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Abstract

Nano-drones are well suited to indoor object-search tasks because their small
size allows them to operate in confined spaces and acquire visual observations
from viewpoints that fixed sensors or ground robots may not reach. Approaches
that rely exclusively on object detection are not optimal for exploration, as they
do not account for the fact that motion planning influences future observations.
Instead, since each movement directly determines the next observation, search
performance can be improved by exploiting visual evidence also for trajectory
generation and action selection. This thesis studies this interaction in a robotic
simulation environment with a downward-facing camera, using a physical Crazyflie
drone model implemented in Webots. The drone moves in continuous space, while
a discrete grid provides the task-level representation used to relate camera coverage,
detector observations, target locations, and policy state. This representation
supports direct comparisons between coverage-based exploration and perception-
aware navigation under both learned and ground-truth perception. The main
contribution is the development and evaluation of two Bayesian-based navigation
policies based on the so-called active inference. The first maintains a binary target-
presence belief over grid cells and selects future viewpoints using an expected-free-
energy-inspired score that combines task preference, expected information gain, and
movement cost. The second extends this approach to a more complex environment
in which target objects can appear on raised surfaces as well as on the floor. This
second policy adds elements such as categorical target beliefs, explicit table-surface
beliefs, table-conditioned target priors, and a table-aware coverage model for
raised surfaces. In this setting, desks are not targets, but contextual surfaces that
affect both where objects are likely to appear and how camera coverage should be
interpreted. The evaluations show that perception-aware navigation based on active
inference improves search performance over the baselines in the test environments.
In the floor-only environment, the simple active-inference-inspired policy reduces
average task-completion time by 10.1% under ground-truth perception. In the
environment containing tables, the zone-of-interest policy improves the success
rate from 75% to 87% under ground-truth perception, and from 67% to 83%
under learned YOLO-based perception. These results indicate that probabilistic,
perception-aware navigation improves object search efficiency, while also showing
that the contextual scene structure, such as table surfaces, can be integrated into
belief-driven search policies using only observations available at runtime.
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Chapter 1

Introduction

Autonomous object search with nano-drones is a constrained robotics problem
in which perception, navigation, and control must operate together under severe
physical and computational limitations. Nano-UAVs are attractive platforms for
indoor inspection, monitoring, and object-search tasks because their small form
factor supports safer close-proximity operation in confined spaces, while their three-
dimensional mobility enables flexible camera placement and access to otherwise
difficult-to-observe areas [1, 2]. The same scale, however, also imposes important
constraints. Limited payload capacity restricts the available sensing and onboard
computation. At the same time, flight control must remain stable in real time,
and the system must make decisions from incomplete visual information while
continuing to move through the environment.

This thesis studies a simulated version of this problem using a Crazyflie nano-
drone equipped with a downward-facing camera. The drone flies in continuous
space inside a closed indoor environment, while the task representation discretizes
the room into grid cells for target localisation and camera coverage estimation.
The camera footprint is therefore not treated as a binary cell-to-cell transition,
but as a continuous FoV projection that produces coverage values over grid cells.
The drone must search for and classify bottles and cans while navigating through
the environment using different exploration and active-sensing policies. In the two
extended table scenarios, desks are also present as non-target contextual objects:
they are not part of the task objective, but they define raised surfaces where targets
are more likely to appear. The project uses Webots as the simulation platform.
This work develops the controller, supervisor, and reporting components required
to compare navigation policies across learned and ground-truth detector settings.

A simple way to approach indoor drone search is to use navigation policies that
do not rely on visual perception for deciding where to move. In this thesis, such
methods are referred to as naive policies: they are used as lightweight baselines
whose movement decisions do not depend on detector evidence or internal search
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beliefs. They are attractive because they can be implemented as simple local rules,
without requiring the policy to maintain an explicit representation of the search
task. However, they do not reason about where targets are likely to be, how reliable
detector observations are, which regions remain uncertain, or whether a previously
detected object still needs to be classified. In the context of object search, this
creates an important limitation: covering space is not always the same as gathering
the most useful information. A policy may repeatedly observe low-value regions, fail
to prioritize areas with target evidence, or treat all locations as equally important
even when the environment contains semantic structure.

This motivates a perception-aware approach to navigation. More generally,
perception should not only be used to report detections after a trajectory has been
executed, but should also be able to influence future navigation choices. Different
approaches could be used to achieve this, including learned navigation policies,
heuristic perception-driven rules, or probabilistic models. In this thesis, the chosen
approach is to define lightweight probabilistic policies that maintain beliefs over the
discretized task representation while still commanding continuous drone motion.
Within this representation, a cell that has been observed with no detection may
become less likely to contain a target, while a cell with weak or partial target
evidence may become a useful candidate for closer inspection. Likewise, a policy
can trade off exploration of uncertain regions against exploitation of promising
target evidence. This view connects the drone search problem to active perception,
in which sensing is treated as an action-dependent data acquisition process: an
agent selects motions that shape its subsequent observations and can prefer those
expected to yield task-relevant information [3, 4].

The AIF-inspired policies developed in this thesis are motivated by this ac-
tive sensing perspective. Active inference [5] provides a probabilistic framework
in which an agent maintains beliefs over hidden states and evaluates candidate
actions through their expected future observations, prior preferences, and expected
uncertainty reduction. In this thesis, movement cost is included as an additional
task-specific term in the action score. The specific inspiration for this project
comes from an active-inference saccade-agent model [6], where an agent controls the
fixation point of a camera over a discretized visual field. In that setting, the agent
can explore a scene when it lacks information, but it can also shift fixation toward
regions where object-like evidence suggests that a class could be resolved. The
idea is to adapt the principles of the original saccade model to a mobile drone: the
drone must choose target cells and yaw orientations, navigate continuously through
the simulated room, and update beliefs from detector observations projected into
grid cells.

The first AIF-inspired policy developed in this project is the simple AIF saccade
policy. This policy adapts the saccade idea to an environment with two classes of
target objects placed on the floor of an otherwise empty room. It uses a binary
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belief state for each grid cell: a target is either absent or present. Detector evidence
updates the target-presence belief map, and the policy scores candidate future views
using an expected-free-energy-inspired objective that combines a preference term,
expected information gain, and movement cost. Camera coverage is incorporated
into the belief update so that observations with limited cell coverage have a weaker
effect than observations with stronger coverage. This policy is intentionally simpler
than the original saccade-agent model because it does not represent target classes
internally. It uses a pragmatic de-fixation mechanism that prevents repeated fixation
on cells that have already produced enough target detections. This mechanism is
useful for the binary model, but it is not a fully class-aware account of when an
object has been sufficiently classified.

The second AIF-inspired policy is the ZOI AIF saccade policy, developed for
the table-enriched environments. This policy extends the binary model with a
richer representation of both targets and context. Each cell maintains a categorical
target belief over empty, unknown target, bottle, and can states. In addition, the
policy maintains an explicit probabilistic belief that a cell belongs to a table surface.
This table belief affects the prior probability that a target is present, reflecting
the structure of the table-enriched environments, in which targets are much more
likely to appear on desks than on the floor. The policy also inherits a key aspect of
the original saccade-agent idea: peripheral observations can raise generic target
belief without immediately resolving the class, while fixation-level observations
can provide class-specific evidence. This supports a staged behaviour in which the
drone is attracted by possible target evidence, moves to inspect it more directly,
and then reduces the need to keep fixating once the object’s class belief becomes
confident.

The experimental design is organised around five main questions. The first is
whether an AIF-inspired saccade policy can outperform naive exploration policies
in a floor-only object-search task. This question is addressed in the environment
containing bottles and cans on the floor, where the simple AIF saccade policy is
compared with coverage-oriented baselines. The second question concerns detector
quality: how learned detector variants affect downstream task performance com-
pared with a ground-truth detector. This matters because the quality of visual
evidence restricts the information available to the search policy. The third question
concerns the effect of raised surfaces on search performance. The presence of
tables changes where targets are likely to occur and alters the relationship between
camera pose and visual coverage, because the camera footprint is smaller on raised
surfaces. The fourth asks whether a zone-of-interest-enriched AIF saccade policy
can exploit this structure through table beliefs, class-specific target states, and
table-aware observation geometry. The fifth question examines how the policies are
affected by visual complexity in the mixed_hard environment, which retains the
table-enriched search task while introducing a visually complex floor and non-target
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decoy objects that must not be interpreted as targets. This setting provides an
additional benchmark for evaluating object search under more demanding visual
conditions.

The thesis makes several contributions. It develops two AIF-inspired navigation
policies for detector-driven drone search: a binary-state policy for the floor-only
setting and a zone-of-interest extension for scenes with tables. The latter maintains
categorical target beliefs together with perception-derived table beliefs, allowing the
policy to adapt its target priors and planning decisions to the structure of the scene.
These policies are supported by an experimental framework based on Webots that
was developed for this work. A downward-facing Crazyflie model is coupled with
detector integration, grid-based coverage estimation, and supervisor-validated target
claims, allowing policy behaviour to be evaluated under consistent conditions. The
framework also supports dataset generation, training, and evaluation for learned
detection models. Alongside the floor-only and table scenarios, it includes the
mixed_hard environment, which adds a visually complex floor and non-target
decoy objects as an additional benchmark. Together, these components support
the study of lightweight perception-aware navigation for autonomous object search
in structured indoor environments.

The remainder of the thesis is organised as follows. Chapter 2 introduces the
background needed to understand the project, including nano-drone definition and
constraints, simulation-based robotics development, object detection for resource-
constrained platforms, and the active inference concepts used in the policies.
Chapter 3 positions the project with respect to nano-drone object-search bench-
marks, active visual sensing, and perception-guided navigation. Chapter 4 describes
in detail the methodology of the Webots environment, the controller and supervisor
architecture, the detector pipeline, the coverage model, the navigation policies
and the experimental settings. The results chapter reports the final evaluation
outcomes across all environments, comparing naive policies, AIF-inspired policies,
learned detectors, and ground-truth perception, while also discussing trajectories
and the evolution of internal belief states where relevant. Finally, the conclusion
summarizes the findings, discusses the limitations of the simulation-based approach,
and outlines possible extensions toward more realistic environments, richer semantic
contexts, and future real-world deployment.
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Chapter 2

Background

The work developed in this thesis depends on several layers that have to be
understood together. The drone platform defines the physical scale of the problem:
it is small, mobile, and suitable for indoor search, but its limited payload and
computation constrain what kind of sensing and decision-making can realistically
be considered. Visual perception provides the evidence used by the search system,
turning camera frames into object hypotheses that can be mapped back to the task
space. Simulation then makes it possible to study this closed-loop interaction under
repeatable conditions, where the same environment structure can be evaluated
across different policies and detector settings. Finally, active inference provides
the probabilistic motivation for policies that use observations not only as outputs
of a trajectory, but as information that can shape where the drone should look
next. This chapter introduces these foundations before the implemented system is
described in Chapter 4.

2.1 Nano-Drone Hardware, Control, and Naviga-
tion

Autonomous search with a nano-drone is shaped by the physical limits of the
platform. The vehicle must carry its sensors and computation while preserving
stable flight, and every high-level decision must eventually be expressed as motion
commands that the drone can execute. For this reason, the search policy cannot
be separated entirely from the platform: camera placement, pose estimation, body-
frame commands, and low-level control all determine what viewpoints can be
reached and how visual evidence is acquired. This section introduces the nano-
drone setting, the Crazyflie reference platform, and the control abstractions used
later in the thesis.
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Background

Table 2.1: UAV taxonomy by vehicle class size

Vehicle class ∅ : Weight [cm:kg] Power [W] Onboard device class
standard-size ∼ 50 :≥ 1 ≥ 100 Desktop
micro-size ∼ 25 :∼ 0.5 ∼ 50 Embedded
nano-size ∼ 10 :∼ 0.01 ∼ 5 MCU
pico-size ∼ 2 :≤ 0.001 ∼ 0.1 ULP

2.1.1 Nano-UAVs and Indoor Autonomous Search
UAVs span a range of platforms, from larger inspection drones to small-size nano-
drones with highly constrained payload, energy, and computational resources. A
useful UAV taxonomy by vehicle class size [7] is reported in Table 2.1. The onboard
device classes range from desktop and embedded processors to MCUs and ULP
platforms.

Within this taxonomy, this thesis considers nano-quadrotors: palm-sized aerial
platforms whose limited payload, energy, and power budgets constrain the sensing
and computation available onboard [7, 1]. Their relevance to indoor robotics derives
from their ability to move through restricted spaces while carrying a camera across
multiple viewpoints within the same environment. This makes nano-UAVs suitable
platforms for inspection, monitoring, and object-search tasks [1, 8].

The same form factor also makes autonomous operation difficult. Limited
payload and energy budgets constrain battery capacity, sensor selection, and
onboard compute. In a visual-search system, flight control and obstacle avoidance
must coexist with image acquisition, detector inference, and action selection. These
functions must operate within limited memory, processing, timing, and power
budgets [1, 9].

Indoor deployment additionally requires state estimation. To navigate towards
a selected viewpoint and relate camera observations to locations in the room, the
drone must maintain an estimate of its pose relative to the environment. This
is distinct from obstacle perception: state estimation concerns the drone’s own
position and orientation, whereas obstacle perception concerns collision hazards in
its vicinity. Both functions must be supported by onboard sensing and computation
on a nano-UAV [9, 8].

Camera observations are partial and viewpoint-dependent. In camera-based
indoor object search, a target’s image position, apparent size, and visibility depend
on the relative pose between the camera and the object, as well as on possible
occlusions in the scene. The chosen motion determines which detector evidence
is acquired, while new evidence can change which subsequent viewpoint is worth
inspecting.
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Geometric exploration is a legitimate baseline for object search strategies. A
policy can spread observations across the room and react to nearby obstacles
without maintaining an explicit search belief. However, reactive obstacle avoidance
alone does not use tentative object detections to choose a better view. When
movement selection is independent of detector evidence, a weak detection or newly
observed contextual structure does not alter the next sensing action. The policy
may continue its geometric exploration pattern rather than deliberately seeking a
view that confirms, rejects, or classifies the observed target.

