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1
Introduction

Political pressure on climate change and growing consumer awareness are reshaping agriculture [1]. In
this context, pesticide use faces renewed scrutiny for long-term sustainability. Yet pesticides remain a
practical necessity. Without pesticide intervention, potential global crop losses are estimated at roughly
50% for wheat and over 80% for cotton [2]. Farmers therefore face a difficult trade-off, balancing
ecological impact against economic viability.

Micro air vehicles (MAVs) offer a promising route to reduce chemical inputs. PATS, a Delft-based
agri-tech start-up [3], is developing systems for autonomous greenhouses. Its PATS-X concept uses
an infrared depth camera to detect and track airborne pests, then dispatches an autonomous MAV
to physically intercept and neutralize them, reducing reliance on pesticides. In operation the camera
provides real-time target position and velocity, a guidance module computes interception commands,
and the MAV executes those commands until contact.

Designing guidance and control for PATS-X is challenging. Targets are slow in top speed but highly
agile and often reactive, demanding rapid retargeting and precise proximity control. Greenhouse envi-
ronments add clutter, tight margins, and field-of-view constraints that limit feasible maneuvers. Sensing
introduces noise and delay, and modeling errors create a simulation-to-reality gap that can erode ex-
pected performance. Together, these factors make reliable aerial-to-aerial interception a demanding
control problem.

1.1. Research Formulation
This thesis contributes to the PATS-X system by evaluating and improving guidance and control for MAV
based pest interception. State-of-the-art classical controllers are compared to newly developed rein-
forcement learned policies trained on insect flight recordings. The study aims to identify best practices
for aerial-to-aerial pest interception, and places special emphasis on methods that support deployment
on real hardware. The overarching objective guiding this research is,

Research Objective

To enable reliable, pesticide free elimination of highly maneuverable airborne pests in green-
house environments by developing, benchmarking, and validating both classical and reinforce-
ment learning based guidance and control frameworks for MAVs.

To turn this objective into actionable work, the study is framed by three questions adressed in the
scientific article. The research questions are formulated as,

1



1.2. Structure of the Report 2

Research Question 1

How do reinforcement learning-based guidance and control policies for MAV pest interception
compare to state of the art classical controllers in terms of performance across representative
evasion scenarios?

Research Question 2

How do control abstraction level and observation design influence the performance of reinforce-
ment learning-based MAV pest interception policies?

Research Question 3

How do domain randomization and action smoothing influence the zero shot sim-to-real trans-
ferability of reinforcement learning based control policies for MAV pest interception?

1.2. Structure of the Report
This report consists of three parts. First, in Part I, the scientific article is presented that addresses
the main research questions above. The paper is organized into eight sections. Most importantly,
Section III lays out the aerial-to-aerial interception problem formulation. Section IV explains how ex-
periments were conducted and details hardware deployment. Section V presents the main findings
relevant to the research questions. Section VI presents a novel PATS-X implementation prototype.
Finally, Section VII discusses limitations and Section VIII concludes.

Second, in Part II, the literature review is motivated by the different high-level architectural components
of the PATS-X system. The review opens with chapter 4, which formalizes MAV–pest interception
kinematics. Then chapter 5 reassesses proportional-navigation variants under MAV constraints. In
chapter 6 reinforcement learning and key design choices are motivated. Finally, chapter 7 treats sim-
to-real transfer, and chapter 8 synthesizes gaps into research questions and a central objective.

To end, Part III concludes the research presented in this report. Additional results that did not fit directly
within the scope of this report are also included here.



Part I

Scientific Article
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Reinforcement Learning-Based Guidance and Control for
Aerial-to-Aerial Pest Interception

M.S. Broekers, R.W. Vos1, M. Yedutenko1, G.C.H.E. de Croon1

Abstract— PATS-X is a greenhouse pest suppression system
that uses a depth camera with an autonomous micro air vehicle
(MAV) to detect, track, and physically intercept flying insects.
This study targets guidance and control for reliable aerial-
to-aerial interception. Reinforcement learning (RL) is used
to learn policies from insect flight recordings. We evaluate
control policies at increasing levels of abstraction: direct motor
commands, collective thrust and body rates (CTBR), and
acceleration. In simulation, lower abstraction levels yield better
interception performance; moving from acceleration to motor
command reduces the median time to first interception by
about 41%. A systematic variation of the observation space
reveals that the most effective observations are body frame
relative position and velocity, and short temporal histories add
no benefit beyond noise filtering. Compared with a state-of-the-
art classical benchmark, Fast Response Proportional Navigation
(FRPN), the best motor level RL policy in simulation achieves a
median first interception time of 0.85 [0.76–1.07]s with 99.1%
interception rate, compared with FRPN at 1.90 [1.04–2.80]s
and 95.6%. To address the reality gap, we compare how well
the different control abstractions transfer to hardware. CTBR
policies deploy on hardware with the least performance loss
relative to simulation. Motor-level policies also transfer when
trained with modest domain randomization (DR) plus an action-
difference penalty that limits command jitter and thermal load.
Acceleration-level policies did not transfer. In a PATS-X proof
of concept, an RL controller deployed on the actual system
reached a 95.6% interception rate of virtual moths versus
80.0% for the existing controller. Moreover, the RL controller
shortened time-to-first-interception by 0.70s, indicating the
potential of RL-based guidance for the PATS-X system.

I. INTRODUCTION

Climate change drives the demand for sustainable agri-
culture, pushing growers toward technologies that reduce
ecological impact while maintaining productivity [1]. Micro
air vehicles (MAVs) are a promising part of this transition: by
enabling targeted monitoring and intervention, MAV systems
have been shown to detect stress and disease earlier, and
improve resource efficiency in protected cropping systems
[2]. In line with this development, PATS, a Delft based agri-
tech start-up is developing the PATS-X concept. This is an
integrated greenhouse solution that uses an infrared depth
camera to detect and track flying pests. After detection it
dispatches an autonomous MAV to physically intercept and
neutralize the pests, thereby reducing reliance on chemical
pesticides [3].

1All three researchers are with Delft University of Technology, Faculty
of Aerospace Engineering, Department of Control & Simulation, Micro-
Air-Vehicle Laboratory (MAVLab). This scientific article is part of the
thesis report for fulfillment of a MSc. in Aerospace Engineering by Merlijn
Broekers defended on December 11, 2025

Fig. 1. The figure shows a 3D interception chase. The drone (red) and the
evader (blue) are represented by their flight trajectories, with short trailing
paths that indicate their positions over the last one second. The evader’s
path is a replay from a real recorded moth flight. Interception points are
marked with a black cross. The viewing frustum of the PATS depth camera
(green) is drawn as a black wire-frame box enclosing the region observed.

Intercepting flying pests in this setting is a guidance-and-
control problem with tight constraints: targets are small,
agile, and erratic; the MAV may be faster in top speed
but not in instantaneous maneuverability; the greenhouse
imposes hard spatial limits; and camera-based measurements
are noisy and delayed. These factors drive the design of the
interception controller. This paper therefore benchmarks clas-
sical and learned approaches for aerial-to-aerial interception
in the PATS-X context. The best practices are identified for
the PATS-X system based on interception performance in
simulation and transferability to the physical system.

II. RELATED WORK

A. Classical Interception G&C

Classical interception guidance for aerial engagements is
dominated by proportional navigation (PN) and its descen-
dant variations. The core working principle of PN is to

4
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minimize miss distance through keeping the line-of-sight
(LOS) angle, denoted as ϕ, to the target constant. For
interception, the LOS angular rate is driven toward zero
while the distance to the target along the LOS decreases,
Fig. 2 illustrates this principle.

Fig. 2. Working principle of PN. Keeping the LOS angle ϕ constant while
decreasing the LOS distance is a sufficient condition for interception.

An attractive quality of PN is that, under certain assump-
tions, it is optimal with respect to terminal miss distance;
therefore, it is a method for precise interception [4]. This
emphasis on minimizing miss distance is particularly relevant
here, because the targets are small flying insects and minute
errors can determine success or failure. PN is widely applied
for missile-to-aerial target interception guidance and has seen
renewed interest due to the emergence of drones in warfare.

A key limitation identified of PN for drone guidance in
aerial interception is the design for a single interception event
[5], [6], [7]. Modifications of the PN control laws enable reat-
tempts at interception [4], [8], [9]. Of the methods developed
that are able to re-attempt interception, fast response propor-
tional navigation (FRPN) has empirically demonstrated the
best performance [9]. FRPN blends classical PN guidance
with an additional term to hasten initial convergence without
sacrificing terminal accuracy.

Critically, FRPN inherits reliance on the same idealized
assumptions that underwrite PN variants. It performs reliably
only when target motion is simple, the LOS measurements
are accurate, and the vehicle can track commanded acceler-
ations instantaneously. When these assumptions are not met,
the performance of PN and, by extension, FRPN degrade
[4]. These limitations motivate the investigation of learned
controllers. In this paper, FRPN serves as the conventional
baseline against which more elaborate learned controllers are
compared.

B. Reinforcement Learning Interception G&C

Reinforcement learned (RL) controllers have shown strong
performance on aerial interception tasks. In head-to-head
simulation studies, RL controllers surpass classical PN vari-
ants on representative interception benchmarks [10], [11],
[12], [13]. Beyond interception, RL has achieved state-of-
the-art results in a closely related, high-agility flight domain.
In drone racing, RL policies have outperformed classical
stacks, model-based baselines, and human experts [14].
These results suggest that RL is a credible candidate for

aerial interception guidance, where fast, reactive control is
essential. Despite this promise, several design choices remain
unsettled.

1) Control Abstraction: denotes the level in the flight
controller at which the policy outputs actions. The optimal
controller for the pest interception problem can be viewed
as a function mapping observations to actions. In practice,
traditional autopilots are built in layers: a guidance layer
computes setpoints, an attitude or rate loop tracks them, and
a mixer drives the motors [15]. For more layered controllers,
the level of abstraction increases. The actions taken by the
policy then are more detached from the actuation. Intermedi-
ate controllers bridge the gap between the high-level actions
and the motor commands. This layered design limits what a
learned policy can express depending on which layer of the
controller it is implemented in.

Giving the policy direct access to the lowest layer maxi-
mizes the behaviors an optimal mapping can realize. This is
the motivation for RL policies that map observations directly
to the lowest level commands [15]. For MAVs, the lowest
layer is direct motor actuation through RPM commands.
Comparative studies report that motor-level control can yield
large performance gains in simulation [16], but only marginal
improvements when deployed on hardware [17].

Learning policies that output actions at lower levels of
control abstraction comes at a cost. Taking position as the
final outcome, a motor-command dynamic model used in
policy training requires a chain of five integrated states
from actuation to positional motion. Each layer depends
on identified parameters and/or nonlinear maps, so errors
and unmodeled effects accumulate across the chain [15].
Consequently, lower levels of abstraction makes faithful
deployment on hardware more demanding than at higher-
level abstractions.

A systematic comparison across abstraction levels under
the same sensing, training, and flight constraints is still
missing. This paper fills that gap by evaluating three levels:
guidance-level acceleration setpoints, collective thrust and
body rates (CTBR), and direct motor commands.

2) Observation Design: Observation spaces for intercep-
tion policies are not consistent across implementations. Key
design choices include whether to provide raw measurements
or engineered features and how much temporal history to
include. Studies variously use raw signals [18], [19] or
processed features [10], [20]. Similarly, some works report
substantial gains with augmenting the policy input with a
short history of observations [21], [15], [22], whereas others
find little benefit from including short histories [23]. These
discrepancies leave open questions about which feature set
to use. This paper addresses this gap with a controlled
comparison, ablating different observation sets.

C. Reality Gap

The reality gap (RG) denotes the discrepancy between per-
formance in simulation and on hardware. The RG’s impact is
particularly pronounced for RL controllers. Learned policies
are tightly coupled to the simulator used during training.
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The controller’s behavior is effectively shaped by the fi-
delity of the simulated environment. This dependency makes
sim-to-real transfer a critical bottleneck in RL-controlled
MAV-pest interception. The most consequential failure, an
unsuccessful sim-to-real transfer, occurs when a policy that
appears successful in simulation cannot generalize to real-
world conditions [24].

In many areas of robotics, on-hardware fine-tuning or
online learning after simulation pretraining is a practical
route to strong real life policy performance. For MAVs,
however, real-world training is rarely viable: crash risk, hard-
ware damage, safety incidents, and battery power retrains
the amount of learning time. Given these constraints, zero-
shot transfer is the only practical strategy, policies are trained
entirely in simulation and then deployed on hardware without
further learning [25]. Several strategies exist to enhance the
probability of a successful zero-shot transfer.

1) System Identification: fits dynamics and sensor models
to real flight data, increasing simulator fidelity. Overall
system identification is widely stated as a beneficial factor
for overcoming the RG [26], [24]. Historically, unmodeled
effects were compensated with neural-network residuals on
top of system identified dynamic models [17]. More recently,
high-agility flight has been achieved using simple rigid-body
simulators paired with domain randomization (DR) [23],
[14]. Crucially, in this approach accurate system identifi-
cation is still an important factor in facilitating sim-to-real
transfer [25].

2) Domain Randomization: addresses the reality gap by
training over a distribution of simulators so that the real
world appears as an additional draw from that distribution
[27]. Prior work reaches different conclusions about how
much and what to randomize. Valassakis et al. [28] find
that simple disturbance injection can match the transfer
benefits of elaborate parameter randomization at much lower
engineering cost. For simple trajectory tracking tasks, it is
shown that when the simulator has been well calibrated by
system identification, additional randomization can degrade
learning and transfer by enlarging the policy search space
without adding relevant variability [25], [15]. In contrast,
Ferede et al. [23] vary the magnitude of randomization for a
drone racing task and report that policies trained without ran-
domization excel in simulation yet fail on hardware. Ferede
et al. [23] and Molchanov et al. [29] also find that very heavy
randomization can enable zero-shot transfer across different
platforms. However, this broad generality comes at a cost;
per-platform performance is lower than when training on
a well-identified model with light randomization. Overall,
while modest randomization is often necessary to achieve
zero-shot transfer; heavier randomization slows learning and
reduces peak performance, and a measurable sim-to-real gap
remains in all cases.

Taken together, there is no one-size-fits-all prescription for
domain randomization. Because most findings come from
case studies at different abstraction levels, broad generaliza-
tions are difficult. To address this, we systematically evaluate
domain randomization across guidance-layer, CTBR, and

motor-level policies on the same task under identical sensing,
training, and deployment conditions.

3) Reward Shaping: involves augmenting the task reward
with auxiliary terms that bias learning toward behaviors that
are easier to transfer to hardware [25]. It is widely used to im-
prove zero-shot sim-to-real transfer in quadrotor RL, though
implementations vary with task and control abstraction. Two
forms dominate. First, penalties on body rates [23], [14],
[15], which are routinely included but not accompanied by
an ablations or an explicit rationale. Second action-difference
or smoothness penalties that curb simulator-exploiting ag-
gressive commands and enhance hardware stability [30],
[25], [20]. Shaping introduces a stability–agility trade-off:
more smooth command aids transferability but can cap per-
formance. Accordingly, this paper systematically evaluates
reward shaping, quantifying the stability–agility trade-offs in
simulation and under zero-shot transfer to hardware.

III. METHODOLOGY

A. Problem Formulation

The MAV–pest interception problem may be formulated as
a Partially Observable Markov Decision Process (POMDP).
In this work, a single agent formulation is adopted: the MAV
is the only decision-making agent and is controlled by the
policy, while the pest is treated as part of the environment.
The tuple,

Mκ,ψ =
(
Sκ, Aκ, Oκψ, Pκ, R, γ

)
defines the POMDP under control abstraction κ ∈ K and
observation configuration ψ ∈ Ψ. Here, Sκ is the state space,
Aκ is the action space, and Oκψ is the observation space.
The transition kernel Pκ(st+1 | st, at) captures the dynamics
under abstraction κ. The reward function R(st, at, st+1)
encodes the MAV-pest interception task objectives, and γ ∈
(0, 1] is the discount factor, which influences wether near
term rewards count more than distant ones.

We denote the state and observation at time t by (st, ot) ∈
(Sκ, Oκψ), and the action by at ∈ Aκ. Our goal is to learn
a policy, πκ,ψ(at | ot), which maps observations from Oψ
to actions in Aκ, producing precise, agile maneuvers that
intercept pest trajectories. The optimization objective is to
maximize the expected discounted return,

J(θ | κ, ψ) = Eτ∼πθ,κ,ψ

[
T−1∑
t=0

γtR(st, at, st+1)

]
,

where τ = (s0, o0, a0, . . . , sT ) is a trajectory generated by
πκ,ψ .

B. Dynamic Models

To accommodate different RL controller placements in the
flight stack, we model the MAV at three control abstraction
levels, indexed by κ ∈ {Acceleration,CTBR,Motor}. Each
abstraction defines its own state space Sκ, action space Aκ,
and transition model,

xt+1 = xt +∆t fκ(xt, at), xt ∈ Sκ, at ∈ Aκ, (1)
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πacc

GuidanceStabilizationMAV
⍵cmd

p, q, r, T

acmdot

πctbr

StabilizationMAV
p, q, r, T

⍵cmd

pcmd, qcmd, rcmd, Tcmd ot

πmotor

MAV
⍵cmd

ot

pcmd, qcmd, rcmd, Tcmd 

p, q, r, T

Fig. 3. High-level block diagrams to give an overview of the three control
abstraction levels. Top: A guidance-level policy πacc outputs an acceleration
setpoint acmd, which is tracked through the use of two inner loop controllers.
Middle: Policy πctbr outputs (pcmd, qcmd, rcmd, Tcmd), which a stabilization
controller tracks. Bottom: A motor–level policy πmotor outputs rotor–speed
commands ωcmd to directly actuate the MAV.

where fκ denotes the underlying continuous-time dynamics
and the environment advances with a fixed step ∆t using
a forward-Euler scheme during rollouts for learning and
evaluation. At the highest level κ = Acceleration, actions
correspond to inertial frame acceleration acmd; at the in-
termediate level κ = CTBR, actions are collective thrust
Tcmd and body rates pcmd, qcmd, rcmd; and at the lowest level
κ = Motor, actions are RPM motor setpoints ωcmd. The
full dynamic models, parameter choices, and implementation
details are given in Appendix I. A high-level overview of the
block diagrams detailing each abstraction level and which
inner loop controllers are modeled is shown in Fig. 3.

C. Pest Evaders

Evaders in this study are purely data driven and non–reactive.
Evader motion is replayed from logs without feedback from
the MAV. The datasets expose the evader’s inertial position
and velocity time series, denoted by pe,t ∈ R3 and ve,t ∈ R3.

1) Opogona Moth: A dataset supplied by PATS was
recorded with the PATS–X system and contains trajectories
of the Opogona moth species. All flights were observed
passively; moths were neither pursued by a drone nor oth-
erwise disturbed. The offboard detection system employs an
Intel RealSense D455 depth camera producing time-stamped
3D positions at 100 Hz. Raw positions are smoothed with
a short moving-average window, velocities are computed
via backward Euler differentiation of the raw positions,
and a second-order low-pass filter is applied to the derived
velocities. This preprocessed data is used throughout the
report, matching the preprocessing pipeline of the PATS-X
system. To account for temporal mismatches between log

playback and the training environment, the nearest available
time index in the log is retrieved at each environment step.

2) Pliska Trajectories: A secondary evader source is a
dataset from Pliska et al. [9], comprising 100 noise–free,
ground–truth trajectories with high–agility maneuvers and a
broad range of kinematics, designed to emulate an agile, eva-
sive drone adversary for interception benchmarking. To align
magnitudes with greenhouse pests, trajectories are uniformly
rescaled so that positions remain within a 3× 3× 3 m cube.
Unlike the Opogona dataset, ground–truth states are available
for Pliska trajectories.

To evaluate the effects of observation noise and prepro-
cessing, measurements are synthesized from ground truth
by adding zero-mean Gaussian noise to positions with σ =
0.02 m per axis to approximate PATS-X sensing noise. Two
derived datasets are created: a noisy set, in which noisy
positions and velocities derived via backward–Euler are fed
directly to the controller; and a preprocessed set, where the
PATS-X preprocessing pipeline is applied to the noisy data.

D. Observation Space

The observation space contains a common task–level core
that may be shared across all control–abstraction levels. The
observation space configurations evaluated in this paper are
summarized in Table II. On top of the core, observations
that are needed to allow for stable flight under the respective
abstraction level are appended. The additional variables per
abstraction level are presented in Table I.

Stabilization Feature Acc Acc+ CTBR Motor
Rotation columns R(λ)⊤[:, 1:2] × ✓ ✓ ✓
Body rates Ω × ✓ ✓ ✓
Specific thrust T × ✓ ✓ ×
Normalized rotor speeds ωnorm × × × ✓

TABLE I
ABSTRACTION–LEVEL FEATURE BLOCKS NEEDED TO ACHIEVE STABLE

FLIGHT APPENDED TO THE CORE OBSERVATION SETS IN TABLE II.
ACC+ DENOTES THE ACCELERATION VARIANT THAT INGESTS ONBOARD

STABILIZATION CHANNELS. ACC USES ONLY THE OFFBOARD SENSOR

INPUTS.

To ease neural policy learning, normalization of the obser-
vation space is done. All Cartesian vectors are split into a unit
direction vector and a magnitude. The attitude is represented
by the first two columns of the world→body rotation matrix
R(λ)⊤, a continuous orthonormal parameterization, rather
than Euler angles or quaternions, which are non-unique and
introduce discontinuities adverse to neural learning [31].

Finally, a k-step observation history and an m-step action
history may be appended, with k=m=0 being the memory-
less setting. This yields a consistent interface across abstrac-
tion levels while letting us systematically study which feature
set and history depth best support learning.

E. Reward

The reward signal explicitly encodes the interception objec-
tive and shapes the learning signal so that desired emergent
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Input Information Observation Space Configurations
pd,
pe

pd, pe,
vd, ve

∆p
∆p,
∆v

∆p,∆v,

ϕ̇
∆pb ∆vb

∆pb,
∆vb

∆pb,∆vb,

ϕ̇b

pd, pe, vd, ve,

∆p,∆v, ϕ̇
pd, pe, vd, ve,

∆p,∆v
pd, pe, vd, ve,
∆pb,∆vb

Pursuer position ✓ ✓ × × × × × × × ✓ ✓ ✓
Evader position ✓ ✓ × × × × × × × ✓ ✓ ✓
Pursuer velocity × ✓ × × × × × × × ✓ ✓ ✓
Evader velocity × ✓ × × × × × × × ✓ ✓ ✓
Relative position world × × ✓ ✓ ✓ × × × × ✓ ✓ ×
Relative velocity world × × × ✓ ✓ × × × × ✓ ✓ ×
Relative position body × × × × × ✓ × ✓ ✓ × × ✓
Relative velocity body × × × × × × ✓ ✓ ✓ × × ✓
LOS angular rate × × × × ✓ × × × ✓ ✓ × ×

TABLE II
CORE OBSERVATION-SPACE CONFIGURATIONS. SUBSCRIPT b DENOTES BODY-FRAME QUANTITIES; OTHERWISE, INERTIAL FRAME.

behaviors arise during training. The reward as defined in
Eq. 2 comprises three elements: a base interception task
term, smoothing term that discourages brittle control, and a
boundary-adherence reward mechanism that encourages the
MAV to stay inside the admissible flight volume. The base
reward is briefly introduced here alongside the smoothing
reward. Comprehensive motivation and implementation de-
tails for the base term are provided in Appendix III. For
brevity, the boundary-adherence term is not detailed here;
its complete formulation is given in Appendix IV.

rt = rbase
t + rsmooth

t + rbounds
t (2)

1) Base Reward: In the formulation of the base reward,
we follow the principle of dense progress shaping from drone
racing, where agents are rewarded for per-step approach to
the next waypoint [14], [23]. The per-step base reward is
defined as,

rbase
t =

(dt−1 − dt)− st
d0

+ 10 · 1int, (3)

where, the LOS distance between MAV-evader is dt =
∥pe,t − pd,t∥, evader’s per-step path length is given through
st = ∥pe,t − pe,t−1∥, capture indicator 1int = 1 if dt <
dint with dint the interception radius, and d0 is the initial
separation between the MAV and pest. An illustration of the
base reward is given in Fig. 4.

