic portraits by reformulating the coverage
problem. In many of the mentioned papers, the superiority of
HEDAC variants is demonstrated in comparisons with other
ergodic control methods.

D. CV and Sensing

Modern UAVs are typically equipped with RGB cameras
for target detection. Rather than manually identifying targets
by reviewing images, the process can be automated using CV
detection models. In recent years, the field of object detection in
CV has gained significant attention, as evidenced by the growing
number of publications, available training datasets, and various
detection models [60].

In our research, we assume the use of a known detection
model with available performance metrics and focus on how
to integrate it into the search process. With this approach, the
UAVs are essentially guided according to the effectiveness of

the detection model, which is reflected in the accurate amount
of sensing applied to the target probability distribution.

Since the performance of the detection model correlates with
altitude [40], [43], [51], it is important to account for this effect
within the sensing system, given the variations in altitude during
flight. One possible reason the detection system performs better
at certain altitude ranges is the influence of the training data [46],
particularly the altitude at which the images were captured.
Another factor contributing to detection model inefficiencies
may be inaccurate labeling of the training data [17]. As altitude
increases, the objects to be detected appear smaller, making it
more difficult for humans to recognize them when labeling the
training data [56].

The model we used as a reference for the detection perfor-
mance is described in [40]. Although it is focused on detect-
ing animals, this model provides detailed performance metrics
across a wide altitude range, allowing us to associate detection
accuracy with altitude. In addition, to target size, potential image
degradation, such as blur caused by camera motion, will be
considered within the scaling factor to account for its impact
on detection performance [32].

III. UAV MOTION MODEL

In order to model the motion of multiple UAV's within a three-
dimensional region Q3p € R3, where each of the total n UAVs
is identified by the index i, we consider the following control
variables regulated in time ¢:

1) velocity intensity p;(t) € [0, 1];

2) incline angle ¢;(t) € [Pmin,i, Pmax,i;

3) yaw angular velocity w;(t) € [—Wmax,is Wmax,i]-

The incline parameter (o denotes the angle between the ve-
locity vector, which is tangential to the UAV trajectory, and the
horizontal plane. It is important to highlight, especially in the
context of multirotor UAV's that the incline angle ¢, representing
the slope of the resulting trajectory, is distinct from the aircraft
pitch. Aircraft pitch refers to the angle between the longitudinal
axis of the aircraft and the horizontal plane. Furthermore, we
do not take into account possible lateral motion resulting from
adjustments in multirotor roll.

To authentically incorporate the distinct difference in velocity
characteristics UAVs exhibit when flying horizontally, ascend-
ing, or descending, we utilize the limit velocity function v(¢p). It
represents the maximal absolute velocity the UAV can achieve
for a given incline. The function provides a concise description
of the velocity characteristics of the UAV and can be determined
experimentally for a specific aircraft.

For simplicity, we approximate the limit velocity function
with an (asymmetric) ellipse constructed using three distinc-
tive velocities: maximal horizontal velocity v, max = v(p = 0),
maximal ascending velocity v, max = v(@max ), and maximal de-
scending velocity v min = v(¢min), as shown in Fig. 2. Depend-
ing on the conditions and mission strategy, it may be beneficial to
use the optimal range or endurance velocity, considering energy
constraints of the UAVs, rather than the actual maximal velocity,
which is not energy efficient [7]. If that is the case, Vs max, Vz,max>
and v, min can be set up for maximal range or endurance, as
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(b)

Definition of velocity components and constraints for (a) multirotor and (b) fixed-wing UAVs. Vertical and horizontal velocity components are depicted

by the red and green vectors, respectively, while the orange vector represents the total velocity. The red line illustrates the velocity limits corresponding to various
inclines and shaded yellow area represents the feasible region for the tip of the total velocity vector, originating from the center of aircraft’s mass. The feasible
region for multirotor UAV allowing different dynamics of ascending and descending motions, hence, it is limited with two elliptical arcs defined with v max,
Uz, min, aNd V> max, characteristics of the aircraft. The motion of fixed-wing UAV is limited with a circular and an elliptical arc constructed using measurable UAV
parameters vs min (providing ppin limit), and vs max, Vz.min = —Vz max, and min = —Pmax, respectively. From the depicted image, it is evident that the fixed-wing
UAV’s minimum horizontal velocity can fall below the prescribed value of v min. However, this discrepancy is disregarded due to the defined limits of ¢, which
ensure that the aircraft cannot deviate more than 4% below its minimum horizontal velocity.

opposed to setting them equal to the maximal values attainable
by the UAVs.

To accurately simulate the movement of various types of
UAVs, we introduce additional constraints. When modeling
fixed wing UAVs we need to limit the range of ¢ values to avoid
phenomena, such as aircraft stall. This effect usually happens
when wings reach an angle of attack around 15° ~ 0.26 radians,
therefore we impose  limits in [—0.25,0.25]. For multirotor
UAVs, we limit the ¢ parameter from ¢y, = —m/2, which
represents vertical descent and p,,x = /2 that corresponds to
vertical ascent. By defining ¢ in this manner, multirotor UAVs
gain the capability to execute purely vertical motion, without
any horizontal movement.

The velocity intensity p indicates the percentage of the limit
velocity that is actually utilized. In contrast to multirotor UAVs,
fixed-wing UAVs inherently require a certain amount move-
ment to generate lift. Consequently, we introduce a minimum
horizontal velocity, denoted as v min, to effectively restrict p
within the range [pmin, Pmax] = [Vs,min/Vs,max, 1]. Horizontal and
vertical velocities can now be defined as

Vs,i(pis i) = pi - vi(ps) - cos(;) (2)
02.5(pis i) = pi - vi(ps) - sin(g;). 3)

Now, the UAV motion can be defined, i.e., the trajectory
X (t) = [xi(t),yi(t), z:(t)] € Q3p that is governed by flight
control parameters w;(t), p;(t), p;(t) can be represented with

dw;
da; = Us,i(pi, pi) - cos b;
dy; .
di = vsi(pi, pi) - sinb;
dZZ‘
E - Uz,z(pu 901)
where 6 is the heading angle regulated by the yaw velocity
do;

The constraints for the yaw angular velocity are defined later
in Section V.

IV. SENSING MODEL AND SEARCH EVALUATION

Though UAVs operate in three-dimensional space, their pri-
mary task is to explore and observe the terrain surface, which can
be considered as a problem of two-dimensional ergodic search
in the horizontal domain op. The terrain is defined using a
terrain height function zp : Qsp — R. In order to define the
sensing model, we assume that the UAV trajectory and initial
probability distribution mg : {2op — R is known. The initial
probability distribution is an assessment of spatial probability
of targets (or missing persons) on a terrain surface projected to
the horizontal plane (2op at time ¢t = 0.

A. Detection Model for Search Control

In order to simulate the surveillance performance of the UAV,
the geometric (FOV) and sensing (detection probability) prop-
erties of the sensor need to be considered. Both of this aspects
are incorporated in the detection probability density function
defined in UAVs local coordinates € R? as

].—‘Z(H:R,”)7 ifR € QFOV,i
0, otherwise

Gi(R) =

where I is the sensing function, which encodes the instantaneous
detection probability.