Active visual object search addresses this missing connection by maintaining a
representation of the search state and using accumulated observations to prioritize
subsequent sensing actions [10]. The environment studied in this thesis is not an
unknown-map exploration problem: the room geometry and task grid are predefined.
Instead, the relevant uncertainty concerns the presence and class of targets within
the grid and, in the table scenarios, the location of contextual table surfaces. The
proposed policies use detector evidence to change the relative priority of candidate
cells and viewing directions.

2.1.2 Crazyflie Platform
The Crazyflie 2.1 [11] is an open-source flying development platform developed by
Bitcraze for education, research, and prototyping. It is a palm-sized drone, with a
takeoff weight of approximately 29 g and a motor-to-motor size of about 92 mm,
making it representative of the class of nano-UAVs considered in this thesis. Its
recommended payload limit of 15 g constrains the sensing and computing hardware
that can be carried onboard. Its relevance comes from providing a compact and
extensible nano-drone architecture with flight-control hardware, onboard sensing,
and support for expansion decks.

The core Crazyflie 2.1 hardware includes an STM32F405 microcontroller [11]
as the main application processor, an additional radio and power-management
microcontroller, an IMU, a pressure sensor, radio communication, Bluetooth Low
Energy support, and a small onboard battery. The STM32 processor is responsible
for the main embedded application logic and low-level flight-related computation,
while the onboard sensors support stabilization and state estimation. The platform
can also be extended through Bitcraze expansion decks, which add capabilities
such as optical flow, ranging, positioning, and embedded vision [11].

For visual perception and embedded AI experiments, the Crazyflie ecosystem
includes the AI-deck 1.1 expansion board [12]. The AI-deck adds a GAP8 ultra-
low-power RISC-V processor, a Himax low-power monochrome camera, external
memory, and Wi-Fi connectivity. This provides an example of the additional, but
still constrained, onboard processing available within the Crazyflie ecosystem. Such
hardware can support lightweight vision and embedded-AI experiments, but model
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Figure 2.1: Bitcraze Crazyflie 2.1 nano-UAV. Official product image repro-
duced from Bitcraze documentation [11].

size, inference rate, memory use, and power consumption remain important design
constraints [1].

In this thesis, the Crazyflie serves as a hardware reference for a simulated drone.
The simulated model is adapted with a downward-facing camera so that the FoV
can be projected onto the environment and related to grid-cell coverage. The
simulation preserves the task-level coupling between continuous aerial motion,
camera viewpoint, and detector observations, but it does not directly reproduce
onboard processor performance. Pose is supplied by the simulator, so onboard
localisation is not implemented or evaluated. The Crazyflie platform provides a
concrete nano-drone reference point for evaluating detector-based object search
and lightweight active-sensing policies in simulation.
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2.1.3 Quadcopter Pose, Coordinate Systems, and PID Con-
trol

The pose of a quadcopter is described by its position and orientation in three-
dimensional space [13]. The translational position of the vehicle in the world frame
is written as

pW =
è
x y z

é⊤
. (2.1)

where x, y, and z denote the position of the drone with respect to a fixed environment
coordinate system. Its attitude can be represented using Euler angles,

η =
è
ϕ θ ψ

é⊤
. (2.2)

where ϕ is roll, θ is pitch, and ψ is yaw. Roll and pitch describe the inclination of
the drone body, while yaw describes its heading around the vertical axis.

For navigation, it is important to distinguish between the world frame and the
body frame. The world frame is fixed to the environment and is used to describe
positions, trajectories, and object locations. In this thesis setting, the simulated
drone pose, target objects, tables, and room geometry are all represented relative
to this frame. The body frame, by contrast, is attached to the drone and rotates
with it. Motion commands such as forward velocity, sideways velocity, and yaw
rate are naturally expressed relative to the drone’s current orientation.

The planar navigation abstraction used in this thesis relies primarily on yaw
to relate body-frame motion to displacement in the environment. This is appro-
priate because the drone is regulated around a fixed altitude and the navigation
policies reason about horizontal motion and viewing direction rather than full
three-dimensional trajectory generation. Yaw also determines the orientation of
the downward-facing camera footprint projected onto the environment.

Low-level flight control is typically separated from high-level navigation. The
high-level layer specifies desired motion, altitude, or yaw commands, while the
lower-level controller tracks these setpoints and stabilizes the vehicle. A common
feedback mechanism for this purpose is proportional–integral–derivative (PID)
control [14]. For a scalar reference signal r(t) and measured output y(t), the
tracking error is

e(t) = r(t) − y(t). (2.3)

The PID controller computes a control signal

u(t) = Kpe(t) +Ki

Ú t

0
e(τ) dτ +Kd

de(t)
dt

. (2.4)

where Kp, Ki, and Kd are the proportional, integral, and derivative gains. The
proportional term reacts to the current error, the integral term compensates for
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accumulated steady-state error, and the derivative term reacts to the rate of error
variation.

Multirotor controllers commonly use cascaded feedback structures, in which
outer loops regulate quantities such as position, velocity, or altitude, while inner
loops regulate attitude and angular rates [13, 15]. In the simulated controller used in
this thesis, navigation policies ultimately provide desired forward velocity, sideways
velocity, and yaw rate. These commands are translated into motor commands
through a fixed-height feedback controller, allowing the policy-level problem to
focus on horizontal motion and viewing direction.

2.2 Simulation for Autonomous Robotics
In an autonomous search task, performance depends on the full loop between
movement, sensing, detection, and action selection. During a run, the drone
trajectory determines the camera views, the camera views determine the detector
evidence, and that evidence may affect the following movement decisions. A useful
experimental setup must therefore preserve the closed-loop nature of the task while
still allowing controlled comparison between different policies. Simulation provides
this role in the thesis: it gives access to repeatable scene generation, consistent
sensor and detector inputs, and supervisor-side ground truth for evaluating the
outcome of each run. This section introduces simulation as an experimental tool
for robotics and then describes the Webots framework used for the project.

2.2.1 Role of Simulation in Robotics Development
Simulation is widely used in robotics development because it provides controlled
environments in which algorithms can be designed, tested, and compared before
deployment on physical hardware [16]. This is valuable across robotics domains
because real-world experiments can be time-consuming, expensive, difficult to
reproduce, and potentially dangerous. A simulated environment allows researchers
to iterate over robot controllers, sensor configurations, object placements, control
policies, and evaluation protocols without requiring manual reconstruction of the
experimental setup after every run.

One important role of simulation is to accelerate the development of robotic
control and decision-making systems. Collecting large amounts of interaction data
on physical platforms can require substantial time, labour, and hardware mainte-
nance. Simulation can instead generate varied trajectories, sensor observations,
and labelled data at a scale that would be impractical to obtain through repeated
physical experiments [17]. This is particularly important for learning-based robotics,
where control policies or perception systems may require substantial experience
before they become reliable. Even when a final system is not trained end-to-end in
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simulation, simulated environments remain useful for testing design choices and
identifying failure cases before physical deployment.

A second key advantage of simulation is repeatability. In physical experiments,
even small differences in initial conditions, lighting, sensor noise, or object placement
can make controlled comparisons difficult. In simulation, these factors can be
fixed, randomised systematically, or recorded through known seeds. This makes it
possible to compare algorithms under matched conditions and to separate changes
in algorithm behaviour from changes in the experimental setup. For aerial object-
search tasks, repeatability is particularly important because performance depends
on the interaction between the drone trajectory, camera FoV, detector outputs, and
target locations. In this thesis, the simulator also retains exact scene annotations,
which are used to generate detector labels and to validate target claims after a run.
A separate simulator-derived ground-truth detector condition is used deliberately
as a best-case perception benchmark.

Simulation does not remove the need for caution when interpreting results.
Simulated sensors, dynamics, lighting, textures, and object appearances may differ
from their physical counterparts. This discrepancy is commonly referred to as the
sim-to-real gap [17, 18]. A policy or detector that performs well in simulation may
not transfer directly to physical hardware if it relies on idealized sensor behaviour,
simplified dynamics, or visual features that do not generalize. Performance in
simulation therefore does not, by itself, establish comparable performance on
physical hardware.

In this thesis, simulation is used as an experimental framework for studying
autonomous nano-drone object search under controlled conditions. It enables
repeatable comparison of policies, learned detector variants, and a simulator-
derived ground-truth detector condition. It also makes it possible to evaluate how
changes in environment structure, such as the introduction of table surfaces, affect
visual coverage and downstream search performance. In this project, learning is
limited to the object-detection models. The role of simulation is to provide a
precise and reproducible setting in which the perception, navigation, and evaluation
components of the system can be developed and analysed.

2.2.2 Webots Simulation Framework
Webots is a robotics simulation framework used to model, program, and simu-
late robotic systems in three-dimensional virtual environments [19]. It provides
an integrated environment in which a user can define a scene, add robots and
objects, assign physical and visual properties, attach sensors and actuators, and
run controller programs that interact with the simulated world. In the context
of this thesis, Webots provides the simulation layer used to implement the drone
environment, the camera-based perception pipeline, the object-spawning logic, and
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the evaluation infrastructure.
A Webots simulation is defined by a world file. Conceptually, a world is

organised as a scene tree composed of nodes. Nodes describe elements of the
simulated environment, including world settings, lights, viewpoints, shapes, solid
objects, robots, sensors, and actuators. Each node has fields that specify properties
such as position, orientation, geometry, appearance, mass, or controller assignment.
Objects can be defined through reusable PROTO models, which package a node
structure into a parameterized object that can be instantiated multiple times [20].

Robots in Webots are represented by Robot nodes. A Robot node is a physical
object in the scene tree associated with a controller program that reads simulated
sensors and sends commands to actuators. Controllers can be written in several
programming languages, including Python, C, C++, Java, and MATLAB. During
a simulation, the controller interacts with the robot through the Webots controller
API, for example by reading camera images and sensor measurements or command-
ing motors. In the default synchronised execution mode, the controller advances
by repeatedly calling the step function; Webots advances the simulation by the
corresponding control interval before returning control to the controller [20].

Webots also supports Supervisor nodes, which are special robot nodes with
additional access to the simulation world. A supervisor can inspect or modify
elements of the scene tree, reset objects, spawn or remove nodes, read object poses,
and coordinate experimental runs. This capability separates the autonomous robot
controller from the experimental infrastructure. The robot controller can operate
from its controller-side sensor and detector inputs, while the supervisor manages
scenario generation, ground-truth validation, run termination, and evaluation
reporting [20]. Figure 2.2 summarizes the separation between the simulated world,
the robot controller, and the supervisor controller in Webots.

The simulator combines physics simulation and rendering. Physical properties
such as mass, collision geometry, friction, and joints determine how objects interact
under the physics engine. At the same time, the rendering system produces visual
observations for simulated cameras, including the effects of geometry, textures,
lighting, viewpoint, and occlusion.

2.3 Neural Networks and Object Detection
Visual perception provides the evidence that connects camera observations to
task-level search decisions. In this thesis, that role is assigned to object detectors:
learned models identify bottles, cans, and, in the table environments, desks. Their
outputs are interpreted by the controller, mapped to grid cells, and used either
to generate target claims or to update the beliefs of the active-sensing policies.
The navigation policies themselves remain explicitly defined, so the role of neural
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Webots simulation

Controller programs

World file
.wbt

Scene tree
nodes and fields

Robot node
sensors and actuators

Supervisor node
world-state access

Robot controller
sensor processing and actuation

Supervisor controller
scenario management and evaluation

defines

sensor data

actuator commands

scene-state data

scene modifications

Figure 2.2: Webots world, robot-controller, and supervisor-controller in-
teractions. A .wbt world file defines a scene tree containing robot and supervisor
nodes. Robot controllers receive sensor data and send actuator commands. Super-
visor controllers read scene-state information and can apply scene modifications
through the Supervisor API [20].

networks in this thesis is concentrated on perception. The following subsections
introduce the basic supervised-learning formulation behind these detectors and
then focus on lightweight object detection models suitable for constrained robotic
settings.

Neural networks are parameterized functions that learn mappings from input
data to output predictions by adjusting their parameters from example data. A
model with parameters θ can be written abstractly as

ŷ = fθ(x), (2.5)

where x is an input, such as an image or sensor measurement, and ŷ is a predicted
output, such as a class label, bounding box, or continuous control command.

In supervised learning, the model is trained from a dataset D = {(xi,yi)}N
i=1 by

minimizing an empirical loss,

θ∗ = arg min
θ

1
N

NØ
i=1

L (fθ(xi),yi) . (2.6)

Here, yi denotes the target output associated with input xi. Modern deep neural
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networks compose multiple learned transformations and nonlinear activation func-
tions, allowing them to learn useful representations from high-dimensional data
such as images [21].

2.3.1 Neural Networks for Perception and Control
For autonomous robotics, two roles are particularly relevant: perception and control.
In perception, neural networks process sensor data into task-relevant estimates.
In visual robotics, this includes image classification, object detection, semantic
segmentation, and depth estimation [22]. For object search, a detector transforms
a camera image into structured predictions such as object classes, image-space
bounding boxes, and confidence scores. These predictions can then be used by
downstream navigation or decision-making modules.

Neural networks can also be used for control and navigation. They may map
observations directly to actions, estimate value functions, predict future states, or
provide learned components within planning systems. An end-to-end visuomotor
policy, for example, can map image observations directly to control commands,
while RL policies can learn behaviour through interaction with an environment and
an optimization objective [23, 24]. These methods can learn complex relationships
between visual observations and control decisions. However, their behaviour depends
on the training data, the learning objective, and how closely deployment conditions
resemble the conditions encountered during training.

This thesis uses neural networks for perception rather than for learning the
navigation policy itself. The learned detector models process simulated camera
images to predict target objects and, in the table environments, desks. A separate
simulator-derived ground-truth detector condition is used only as a perception
reference and is not a learned model. The navigation policies are explicitly defined
algorithms rather than end-to-end learned visuomotor policies.

2.3.2 Lightweight Object Detection
Object detection is the computer-vision task of identifying and localising object
instances in an image. Unlike image classification, which assigns one or more labels
to an entire image, an object detector returns a set of predictions associated with
individual image regions. Each detection typically contains a predicted class, a
bounding box, and a confidence score. For an input image x, the output of a
detector can be represented as

D(x) = {dj}N
j=1, dj = (ℓj,bj, sj), (2.7)

where ℓj is the predicted class of detection j, bj is its bounding box, sj ∈ [0,1] is
its reported confidence score, and N is the number of detections returned for the
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image. In robotic object search, these detections can be converted into task-level
information such as target claims, spatial maps, or policy observations.