The reward draws upon a prior work by Vos [32], where
the reward is shaped to act as an imperfect proxy for the
individual contribution of the agent to the reward. The
evader’s one-step travel distance is subtracted so that ap-
parent progress caused by coincidental target motion is not
falsely attributed to the agent. At each timestep the reward
equals the MAV’s reduction in range from the previous step
minus the evader’s distance traveled in that step, normalized
by the initial separation, with a fixed bonus upon capture. The
step reward is positive when the MAV reduces separation by
more than the evader moves; if this persists, the separation
decreases and must cross the capture radius in finite time.
Therefore, sustained positive reward is a sufficient condition
for interception. Subtracting the term st also introduces an
implicit per-step cost. Longer episodes accrue more penalty,
so maximizing return favors trajectories that achieve capture

Pt, 

t-1
et-1et

t

t t-1

dt-1
dt

Δd(ev)

dt-1

dt

st

stdt

dt-1

p
t-1

p
t

et-1 et

dt-1
dt

Δd(ev)

Δd(ev)dt

dt-1

Rt

Pt-1
et,t-

1

dt-1

dt

Pt

Rt

t-1

t

t-1 t

dt-1

dt

st

stdt

dt-1

t-1

Fig. 4. Base-reward geometry. The pursuer (blue) and evader (red) are
shown; dt−1 and dt denote their line-of-sight relative distances. The red
arrow indicates st, the evader’s one-step path length. The top panel depicts
a step in which the evader moves towards the pursuer; in this case the
credited progress (dt−1 − dt) − st (green bracket) is positive and yields
a positive base reward rbase

t . The bottom panel depicts a step in which the
evader moves away from the pursuer; the relative distance does not decrease
and the reward is negative.

in fewer steps, providing a practical pressure toward time-
optimal interception.

2) Reward Smoothing: In an effort to enhance policy
transferability smoothing terms are appended to the reward.
Two terms are optionally included to form,

rsmooth
t = − γs ∥∆at∥ − γr ∥Ωt∥, (4)

where ∆at = at − at−1 is the change in the commanded
action, Ωt are the body rates at time t, and γs, γr ≥ 0 are
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small weights.
Action-difference penalties γs discourage high-frequency

control commands that exploit simulator idealized responses
[30], [25]. Similarly, rate penalties γr have an analogous
role [14]. Conceptually, this reward shaping trades a small
amount of agility for smoother actuation.

F. Domain Randomization

Domain randomization (DR) may be systematically applied
to each abstraction-level model’s parameters. The procedure
used here is analogous to what was done in [23]. The pa-
rameters of the different abstraction level models as defined
in Appendix I, were estimated via least-squares regression
with real flight logs. For a complete overview of identified
values, consult Appendix VI. Accurate system identification
is critical because it anchors DR around an initial best
estimate of the dynamic model. This anchoring is necessary
for a fair evaluation of DR’s effectiveness, otherwise any
observed gains or failures may reflect identification bias
rather than the benefits of DR [25].

We apply DR by scaling each component of the identified
parameter vector θ̂κ by an i.i.d. uniform factor,

(θκ)i ← θ̂κ,i U [ 1− p, 1 + p ], (5)

where, p ∈ [0, 1) is a user-set percentage that controls
the spread. After sampling, we clip each parameter to its
physically admissible range, to ensure the randomized set
remains feasible. In the experiments conducted DR is applied
at four levels, nominal (p = 0), 10% (p = 0.10), 20%
(p = 0.20), and 30% (p = 0.30). During training, at the start
of each rollout, a simulator instance is sampled by drawing
one set of parameter multipliers, each environment receives
an independent draw.

G. RL Training Algorithm

Policies are learned with Proximal Policy Optimization
(PPO) implemented using Stable-Baselines3 [33] on a vec-
torized Gym environment. The same training pipeline is used
across all input configurations. Following prior work in RL-
controllers for aerial-to-aerial interception [32], an on-policy
method is used despite the inherent lower sample efficiency.
In our setting, this reduced sample efficiency is not a
major limitation because simulation rollouts are inexpensive.
Moreover, PPO’s modest hyperparameter sensitivity makes it
reliable to train without extensive tuning [34].

Concretely, training runs with 100 independent parallel
environments and proceeds in updates that collect 1,200
steps per environment. The simulator advances with a fixed
step size ∆t = 0.01. In the case of no early termination,
a batch size of 5000 is used, and ten gradient epochs
with a discount factor of γ = 0.999 are performed. The
policy and value networks share the same architecture: a
three-layer multilayer perceptron (MLP) with 64 units per
layer. This compact network is suitable for deployment
on lean hardware and, in a comparative study evaluating
multiple architectures for drone racing, achieved the best
performance [23]. Unless stated otherwise, each run trains

for a total of 50 million environment steps, accumulating
to a total of 5 days and 19 hours of simulated flight time
used for training. The code containing all the different
models and environments used for training is available on
https://github.com/tudelft/Aerial To Aerial Interception.

H. Fast Response Proportional Navigation

A classical interception guidance controller was also imple-
mented to serve as a benchmark for the RL controllers. The
controller implemented here stems from PN. One can re-
cast interception guidance within a linear–quadratic optimal
control framework and derive a family of optimal laws of
increasing complexity as more target information and actua-
tor dynamics are modeled [4]. Many of these laws subsume
classical PN variants, providing principled, Cartesian-space
counterparts that explicitly optimize a specific objective.

Of particular relevance here is Linearized PN (LPN),
which under certain conditions is optimal with respect to ter-
minal miss distance, a critical objective for pest interception
due to the small target size. Note, that in this investigation
the conditions for LPN to be optimal with respect to terminal
miss distance were not explicitly enforced. Pliska et al. [9]
build upon LPN proposing FRPN, which augments LPN with
a small pure pursuit (PP) term, position-error based feedback,
to hasten the initial response. The FRPN command reads,

ad = G

(
(1−W )

∆pt +∆vt tgo

t2go︸ ︷︷ ︸
LPN term

+W ∆pt︸︷︷︸
PP term

)
. (6)

where ∆pt = pe,t − pd,t and ∆v = ve,t − vd,t are relative
position and velocity, ad is the inertial-frame acceleration
command, tgo(t) = ∥∆pt∥/∥∆vt∥ is a time-to-go till inter-
ception estimate, G is the navigation gain, and W ∈ [0, 1]
blends the LPN term with the pure pursuit term. Intuitively,
as tgo → 0 the LPN term dominates, so the added pure
pursuit term accelerates early engagement while preserving
terminal precision of LPN.

IV. EXPERIMENTAL SET-UP

A. Simulation

Simulation-based evaluation benchmarks all controllers un-
der standardized, repeatable conditions using playback of
evader trajectories, specifically, the two evader datasets pre-
sented in Section III-C are considered. Policies are evaluated
using a held out set of 10 evaders selected at random.
For each evader, 100 trials are executed with the pursuer
initialized according to Appendix II, yielding broad coverage
of relative geometries and engagement conditions across the
MAV–pest interception task. Policies are evaluated determin-
istically to ensure repeatability, the mean action is applied
at every step. Unless noted otherwise, dynamics and sensing
during evaluation mirror the training configuration. The MAV
is simulated with its nominal system-identified parameters.
Episodes run until the fixed maximum duration of 6 seconds
is reached.
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B. CyberZoo Testing

Physical experiments were conducted with a Parrot Bebop
2. The platform’s long battery life minimized downtime
between test trials, and the IMU exposes per-motor RPM,
which is necessary for the system identification pipeline.
The onboard CPU is fast enough to run the learned three-
layer MLP with 64 units per layer policies directly on
the vehicle. While the integrated Wi-Fi module supports
telemetry, messaging and logging.

Flights were carried out in the CyberZoo at TU Delft’s
Faculty of Aerospace Engineering, a flight arena equipped
with an OptiTrack motion-capture system. Real-time position
and attitude from OptiTrack are fused onboard with IMU
measurements using an extended Kalman filter, yielding low-
latency state estimation onboard the Bebop 2. The flight
software is a MAVLab TU Delft fork of the open-source
Paparazzi-UAV autopilot [35], which contains the interme-
diate controller needed to implement all abstraction levels.
The onboard realization of each abstraction is summarized
in Fig. 3.

Trials use an offboard evader playback, a held-out Opog-
ona trajectory is streamed to the MAV. Each trial begins
by briefly mimicking the target as a stationary point at a
randomized setpoint on a circle with a radius of one meter
centered at the evader’s initial spawn location. The recorded
moth flight is then replayed for 6 seconds, and the Bebop
2 attempts to intercept this virtual target. The chosen moth
remains well within the arena, keeping the vehicle far from
the walls and enabling safe, repeatable testing across policies.
The procedure is illustrated in Fig. 5.

V. RESULTS

A. Evaluation Metrics

Following prior work on aerial-to-aerial interception [9],
[32], this work adopts task-level metrics tailored to MAV
pest interception to compare controllers on effectiveness,
persistence, and spatial behavior. The interception rate pint
is the fraction of trials with at least one interception. The
time-to-first-interception tint is the elapsed time until the
MAV–target distance first drops below 15cm, indicating
how quickly interception is achieved. Evaluation trials do
not terminate upon an interception, therefore also proximity
metrics may be derived. These metrics are secondary in
importance. To capture near-successes, near-miss time tNM

Fig. 5. CyberZoo testing procedure. Virtual target state is streamed from an
offboard computer to the drone. The onboard neural network policy fuses
the streamed target state with the drone’s own state and outputs control
commands. Each trial begins by streaming a mock stationary target (light-
blue dot) placed 1 m from the trial spawn point to initialize the pursuer;
thereafter the real target trajectory is streamed and the interception case is
started.

records the total duration spent within 30cm of the target,
while the mean distance d̄ is the average separation over the
engagement, indicating overall proximity maintenance.

B. Observation Space

In this section the evaluation of how different observation
space configurations influence interception performance is
presented. Observation space choices are evaluated using
the motor pursuer. Among the considered abstraction levels,
the motor policy provides the most direct link between
observations and actuation, making it the most representative
setting for isolating the effect of observation design. The
training and evaluation method presented in Section IV-A
on the Opogona dataset presented in Section III-C, was
used. Performance across all intercepting configurations is
presented in Table III.

Relative position ∆pb and velocity ∆vb expressed in the
body frame show the best performance with respect to the
primary objective, the first interception time, while also
remaining competitive across the other metrics. This makes it
the best-performing observation space, which will therefore
be used for the remainder of the analysis presented in this
report. Two clear trends emerge from the observation–space
analysis.

Observation Set tint [s] (median [Q1–Q3]) tNM [%] (mean ± std) d̄ [m] (mean ± std) pint [%]
[∆p,∆v] 1.77 [1.38–2.32] 61.64 ± 13.43 0.34 ± 0.09 98.82

[∆pb,∆vb] 0.85 [0.76–1.07] 59.36 ± 11.58 0.32 ± 0.06 100.0

[∆p,∆v, ϕ̇] 3.11 [1.88–4.43] 11.46 ± 4.33 1.32 ± 0.51 97.61

[∆pb,∆vb, ϕ̇] 1.18 [0.94–1.85] 33.54 ± 8.33 0.54 ± 0.12 100.0

[pd, pe, vd, ve, ∆p,∆v] 1.60 [1.19–2.28] 73.14 ± 9.70 0.28 ± 0.06 100.0

[pd, pe, vd, ve, ∆pb,∆vb] 1.09 [0.88–1.40] 62.50 ± 11.99 0.29 ± 0.04 99.33

[pd, pe, vd, ve, ∆p,∆v, ϕ̇] 2.35 [1.66–3.57] 17.22 ± 7.43 1.27 ± 0.77 97.11

TABLE III
TASK-LEVEL METRICS BY OBSERVATION-SPACE CONFIGURATION. ONLY FIRST-INTERCEPTION TIME tint USES A SKEWED SUMMARY (MEDIAN

[Q1–Q3]); TIME IN NEAR-MISStNM AND d̄ REPORTS MEAN ± STD; pint IS THE INTERCEPTION RATE.
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Fig. 6. Relative importance of first-layer policy inputs for the feature
set [pd, pe, vd, ve,∆pb,∆vb]. Absolute input weights into the first linear
layer are grouped by feature and normalized per entry, yielding comparable
importance across observation sets of different sizes.

First, including the LOS rate ϕ̇ substantially degrades
the interception performance. Pooling the inertial and body-
frame variants, adding the LOS rate ϕ̇ increased the median
first–interception time tint by ≈ 1.5× and inflated the
overall proximity d̄ by ≈ 2.8×. This is noteworthy because
LOS rate is the core feedback signal in classical closed-
loop PN guidance laws [36]. The likely cause is the LOS
rate’s discontinuous behavior. After a near miss, the LOS-
rate magnitude spikes. At closest approach the bearing to
the target swings rapidly as the MAV passes the target.
The LOS direction flips in a few samples, this produces
an apparent jump in the measured rate. Theoretical analyses
indicate that, for a fixed number of neurons, smoother target
functions, those with stronger continuity properties, admit
smaller approximation errors [31]. Consequently, under this
representation the mapping from LOS rate to the required
actuation is not smooth and therefore harder to approximate
stably with a neural network.

The second identified trend, is that representing relative
features in the body reference frame emerges as a best
practice. Pooling the results of the different configurations
tested, expressing ∆p,∆v in the body frame reduced median
first interception time tint by ≈ 40%. Intuitively, aligning
target information with the MAV’s body axes simplifies the
mapping from observations to actuation.

The following observation sets did not achieve intercep-
tion: inertial-frame positions (pd, pe), inertial-frame posi-
tions and velocities (pd, pe, vd, ve), and relative positions
(∆p or ∆pb) or velocities (∆v or ∆vb). The minimal obser-
vation set that enabled interception was relative position and
relative velocity. To quantify observation feature saliency, we
inspect the first linear layer of the policy network trained with
all features. For each input, we sum the absolute incoming
weights, aggregate them by semantic feature group, take a
per–entry mean within each group, and normalize across
groups to obtain percentage shares of importance. The goal
is to identify which observation groups most strongly shape
the policy’s initial transformation, providing a proxy for
feature importance. As shown in Fig. 6, relative position

and velocity in the body frame dominate the first-layer
importances, indicating that the policy relies most on these
signals at the input stage. Although this analysis does not
establish causality, it does give some indication of which
features are most influential for the interception task.

C. Observation History

The effect of adding observation history was examined to
evaluate whether temporal context enables non-intercepting
observation sets to learn interception. Observation history
length, was varied over k ∈ {1, 2, 4, 8, 16}. The same
training and evaluation pipeline is used as in the previous
analysis, using the Opogona dataset introduced in Section IV-
A and evaluating according to what is stipulated in Sec-
tion IV-A.

All configurations that did not learn to intercept with no
history k=0 remained unable to intercept for every tested
history length. This outcome suggests that the network did
not reliably infer the required latent variables from the
historical observation sequences. This outcome is somewhat
surprising, as neural networks are capable of universal func-
tion approximation [37], and one might expect the policy to
infer omitted latent variables from the historical sequence of
observations. For example, when provided only with the last
k relative positions, an MLP could in principle approximate
the relative velocity by differencing across time, thereby
implicitly reconstructing the minimal observation set known
to enable interception.

However, the combination of noisy inputs and limited net-
work capacity likely explains why this theoretical potential
was not realized in practice. The Opogona measurements
are inherently noisy, any velocity estimated from sequences
of positions will suffer from amplification of this noise.
At the same time, the relatively shallow and narrow MLP
lacks the representational capacity to approximate the more

Fig. 7. First-interception time depending on observation history k for the
observation set [∆pb,∆vb], evaluated on Pliska trajectories with Gaussian
position noise σ = 0.02m; metrics computed against ground truth. Results
are shown as median and IQR, denoted through the solid line and shaded
region, respectively. The ideal-sensing baseline is trained without noise and
uses no history (k = 0).
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complex functions required to recover such latent features
under noisy conditions. Scaling the network depth or width
might mitigate this, but was not pursued, as the policies are
intended for deployment on lightweight flight computers.

A second analysis quantifies how interception performance
depends on the amount of observation noise and the available
history. For this analysis the best performing observation
set, (∆pb,∆vb), was used. The different Pliska trajectories,
ground-truth, noisy, and preprocessed as presented in Sec-
tion III-C were used. The results are reported in Fig. 7 as
first-interception time depending on history length k. Under
preprocessed inputs, which matches the pipeline of the PATS-
X system, increasing k does not improve performance. Under
noisy inputs, a longer history is required; approximately the
last k ≥ 8 observations restore performance to the level
achieved with preprocessing. These findings indicate that
temporal stacking serves primarily as noise filtering when
preprocessing is absent, whereas it offers little benefit once
light filtering reduces the effective noise floor.

A final analysis evaluates whether using noisy measure-
ments for both training and evaluation, alters the reported
interception performance. The Pliska dataset was used and
evaluation metrics were computed twice for each policy:
once against the preprocessed dataset, and once against the
corresponding ground-truth positions. The two evaluation
methods produced essentially identical interception metrics,
indicating that measurement-only evaluation does not bias
conclusions at this noise level.

The implication of this analysis is that training and eval-
uation can be performed directly on the Opogona dataset
using PATS-X preprocessed features. Letting the policy self-
filter via observation history provides no advantage over
PATS-X preprocessing. With PATS-X preprocessing in place,
adding observation history does not improve performance.
Evaluation on PATS-X–preprocessed measurements is indis-
tinguishable from evaluation on ground truth. Choosing the
preprocessed Opogona data therefore simplifies the pipeline
by removing the need for ground-truth labels, while matching
the deployed sensing conditions.

D. Action History

We evaluated whether appending recent actions to
the observation improves policy performance. The
action–history length was swept over m ∈ {1, 3, 5, 10, 20}.

Fig. 8. Mean episode reward de-
pending on action history length during
training

The resulting evaluation
showed no gain from
larger histories, see in
Fig. 8 the evaluation
reward during learning
for the motor abstraction
level. Performance for
was comparable for
short histories. Longer
histories reduced sample
efficiency, the policy
needed more environment
steps to reach the same return.

A motivation to include the action history is that MAV
dynamics and inner–loop controllers introduce lag between
commanded action and the effect on the measured state.
When such delays are present, learning is more difficult
because the reward that is the result of an action may be
observed several steps later [15]. Supplying a short window
of past actions can, in principle, help the policy disentangle
which part of the current response is due to its own previous
commands. However, in our experiments no consistent ben-
efit was observed from increasing the action–history length,
aligning with the results of [23].

E. Abstraction Level
This section quantifies how control abstraction level affects
interception performance. Models at the three abstraction
levels, acceleration, CTBR, and motor, were evaluated under
the simulation evaluation procedure described in Section IV-
A using the Opogona dataset as introduced in Section III-
C. Quantitative results are reported in Table IV. Note,
the acceleration controller evaluated here is the augmented
variant Acc+ which receives the same stabilization channels
as CTBR, as stipulated in Table I. This alignment ensures
that performance differences reflect abstraction level rather
than observation space.

Median first interception time improves consistently as we
move to lower abstraction. A performance gain of ≈ 8%
can be seen when going from acceleration to CTBR, while
≈ 41% may be gained when moving to the deepest ab-
straction level. Additionally, variance of the time to the first
interception decreases as we go lower in control abstraction,
indicating more consistent interception performance. Time in
near-miss increases from acceleration to CTBR and motor,
consistent with the possibility of more precise control at the
lower abstractions.

The performance gain may be attributed to the fact that
lower control abstraction increases the policy’s expressive-
ness. When an intermediate controller is present, it enforces
control with filtering, limits, latency, and compresses the
policy’s command space. By enlarging the feasible control
envelope, the policy can realize a richer set of behaviors,
which in practice yields better interception performance.

Method tint [s] tNM [%] pint [%]
FRPN 1.90 [1.04–2.80] 14.31 ± 4.18 95.6

ACC 1.86 [1.24–2.60] 29.80 ± 8.57 98.2

ACC+ 1.44 [1.15–1.76] 32.31 ± 9.29 100.0

CTBR 1.31 [1.01–1.78] 40.04 ± 9.10 100.0

MOTOR 0.85 [0.76–1.07] 55.62 ± 11.58 99.1

TABLE IV
SIMULATION TASK-LEVEL METRICS BY CONTROL ABSTRACTION LEVEL.

ONLY FIRST-INTERCEPTION TIME tint USES A SKEWED SUMMARY

(MEDIAN [Q1–Q3]); TIME IN NEAR-MISS tNM REPORTS MEAN ± STD;
pint IS THE EMPIRICAL INTERCEPTION RATE.

F. Comparison to Fast Response Proportional Navigation
This subsection evaluates the RL controllers against the
classical FRPN method using the standardized simulation
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protocol in Section IV-A and the Opogona dataset as pre-
sented in Section III-C, with the results summarized in
Table IV. The comparison with the acceleration-level RL
policy is fair because it operates at the same control abstrac-
tion as FRPN and, for this head-to-head, uses the nominal
acceleration observation space as defined in Table I. This
mirrors FRPN’s state requirements and interface, ensuring
that any performance differences reflect the guidance law
rather than differences in sensing or observation design.

The biggest advantage of the RL acceleration abstraction
controller is the ability to retain proximity to the target, as
reflected by the near-miss time. The speed at which the first
interceptions are done are very comparable. However, FRPN
achieves faster fastest interceptions as seen in the first quar-
tile first interception time performance, indicating it can be
very quick under favorable conditions. Finally, also a small
drop in interception rate is seen for the FRPN controller.
Overall, the RL acceleration policy trades some blazing-fast
best cases for consistent interception and maintaining tighter
proximity to the target.

The drops in performance of the FRPN control law are
due to the underlying assumption that the response to an
acceleration command is instantaneous. The FRPN control
law is optimal for terminal miss distance under this as-
sumption. However, as response lag increases, the terminal
miss distance increases under FRPN guidance [4]. The RL
controller, while not receiving any direct information about
actuator lag, has inherently learned to account for this and
therefore enables better proximity control and slightly better
overall interception performance.

Formulations of PN exist that can account for non-
idealized responses. These laws are able to better retain per-
formance over increasing levels of actuator lag [4]. However,
these laws rely on an acceleration feedback signal from the

MAV. Given the constraints of the PATS-X system, where
differentiation is used to derive an acceleration estimate of
the drone from positional data, this signal is too noisy to fa-
cilitate these control laws. For this reason, these control laws
were not considered within the scope of this investigation.

In real-world deployment, following the testing procedure
presented in Section IV-B, the FRPN controller achieved
the best first–interception times among all the methods.
Across the collected runs, the first–interception time had a
median of 1.37[1.01, 1.96] s, consistent with the observa-
tion in simulation that FRPN achieves fast interception in
favorable engagements. However, every physical FRPN test
ended in a premature crash; consequently, the data reported
here reflect only those trials that reached interception before
failure. As a result, the reported performance is biased toward
faster outcomes and likely over-represents the fastest quartile
behavior noted previously.

A direct real-world comparison to the RL–acceleration
controller is not possible. The RL–acceleration controller
failed to transfer, and overall the use of acceleration com-
mands led to very poor stability on the Parrot Bebop2
platform. Unfortunately, the problems associated with the
acceleration abstraction on the Bebop 2 remain unsolved;
therefore, effort during this thesis focused on the CTBR and
motor abstraction levels, which transferred more reliably.

G. Domain Randomization

Policies for the motor and CTBR abstraction level trained
with different degrees of domain randomization were de-
ployed and tested following the procedure highlighted in
Section IV-B and simulation based results were gathered
following the procedure stipulated in Section IV-A, using
the Opogona dataset defined in Section III-C. The results
are presented in Fig. 9.

Fig. 9. First-interception time (successes only) for CTBR (left) and Motor (right) pursuers across domain-randomization (DR) levels. For each DR%,
distributions are shown for simulation (solid boxes) and real flights (hatched boxes); solid line denoted median, boxes show the interquartile range, and
individual real-flight trials are overlaid as points.
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In simulation, the motor-level pursuer performs best with
no domain randomization, and its performance degrades
steadily as randomization increases, as was also observed
in [23], [16]. When randomization is off, training and test
dynamics coincide, so the policy can fully exploit the simu-
lator’s fixed response.

Since the policies are purely Markovian, no context of
the current model dynamics is given, nor can it be in-
ferred; the policy chooses the same action for the same
observation across all randomized models. Therefore, under
domain randomization, actions are conservatively biased, as
they must safely operate across all draws of the model
distribution, even though the current model may be able to fly
more aggressively. This conservatism prevents the controller
from using more aggressive, but viable, actions on favorable
models, lowering average performance [38].

The effect is especially pronounced at the motor level,
where the actions must pass through a long, parameter-
sensitive actuation chain [15]; randomizing those parameters
broadens the feasible set unevenly and pushes the learned
strategy toward risk-averse behavior. By contrast, at the
CTBR level the action semantics are stable across models:
commanding a roll-rate or thrust setpoint produces the same
qualitative motion even if the exact time constant or gain
varies. The shorter, more linear actuation chain makes the
mapping from action to vehicle motion less parameter-
sensitive, so randomization mostly perturbs timing rather
than behavior, and the policy does not need to hedge as
aggressively. Consequently, the CTBR policy’s simulation
performance shows no measurable dependence on the ran-
domization level, consistent with prior findings [16].