Surveillance is performed by a camera sensor that produces a
rectangular image that envelops terrain within pyramidal FOV
Qrov € R. Dependent on the UAV heading direction, FOV is
defined with angles +; and v, between two lateral and two
longitudinal sides of the pyramid, respectively. Since we are
considering uneven terrain and different flight altitudes, the
recorded image contains the terrain surface encapsulated by a
rectangular pyramid, as shown in Fig. 3. The apex of the pyramid
coincides with the camera’s position that is located at X; and it
is the origin for local coordinates R. The detection probability
is set to O for any point outside the sensor’s FOV, but also for
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Instantaneous
detection probability

1.00
750
.500
250

'1.00e-06

Uncovered

A FOV

Fig.3. Single UAV utilizes the detection probability rate function on the terrain
surface within its FOV. The detection probability is determined by the distance
from the camera sensor and is visually depicted as a gradient spanning from
purple to yellow. The unobserved area is depicted in green, while the sensor’s
FOV is illustrated using a semitransparent gray pyramid. It is important to note
that only the areas within the FOV pyramid that have successfully passed the
ray trace check are affected by the sensor, not the entire enclosed space.

points outside the line of sight, which is determined with a ray
trace check. For the area within the sensor’s scope, detection
probability rate is calculated based on the sensing function I
and ||R||, which equals the distance between the sensor and the
observed point.

To determine whether an arbitrary point p € {2op is sensed
by the sensor at X we need to perform a transformation to local
coordinates

cosf); —sin#; O
R = |sinf; cosf; 0 (Xi — [Pz, Py, ZT(P)]T)
0 0 1

which includes three-dimensional translation and a rotation in
horizontal plane depending on the UAV heading direction 6.
Note that p is projected on the terrain surface using height
coordinate zp(p).

B. CV Perspective on Human Detection

To establish a clear connection with image detection models,
we developed a framework that incorporates a relevant perfor-
mance metric of a chosen machine learning detection model
into our sensing function, which in turn governs the behavior
of the search process. In this case, the relevant metric is recall
u, which is the ratio between the number of object instances
correctly identified by the detection model and the total number
of object instances in the image. Recall can be interpreted as the
probability of detecting an object (e.g., a missing person) since it
measures the model’s ability to find all positive instances when
they are present in the image.

Given that we are working with a moving camera, R varies in
time. According to the work in [19] and [27], when considering
a time-varying detection rate, the probability of detection can be
expressed as

pR) =1 — e Jovi(R)dt, o

The detection rate function v, represents the sensing effect per
unit of time, while CV model recall 1 is typically calculated for

a set of still images. To relate these values, we introduce tscepe,
which represents the duration of the current scene, essentially,
the time it takes for the scene to change significantly. The
detection rate function, when applied to one domain point for the
duration of tcene, needs to apply the correct amount of detection
probability that corresponds to the recall value. We assume the
primary factor causing the scene change is camera movement,
rather than object movement within the frame. Therefore, we
approximate tsene as the average time it takes for an arbitrary
point in the domain to enter and exit the camera’s FOV during
the search. To calculate ty.ene, Wwe assume that the UAV is flying
with over a flat surface at a constant altitude equal to the target
search altitude hgoq1, and we estimate the UAV’s average hori-
zontal velocity v 4y during the search as 70% of its maximum
horizontal velocity, vg max. It can be formulated as

Y2,i

2 5)

2 - hgoal,i - tan

scene,i —
Us,avg,i
Assuming the detection rate remains constant over small time
intervals (on the scale of sene) and considering that recall values
vary with altitude [40], we can define recall i from (4) as

p(IR]) = 1 — e TURID L, ©

With know recall values, the sensing function can be obtained
from (6) using

r(ry) = - 20— #(RID) @

tscene

This model can be also applied for discrete sensing, when
recording image snapshots at some given interval. If n; images
are recorded during a single scene, the detection rate (sensing)
function must be applied for tyene/n; time to the area of the
search domain covered by the images in order to achieve the
same result as continuous sensing.

In addition, if objects within the camera frame are moving
and the camera movement is not the only factor causing scene
change, tscene could be adjusted to account for that.

C. Search Effectiveness

The overall detection effect of all n UAVs involved in the
search is expressed with coverage density

c(p,t) = Z/o Vi (R(X(t), p))dt

which evaluates detection probability along their paths.
The probability of undetected target presence at any point p
and time ¢ is determined with

m(p,t) = mo(p) - e~ P!

by combining initial target presence probability and conducted
sensing after time ¢ at the same location. To evaluate the overall
search success we integrate m over the entire domain to obtain
the survey accomplishment

n(t) =1—/Q m (p,t) dp.
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Since the search time window is undefined, the minimization
of m to zero is considered in infinity limit

lim
t—00 Qap

m(p,t)dp = 0. (®)

This exponential formulation of the minimizing field m =
mo exp(—c) is alternative to original formulation m = mg — ¢
but still aligns with asymptotic definition of ergodicity (1). This
allows for use of ergodic control methods to solve the search
problem [19].

The local minimization of m is achieved by a moving sen-
sor that lowers the probability of an undetected target in the
inspected region in proportion to the sensor’s detection rate.
Consequently, the flight control system needs to be designed
to dynamically adjust parameters w(t), p(t), and () with the
objective in (8).

We should note that the search is obviously not infinite in
provided simulation and experimental scenarios, but the total
time of the search is unknown to the control algorithm.

V. HORIZONTAL SEARCH CONTROL

The three-dimensional trajectory of the UAV is governed by
the combined influence of horizontal and vertical movements,
allowing us to calculate them separately. We begin by comput-
ing the UAV’s horizontal path, which represents its movement
within the search domain (5. Following that, we perform alti-
tude and velocity optimization to determine the final trajectory
and complete control of UAVs as presented in the next section.

A. Ergodic Control

Effective horizontal movement is crucial for a successful
search, as it maximizes the UAVs’ search performance according
to the target probability distribution. We rely on ergodic control
designed to satisfy the objective given by (8) and implemented
using the HEDAC method [19]. The method treats the proba-
bility of undetected targets as a heat source and uses the heat
equation to generate a temperature field whose gradient directs
exploration agents. The method essentially minimizes the source
term of the stationary heat equation by cooling the heat source
in the areas the agents explore. To provide a more general
perspective, the temperature is interpreted as a potential field
u(p, t) that attracts search agents. It is computed by solving the
partial differential equation

- Au(p7 t) = ﬁ ) u(p7 t) - m(pa t)
using the boundary condition

ou

On
where n denotes the outward normal to the domain boundary
0Qsp. HEDAC parameters o > 0 and $ > 0 can be adjusted to
achieve different search behavior. o governs the smoothness of
the probability field and, therefore, dictates whether the search
focus is local or global, while 3 serves as a numerical stability
factor and has a weaker effect on the search performance.
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To ascertain the travel direction, we introduce the vector field

Vu(p,t)

o) = e, 0]

which equals the normalized gradient of the potential field .
The angle between the current direction vector v;(t) and
vector u(x;, y;, t) provides a change of heading that should be
realized in the control step At. To alter the heading, the UAV
pivots around its yaw axis, utilizing yaw angular velocity

(MOmt)

Each UAV is characterized by maximal achievable angular
velocity denoted as wiip,, representing its technical limitation.
Therefore, we require that |w| < Wyip,.