On a nano-UAV, visual perception competes with flight control, sensing, com-
munication, and navigation for limited computational and energy resources. The
relevant question is not only whether a detector recognizes objects accurately, but
whether it can produce useful observations frequently enough for a moving camera
and a time-limited search mission. Lamberti et al. [1] illustrate this constraint in
an onboard nano-drone system that combines object detection with autonomous
exploration. When detector updates are sparse relative to drone motion, an object
can enter and leave the camera FoV without producing usable evidence for the
search controller.

Modern object detectors are commonly grouped into two-stage and single-stage
architectures. Two-stage methods, such as Faster R-CNN [25], first generate
candidate image regions and then classify and refine them. Single-stage methods,
such as SSD [26] and YOLO [27], predict object locations and classes directly from
the image in one network evaluation. This avoids a separate region-proposal stage
and is often preferable when computational cost and response time are important.

Lightweight detectors typically combine an efficient feature extractor with single-
stage prediction heads. Computational cost can be further reduced through model
scaling, quantization, pruning, or architecture-specific optimizations, such as early-
exit mechanisms [28]. These approaches are relevant to nano-drone vision because
the detector must provide usable evidence without monopolizing the resources
required by the rest of the system.

In this thesis, learned detectors form the perception component of the search
system. They transform simulated camera frames into detections of target objects
and, in the table environments, desks. The controller then converts the retained
detections into class labels, confidence values, bounding-box locations, mapped
grid cells, and target claims. The detector therefore provides the interface between
visual sensing and the higher-level search policy.

The following subsections introduce the two detector families used in the experi-
ments: MobileNetV2-SSD and YOLO.

2.3.3 MobileNetV2-SSD
MobileNetV2-SSD combines an efficient convolutional feature extractor with a
single-stage detection architecture. MobileNetV2 [29] extracts visual features from
an input image, while SSD [26] predicts object classes and bounding boxes from
selected feature maps. This combination is relevant to embedded vision because it
avoids the separate region-proposal stage used by two-stage detectors and uses a
backbone designed to reduce computational cost.

MobileNetV2 is a CNN architecture designed for mobile and embedded vision
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applications. Its central component is the inverted residual block with a linear
bottleneck. Each block begins with a narrow feature representation, expands it into
a higher-dimensional intermediate space, applies depthwise convolution, and then
projects the result back to a narrow output representation. Residual connections
link compatible input and output bottlenecks.

The efficiency of MobileNetV2 relies partly on depthwise separable convolu-
tion, originally introduced for MobileNet [30]. A conventional convolution jointly
performs spatial filtering and channel mixing. Depthwise separable convolution
separates these operations: spatial filtering is applied independently to each channel,
and pointwise convolution then combines channel information. This substantially
reduces computational cost relative to a conventional convolution with the same
input and output dimensions.

SSD [26] predicts detections directly from convolutional feature maps in a single
forward pass. It defines default boxes with different scales and aspect ratios at
selected feature-map locations. For each default box ak, the network predicts a
localisation adjustment and class-score vector,

(∆bk,pk) , (2.8)

where ∆bk encodes the adjustment from the default box to the predicted bounding
box and pk contains class scores. Predictions are generated from feature maps
with different spatial resolutions, allowing SSD to detect objects at different image
scales.

For the floor-only experiments, this thesis includes a MobileNetV2-SSD detector
reconstructed in PyTorch to approximate the MobileNet-SSD configuration and
computational scale reported by Lamberti et al. [1]. It provides a detector condition
directly connected to the nano-drone platform and onboard perception setting
that motivated this project. The common detector-processing cadence used during
evaluation is described in the methodology chapter.

2.3.4 YOLO Models
YOLO [27] is a family of single-stage object detectors designed around efficient
real-time detection. The original YOLO formulation treated object detection as
a direct regression problem from an input image to bounding boxes and class
probabilities. Rather than generating object proposals and classifying them in
separate stages, the detector predicts localisation and classification outputs through
one network evaluation.

Modern YOLO models differ substantially from the original architecture, but
retain the same broad principle. They extract image features, combine information
across multiple spatial scales, and produce object-class and bounding-box predic-
tions in a single detection pipeline. Multi-scale features matter because the same

16



Background

target can occupy very different image areas as the camera viewpoint changes.
This thesis uses the Ultralytics YOLO11 family [31] as its main learned-detector

family. The floor-only experiments compare YOLO11-nano and YOLO11-small
models trained to detect bottles and cans. The table-enriched and hard experi-
ments use YOLO11-small models trained with an additional desk class, since desk
detections are used to infer table-surface locations as well as to identify target
objects.

2.4 Active Inference and Expected Free Energy
The policies developed in this thesis are inspired by active inference because
the search problem is fundamentally about choosing actions that change future
observations. A drone looking for objects should choose viewpoints that are expected
to clarify uncertain parts of the task. Active inference provides a probabilistic
language for this idea: the agent maintains beliefs about hidden states, updates
those beliefs from observations, and evaluates actions through the observations they
are expected to produce. The following subsections introduce the free-energy and
expected-free-energy concepts needed to understand the later policy formulations.

2.4.1 Variational Free Energy
The Free-Energy Principle [32] is a broad theoretical account of perception, learning,
and action based on probabilistic inference. At its broadest, it relates adaptive
behaviour to biological self-organisation: an organism must remain within a limited
range of sensory states over time, and perception and action are interpreted as
processes that help maintain those conditions. The computational treatment used
in this thesis focuses on belief formation: an agent maintains beliefs about the
hidden causes of its observations and updates those beliefs as new sensory evidence
becomes available.

Consider the discrete-state setting used in this thesis. Let an agent receive an
observation o generated by a hidden state s. The agent is assumed to possess a
generative model of the relation between hidden states and observations,

p(o, s) = p(o | s)p(s), (2.9)

where p(s) is the prior distribution over hidden states and p(o | s) is the likelihood
of observing o when the hidden state is s.

Given an observation, the ideal Bayesian posterior is

p(s | o) = p(o | s)p(s)
p(o) , (2.10)
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where
p(o) =

Ø
s

p(o, s) (2.11)

is the model evidence, also called the marginal likelihood. The negative logarithm
of the model evidence,

− ln p(o), (2.12)

is known as surprisal. An observation has high surprisal when it is assigned low
probability by the generative model.

For models with many possible hidden states, evaluating the marginal likelihood
exactly may be impractical because it requires summing over all of them. Variational
inference addresses this issue by introducing an approximate posterior distribution
q(s). The corresponding variational free energy is

F [q; o] = Eq(s) [ln q(s) − ln p(o, s)] . (2.13)

This quantity can be rewritten as

F [q; o] = DKL (q(s) ∥ p(s | o)) − ln p(o), (2.14)

where DKL is the Kullback–Leibler divergence. Since the Kullback–Leibler diver-
gence is non-negative,

F [q; o] ≥ − ln p(o). (2.15)

For a fixed observation, the surprisal term is fixed. Minimizing variational free
energy therefore reduces the discrepancy between the approximate belief q(s) and
the Bayesian posterior p(s | o). In practical terms, the agent updates its beliefs so
that they better explain the observed sensory data under its generative model [33,
5].

Variational free energy can also be written as

F [q; o] = DKL (q(s) ∥ p(s)) − Eq(s) [ln p(o | s)] . (2.16)

The first term measures the change from the prior belief to the approximate posterior,
while the second measures how well the inferred state explains the observation. This
form is commonly described as a balance between belief complexity and prediction
accuracy.

In the later policies, beliefs are represented explicitly as discrete probability
distributions over task-relevant hidden states. The controller updates them directly
from specified priors and likelihood models when new observations are received.
The derivation above provides the probabilistic interpretation of this procedure:
each update revises the current estimate of the hidden task state in light of new
evidence.
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2.4.2 Active Inference
Active inference extends belief updating to action selection. Instead of only updating
beliefs after receiving observations, an active-inference agent also evaluates actions
according to the observations they are expected to make available. Perception
updates beliefs about hidden states, while action changes the evidence that the
agent is likely to receive in the future [33, 34].

In discrete active-inference models, the generative model is often described
through three components. The observation model A represents the likelihood
p(ot | st), the transition model Bat represents the state transition probability
p(st+1 | st, at), and the preference model C encodes prior preferences over outcomes
[5].

Given an observation at time t, perceptual inference can be expressed as

q∗(st) = arg min
q(st)

Ft[q], (2.17)

where Ft[q] is the variational free energy associated with the current observation.
The resulting belief state represents the agent’s estimate of the hidden variables
that best explain the available evidence.

In a general active-inference model, actions can affect both future hidden states
and future observations. The object-search setting considered in this thesis is more
specific. The hidden target state of a grid cell is treated as static while a candidate
action is evaluated. Selecting a target cell and yaw does not change whether an
object is present. Instead, it changes the future camera viewpoint, the coverage
of grid cells, and the expected reliability of the resulting visual evidence. The
relevant action dependence therefore appears primarily in the observation model
conditioned on the action, P (o′ | s′, a), where a denotes a candidate sensing action.

Preferences specify which observations would be useful for the task. In a
visual-search setting, observations corresponding to target detection or confident
class resolution can be preferred over observations that leave the state uncertain.
These preferences do not directly determine an action. They are combined with
the agent’s current beliefs and predicted future observations to evaluate which
candidate viewpoint is worth selecting.

This introduces two complementary aspects of action selection. An action can
be valuable because it is expected to support a preferred task outcome, or because
it is expected to reduce uncertainty about a hidden state. Expected free energy
provides a formal way to combine these two considerations.

2.4.3 Expected Free Energy
Expected free energy is used in active inference to score the anticipated consequences
of future actions. Formal discrete-state formulations usually define a policy π as a
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sequence of actions over a future time horizon [5]. The policies developed in this
thesis rank the immediate next sensing decision and re-evaluate after new evidence
becomes available. The following discussion therefore uses a to denote a candidate
action.

To evaluate an action, the agent predicts the observations that it may produce.
Let Q(s′ | a) denote the predictive belief over a future hidden state and let
P (o′ | s′, a) denote the observation model conditioned on the action. The predicted
distribution over future observations is then

Q(o′ | a) =
Ø
s′
P (o′ | s′, a)Q(s′ | a). (2.18)

In a general active-inference model, an action may affect both future hidden
states and future observations. In the object-search formulation used in this thesis,
target states are treated as static over one sensing decision. The main role of the
action is therefore to change the viewpoint, the visible area of the environment,
and the reliability of the resulting observation model.

Expected free energy combines pragmatic and epistemic considerations. The
epistemic component is called epistemic value. It measures how much an action
is expected to reduce uncertainty about hidden states. For discrete states and
observations, it can be expressed as expected information gain,

IG(a) =
Ø
o′
Q(o′ | a)DKL (Q(s′ | o′, a) ∥ Q(s′ | a)) . (2.19)

Here, Q(s′ | a) is the predictive belief before observing the future outcome, while
Q(s′ | o′, a) is the belief that would result after observing o′. The information-gain
term is therefore high when an action is expected to produce observations that
substantially change the agent’s belief about hidden states [34, 5].

Preferences encode which observations would be desirable for the task. Let
P (o′ | C) denote a prior preference distribution over future observations. Under the
usual posterior-consistency approximation, expected free energy can be expressed
as

GEFE(a) ≈ EQ(o′|a) [− lnP (o′ | C)] − IG(a). (2.20)

The first term is an expected preference cost. It is low when the action is expected
to produce observations preferred by the agent. The second term rewards actions
that are expected to reduce uncertainty. This form expresses expected free energy
as a balance between preferred task outcomes and information gain [34, 5].

Expected free energy can also be expressed through a risk and ambiguity
decomposition,

GEFE(a) = DKL (Q(o′ | a) ∥ P (o′ | C)) + EQ(s′|a) [H (P (o′ | s′, a))] , (2.21)
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where H denotes entropy. The risk term measures the mismatch between predicted
and preferred observations, while ambiguity measures the expected uncertainty of
observations under the likelihood model [34, 5].

The precise action scores used by the policies are introduced in the methodology
chapter. They are adaptations inspired by active inference that combine preference
or utility terms specific to the task, expected information gain, and movement cost
when selecting the next target cell and viewing direction.
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Chapter 3

Related Work

The work in this thesis is positioned between lightweight nano-drone search and
broader approaches to active visual navigation. Its closest practical reference is the
use of compact detectors and simple exploration rules on Crazyflie-like platforms,
where the main challenge is to obtain useful object detections under severe resource
constraints. The policies developed here keep that low-complexity setting, but
change the role of perception: detections are not only used to report objects
encountered along a trajectory, but also to update beliefs that influence where the
drone should move next.

This connects the thesis to active visual search, where sensing actions are selected
according to the information they are expected to provide. It also relates to semantic
object navigation and learned navigation policies, although the problem studied
here is deliberately narrower. The room geometry and task grid are predefined,
the object categories are limited, and navigation is implemented through explicit
belief updates rather than an end-to-end learned policy. The related work is
used to place the project in this intermediate space: more perception-aware than
detector-agnostic exploration, but more compact and interpretable than general
semantic navigation.

3.1 Nano-Drone Object Search with Lightweight
Detection

The closest practical reference for this thesis is the nano-drone object-search work
of Lamberti et al. [1]. Their study combines a Crazyflie nano-drone, lightweight
onboard object detection, and simple autonomous exploration policies in an indoor
search task. This thesis takes that work as the starting point for the simulated
evaluation setting: the room scale, the Crazyflie-based drone model, and the
detector-agnostic baseline policies are adapted from the same object-search scenario.
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In Lamberti et al., the navigation policies are deliberately lightweight. The
drone follows simple exploration behaviours, while the detector is used to identify
target objects encountered during flight. This structure is important because it
provides a realistic low-complexity reference for nano-drone search: the navigation
strategy does not rely on dense semantic mapping, learned visuomotor control, or
expensive planning, but still produces task-level object-finding behaviour when
combined with a compact detector.