On the real system, the motor pursuer trained with 0%
DR failed to transfer, consistent with the findings of Ferede
et al. [23]. The learned policy overfit to the identified
dynamics and could not control the real drone. Increasing DR
enabled transfer, but raising it further progressively degraded
performance for the same reasons as in simulation. This
contrasts with Eschmann et al. [15], who reported successful
deployment with zero DR. A likely reason is the task differ-
ence. Eschmann et al. study trajectory tracking with moderate
agility, whereas Ferede et al. [23] and our interception task
require racing-level agility. Such aggressive flight drives the
vehicle into more extreme states where unmodeled effects
are more prevalent, so zero-DR policies fail to generalize,
making some level of randomization necessary for transfer.

Overall the motor-level policy performed substantially
worse on hardware, falling outside the simulation distribu-
tion. This suggests a mismatch between the real vehicle and
the dynamics model used for training. One plausible cause is
that the model originates from drone-racing platforms with
rigid airframes [23], whereas the Parrot Bebop 2 is more
flexible, possibly accounting for a larger mismatch.

All CTBR randomization levels transferred successfully;
no clear merit is identified of domain randomization for
CTBR transfer, consistent with [25]. While CTBR perfor-
mance on hardware was slightly worse but remained within
the bounds of the simulation results distribution. This result

highlights the simplicity of sim-to-real transfer at the CTBR
level.

H. Reward Smoothing

The goal of the reward smoothing methods is to increase
the transferability of a learned policy to the real platform.
Policies were trained with either a term γs in the reward pe-
nalizing the difference between consecutive actions, ∥∆at∥
or a term γr penalizing the magnitude of the measured rota-
tional rates ∥Ωt∥. Policies were trained across a wide range
of γs; however, for the rotational-rate penalty only γr = 0.001
was used, in accordance with values reported in [14], [17],
[15]. The trained policies were evaluated in simulation and
on the Parrot Bebop2, following the procedures stipulated in
Section IV-A and Section IV-B, respectively. Note, a domain
randomization of 10% was applied to all trained policies to
ensure feasibility of transfer.

To quantify the smoothness of different policies, we
adopt the frequency-domain smoothness metric proposed by
Mysore et al. [30]. To avoid confusion between the name and
the meaning of the numerical value, in this work we refer to
this quantity as the roughness measure, while noting that it
is mathematically identical to the smoothness metric Sm in
[30]. Concretely, let Mi be the amplitude of the i-th nonzero
frequency component of the action signal, and let fi be the
corresponding frequency, with sampling frequency fs. The
roughness measure is then,

Rm =
2

n fs

n∑
i=1

Mifi, (7)

where n is the number of nonzero frequency bins. Intuitively,
large weights at high frequencies make Rm large, whereas
signals whose energy is concentrated at low frequencies

Fig. 10. Roughness measure depending on reward smoothing method:
none, rate-only, and γs ∈ {5, 10, 15, 20}, computed over 1000 evaluation
trials in simulation using each method’s best performing policy. For CTBR
(blue) and motor (red). Markers show means; shaded regions indicate 95%
confidence intervals.
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Fig. 11. Time to first interception depending on reward smoothing for CTBR (left) and motor abstraction levels (right) in simulation (blue) and physical
(red). No smoothing and rate-only smoothing are shown as box plots; for γs ≥ 5 line denotes the median and the shaded band is the IQR. Open red
circles indicate individual physical trials

yield a small Rm and smoother commands. See in Fig. 10
the effect of the different reward smoothing options on the
roughness measure.

The action-difference penalty γs exhibits different effects
across abstraction levels. For CTBR, introducing γs does
not reduce the roughness measure; values remain clustered
around the no-smoothing baseline with no identifiable trend.
A surprising result, given that Mysore et al. [30] report that
action-difference penalties improve the roughness measure
across all benchmark tasks and configurations tested.

For the motor level, γs lowers roughness measure relative
to the no-smoothing baseline, and a weak monotonic ten-
dency appears, larger γs generally yields more smoothing,
except for a pronounced drop at γs = 15. This irregularity
underscores that reward shaping is a soft constraint, it biases
learning toward smoother commands but does not guarantee
the eventual behavior. Because the policy is obtained via
stochastic optimization in a nonconvex setting, smoothing
can manifest unevenly, as reflected by the sudden roughness
measure decrease at γs = 15.

In contrast, the rate penalty γr increases roughness mea-
sure for both abstraction levels, especially for CTBR. Reduc-
ing the body-rate magnitude ∥Ω∥ requires additional control
effort; to maintain maneuverability while keeping rates small,
the policy issues more frequent, alternating adjustments,
which raises roughness measure. The effect is stronger for
CTBR because the action directly commands body rates,
tightly coupling the penalty to the control channel.

A comparison of the simulation and deployed performance
for the smoothed policies is shown in Fig. 11. In simulation,
reward smoothing does not change first–interception time for
either CTBR or motor abstractions.

At the motor abstraction, lowering roughness measure via
γs clearly improves transferability up to a point. Without
smoothing, rapid voltage and RPM setpoint changes over-
heated the motors, occasionally melting propellers or coil
insulation. This effect diminished markedly for γs ≥ 5,
consistent with reports that action-regularized quadrotor con-

trollers transfer better to hardware and substantially reduce
motor power consumption and heating [30]. Within that safe
band, γs = 10 achieved the best deployed performance,
combining stable flights with tighter dispersion and faster
first–interception times. Pushing smoothing further proved
counterproductive. At γs = 15 the policy failed to sustain
stable flight; notably, this setting produced a lower roughness
measure than at γs = 20, indicating stronger suppression
of action changes. The instability at γs = 15 suggests that
driving roughness measure too low starves the controller of
the bandwidth needed for timely corrections on hardware.
Increasing to γs = 20 which has a higher roughness measure,
restored stability, but first–interception times degraded, con-
sistent with a more sluggish controller. Together, these results
point to a practical control smoothness sweet spot; smoothing
must be sufficient to respect actuator thermal limits, yet not
so strong to compromise responsiveness and capture agility.

An advantage at the motor abstraction is that reward
smoothing achieves the same goal as a low-pass filter, reduc-
ing high-frequency command jitter, but does so adaptively
rather than imposing fixed attenuation on every command.
A fixed low-pass filter enforces uniform smoothing at all
times. It guarantees deployable, thermally safe commands,
but can be overly restrictive by limiting the controller’s
bandwidth precisely when brief, decisive adjustments are
needed. In contrast, a soft penalty on action differences
reduces average command jitter, thereby improving safety
and transfer, while still allowing occasional, short bursts of
higher action increments when critical. Such sparse, high-
difference steps do not accumulate enough thermal load to
damage hardware, yet preserve the agility required for timely
interceptions.

At the CTBR level, no consistent benefit from reducing the
roughness measure was observed: using γr produced much
smoother commands, but first–interception time remained
unchanged relative to the no-smoothing baseline, and setting
γs ∈ {5, 10} likewise yielded no meaningful difference.
This contrasts with results on trajectory-tracking tasks, where
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action-difference penalties have been shown to improve
performance [25]. At γs = 20 a degradation in performance
was observed. However, this result was not accompanied
by a corresponding change in roughness measure, so no
conclusion can be drawn about the underlying cause.

A plausible explanation for the negligible effect of smooth-
ing under the CTBR abstraction is that the policy issues
command variations at frequencies higher than the bandwidth
of the inner controllers. Those high–frequency components
are already rejected by the low-level controllers, so adding
an action-difference penalty does not change the realized
actuation unless it is strong enough to shift the policy’s
command spectrum into the trackable range of the inner
controller.

VI. PATS-X DEVELOPMENT

This section translates the lessons from simulation and
CyberZoo testing into the concrete design of the PATS-
X system. Wherever feasible, we adopt the identified best
practices. The resulting architecture is tailored to fit within
the existing PATS-X stack and is a proof of concept designed
to showcase the potential of RL within the constraints of the
existing system. The objective here is not a production ready
controller, but a validated integration path that demonstrates
how RL can augment the current stack and motivates the
adoption of RL within future PATS-X development. Set-up
details of the PATS-X system and how the RL-controller is
integrated may be found in Appendix V.

A. Experiments

Each experiment begins with the drone docked at a station
mounted near the top plane of the detection camera’s viewing
frustum, see in Fig. 1 the camera placement and viewing
frustum. At the start of a trial, the drone releases from
the dock and immediately enters the pursuit phase under
offboard guidance. PATS-X exposes only an acceleration
command interface, so both the baseline PATS controller and
the RL policy operate at the same acceleration abstraction.
The PATS controller is a LPN–style guidance law consistent
with Eq. 6.

Performance is evaluated using two categories of evader
trajectories that capture both natural pest motion and con-
trolled repeatability, recorded moth flights and virtual insects.
The first group consists of replays of Opogona moth trajecto-
ries as introduced in Section III-C. From the full dataset, five
moths were selected whose flight paths remain largely within
the observable volume, ensuring that interception attempts
are feasible. Because some recordings originate from green-
house environments with larger allowable volumes, only
those that conform to the test facilities space are used. In
addition to these five recordings, one artificial replay was
generated by modifying an existing moth trajectory into a
small figure-eight pattern fully contained within the frustum.
This controlled case provides a consistent benchmark for
evaluating in-frustum pursuit performance.

The second category of evaders consists of virtual insects
exhibiting simple, rule-based reactive behaviors designed to

Fig. 12. First interception time for PATS and RL controllers across all
evaders. Box plots show the per controller distributions. Points are individual
logs, colored by trajectory. Only trials where interception was achieved are
included.

emulate characteristic moth escape responses. Each virtual
insect begins its flight along a straight line across the frustum
at a constant velocity of 0.5 m/s. Two evasive behaviors are
modeled, a startle dive and a proximity-driven evasion. In
the startle dive, the insect accelerates downward as soon
as the drone’s motors spool up, reflecting the tendency of
real pests to dive towards cover when startled by noise. In
the proximity evasion, the insect executes a sharp U-turn
once the drone approaches within a 25 cm radius, simulating
a close-range defensive maneuver. Importantly, when the
virtual insect is intercepted by the drone the trials terminates.
For each control method, five trials were executed for every
Opogona replay trajectory, and ten trials were collected for
the figure-eight and ten for the virtual insect. Performance
was evaluated using the same metrics defined in Section V-A.

B. Results

The overall interception success rate per controller and
evader type is presented in Table VI. Across all engage-
ments, the RL controller achieved a higher interception rate
than the baseline PATS controller, 95.6% versus 80.0%. An
overview of the interception performance metrics comparing
the two controllers is given in Table V. In addition to
intercepting more often, RL reached the target faster on suc-
cessful runs. The overall median first–interception time was
1.769 [1.185, 2.070] s for RL versus 1.875 [1.455, 2.982] s
for PATS. A visualization of the distribution of the first-
interception-times is given in Fig. 12.

Performance varies systematically with engagement diffi-
culty: differences in initial separation, the time at which the
evader enters the observable frustum, and the evader’s motion
class all shift the expected first–interception time. To provide
a fair estimate of controller effects with this heterogeneity,
we summarize performance per trajectory using within-
trajectory medians and then compare controllers via a paired
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Method tint [s] tNM [%] dmean [m]

PATS 1.86 [1.46–2.98] 26.40 [9.20–35.04] 0.47 [0.42–0.60]
RL 1.77 [1.19–2.07] 25.14 [15.63–36.04] 0.50 [0.45–0.58]

HL (RL – PATS) −0.701[−1.56, 0.24] +2.07[−15.95, 16.15] +0.03[−0.16, 0.10]

TABLE V
PERFORMANCE METRICS OVER SUCCESSFUL RUNS FOR THE PATS AND RL CONTROLLER. THE BOTTOM ROW REPORTS THE PAIRED

HODGES-LEHMANN EFFECT (RL-PATS) WITH A 95% BOOTSTRAP CI.

Hodges–Lehmann estimator across trajectories. This analysis
indicates a typical RL speedup of −0.701 s with a bootstrap
95% CI [−1.558, 0.239], indicating a consistent trend toward
faster intercepts, albeit with uncertainty that spans zero. More
trajectories would be needed to tighten the interval and make
a stronger conclusion about the performance.

Consistent with this variability, several evaders proved
especially difficult. Within the replayed Opogona set, replay
trajectory 5 was notably hard; the baseline PATS controller
intercepted 2 of 5 trials, while the RL controller intercepted 4
of 5. The reactive virtual insect also posed a challenge, with
PATS achieving 6 of 10 interceptions and RL achieving 9 of
10. Thus, under harder engagements RL maintains feasibility
more consistently.

Method pint [%] Replay Moths Figure-8 Virtual Insect

PATS 80.0 20/25 10/10 6/10
RL 95.6 24/25 10/10 9/10

TABLE VI
INTERCEPTION SUCCESS OF PATS AND RL CONTROLLERS FOR THE

DIFFERENT EVADER TYPES.

Secondary kinematic proximity metrics show only small
differences and do not change the main conclusions. Time
spent in near–miss conditions is similar: the PATS con-
troller reports 26.4 [9.2, 35.0]% and the RL controller
25.1 [15.6, 36.0]%. The paired Hodges–Lehmann effect for
near–miss time indicates no clear systematic difference.
Similarly the mean distance between the drone and target
are comparable for both controllers.

Taken together, these results meet the goal of this im-
plementation, to demonstrate a functional integration of a
learned guidance policy within the existing PATS-X stack.
The statistical basis is limited; the number of trials per
evader type is small. There is also substantial variation
across repeated trials. Even so, the evidence points to a
meaningful practical benefit. The RL controller achieves a
higher overall interception rate and shows a trend toward
faster first–interception times. Thus, as a proof of concept,
the study validates both the integration path and the promise
of RL for PATS-X, motivating further development.

This paper therefore benchmarks classical and learned
approaches for aerial-to-aerial interception in the PATS-X
context. The best practices are identified for the PATS-X
system based on interception performance in simulation and
transferability to the physical system.

VII. LIMITATIONS & FURTHER RESEARCH

This study set out to benchmark classical and learned ap-
proaches for aerial-to-aerial interception in the PATS-X con-
text. While we demonstrate strong simulation performance
and successful CyberZoo deployments at the CTBR and
motor abstraction levels, several limitations constrain the
generality of the results and suggest concrete avenues for
further work. To start, in the simulation study, all targets were
effectively passive. Real pests exhibit reactive, stimulus-
driven behaviors and may actively evade the pursuer. A
natural extension is to model both pest and pursuer as
learning agents in a multi-agent RL set-up, as is done in
a prior work by Vos [32], and then re-establish both the
benchmark metrics and the best practices under closed-loop
interaction.

A further simulation limitation is that, although the RL
controllers outperform the FRPN baseline, they operate as
black-box policies. Gaining insight into their interception
strategies would clarify which geometric or kinematic cues
drive successful captures and could inform refinements of
existing classical guidance. In particular, it would be valuable
to analyze learned behavior through the lens of pursuit-
strategy taxonomies and fit metrics such as those proposed
by Wei et al. [39], to determine where the policies lie within
fundamental pursuit classes and how those principles might
be transferred back to classical controllers.

Crossing the reality gap on hardware exposes additional
limitations. Deployment under the acceleration abstraction
led to frequent crashes. For safety and to avoid hardware
damage, we discontinued real-world testing at this level.
Within the time frame, the transfer failures could not be
resolved. This has two consequences. First, although the
FRPN comparison is well established in simulation, a real-
world evaluation with the RL acceleration controller was not
possible. Second, the omission of the acceleration controller
from the experiments on the interplay between abstraction
level, domain randomization, and reward smoothing weakens
those conclusions. Including this level would have strength-
ened sensitivity analyses and best-practice recommendations
for physical deployment.

To add, the Bebop 2 is an imperfect platform for assessing
end-to-end control. Excessive model mismatch, potentially
due to airframe flexibility and a less capable IMU leading to
weaker state estimation, undercuts the merits of motor-level
policies here. Using a more agile drone-racing platform may
allow the benefits of end-to-end control to manifest when
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crossing the reality gap.
Furthermore, aerial-to-aerial interception is a high-

dimensional problem, which complicates controlled evalu-
ation of reality-gap methods. It would be more informative
to assess domain randomization and reward smoothing on
a task with higher repeatability that still demands agile
flight. The agile requirement is important; tracking a slow
reference or hovering about a fixed point involves far less
nonlinear dynamics and will likely exhibit a smaller reality
gap by construction. Drone racing is a suitable candidate
for systematically probing the interplay of abstraction level,
domain randomization, and reward shaping, and is an avenue
for future work.

Within this same reality-gap context, the network class
used here is another limitation. The present study uses feed-
forward MLPs. More involved architectures that ingest causal
sequences are promising. Recent work by Eschmann et al.
[38] shows that such networks can facilitate in-context learn-
ing for zero-shot transfer to unknown quadcopter platforms.
Adopting this approach offers two advantages: zero-shot
transfer to new platforms without separate system identifica-
tion and re-training, and avoidance of the main shortcoming
of domain randomization, namely that the policy must select
actions viable across all randomized models. With in-context
learning, the policy can infer platform dynamics on-the-fly
and choose actions that are optimal for the specific platform
at deployment. An avenue for future research would be to
apply this novel method of overcoming the reality gap to
aerial-to-aerial RL interception controllers.

Finally, the PATS-X integration is a proof of concept
that leaves room for improvement. Boundary enforcement
is implemented via reward shaping as explained in Ap-
pendix III, which acts as a soft constraint and does not
guarantee that commanded actuation will never drive the
vehicle out of bounds. Moreover, training assumed a single
boundary configuration; greenhouse deployments can vary
substantially in obstacles and admissible volumes, implying
that boundary handling should generalize across layouts. A
practical next step is to replace soft shaping with constraint-
aware control integrated into the RL training and to train
across a family of frusta or obstacle layouts so that boundary
handling generalizes across deployments.

The benefits of lower abstraction levels could not be
evaluated on PATS-X due to limited telemetry bandwidth to
the offboard computer. The same limitation prevented system
identification for the PATS drone, because telemetry up-
dates are slower than the platform’s response to commands.
Adding an onboard logging module would enable higher-
rate data capture for identification, bypassing telemetry. For
lower control abstractions, either telemetry must be increased
substantially or control must be moved onboard the vehicle.

VIII. CONCLUSION

This work systematically examined guidance and control
for aerial-to-aerial interception in the context of pest neu-
tralization, comparing the classical state-of-the-art FRPN
controller with newly developed RL policies. In simulation,

RL consistently surpassed FRPN in reliability and proximity
control, with motor-level policies achieving the fastest and
most consistent interceptions, followed by CTBR and then
acceleration. The best motor-level policy achieved a median
first-interception time of 0.85 [0.76-1.07] s, compared to
FRPN at 1.90 s [1.04-2.80] s; this corresponds to a median
speedup of 1.05 s, together with higher interception reliabil-
ity of 99.1% compared to 95.6%. Observation design was
decisive. Representing relative position and velocity in the
body frame yielded the strongest performance. Adding action
histories did not improve results. Short observation histories
primarily acted as noise filters when explicit filtering was
absent; otherwise, they had no measurable effect. However as
the discussion on limitations indicated, all results are due to
testing with a passive evader, implementing a reactive evader
or a more involved multi-agent RL set-up will require a re-
examination of the best practices.

Crossing the reality gap, only the CTBR policies trans-
ferred directly. Domain randomization and reward smoothing
has no merit for the CTBR abstraction level. The CTBR ab-
straction level is a sweet spot for RL control: it is expressive
enough for the policy to execute the complex maneuvers
required for interception, yet abstract enough to transfer
easily because low-level stabilization is handled by the inner-
loop controllers. A modest amount of domain randomization
10% enabled transfer at the motor abstraction level; any more
randomization only worsened performance. Throughout all
deployments at the motor abstraction level, performance
showed a large gap relative to simulation results, suggesting
a significant mismatch with the dynamic model used in
simulation. Future work should use a drone better suited to
direct motor control, for example a racing drone rather than
the hobby-grade Bebop 2. Reward smoothing was beneficial
for the motor abstraction level, particularly by allowing trials
to be performed without risking overheating the motors
and slight smoothing improving performance. However, the
motor-level results suggest that too much smoothing worsens
performance and decreases flight stability.

The acceleration abstraction level did not transfer at all;
however, this is most likely due to limitations of the Bebop 2
and the implementation method, rather than limitations of the
abstraction level itself. Notably, the acceleration abstraction
did transfer on the PATS-X system, indicating that the level
itself is viable when the platform and integration pipeline
support it. Prompted by the discussion of the limitations,
future research should select a platform to validate RL results
at the acceleration level and evaluate methods to overcome
the reality gap on a task that better supports repeatable
testing.

A proof-of-concept integration on the PATS-X platform
showed that the RL controller could be successfully deployed
on the real system, a notable result given the sim-to-real gap
challenges. Building on that, the integrated RL controller
demonstrated higher interception rates, higher interception
rates, achieving 95.6% compared to 80.0% for the baseline.
RL shows a trend toward faster first–interception times
than the LPN–style baseline. A paired Hodges-Lehmann
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estimator indicates a typical speedup of 0.701 s (95% CI
[−1.558, 0.239]). Because the confidence interval spans
zero, additional trials are required to establish a statistically
reliable advantage. The RL controller is able to account
for the detection system’s FOV; however, no guarantee of
adherence can be given, as only a soft boundary is imposed.
Nevertheless, the potential of RL within the PATS-X frame-
work is established and suggests that future development
should focus on better facilitating RL controllers. An initial
step would be to include an onboard logging module for
improved system identification and to increase the rate at
which telemetry is sent to the offboard controller, enabling
RL guidance and control at lower abstraction levels.
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APPENDIX I
DYNAMIC MODELS

This appendix expands Section III-B and Fig. 3 by giving
the full transition models for the three control abstraction
levels κ ∈ {Motor,CTBR,Accel} used in the main text.
For each level we specify the state composition x, and the
continuous-time dynamics ẋ = fκ(x, aκ) together with the
simplifications used to obtain a simulator that is lightweight
enough for RL rollouts but still captures the relevant MAV
response and inner-loop controller behavior.

A. Motor

The motor abstraction model is taken from [23]. The policy
outputs an action vector at ∈ [−1, 1]4, which is linearly
rescaled element-wise to motor inputs by

ui =
at,i + 1

2
, i = 1, . . . , 4.

The state and input are,

x =
[
pd, vd, λ, Ω, ω

]T
, u =

[
u1, u2, u3, u4

]T
, (8)

where pd ∈ R3 is the MAV position, vd ∈ R3 velocity,
λ ∈ R3 the Euler angles, Ω ∈ R3 body rates, and ω ∈ R4

the rotor angular speeds. The continuous-time equations of
motion are,

ṗd = vd, v̇d = g e3 +R(λ)F,

λ̇ = Q(λ) Ω, Ω̇ =M,

ω̇i =
(
ω̄ci − ωi

)
/τω, i = 1, . . . , 4.

(9)

where R(λ) maps body to world coordinates, Q(λ) trans-
forms body rates to Euler-angle derivatives, e3 = [0 0 1]T ,
and τω > 0 is the motor reaction time constant. The
commanded steady-state motor speed is modeled by

ω̄ci = (ωmax − ωmin)
√
kt u2i + (1− kt)ui + ωmin, (10)

with kt ∈ [0, 1] shaping the thrust curve and ωmin, ωmax the
idle and saturation speeds. The specific force applied by the
motors F ∈ R3 and the angular acceleration M ∈ R3 are
parameterized as,

F =

−
∑4
i=1 kx v

B
x ωi

−
∑4
i=1 ky v

B
y ωi

−
∑4
i=1 kω ω

2
i

 (11a)

M =


−kp1ω2

1 − kp2ω2
2 + kp3ω

2
3 + kp4ω

2
4

−kq1ω2
1 + kq2ω

2
2 − kq3ω2

3 + kq4ω
2
4

−kr1ω1 + kr2ω2 + kr3ω3 − kr4ω4+
. . .− kr5ω̇1 + kr6ω̇2 + kr7ω̇3 − kr8ω̇4

 (11b)

where vBx , v
B
y are the body-frame components of v. The

final row of M admits additional linear terms to capture
the inertial effect of the propellors.

B. CTBR
The CTBR abstraction policy issues collective-thrust and
body-rate setpoints. The model presented here is taken from
[17]. The same kinematic blocks R(λ) and Q(λ) used
in Eq. 9 are retained, but the actuation layer is changed
by assuming an incremental non-linear dynamic inversion
(INDI) inner loop that tracks the commanded body-rates
and thrust. As shown in [40], the INDI controller’s response
to set-points may be modeled as a first-order delay. This
reduces fidelity relative to the motor abstraction by removing
the rotor speed state and the detailed moment map, and by
lumping reaction and gyroscopic effects into simple lags.