Horizontal velocity is determined by testing various velocity
values along a specific path segment (described later in Section
VI-A). To guarantee the feasibility of movement along the path
regardless of the velocity used, we enforce a path curvature
constraint defined by the minimal turning radius R,. The
highest w value is attained when moving at maximum horizontal
velocity along a path characterized by a curvature of Rpy;,.

Considering the requirements for w, we define the maximal
yaw angular velocity value wy,x and impose a constraint

1
w; = ——arccos

At

. v
|w| < Wmax = min (Wlim7 gm'ax) . ©))
min

B. Collision Avoidance

The final step is to check and adapt w values to ensure
a collision free path. The procedure is analogue to previous
work [24] with the only difference being that the collision is
checked with bounding circles B* and B~ instead of clearing
circles Ct and C~, which were previously used. Since UAV
velocities are variable and unknown at this stage, the positions
of the clearing circles can differ based on different horizontal
velocities. Consequently, it is necessary to examine collisions
for all potential locations of the clearing circles, therefore, we
use the bounding circle which contains all possible clearing
circles, as shown in Fig. 4. In summary, we first check all UAVs
for collision using their initial w;. Only if there is a collision,
w; values are optimized in range [—wmax,i, Wmax,i]. Bounds of
the optimization range represent possible escape yaw angular
velocity weg,; values, which are utilized during the collision
avoidance (or escape) maneuver while the path executed using
one of the bounds has to be collision free at any given moment.
The optimization goal is to acquire w; values that are closest to
the initial w; values (computed from v;(¢) and u(z;,y;,t)) but
do not produce collision.

After the final w; values are attained, we analyze whether the
right or left side of the UAV is available for the escape maneuver
(whether BT or B~ is collision free) and determine Wesc,; values.
Escape yaw angular velocity can be either —wpax,; OF Wmax,i, SO
we choose the value closer to final w; that yields a collision free
route.



LANCA et al.: PROBABILISTIC MODELING AND CONTROL FOR MULTI-UAV SEARCH OVER UNEVEN TERRAIN 425

Fig. 4.

Two UAVs performing a collision check using bounding circles B+ and B~ shown in purple. The current aircraft position is indicated by the green

arrow, while the yellow arrow represents the next position for vs = vs max and w that is currently being tested for collision. The blue circles depict radical “escape
routes” that are executed using +wpax, while the yellow shaded circles represent previously used clearing circles CT and C~. The gray circles illustrate a subset of
potential clearing circle positions corresponding to various horizontal velocities. The clearing circles for vs = 0 (current position) and vs = v max are internally
tangent to the bounding circle which shares its center (shown as purple “+”) with the clearing circle for vs = vs max/2. The area shaded in green should always

be collision free to satisfy minimum clearance ¢ constraint.

VI. VELOCITY AND ALTITUDE CONTROL

UAV altitude control aims to maintain a prescribed goal
distance above uneven terrain to ensure adequate area coverage
and detection rates, while complying with a minimum-altitude
constraint. The feasibility of the 3-D trajectory requires com-
pliance with UAV motion constraints. Complementing altitude
adjustments, velocity control ensures feasible UAV flight.

Velocity and altitude control are achieved using MPC tech-
nique, which determines p and ¢ regimes that produce an optimal
predicted flight for time window [t, t + Tmax]. By employing the
horizontal control method discussed in the preceding section,
we generate a two-dimensional predicted path (projected to
the horizontal plane) and acquire the terrain’s elevation profile
along this trajectory. To achieve predefined goals and adhere to
constraints, an optimal flight path is established by adjusting the
p and ¢ regimes within the time window of [¢, ¢ + Tyax]-

A. Trial Trajectories and Trial Control Functions

First, we introduce a predicted path in the horizontal plane,
achievable using maximum velocity (p = 1) and without vertical
movement (¢ = 0), which is defined with

dz; -
= Us,max,i * COS 07,
dr
dgi _ L sind
i Vs max,i - SU1U;
do;
= Wj.
dr

The UAV trial yaw angular velocity is calculated from unchang-
ing (in time window [0, Ti.x]) potential field u, obtained at time
t, using

1
w; (1) = — arccos

.~ (Vi(T) : U(fi(T),ﬂi(T),t)> .

[vi(7)]
The calculated w;(7) is verified to ensure constraint (9) and
collision avoidance for [0, At].

For convenience, a path length function 5(7) can be easily
obtained from
ds

=y .
dr S,max,
as § = Vs max - 7 that allows the trajectory parametrization Z;(s)
and g (s).
Accordingto p and ¢, we define trial trajectory length function
s from

O i (i), 8u(7))

and utilize it along with above mentioned length parametrization
of Z and 7 to determine a trial trajectory in time window [0, Tiax]
as

Ti(1) = 2 (5:(7))

Gi(1) = 5i (8i(7)) -
Note that UAV trial trajectory, in general, does not pass the
entire available predicted path in [0, 71« ] due to possible partial
use of velocity intensity (p(7) < 1) or possible ascending or

descending trial flight regimes (¢(7) # 0). The trial yaw angular
velocity can be determined using the parametrization w;(s) as

- Us,i(Pi, Pi)
&i(1) = Us.i(Pi, $i) - @i(s(7))
Vs, max,i

which ensures that the trial trajectory passes over predicted path
and preserves the same curvature, but not producing the same
length, regardless of p and ¢ being employed.

The vertical component of a trial trajectory is also defined
using the trial regimes p and © as

dz; -

F 2,i(Pi Pi)-
Trial velocity intensity and incline angle function, p(7) and

(1), respectively, are subjected to the optimization in the MPC
framework, unlike trial yaw angular velocity « that is obtained
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from the gradient of the current potential field and corrected
according to p(7) and §(7).

B. Optimization Problem Formulation

We seek for an optimal trial flight regime in time window
[t,t + Tmax] in order to determine velocity and altitude control
regulated by p and  at time ¢. In order to assemble the optimiza-
tion problem, p and ¢ need to be parameterized. These functions
are obtained through quadratic polynomial interpolation defined
with three specific points: 79 = 0 (known current UAV state
at time t), T = %, and 7o = Tmax. While the trial control
functions

p(10) = p(t)
@(10) = ()

are known at the (current) time ¢, we define the optimization
vector W € R* as values of 5 and ¢ at 7; and 73, which is
expressed as

o N - - T
W; = [pi(11), pi(12), @i(11), Pi(T2)]

Since the trial control functions are functions of relative
time 7, but in terms of the optimization, they are also defined
by (functions of) the optimization vector W, for the sake of
simplicity and readability, we introduce the notation

() w, (1)

i

which means that any trial function (-) is function of relative
time 7 and optimization vector W.

We set two objectives for the flight regime: maximizing UAV
velocity and providing the UAV altitude closest possible to the
goal search altitude hgoq. Maximizing UAV velocity eventually
leads to shorter inspection time, and this is accomplished with
introduction of the minimization objective

1 Tmax B
/0 Di Lw (1)dr.

0y,i(W;)=1-— (10)

Tmax
To define second objective we introduce the relative terrain
height function

2T Lw (1) =2t (sz [W (7), Ui Lw (T)) :
The proximity of the trial altitude function zZ — Zr to the goal
altitude hgoq is determined by the altitude objective

J"Tmax
0

Zilw, (T) = 21|\, (T) = hgous| d7

Oh,i (Wl) hgoal,i * Tmax .
(11
Both velocity and altitude objectives are normed by their
definitions (10) and (11), respectively. Hence, the two objectives
are combined by addition, without using weight factors since

they have the same significance
0{(Wi) = 0y,i(W;) + 0p,i(W;).