The baseline policies in this thesis preserve this low-complexity role. They are
not intended as state-of-the-art navigation methods; they define the performance
obtained when the drone explores using simple motion rules and target detections
are used only to produce claims. Reimplementing these policies in Webots makes it
possible to compare the original style of detector-assisted exploration with policies
in which detections are also used to update an internal search belief.

The main difference introduced in this thesis is at the policy level. Instead of
treating detector outputs only as events produced along a trajectory, the AIF-
inspired policies convert them into observations over grid-cell states. This allows the
navigation policy to prefer locations that are uncertain, likely to contain a target,
or useful for resolving a previously observed object. The comparison with the
recreated baseline policies tests whether this additional belief structure improves
search performance in the same kind of constrained nano-drone task.

Related work on nano-drone perception has also investigated how to reduce the
cost of running detectors onboard. BlankSkip [28], for example, reduces average
detector computation by skipping full detection on frames predicted to contain no
relevant object. This direction is complementary to the present thesis. It focuses
on reducing the cost of producing detections, while the work here focuses on how
detections, once produced, can be used by the search policy.

3.2 Active Visual Search and Belief-Guided Sens-
ing

In visual search, movement is part of the sensing process. The agent does not
only receive images; it selects the viewpoints from which future images will be
acquired. This idea is central to active perception, where sensing is treated as an
action-dependent process rather than a passive stream of measurements [3]. For
object search, the implication is that a good action is not necessarily the one that
covers the largest area, but the one that is expected to produce useful evidence for
the current task.

Active visual object search extends this principle to robotic systems that must
locate objects under uncertainty. Aydemir et al. [10], for example, use uncertain
semantic information to guide object search in indoor environments. Their work
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is broader than the setting considered here, since it addresses semantic search in
unknown environments, but it establishes an important idea for this thesis: object
search can be formulated as a decision problem over uncertain spatial and semantic
information, not only as a geometric coverage problem.

A related line of work formulates active visual search through explicit planning
under partial observability. POMP++ [35] models active visual search in unknown
indoor environments using a Partially Observable Monte Carlo Planning framework,
with online belief updates and a dynamically growing state space. This type of
approach is more general than the grid-based policy used in this thesis, since it
addresses object search in larger embodied-navigation benchmarks and reasons
over map growth during exploration. Its relevance here is the shared emphasis on
belief-guided search: the next action is selected using the current estimate of where
useful visual evidence may be obtained.

The most direct conceptual inspiration for the policies developed in this thesis is
the active-inference saccade-agent model of Vyas et al. [6]. In that model, an agent
controls fixation over a discretized visual field and maintains beliefs over hidden
object and class states. Different observation regimes distinguish regions outside
vision, peripheral evidence, and fixation-level evidence, allowing the agent to explore
when uncertain and to fixate regions where class information is expected to be
resolved. The model connects active sensing, object classification, and expected
information gain in a compact discrete setting.

Adapting the saccade-agent idea to the drone setting changes the relation
between action and observation. In the original model, fixations are selected over a
discretized visual field. In this thesis, the policy also reasons over a two-dimensional
grid, but the camera FoV is displaced by continuous drone motion and may cover
each grid cell only partially. This makes the observation model depend on projected
camera coverage and on the physical cost of moving to a new viewpoint. The idea
inherited from the saccade model is the use of uncertain object evidence to guide
the next sensing action; the action space and observation geometry are adapted to
the drone search problem.

Active inference has also been applied to robotic active vision outside the
saccade-agent setting. Van de Maele et al. [36] formulate active vision for a robotic
manipulator through the Free Energy Principle, using a learned generative model
and expected free energy to select viewpoints for an object-reaching task. Their
setting differs substantially from the drone search task considered here, but it
provides an important connection between active-inference theory and robotic
viewpoint selection. In both cases, actions are evaluated through the observations
they are expected to make available.
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3.3 Semantic Object Navigation and Learned
Navigation Policies

A broader line of related work studies object navigation in embodied environments.
ObjectNav is commonly defined as the task of navigating to an instance of an object
category in an unexplored environment [37]. Compared with the drone-search
task considered in this thesis, ObjectNav usually involves a wider range of scenes,
object categories, and navigation decisions. The agent may need to explore an
unknown layout, recognize semantic categories, decide when the target has been
reached, and generalize across different environments. The common element is that
object-related visual evidence is tied to action: the agent’s movement determines
what it can observe, and the observations collected during navigation affect what
actions are useful next.

Many strong ObjectNav approaches use modular semantic representations. Goal-
Oriented Semantic Exploration [38], for example, builds an episodic semantic map
and uses it to guide exploration toward the goal object category. In this type
of method, visual observations are not treated as isolated detections. They are
accumulated into a structured representation of the scene, which then supports
longer-horizon navigation toward semantic goals.

The representation used in this thesis is much smaller and more task-specific.
The room geometry and task grid are predefined, and the policy does not build
a full semantic map of an unknown environment. The relevant uncertainty is
restricted to the search task: whether a grid cell contains a target, which class
the target belongs to, and, in the table environments, whether a cell belongs to a
raised surface. This places the method between detector-agnostic exploration and
general semantic navigation: it uses perception to guide motion, but only through
a compact belief state tied to the task grid.

Learned navigation policies provide another possible approach. End-to-end
visuomotor policies can learn direct mappings from observations to actions [23], and
RL has been widely studied for robotic control and navigation [24]. Such methods
can learn complex behaviours from data, but their performance depends on the
training objective, the amount and diversity of experience, and the match between
training and evaluation conditions. For the type of comparison pursued here, this
would make the analysis less transparent: detector quality, coverage geometry,
movement cost, and policy memory would all be absorbed into the training process
and the learned representation.

The approach followed in this thesis remains deliberately explicit. Learned mod-
els are used for object detection, while navigation is defined through interpretable
policy rules and belief updates. This makes it possible to compare detector-agnostic
baselines, learned detectors, ground-truth perception, and belief-guided action
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selection within the same evaluation pipeline. The resulting work is narrower than
general ObjectNav, but it isolates a specific question relevant to constrained drone
search: whether a compact task belief can improve object-search behaviour over
lightweight exploration alone.
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Chapter 4

Methodology

This chapter describes the implemented system used to evaluate active-inference-
inspired navigation for autonomous nano-drone object search. The system is
built around a closed-loop interaction between flight, visual perception, task-level
representation, policy selection, and supervisor validation. A simulated Crazyflie
moves continuously through the Webots environment, while camera observations
and object detections are projected onto a discrete grid used for coverage estimation,
belief updates, target claims, and evaluation.

The purpose of the methodology is to make explicit how continuous drone motion
is connected to the symbolic quantities used by the search policies. The room
geometry, camera footprint, detector interface, controller-supervisor communication,
and policy state representations all have to be defined consistently, because each
component affects what the drone can observe and how those observations influence
future motion. The chapter first defines the environment and task representation,
then describes the coverage and perception pipelines, the closed-loop execution
architecture, the implemented navigation policies, and the evaluation protocol.

4.1 Simulation Environment and Task Definition

The search task is defined in a simulated indoor room, but the quantities used by the
controller are not all represented in the same space. The drone flies in continuous
Webots coordinates, while the search objective is expressed over a finite grid of
possible target locations. This separation is central to the methodology: continuous
motion determines the camera viewpoint, but the resulting visual evidence must be
mapped into a representation where coverage, beliefs, claims, and metrics can be
updated consistently. This section defines the room, the task grid, the drone-camera
configuration, and the object categories used across the evaluated environments.
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4.1.1 Continuous Room and Grid Abstraction
The simulated search environment is a rectangular indoor room with width 5.5 m
and length 6.5 m. Its metric coordinates are centred on the Webots world origin,
such that

x ∈ [−2.75, 2.75], y ∈ [−3.25, 3.25]. (4.1)

For task-level reasoning, the room is partitioned into square cells with side
length

∆ = 0.5 m. (4.2)

This produces an 11 × 13 grid containing

Ncells = 11 × 13 = 143 (4.3)

cells. A cell is denoted by (cx, cy), where cx identifies the column and cy identifies
the row. The centre of cell (cx, cy) is

pcx,cy =
xmin +

1
cx + 1

2

2
∆

ymin +
1
cy + 1

2

2
∆

 . (4.4)

The grid is a symbolic task representation rather than a restriction on flight
motion. The drone state and its camera pose remain continuous in the Webots
world frame, while cells provide a common spatial reference for camera coverage,
detector-output projection, target claims, policy beliefs, and evaluation reports.
For instance, a target claim associated with cell (cx, cy) denotes a detector-derived
assertion about the corresponding region of the room.

This representation also separates the geometry of flight from the spatial granu-
larity used for search. The controller can estimate the fraction of each cell covered
by the projected camera footprint, while the navigation policies can reason over
candidate cells and viewing directions without treating the drone motion itself
as cell-to-cell teleportation. Figure 4.1 illustrates this relationship between the
continuous room, the discrete task grid, the drone pose, and the projected camera
footprint.

4.1.2 Drone, Camera, and Scene Object Categories
The simulated vehicle is a Crazyflie-derived nano-drone model equipped with a
downward-facing camera. Flight is constrained to a fixed nominal altitude of

zflight = 1.5 m. (4.5)

This configuration makes the camera footprint directly projectable onto the room
floor and, where applicable, onto raised desk surfaces. The drone moves continuously
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Figure 4.1: Continuous room geometry and task-grid abstraction. The
simulated room is represented in metric world coordinates and partitioned into
an 11 × 13 task grid. The drone pose and yaw remain continuous, while the
projected downward-camera footprint determines the grid cells that can receive
visual evidence.

in the horizontal plane, while the controller associates camera observations with
grid cells through the geometric model introduced in the following section.

The visual-search task contains two target classes:

Ctarget = {target_bottle, target_can} . (4.6)

Only detections of these classes can produce task claims and contribute to suc-
cessful completion of an episode. The table-enriched environments additionally
contain desks, represented by the non-target class desk. Desk observations provide
contextual information about raised surfaces and are used to determine where
table-height observation geometry should apply, but they are not themselves objects
to be found.

29



Methodology

Table 4.1: Scene-object roles across experimental environments.

Objects Role Setting

Bottle and can Claimable task targets All
Desk Raised-surface context Tables, hard
Ball, cereal box, plate, and
flower pot

Non-target visual clutter Hard

The mixed_hard environment further includes non-target distractor objects.
These are deliberately outside the task label set: they neither create target claims
nor provide desk-context evidence. Their purpose is to introduce visually competing
scene content while preserving the same bottle, can, and desk task semantics used
in the table environment.

4.2 Observation Geometry and Surface-Aware
Coverage

The drone does not observe grid cells directly. It observes camera images from
a continuous pose, and the controller must infer which parts of the task grid are
visible from that viewpoint. This makes the camera-footprint model a key part
of the search system: it determines where detector evidence can be applied, how
strongly a cell should be updated, and which future viewpoints are expected to be
informative. In the table environments, the same camera image can also correspond
to different physical surfaces, because raised desks are closer to the camera than
the floor. The coverage model has to account for both partial cell visibility and
surface height.

4.2.1 Floor-Plane Field of View and Cell Coverage
At the fixed flight altitude defined in Section 4.1.2, the downward-facing camera is
represented by a rectangular footprint projected onto the floor plane. Its measured
dimensions are 1.394 m in width, with forward and backward extents of 0.553 m
and 0.493 m, respectively. The forward–backward asymmetry follows from the
camera offset relative to the drone reference point.

For a drone position p and yaw angle ψ, let Ffloor(p, ψ) denote the rotated
floor-plane footprint. For each grid cell Ci, the controller computes its continuous
coverage ratio as

wi = Area (Ci ∩ Ffloor(p, ψ))
Area (Ci)

, wi ∈ [0,1]. (4.7)
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This continuous quantity distinguishes between fully observed cells, partially
observed cells, and cells touched only marginally by the footprint. A cell enters the
binary visible-cell mask only when its coverage exceeds the threshold

θcov = 0.05. (4.8)

Accordingly,

mi =

1, wi ≥ θcov,

0, wi < θcov,
(4.9)

where mi indicates whether cell i is treated as visible for the current observation.
This prevents a negligible footprint overlap from being interpreted as meaningful
visual evidence for an entire grid cell.

The continuous coverage values are retained after thresholding. Later belief
updates use wi to modulate the influence of visual evidence, whereas the binary
mask determines which cells are eligible to receive an update. Figure 4.2 illustrates
the distinction between full coverage, partial coverage, and marginal overlap below
the threshold.

Figure 4.3 shows the views from the simulated downward-facing camera. The
camera image supplies the visual input processed by the detector, while the footprint
model determines which grid cells are considered observed by that image.

4.2.2 Table-Height Projection and Persistent Surface Cells
Raised desk surfaces are observed from a smaller camera footprint than the floor
because they are closer to the downward-facing camera. The controller therefore
maintains separate footprint models for the floor plane and the table plane. Let
zflight denote the fixed flight altitude, hfloor the floor height, and htable the desk-
surface height. The table-plane footprint is obtained by scaling the floor-plane
footprint according to the camera-to-surface distance,

α(h) = zflight − h

zflight − hfloor
. (4.10)

For the desk surfaces used in the experiments,

hfloor = 0 m, htable = 0.72 m, (4.11)

with zflight = 1.5 m. The resulting scale factor is

α(htable) = 1.5 − 0.72
1.5 = 0.52. (4.12)

The width and forward and backward extents of the floor-plane footprint are
multiplied by this factor to obtain the table-height footprint.
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Figure 4.2: Examples of full, partial, and marginal grid-cell coverage.
Coverage is defined as the fraction of a grid-cell area contained within the projected
floor-plane footprint. The red cell is intersected only marginally, with wi < θcov,
and is therefore excluded from the visible-cell mask.

Desk surfaces are discovered through detector observations. When the detector
produces a desk bounding box, the controller samples points inside the box and
projects them onto the table-height plane. The resulting grid cells are added to a
persistent set of table-surface cells,

Stable = {i | cell i has been mapped from a detected desk} . (4.13)

Each persistent cell also retains the highest desk-detection confidence associated
with its discovery. This surface map is built from perception-derived desk detections
and is used by the controller to select the appropriate observation geometry.