The policy outputs an action vector at ∈ [−1, 1]4, split
into rate and thrust channels as,

at =
[
(aΩt )

T aTt
]T
, aΩt =

at,pat,q
at,r

 , (12)

where, aΩt are the three body-rate channels and aTt is the
thrust channel, all normalized to [−1, 1]. These actions are
linearly rescaled to platform-specific commands using the
actuator limits pmax, qmax, rmax, Tmax, Tmin,

Ωcmd =

pmax 0 0
0 qmax 0
0 0 rmax

aΩt , (13)

Tcmd = 1
2 (Tmax − Tmin) a

T
t + 1

2 (Tmax + Tmin). (14)

Here, Ωcmd are the commanded body rates and Tcmd is the
commanded specific thrust along the body z-axis. The state
and input to the CTBR model is,

x =
[
pd, vd, λ, Ω, T

]T
, u =

[
Ωcmd, Tcmd

]T
, (15)

where T denotes specific thrust along the body z-axis,
Tcmd the commanded specific thrust, and Ωcmd ∈ R3 the
commanded angular rates. The continuous–time dynamics
are,

ṗd = vd, v̇d = g e3 +R(λ)FB ,

λ̇ = Q(λ) Ω, Ω̇ = diag
(

1
τp
, 1
τq
, 1
τr

)
(Ωcmd − Ω),

Ṫ = 1
τT

(Tcmd − T ),
(16)
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with a simplified approximation of specific force in the body
frame,

FB =

− dx vBx− dy vBy
−T

 , (17)

where aerodynamic effects are simplified to linear in–plane
drag with coefficients dx and dy . The lateral body frame
velocity is denoted through vBx and vBy .

C. Acceleration

The acceleration abstraction model exposes an outer interface
for which the policy output is a normalized world–frame
specific acceleration at ∈ [−1, 1]3. This action is scaled
by the platform’s maximum specific acceleration amax to
form acmd. Because the vehicle cannot track acmd directly,
a pipeline converts this command into feasible setpoints
and tracked inputs using three stages: an incremental non-
linear dynamic inversion (INDI) allocator that maps ap-
parent–acceleration errors to attitude–thrust setpoints, a PD
attitude loop that outputs body–rate commands, and the same
first–order response approximators for body rates and thrust
as used in the previously defined CTBR model.

Let am = v̇ denote the measured acceleration, and let
clip(•; •, •) denote elementwise clipping. A clipped accel-
eration increment is computed as

δa = clip
(
acmd − am; δamin, δamax

)
. (18)

Here, δamin, δamax ∈ R3 are the per–axis bounds on the
increment δa per step to adhere to INDI linearization as-
sumptions. The acceleration increment is passed through an
INDI allocator. Using the local control effectiveness matrix
Ga(λ, Test), the attitude–thrust increments satisfy

δuv =
[
δθ, δϕ, δT

]T
= Ga(λ, Test)

−1 δa. (19)

Here, δuv stacks the attitude and thrust increments.
Ga(λ, Test) ∈ R3×3 is the control–effectiveness matrix that
maps small (θ, ϕ, T ) changes to acceleration changes at the
current Euler angles λ = [ϕ θ ψ]T and thrust estimate Test.
The control effectiveness matrix is defined as,

Ga =

 cθcϕTest −sθsϕTest sθcϕ
0 −cϕTest −sϕ

−sθcϕTest −cθsϕTest cθcϕ

 , (20)

where, Test is the local thrust estimate taken as −g. The
resulting setpoints are

θsp = clip
(
θ + δθ; −θmax, θmax

)
, (21)

ϕsp = clip
(
ϕ+ δϕ; −ϕmax, ϕmax

)
, (22)

ψsp = 0, (23)

Tsp = clip
(
T + kT δT ; Tmin, Tmax

)
. (24)

Here, where θmax, ϕmax, Tmin, Tmax are respective platform
specific limits. The yaw angle is left unactuated, as it is held

to track zero throughout the engagement. A diagonal PD
controller maps attitude errors to rate commands,

Ωcmd = clip
(
Kp(λsp − λ)−Kd Ω;−Ωmax, Ωmax

)
, (25)

λsp =
[
ϕsp θsp ψsp

]T
. (26)

where, Kp = diag(kp,ϕ, kp,θ, kp,ψ) and Kd =
diag(kd,ϕ, kd,θ, kd,ψ) are the proportional and derivative
gains, respectively. Ωmax ∈ R3 are per–axis rate limits
which is platform dependent.

The thrust setpoint from the INDI allocation is directly set
as the command, Tcmd = Tsp. Body–rate and thrust response
to commanded values are approximated with first–order lags.
This is the same as was done for the CTBR abstraction model
as given in Eq. 16.

APPENDIX II
INITIALIZATION

Initialization randomizes the initial geometry and states to
expose the policy to a wide range of encounter conditions.
This is necessary for insensitivity to different starting points
and to post–interception resets, where the MAV may need to
re–engage a new target from a dynamic, non–hovering state.

Let ζ ∈ R3 be a random unit vector obtained by normal-
izing a 3 -D Gaussian draw, and let ξ0 ∼ U(1, 2)m be a
random initial standoff radius. For a given center pdinit ,

pd0 = pdinit + ξ0 · ζ, vd0 ∼ U
(
[−0.5, 0.5]3

)
m/s.

Euler angles and body rates are initialized as,

λ0 =

ϕ0θ0
ψ0

 , ϕ0, θ0 ∼ U
[
− π

4 ,
π
4

]
, ψ0 ∼ U [−π, π],

Ω0 =

p0q0
r0

 ∼ U([−2.0, 2.0]3) rad/s.

For the Motor abstraction, rotor speeds are initialized by
drawing w0 ∼ U([wmin, wmax]4). For CTBR and accel-
eration models, the specific thrust is initialized as T0 ∼
U(0, Tmax).

APPENDIX III
BASE REWARD

The objective is to achieve interception in the shortest
possible time. A reward that directly encodes this objective
penalizes the agent for every timestep that elapses prior to
interception and terminates the episode on interception. Let
∆t be the simulation step, dint the interception radius, and
dt = |∆p(t)| the distance between the MAV and pest where
∆pt = pe,t − pp,t. A time–optimal reward is,

rdirect
t = −∆t

(
1− 1int

)
, (27)

where 1int = 1 if dt < dint, else 0. Maximizing
∑
t r

direct
t is

equivalent to minimizing the expected capture time.
In practice this reward is extremely sparse, most early

policy rollouts never lead to interception events. As a result,
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the reward signal is almost always zero, giving the policy no
intermediate guidance about which actions actually shorten
time-to-capture or lead to an interception. Moreover, this
reward structure suffers from poor ”credit assignment”. The
credit assignment problem refers to the difficulty of assigning
reward to the agent’s actions [41]. Several factors make
this problem hard for the specific task of aerial-to-aerial
interception. The dynamics of the MAV are delayed, the
effects of an action become clear only later, leading to a
weaker learning signal. Noisy sensing makes the reward
signal unreliable. Finally, as noted in a prior work by Reinier
Vos [32], the independent motion of the target can lead to
reward being attributed to the interceptor’s actions when it
actually results from coincidental target motion.

Motivated by these limitations, a reward is adopted here
that serves as an imperfect proxy for time-optimal intercep-
tion while providing step-wise credit for progress caused by
the action’s of the MAV. The per–step reward is defined as,

rbase
t =

(dt−1 − dt)− st
d0

+ 10 · 1int, (28)

where, ∆dt and 1int are as defined in Eq. 27. The evader’s
one-step path length is given through st = |pe,t − pe,t−1|.
The initial range between the MAV and pest is given through
∆d0.

At each timestep, the reward equals the MAV’s reduction
in LOS range from the previous step minus the evader’s
distance traveled in that step, normalized by the initial sepa-
ration, with a fixed bonus added when the capture condition
is met. The step reward is positive when the MAV reduces
the separation by more than the evader moves during that
step. If this holds throughout an engagement, the separation
decreases at every step and must cross the capture radius in
finite time; sustained positive reward is therefore a sufficient
condition for interception.

To reduce sparsity, we draw upon the reward shaping used
in drone racing [14], [23]. In that setting, the agent receives
per step credit for closing the distance to the next waypoint.
We apply the same per step credit principle. At each timestep
the MAV earns reward for its own per step reduction of range
to the target, so progress toward interception is attributed
continuously and remains aligned with the terminal objective.
This links each step to the terminal objective and provides
informative feedback throughout the episode.

Addressing the credit assignment problem, the reward
draws upon the reward formulation of a prior work by Reinier
Vos [32], where the reward is shaped to act as an imperfect
proxy for the individual contribution of the agent to the
reward. Inspired by his formulation, evader’s per-step travel
is subtracted from the LOS distance. This improves the credit
assignment by attributing progress only to the MAV’s own
motion. For example, if the MAV is stationary while the pest
drifts toward it, the raw range decreases, but the shaping term
subtracts the pest’s travel, yielding no reward; positive reward
is granted only when the MAV’s action produces closing
beyond what the pest contributes.

A second benefit of subtracting the evader’s per-step travel
is that it adds an implicit cost each timestep, so longer
episodes systematically accrue more penalty. Maximizing
return therefore favors trajectories that reach capture in
fewer steps, therefore a practical stimulant for time-optimal
interception.

Finally, the capture bonus is set bigger than any total of
the step-wise rewards that could be accumulated without in-
tercepting. Therefore even the most favorable non-capturing
episode remains inferior to any episode that achieves capture.
In practice, this means the single terminal bonus dominates
the return, ensuring the learner always prefers policies that
actually intercept.

APPENDIX IV
BOUNDARY ADHERENCE REWARD

To keep the MAV within an admissible flight volume, the
reward is augmented with a proximity penalty and a hard
out-of-bounds sanction. The flight region is represented as
a convex frustum defined through multiple planes. The
signed distance is computed to each plane si(pd,t), which is
nonnegative inside the frustum. Following a prior boundary-
shaping via distance-to-constraint penalty [42], a soft force-
field penalty is applied only on the interior side of each plane
and grows linearly within a small boundary margin m > 0,

rampi(pd,t) = clip

(
m− si(pd,t)

m
, 0, 1

)
(29)

and is zero otherwise. The per–step boundary activation is
then the maximum ramp across all boundary defining planes,
and the soft penalty subtracted from the reward is,

Rbnd(pd,t) = γbnd max
i

rampi(pd,t), (30)

where γbnd is a term that scales the penalty. Crossing a
boundary triggers an immediate episode termination with a
hard penalty γOOB, as done in several out-of-bounds schemes
for drone control problems [23], [20].

To mitigate ”learning to terminate”, which is a destructive
behavior where the agent discovers that ending an episode
early gives higher return over a short horizon [43], the
interception aligned base reward rsmooth

t is gated by the
evader being in bounds. The base reward rbase

t is applied
only if the evader is inside the inner margin, that is if all
signed distances to the boundary planes satisfy si(pe,t) ≥ m.
Otherwise the base reward is set to zero and replaced by a
small waiting reward that decays with more control effort,

Rwait = γwait0 + γwait1 exp
(
−β ∥at∥2

)
, (31)

where at is the pursuer action at time t and γwait0, γwait1, and
β > 0 are constants defined in Table VII.

m 0.20 γbnd 0.25 γOOB 5.0
γwait0 0.001 γwait1 0.01 β 2.0

TABLE VII
HYPERPARAMETER VALUES FOR BOUNDARY ADHERENCE.
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This gating addresses the failure mode that occurs when
the evader is out of bounds. The pursuer cannot physically
capture the target and, because the base reward subtracts the
evader one step path length st = |pe,t − pe,t−1|, each step
tends to yield negative reward while there is no opportunity
to earn the positive capture bonus. In those circumstances
an unconstrained learner may decide that ending the episode
early is preferable. The shaped step return is

rt = 1ev-in r
base
t + rsmooth

t +
(
1− 1ev-in

)
Rwait

−Rbnd(pt) − γOOB · 1OOB.
(32)

where 1ev-in ∈ {0, 1} indicates that the evader is inside
the inner margin, 1OOB ∈ {0, 1} flags an out of bounds
pursuer, Rbnd(pt) is the soft boundary penalty at pursuer
position pt, and γOOB is the hard termination penalty. In
words, the interior force field penalizes proximity to walls,
the base interception reward is active only when the evader is
legitimately in bounds, a low effort waiting term encourages
holding position when the evader is outside, and any bound-
ary violation produces an immediate penalty of γOOB and
ends the episode. This shaping preserves the time to capture
objective while discouraging crossing the boundaries.

APPENDIX V
PATS-X SET-UP

A. Sensors & State Estimation

PATS-X senses both the drone and airborne targets with
an Intel RealSense depth camera and derives a real-time
state stream at roughly 90Hz for offboard guidance. Raw
3D detections are smoothed with a short moving-average
filter; velocities are obtained by first-order backward-Euler
differentiation of the smoothed positions and then low-pass
filtered.

B. Actuation Interface

Acceleration is the interface through which the drone is ac-
tuated. Acceleration set-points are decomposed into attitude
and thrust set-points which are issued offboard. Onboard, an
in-house built flight controller tracks these set-points.

C. Flight Volume

Because state estimation is vision-based, the aircraft must
remain within the camera field of view. The admissible
flight region is therefore represented as a convex frustum
constructed from the camera’s FOV, orientation, and depth
limits. During flight, this frustum is used to test feasibil-
ity of candidate maneuvers and, when needed, to reshape
trajectories so that the vehicle remains observable. See in
Fig. 1 a visualization of an engagement within the observable
frustrum.

D. Baseline Guidance

PATS-X’s baseline guidance is a LPN-style command con-
sistent with Eq. 6, augmented in two practical ways. First,
instead of the heuristic tgo = ∥∆p∥/∥∆v∥, the system

Parameter Value
τ̂p,q,r,T (s) 0.05

Rate limits p, q, r (rad/s) [−10, 10]

Specific thrust range T (m/s2) [0.0, 18.4]

kx, ky (—) 0.10

Max bank angle (deg) unbounded
∆amin (m/s2) [−6.00, −6.00, −9.00]

∆amax (m/s2) [6.00, 6.00, 9.00]

Kp(ϕ, θ, ψ) [20.0, 20.0, 20.0]

Kd(ϕ, θ, ψ) [1.0, 1.0, 1.0]

TABLE VIII
ESTIMATED PATS-X MODEL PARAMETERS USED FOR RL POLICY

TRAINING.

solves for tgo iteratively. For a candidate tgo, the target is
extrapolated to,

ppred
e = pe,t + ve,t tgo,

and the constant-acceleration maneuver that brings the drone
from (pd, vd) to ppred

e in time tgo is computed as,

a⋆p(tgo) =
2
(
ppred
e − pd − vd tgo

)
t2go

.

A simple search algorithm updates tgo until ∥a⋆∥ falls
within the platforms feasible flight envelope. This produces
a self-consistent time-to-go that respects actuation limits.
Second, boundary gating is layered on the command; if
the resulting acceleration would carry the drone outside the
frustum, the most constraining plane is identified and an
intermediate via-point just inside the volume is inserted; a
PID position feedback loop tracks this via-point to produce
bounded acceleration commands while continuing toward
interception.

E. RL Deployment

For the RL experiments on PATS-X, only the acceleration
command interface is available, so the policy was trained
at the same abstraction level using the acceleration model
in Section III-B. Due to the low-rate telemetry, high-fidelity
system identification of the PATS hardware was not feasible;
approximate parameters were estimated and are reported in
Table VIII. Training used the Opogona dataset as defined in
Section III-C and included the frustum planes so that bound-
ary awareness is embedded in the policy. At deployment,
the trained policy runs offboard in the intercept phase and,
by design, respects the frustum without relying on PATS’s
classical boundary safety switches.

While simulation results presented in Section V-B iden-
tified relative features as best practice, enforcing frustum
adherence requires absolute geometry. Accordingly, the ob-
servation set augments relative terms with inertial states, us-
ing (pd, pe, vd, ve,∆p,∆v) computed from the preprocessed
RealSense stream and without action or observation history.
Because parameters were estimated, and not obtained via
dedicated system identification, domain randomization was
set to 30% during training to hedge model error. Reward
smoothing was applied with γs=10 to curb command jitter.
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APPENDIX VI
BEBOP 2 PARAMETERS

CTBR & Acceleration

[p̂min, p̂max] (rad/s) [−3.00, 3.00] [q̂min, q̂max] (rad/s) [−3.00, 3.00]

[r̂min, r̂max] (rad/s) [−2.00, 2.00] [T̂min, T̂max] [1.41, 18.4]

ĝ (m/s2) 9.81

Acceleration

ϕ̂max (deg) 20.0 ∆amin (m/s2) [−6.00, −6.00, −9.00]

∆amax (m/s2) [6.00, 6.00, 9.00] K̂p (ϕ, θ, ψ) [20.0, 20.0, 20.0]

K̂d (ϕ, θ, ψ) [1.0, 1.0, 1.0]

TABLE IX
ACTUATOR LIMITS, DESIGN PARAMETERS, AND CONSTANTS OF THE

DIFFERENT ABSTRACTION LEVEL MODELS FOR THE BEBOP 2.

Motor

k̂ω −3.70×10−6 (±0.31%) k̂x −1.02×10−4 (±5.85%)
k̂y −1.05×10−4 (±4.20%) ω̂min (rad/s) 2.99×102 (±0.78%)
ω̂max (rad/s) 1.14×103 (±0.06%) k̂t (–) 1.00 (±0.64%)
τ̂ω (s) 6.00×10−2 (±0.37%) k̂p1 1.10×10−4 (±0.88%)
k̂p2 −1.04×10−4 (±1.10%) k̂p3 −1.03×10−4 (±0.92%)
k̂p4 1.06×10−4 (±1.11%) k̂q1 8.93×10−5 (±0.77%)
k̂q2 8.70×10−5 (±0.93%) k̂q3 −8.29×10−5 (±0.82%)
k̂q4 −8.95×10−5 (±0.97%) k̂r1 7.21×10−3 (±9.96%)
k̂r2 −7.44×10−3 (±7.34%) k̂r3 1.07×10−2 (±6.03%)
k̂r4 −7.80×10−3 (±8.27%) k̂r5 1.56×10−3 (±2.04%)
k̂r6 −1.39×10−3 (±2.47%) k̂r7 1.50×10−3 (±2.63%)
k̂r8 −1.31×10−3 (±2.42%)

CTBR & Acceleration

τ̂p (s) 1.65×10−1 (±2.17%) τ̂q (s) 1.51×10−1 (±2.19%)
τ̂r (s) 4.44×10−1 (±5.43%) τ̂T (s) 8.60×10−2 (±4.67%)
k̂ctbrx 3.10×10−1 (±6.66%) k̂ctbry 3.28×10−1 (±4.67%)

TABLE X
IDENTIFIED PARAMETERS OF THE DIFFERENT ABSTRACTION LEVEL

MODELS FOR THE BEBOP 2. 95% CONFIDENCE INTERVALS ARE SHOWN

AS RELATIVE HALF-WIDTHS (±%).
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Part II

Literature Review
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3
Introduction

The drastic effects of climate change have heightened the importance of sustainability, placing greater
pressure on the agricultural sector. As a result, farmers have begun adopting innovative methods to
increase yields while reducing environmental impact. At the same time, consumers have become more
conscious of sustainability, driving a surge in demand for eco-friendly technologies [1].

Micro air vehicles (MAVs) have emerged as a versatile technology with applications spanning numerous
industries, including agriculture. For example, MAV-based crop monitoring systems help reduce water
usage, detect diseases early, and improve overall resource management [4]. In line with these trends,
PATS has positioned itself as an innovative contributor to sustainable agriculture. Their overarching
goal is to accelerate the transition toward autonomous greenhouses and more eco-friendly farming
practices. A novel product under development is the PATS-X system, which uses an array of infrared
cameras to detect and track pests. Once a pest is located, a MAV is dispatched to intercept and
eliminate it, thereby reducing reliance on toxic and expensive pesticides [3].

As pest control remains a critical challenge in sustainable farming, technologies such as the PATS-X
system are gaining attention for their potential to reduce dependency on chemical pesticides. Research
by E.-C. Oerke [2] highlights the severity of pest-related losses, estimating global potential crop losses
ranging from approximately 50% in wheat to a maximum of over 80% in cotton. Therefore leaving pests
unchecked is detrimental to ones yield. Farmers must constantly balance the amount of pesticide which
is economically and ecologically feasible.

However, realizing the PATS-X system presents several significant challenges. One of the most critical
difficulties is the interception of the pests. Although pests are typically limited in their top speed, they
exhibit exceptional agility, frequently changing direction with little warning. This agility makes them
difficult targets for MAVs, which may be capable of flying faster but often lack the maneuverability
needed to respond effectively. Additionally, most pests exhibit reactive behavior; when pursued, they
actively engage in evasive maneuvers, further complicating interception.

Moreover, while the PATS-X camera system provides high-frequency updates of a pest’s location, ac-
curately predicting its future behavior remains a major challenge. The high maneuverability and erratic
flight patterns of pests make state estimation difficult, which in turn complicates real-time control and
interception. These difficulties are further amplified by real-world greenhouse conditions, where dense
vegetation, structural obstacles, and narrow spaces offer pests ample opportunities for escape and
concealment. Finally, since autonomous control strategies are often developed and validated in simu-
lated environments, there is a critical need to ensure that these solutions transfer to the unpredictable
and complex conditions of real-world deployment. To this end, the following main research question
has been developed to guide the subsequent literature review,
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Literature Review Research Question

What integrated guidance and control strategies are effective for MAV interception of agile pests,
and what strategies are used to aid transition from simulation to deployment in real-world envi-
ronments?

To effectively address the research question, this literature review is structured around the key compo-
nents required for a reliable MAV-based pest interception guidance and control. Each chapter is moti-
vated by a distinct challenge or opportunity inherent to aerial-to-aerial pest interception. An overview of
a preliminary system architecture is provided in Figure 3.1, which serves as a foundation for identifying
critical research areas.

The first chapter, chapter 4, addresses the need for a formal framework to model MAV-to-pest intercep-
tion dynamics. It defines the core kinematic relationships governing aerial engagement and highlights
the challenge of evaluating interception strategies—particularly when dealing with black-box controllers.
To support systematic comparison, the chapter motivates the need for both geometric adherence met-
rics and task-level performance indicators.

The chapter 5 chapter tackles the problem of designing classical guidance laws suitable for MAV-based
interception of agile aerial pests. Traditional proportional navigation (PN) methods were developed
under assumptions that do not hold in MAV contexts—such as high interceptor speed, ideal actuation,
and limited need for re-engagement. This chapter investigates whether PN-based strategies exist or
can be adapted to meet the challenges of MAV-pest interception.

Chapter 6 addresses the limitations of classical guidance laws in handling the complex, reactive, and
highly dynamic nature of MAV-to-pest interception. Fixed-form strategies like PN lack the adaptability
needed for varying engagement phases, asymmetric maneuvering capabilities, and unpredictable pest
behavior. This chapter motivates the need for learned control strategies that can overcome these
constraints, and investigates what reinforcement learning (RL) algorithms and design consideration
may be used to produce high-performance interception policies.

In chapter 7 a central barrier to real-world deployment of RL-based MAV interception controllers, the
reality gap, is addressed. Policies trained in simulation often fail when transferred to physical hardware
due to modeling inaccuracies. This problem is particularly acute for RL methods, which overfit to
their training environments. The chapter explores how targeted design strategies, including system
identification, domain randomization, and reward smoothing, can improve zero-shot transferability and
mitigate sim-to-real degradation.

To synthesize the insights gained from the literature review, the final chapter 8 presents an integrated
summary of key findings across all thematic areas—engagement kinematics, classical guidance, RL,
and sim-to-real transfer. It revisits the overarching research question, consolidates lessons learned
from each chapter, and clearly identifies the remaining gaps. Based on this synthesis, the conclusion
motivates a targeted set of research questions and defines the central research objective of this thesis.
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4
Engagement Kinematics

The problem of pest interception with a MAV represents a challenging instance of the broader class
of aerial-to-aerial interception scenarios. In this context, interception requires that a MAV successfully
closes the gap andmakes contact with amoving, evasive aerial target within a constrained environment.
To design, evaluate, and compare guidance and control strategies for such interception tasks, it is
essential to establish a formal kinematic framework that accurately describes the geometry and relative
motion between the MAV (pursuer) and the pest (evader). A well-defined engagement model enables
the derivation of guidance laws and the formulation of control objectives that are grounded in the physics
of motion and the spatial relationship between agents. Without this foundation, it would be difficult to
reason about trajectory feasibility, guidance behavior, or expected interception outcomes. Therefore,
the following research question is posed,

Kinematic Modeling Research Question

What are the kinematic equations describing the relative motion between a MAV and an agile
aerial pest during interception?