We define the constraints of a trial trajectory in the nonequality
form ¢(W) < 0. In order to guarantee that the UAV cannot

IEEE TRANSACTIONS ON ROBOTICS, VOL. 42, 2026

go below the specified minimum altitude hp;,, we impose a
minimum altitude optimization constraint
Z; |~Wi (1) — 27, LWi (T) > Pmins- (12)

It needs to be viable for every 7, which is validated using
ch,i(W3)

fOT"‘“‘ max {hmin,i — % Lw (1) + 2, LW (1), 0} dr

hmin,i * Tmax
To ensure compliance with the velocity and acceleration
specification, their constraints need to be satisfied, as defined
with

Vs, min,i S 'ﬁs,i LW, (7_) § Us,max,i (13)

Vz,min,i < 7~}z,i LWi (T) < Uz max,i (14)

where 0y, | (7) and 0. |, (7) are horizontal and vertical
trial velocity functions obtained with (2) and (3), respectively.
Evaluation of horizontal velocity constraints is performed using

Tmax INAX {'Us,min,i - @s,i LW (T)v 0} dr

Cosmin,i (W) = / :
0

Us,min,i * Tmax

Tmax TNAX {1751 Lwi (T) — Us,max,is 0} dr

Cysmax,i (Wz) = /

0 Us,max,i * Tmax

and analogously for vertical velocity constraints using

Tmax 1AX {Uz,min,i - f)z,i LW (T)J 0} dr

Cyzmin,i (Wz) - / :
0

Vz,min,i * Tmax

Tmax IN1AX {f}z,i LW (T) — Uz, max,i, 0} dr
Cvzmax,i(wi) - / .
0

Uz max,i * Tmax

The UAV acceleration is also considered in trial trajectories.
Horizontal and vertical accelerations depend on properties and
technical abilities of the UAV, such as vehicle mass and inertia,
and achievable upthrust and pitch in low-level UAV control.
The most simple acceleration and deceleration constraints are
imposed to horizontal and vertical UAV motion using

5)

Qs min,i S As g LW,v (7_) S Qs max,i

Az min,i < (le,i LWI (T) < Gz max,i- (16)
Acceleration trial functions G|, (7) and a. |y, (7) are
calculated via numerical differentiation of corresponding hor-
izontal and vertical velocities ¥ ; |, (7) and 0. ;| (7). re-
spectively.

The horizontal acceleration and deceleration constraints are
evaluated with

Tmax INAX {asA,min,i - dS,i LW (T)7 0} dT

Casmin,i (Wz) - /
0

Qs min,i * Tmax
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Tmax 111AX {as,i LW (T) — Qs max,is 0} dr
Casmax,i( W z) = /
0

s max,i * Tmax

and the vertical acceleration and deceleration constraints are
evaluated analogously with

Tmax 111AX {az,min,i - dz,i LW (7_)’ 0} dT

Cazmin,i (W’L) - /
0

Az min,i * Tmax

Tmax TAX {&Z,i Lwl (T) = Gz max,i ()} dr

Cazmax,i (Wz) = /

0 Az max,i * Tmax

C. Solving MPC Optimization

Each optimization is started with a specific initial optimization
vector W, which is chosen between

WOa = (1717070)
Wo, = (1,1,1,1)
Wo. = (0.5,0.5,1,1).

We check possible initial vectors in order from a to ¢ and the
first one that returns a feasible solution is selected as Wj,.
W, encourages the utilization of maximal forward velocity
in the horizontal search direction, while W, and Wy, advo-
cate increase in altitude with different velocity intensity. Fig. 5
displays an illustration of the optimization process and possible
initial optimization vectors. If there is no feasible solution, UAV
skips the optimization process and starts the collision avoidance
procedure (described as follows).

Optimization is performed using a modification of the GPS-
MADS method [6], called multiscale grid search implemented
in Indago Python module [23]. The number of optimization
iterations is set to 30 while the stopping criteria are regulated by
setting the maximum number of stalled iterations to 10 and target
fitness to 10~3. Using the optimized values Wy, we obtain the
candidate control values for velocity intensity

Popt,i = ﬁz |~Wopl,i (At)
incline

(At)

opt, %

Popt,i = 951 LW
and yaw angular velocity

Wopt,i = w; Lwopl ; (At)

D. Validating Escape Maneuver and Establishing Control
Parameters

Although optimal flight control parameters popt,i, Popt,i>» and
Wopt,i are determined in MPC optimization, they do not guarantee
a possibility of collision-free trajectory (realized with escape
maneuver) for the next time step. Due to high computational
demands, considering this constraint in MPC optimization is
not feasible for achieving real-time UAV control. Hence, the
obtained MPC flight control parameters need to be verified and
corrected if needed before they are enforced to UAVs.
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Fig. 5.  Visual representation of path prediction and the optimization process.
(a) Predicted path is formed starting from the current position of the UAV, sim-
ulating maximal achievable horizontal movement for the number of prediction
steps 1, along the gradient of the potential field w. Terrain height 27 is then
probed along the length of the predicted path and used to construct minimal
(27 + hmin) and goal (2 + hgoal) height curves. (b) Optimization process ini-
tiates at the first feasible regime among Wy, Wqp, W, following the order
as listed. It balances between velocity maximization and goal altitude adherence
objectives to generate the optimal flight regime for n time steps while taking
velocity, acceleration, and minimal height constraints into consideration. The
UAV then utilizes the optimized flight regime for Ats, consequently, it moves
to the new position (marked with a lime green colored dot) where the complete
process repeats.

The escape maneuver is a specific UAV motion that aims to

provide following flight features.

1) Escape maneuver can be started from any starting time
given any locations, state, and control parameters of the
UAV. Here, we consider UAVs at time ¢ + At with optimal
control parameters and, if needed, at current time ¢ with
current control parameters.

2) The projection of the escape trajectory to the horizontal
plane is circular arc (extendable to full circle) with radius
equal to £Rpi;, while adjusting wes ;. This ensures
the resulting arc overlaps with one of the escape circles
defined in Section V-B.

3) The UAV decelerate in the most agile feasible regime, i.e.,
Pem,i 7 Pmin,i-

4) The UAV ascends in the most agile feasible regime, i.e.,
Pem,i — Pmax,i-

5) Escape route feasibility is determined by before-
mentioned constraints: minimal altitude (12), horizontal
and vertical velocity (13) and (14), horizontal, and vertical
acceleration (15) and (16).

6) The escape motion is considered until the horizontal ve-
locity drops to zero or until full escape circle is passed.
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TABLE II
TEST CASES PARAMETERS AND DATA

Ucka
Test case parameters Plastic Mt. ) Star Missionvl / Units
world Vesuvius  dunes Ucka
Mission 2
Domain size 0.72 7.44 75 0.95 km?
Number of mesh nodes 8380 21825 21946 11505 -
Number of mesh elements 16300 43098 43 340 22658 -
Elevation difference 421 608 221.4 108.8 m
Alpha o 1000 2300 2900 5000 -
Beta 3 0.1 1 1 0.1 -
Time step At 1 2 2 3 s
Search duration 30 60 60 25.26/19.36  min
Number of UAVs A 3 3 0 0 -
Number of UAVs B 0 2 0 0 -
Number of UAVs C 0 0 2 0 -
Number of UAVs M210 0 0 0 2/1 -
Number of UAVs Mavic 2 0 0 0 0/1 -

If a feasible escape maneuver is achievable for optimal control
parameters at time ¢ + At, the optimal control parameters

Pi (t + At) = Popt,i
Wi (t + At) = Popt,i
(%3 (t + At) = wopm

can be applied to UAV.