For a given pose, the controller computes floor-plane and table-plane coverage
maps. The coverage value supplied for each cell is then selected according to the
persistent surface map,

wi =

w
table
i , i ∈ Stable,

wfloor
i , i /∈ Stable.

(4.14)
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Figure 4.3: Examples of downward-camera field-of-view coverage. The
panels show the floor grid as seen by the onboard camera in the mixed_easy
environment. The upper-right panel highlights a cell whose camera-footprint
overlap is below the coverage threshold θcov = 0.05; the cell is therefore excluded
from the visible-cell mask.

The persistent table-surface map is a geometric controller representation. The
zone-of-interest policy additionally maintains a probabilistic table belief for each cell,
introduced in Section 4.5.4. That belief conditions target priors during planning,
while Stable determines which camera-footprint model is applied to a cell.

4.2.3 Current-Frame Table-Shadow Correction
The persistent table-surface map identifies cells that correspond to desk surfaces.
A detected desk also affects the interpretation of coverage in the current camera
frame. For an image location inside a desk bounding box, projection onto the floor
plane lies farther from the drone than projection onto the raised desk plane. These
paired floor-plane cells can lie behind the detected desk in the viewing direction.
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Applying the larger floor-plane footprint to them would overestimate how much of
that region is observed in the current frame.

For each processed desk detection, a fixed set of points is sampled inside the
bounding box and projected onto both the desk-height plane and the floor plane.
The desk-height projections update the persistent table-surface map described
in Section 4.2.2. Their paired floor-plane projections form transient correction
cells when they fall within the current forward viewing region. These cells use
table-height geometry only for the current frame.

Let T (t) denote the transient correction cells obtained from desk detections in
perception frame t. The effective set of cells that use table-height geometry in that
frame is

S(t)
eff = Stable ∪ T (t), (4.15)

where Stable is the persistent table-surface map. The surface-selected coverage for
the current observation becomes

w
(t)
i =

w
table
i , i ∈ S(t)

eff ,

wfloor
i , i /∈ S(t)

eff .
(4.16)

The set T (t) is discarded once perception frame t has been processed. It changes
only the geometric coverage assigned in that frame, while persistent desk-surface
information and policy-facing table evidence continue to originate from the desk-
height projections.

Figure 4.4 illustrates the mechanism. Blue cells represent persistent desk-surface
cells, while orange cells are their paired floor-plane correction cells for the current
observation.

4.3 Perception Data and Detector Interface
The geometric coverage model determines where an observation can have an effect,
while the detector determines what visual evidence is available in that observation.
In this system, detector outputs are the bridge between rendered camera frames
and the task-level search representation. Target detections can become claims and
update target beliefs, while desk detections provide the contextual evidence needed
for table-surface mapping and table-conditioned priors. This section describes how
the simulated detector datasets were generated and how all detector conditions are
converted into a common controller-facing format.

4.3.1 Simulation Dataset Generation
The learned detectors were trained on images collected directly from the downward-
facing Webots camera used in the corresponding search environments. Dedicated
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Figure 4.4: Current-frame table-shadow correction. A detected desk
bounding box is sampled and projected onto the desk-height plane to form persistent
table-surface cells. Paired floor-plane projections identify transient correction cells,
which use the smaller table-height footprint only for the current observation.
The solid and dashed outlines denote the floor-plane and table-height footprints,
respectively.

dataset-generation controllers and supervisors generate scenes, capture rendered
camera frames, and create annotations. These collection runs are separate from
autonomous evaluation episodes, in which trained detector backends operate during
flight.

Annotations are generated automatically through the Webots camera-recognition
and segmentation utilities. The resulting labels describe the visible image-space
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Table 4.2: Summary of detector-training datasets. Image counts are reported
as train/validation/test splits. Background images contain no instances of the
dataset label set, while bounding-box totals include all annotated object instances
across the three splits.

Dataset Labels Images Background Boxes

bottle_can_mixed bottle, can 1476 / 184 / 185 500 1675
mixed_tables bottle, can, desk 1593 / 400 / 400 725 2570
mixed_hard bottle, can, desk 1600 / 400 / 400 1342 1655

extent of each relevant simulated object, producing bounding boxes aligned with
the rendered camera frame.

Three datasets were generated for the evaluated environments. The floor-only
dataset contains bottle and can labels. The table dataset adds the desk class,
allowing the detector to provide both target and raised-surface evidence. The hard-
environment dataset retains these three labels while including distractor objects
and the visually complex floor as unlabelled background. Images without annotated
objects were retained as background samples.

The dataset splits were used for detector training and image-level validation
and testing. Closed-loop evaluation was conducted separately through the experi-
ment supervisors, which generated evaluation scenes and executed the complete
detector–controller–policy loop. This allowed detector performance to be assessed
both through held-out image predictions and through its effect on object-search
performance.

4.3.2 Detector Conditions and Common Output Interface
All detector conditions are adapted to a shared controller-facing event format. For
each processed camera frame t, the detector returns a set of events

D(t) =
î
d

(t)
k

ïKt

k=1
, d

(t)
k = (ℓk, ck,bk) , (4.17)

where ℓk is the predicted class label, ck ∈ [0,1] is the detector confidence, and
bk = (x1,k, y1,k, x2,k, y2,k) is the image-space bounding box. The controller uses
target-labelled events for target-cell association and claim generation. Desk-labelled
events provide the bounding-box information required by the surface-mapping and
current-frame correction mechanisms defined in Section 4.2.

The learned detector conditions include the reconstructed MobileNetV2-SSD
model and variants of the YOLO11 family. The mixed_easy environment compares
MobileNetV2-SSD, YOLO11-nano, and YOLO11-small against a simulator-derived
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Table 4.3: Learned detector conditions and output classes by environ-
ment.

Environment Learned detector conditions Output classes

mixed_easy MobileNetV2-SSD;
YOLO11-nano; YOLO11-small

bottle, can

mixed_tables YOLO11-small bottle, can, desk
mixed_hard YOLO11-small bottle, can, desk

GT condition. The table and hard environments use YOLO11-small models trained
for their respective datasets. The hard-environment model was trained separately
from the table-environment model, while retaining the same bottle, can, and desk
label set.

The GT condition uses Webots camera-recognition segmentation to determine
object visibility. It returns simulator-derived target and desk events through the
same controller interface, with perfect class labels and confidence. It provides a
best-case perception reference for assessing how detector errors affect the closed-loop
search task.

All three environments also include the GT condition described above. Table 4.3
summarizes the learned detector conditions and their output classes.

The shared event format keeps the perception interface fixed across detector
conditions. Detector outputs can therefore be compared within the same controller
and evaluation pipeline, while the policy determines how the resulting target and
desk evidence influences subsequent movement decisions.

4.4 Closed-Loop Execution and Evaluation
Pipeline

The evaluation is organised as a closed-loop system rather than as separate percep-
tion, planning, and reporting stages. At each step, the drone pose determines the
camera view, the detector produces events on processed frames, the controller maps
those events into the task grid, and the policy selects the next motion command. A
separate supervisor manages the experimental side of the process: it spawns scenes,
validates claims, detects task completion, and records results. This separation keeps
the navigation policy limited to controller-side observations while still allowing the
experiment to be evaluated against simulator ground truth.
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4.4.1 Controller, Policy, and Flight-Control Loop
At each Webots control step, the robot controller reads the drone state and camera
stream. The current pose is used to update the geometric coverage representation
described in Section 4.2. On processed perception frames, the selected detector
backend returns target and, where applicable, desk events. These events are
combined with the coverage map, visible-cell mask, and current pose to form the
policy observation.

Each policy ultimately produces a planar motion command

u =
è
vforward vsideways ψ̇

é⊤
, (4.18)

where vforward and vsideways are body-frame velocity commands, and ψ̇ is the com-
manded yaw rate. The saccade policies first select a target cell and viewing
direction; the navigator converts this selection into continuous body-frame com-
mands. Detector-agnostic baselines directly generate commands within the same
interface.

The fixed-height velocity PID controller receives the desired planar velocities,
yaw rate, and nominal flight altitude, together with the current simulated state. It
produces four motor-speed commands that are applied to the Webots drone model.
The resulting motion determines the next pose and camera viewpoint, closing the
perception–action loop.

4.4.2 Detector Claims, Supervisor Validation, and Report-
ing

A target detection becomes a claim only after it has been mapped to a task-grid cell.
Each claim records the predicted target class and the associated cell coordinates.
Desk detections are retained for surface mapping but cannot generate claims.
The confidence and temporal criteria used to create target claims are defined in
Section 4.6.1.

Claims are written by the robot controller and passed to the supervisor through
the shared experiment state. A claim is not treated as confirmation by the controller
itself. The supervisor maintains the exact target-object arrangement generated
for the current run and independently evaluates each new claim against that
arrangement. A claim is validated only when its cell contains a spawned target
object and its predicted class matches the corresponding ground-truth class. Claims
directed to empty cells or associated with the wrong class are recorded as incorrect,
while repeated claims for the same cell and class are ignored.

Validated claims are accumulated throughout the episode. The supervisor
updates the number of remaining targets and terminates the run when all required
targets have been correctly claimed or when the episode timeout is reached. This
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Figure 4.5: Closed-loop controller and evaluation pipeline. The robot
controller combines simulated sensor data, detector outputs, and geometric coverage
to form policy observations and generate flight commands. The supervisor spawns
scenarios, validates controller-generated target claims against the spawned scene,
and terminates the episode upon completion or timeout. The blue dashed link
transfers claims from the robot controller to the supervisor. The orange dashed link
returns episode-control information to the execution gate. The gray dashed loop
represents progression to the next control step. No supervisor state is provided to
the navigation policy.

termination state is returned to the controller execution gate shown in Figure 4.5,
but it is not supplied to the navigation policy.

At the end of each run, the supervisor produces a run-level report containing
the validated search outcome and claim-validation results. After all repetitions of
an evaluation condition have completed, it also produces an aggregate report used
to compute the metrics defined in Section 4.6.5.
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Table 4.4: Baseline navigation policies.

Policy Motion rule

Pseudo-random Flies forward until a front range measurement indicates
an obstacle, then turns by a randomly selected yaw angle.

Wall-following Tracks the room boundary at a reference distance using
range measurements and adjusts its heading around
corners.

Spiral Builds on wall-following by progressively changing the
reference boundary distance after completed laps,
producing inward or outward coverage paths.

Rotate-and-measure Rotates through a full scan, samples obstacle distance at
fixed yaw intervals, and travels towards the most open
measured direction before scanning again.

4.5 Navigation Policies
The navigation policies differ in how they use the information produced by the
controller. The baseline policies treat search primarily as geometric exploration:
they move according to fixed or range-based rules, while detections can still generate
claims through the shared controller pipeline. The active-inference-inspired policies
instead use detector evidence, predicted coverage, and internal beliefs to select future
sensing actions. This section defines both groups of policies and then describes
how the simple binary AIF saccade policy and the zone-of-interest extension score
candidate viewpoints.

4.5.1 Baseline Navigation Policies

The baseline policies follow the exploration-policy concepts used by Lamberti et al.
[1], reimplemented and adapted for the present controller and evaluation pipeline.
Their movement decisions are independent of target detections, desk detections,
detector confidence, and policy belief states. Detector events can still produce
target claims through the shared controller logic, but they do not influence the
trajectory selected by a baseline policy. Table 4.4 summarizes the motion rule
implemented for each baseline.

The baselines provide reference behaviours for spatial coverage without
perception-driven action selection. Their results indicate how much task perfor-
mance can be achieved through geometric exploration alone, before introducing
policies that explicitly use detector evidence to select where and how to observe
next.
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4.5.2 Shared AIF-Inspired Planning Structure
The two AIF-inspired policies use the same high-level planning structure. At each
planning step, the policy evaluates candidate sensing actions and selects the one
with the lowest expected cost. A candidate action is defined as

a = (j, ψ), (4.19)

where j is a target grid cell and ψ is the yaw angle from which that cell should be
observed. After an action is selected, the navigator converts (j, ψ) into continuous
body-frame velocity commands using the interface described in Section 4.4.1.

The policies do not optimize a sequence of future actions. They score the
immediate next sensing action, execute the corresponding movement command,
and update the action choice as new motion and detector evidence become available.
This matches the closed-loop structure of the simulated task, where the value of a
viewpoint changes as coverage, detections, and validated claims accumulate.

For each candidate action, the controller predicts which cells would be visible
from the corresponding viewpoint using the surface-aware coverage model from
Section 4.2. The candidate is then scored using the common form

G(a) = R(a) − βinfoI(a) + λdd(a). (4.20)

The selected action is
a⋆ = arg min

a∈A
G(a), (4.21)

where A is the set of candidate cell–yaw pairs.
The term R(a) is the policy-specific task cost. In the simple binary policy, it is

derived from the mismatch between predicted beliefs and preferred target states. In
the zone-of-interest policy, it is replaced by a utility-based term that accounts for
target belief, table context, and classification state. The term I(a) represents the
expected information gained by observing the cells visible under action a, weighted
by the predicted coverage of those cells. The final term d(a) penalizes the travel
distance from the current drone position to the candidate cell, with weight λd. The
distance term does not restrict the candidate set: any grid cell can still be selected.
It biases the score toward closer viewpoints when the expected task value and
information gain are otherwise similar, reducing unnecessary travel during search.

This shared structure is active-inference-inspired because movement is selected
by combining task preference, expected uncertainty reduction, and action cost.

4.5.3 Simple Binary AIF Saccade Policy
The simple AIF saccade policy represents each grid cell with a binary hidden state,

si ∈ {0,1}, 0 ≡ target absent, 1 ≡ target present. (4.22)
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Table 4.5: Binary observation likelihood for the simple AIF policy.

Hidden state
Observation si = 0 si = 1

oi = 0 1 − pfa 1 − phit,i
oi = 1 pfa phit,i

This policy models target presence but not target class. Bottle and can detections
both provide evidence that a target object is present in the associated cell. The
predicted class is still used by the controller-supervisor claim mechanism, but it is
not part of this policy’s belief state.