Equally important is the development of metrics that can quantitatively assess interception performance.
For MAV-based pest control, it is not sufficient to determine whether interception occurs; one must also
evaluate how it occurs. Quantitative performance indicators provide crucial insight into the quality and
efficiency of a guidance and control solution. These metrics also allow for meaningful comparisons
between classical and learned control approaches, particularly when the controller operates as a black
box and its internal logic is not directly interpretable. To guide the development of such metrics the
following research question is formulated,

Performance Assessment Research Question

How can MAV-based pest interception performance be quantitatively assessed?

Firstly, section 4.1 presents the kinematic equations of motion that describe the relative dynamics be-
tween a MAV and an agile aerial pest. This section directly addresses the first research question by
establishing the mathematical framework needed to model MAV-to-pest engagement dynamics.

Next, section 4.2 surveys three canonical pursuit strategies—classical pursuit, constant bearing pursuit,
and constant absolute target direction (CATD)—and introduces quantitative metrics for evaluating how
closely a given controller adheres to each. Finally, the chapter concludes with section 4.3 where a
set of interception performance metrics that extend the analysis from geometric adherence to practical
effectiveness. These metrics allow for a detailed assessment of how reliably and efficiently a controller
performs the interception task. Together, the second and third sections directly contribute to answering
the second research question.
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4.1. Engagement Kinematic Equations of Motion 30

4.1. Engagement Kinematic Equations of Motion
The kinematic equations of motion for the aerial-to-aerial interception problem are given in this section.
These serve as the baseline for the derivation of the respective aerial-to-aerial interception guidance
laws. The derivation of the kinematics equations of motion and frames defined here are akin to what
is presented in the technical report of Palumbo et al. [5].

The LOS coordinate frame is a reference system defined along the direction of the relative position
vector between the pursuer and the evader. In this context, the pursuer refers to the MAV attempting
to intercept the target, while the evader represents the agile pest attempting to escape. As explained
by Palumbo et al. [5], the LOS frame is particularly useful because it isolates the line-of-sight angle,
the angle between the relative position vector and a fixed inertial frame. This angle plays a central
role in many guidance laws, as it directly characterizes the direction of interception. In addition to this,
the LOS frame simplifies the analysis of relative motion by enabling more direct calculation of relative
velocity and acceleration components along and transverse to the LOS, which are critical for formulating
effective guidance laws.

While the LOS coordinate frame is particularly well-suited for analyzing interception dynamics, it is not
the only option. Alternative frames, such as an inertial frame, express motion in absolute coordinates
but obscure critical interception quantities like line-of-sight angle and closing velocity, requiring addi-
tional transformations. A body-relative LOS frame, which rotates with the MAV, can simplify onboard
control design by aligning with the MAV’s sensing and actuation systems, but it complicates interpre-
tation of relative motion from an external perspective. To aid interpretability in this analysis, the LOS
frame will be defined relative to a fixed coordinate system. However, it is worth noting that for con-
trol implementation, a body-fixed LOS frame offers advantages in terms of integration with onboard
systems.

Evader

e

p

Pursuer

Figure 4.1: LOS coordinate frame for aerial-to-aerial engagement. Image retrieved from [5], with symbolism modified for the
convention of this report

Consider the engagement geometry shown in Figure 4.1. The relative position vector r between the
evader and the pursuer is defined as Equation 4.1,
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r = re − rp (4.1)

where re and rp are the position vectors of the evader and the pursuer, respectively, both expressed
in a fixed inertial coordinate frame. The magnitude of this vector, denoted ∥r∥, represents the scalar
distance between the agents. Alternatively, the relative position can be expressed using a LOS unit
vector Ir, defined as Equation 4.2,

r = ∥r∥Ir (4.2)

where Ir is a unit vector pointing from the pursuer to the evader. This formulation isolates the direction of
interception and provides a foundation for expressing relative velocity and acceleration in LOS-aligned
coordinates. Taking the time derivative of Equation 4.2 yields the relative velocity ṙ between the two
agents given through Equation 4.3,

ṙ = ˙∥r∥Ir + ∥r∥ d
dt

Ir (4.3)

where ˙∥r∥ is the time derivative of the range, and d
dtIr is the time derivative of the LOS direction vector

(both as introduced in Equation 4.2). The second term in Equation 4.3, d
dtIr, can be rewritten using the

angular velocity of the LOS, which yields Equation 4.4,

ṙ = ˙∥r∥Ir + ∥r∥
(
ϕ̇× Ir

)
(4.4)

where ϕ̇ is the angular velocity vector of the LOS with respect to the inertial frame. Taking the sec-
ond time derivative of r, as defined in Equation 4.1, results in the relative acceleration r̈ defined in
Equation 4.5,

r̈ = ¨∥r∥Ir + 2 ˙∥r∥(ϕ̇× Ir) + ∥r∥(ϕ̈× Ir) + ∥r∥
[
ϕ̇× (ϕ̇× Ir)

]
(4.5)

here, ¨∥r∥ is the second derivative of the range, ϕ̇ and ϕ̈ are the angular velocity and angular acceleration
of the LOS vector as introduced in Equation 4.4. Ir is as defined in Equation 4.2. This formulation
captures radial, tangential, and centripetal components of the relative acceleration and forms the basis
for deriving guidance laws in subsequent sections.

4.2. Taxonomy of Pursuit Strategies
In this section, a taxonomy of fundamental pursuit strategies is introduced that serves as both a foun-
dation for analyzing advanced guidance laws and a diagnostic tool for evaluating black-box methods
such as learned controllers. By establishing clear metrics to measure adherence to these strategies,
one can infer whether a controller approximates or diverges from established pursuit paradigms, even
when the internal decision-making is opaque. Since pursuit and interception guidance are closely
related—both aiming to reduce the separation between pursuer and target over time—these strategies
are directly applicable to the task of MAV-based pest interception. Consequently, this allows for more
informed assessments of whether complex or learned guidance control laws approximate or diverge
from well-understood pursuit paradigms.

4.2.1. Classical Pursuit and Constant Bearing Pursuit
According to the work of Wei et al. [6], three fundamental pursuit strategies may be identified. The first
two, classical pursuit and constant bearing pursuit, are grouped under a shared analytical framework
with a common metric.

Firstly, classical pursuit describes a strategy in which the pursuer continuously steers directly toward the
target’s current position. Secondly, constant bearing pursuit is when the pursuer maintains a constant
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relative heading error instead of perfect alignment with the LOS. Instead of constantly adjusting to
directly aim toward the target’s instantaneous position, the pursuer adjusts its path to follow the target
with a fixed angle between its direction of motion and the relative position vector.

To evaluate howwell a givenmotion trajectory adheres to these strategies, Wei et al. [6] introduce a cost
function. This cost function is extended to a three dimensional case and given through Equation 4.6,

Λ(θ, ϕ, ψ) = − r

∥r∥
Rrot(θ, ϕ, ψ)

ṙp
∥ṙp∥

(4.6)

whereRrot(θ, ϕ, ψ) is a rotationmatrix representing the desired angular deviation between the pursuer’s
heading and the LOS, parameterized by yaw ψ, pitch θ, and roll ϕ. The parameters r, and rp follow the
definitions given in Equation 4.1.

The value of the cost function Λ(θ, ϕ, ψ) is bounded in the interval [−1, 1], where a value of −1 indicates
perfect adherence to the desired pursuit strategy. For instance, when (θ, ϕ, ψ) = (0, 0, 0), Equation 4.6
reduces to a form that quantifies alignment with classical pursuit. More generally, nonzero values of
(θ, ϕ, ψ) define constant deviation angles used in constant bearing pursuit. Intuitively this cost function
measures the alignment of the velocity of the pursuer with the LOS to the evader.

4.2.2. Constant Absolute Target Direction
The third strategy, CATD, identified by Wei et al. [6] involves the pursuer moving in such a way that
it always appears to the evader as if the pursuer is staying on the same bearing or direction in space.
Intuitively, the pursuer does not appear to move sideways relative to the evader. This results in a stable
directional vector toward the target. For this strategy Wei et al. [6] also introduced a cost function given
through Equation 4.7,

Γ = −
(

r

|r|
· ṙ

|ṙ|

)
(4.7)

where r and ṙ follow the definitions given in Equation 4.1 and Equation 4.2, respectively.

This cost function Γ may be understood as measuring the extent to which relative motion occurs along
the LOS directional vector. The value of Γ is bounded in the interval [−1, 1], a value of Γ = −1 indicates
that the relative motion occurs entirely along the LOS, meaning the pursuer motion is consistent with
CATD behavior.

Both cost metrics, Λ(θ, ϕ, ψ) and Γ, are diagnostic tools to assess the extent to which a pursuer follows
the intended strategy. While they do not measure interception effectiveness directly, they provide valu-
able insight into the geometric and behavioral consistency of a complex or learned controller with these
fundamental pursuit strategies.

4.3. Metrics for Evaluating Interception Performance
While the previous section establishes metrics for quantifying a controller’s adherence to idealized
pursuit strategies, this section defines a complementary set of metrics aimed at evaluating the over-
all performance of an MAV in executing the interception task. These performance metrics provide a
quantitative basis for comparing different controllers or guidance strategies in terms of effectiveness,
persistence, and spatial behavior throughout the engagement. The metrics are similar in spirit to those
used by Pliska et al. [7], and tailored here to suit the specific requirements of MAV-based pest inter-
ception.

The time to first interception measures the elapsed time between the start of the engagement and the
first successful interception event, defined as the moment when the Euclidean distance between the
MAV and the target drops below 15 cm. This threshold is specified by PATS as a sufficient condition for
a successful interception. This metric captures how quickly the controller is able to initiate a successful
interception. The interception rate reflects the percentage of trials in which at least one interception oc-
curs, serving as a measure of robustness, especially in more challenging scenarios where interception
is not guaranteed.



4.4. Conclusion 33

To assess near-successes, the near-miss time records the total duration the MAV remains within a
30 cm radius of the target. This metric provides insight into the MAV’s ability to consistently close the
distance to the evader, even if an interception does not occur. Themean distance gives an overall mea-
sure of the spatial relationship between the pursuer and evader by averaging their separation across
the full engagement. Lower values reflect stronger proximity maintenance and tracking capability. Fi-
nally, the distinct interceptions metric counts the number of separate interception events. Given trials
do not terminate after the first interception, this metric evaluates the controller’s ability to repeatedly
re-engage and successfully intercept the target multiple times.

These metrics offer a multi-dimensional view of interception performance. They capture not only
whether interception occurs, but how efficiently, reliably, and persistently it is achieved. When used in
combination with the pursuit adherence metrics from the previous section, they enable a comprehen-
sive evaluation of both the guidance strategy and its execution in real-time MAV-based pest interception
tasks.

4.4. Conclusion
This chapter established the foundational framework necessary for analyzing and evaluating MAV-
based pest interception. First, the kinematic equations of motion were derived in a line-of-sight co-
ordinate frame, capturing the relative dynamics between the MAV and the evading pest. This formula-
tion directly addressed the first research question by providing a basis for describing the interception
geometry.

Building on this foundation, a taxonomy of classical pursuit strategies was presented, along with diag-
nostic cost functions for quantifying a controller’s adherence to each strategy. These tools enable the
evaluation of both interpretable and black-box guidance systems based on their geometric behavior.

Finally, a suite of interception performance metrics was introduced to assess the practical effectiveness
of a controller, including its ability to initiate, maintain, and repeat successful interceptions. These
metrics respond to the second research question by offering a quantitative framework for evaluating
not just whether interception occurs, but how well it is performed. Together, the formulation, strategies,
and metrics developed in this chapter lay the groundwork for the comparative evaluation of advanced
and learned interception controllers explored in the chapters that follow.



5
Proportional Navigation

This chapter explores the application of PN for guiding MAVs toward agile aerial targets. As indicated
in the preliminary system architecture in Figure 3.1, guidance logic forms a crucial intermediate layer,
processing the estimated state of the target and issuing commands to the MAV’s control systems. In
this context, effective guidance strategies must translate uncertain, rapidly evolving target trajectories
into interception commands, even under the constraints of onboard processing and flight dynamics.

Among the strategies available, PN stands out due to its long-standing success in missile interception
guidance systems. The fundamental idea is to steer the interceptor so that the LOS angle to the
target remains constant. By keeping the LOS angle rate constant, the relative geometry between the
interceptor and the target does not change, effectively forcing them onto a collision course.

Palumbo et al. [5] highlight several reasons for the widespread use of PN in interception guidance.
Firstly, PN requires only minimal target information, primarily the LOS rate, thereby reducing the com-
plexity of onboard sensors required. Secondly, PN guidance laws are computationally light allowing
them to be easily integrated into onboard computing hardware. Finally, under certain simplifying as-
sumptions about target and interceptor dynamics, PN laws are optimal with respect to the terminal
interception miss distance, an especially valuable property in MAV pest interception, where the small
physical size of the targets demands extremely precise guidance.

In recent years, the rapid growth of drone technology has motivated a re-examination of PN within the
context of drone-to-drone interception. Drones operate under markedly different conditions compared
to missiles; they fly at lower speeds, exhibit greater maneuverability, and encounter more complex
environmental dynamics. These differences necessitate a re-evaluation of classical PN guidance laws
to ensure their suitability and effectiveness in aerial platforms where flight dynamics and operational
constraints diverge significantly from traditional missile systems. To this end the following research
question is posed,

PN Research Question

Which of the available PN guidance laws are most effective for aerial-to-aerial interception of
highly maneuverable targets, given the unique dynamics and operational constraints of MAVs?

To address this question, the chapter is organized as follows. In section 5.1 the fundamentals of PN
are introduced, including the mathematical formulation and essential conditions for interception. Here
different adaptations of the PN are presented within the framework. Next, section 5.2 evaluates these
guidance laws through the means of a preliminary simulation study conducted. Finally, section 5.3
summarizes the findings, suggesting which PN guidance law is most suitable for use in the system
architecture and highlighting future areas for research.

34
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5.1. Fundamentals of Proportional Navigation
The core working principle of PN is to minimize miss distance by ensuring that the LOS to the target
remains constant. This fundamental idea, grounded in the kinematic relationships presented in Equa-
tion 4.5, forms the basis for a range of PN guidance laws. Palumbo et al. [5] identify a pair of conditions
that, if satisfied, guarantee interception. First, the rate of change of the LOS angle must be zero (ϕ̇ = 0),
ensuring that the pursuer remains on a collision course with the target. Second, the pursuer must be
able to reduce the range along the LOS. This requires that its acceleration projected onto the LOS
eventually exceeds that of the evader, particularly when the relative velocity is not initially closing.

These conditions, if met, ensure that an interception will occur based solely on the geometry and dynam-
ics of the system. Therefore, PN guidance laws can be designed to generate acceleration commands
that actively drive the system toward satisfying these conditions. In the works of Yang and Yang [8]
they suggest a unified framework that encapsulates all the basic methods of PN. They highlight that
the commanded acceleration of the pursuer can be expressed by the scheme shown in Equation 5.1,

ap = λL× ϕ̇ (5.1)

where λ is a navigational constant, and L is the normal direction of the command acceleration. The
definition of ϕ̇ is as stipulated in Equation 4.4. Different PN guidance laws employ different forms of L,
there are two main variations. The first, true PN (TPN) has LOS referenced laws [9]. In this case the
normal direction of the acceleration takes the form L = Ir. The latter, is pure PN (PPN) in which control
laws are referenced relative to the pursuer velocity vector [10], therefore yielding L = vp, where vp is
the velocity of the pursuer in an inertial frame.

As highlighted by Shukla et al [10] each formulation offers distinct trade-offs. TPN has been shown to
be optimal in minimizing the terminal miss distance, defined as the closest point of approach between
the pursuer and the evader [5]. However, TPN requires accurate estimation of the LOS direction Ir,
which may not always be readily measurable. In contrast, PPN is more practical for onboard imple-
mentation, as the pursuer’s own velocity vp is directly available from inertial sensors, making it simpler
to implement. As such, while TPN offers theoretical performance benefits, PPN may be preferred in
hardware-constrained MAV applications where sensor limitations are a factor. All subsequent varia-
tions of classical PN stem from one or a combination of these fundamental methods [8, 11, 12]; for their
guidance laws and working principles, refer to Table 5.2.

5.1.1. Augmented Proportional Navigation
In classical PN, the acceleration command relies purely on feedback from the LOS rate ϕ̇. However,
in practical scenarios where the target maneuvers aggressively, a feedforward control term, aff can
be introduced to compensate for target acceleration and improve interception performance [12]. This
term depends on higher-order derivatives of target motion, such as acceleration. Thus, modifying
Equation 5.1 to include feedforward control. The inception of this control scheme is called augmented
PN (APN), and the general form of the commanded acceleration due to PN guidance is shown in
Equation 5.2,

ap = λL× ϕ̇+Naff (5.2)

whereN is the gain applied to the feedforward control term aff and λ, L, ϕ̇ are defined per Equation 5.1.
Note, APN relies on higher-order kinematic information and in many practical scenarios, such informa-
tion may not be directly measurable and must instead be estimated. This process is highly susceptible
to noise amplification, potentially degrading the quality of the estimated acceleration and, in turn, the
effectiveness of the APN guidance law. As a result, while APN can offer improved performance in
theory, its practical implementation is often constrained by the quality of measurements avaliable.

5.1.2. Global Proportional Navigation
PN methods typically assume that the pursuer is initially closing in on the evader and that the relative
speed remains negative throughout the engagement (∥ṙ∥ < 0). To add, classical PN formulas rely on
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ϕ̇ ̸= 0 to produce meaningful acceleration commands. However, if these conditions are not satisfied,
classical PN yields negligible control effort.

Zhu et al. [13] tackle this limitation by introducing Global Integrated PN (GIPN). Rather than relying
solely on feedback from the rate of LOS angle (ϕ̇), GIPN adds a velocity-convergence term that en-
forces the pursuer’s relative speed with respect to the evader ∥ṙ∥ to be a predetermined negative value.
This additional term gives the pursuer another mean to re-accelerate toward the evader, independent
of the LOS angle rate feedback.

Although Zhu et al. [13] specifically demonstrated their velocity-convergence term for GIPN, the same
conceptual modification may be similarly applied to other PN variants. This highlights the broader ap-
plicability of the global correction approach to a wide range of PN laws. In general a global modification
of the PN law may be formulated per Equation 5.3,

ap = λL× ϕ̇+Naff +
[
k2(|ṙ| − vr) + ṙ · ϕ̇

]
Ir (5.3)

where vr is the desired relative closing speed, and λ, L, and ϕ̇ are defined as in Equation 5.1, while the
definitions of ṙ, Ir, and ϕ̇ are as previously provided in Equation 4.4. As explained in the work of Zhu et
al. [13], it is important to note that the two components of this equation act in orthogonal directions. The
classical PN term, λL×ϕ̇, generates lateral acceleration perpendicular (or approximately perpendicular
depending on L) to the LOS vector, guiding the pursuer in angular space to ensure minimal miss
distance. In contrast, the added velocity-convergence term acts along the LOS vector, adjusting the
rate at which the pursuer closes in on the evader. Because these control efforts are decoupled, they
do not interfere with one another. As such, the global correction term does not compromise the core
convergence guarantees of the classical PN law.

While enforcing a predefined closing velocity helps prevent stalling, it introduces notable trade-offs. If
the pursuer is already closing in faster than the desired speed, the guidance law may issue decelerative
commands to match vr, despite the fact that this faster convergence may be advantageous. In addition,
this correction term applies force along the LOS, which can lead to control saturation: the system may
prioritize matching the closing speed at the expense of lateral acceleration needed to adjust heading.
As a result, lateral corrections driven by angular guidance may be diminished or delayed.

5.1.3. Modern Guidance Laws
Interception strategies can be developed using optimal control theory. In particular, linear quadratic
optimal control provides a framework in which guidance laws can be derived analytically to optimize
a specific performance metric. Using this methodology, Palumbo et al. [5] derive a family of optimal
guidance laws of varying complexity. The complexity of each law corresponds to the amount of target
state information assumed to be available and whether actuator dynamics are modeled. Notably, many
of these optimal laws can be viewed as generalizations or supersets of classical PN formulations.

One such law, referred to as Linearized PN (LPN), is evaluated by Pliska et al. [7] in the context of
drone-based aerial target interception. The LPN guidance law is expressed in Equation 5.4,

ap = λ

(
r+ ṙ · tgo

t2go

)
(5.4)

where tgo refers to the estimated time till interception, defined as tgo = ||r||
||ṙ|| . The definitions of r and ṙ

are as defined previously in Equation 4.4. Note, that the metric optimized to derive LPN is the terminal
interception distance. Palumbo et al. [5] show that the LPN control law is a linearized and cartesian
version of the classic TPN control law. A key advantage of the LPN control law lies in its formulation.
It operates directly in terms of relative position and velocity, avoiding the need to transform into the
LOS coordinate frame. This leads to a simpler and more intuitive expression for the commanded
acceleration.

However, the derivation of LPN relies on several simplifying assumptions: constant speeds for both
target and pursuer, negligible LOS angles, a non-maneuvering target, ideal actuation with no delay,
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and full observability of all relevant states [5]. Only under these assumptions is the optimality of LPN
guaranteed. These assumptions are unlikely to hold in practical MAV interception scenarios, where
high maneuverability, partial observability, and noisy sensing are the norm.

To improve the initial responsiveness of the guidance system, Pliska et al. [7] propose a modified ver-
sion of LPN called Fast Response PN (FRPN). This hybrid method combines the precision of LPN with
the rapid engagement characteristics of classical pursuit guidance by introducing a weighted feedback
term. The FRPN law is defined in Equation 5.5,

ap = λ

(
(1−W )

r+ ṙ · tgo
t2go

+W · r
)

(5.5)

where W ∈ [0, 1] is a tuning parameter that controls the influence of the classic pursuit component
relative to the LPN term. By blending these two strategies, FRPN enables faster engagement initiation
while maintaining precise terminal guidance.

5.2. Evaluation of Proportional Navigation Guidance Laws
While classical PN laws have traditionally been evaluated in the context of missile guidance [8, 11, 12, 5],
the significantly different dynamic and operational characteristics of MAVs necessitate a re-evaluation
of these laws for aerial-to-aerial interception. In order to assess the viability of different PN laws in this
context, a comparative analysis was conducted.

A preliminary simulation environment is set up where the control laws may be tested across scenarios,
an overview is presented in subsection 5.2.1. The evaluation framework builds directly on the inter-
ception performance metrics introduced in section 4.3. Subsequent sections delve into these specific
metrics, and a summary of the performance with respect to these metrics is presented in Table 5.3. To
this end, subsection 5.2.2 investigates the time to first interception of the pursuer to the evader, subsec-
tion 5.2.3 evaluates the ability to re-attempt interception, subsection 5.2.4 looks into the dependency
on initial conditions, with results summarized in Table 5.2, and finally subsection 5.2.5 explores the
robustness to system dynamics and noise.

5.2.1. Simulation Set-up
The simulation models a simplified engagement scenario between a pursuer and an evader in a three-
dimensional space, free from gravity and aerodynamic forces. The evader follows predefined trajecto-
ries: straight-line, circular, and figure-eight paths, chosen to represent different levels of maneuverabil-
ity. The velocity and acceleration of the evader are computed via numerical differentiation of its position
data. Interception is classified as occurring when the pursuer comes within 15 cm of the evader. This
extremely small interception radius reflects the minute physical size of flying pests and the high spatial
precision required in such applications and follows from the criteria stipulated by PATS.

The pursuer responds to acceleration commands generated by the PN law under evaluation. These
commands are filtered through a first-order transfer function to simulate actuator response delay as well
as command communication latency. The resulting acceleration is clipped to a maximum magnitude of
10 m/s², serving as a performance cap to reflect conservative physical limits on the MAV’s maneuvering
capabilities. Additionally, Gaussian noise can be introduced to the evader’s position to emulate sensor
noise in the perception system.

Several limitations apply to this setup. No state estimation techniques are employed, meaning that any
noise added to the position data propagates unfiltered into velocity and acceleration estimates. The pur-
suer model is also highly abstracted; while it includes a first-order response delay, it does not consider
actuator saturation, control authority, or flight stability constraints. Moreover, the fixed acceleration
cap of 10 m/s², while reasonable, may underestimate the capabilities of some high-performance MAV
platforms. Finally, coarse gain tuning was performed for each PN law based on time to first intercep-
tion in a nominal straight-line scenario with favorable geometry. As this tuning was not exhaustive and
optimized for only a single case, some PN laws may operate with suboptimal gains. Despite these lim-
itation, the simulation provides a controlled environment to isolate and compare the important aspects
of the different PN guidance strategies.
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5.2.2. Time to First Interception
All PN methods under consideration are capable of achieving interception when the evader follows a
straight-line path, a circular trajectory, or figure-eight motion. This highlights the general applicabil-
ity of PN-based guidance schemes to a variety of motion profiles, including cases where the evader
demonstrates continuous acceleration or aggressive maneuvering.