If there is no feasible escape maneuver at time ¢ + At, indi-
cating currently obtained control parameters are not valid, the
UAYV immediately starts the escape maneuver using parameters

pi(t + At) = pem,i(t + At)
©i (t + At) = Spem,i(t + At)
Wi (t + At) = Wem,i (t + Aﬁ)

obtained at ¢ + At (for verified escape maneuver simulated from
time t).

VII. RESULTS

In this section, the algorithm was evaluated in three simulated
search scenarios, with a detailed description of the UAVs used,
their parameters, and domain characteristics provided. In addi-
tion, a framework was established to enable the integration of
a CV detection model into the sensing function utilized by the
proposed method.

Results and animations for all test cases are available on the
open science framework repository: https://osf.i0/t947u/.

A. Tested Search Scenarios

For conducting search simulations, we generated two-
dimensional meshes with triangular elements. Each node within
the mesh includes terrain elevation data. Domain and mesh
details can be found in Table II along with method parameters
and number of specific UAVs used.

In order to test the method, we designed three test cases with
different terrain complexity and size. Each case uses a specific
configuration of different UAVs, described in Table III.

Multirotor UAVs (A, B) are modeled based on technical spec-
ifications and tests performed with DJI Matrice 210 V2 aircraft.
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TABLE III
MOTION, VISION/SENSING, AND CONTROL UAV PARAMETERS USED IN
SIMULATED SEARCH SCENARIOS

UAV parameters U%\;\é/ B UAX l\l\/f[i\ll?c/ 5 Units
Type Multi- Fixgd- Multi- B
rotor Wing rotor
Min turning radius Ryin 25 100 30 m
Min clearance distance & 7 60 50 m
Min search altitude Ay, 30 100 40 m
Goal search altitude /vgq) 50/100 300 60 m
Max horizontal velocity v, max 10 15 8 m/s
Min horizontal velocity v min 0 5 0 m/s
Max ascending velocity v max 5 1.2 5/3 m/s
Max descending velocity v min -3 -1.2 -3/-2 m/s
Max horizontal acceleration a s, max 2 2 2 m/s>
Min horizontal acceleration @, min -3.6 -2 -3.6 m/s?
Max vertical acceleration @ max 2.8 1 2.8 m/s?
Min vertical acceleration a, min -2 -1 -2 m/s?
Min incline ¢ min -90 135 90 °
Max incline max 90 13.5 90 °©
Camera FOV ~; 62.8/33.94 23 64.7/72.5  °
Camera FOV 2 37.9/19.48 13.06 39.2/57.58  °
Sensing function I" Al e Uar210/ -
T'mavic2
Predicted path length 71, 25 30 5 e

We carried out an experiment to confirm or conclude maximal
horizontal, ascending, and descending velocity and minimal and
maximal value of horizontal and vertical acceleration, which
we used. It is important to note that despite both UAVs being
modeled similarly, they were regulated to conduct searches at
varying altitudes according to their technical characteristics. The
deliberate difference in altitude between A, employing a goal
altitude of 50 m above ground level and a camera with no zoom,
and B, utilizing a goal altitude of 100 m while incorporating
and simulating the use of a camera with 2 x optical zoom,
leads to a unique FOV and sensing function combination for
each UAV type. Characteristics of the fixed-wing UAV (C)
are roughly estimated to portray a realistic aircraft, which is
significantly more constrained compared to multirotor UAVs. Its
design targets the use in large domains with lower incline values
and smoother terrain. It uses the same camera sensor as the
multirotor UAVs, utilizing 3 x optical zoom, with adjustments
the FOV and sensing function.

B. Adjusting Sensing Functions

For each camera sensor configuration that was used, we
constructed an accompanying sensing function referring to
YOLOV4 detection model data provided in [40]. The referenced
work focuses on animal (large mammal) detection in images
captured by a UAV camera and provides a range of detection
model metrics, including recall, in relation to the altitude at
which the images were taken.

CV detection systems are typically effective at detecting
humans in UAV-captured images. However, their performance
often declines in real-world applications due to various technical
and environmental factors. Motion or focus blur, poor lighting,
weather-related haze, variations in surrounding vegetation, and
other natural elements impact the detection rate. We utilized the
recall values from [40], which were obtained for large mammals,
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Fig. 6. This illustration depicts the relationship between altitude and recall,

along with the corresponding sensing functions utilized in the test cases and
experimental validation. Recall-altitude values for large mammals, as reported
in [40], are represented by blue squares, while scaled values for humans are
indicated by orange stars, and values for experiment targets are depicted with
purple pluses. The approximate altitude at which human targets are undetectable
is marked with a red circle. Computed recall-altitude curves for humans at
various zoom levels, as well as for experiment targets, are shown as solid
lines in different colors. The corresponding sensing functions derived from
recall-altitude curves are represented by dashed/dotted lines in matching colors.
When evaluating the sensing functions, we focus on the distance between the
sensor and the observed point instead of the altitude at which the image was
captured, ensuring accurate sensing even in irregular terrain.

and approximately reduced them by 30% to account for human
detection and other aggravating factors. Both the original and
adjusted recall-altitude values are shown in Fig. 6. We introduced
an additional altitude point where the recall is assumed 0, indi-
cating that detection is not possible. Based on findings from [56],
if a person in the image is smaller than 5 x 5 pixels, it will be
considered undetectable. This nondetection is attributed to the
model’s inability to recognize such small objects, which could be
due to the difficulty majority of people have in identifying small
objects (people) in images [56], leading to a lack of labeling in
the training data for the CV detection model.

To determine the altitude where recall drops to 0, we as-
sume an average human occupies an area of approximately
0.5 x 0.25 m when viewed from above. We then calculate
the altitude at which the person would occupy 25 pixels in a
4K resolution and 16:9 aspect ratio image. For simplicity, we
use a total of 25 pixels instead of a 5 x 5 pixel area, as this
approach simplifies the calculation by not accounting for the
person’s orientation within the image. Considering the FOV
angles for the UAV A, as defined in Table III, equipped with

a 1 x zoom camera (no zoom), we determined that detection is
not possible when the image is captured from an altitude above
222 m.

Since we are implementing altitude control, the zero-recall
point is not highly relevant in our case, as it falls outside our
target sensing altitude range. However, it is important to define
this point for comparison purposes, as we are evaluating the
efficiency of our method against one that lacks altitude control
but implements the same sensing method.