For each visible cell, the detector observation is reduced to a binary variable,

oi ∈ {0,1}, 0 ≡ no target detection, 1 ≡ target detection. (4.23)

The likelihood model is defined by a false-alarm probability pfa and a hit probability
phit,i:

When a target detection is mapped to cell i, the detector confidence ci is used
as positive evidence strength. When no detection is produced in a visible cell, the
policy uses a fixed no-detection sensitivity parameter ηnd. Thus,

phit,i =

max(ci, ηnd), oi = 1,

ηnd, oi = 0.
(4.24)

A larger ηnd makes missed detections more informative, because failing to detect a
target in a visible cell becomes stronger evidence against target presence.

For every visible cell, the policy first computes the full Bayesian posterior

q̃i(si) = P (oi | si)qi(si)q
s′

i
P (oi | s′

i)qi(s′
i)
. (4.25)

The update applied to the belief map is then weighted by the geometric coverage
wi of the cell:

qnew
i (si) = (1 − wi)qi(si) + wiq̃i(si). (4.26)

Cells outside the visible-cell mask are not updated. Partial coverage therefore
produces a partial belief update, while full coverage applies the complete Bayesian
update from Equation 4.25.

Action selection follows the shared scoring structure from Section 4.5.2. For
each candidate cell–yaw pair, the policy predicts the cells that would be visible
from that viewpoint. The expected information term is accumulated over those
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cells, weighted by their predicted coverage. The task-cost term is evaluated for the
candidate target cell using the binary preference for target-present observations,
and the distance cost biases the score against unnecessary travel.

A limitation of this binary formulation is that successful fixation does not
change the policy state. Once a cell has produced repeated target evidence, the
policy can continue to prefer that same location because it has no class-specific
state representing that the object has already been classified or that the saccade
has completed its useful role. The simple policy therefore uses an internal de-
fixation rule: after repeated target detections in processed perception frames, the
corresponding cell is removed from the candidate set for future action selection.
This is a policy-level workaround and does not depend on supervisor validation.
It encourages the controller to return to exploration after a target has generated
claims, instead of repeatedly fixating the same target location.

4.5.4 Zone-of-Interest AIF Saccade Policy
The zone-of-interest policy extends the simple binary model by representing both
target presence and target class. It is used in environments where target objects
may appear on the floor or on raised desk surfaces. The policy keeps a categorical
target belief for each grid cell and a separate probabilistic belief over table-surface
cells. This allows desk detections to influence where targets are expected, while
target detections continue to update the belief over object presence and class.

Each grid cell has a categorical hidden state

si ∈ S, S = {E,U,B,C}, (4.27)

where E denotes an empty cell, U denotes an unclassified target, B denotes a
bottle, and C denotes a can. The corresponding belief is

qi =
è
qi(E) qi(U) qi(B) qi(C)

é⊤
. (4.28)

The policy also maintains a Bernoulli table belief

qT,i = P (Ti = 1), (4.29)

where Ti = 1 denotes that cell i is believed to belong to a desk surface. This
probabilistic table belief is distinct from the persistent table-surface map used by
the controller for height-aware coverage. The persistent map selects the geometric
footprint model, while qT,i conditions the policy’s target prior.

The target-present prior for each cell is a mixture of a floor prior and a table
prior:

ptar
i = (1 − qT,i)pfloor + qT,iptable. (4.30)
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The implemented values are

pfloor = 1
125 , ptable = 5

18 , qT,0 = 18
143 , ρU = 0.70. (4.31)

Here, qT,0 is the initial table-belief prior and ρU is the fraction of target-present prior
mass assigned to the unclassified-target state. These values encode the intended
structure of the table environments: only part of the grid is expected to correspond
to desk surfaces, and target presence is assigned a higher prior probability on those
surfaces.

Given ptar
i , the context-conditioned prior over target states is

Pi(si) =
è
1 − ptar

i ρUp
tar
i

1−ρU

2 ptar
i

1−ρU

2 ptar
i

é⊤
. (4.32)

Most of the target-present mass is initially assigned to U , so a cell can become
attractive as a likely target location before its bottle-or-can class has been resolved.

When table belief changes, the target belief is adjusted by replacing the old
context prior with the new one:

qnew
i (si) ∝ qi(si)

P new
i (si)
P old

i (si)
. (4.33)

The belief is normalized after this update. This prior-ratio update preserves
accumulated target evidence while allowing newly observed desk context to change
the prior probability assigned to target states.

Table belief is updated from controller-provided desk observations. Positive
table evidence is produced when a desk bounding box is projected into table-height
cells. Negative table evidence is available for visible table-projection cells that did
not receive positive desk evidence in the current processed perception frame. For a
table observation, the binary likelihood is defined by a table false-alarm probability
pfa,T and a table hit probability hT,i:

P (oT,i = detected | Ti = 0) = pfa,T , P (oT,i = detected | Ti = 1) = hT,i. (4.34)

Positive desk observations use detector confidence directly,

hT,i = cdesk, (4.35)

whereas no-table observations use coverage-dependent negative evidence,

hT,i = max(pfa,T , wiηT ). (4.36)

The implemented table no-detection sensitivity is ηT = 0.50. Thus, absence of
a desk detection in a weakly covered cell provides weaker evidence against table
presence than absence in a well-covered cell.
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Target observations are represented by four labels,

Otar = {∅, G,OB, OC}, (4.37)

where ∅ denotes no target detection, G denotes a generic target detection, OB

denotes a bottle observation, and OC denotes a can observation.
The policy uses two target likelihood models, shown in Tables 4.6 and 4.7. The

likelihood applied to a visible cell depends on whether the cell is treated as a
fixation-level evidence cell. Let

θcls = 0.55 (4.38)

be the classification-coverage threshold. A cell i is updated with the fixation
likelihood if it is the current fixation cell, or if its coverage satisfies

wi ≥ θcls. (4.39)

Cells that do not satisfy this condition are updated with the peripheral likelihood.
In those cells, bottle and can detections are collapsed into the generic target
observation G. The implemented peripheral class weight is 0.0, so class-specific
evidence is not applied outside fixation-level observations. Peripheral detections
therefore attract the policy toward possible targets, while class resolution is left to
views in which the target cell is either being fixated or sufficiently covered.

Let pf = pfa and ph = phit,i. The peripheral likelihood is given in Table 4.6.

Table 4.6: Peripheral likelihood for the zone-of-interest policy.

Hidden state
Observation E U B C

∅ 1 − pf 1 − ph 1 − ph 1 − ph

G pf ph ph ph

At fixation, the likelihood allows the observation to resolve the target class.
Let γU denote the probability that an unclassified target produces a class-specific
report, r the probability that a class-known target is reported with a class label,
and α the class-report accuracy. The implemented configuration uses γU = 0.25,
r = 1.00, and α = 0.92. The fixation likelihood is given in Table 4.7.
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Table 4.7: Fixation likelihood for the zone-of-interest policy.

Hidden state

Observation E U B C

∅ 1 − pf 1 − ph 1 − ph 1 − ph

G 0.90pf (1 − γU )ph (1 − r)ph (1 − r)ph

OB 0.05pf 0.5γU ph αrph (1 − α)rph

OC 0.05pf 0.5γU ph (1 − α)rph αrph

The hit probability depends on the observation type. Positive target detections
use detector confidence directly, while no-detection observations use coverage-
dependent negative evidence:

phit,i =

ci, oi /= ∅,

max(pfa, wiηnd), oi = ∅.
(4.40)

Here, ci is the confidence of the mapped detection, wi is the current coverage of
the cell, and ηnd is the target no-detection sensitivity. The reported configuration
uses pfa = 0.04 and ηnd = 0.50. This differs from the simple binary policy: in the
zone-of-interest policy, coverage is built into the no-detection likelihood itself, while
positive detections retain the detector confidence as their evidence strength.

For a processed target observation, the categorical posterior update is

qnew
i (si) = P (oi | si)qi(si)q

s′
i
P (oi | s′

i)qi(s′
i)
. (4.41)

Cells outside the visible-cell mask are not updated. Target detections update qi,
while desk detections update the table belief qT,i through the table-observation
model above.

The policy prioritizes cells that are likely to contain a target and still need
classification. For cell i, the target-present probability is

ppresent
i = qi(U) + qi(B) + qi(C). (4.42)

The class confidence is defined as

χi = max(qi(B), qi(C))
max(ppresent

i , ϵ)
, (4.43)

where ϵ is a small numerical constant. This value measures how concentrated the
target-present belief is on the most likely class, conditional on the cell containing a
target.
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The classification-need term is

κi = ppresent
i (1 − χi). (4.44)

It is high when a cell is likely to contain a target but the posterior has not yet
resolved whether the target is a bottle or a can. It becomes small when the cell is
likely empty, and it also becomes small after repeated class-consistent observations
concentrate the belief on one class.

For action selection, the zone-of-interest policy uses the shared score from
Equation 4.20, with the task-cost term defined as negative utility:

R(a) = −Uzoi(a). (4.45)

For a candidate action a = (j, ψ), the classification utility is based on the selected
cell j. Let

pclass
j = P (OB | qj, Afix) + P (OC | qj, Afix), (4.46)

where Afix is the fixation likelihood. The utility contribution of the candidate
fixation cell is

Uzoi(a) = λcκjp
class
j , (4.47)

where λc is the classification-preference strength. The reported configuration uses
λc = 2.0. A candidate viewpoint is therefore valuable when it is expected to view
a likely target whose class remains uncertain and for which fixation is likely to
produce a class-specific observation.

The expected information-gain term is accumulated over the cells predicted
to be visible from the candidate viewpoint. For each visible cell, the fixation
likelihood is used when the cell satisfies the fixation-level evidence condition from
Equation 4.39; otherwise, the peripheral likelihood is used. This makes candidate
viewpoints valuable when they reduce uncertainty over the surrounding scene and,
when coverage or fixation is sufficient, offer the possibility of resolving the class of
a likely target.

Unlike the simple binary policy, the zone-of-interest policy does not remove a
detected cell from the candidate set after a fixed number of detections. Once a
bottle or can has been classified with high confidence, χi increases and κi decreases,
so the cell becomes less attractive in the action score. The policy can then return
to exploration or move toward another uncertain target-like region. This produces
the intended fixate, classify, and return-to-search behaviour through the belief state
itself.

The main differences between the two AIF-inspired policies are summarized in
Table 4.8.
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Table 4.8: Comparison of simple and zone-of-interest AIF policies.

Component Simple binary policy Zone-of-interest policy

Target state Absent or present Empty, unclassified target,
bottle, or can

Peripheral evidence Binary target evidence Generic target evidence
that attracts fixation

Fixation evidence Same binary target update Class-specific bottle and
can update

Table context Not represented Table belief conditions
target priors; detected
table cells select
surface-aware coverage

After detection Cell exclusion after
repeated detections

Reduced priority after
classification through
posterior belief and
information gain

4.6 Experimental Protocol and Metrics
The evaluation protocol is designed to compare policies under matched closed-loop
conditions. Each policy is tested on the same sequence of randomised scenarios
within an environment, with the same timeout, warm-up period, detector-processing
cadence, and claim-validation rules. The metrics then describe complementary
aspects of the resulting behaviour: whether the task is completed, how many
targets are recovered, how quickly successful runs finish, how much of the grid is
physically visited, and how reliable the submitted claims are. This section defines
the shared protocol, the three evaluation environments, and the task-level metrics
reported in Chapter 5.

4.6.1 Shared Evaluation Protocol
Each evaluation condition is repeated for 100 runs. The run seeds are the consecutive
integers from 1 to 100, allowing the same sequence of randomised scenarios to be
reused across policies and detector conditions within an environment. This makes
comparisons depend on policy and detector behaviour rather than on different
sampled scene sequences.

At the beginning of each episode, the supervisor spawns the environment and
the controller remains in a warm-up phase for

Twarmup = 15 s. (4.48)
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Table 4.9: Shared evaluation settings.

Setting Value

Runs per condition 100
Seeds 1, . . . ,100
Warm-up duration 15 s
Autonomous timeout 180 s after warm-up
Detector processing interval 0.625 s
Nominal detector evidence rate 1.6 Hz
Claim confidence threshold 0.45
Claim streak requirement 1 processed frame

The warm-up period allows the drone to take off and settle into a stable flight
condition before the autonomous search episode is evaluated. After warm-up, the
autonomous episode is allowed to run for at most

Ttimeout = 180 s. (4.49)

A run terminates earlier if the supervisor validates all required target objects.
All detector conditions are constrained to the same processed-frame interval,

∆tdet = 0.625 s, fdet = 1.6 Hz. (4.50)

This cadence is applied to learned detectors and to the GT detector condition. The
interval is chosen with reference to the onboard detector rate reported by Lamberti
et al. [1], and is used here to equalize the rate at which policies receive new visual
evidence.

Target claims are produced directly from processed target detections. The
evaluation configuration uses a minimum confidence threshold of 0.45 and a one-
frame streak requirement, so any target detection emitted by the active detector
backend is immediately mapped to a grid cell and submitted as a claim. The
supervisor then determines whether the claim is correct, incorrect, duplicated, or
completes the episode.

The fixed settings used by every evaluation condition are summarized in Ta-
ble 4.9.

4.6.2 Floor-Only Mixed Environment: mixed_easy

The mixed_easy environment is the floor-only search setting. Each run contains
six target objects, with three bottles and three cans placed on the room floor. No
desks or distractor objects are spawned. The environment therefore uses a single
surface plane for coverage, target mapping, and belief updates.
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This setting isolates the floor-level object-search problem. Since all targets lie
on the same surface plane and no contextual objects are present, differences in
performance can be attributed to search behaviour, detector quality, and claim
validation rather than to table-surface reasoning or distractor clutter. It therefore
provides the baseline environment for evaluating the simple AIF saccade policy
before introducing the table-aware extension.

The detector conditions for this environment are the GT detector, MobileNetV2-
SSD, YOLO11-nano, and YOLO11-small, as summarized in Table 4.3. The ground-
truth condition provides the best-case perception reference for the same search
problem, while the learned detector conditions show how downstream task perfor-
mance changes when navigation depends on imperfect visual detections.

The role of mixed_easy is therefore twofold. It tests whether the simple AIF-
inspired policy improves object search over geometric exploration in a floor-only
setting, and it measures how strongly the same task depends on detector quality
when the environment does not yet include raised surfaces or contextual table
evidence.