Among these methods, the globally modified guidance laws exhibit significantly faster time to first inter-
ception. This performance can be attributed to the relative velocity-convergence term, which explicitly
encourages a consistently negative closing velocity between the pursuer and evader. As a result, the
pursuer accelerates not just laterally but also longitudinally along the LOS, reducing the time required
to intercept.

FRPN also exhibits outstanding performance in this metric. In addition to inheriting the properties
of linearized PN, it includes a weighted proportional-position feedback term. This term directs the
pursuer’s acceleration more aggressively toward the evader, further reducing the time required to close
the gap.

By contrast, classical PN laws such as TPN, PPN, and their augmented variants primarily rely on
lateral acceleration components that are orthogonal, or approximately orthogonal, to the LOS vector.
This design stems from the original intent of these laws, which focused on minimizing miss distance
rather than optimizing time to intercept. In addition, this reliance on lateral acceleration in TPN and
PPN stems from their origin in missile guidance, where longitudinal acceleration is typically assumed
to be saturated or not independently controllable due to propulsion constraints. As a consequence,
they lack the capability to directly propel the pursuer along the LOS toward the evader, which slows
down convergence and leads to higher initial interception times.

5.2.3. Reattempting Interception
In drone interception scenarios, a single miss does not render theMAV expendable, which distinguishes
it from traditionally studied missile engagements. Consequently, the MAV’s guidance must enable re-
engagement after an initial failure. Most PN-based research, however, focuses on a single intercept
event [8, 11, 12, 14, 9], where the LOS rate ϕ̇ ≈ 0 and the closing velocity Ṙ < 0 persist until impact.
After passing the target, the LOS rate remains approximately zero, ϕ̇ ≈ 0. As a result, classical PN
laws which are all dependent on the feedback of ϕ̇, yield negligible commanded acceleration, leaving
the drone on its pre-interception trajectory. In this case, the control input is minute, and the pursuer
diverges from the evader.

Two modern PN frameworks circumvent this limitation. Firstly, global PN laws introduce a velocity
convergence term that ensures a minimum negative closing velocity at all times, thereby letting the
pursuer correct its heading even with ϕ̇ ≈ 0 after a missed interception. Secondly, linearized PN laws
formulate the guidance in Cartesian coordinates and thus are not explicitly dependent on ϕ̇. By avoiding
dependence on the LOS angle, linearized methods enable reattempts at interception.

To quantify each law’s capacity for multiple interceptions, the following metrics is used. The fraction of
total time the pursuer remains within a 30 cm radius from the evader, classified as being within a near-
miss range. A higher value here implies stronger post-miss recovery and consistent proximity to the
evader. The second metric is the number of distinct interceptions observed, a higher count indicates
the controller successfully drives the pursuer back into contact at multiple distinct points.

As summarized in Table 5.3, FRPNand LPN exhibit the best performancewith respect to re-engagement
metrics. Among these, the linearized guidance laws demonstrate a distinct advantage in re-interception
scenarios due to their ability to produce more refined and stable control near the target. In contrast,
globally modified PN laws, while effective at re-initiating pursuit, enforce a persistent non-zero closing
velocity objective, which tends to reduce control precision as the pursuer nears the evader. This often
leads to overshoot after an interception attempt, highlighting a key trade-off between re-engagement
capability and fine-grained terminal accuracy for these methods. The re-interception trajectories for
some PN laws are given in Figure 5.1 to visualize their performance.
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Figure 5.1: Trajectories of the FRPN, TPN, and GRTPN guidance laws and a straight line evader, highlighting re-interception
performance

5.2.4. Dependency on Initial Conditions
To assess how each PN variant copes with diverse engagement geometries, multiple initial conditions
were explored. Including scenarios where the evader moves twice as fast as the pursuer, the pursuer’s
initial velocity is oriented away from the evader, the pursuer attempts a tail chase with a slower initial
velocity than the evader, or the pursuer starts from rest. Table 5.2 summarizes the performance of each
guidance law under these distinct setups.

A key insight is that PN laws, which rely solely on the LOS angular rate (ϕ̇), are the most dependent on
the initial conditions. The reason is that, the pursuer under guidance of these laws may converge to a
path that yields a constant LOS angular rate (ϕ̇ ≈ 0), however this path will not lead to an interception.
This divergent path is aliased with the path to interception from the perspective of the control law as
both achieve a ϕ̇ ≈ 0. An example of such a path is shown in Figure 5.2. In particular these aliased
paths occur when the initial closing velocity is negative (Vc < 0). When on such a path the zero angular
rate induces no acceleration toward the evader, leaving the pursuer effectively stalled on a diverging
trajectory.

Evader Evader
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Figure 5.2: Aliased trajectories for control laws that rely on ϕ̇ feedback only.

Similarly, if the evader travels significantly faster than the pursuer, a law that provides little or no longi-
tudinal acceleration cannot force the pursuer to catch up. This shortcoming is especially evident when
the pursuer begins with suboptimal initial velocity. Lateral guidance alone is insufficient in those cases,
since the pursuer needs a mechanism to increase its closing speed rather than just maneuver around
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the evader’s trajectory. This is the reason why the TPN, RTPN, and PPN methods all fail to intercept if
the pursuers starts from an initial rest position.

Among these different tests, the tail chase of a non-maneuvering target emerged as particularly de-
manding for traditional PN designs. If the pursuer is already behind the target but starts with ϕ̇ = 0,
an angular-rate-based controller will register no guidance cue, thus failing to accelerate even if the
guidance law operates longitudinally. More advanced methods, whether through global modifications
or linearized frameworks, implicitly address the issue discussed above and are as a result robust to
this initial condition.

5.2.5. Robustness to Actuator Delay and Noise
In practical applications, both actuator delay and sensor noise can significantly degrade the perfor-
mance of guidance laws. In our simulations, actuator delay (τ ) is modeled as a first-order lag repre-
senting the real system’s response delay to commanded accelerations, while noise (σ) is introduced on
the evader’s observed position. As shown in Table 5.1, interception rate of all guidance laws worsen
as noise and delay increase. Notably, it was observed noise is particularly detrimental, likely because
the velocity and acceleration estimates are obtained through differentiation schemes, which inherently
amplifies noisy signals.

Table 5.1: Interception Rate (%) for Different Guidance Laws at Varying Measurement Noise and Delay Levels. Each scenario
is evaluated over 100 trials. The evader moves at a constant velocity of 1 m/s in a straight line, while the pursuer moves at

1.25 m/s, with randomized initial positions on a sphere of radius 2 m centered at the evader’s initial position, and initial velocity
directed toward the evader.

Guidance Law σ = 0.010m
τ = 0.01 s

σ = 0.025m
τ = 0.01 s

σ = 0.050m
τ = 0.01 s

σ = 0.010m
τ = 0.5 s

σ = 0.010m
τ = 1.0 s

TPN 100 60 14 53 29
RTPN 100 60 15 60 25
PPN 100 86 16 47 17
IPN 100 33 19 54 17
LPN 100 100 100 91 34
FRPN 100 100 100 63 31
AIPN 100 36 12 25 11
GTPN 100 98 31 61 28
GRTPN 100 99 43 63 29
GPPN 100 73 17 43 35
GIPN 100 45 15 52 18
GAIPN 100 32 12 26 11

As actuator delay increases, the response of the pursuer progressively lags behind the commands
generated by the guidance law. This lag reduces the pursuer’s ability to promptly adjust its trajectory
toward the evader, which in turn degrades interception performance. Initially, moderate levels of delay
can be tolerated, as the pursuer is still able to correct its motion sufficiently to achieve interception.
However, beyond a certain threshold, the accumulated lag prevents effective realignment, causing the
pursuer to miss the target. This highlights the importance of fast system response for interception tasks,
as greater delays diminish the controller’s ability to track the intended guidance path accurately and
maintain a successful pursuit.

The impact of actuator delay is amplified when intercepting maneuvering targets. Palumbo et al. [5]
quantitatively investigate this by evaluating the final miss distance of LPN-guidedmissiles under varying
levels of target acceleration and interceptor delay. As shown in Figure 5.3, increased delay leads to
significantly larger miss distances, especially against highly agile targets. While ideal interceptors with
negligible delay maintain consistent accuracy.
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Figure 5.3: Final miss distance of an LPN-guided interceptor as a function of target maneuver acceleration, expressed in
multiples of gravitational acceleration. The red, green, and blue curves correspond to interceptor actuator delay time constants
of τ = 0.5 s, τ = 0.3 s, and τ = 0.1 s, respectively. The blue curve lies close to the x-axis, indicating minimal miss distance for

near-ideal actuator response. Image retrieved from [5].

Amore equitable assessment of noise would involve applying state estimation techniques to filter higher-
order kinematic signals and thereby mitigate some of the effects of measurement noise. Nonetheless,
our preliminary analysis highlights important trends in guidance law design under noisy conditions.
In particular, linearized control laws exhibit greater robustness because they operate independently of
noisy angular rate measurements. Unlike classical PNmethods that rely on line-of-sight rate, linearized
laws determine control actions directly from relative position and velocity vectors without requiring ex-
plicit angular information. This decoupling from directional noise explains their superior performance
under high-noise scenarios. Furthermore, our results suggest that guidance strategies which primarily
depend on the magnitude of the relative velocity, rather than its direction, tend to degrade less in the
presence of noise. Thus, minimizing reliance on noisy directional measurements appears critical for
designing robust interception algorithms.

5.3. Conclusion
This chapter set out to determine which PN guidance law is most effective for aerial-to-aerial intercep-
tion of highly maneuverable targets, particularly under the unique dynamics and operational constraints
faced by MAVs. Based on the preliminary simulation results, FRPN demonstrates the best overall per-
formance across all evaluation metrics. It consistently achieves successful interception even under
adverse initial conditions, and it shows strong robustness to both actuator delay and sensor noise. Un-
like classical PN variants, FRPN does not rely explicitly on noisy angular measurements and benefits
from a linearized formulation. As such, FRPN emerges as the most promising candidate for implemen-
tation within the MAV-pest interception system architecture.

Among the globally modified guidance laws, GRTPN stands out as the best performer. GRTPN main-
tains high interception rates across different noise levels and initial conditions, leveraging a velocity-
convergence mechanism that enables consistent re-engagement after missed intercepts. While its op-
erational behavior differs from FRPN, particularly by imposing a persistent closing velocity constraint, it
presents a complementary and valuable approach for robust interception guidance. In summary, FRPN
is recommended as the primary guidance strategy for MAV aerial interception tasks, with GRTPN iden-
tified as an interesting secondary candidate due to its inherently different control behavior. Future
work will focus on the practical implementation of these methods and their validation in real-world MAV
interception experiments.
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6
Optimization

Following the discussion of PN guidance in chapter 5, this chapter explores RL-based approaches for
MAV interception of agile aerial pests. As outlined in the preliminary system architecture in Figure 3.1,
the RL guidance and control layer is responsible for converting observations, whether raw sensor data
or processed estimates, into control commands that may operate at different levels of abstraction. Sev-
eral characteristics of agile pest interception challenge PN’s effectiveness and motivate the exploration
of more adaptive, learned strategies.

Firstly, PN applies the same control logic uniformly throughout the entire engagement. However, dif-
ferent phases of interception may demand different objectives. For example, during the early stage of
pursuit, when the MAV is still far from the target, nuanced lateral adjustments may not be optimal. PN
laws primarily induce acceleration commands perpendicular to the LOS, when the MAV is distant this
is not the most effective strategy.

Secondly, PN guidance assumes that the pursuer has equal or greater acceleration capability along the
LOS compared to the evader. This assumption breaks down in the context of pest interception. Insects
can exhibit extremely high agility, exceeding the MAV’s acceleration limits. However, pests typically
have lower top speeds than MAVs. This creates an asymmetry in capabilities, the MAV can catch up in
the long run but struggles to react as quickly in the short term. PN does not account for this asymmetry
and thus fails to exploit the MAV’s advantage in maximum speed or the pest’s limitations in sustained
evasion.

Moreover, PN offers no mechanism for exploiting known patterns in adversary behavior. Learned ap-
proaches, by contrast, allows agents to implicitly learn observed pest dynamics. For instance, Vlahov
et al. [15] showed that an evader trained against a predictable pursuer developed emergent behaviors
specifically tuned to exploit the pursuer’s weaknesses. Learned controllers opens up the possibility of
training MAVs to recognize and counteract such evasive maneuvers. An additional limitation of meth-
ods like PN is the implicit assumption that the target is static or non-reactive. Their is no mechanism
that may account for the pests often responding actively to the presence of a pursuing MAV.

Finally, while many PN laws are optimal with resect to minimal terminal miss distance, a valid objective
given the small size of pests, other terminal conditions may also or be more relevant. For example,
the suction effect generated by the MAV’s propellers could be exploited to pull the pest into the blades,
effectively increasing the interception zone. Alternatively, high-velocity impacts may be desirable to
minimize the pest’s chance of last-moment evasion. Such context-specific objectives are not easily
optimized using fixed-form control laws like PN.

In light of these limitations, the merit of using a learned approach is clear. For the purpose of aerial-to-
aerial interception, similar to the PN laws, most research effort of learned controllers has been dedicated
to missile guidance. Nevertheless, application of learned controllers to the interception problem has
shown to outperform classical PN laws such as TPN [16] [17], PPN [18] and APN [19]. Despite this
promise, the literature offers a spectrum of candidate algorithms with no consensus on which ones

44
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deliver the best interception accuracy and training stability for a single MAV or for an adaptive pursuer–
evader pair. Clarifying that gap motivates the first research question,

Algorithm Effectiveness Research Question

Which reinforcement learning algorithms are effective for enabling MAV-based aerial-to-aerial
interception against agile evaders?

Beyond the choice of algorithm, practical performance hinges on system-level decisions such as how
deeply RL is integrated into the control stack, whether prior knowledge is used, and what sensory infor-
mation the network to be learned receives. Understanding the impact of these design levers motivates
the second research question,

Design Considerations Research Question

How do design choices in control abstraction, observation structure, and training methodology
influence the performance of learned MAV interception policies?

Together, these questions structure the discussion in this chapter. Section 6.1 first presents the working
principles of RL and how MAV-pest interception fits within this framework. Next, the first research ques-
tion is addressed in section 6.2, which briefly evaluates both single-agent and multi-agent RL (MARL)
algorithms to determine their effectiveness for agile MAV-based interception. The second question is
explored in section 6.3, with subsections examining the role of prior knowledge, control abstraction
depth, and observation structure in shaping policy performance.

6.1. Reinforcement Learning
RL is particularly well-suited for MAV-based pest interception tasks, where success depends on adap-
tive, long-horizon decision-making in dynamic and uncertain environments. This suitability stems from
RL’s ability to learn directly from interaction, allowing agents to optimize behavior based on cumulative
reward without relying on predefined training data [20]. Its strength in handling sequential decisions,
real-time feedback, and long-term planning further supports its application to agile aerial interception
[21].

In recent years, deep RL (DRL), which integrates neural networks, has achieved impressive results
across domains, outperforming state-of-the-art controllers and even human experts in complex envi-
ronments [22]. Within drone control, RL has surpassed state-of-the-art controllers in both simulation
and when deployed on hardware [23, 24, 25]. This success motivates its application for MAV-based
pest interception.

6.1.1. Problem Formulation
In the context of MAV-based pest interception, RL provides a framework in which an autonomous agent,
in this case the MAV, learns to generate interception behaviors through trial and error, guided by the
goal of maximizing a cumulative reward. The agent learns by interacting with a simulated environment
that mimics real-world aerial pursuit scenarios, receiving feedback based on the success or failure of
its interception attempts.

Key components of this RL include the policy, reward, value function, and optionally an environment
model. The policy maps from observations to actions, effectively defining the MAV’s decision-making
strategy. The reward quantifies the desirability of a particular state-action outcome. In the case of pest-
interception this may be proximity to the pest, successful interception, or minimizing time-to-capture.
The reward may be further shaped to encourage desirable emergent behaviors, such as sustained
tracking, predictive maneuvering, or energy-efficient flight. The value function estimates the long-term
benefit of a given state, enabling the agent to reason about future outcomes rather than just immediate
gains. When used, a predictive model of the environment can further aid learning by simulating future
dynamics [21], though model-free approaches are more applicable due to the complexity involved in
modeling the aerial-to-aerial engagement.
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Due to limited onboard sensing, noisy measurements, and the agile and often unpredictable behavior
of real pests, the MAV does not have full access to the true system state. This motivates the use of a
Partially Observable Markov Decision Process (POMDP) framework, which formalizes decision-making
under uncertainty [20]. A POMDP is defined by the tuple given in Equation 6.1,

P = (S,A,O, P,R, Z, γ) (6.1)

where, in the context of MAV-based pest interception, the state space S captures the full underlying
configuration of the environment, including the positions, velocities, and orientations of both the MAV
and the pest—though this state is not directly observable. The action spaceA defines the set of possible
control inputs available to the MAV, which may vary depending on the level of control abstraction. The
observation space O consists of measurable features derived from onboard sensors.

The transition function P (s′ | s, a) models the system dynamics, specifying how the state evolves in
response to a given action, capturing both the MAV’s motion and the behavior of the pest. The reward
function R(s, a) quantifies the immediate benefit of taking action a in state s, and may be shaped to
encourage different emergent behaviors. The observation function Z(o | s′, a) accounts for sensor
noise and partial observability, mapping the hidden state to a stochastic observation. Finally, the dis-
count factor γ ∈ [0, 1) governs the agent’s temporal horizon, trading off immediate interception success
against long-term tracking effectiveness.

6.2. Algorithmic Evaluation
The evaluation is divided into two parts. Subsection 6.2.1 examines single-agent RL, focusing on
Proximal Policy Optimization (PPO). Its theoretical foundations, practical advantages, and suitability
relative to alternatives like Deep Deterministic Policy Gradient (DDPG) are discussed.

Subsection 6.2.2 explores MARL, outlining key challenges and comparing decentralized and central-
ized training approaches. It evaluates Independent PPO (IPPO), Multi-Agent PPO (MAPPO), and con-
trasts MARL with classical differential game theory.

6.2.1. Single-Agent Reinforcement Learning
This section establishes the suitability of proximal policy optimization (PPO) for the task of aerial-to-
aerial interception and introduces the working principles. A variety of RL algorithms have been applied
to aerial-to-aerial interception problems. In particular, the Deep Deterministic Policy Gradient (DDPG)
[26, 17, 18] and PPO [27, 28, 16] methods are frequently referenced in aerial interception research. A
detailed discussion of the nuances of these RL algorithms is beyond the scope of this review. For an
evaluation of the strengths and limitations of popular algorithms specifically in the context of aerial-to-
aerial interception, the reader is referred to the review by Reinier Vos [29].

To summarize Vos’s findings, DDPG offers higher sample efficiency, which allows for faster learning but
at the cost of increasedmemory usage and training complexity. In contrast, PPO convergesmore slowly
due to a conservative update mechanism. However, as noted by Vos [29], the simulated environments
used in aerial interception controller training are computationally inexpensive, making the sampling
efficiency advantage of DDPG less relevant. Furthermore, in the seminal work by Schulman et al. [30],
PPO is shown to exhibit stable learning behavior with minimal hyperparameter tuning, making it an
accessible choice. For these reasons, PPO is deemed a suitable and practical method for aerial-to-
aerial interception tasks. The remainder of this section will present the working principles of PPO in
more detail.

Proximal Policy Optimization
The formulation and explanation of PPO presented below follows from the seminal work of Schulman et
al. [30]. PPO is an actor-critic algorithm within the broader class of policy gradient methods. Meaning,
the algorithm directly optimizes a parameterized policy using data collected from agent-environment
interactions, while leveraging a learned value function to reduce gradient variance and improve learning
stability [20]. The objective to maximize for policy gradient methods is given in Equation 6.2,
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LPG(θ) = Êt
[
log πθ(at | st)Ât

]
(6.2)

where, πθ(at | st) denotes the probability of taking action at in state st under the policy parameterized
by θ, and Ât is an estimate of the advantage function, which indicates how favorable an action is
compared to the expectation of the reward based on the state the agent is currently in [30]. This
objective function represents the expected advantage-weighted log-probability of actions under the
current policy. By maximizing this objective, the algorithm increases the likelihood of actions that lead
to higher-than-expected returns. Note that this objective, encourages increasing the probability of high-
advantage actions, nothing inherently limits how drastically the policy can change from one update to
the next, resulting in large an unstable policy updates.

Schulman et al. [30] investigate different objective functions with constraints to address the limitations
of the traditional policy gradient objective. Only the best performing objective function from the investi-
gation is presented here. First, a probability ratio between the currently policy and old policy is defined
as Equation 6.3,

rt(θ) =
πθ(at | st)
πθold(at | st)

(6.3)

where θold refers to the weights of the parameterized policy before the last update was done. The
varaibles πθ(at | st), θ, and Ât are as previously defined in Equation 6.2. This ratio between the two
probabilities quantifies how much more or less likely a given action in a given state has become under
the updated policy. Using this probability ratio Schulman et al. [30] propose the following objective
given in Equation 6.4,

LCLIP (θ) = Êt
[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
(6.4)

where ϵ is a hyperparameter that controls how much the new policy is allowed to deviate from the old
policy during each update. The other parameters πθ(at | st), θ, and Ât are as defined previously in
Equation 6.2. Schulman et al. [30] explain that this objective is designed to balance effective policy
improvement with stability. The first term inside the minimum encourages improving the policy by
increasing the probability of advantageous actions. The second term applies a clipping function to the
probability ratio rt(θ), restricting it within the range [1− ϵ, 1+ ϵ]. This prevents the policy from changing
too drastically in a single update. By taking the minimum of the clipped and unclipped objectives, PPO
ensures that the final loss is a pessimistic estimate, it limits the magnitude of beneficial changes and
always accounts for harmful ones.

The behavior of the PPO objective with respect to the advantage function is illustrated in Figure 6.1.
In the left plot, we see that the objective is clipped when a beneficial action becomes more probable
under the new policy compared to the old one, resulting in more conservative updates. In the right plot,
an action with a negative advantage that becomes more probable is heavily penalized. Conversely, a
poor action that becomes significantly less probable under the new policy is clipped to further reduce
its contribution, amplifying the penalty.

Other surrogate objectives were also explored in the work of Schulman et al. [30]. These different
methodologies are generally grouped under the umbrella of PPO variants. While the clipped objective
described here is widely adopted and represents the core idea of PPO, it’s important to note that many
implementations in common RL libraries differ slightly from the original formulation [31, 32, 33]. Shengyi
et al. [33] explore the different PPO implementations available and note how their performance differs
on benchmark tasks. Implementation differences identified can include variations in how the objective
is applied, how advantage estimation is handled, or how clipping is implemented. Therefore, users
must carefully inspect the source code of a given library to understand the exact PPO variant being
used and how to assign the hyperparameters to ensure desired training behavior.
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Figure 6.1: Plots showing one term, a single timestep of the surrogate objective LCLIP as a function of the probability ratio
rt(θ), for positive advantages left and negative advantages right. Note that LCLIP sums many of these terms. Image retrieved

from [30].

6.2.2. Multi-agent Reinforcement Learning
Single-agent RL methods are capable of learning either the pursuer’s [34, 19, 18, 17, 16, 35] or the
evader’s guidance [27]. A shortcoming of single-agent methods is that the policy learned does not take
into consideration the interactive dynamics inherent in aerial-to-aerial interception scenarios. In the
case of a single agent RL policy, the assumption of a static non-reactionary opponent during training
will lead to overfitting and potentially fail to generalize to real world interception scenarios. Therefore,
there exists a need for MARL which is able to explicitly model and learn the interactive behavior of the
pursuer and the evader.

An in-depth evaluation of multi-agent algorithms is beyond the scope of this investigation; for a compre-
hensive analysis of MARL methods in the context of aerial pursuit and evasion, the reader is referred to
the review by Vos [29]. This subsection introduces the challenges specific to MARL, presents common
algorithmic approaches, and evaluates their applicability to MAV-based interception tasks.

Challenges of Multi-agent Reinforcement Learning
As synthesized in the review by Vos [29], which draws on the survey by Hernandez et al. [36], MARL
introduces several challenges that are either absent or significantly amplified compared to the single-
agent setting. A key issue is non-stationarity. In MARL, the transition and reward functions depend on
the joint actions of all agents. As a result, the environment from the perspective of any single agent
is constantly changing, since other agents are simultaneously learning and adapting. This violates the
stationarity assumption underpinning many RL algorithms and complicates stable learning [36].

Another major difficulty is the curse of dimensionality. As the number of agents increases, the joint
state and action spaces grow exponentially. This makes efficient learning more challenging, despite
the use of powerful function approximators like deep neural networks [36, 37].