To finally acquire the sensing function, we applied (7), where
the recall function u(||R||) was obtained through quadratic
interpolation of recall-altitude points. We assumed that ||R/| is
approximately equal to UAV’s altitude. Different optical zoom
values can be also used, but this requires adjusting both the
recall function and the camera’s FOV. When referring to “zoom,”
we specifically mean optical zoom, as it magnifies the image
using the camera’s lens without compromising resolution, unlike
digital zoom. Optical zoom preserves image quality and has
a similar effect to changing altitude, as both modify the FOV
and the level of detail captured in the image. For a zoom level
of z, the adjusted recall function becomes x(||R||/z), and the
corresponding FOV angles are calculated using

tan 3
v, = 2 - arctan

z

where ~ represents an FOV angle with 1 x zoom and 7,
represents the corresponding FOV angle with zoom level z.
Sensing functions for all UAVs are presented in Fig. 6, along
with interpolated recall-altitude curves for humans at different
optical zoom levels.

C. Simulations Setup

Simulations were performed on a machine with 3.7 GHz base
CPU clock. Array manipulation along with other numerical
tools form NumPy and interpolation tools from SciPy were
used. Meshes were generated using Gmsh [14], while Net-
gen/NGSolve [48], [49] was employed to solve the finite element
system for obtaining the potential field. Flight visualizations and
analysis plots are made using Matplotlib and PyVista.

D. Plastic World

The first test is performed on a synthetically generated do-
main called “plastic world.” The enveloped terrain is purposely
constructed to be simple and exaggerated, yet providing specific
features of natural terrain, in order to demonstrate the robustness
of the algorithm. Search is conducted collaboratively using three
multirotor UAVs. The search domain and accompanying UAV
trajectories after survey completion, along with the analysis
of control parameters and the associated trajectory performed
by one UAV during a 1000 s time window, are presented in
Fig. 7. After evaluating the trajectory, it is evident that all control
and flight parameter constraints have been fulfilled. The survey
accomplishment metric reached 98% within 30 min of the search
simulation, as illustrated in Fig. 11. The rectangular no-fly zone
is avoided by all UAVs respecting assigned clearance distance
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Fig. 7. (a) Plastic world case survey simulation after 30 min of search time including UAVs’ trajectories with an in depth parameter analysis for the trajectory

marked in red. (b) High aircraft maneuverability is deducted from frequent variations of control parameters which lead to (c) velocity and (d) acceleration jumps.
(e) Height analysis of the red trajectory which is performed by an UAV with a goal altitude of 50 m and a minimum altitude of 30 m. The UAV flies relatively
closely to the goal altitude except upon flying over terrain depressions, when it sometimes chooses to favor velocity over altitude (shown at about 680, 1080, and
1300 s), which helps in momentum preservation and results in a smoother trajectory. The inclination for terrain adherence and velocity maximization is evident

on elevation peaks, where altitude drops below the goal value (sometimes even up
value which results in smoother trajectories, allowing for faster flight.

while the area closely surrounding it has been successfully
explored.

E. Mount Vesuvius

The second test case is a survey simulation of Mount Vesu-
vius, which is situated near Naples, Italy. We chose to survey

to minimal altitude) and then after crossing the peak UAV ascends back to goal

this area only with multirotor UAVs because of their high
maneuverability, hence, they could easily search volcanic cone
and crater. In this case, we demonstrated nonhomogeneous
swarm support by using 3 UAVs flying at an altitude of 50 m
with one type of camera sensor and 2 UAVs flying at an altitude
of 100 m were we simulated the use of 2 x optical zoom
(the sensor has narrower FOV and higher detection sensing
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Fig. 8.

Mount Vesuvius case survey simulation with 5 cooperating UAVss after 1400 s. (a) The 3-D scene contains the terrain colored in reference to the undetected

target probability with gray representing the lowest and red representing the highest value. The black lines represent UAVSs’ trajectories and the red highlighted
part, which is executed by an UAV with a goal altitude of 100 m and a minimum altitude of 30 m, is analyzed in following graphs. It is clear that (b) the control

parameters, (c) velocities, and (d) accelerations stay within the prescribed limits

and correspond to each other. (e) Graph showcases an example of trajectory

smoothing and altitude variation dampening effect at elevation peaks (from 850 to 1000 s). Rather than strictly adhering to the goal altitude when encountering

consecutive elevation peaks, the UAV efficiently navigates through these peaks, m

aintaining high velocity and achieving a smooth trajectory. When flying over a

sharp altitude peak, as shown around 550 s, the UAV generally exploits the full permitted altitude range, descending to the minimum allowed altitude at the peak’s

center and then ascending back to goal altitude. This results in a notably smoother

function was used). The search mission was simulated for 60
min. The inspection was completed without any collisions or
breaching velocity, acceleration, or altitude constraints. The
survey accomplishment metric reached 96%, which is evident
on Fig. 11. The proposed motion control successfully balances
between maximizing velocity and ideal altitude objectives while
complying to all constraints. A greater difference between the
minimal and goal altitudes gives the UAV more flight range,
allowing it to fly at higher velocities while sacrificing proximity
to the target altitude. However, it achieves a smooth flight

trajectory, enhancing flight efficiency.

trajectory, as shown in Fig. 8(b)—(e), which provides a detailed
analysis of a selected segment of the UAV flight.

To demonstrate a realistic search scenario involving a re-
stricted area, we conducted another survey simulation of Mount
Vesuvius with the identical case configuration. The only differ-
ence between the cases is that we declared the volcano crater a
no-fly zone. Visualizations in Figs. 8(a) and 9 exhibit simulation
results with and without the no-fly zone, respectively. They
showcase the terrain, undetected target probability distribution
and UAVs’ trajectories. Restricting the area of the search does
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Fig. 9. Mount Vesuvius survey with incorporated no-fly zone after 60 min of
search. The effect of the restriction on the final trajectories highlights the UAVs’
compliance with the imposed constraint.

not have a significant qualitative impact on exploration, al-
though, due to the excluded surface area, a more detailed search
of the remaining zones is achieved in the same amount of time.

F. Star Dunes

For the third test, we performed a search simulation of a
sandy desert in Algeria. We took a 7.5 km? area that contains
star dunes, which are dunes that form in sandy deserts where
the wind direction frequently changes. They can grow to con-
siderable heights and are generally taller than other types of
sand dunes, which is why they were chosen for altitude control
demonstration. The search was conducted for 60 min with the
control time step of 2 s. Compared to UAV (A), which used a
1 x zoom camera sensor at a goal altitude of 50 m, the fix-wing
UAV (C) used in this test case employs the same sensor but with
3 x zoom and a goal altitude six times higher. This configuration
covers a larger area but with reduced sensing intensity. By using
only two UAVs, we managed to achieve survey accomplishment
of 77% (see Fig. 11). Fig. 10 illustrates the search domain,
the UAVs, their postsurvey trajectories, and an analysis of the
highlighted trajectory displaying 1000 s of flight time. The
analyzed trajectory covers nearly the entire domain. During its
flight, the UAV prioritizes maximizing velocity while making
altitude adjustments in order to stay close to the target altitude
and avoid the minimal altitude zone.

G. Search Control Evaluation

For comparison, we conducted search simulations on the
same test cases using four other methods. The HEDAC method
without altitude and velocity control is used to show the benefits
of altitude control. Other three methods are equipped with the
proposed MPC: lawnmower search, and two spectral ergodic
control methods, namely SMC [36] and mSMC [21]. Note
that the SMC and mSMC methods were utilized only on cases
involving rectangular domains without obstacles.