4.6.3 Table and Zone-of-Interest Environment: mixed_tables

The mixed_tables environment introduces raised desk surfaces while preserving
the same target-search objective as the floor-only setting. Each run contains three
desks and six target objects, with three bottles and three cans. Target spawning is
biased toward desk surfaces, with a table-spawn preference of 0.90, although floor
placement remains possible when a table placement is not selected or cannot be
sampled.

The purpose of this setting is to evaluate the same search-and-classification
task in scenes where non-target structure is relevant to the search process. Desks
are not claimable objects, but they affect the task because target placement is
biased toward them and because detected desk surfaces change how the controller
interprets camera coverage.

The evaluated detector conditions are the GT detector and a YOLO11-small
detector trained on the mixed_tables dataset. Both conditions expose bottle, can,
and desk events through the common detector interface defined in Section 4.3.2.
Bottle and can events support target claims and target-belief updates, while desk
events support table-surface mapping and table-conditioned target priors.

Three navigation policies are evaluated in this environment: the zone-of-interest
AIF saccade policy, the simple binary AIF saccade policy, and the spiral policy.
The spiral policy provides the detector-agnostic reference, while the simple binary
policy separates the effect of perception-aware target search from the additional
table-aware and class-specific mechanisms introduced by the zone-of-interest policy.
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Figure 4.6: Example scene from the mixed_hard environment. The hard
setting keeps the same bottle, can, and desk task semantics as the table environment,
while adding distractor objects and a visually more complex floor texture.

4.6.4 Hard Mixed Environment: mixed_hard

The mixed_hard environment preserves the six-target search objective but increases
visual clutter and scene complexity. Each run contains three bottles, three cans,
and three desks. The environment also includes non-target distractors: one soccer
ball, two cereal boxes, three plates, and two flower pots. These objects are not part
of the task label set and cannot produce valid target claims.

The distractors are deliberately treated as background rather than as additional
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Figure 4.7: Distractor objects used in the mixed_hard environment. Soccer
balls, cereal boxes, plates, and flower pots are included as non-target visual clutter.
They are not claimable objects and are not labelled as detector output classes.

detector classes. This keeps the closed-loop task unchanged: the drone must still
find and classify bottles and cans, while desks remain contextual surface evidence.
The added objects instead make the visual input harder by introducing scene content
that should be ignored by the detector and, consequently, by the claim-validation
mechanism.

The evaluated detector conditions are the GT detector and a YOLO11-small
detector trained on the mixed_hard dataset. The learned detector retains the same
output classes as the table setting: bottle, can, and desk. Distractor objects and
floor texture are left unlabelled during detector training, so they act as negative
background examples rather than as explicit semantic categories.

The mixed_hard environment is used to evaluate whether the table-aware search
pipeline remains effective when the same target and desk semantics are embedded
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in a more visually cluttered scene. It therefore tests the combined effect of detector
robustness, distractor rejection, surface-aware coverage, and policy action selection
under the most difficult simulated setting considered in this thesis.

4.6.5 Evaluation Metrics
The metrics are defined at the level of supervisor-validated task outcomes. They
measure whether the closed-loop system completes the search task, how much of
the target set it recovers on average, how efficiently successful runs finish, how
much of the task grid the drone physically visits, and how reliable its submitted
claims are.

Let N = 100 be the number of runs in an evaluation condition, and let M = 6
be the number of required targets in each run. For run r, let Yr ∈ {0,1} indicate
whether all targets were found before timeout, Fr the number of validated targets,
and Vr the number of unique grid cells entered by the drone.

The success rate is
S = 1

N

NØ
r=1

Yr. (4.51)

A run is successful only if the supervisor validates all required target objects before
the timeout.

Target recovery measures the fraction of required targets validated across all
runs:

Rtar = 1
NM

NØ
r=1

Fr. (4.52)

This metric includes both successful and failed runs. Successful runs contribute
all M targets, while failed runs contribute the number of targets validated before
timeout.

Search time is reported only over successful runs. Let Rsucc = {r : Yr = 1},
and let Tr be the autonomous search time of successful run r, excluding the fixed
warm-up period. The mean time to success is

T succ = 1
|Rsucc|

Ø
r∈Rsucc

Tr. (4.53)

Failed runs are not included in this average.
Spatial exploration is measured through the visited-cell ratio,

Rvisit = 1
N

NØ
r=1

Vr

143 . (4.54)

This is distinct from camera-footprint coverage: it measures how much of the grid
was physically visited by the drone.
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Table 4.10: Evaluation metrics used for closed-loop search.

Metric Meaning Reported as

Success rate Fraction of runs in which all six
targets are validated before
timeout

Percentage of runs

Target recovery Fraction of required targets
validated across all runs

Percentage of targets

Mean time to success Autonomous search duration for
successful runs only

Seconds

Visited-cell ratio Fraction of the 143-cell grid
physically entered by the drone

Percentage of cells

Claim precision Fraction of evaluated
non-duplicate target claims
validated by the supervisor

Percentage of claims

Finally, claim precision measures the reliability of target claims submitted to
the supervisor. Let Cv be the number of validated target claims and Ci the number
of incorrect non-duplicate target claims. Then

Pclaim = Cv

Cv + Ci

. (4.55)

Incorrect claims include claims directed to empty cells and claims with the wrong
target class. Duplicate claims ignored by the supervisor are not counted.

Table 4.10 summarizes the metrics used in the results chapter.
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Results

This chapter presents the policy evaluation results for the three environments
defined in Chapter 4. The mixed_easy setting tests the simple AIF saccade policy
in a floor-only mixed-object search task. The mixed_tables setting introduces
raised surfaces and a probabilistic bias that makes table cells more likely to contain
targets. The mixed_hard setting keeps the same target and table structure, but adds
non-target clutter and a visually more complex floor texture. The main comparison
is between baseline exploration policies, whose movement decisions do not depend
on detector evidence, and policies that use perception to decide where to move
next. In the floor-only environment, the relevant question is whether the simple
AIF policy improves over the baseline policies. In the table-based environments,
the relevant question becomes whether the zone-of-interest AIF policy can use
table beliefs and class-specific target states to improve search reliability and spatial
selectivity.

As described in Section 4.3.1, the learned detectors were trained on simulated
datasets generated for the corresponding evaluation settings. Their held-out per-
formance was high across the tested environments, so the following analysis does
not treat detector performance as a separate benchmark. Instead, learned-detector
runs are used to evaluate whether the policy-level results remain stable when the
observations are produced by trained visual models. In the closed-loop evaluation,
the most relevant detector-related quantity is claim precision, since it measures how
often the claims emitted during autonomous flight are validated by the supervisor.

5.1 Interpreting the Aggregate Metrics
The results should be read as combinations of metrics rather than as isolated
rankings. Success rate and target recovery describe whether the task is being solved
reliably. Mean time to success and visited-cell ratio are meaningful only in relation
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to those completion metrics. A policy that succeeds rarely can still appear fast on
the few favourable runs in which its trajectory happens to observe all targets, and
a policy can visit few cells simply because it spends time rotating or repeatedly
follows a limited path.

This point is especially important for the baseline policies. Wall-following,
pseudo-random motion, and rotate-and-measure do not select viewpoints according
to target belief. Their trajectories are determined by geometry, range readings, or
random direction choices, not by the current evidence about target locations. As a
result, seed-specific target placement can strongly affect whether a run succeeds.
Wall-following may complete a run quickly when all targets happen to lie along
the followed path. Rotate-and-measure can have a low visited-cell ratio because it
spends much of the episode rotating in place before moving. These cases are not
evidence of better search behaviour unless they are accompanied by high success
and recovery.

For the AIF policies, the central question is whether the belief model changes the
search process in a useful way: not only by increasing the probability of completing
the task, but by directing the drone toward informative regions instead of relying
on a fixed traversal pattern. In the floor-only setting, the simple AIF policy can use
target evidence to revisit uncertain or promising regions. In the table settings, this
is no longer sufficient. The simple AIF policy receives height-aware coverage, but it
does not represent raised surfaces as regions with higher target probability. Since
the projected camera footprint is smaller on table-height cells, candidate views
containing known table cells can produce lower coverage-weighted information
gain unless target evidence has already accumulated there. This is not an explicit
penalty on tables, but it creates a bias against table regions in an environment
where those regions are more likely to contain targets.

The zone-of-interest AIF policy is designed to address this mismatch. Its
table belief and table-conditioned target prior make raised surfaces informative
for planning, rather than treating them only as regions with reduced projected
coverage.

5.2 Floor-Only Mixed Environment
Table 5.1 reports the results for the mixed_easy environment. The simple AIF
saccade policy is the only policy that reaches 100% success across all detector
conditions.

Spiral exploration is the closest baseline, with 97% success and approximately
99% target recovery. However, it requires substantially broader traversal: its visited-
cell ratio is about 48%–49%, compared with about 31%–32% for AIF Saccade.
Since both policies recover almost all targets, this difference indicates that the AIF
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Table 5.1: Results in the floor-only mixed environment. Recovery, time, and
visited-cell ratio are reported as mean ± standard deviation. Mean time to success
is computed only over successful runs. YOLOn and YOLOs denote YOLO11-nano
and YOLO11-small, respectively; MBv2-SSD denotes MobileNetV2-SSD.

Policy Detector Success Recovery Time Visited Precision
(%) (%) (s) (%) (%)

AIF Saccade GT 100.0 100.0 ± 0.0 89.3 ± 19.9 30.9 ± 6.7 100.0
AIF Saccade YOLOs 100.0 100.0 ± 0.0 92.4 ± 19.3 31.7 ± 6.6 90.8
AIF Saccade YOLOn 100.0 100.0 ± 0.0 92.5 ± 21.4 31.7 ± 7.3 91.1
AIF Saccade MBv2-SSD 100.0 100.0 ± 0.0 92.0 ± 19.7 32.0 ± 6.4 69.5

Spiral GT 97.0 99.2 ± 5.5 97.0 ± 19.9 48.1 ± 8.0 100.0
Spiral YOLOs 97.0 99.0 ± 6.2 97.2 ± 20.0 48.2 ± 8.0 95.2
Spiral YOLOn 97.0 99.0 ± 6.2 97.2 ± 20.0 48.3 ± 8.0 95.7
Spiral MBv2-SSD 97.0 99.0 ± 6.2 99.3 ± 19.3 49.1 ± 7.6 75.3

Wall Following GT 13.0 72.7 ± 16.5 81.1 ± 14.0 28.8 ± 2.9 100.0
Wall Following YOLOs 11.0 72.2 ± 16.4 82.7 ± 14.2 28.9 ± 2.8 97.1
Wall Following YOLOn 11.0 72.2 ± 16.4 89.7 ± 28.8 28.9 ± 2.8 97.3
Wall Following MBv2-SSD 8.0 71.5 ± 15.8 85.3 ± 15.2 29.0 ± 2.6 63.5

Pseudo-Random GT 36.0 82.0 ± 17.4 125.6 ± 35.3 39.4 ± 6.6 100.0
Pseudo-Random YOLOs 38.0 85.2 ± 15.0 117.3 ± 40.0 39.4 ± 7.7 94.8
Pseudo-Random YOLOn 34.0 82.3 ± 15.7 124.3 ± 40.0 39.6 ± 7.0 97.6
Pseudo-Random MBv2-SSD 42.0 85.0 ± 15.4 133.0 ± 31.3 40.0 ± 5.9 73.4

Rotate and Measure GT 1.0 50.3 ± 20.5 125.2 16.3 ± 4.0 100.0
Rotate and Measure YOLOs 1.0 48.5 ± 20.9 125.2 16.3 ± 4.0 96.0
Rotate and Measure YOLOn 1.0 48.0 ± 20.8 125.2 16.3 ± 4.0 96.3
Rotate and Measure MBv2-SSD 1.0 47.5 ± 21.0 124.6 16.3 ± 4.0 67.9

policy completes the task with less physical traversal.
The weaker baselines do not provide the same combination of reliability and

selectivity. Wall-following has a visited-cell ratio close to that of AIF Saccade, but
succeeds in only 8%–13% of runs. Rotate-and-measure has the lowest visited-cell
ratio, about 16%, but succeeds in only 1% of runs. These results are consistent
with the fact that both policies follow trajectories that are not guided by target
evidence.

Figure 5.1 reports success rate and mean time to success for this environment.
The learned detectors do not change the main conclusion in this environment.

With both YOLO variants, AIF Saccade remains close to the ground-truth condition
across success, target recovery, completion time, and traversal. MobileNetV2-SSD
reduces claim precision more noticeably, but AIF Saccade still completes all runs.
This suggests that, in the floor-only setting, the simple AIF policy is robust to the
detector variation considered here.

Overall, the floor-only results support the simple AIF saccade policy as an
effective perception-driven search strategy. Spiral exploration remains a strong
geometric baseline, but it does not reach full reliability and it requires much broader
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Figure 5.1: Success rate and completion time in the floor-only mixed
environment. The plots summarize full-task completion and completion time for
the floor-only mixed-object setting.
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Table 5.2: Results in the table environment. Recovery, time, and visited-cell
ratio are reported as mean ± standard deviation. Mean time to success is computed
only over successful runs. YOLOs denotes YOLO11-small.

Policy Detector Success Recovery Time Visited Precision
(%) (%) (s) (%) (%)

AIF Saccade GT 49.0 87.2 ± 15.5 145.5 ± 29.1 52.7 ± 8.9 100.0
AIF Saccade YOLOs 44.0 85.0 ± 16.5 147.3 ± 26.4 52.9 ± 7.5 97.7

AIF Saccade (ZOI) GT 87.0 97.7 ± 6.3 118.6 ± 25.5 33.7 ± 9.4 100.0
AIF Saccade (ZOI) YOLOs 81.0 96.8 ± 6.6 126.5 ± 30.8 36.2 ± 9.8 98.0

Spiral GT 75.0 94.2 ± 11.9 112.5 ± 20.8 55.3 ± 7.6 100.0
Spiral YOLOs 67.0 92.5 ± 12.6 113.5 ± 19.9 56.2 ± 7.4 98.4

traversal.