The credit assignment problem is also exacerbated in MARL. When multiple agents contribute to a
shared outcome, it becomes difficult to determine which agent’s actions were responsible for specific
rewards. This ambiguity hinders effective policy learning, especially in cooperative or competitive set-
tings where the influence of one agent’s actions is entangled with others’ [36].

Despite these challenges, MARL has demonstrated promising results in aerial interception tasks. Sev-
eral studies have applied multi-agent learning to pursuit-evasion scenarios involving autonomous aerial
vehicles, with success in developing robust interception strategies under dynamic, adversarial condi-
tions [38, 39, 40].
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Multi-agent Reinforcement Learning Alogirthms
The different MARL methods, may be broadly organized into a taxonomy based on how learning and
decision-making are done. Firstly, decentralized methods ignore the non-stationary of multi-agent envi-
ronments and train a policy for each agent independently. On the other hand, centralized methods learn
a joint policy for all agents. The last approach combines the two with centralized training with decen-
tralized execution (CTDE). This method combines global information during training with independent
execution. Importantly, CTDE addresses the non-stationarity issue by stabilizing training with global
views, while still allowing agents to act independently when transferring policies for implementation [41].
The differences between these methods is highlighted in Figure 6.2. For the purpose of learning an in-
terception guidance controller, a centralized execution scheme is not viable, as the pursuer and evader
must operate independently. Therefore, this review will exclusively present decentralized learning and
CTDE-based methods.

Figure 6.2: Training schemes in the multi-agent setting. (Left) centralized training and centralized execution holds a joint policy
for all agents. (Middle) Each agent updates its own individual policy in decentralized training. (Right) CTDE enables agents to

exchange additional information during training which is then discarded at test time. Image retrieved from [37]

Most single-agent RL algorithms can be naturally extended to the multi-agent setting through indepen-
dent learning, where each agent learns its own policy independently of the others. A straightforward
extension of PPO to the MARL case is Independent Proximal Policy Optimization (IPPO). This frame-
work is fully decentralized: each agent learns its own PPO policy based solely on local observations
and rewards.

The study by de Witt et al. [42] investigates and benchmarks the performance of IPPO compared
to other independent and CTDE-based MARL methods. A key feature identified as contributing to
IPPO’s effectiveness is policy clipping, which is hypothesized to reduce the impact of environment non-
stationarity, making some of the theoretical limitations of independent learning less severe in practice.
Furthermore, Yu et al. compare the performance of IPPO with Multi-Agent PPO (MAPPO), which fea-
tures a centralized critic. Their results show that even in continuous or communication-heavy domains,
IPPO can perform on par with—or even better than—more specialized multi-agent algorithms [43].

Similarly, CTDE methods can be viewed as straightforward extensions of single-agent algorithms,
where a shared centralized critic is introduced to incorporate global information during training. For in-
stance, Multi-Agent Deep Deterministic Policy Gradient (MADDPG) extends DDPG by providing each
agent with a centralized critic that observes the global state and the actions of all agents, while the
actor still relies only on local observations for execution [41]. CTDE-based methods are the dominant
approach referenced in multi-agent tasks, including aerial pursuit and evasion [44, 39, 40]. Zhang et al.
[45] show that centralized critics significantly boost performance in coordinated interception scenarios,
where shared information is critical. Recent work by Chen et al. [38] demonstrated that MAPPO can
effectively bridge the simulation-to-reality gap in multi-UAV pursuit tasks. However, as elucidated in
the survey of Hernandez et al. [36], CTDE methods introduce several challenges. Centralized critics
expand the state-action space, increase memory requirements, training instability and exacerbate the
credit assignment problem.

Given the specific requirements of the interception guidance task—namely, a single pursuer operating
independently against a reactive target—the added complexity of CTDE methods is not justified. The
advantages of CTDE approaches are primarily observed in multi-agent scenarios where coordination or
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information sharing is critical [45, 38], which is not the case here. In contrast, IPPO offers a significantly
simpler and more scalable alternative, and has been shown to achieve competitive performance rela-
tive to more complex centralized methods, even in communication-heavy domains [43]. Furthermore,
practical constraints such as limited support in existing MARL libraries [31, 32, 33] and the engineering
burden associated with implementing centralized critic architectures reinforce the suitability of decen-
tralized approaches. As such, IPPO is recommended as the most appropriate algorithm for training an
autonomous MAV to perform one-on-one aerial interception, balancing performance, scalability, and
implementation feasibility.

Differential Games of Pursuit and Evasion
An alternative approach to solving aerial-to-aerial interception problems where the interactive dynamics
between the agents are taken into account are differential games of pursuit and evasion. While different
variations of these games exist, the fundamental principle unifying them is the conflict between two
agents seeking opposing objectives. This interaction is a zero-sum game, where the cost function
of one player is the negative of the other. In the context of aerial engagements, the payoff is often
measured in terms of time-to-intercept, where the pursuer tries to minimize this time, and the evader
tries to delay capture as long as possible [46].

Differential games offer a principled and well-established way to model such interactions, and have
historically been used to derive analytical solutions for interception scenarios [47, 48, 49, 50]. These
solutions define optimal control strategies, where the pursuer nor evader can improve their outcome
by deviating from their current strategy, given the strategy of the opponent [46]. However, deriving
closed-form solutions is often challenging and they typically rely on simplified objective functions as
well as numerous assumptions. As a result, solving games of pursuit and evasion becomes infeasible
in realistic settings.

To address the limitations of differential games in realistic settings, MARL, offers a data-driven alterna-
tive that enables the approximation of optimal strategies without requiring analytical tractability. While
MARL does not provide the same formal guarantees of optimality, such as provable convergence where
neither the pursuer nor the evader can improve their outcome, it is capable of learning strategies that
approximate these game-theoretic solutions. Crucially, MARL can incorporate the full complexity of
real-world dynamics, that typically make differential game formulations analytically intractable. As a
result, MARL can provide useful estimates of optimal behavior under realistic conditions, offering a
viable solution where classical approaches are too restrictive to be applied [46].

6.2.3. Algorithm Choice
In response to the first research question, Which RL algorithms are effective for enabling MAV-based
aerial-to-aerial interception against agile evaders?, this section summarizes the findings from the pre-
ceding evaluations. For the single-agent setting, PPO emerges as the most suitable algorithm. Despite
its relatively slower convergence compared to DDPG, PPO’s stability, robustness to hyperparameter
tuning, and wide adoption in both academic literature and RL libraries make it a practical and effec-
tive choice. Moreover, the low computational cost of simulation environments for aerial interception
diminishes DDPG’s advantage in sample efficiency, further supporting the preference for PPO [30, 29].

In the multi-agent setting, IPPO is identified as the most appropriate algorithm. It combines the core
advantages of PPO with a fully decentralized training approach, allowing each agent to learn indepen-
dently while still achieving competitive performance relative tomore complex CTDE-basedmethods [42,
43]. Given the one-on-one nature of MAV-pest interactions and the lack of coordination requirements,
the simplicity, scalability, and ease of implementation make IPPO the most viable option.

6.3. Design Considerations
While algorithm selection is critical, the effectiveness of RL-based interception is equally shaped by
architectural and methodological decisions. These include how prior knowledge is incorporated, the
level of abstraction at which control is applied, and the structure of the agent’s input observations. Each
of these choices affects training efficiency, generalization, and real-world deployment.

To explore these dimensions, the section is organized as follows: subsection 6.3.1 examines the use
of transfer learning, imitation learning, and curriculum learning to accelerate convergence and improve
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sample efficiency. subsection 6.3.2 considers the level of control abstraction—from high-level kinemat-
ics to low-level motor commands—and its implications for policy expressiveness and deployment. In
subsection 6.3.3, the design of input observations is analyzed. Finally, subsection 6.3.4 synthesizes
these insights and outlines promising directions for future work.

6.3.1. Leveraging Prior Knowledge
Training RL agents entirely from scratch is often prohibitively expensive in terms of both sample ef-
ficiency and training stability. To address this, a variety of methodologies exist for leveraging prior
knowledge to accelerate learning. These include transfer learning, imitation learning, and curriculum
learning, each offering complementary benefits depending on the task formulation and available data.

Transfer learning refers to the process of reusing knowledge gained from one task to improve learn-
ing performance on a related task. This methodology is particularly well-suited to MAV control, where
policies must often first acquire low-level flight skills before more advanced behaviors such as inter-
ception can be learned. A frequently encountered challenge in this context is the so-called “learning
to fly” problem, wherein the agent must implicitly learn basic flight stabilization before it can begin to
address higher-level objectives. This problem has been explicitly discussed in multiple studies [51, 52,
53], and is commonly addressed by first training a stable controller in simulation and then reusing this
policy as the initialization for downstream tasks. A breakthrough is provided by Eschmann et al. [51],
who present a novel framework to overcome the ”learning to fly” problem with only a few seconds of
training time required. In the context of MAV-pest interception, this approach can be employed by first
developing a base navigation or stabilization controller, which can then be fine-tuned for interception
maneuvers. This significantly reduces the exploration burden and lowers the likelihood of catastrophic
failure during early training phases.

Another promisingmethodology is imitation learning, which bypasses the need for extensive exploration
by allowing the agent to learn directly from expert demonstrations. As reviewed by Osa et al. [54],
imitation learning algorithms infer control policies by mimicking observed expert behavior. The most
widely used technique, known as behavior cloning, formulates this problem as supervised learning,
where the policy is trained to reproduce expert actions given specific states. This provides a strong
initialization that can be further refined through RL, combining the stability of supervised learning with
the adaptability of policy optimization. In the context of aerial interception, expert demonstrations could
be obtained through classical guidance laws, such as PN, or from human-piloted drone trajectories.
By starting with such a policy, the agent is likely to converge more quickly and avoid suboptimal local
minima.

Curriculum learning presents a third strategy for improving training efficiency by structuring the learning
process through a progressive sequence of tasks. Originally proposed by Bengio et al. [55], curriculum
learning draws inspiration from the way humans and animals learn—beginning with simple concepts
and gradually progressing to more complex ones. The authors show that this structured approach
can accelerate convergence and help optimization avoid poor local minima. In the case of MAV-pest
interception, a curriculum could be designed to incrementally increase task difficulty. Training might
begin with interception of stationary targets, followed by slow-moving or non-reactive evaders, before
ultimately addressing the full pursuit-evasion problem involving agile, adversarial behavior. This grad-
ual increase in complexity allows the policy to build upon simpler skills and adapt them to increasingly
dynamic and uncertain environments.

Despite their advantages, these techniques also introduce important considerations. By learning auxil-
iary tasks such as hovering or imitation of suboptimal expert strategies, the policy may become biased
toward behaviors that are not fully aligned with the final objective. This can limit the expressiveness or
optimality of the learned policy in the target task. Furthermore, implementing these techniques typically
requires additional infrastructure, such as expert data pipelines, staged training environments, or fine-
tuning procedures. In some cases, this added complexity may offset the gains in learning efficiency,
particularly when the base task is already well-posed for direct policy optimization. Therefore, while
transfer learning, imitation learning, and curriculum learning offer valuable tools for accelerating and
stabilizing training, their use must be carefully balanced against their potential to constrain final policy
performance or complicate implementation.
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6.3.2. Depth of Reinforcement Learning Control
The depth at which RL is applied in UAV systems significantly impacts the performance and the com-
plexity. Eschmann et al. [51] present a detailed taxonomy of control abstraction levels for multirotor
UAVs, which organizes control inputs by their level of abstraction and associated system complex-
ity. This taxonomy is presented in Figure 6.3. This hierarchy spans from high-level kinematic inputs
such as position, velocity, and acceleration, down to increasingly fine-grained and physically grounded
levels including collective thrust and body rates (CTBR), body torques, rotor thrusts, RPMs, and ulti-
mately, motor commands. As one descends the hierarchy, each level introduces more non-linearities,
integration steps, and domain parameters, leading to increased uncertainty and modeling difficulty.

Figure 6.3: Taxonomy of multirotor control abstractions. Additional system/domain parameters introduced at an abstraction
level are given in square brackets. Image retrieved from [51]

Despite the rising complexity, Eschmann et al. [51] argue that RL is particularly well-suited for learning
policies at these lower levels of control. According to Bellman’s Principle of Optimality, the optimal policy
for a control problem can be expressed as a function mapping from observations to actions. In theory, a
neural network can represent this mapping even in the presence of complex, non-linear dynamics. By
contrast, classical control stacks, which are built upon layered abstractions, have limited expressivity
and may struggle to represent globally optimal behaviors. While optimization based controllers can
approximate optimality, they are often too computationally intensive for real-time execution on low-
power embedded hardware. Therefore, Eschmann et al. [51] advocate for lower RL as a promising
approach to learn efficient, end-to-end control policies that directly map the system state to low-level
motor commands, maximizing expressivity while maintaining real-time viability.

An early systematic investigation into this control abstraction is presented by Kaufmann et al. [56],
who bench-marked the performance of different action abstractions in simulation. Their results show
a major leap in policy performance when shifting from higher-level abstractions such as linear velocity
commands to lower-level control inputs like CTBR. The authors explain that this representation better
preserves the drone’s dynamic capabilities while maintaining sufficient abstraction to ease sim-to-real
transfer.

At the time, however, methods for fully end-to-end RL control, networks outputting direct motor com-
mands, were not yet robust for deployment on physical systems. Since then, advances in sim-to-real
strategies have enabled successful real-world deployment of end-to-end RL controllers in challenging
domains like drone racing. In recent work, Ferede et al. [22] demonstrate that an end-to-end policy
for time-optimal quadcopter racing can outperform a CTBR policy with an incremental nonlinear dy-
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namic inversion (INDI) lower level controller in simulation by 1.39 seconds and by 0.17 seconds in
real-world testing. Notably, the performance gap observed between simulation and real-world deploy-
ment in end-to-end systems highlights the importance of addressing sim-to-real transfer. The problem
of discrepancy between simulation and real life for RL policies is discussed later in detail in chapter 7.

More recently, Ferede et al. [57] further validated the power of end-to-end control by demonstrating
a single neural network policy capable of generalizing across different racing drones. Although this
work highlights the high performance and generalization potential of end-to-end methods, it does not
compare results directly to a CTBR baseline, leaving open the question of how much performance is
gained over these established architectures. In summary, while guidance-level RL is widely used for
aerial interception due to its modularity and ease of integration, recent advances suggest that lower
RL control, particularly end-to-end motor command policies, can unlock higher performance albeit at
increased implementation complexity.

6.3.3. Input Observations
The choice of information made observable to the agent has a critical role in shaping the learned
behavior, interpretability and the performance [58]. Across recent studies involving aerial-to-aerial in-
terception, a wide spectrum of input designs can be observed. Some approaches expose the agent
to low-level, raw measurements [34] [27] [19]. In these cases, the RL policy may implicitly learn the
relevant control features. In contrast, some approaches rely on preprocessed or filtered inputs, where
features like relative velocity, acceleration, LOS rate, or target motion are derived and directly provided
to the RL agent [18] [19]. This reduces the burden on the policy to infer latent variables, but it also risks
overly constraining the agent.

Dionigi et al. [58] conducted a benchmark study on how different input configurations affect the per-
formance of RL control policies for quadrotor flight. Several RL agents with varying observation inputs
were trained in simulation and then evaluated their zero-shot sim-to-real transfer capabilities on a real
drone to determine which configurations lead to robust and efficient control. The authors concluded
that the observation space containing the minimum necessary information led to the best overall per-
formance. Providing additional input data did not improve results and sometimes even reduced perfor-
mance. While the findings of Dionigi et al. offer valuable insight into observation space design, their
conclusions are drawn from a relatively simple stationary point tracking task. This setup does not cap-
ture the dynamic, nature of aerial-to-aerial interception, where richer or more predictive input features
may be critical for performance. Extending the analysis to more complex tasks presents an interesting
direction for future research.

A common practice when designing the observation space is to represent the quadcopter’s attitude
and rotational rates using a rotation matrix [58, 59, 56, 51]. This choice is primarily motivated by
findings such as those of Zhou et al. [60], which highlight that commonly used representations like
Euler angles or quaternions are discontinuous and can hinder the learning process in neural networks.
While using a rotation matrix may therefore facilitate more stable or efficient training, its effect on final
task performance has not been established. Notably, the current state-of-the-art in drone racing [57]
relies on Euler angles, suggesting that are no performance gains from using rotation matrices.

Another best practice identified by Dionigi et al. [58] is the inclusion of historical data in the observation
space. Specifically, using a sequence of the last 10 observations was shown to significantly improve
training convergence and performance, with results indicating that shorter histories failed to achieve
similar effectiveness. However, it is worth noting, based onmy own interpretation, that the effectiveness
of using a 10-step history is inherently linked to the temporal resolution of the control loop. If the
control loop runs at a higher or lower frequency, the time span covered by these 10 steps would differ
accordingly, potentially impacting the relevance and utility of the historical data.

Supporting the inclusion of historical data, a study by Eschmann et al. [51] highlights that actuator
dynamics, particularly motor lag, introduce a substantial delay between when an action is issued and
when it affects the system state. This delay renders the environment partially observable, as the imme-
diate state no longer fully reflects the impact of recent control inputs. To mitigate this, they include a
history of control actions in the observation space, serving as proprioceptive memory to improve credit
assignment and learning stability.



6.3. Design Considerations 54

A contrasting result regarding the observation history is presented in the study by Ferede et al. [57]. His-
torical observations were briefly explored as potential input augmentations to the neural control policy.
However, they found that including up to the last 3 time steps did not yield any significant performance
improvement and therefore excluded them from the final architecture. This stands in contrast to the
findings of Dionigi et al. [58] and Gronauer et al. [61], who demonstrate that including a longer temporal
history, specifically more than the last 5 observations, is necessary to achieve meaningful performance
gains. This discrepancy suggests that the benefit of historical data may depend on the task dynamics
and observation structure, and that further investigation into the role of temporal context is warranted.

An emerging trend is the integration of auxiliary networks and recurrent architectures to enhance input
observations. Li et al. [16] propose an assisted RL approach that incorporates an auxiliary network
trained through supervised learning to estimate the target’s acceleration. This estimated acceleration
is then used as an additional observation input to the RL agent . Similarly, Chen et al. [38] use a LSTM
network to predict the evaders future trajectory based on historical observations. This leverages the
ability to forecast the evaders behavior to generate better policies for interception.

Ultimately, the decision of what state information to expose—whether raw, derived, or learned—reflects
a trade-off between generalization, interpretability, and learning complexity. It is a fundamental design
choice that must align with the system architecture, sensing capabilities, and deployment goals of the
interception system.

6.3.4. Design Recommendations
In response to the second research question, How do design choices in control abstraction, observation
structure, and training methodology influence the performance and robustness of learned MAV inter-
ception policies?, this section summarizes the most salient insights and identifies promising directions
for further research.

Across all three design dimensions examined, leveraging prior knowledge, control abstraction, and in-
put structure, evidence suggests that thoughtful architectural choices can significantly improve learning
efficiency and performance. In particular, the use of transfer learning and imitation learning has been
shown to accelerate convergence and overcome early instabilities associated with low-level control,
such as the ”learning to fly” problem [52, 53, 51]. Similarly, curriculum learning offers a principled way
to scaffold task complexity, allowing agents to progressively master interception in increasingly dynamic
settings [55]. While these methods reduce sample complexity, their reliance on auxiliary objectives or
expert data introduces the risk of suboptimal policy bias and increased implementation burden.

With respect to control abstraction, recent work indicates that lower RL control—especially end-to-end
policies that directly output motor commands—can offer superior performance and generalization in
high-speed, dynamic tasks [22, 57]. However, these benefits come at the cost of higher implementation
complexity and more difficult sim-to-real transfer.

Observation design remains an equally influential factor. Minimal yet informative state representations
have been shown to enhance robustness and sim-to-real transfer in basic control tasks [58], while in
interception scenarios, additional structure—such as history windows or auxiliary prediction modules—
can improve credit assignment and temporal reasoning [51, 38]. However, findings remain mixed, with
some high-performance policies succeeding without temporal history [57].

In summary, effective MAV interception policies benefit from modular use of prior knowledge, increased
control expressiveness, and carefully structured observations. Nonetheless, many of these design
practices remain underexplored in the context of interception, and more empirical work is needed to
evaluate their interaction effects. Future investigations should prioritize comparative studies across
abstraction levels and input encodings, particularly in dynamic and adversarial environments, to better
understand how design decisions translate to generalization and real-world reliability.



7
Reality Gap

In the context of MAV-based moth interception, simulators play a critical role in the development and
verification of autonomous control strategies. They enable safe, cost-effective testing of both classi-
cal control laws and learned controllers, all within a controlled and repeatable environment. However,
simulators inevitably rely on simplified or idealized models of MAV dynamics, pest behavior, and envi-
ronmental interactions. These simplifications result in what is known as the reality gap (RG), a discrep-
ancy between the behavior and performance in simulation and their actual performance in real-world
conditions [62]. In pest interception tasks, where high agility of the target and precise maneuvering
are required due to the pests’ small size, even minor discrepancies in flight dynamics, sensor noise, or
environmental variability can cause strategies that perform well in simulation to degrade or fail when
deployed in physical greenhouse settings.

While the reality gap poses challenges for all control strategies, its impact is particularly pronounced
for RL controllers. Learned policies are tightly coupled to the simulator used during training. The con-
troller’s behavior is effectively shaped by the fidelity of the simulated environment. This dependency
makes sim-to-real transfer a critical bottleneck in RL-controlled MAV-pest interception. The most con-
sequential failure, an unsuccessful sim-to-real transfer, occurs when a policy that appears successful
in simulation cannot generalize to real-world conditions [62]. Therefore, this section addresses the
following research question,

Reality Gap Research Question

What methods can be used to reduce the reality gap and increase the likelihood of successful
sim-to-real transfer for learned controllers in MAV-pest interception tasks?

To provide an answer to this question, first a formal definition of the RG is given. Next the current
state-of-the-art method to solving the RG problem are discussed, where present also relating them to
applications in interception tasks. Finally, an evaluation of the methods is given focusing on methods
that may be practically implemented and be used to predict the sim-to-real discrepancy to be expected.

7.1. Reality Gap Formalization
The formalization of the RG problem developed by Salvato et al. [62] is presented here. The concept of
an environment mapping operator, denoted as ϕ, is introduced. This operator is assumed to transform
the real environment E into an approximate, simulated counterpart E′ = ϕ(E) = (X ′, A′, O′, f ′, g′, h′),
where X ′, A′, and O′ represent the simulated state, action, and observation spaces; f ′, g′, and h′
denote the dynamics, observation model, and reward function, respectively. Although ϕ is typically
unknown in practice, it serves as a conceptual tool to understand the modeling process in sim-to-real
transfer. Under this framework, the real-world system is modeled as a digital approximation, with the
expectation that a control policy trained in simulation (E′) can be deployed on the real system (E), this
transfer is visualized in Figure 7.1.
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This modeling paradigm naturally splits the controller development process into two stages. Firstly, an
agentL interacts with the simulated environmentE′ to learn a policy π∗; and secondly, the learned policy
π∗ is then deployed and evaluated on the real environment E. The RG emerges from the discrepancies
between E and E′, which may cause π∗ to under perform or fail when transferred to the real system
[62].

Figure 7.1: Schematic representation of the application of RL to the robot control problem using simulation. First, given the
real robot and it environment E (block at bottom right), a simulator E (block at bottom left) is obtained by modeling E using ϕ.
Then an agent L (block at top left) learns a policy in simulation. Finally, the learned policy is transferred to the real robot where

it can be deployed (block at top right). Image retrieved from [62].

If the performance achieved in simulation is acceptable, but significantly degrades during real-world
implementation, this indicates the presence of a RG. Salvato et al. [62] identify that possible causes
of the RG can be attributed to two main factors. Firstly, the environment mapping operator ϕ may
be unrealistic. The differences between E and E′ in terms of their dynamics functions f, f ′ and/or
observation functions g, g′ may lead to discrepancies in observations. Secondly, the learning agent L
may fail to produce a policy π∗ that is sufficiently robust to cope with small but inevitable inaccuracies
in the mapping ϕ. Various methods exist to overcome the RG, the remainder of the section shall be
dedicated to reviewing the most popular methods.

7.2. Transfer Learning
Building on the principles discussed in subsection 6.3.1, transfer learning may also be used for crossing
the reality gap. A controller is first trained in a simulation environment before being trained further in
a real-world setting [62]. However, for aerial-to-aerial interception tasks, the conventional two-phase
transfer learning approach, wherein the simulation policy is fine-tuned through additional real-world
training, proves impractical. Drones are vulnerable to abrupt failures, hardware damage, and limited
battery life restricts the feasibility of extended on-hardware training.