For the lawnmower MPC method, we relaxed the acceleration
constraints for some of the UAVs to facilitate completion of
the search with the same predicted path length, making the
results comparable. In addition, we allowed collisions between
UAVs and approximately adjusted the starting configuration to
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achieve the best coverage. A challenge with this algorithm is the
variable horizontal velocity, which makes the final path length
uncertain. This uncertainty complicates the setup of the starting
configuration, potentially leading to issues, such as the UAVs
leaving the search domain, failing to cover the entire area or
interfering with another UAV. All that considered, our HEDAC
implementation with MPC outperformed the lawnmower MPC
method in terms of search performance, as evident in Fig. 11.

The HEDAC search at fixed altitude (without MPC control)
was conducted at an altitude equal to highest point of the terrain
plus the minimum search altitude. In cases with significant
variation between the highest and lowest terrain point (plastic
world and Mount Vesuvius), the method stalled and failed to
explore the whole domain, highlighting the importance of alti-
tude control implementation. In the scenario where the change
in terrain elevation is less pronounced (Star dunes), the method
did not stall, but still performed worse than the method with
MPC, as shown in Fig. 11.

The original formulation of the SMC [36] method was em-
ployed, with the survey goal focused on minimizing mg — c.
However, this method demonstrated lower performance com-
pared to both the proposed approach and the lawnmower method.
As a result, we further tested the mSMC method [21], which
was specifically designed to address the same problem as the
proposed method, the minimization of m. In the mSMC for-
mulation, the exponent was adjusted to 1/2, in contrast to the
SMC’s exponent of 3/2. The performance of the mSMC method
was comparable to that of the proposed method, though slightly
inferior as displayed in Fig. 11.

Survey accomplishment and computation time analysis were
performed for all three cases and are shown in Fig. 11. With the
selected UAV configurations and HEDAC parameters, as shown
in Table II, the Plastic world, Mount Vesuvius and the Star dunes
case achieved survey accomplishment rates of 98%, 96%, and
77%, respectively, within the specified search time. Computation
time for each individual time step is lower than the time step At
used in the calculation, which is a good indication for successful
real-world application.

VIII. EXPERIMENTAL VALIDATION

Prior to experimental validation, we assessed how real-world
uncertainties would impact the method by conducting a robust-
ness analysis, available in the supplementary materials.

The proposed method was tested in a real-world search sce-
nario on Mount U¢ka, Croatia. Two missions with different UAV
configurations were conducted, with each mission concluding
upon the first instance of battery depletion among the UAVs.
The UAVs used in the experiment were the DJI Matrice 210v2,
equipped with a DJI X5S camera (5280 x 2970 px resolution),
and the DJI Mavic 2 Enterprise Dual (with the RGB camera
resolution of 4056 x 3040). The search and domain parameters
are detailed in Table II, while the technical specifications of the
UAVs are provided in Table III. The experiment site, along with
several of the UAVs used, is shown in Fig. 12.

The objective of the missions was to detect and locate custom
targets made out of 0.5 x 0.5 m cardboard sheets. A total of
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Fig. 10.  Star dunes case inspection after 60 min. (a) The 3-D scene displays the terrain with colors matching undetected target probability, with gray being the

lowest and red the highest value. Black lines depict aircraft trajectories and the highlighted red trajectory section is further analyzed. (b) As evident from control
parameters graph, the aircraft tends to keep its moving intensity at the maximum. (c) Velocity and (d) acceleration values are corresponding to the control parameters
and their values are inside prescribed limits. (¢) During its flight, the aircraft attempts to closely track the target altitude. However, due to its operational constraints
and relatively high goal altitude of 300 m, the resulting trajectory exhibits a strong dampening effect on terrain elevation irregularities, making it much more fluid,

allowing the aircraft to effortlessly navigate over terrain obstacles.

100 unique targets were scattered across the search domain,
each target partially colored with two colors. A selection of
the targets used in the experiment is displayed in Fig. 12. The
spatial distribution of the targets followed a predefined initial
undetected target probability distribution mg. The search area
was divided into three concentric zones with uniform probability
density within each zone. Zone 1 (r,; < 150 m) contained
20 targets, Zone 2 (150 < 7,2 < 300 m) contained 30 targets,
and Zone 3 (300 < r,3 < 450 m) contained the remaining 50
targets. The probability density inside each zone was calculated
as the number of targets in the zone divided by the zone’s area,

and the resulting distribution was normalized over the entire
domain.

A custom YOLOvVS detection model was trained using aerial
photos of the targets taken at different altitudes. The data set con-
sisted of 1166 images containing 27 600 object instances in total.
The model was trained to detect a single object class (target) for
500 epochs, starting from a pretrained model yolov8x.pt, while
the 80% of images were used for training and 20% for validation
during training. To evaluate the model’s performance, a separate
validation dataset was used, consisting of 674 images and 6535
object instances. On this dataset, the model achieved a mean
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Fig. 11.  Survey accomplishment and computation time for executed tests.
After concluding the search, (al) Plastic world case achieved 98%, (a2) Mount
Vesuvius 96%, and (a3) Star dunes 77% survey accomplishment. The proposed
method was compared with several others: HEDAC without MPC, as well as
the lawnmower, SMC, and mSMC methods with MPC. With respect to survey
accomplishment, the alternative methods demonstrated lower performance,
although the mSMC method appears almost equivalent to HEDAC. To more
clearly illustrate the performance difference, a vertical dotted line was added
to highlight how much faster the proposed method reaches a given value of
compared to mSMC. (b1-b3) Computation times are shown only for the HEDAC
MPC method, as the other methods are more efficient in this aspect. However, the
computation time for each time step remains well below one second, indicating
the suitability of the proposed multi-UAV search control algorithm for real-time
applications.

Fig. 12.  (a) Matrice 210v2 UAVs at the experiment location, and (b) colored
cardboard targets that were used in the experiment.
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average precision of 0.68, a precision of 0.82, and arecall of 0.58
when evaluated with the default confidence threshold of 0.001.
To obtain the model’s recall values across the UAVs’ flight alti-
tude range the same dataset was partitioned into altitude intervals
of 10 m, in [30, 90] m. For each interval, the recall was computed
and attributed to the intervals’ corresponding midpoint altitude.
The resulting recall values are shown in Fig. 6. For each UAV
used in the real-world missions, the average horizontal velocity
Vs avg Was experimentally determined, yielding values of 7.449
m/s for UAV M210 and 7.515 m/s for the UAV Mavic 2. Using
(5) and (7), the corresponding sensing functions were computed
and are presented in Fig. 6.

Although the algorithm’s computation time per step is under
one second, At = 3 was used in the field experiments to accom-
modate system constraints, including image focusing, image
capture, and reporting the capture back to the algorithm.

Trajectory analysis of the first mission, executed with two
M210 UAVs, is displayed in Fig. 13. It includes the search targets
and complete flight trajectories for both UAVs, along with the
analysis of control parameters, velocity, acceleration, and alti-
tude for one trajectory. Comprehensive results of the conducted
field experiments, including flight logs, captured imagery, the
detection model, and flight animations, are accessible via the
Open Science Framework repository: https://osf.io/t947u/.

A metric A(t), representing the target detection rate, is intro-
duced to validate the proposed probabilistic search approach. It
is defined as the ratio of detected targets to the total number of
targets, where only the first detection of each target is considered
and all subsequent detections of the same target are excluded.
The main goal of the experiment is to assess whether the sur-
vey accomplishment metric 7 correlates with A, which would
confirm that 7 is a meaningful and reliable indicator of search
effectiveness.