5.3 Table Environment
Table 5.2 reports the results for the mixed_tables environment. The zone-of-
interest AIF policy gives the strongest result in this setting, reaching 87% success
with ground-truth detections and 81% success with YOLOs. This is a large
improvement over the simple AIF policy, which reaches 49% and 44%, and over
Spiral, which reaches 75% and 67%.

The main difference from the floor-only setting is that the simple AIF policy no
longer provides the strongest search behaviour. It still recovers many targets on
average, but it fails to complete more than half of the runs. This is consistent with
the limitation discussed in Section 5.1: the policy receives height-aware coverage,
but its target belief is not conditioned on table evidence. The result is a poor
match between the policy model and the environment structure, where table cells
have higher target probability.

The zone-of-interest policy addresses this mismatch. Compared with the simple
AIF policy, it increases success from 49% to 87% with ground-truth detections
and from 44% to 81% with YOLOs. At the same time, it reduces the visited-cell
ratio from about 53% to 34%–36%. The improvement is therefore not obtained by
sweeping more of the room, but by changing which regions become attractive to
the planner.

Spiral remains a strong baseline in this environment. Its successful runs are
completed relatively quickly, with mean times of 112.5 s under ground-truth de-
tections and 113.5 s under YOLOs. However, its success rate is lower than that
of the zone-of-interest policy and its visited-cell ratio remains above 55%. The
result is therefore not a simple time comparison: Spiral is fast when its trajectory is
sufficient for the sampled layout, while the zone-of-interest policy completes more
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Table 5.3: Results in the hard mixed environment. Recovery, time, and
visited-cell ratio are reported as mean ± standard deviation. Mean time to success
is computed only over successful runs. YOLOs denotes YOLO11-small.

Policy Detector Success Recovery Time Visited Precision
(%) (%) (s) (%) (%)

AIF Saccade GT 52.0 88.5 ± 14.0 137.9 ± 30.9 51.9 ± 9.8 100.0
AIF Saccade YOLOs 47.0 88.2 ± 13.5 142.7 ± 30.2 52.3 ± 9.0 89.2

AIF Saccade (ZOI) GT 89.0 98.2 ± 5.2 116.5 ± 23.3 32.5 ± 9.6 100.0
AIF Saccade (ZOI) YOLOs 81.0 96.7 ± 7.1 124.1 ± 27.7 35.8 ± 9.8 85.7

Spiral GT 67.0 92.2 ± 13.9 113.8 ± 16.7 56.6 ± 6.9 100.0
Spiral YOLOs 61.0 91.0 ± 14.1 115.0 ± 17.2 57.2 ± 6.9 92.9

runs with substantially less traversal.
Figure 5.2 reports success rate and mean time to success for this environment.
Overall, the mixed_tables results suggest that, for the simple AIF policy,

height-aware coverage alone is not enough to exploit the table setting reliably.
The policy has access to the changed observation geometry, but not to the prior
structure that makes table regions important. The zone-of-interest policy improves
both reliability and spatial selectivity because its belief model represents the table
context that is relevant for the task.

5.4 Hard Mixed Environment
Table 5.3 reports the results for the mixed_hard environment. The zone-of-interest
AIF policy remains the strongest policy, with 89% success under ground-truth
detections and 81% success under YOLOs. The simple AIF policy reaches 52%
and 47%, while Spiral reaches 67% and 61%.

The comparison with the simple AIF policy remains similar to the table environ-
ment. The simple policy recovers many targets on average, but it does not reliably
complete the full task. The zone-of-interest policy increases success by more than
35 percentage points in both detector conditions and reduces the visited-cell ratio
from about 52% to about 32%–36%. This again indicates that the table-aware
belief model changes the search behaviour, rather than improving completion by
increasing traversal.

Spiral is still competitive in completion time among successful runs, but it
has lower success and the highest visited-cell ratio in the hard setting. Under
YOLOs, for example, Spiral succeeds in 61% of runs while visiting 57.2% of the
grid, whereas the zone-of-interest policy succeeds in 81% of runs while visiting
35.8%. This comparison gives the clearest result in the hard setting: the ZOI policy
keeps high recovery while remaining much more selective in where it flies.
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Figure 5.2: Success rate and completion time in the table environment.
The plots summarize full-task completion and completion time in the table setting.
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Figure 5.3 reports success rate and mean time to success for the hard setting.
Compared with the table setting, the YOLO detector produces a larger reduction

in claim precision, especially for the zone-of-interest policy. Nevertheless, the YOLO
run keeps the same success rate as in the table environment and maintains high
target recovery.

The slightly higher ground-truth success of the zone-of-interest policy in
mixed_hard than in mixed_tables should not be interpreted as evidence that
the hard environment is easier. The difference is small and plausibly reflects the
stochastic interaction between seeds, table placement, target placement, clutter
placement, and trajectory evolution. The safer conclusion is that the table-aware
policy remains robust when clutter is added.

Overall, the hard-environment results reinforce the table-setting conclusion. For
the simple AIF policy, height-aware coverage does not provide enough structure to
exploit raised target regions reliably. The zone-of-interest policy remains the most
reliable and spatially selective policy because it uses table context as part of the
planning model.

5.5 Qualitative Behaviour
The previous sections report aggregate performance over 100 runs. This section
adds example runs to show the movement patterns behind those results. The four
baseline policies and the simple AIF saccade policy are shown on the same seed from
the mixed_easy environment, so those examples refer to the same floor-only target
layout. The zone-of-interest AIF example is instead taken from a mixed_tables
run, since that policy is defined for the table-enriched setting.

Figure 5.4 shows the trajectories of the four baseline policies. Spiral produces
the most regular coverage pattern, with a broad sweep that progressively exposes
large parts of the grid. Wall-following is much more constrained: it remains close to
the room boundary, so completion depends strongly on whether targets are visible
from that perimeter path. Pseudo-random motion produces long straight segments
interrupted by direction changes, triggered when the distance sensors report a
nearby obstacle. Rotate-and-measure is the most spatially limited example, since a
considerable part of the episode is spent rotating and selecting a direction before
moving again.

Figure 5.5 shows the corresponding occupancy heatmaps. The heatmaps make
the traversal patterns visible at cell level: Spiral occupies a broad portion of the
room, Wall Following leaves a perimeter trace, Pseudo-Random spreads occupancy
irregularly across the grid, and Rotate and Measure concentrates activity in a
compact region. These examples also show why low traversal is not automatically
a positive result. A policy may visit few cells because it follows a narrow perimeter
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Figure 5.3: Success rate and completion time in the hard mixed envi-
ronment. The plots summarize full-task completion and completion time when
non-target clutter is added to the table setting.
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Spiral Wall Following

Pseudo-Random Rotate and Measure

Figure 5.4: Baseline-policy trajectories. All plots refer to the same
mixed_easy seed. The room is represented as an 11 × 13 grid of cells with side
length 0.5 m.
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path or because it remains confined to a small region, not because it has selected
the most useful viewpoints. The visited-cell ratio is therefore meaningful only when
interpreted together with success and target recovery.

Figure 5.6 compares the simple AIF saccade policy with the zone-of-interest
AIF policy. The simple AIF example is from the same mixed_easy seed used in
Figures 5.4 and 5.5. The zone-of-interest example is from a separate mixed_tables
run, because the table-aware policy uses table observations and table-conditioned
beliefs that are not present in the floor-only environment. In both cases, the
trajectories are not fixed coverage patterns: the selected viewpoints change as the
policy updates its internal state.

Figure 5.7 reports the final belief maps for a successful zone-of-interest run in
the table-enriched setting. The upper map shows the table belief, while the lower
map shows the final target-presence map derived from the categorical target belief.
In the target-presence map, each cell is rendered using the highest posterior among
the target-related states, so validated target cells appear with the same peak value
even though the internal representation remains class-specific.

The maps also show that much of the upper-right part of the room remained
unobserved: many cells in that region retain their base-prior values in both maps.
Since any cell included in the visible mask of a processed observation would receive
a belief update, unchanged priors identify regions that the policy did not need to
inspect during this successful run. The target map contains the six high-confidence
target cells that caused the episode to terminate, and the table map shows that all
three table regions were discovered while the policy was searching for those targets.
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Spiral Wall Following

Pseudo-Random Rotate and Measure

Figure 5.5: Baseline-policy occupancy heatmaps. All plots refer to the same
mixed_easy seed and report accumulated cell-occupancy time.
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AIF Saccade trajectory ZOI AIF trajectory

AIF Saccade occupancy ZOI AIF occupancy

Figure 5.6: AIF trajectories and occupancy heatmaps. The simple AIF
saccade plots on the left refer to the same mixed_easy seed used for the baseline
examples. The zone-of-interest AIF plots on the right refer to a separate completed
mixed_tables run.
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Table-surface belief map

Target-presence belief map

Figure 5.7: Final belief maps for the zone-of-interest AIF policy. The
upper map shows the final table-surface belief, while the lower map shows the final
target-presence belief for a successful mixed_tables run.
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Chapter 6

Conclusion

This thesis investigated whether active-inference-inspired navigation policies can
improve autonomous object search for a simulated nano-drone. The focus was on
policies that use visual evidence during action selection while remaining lightweight
and interpretable. Instead of learning an end-to-end mapping from images to
actions, the policies developed in this work maintain explicit beliefs over task-
relevant hidden states and use those beliefs to choose future sensing actions. This
makes it possible to study how target evidence, uncertainty, contextual structure,
and movement cost affect the search process.

The results show that this approach can improve search performance over
detector-agnostic exploration. In the floor-only environment, the simple AIF
saccade policy outperformed the baseline policies and reached full success across
all detector conditions. Its advantage over Spiral is especially informative. Spiral
is a strong geometric baseline and recovers almost all targets, but it does so by
traversing a much larger portion of the room. The simple AIF policy instead uses
detector evidence to redirect the search toward cells that are more relevant under
its target-presence belief. The result is high task completion with less physical
traversal. In this setting, a compact binary belief over target presence is enough to
make the search behaviour more selective than fixed or range-based exploration
rules.

The table environments show the limit of that simple representation. Once
targets are more likely to appear on raised surfaces, the search problem is no longer
defined only by whether a cell has produced target evidence. The environment
contains contextual structure that changes which observations should matter. The
simple AIF policy receives height-aware coverage, but it does not represent table
cells as locations with higher target probability. Its reduced performance in the
table and hard settings reflects a mismatch between the policy state and the task
structure. The observation geometry is more accurate, but the policy still lacks
the contextual belief needed to use that geometry effectively.
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The zone-of-interest AIF policy addresses this limitation by adding the missing
structure to the belief model. Table detections are used to maintain a probabilistic
table belief, and that belief conditions the prior probability of target presence. At
the same time, fixation-level observations allow the policy to resolve whether a
likely target is a bottle or a can. Because the policy represents these class states
explicitly, it can define a classification-need term that decreases as the posterior
becomes more class-confident, replacing the manual exclusion mechanism used by
the simple binary policy. This produces a more natural search pattern: the drone
can be attracted by possible target evidence, inspect it more directly, classify it,
and then return to search when the belief state no longer assigns high value to that
fixation. In both table-based environments, this representation improves success
and target recovery while reducing the visited-cell ratio relative to the simple AIF
policy and Spiral.

The contrast between the two AIF policies is useful because it shows what the
explicit probabilistic formulation makes visible. When the task is floor-only, a
compact target-presence belief is enough to improve over fixed exploration rules.
When the environment contains raised surfaces that change where targets are
likely to appear, the policy must also represent that contextual structure. The
contrast points to a practical design trade-off: the state representation should
remain compact enough to preserve the lightweight character of the policy, while
still representing the sources of uncertainty that actually affect action selection.

The detector results support the same interpretation. Learned detectors reduced
claim precision in some cases, especially in the more visually complex setting, but
they did not change the main policy ordering. The simple AIF policy remained
robust in the floor-only environment, and the zone-of-interest policy remained the
strongest policy in the table and hard environments under both ground-truth and
learned perception. This suggests that, within the simulated conditions tested here,
the design of the policy state and action-selection mechanism had a larger effect on
task performance than the difference between ground-truth and trained detector
observations.

The main limitation of the work is that the evaluation was conducted in simula-
tion. Webots allowed the system to be tested under repeatable conditions, with
controlled object placement, consistent detector interfaces, and supervisor-based
validation. These advantages were necessary for isolating the effect of policy design,
but they also limit what can be concluded about real-world deployment. The
simulator provides ideal pose information, controlled sensing conditions, and a
limited set of object categories. The learned detectors were also trained and evalu-
ated within the same simulated visual domain. On a physical nano-drone, several
assumptions made in simulation would become weaker. Pose estimates would be
noisy rather than exact, camera observations would be affected by lighting and
motion blur, and actuation errors could change the relation between planned and
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executed viewpoints. Onboard computation would also impose a stricter constraint
on detector inference, belief updates, and planning frequency.

The policies themselves also remain hand-designed. Their priors, likelihoods,
preference terms, and movement costs were chosen to match the environments
studied in this thesis. This makes the system transparent and useful for analysis,
but it also means that generalization to richer scenes would require additional
modelling work. A more realistic indoor environment might contain several kinds
of support surfaces, partial occlusions, different target priors, and spatial layouts
not captured by the current grid abstraction. Extending the method would require
either designing richer contextual beliefs or learning parts of the generative model
from data while preserving the interpretability and efficiency that motivate the
approach.

Future work could therefore move in two complementary directions. The first is
hardware-oriented: deploying the detector and policy pipeline under real onboard
constraints, adding realistic localisation uncertainty, and testing whether the belief
updates remain stable with noisier visual evidence. The second is model-oriented:
replacing the fixed table-specific context with a more general mechanism for learning
which scene structures are predictive of target locations. A longer-horizon planner
could also be considered, but it would need to preserve the lightweight character
of the current approach rather than turning the policy into a computationally
expensive search procedure.

Overall, this thesis shows that active-inference-inspired policies can provide a
useful middle ground for nano-drone object search. They are more adaptive than
fixed exploration rules because perception influences action selection, but they
remain more transparent than end-to-end learned navigation policies because the
internal state and action score are explicitly defined. The strongest result is that
a compact, interpretable belief model can improve search when it represents the
uncertainties that matter for the environment. In this work, that meant target-
presence belief for the floor-only task and target belief coupled with table-surface
belief for the table-enriched tasks.
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