A notable correlation between 7 and A was observed in both
missions conducted during the Ucka experiment, as illustrated
in Fig. 14. These results suggest that 77 could serve as a practical
metric for search coordinators to monitor progress and make
informed operational decisions in real-world search missions.

IX. POSSIBLE DRAWBACKS

The proposed control can produce inadequate results if set-up
inappropriately. One possible cause could be a lack of proper in-
tegration between the minimal turning radius, minimal altitude,
and the camera sensor, particularly its FOV. This error could
result in an endless circular motion around the area of interest
as shown in Fig. 15. To prevent this issue, it is essential for
the camera sensors’ lateral scope to be greater than twice the
minimal turning radius.

The drawback of proposed search control is that it is not truly
three-dimensional. It explores a 3-D surface (the terrain), which
is effectively two-dimensional, as the vertical dimension is sub-
ordinate to the horizontal plane. This means it cannot explore
areas beneath trees and may encounter issues with steeply sloped
terrains.

The ability of navigating particular terrain with a desig-
nated UAV setup, considering clearance and minimal altitude
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Fig. 13.  Visualization and analysis of the Uka experiment (Mission 1). (a) The 3-D scene displays the search area, along with the undetected target probability

density field, and the UAVs’ trajectories at the end of the search mission. The undetected and detected targets are shown as black and green dots, respectively. The
blue UAV trajectory is further analyzed in following graphs which demonstrate that (b) the control variables, (c) velocities, and (d) accelerations remain within the
prescribed limits. (e) The expected terrain-following behavior, confirming compliance with the minimum altitude constraint.

values, relies on the maximum terrain incline rather than di-
rectly checking horizontal clearances from the terrain during
computation. Implementing horizontal clearance checks within
the MPC and collision avoidance procedures would require
evaluating terrain clearance at every point along the predicted
path and the escape routes, which is computationally expen-
sive and limits real-time control. Instead, the algorithm ensures
horizontal clearance across the entire domain during the ini-
tialization process, using the specified minimum altitude. This
approach eliminates computational overhead during MPC and
collision avoidance since clearance satisfaction is guaranteed in
advance.

To guarantee that horizontal clearance distances from the
terrain are satisfied across the entire domain, the worst-case
scenario is considered. This occurs when the UAV is at its lowest
possible altitude and the smallest possible horizontal clearance
is attained near the terrain of maximal incline, as shown in
Fig. 16. Therefore, for each UAV, we can calculate the maximal
supported terrain incline

0

which has to be greater than maximal terrain incline K7 max.
For all test cases, compatibility between the deployed UAV fleet

k; = arctan <
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Fig. 15. UAV stuck in a circular motion around the area of interest due
to improperly defined parameters. To address this problem, an appropriate
combination of minimal turning radius, minimal altitude, and the camera sensor
(with adequate FOV) should be employed.

Terrain incline (deg)
450

Fig. 16.  Sketch illustrating the idea behind UAVs’ maximal supported incline
calculation and terrain incline visualization for all used test cases.

and the domain was verified by ensuring that the condition x; >
KT,max Was satisfied.

To explore a domain with an incline higher than supported
while maintaining the desired minimal clearance, the only op-
tion (that does not include terrain modification/smoothing) is
to raise the minimal flight altitude. However, for real-world
implementation, this problem can be completely resolved by
utilizing horizontal distance sensors usually integrated within
the modern UAVs.

X. CONCLUSION

In this article, we presented a centralized multi-UAV control
algorithm that conducts complex terrain inspection and manages
UAVs’ flight in three dimensions. It concurrently addresses two-
dimensional coverage problem, utilizing the HEDAC method,
and employs MPC for altitude and velocity regulation. Horizon-
tal movement is driven by a potential field that is dynamically
adjusted using custom sensory framework featuring a simulated
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real-time image capture and detection system. Implemented col-
lision avoidance technique ensures adherence to clearance dis-
tance restrictions among multiple UAVs and with the boundary,
while also satisfying the minimal turning radius constraints. It
can be effectively employed with both multirotor and fixed-wing
UAVs, depending on inspection requirements and the search
domain characteristics.

The proposed method was simulated on three test cases. The
first test case consisted of a challenging, synthetically generated
terrain that was inspected through the collaborative action of
three multirotor UAVs. The second case was an inspection of
Mount Vesuvius that was conducted using five multirotor UAVs
utilizing two different sensing setups with accompanying flight
altitudes. The third case showcased a survey of desert dunes that
was performed using two fixed-wing UAVs. Interesting sections
of UAVs’ trajectories were highlighted and thoroughly analyzed.
In all three cases, the chosen parameters yielded satisfactory sur-
vey results with minimal computation time, facilitating real-time
UAV control. The search success is the overall and final grade
of the UAV control. It is evaluated with survey accomplishment
1 metric in simulations of UAV search in realistic scenarios. It
exceeded 77% in the poorest performing tested scenario, which
would translate into less than 23% chance of an undetected tar-
get, on average, across the entire search domain. The opportunity
to increase 7 exists through improvements in sensing/detection
capabilities, UAV maneuverability, and reliable terrain data,
along with an extension of flight time. Deploying more UAVs
would undoubtedly have the most significant impact. With the
scalability of HEDAC algorithm [19] and the results presented
here, authors are confident that additional improvements will
allow a greater number of UAVs to be utilized in the search.

Drawbacks of the method have been discussed, with the pri-
mary limitation being its inability to navigate domains featuring
significant terrain inclines. However, in a practical application
this problem can be resolved by employing proximity sensors
usually installed in modern UAVs.

The main scientific contributions of the presented UAV search
framework are threefold. First, it introduces an accurate proba-
bilistic model for target distribution and detection over uneven
terrain. Second, it presents an advanced control framework
for multi-UAV search, combining planar ergodic control with
MPC-based altitude and velocity adjustments tailored to terrain
features. Finally, the framework is validated through both sim-
ulated and real-world experiments, confirming the effectiveness
of the proposed methodology by evaluating flight kinematics,
search performance, and robustness to uncertainties.

We believe that the experimental validation, which confirmed
the search accomplishment predicted by the probabilistic model,
serves as the ultimate endorsement of proposed methodology
and represents a highly promising feature for guiding and man-
aging a real-world search operations.

In terms of future improvements, there are several enhance-
ments that could be incorporated into the method. One possible
enhancement involves implementing automatic terrain smooth-
ing when dealing with steeply inclined domains. While imple-
menting absolute distance checks between the UAV and the
nearest terrain point sounds like an ideal scenario, it is crucial
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to acknowledge that this could result in a substantial increase
in computation time, potentially making the method impractical
for real-time UAV control. Integration of the UAVs’ proximity
sensor could serve as a convenient way to address the horizontal
clearance problem. Another area for improvement is introducing
the capability to selectively include or exclude UAVs from the
search and manage their return to the starting point. This feature
would address scenarios, such as battery replacement, allowing
for extended search duration within a single run. In addition, it
would be beneficial to investigate the option of distributed com-
putation within the proposed method to assess its advantages,
drawbacks, and limitations. Promising practical direction for
future research is the integration of an advanced sensor options,
such as model that explicitly accounts for variations in pitch and
roll, and zoom, enabling more accurate sensing and detection.
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