For the reason stated above the preferred method for policy transfer is zero-shot transfer. In this case
the simulation learned policy is transferred directly to the hardware, without any additional training or
measures being taken [59]. Therefore the remainder of the methods that will be presented are focused
on enhancing zero-shot transfer of policies.

7.3. System Identification
System identification seeks to refine the simulator dynamics f ′ by fitting model parameters to real
flight data, thereby closing the gap between simulation and reality [63]. In their survey of sim-to-real
techniques, Zhao et al. [64] list system identification as a consistently effective practice: the higher the
simulator’s fidelity, the greater the chance that a policy will transfer zero-shot to hardware.

Achieving such fidelity for quadrotors is, however, notoriously difficult. The vehicle’s aerodynamics are
dominated by complex rotor and body wake interactions that defy simple analytical treatment. Sun



7.4. Domain Randomization 57

et al. [65] address this with a graybox model that blends first-principles rotorcraft theory with wind-
tunnel data from high-speed flight, cutting force and moment errors to 1–3% NRMS. Yet their models
contain more than ten empirical regressors with opaque physical meaning. By contrast, the current
drone-racing world record was set with an end-to-end RL policy trained in a simulator that captures
only rigid-body dynamics plus coarse aerodynamic damping [57]. This result demonstrates that the
importance of system identification may be limited, making a moderately accurate, interpretable model
a pragmatic choice.

Practical obstacles further limit how far system identification may be pushed. Greenhouse intercep-
tion flights face wide swings in temperature, humidity, and airflow, all of which shift vehicle parame-
ters and sensor characteristics. Minor hardware changes such as fresh propellers or IMU calibration
can likewise invalidate a finely tuned model, necessitating repeated data-collection cycles. Moreover,
high-fidelity simulators are computationally expensive; when millions of episodes are required, a lower-
fidelity model that enables faster iterations may yield better overall progress [62].

In summary, system identification is a valuable starting point for sim-to-real transfer, but its benefits
must be weighed against modeling complexity, environmental variability, and computational cost. A
well-calibrated, lightweight model combined with the reality-gap-bridging strategies presented in the
sections that follow offers the best balance of accuracy and training speed.

7.4. Domain Randomization
Domain randomization is a technique based on the idea that, rather than attempting to precisely model
all aspects of the real-world environment, one can instead intentionally introduce extensive variability
into the simulation. By randomizing physical and sensory parameters during training, the simulation can
encompass a broader range of possible real-world scenarios, thereby increasing the likelihood that the
trained policy will generalize well to the real environment, despite the inherent modeling bias between
simulation and reality [66]. The intuition behind domain randomization is visualized in Figure 7.2.

Figure 7.2: Working principle of domain randomization. Image retrieved from [64]

Following the formalism introduced by Salvato et al. [62], the parameters ξ′ and ψ′ are used to induce
controlled variability in the simulation environment, resulting in a corrupted simulator Ẽ′ = ϕ̃(E). During
training, the learning agent L interacts with multiple variations of Ẽ′ by sampling based on ξ′ and ψ′, and
learns a policy π∗ that maximizes the expected cumulative reward across these variations, as shown
in Equation 7.1,

π∗ = argmax
π∈Π

Eξ′,ψ′ [Jπ,T ] (7.1)
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where Jπ, T denotes the expected return of policy π over time horizon T . This procedure aims to pro-
duce a policy π∗ that is robust to the variations introduced by domain randomization. If these variations
sufficiently approximate the uncertainties present in the real environment, then π∗ is expected to be
sim-to-real transferable, effectively mitigating the RG. However, one of the key trade-offs of DR is its
impact on computational efficiency. Since the training process must span a wide range of randomized
environments, the agent requires significantly more interactions to converge to a robust policy. Each
training episode may sample a different configuration of dynamics, sensor noise, or environmental con-
ditions, which increases the variance of the learning signal and slows down convergence. As a result,
while domain randomization enhances generalization, it does so at the cost of greater computational
demand and longer training times [62].

Different methods for performing DR exist, varying in complexity. A study by Valassakis et al. [67]
compares several DR techniques and evaluates their performance after transfer on three different
tasks increasing in complexity. The key takeaway from their work is that no single DR method has
a higher success rate in completing the tasks. A straightforward approach, such as injecting random
disturbances, can achieve performance comparable to more sophisticated strategies like full dynam-
ics parameter randomization or a comparable method of enhancing sim-to-real transfer like improved
SysID. Notably, this simpler method requires considerably less time and engineering effort, making it
a highly practical choice.

While the purpose of DR is to improve the robustness and generalization of learned policies, several
studies show it can be unnecessary or even detrimental. The results of Chen et al. [59] and Molchanov
et al. [68], indicate that policies trained on well-calibrated dynamics using SysID, without any domain
randomization, consistently outperform those trained with DR. They conclude that this is because DR
unnecessarily enlarges the policy search space, making learning more complex and potentially degrad-
ing both simulation and real-world performance. However, when certain dynamics parameters cannot
be reliably identified or calibrated, DR remains a valuable fallback, introducing the variability needed to
train more adaptable and robust policies.

A recent study by Ferede et al. [57] offers a more nuanced view by systematically examining the effect
of varying degrees of DR on policy performance and generalization. Their findings are particularly rele-
vant because they explore not only sim-to-real transfer but also cross-platform generalization in drone
racing. The study shows that performance degrades as the degree of randomization increases, policies
trained with no DR achieved higher rewards and faster flight speeds in simulation than those trained
with DR. However, a small amount of DR proved critical for successful transfer, as policies trained
without any randomization failed to operate on real hardware, while those trained with just 10% model
parameter variation were able to do so effectively. Despite this, a significant sim-to-real performance
gap remained: all policies exhibited considerably lower rewards and flight speeds in real-world testing
compared to their simulated performance, regardless of the randomization level. Importantly, the study
also demonstrates that DR facilitates hardware generalization, a single policy trained with sufficient
randomization could successfully control both 3-inch and 5-inch quadrotor with a small amount of per-
formance losses compared to policies fine-tuned to each platform. These results highlight the delicate
trade-off involved in applying DR: while it is essential for enabling sim-to-real transfer and broadening
policy applicability, excessive randomization can hinder learning efficiency and performance.

While the ability of a single, generalized policy to control multiple drone platforms is impressive, such
generalization may not be ideal for highly competitive tasks like drone racing. In contrast, for aerial-
to-aerial interception for pests, where robustness and ease of deployment may outweigh the need for
absolute peak performance, the trade-off introduced by such generalization could be acceptable.

The study by Ferede et al. unfortunately does not examine the interaction between domain random-
ization and control abstraction levels. Specifically, it remains unclear how DR affects the performance
and transferability of policies operating at the CTBR level with an INDI lower-level controller. This is a
notable gap, especially considering that in their earlier work [22], the performance gain of an end-to-end
policy over a CTBR with INDI controller in the real world was only 0.17 seconds, raising the question of
whether such marginal gains justify the added complexity of end-to-end learning with DR when more
abstracted control might suffice.

An important limitation of standard domain randomization is its inability to adequately capture rare but
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critical variations in task-relevant scenarios. To address this, Chen et al. [38] introduce an environment
adaptation strategy that dynamically perturbs and evolves the initial positions of both the UAV and the
evader throughout training. By actively sampling challenging start configurations rather than relying on
randomization, this method not only improves sample efficiency but also ensures robust performance
on corner-case geometries that naïve DR might miss. Consequently, Chen et al. [38] show that for
tasks with strong initial-condition sensitivity, such adaptive scenario generation can outperform both
uniform DR by targeting the most informative variations.

In conclusion, for MAV-based pest interception, where robustness and transferability may take prece-
dence over peak performance, lightweight domain randomization emerges as a practical and effective
strategy. It offers a good balance between generalization and learning efficiency without incurring the
complexity and training instability of more heavily weighted DR. However, current literature lacks sys-
tematic evaluation of DR’s impact at different control abstraction levels, this provides an interesting
avenue for additional research.

7.4.1. Privileged Reinforcement Learning
Using DR comes at the cost of significantly increased training time and sample complexity. To miti-
gate this computational burden, Pinto et al. [69] introduce an asymmetric actor–critic architecture that
exploits privileged simulator information during training without altering the deployment policy.

In this setup, the actor network receives only the partial, noisy observations available at deployment,
while the critic has access to the full, noise-free simulator state. By decoupling inputs, the critic learns
more accurate value estimates from privileged data, which yields stronger gradient signals to the actor
and accelerates convergence. At deployment, only the lightweight actor is used, relying solely on
realistic observations, so there is no added inference cost. This simple yet powerful modification retains
the robustness benefits of DR while alleviating some of the extra computational overhead.

7.4.2. Adversarial Reinforcement Learning
Adversarial RL (ARL) is similar to the domain randomization in the sense that it aims to induce distur-
bances during training. However instead of relying on fixed or random perturbations, ARL learns an
adversarial policy that actively seeks to challenge the agent, forcing it to develop strategies that are
robust under a wide range of disruptions [62].

An implementation of this idea is proposed by Pinto et al. [70] is Robust ARL (RARL). In RARL a
protagonist and an adversary are defined. The system is modeled as a two-player zero-sum game, with
both the protagonist and adversary observing the shared state and selecting their respective actions
at each timestep. The actions of the adversary correspond to disturbances applied to the system. The
protagonist maximizes the cumulative reward, while the adversary minimizes it.

Training a policy counteracted by an adversary ensures that the resulting policy is exposed to the
worst-case disturbances. A key advantage is that the learned policy has been exposed to disturbances
that are actively chosen to be difficult, contrary to domain randomization which inputs disturbances
randomly. However, Pinto et al. [70] caution that setting the adversary’s influence too high can bias the
training distribution toward near-impossible disturbances, leading to unstable learning or outright failure
to converge. In extreme cases, an overly strong adversary may consistently prevent the protagonist
from making any progress, effectively blocking the policy from ever learning the task. Consequently,
careful tuning of the adversary’s capabilities is essential to balance robustness gains against training
stability.

7.5. Reward Shaping
Reward shaping involves modifying the reward function to guide learning and improve the zero-shot
sim-to-real transferability of learned policies [64]. It has become a widely adopted strategy across
recent work in quadrotor control [57, 59, 51, 25], yet its implementation varies significantly depending
on task and control abstraction.

Two primary forms of reward shaping emerge in the literature. The first is a penalty on the rotational
rates of the multirotor. This is used in both CTBR-level controllers [25] and end-to-end policies [57].
However, the justification for this term remains loosely established in the sources reviewed; it is often
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included without ablation or theoretical backing. The second and more explicitly motivated form of
shaping is a penalty on the difference in action between consecutive time steps, intended to discourage
abrupt control changes. This smoothness shaping is relevant because in simulation training policies
learn to exploit unrealistically aggressive actions. While such behavior performs well in simulation, it
leads to instability or infeasibility when deployed on real hardware [59, 38].

Despite its utility, reward smoothing introduces a notable trade-off. Penalizing abrupt changes in control
commands generally enhances real-world stability but can reduce agility. Chen et al. [59] demonstrate
this trade-off through a systematic study of CTBR policies, testing various smoothness reward formu-
lations. Their results show that the penalty on successive action differences yields the best real-world
performance on a trajectory tracking task.

This trade-off is formalized in the reward function shown in Equation 7.2,

r = rtask + ksmooth · rsmooth (7.2)

where rtask denotes the primary task reward, and rsmooth represents the smoothness penalty term.
The coefficient ksmooth adjusts the influence of the smoothing penalty relative to the task objective.
Since both reward components are normalized to the range [0,1], ksmooth directly defines the relative
importance of smooth control behavior in the learning objective. Choosing an appropriate value for this
coefficient is critical: too high, and the policy becomes overly conservative; too low, and it may adopt
unrealistic, unstable behaviors that fail in the real world.

Chen et al. [59] also explore non-reward-based alternatives for smoothing, such as action clipping and
low-pass filtering. While low-pass filtering enforces smoothness by design, it fails to generalize across
different velocity regimes. Action clipping, meanwhile, limits peak actuator demands but sacrifices
high-speed responsiveness. What the study of Chen et al. [59] finds is that reward-based smooth-
ing via action-level penalties proves more effective than either alternative, particularly for aggressive
trajectories.

Nevertheless, shaping the reward function is not a guaranteed solution for transferability. In some
cases, a policy may still choose large action jumps if the gain in task reward outweighs the shaping
penalty. Thus, while action penalties may encourage smooth behavior, they cannot enforce it. This
opens the door to architectural solutions, such as filtering control outputs during both training and
deployment. However, as Chen et al. [59] note, suchmethods also suffer from generalization limitations
and have been shown to impair performance on high-speed tasks.

Despite extensive empirical use, several gaps remain in the literature. First, the necessity and effec-
tiveness of body rate penalties are not well understood and are applied without justification. Second,
the reward shaping studies, are limited to CTBR-level control. Therefore, how these strategies apply
across different control abstractions remains underexplored. Finally, the interaction between reward
shaping and other sim-to-real strategies, is poorly understood. A more systematic evaluation of reward
shaping’s role in transferability represents an interesting direction for future research.

7.6. Recommendations for Bridging the Reality Gap
The review above highlights that while numerous methods exist to mitigate the reality gap, all come at
the cost of increased learning complexity or computational demand, a fundamental trade-off identified
by Salvato et al. [62]. Despite this, for RL-based MAV control in moth interception scenarios, certain
best practices have emerged that strike a balance between robustness and feasibility.

A practical and effective zero-shot sim-to-real transfer strategy begins with lightweight system identi-
fication. Capturing key MAV dynamics and sensor models while avoiding over-complexity. Although
perfect modeling is unattainable and often impractical in dynamic greenhouse conditions, even coarse
calibration of simulation parameters significantly improves the transferability of learned policies [62].

Once a well-calibrated simulator is established, DR should be applied to capture residual uncertainties
and mismatches in the model. Crucially, this randomization should be light and focused solely on small
variations in parameters [57]. More aggressive randomization strategies can unnecessarily expand
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the policy search space, reducing convergence speed without meaningfully improving robustness, as
cautioned by Salvato et al. [62] and supported by Chen et al. [59]. Moreover, as was determined by
Valassakis et al. [67] for physical parameters, injecting simple random noise is often as effective as
more sophisticated perturbation schemes.

Scenario adaptation emerges as a particularly promising complement to DR. Especially for interception
tasks where success depends heavily on initial geometry, actively varying the start conditions during
training—rather than relying on uniform randomization—results in greater robustness to the full distribu-
tion of encounter configurations [38]. This method has the added benefit of improving sample efficiency
by targeting high-variance edge cases rather than wasting training episodes on uninformative states.
Moreover, to offset the increased training burden introduced by DR, it is beneficial to employ privileged
RL, such as asymmetric actor–critic methods introduced by Pinto et al. [69]. By using full state informa-
tion for the critic during training while keeping the actor reliant on realistic observations, this approach
accelerates learning without adding runtime complexity to the deployed policy.

Lastly, reward shaping through control smoothness penalties may be introduced to prevent unreal-
istic actuator commands observed in simulation-trained policies. This is especially useful on lower-
performance platforms where aggressive actions cause instability or are infeasible in practice [59, 38].
However, this comes at the potential cost of reduced agility—highlighting that the degree of shaping
should be tailored to the capabilities of the target hardware.
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Conclusion

This literature review set out to answer the research question:

Literature Review Research Question

What integrated guidance and control strategies are effective for MAV interception of agile pests,
and what strategies are used to aid transition from simulation to deployment in real-world envi-
ronments?

In pursuit of this goal, chapter 4 established the foundational kinematic framework for MAV-to-pest
interception by deriving equations of motion in a line-of-sight coordinate frame, enabling precise mod-
eling of relative motion and interception geometry. It introduced a taxonomy of pursuit strategies along
with diagnostic cost functions to evaluate controller adherence, especially for complex controllers or
learned policies. Additionally, the chapter defined performance metrics such as time to interception, in-
terception rate, near-miss time, and proximity tracking to assess real-world interception effectiveness.
These tools collectively enable rigorous evaluation of both traditional and learning-based guidance and
control.

Next, chapter 5 investigated the suitability of various PN guidance laws for MAV interception of ag-
ile aerial pests. Classical PN strategies, while computationally efficient and rooted in proven missile
guidance paradigms, were shown to be limited in their responsiveness, re-engagement capability, and
robustness to sensor noise and actuator delay. In contrast, modern adaptations—LPN and FRPN—
offered significant advantages due to their use of relative Cartesian information and independence from
noisy angular measurements. FRPN emerged as the top-performing strategy across diverse scenarios,
exhibiting low time to interception, and resilience to degraded initial conditions. Global modifications
like GRTPN also showed promise by enabling consistent re-engagement via a velocity-convergence
term. Future research should prioritize implementing FRPN and GRTPN in real-world systems, explor-
ing hybrid strategies, and integrating these laws with robust state estimation to mitigate sensing noise
in practical deployments.

Chapter 6 examined the potential of RL as an adaptive alternative to proportional navigation for MAV-
based pest interception. The chapter identified PPO as the most suitable algorithm for single-agent
scenarios, and IPPO for multi-agent setups, balancing performance with implementation simplicity.
Beyond algorithm choice, the chapter emphasized the critical role of design decisions, showing that
leveraging prior knowledge accelerates convergence, while lower control abstraction can unlock higher
performance. Observation design, especially minimal yet structured inputs, was shown to influence
generalization and sim-to-real transfer. These findings highlight RL’s capacity to overcome limitations
of traditional guidance and offer highly adaptable, high-performance interception strategies.

Finally, chapter 7 explored the reality gap, the discrepancy between simulated and real-world perfor-
mance, as a central obstacle to deploying RL-based MAV controllers for pest interception. While tra-
ditional controllers are relatively robust, RL policies are tightly coupled to the fidelity of the training
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environment. To address this, the chapter evaluated a range of sim-to-real transfer strategies, includ-
ing lightweight system identification, domain randomization, privileged learning, and reward shaping.
It was found that modest system identification combined with light domain randomization yields robust
zero-shot transfer without incurring excessive training complexity. Additionally, strategies like envi-
ronment adaptation and asymmetric actor–critic architectures further improve sample efficiency and
policy generalization. Reward smoothing, specifically penalties on abrupt control changes, was shown
to improve real-world stability, though often at the cost of reduced agility.

8.1. Research Objective and Questions
The literature survey shows encouraging advances in both classical PN variants and newer RL schemes
for aerial interception, yet three intertwined weaknesses remain. First, no study has yet produced a
rigorously controlled benchmark that pits state-of-the-art classical guidance directly against modern
RL policies on the same set of agile-evader scenarios, leaving their relative merits unclear. Second,
while many RL papers feature different control-abstraction depth or observation encoding, few isolate
how these design choices actually govern performance. Third, the community still lacks consensus
on which sim-to-real techniques, particularly lightweight domain randomization and action-smoothing
penalties, most effectively close the reality gap for zero-shot deployment on MAVs. Addressing these
gaps motivates an integrated research program that simultaneously benchmarks classical and learning-
based controllers, disentangles key RL design factors, and tests targeted transfer strategies. The
ultimate aim of this thesis is framed by the following research objective,

Research Objective

To enable reliable, pesticide-free elimination of highly maneuverable airborne pests in green-
house environments by developing, benchmarking, and validating both classical and reinforce-
ment learning-based guidance-and-control frameworks for MAVs.

To reach this objective, three targeted research questions are posed. Research Question 1 compares
RL controllers with the current best classical guidance laws on identical, high-agility evader scenarios.
Research Question 2 probes how two key RL design levers, control-abstraction depth and observation
encoding, shape interception performance. Research Question 3 investigates whether domain ran-
domization and action-smoothing penalties can deliver zero-shot sim-to-real transfer for RL policies.
Together, these questions close the literature gaps in benchmarking, RL design understanding, and
reality-gap mitigation, thereby laying the groundwork for a robust benchmark suite and practical design
guidelines for future MAV interception systems.

Research Question 1

How do reinforcement learning-based guidance and control policies for MAV pest interception
compare to state-of-the-art classical controllers in terms of performance across representative
evasion scenarios?

Research Question 2

How do control abstraction level and observation design influence the performance of reinforce-
ment learning-based MAV pest interception policies?

Research Question 3

How do domain randomization and action smoothing influence the zero-shot sim-to-real trans-
ferability of reinforcement learning-based control policies for MAV pest interception?



Part III

Conclusion
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Conclusion

This thesis contributes to the development of the PATS-X system by studying guidance and control
for aerial to aerial interception. An extensive literature review established the necessary background,
distilled applicable insights, and identified gaps where a meaningful contribution could be made. Clas-
sical guidance laws for interception were evaluated to provide a strong reference. The potential of
reinforcement learning was then assessed, and the principal design levers that influence performance
were identified. On this basis, guidance and control methods were developed, tested, and validated
across those design levers and compared against the best classical approach from the literature.

Using the findings from this investigation the research questions are now answered. The research
questions are restated and subsequently answered. Throughout the limitations of the research are
identified and to finalize the report, recommendations for future research are presented.

Research Question 1

How do reinforcement learning-based guidance and control policies for MAV pest interception
compare to state-of-the-art classical controllers in terms of performance across representative
evasion scenarios?

Across replays of recorded insect flights made with the PATS-X system, RL policies outperform the
state-of-the-art controller FRPN in both speed and reliability. The best RL policy achieved a median
first-interception time of 0.85 [IQR 0.76-1.07] s with a 99.1% interception rate, whereas FRPN showed
1.90 [IQR 1.04-2.80] s at 95.6% success. RL also maintained closer proximity during engagements,
indicating more persistent control once on target. On PATS-X the reinforcement learning controller,
deployed through the available acceleration interface with soft frustum constraints, attained a 95.6%
interception rate versus 80.0% for the existing PATS controller and showed a trend toward faster inter-
ceptions.

Research Question 2

How do control abstraction level and observation design influence the performance of reinforce-
ment learning-based MAV pest interception policies?

To answer the second research question, lower abstraction consistently improves RL performance:
median first-interception time drops from 1.44 s (acceleration) to 1.31 s (CTBR) and to 0.85 s (motor), a
≈ 41% reduction from acceleration to motor control. Observation design is decisive; expressing target
relative position and velocity in the body frame [∆pb,∆vb] yields the best performance. An interesting
observation is that adding LOS-rate ϕ̇, the crucial feedback signal for all PN interception laws degraded
performance significantly. Minimal inputs enabling interception are relative position plus relative veloc-
ity; supplying absolute states alone does not suffice. Action history does not help, and short observation
histories act mainly as a noise filter.
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Research Question 3

How do domain randomization and action smoothing influence the zero-shot sim-to-real trans-
ferability of reinforcement learning-based control policies for MAV pest interception?

Motor-level policies trained with 0% DR perform best in simulation but fail to transfer; modest DR 10%
enables zero-shot transfer, while heavier DR progressively degrades performance. Action-difference
penalties materially aid motor-level transfer and safety; reducing command jitter, avoiding motor over-
heating, and yielded the best deployed performance. However, too much smoothing destabilized flight.
CTBR policies transfer across all tested configuration and show no clear benefit from DR nor reward
smoothing.

The main limitations concern evaluation realism, hardware suitability, and experimental repeatability.
Evaluation realism is limited by non-reactive targets. Real pests respond to pursuit; therefore, open-
loop replays can overstate performance. Future work should incorporate reactive evaders throughmulti-
agent RL, like was done in [29]. A consistent limitation faced throughout the investigation was due to
hardware and implementation constraints. The Bebop 2 platform prevented reliable acceleration-level
deployment and hindered motor-level fidelity; this can be addressed by moving to a rigid, agile airframe
with a capable acceleration controller. Finally, to better evaluate methods for crossing the reality gap,
testing on a task with higher repeatability would allow for better identification of trends. Specifically,
the interplay of abstraction, reward smoothing, and domain randomization should be evaluated on an
easily repeatable task with agile flight, such as drone racing.
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A
System Identification

The procedure used for system identification for the Bebop 2 is taken from Ferede et al. [57], which
draws upon the work of Sun et al. [65]. As input the logs of a flight under CTBR guidance is used. The
filtered signals are used to perform a regression to fit the coefficient of each of the respective dynamic
models.

A.1. Motor
For identification we use a reduced end-to-end quadrotor model taken from [57] that exposes only the
parametric maps between commanded motor inputs and rotor speed, rotor speed and specific force,
and rotor speed and body moments.

Motor first–order dynamics and thrust curve. Each rotor speed ωi follows a first–order response
to a steady-state command ω̄ci,

ω̇i =
ω̄ci − ωi
τω

, i ∈ {1, . . . , 4}, (A.1)

with time constant τω > 0. The steady-state speed is a shaped function of the normalized input ui ∈
[0, 1]:

ω̄ci = (ωmax − ωmin)
√
ktu2i + (1− kt)ui + ωmin, (A.2)

where ωmin, ωmax and kt ∈ [0, 1] are identified. See Figure A.1 for parameters fit for the Bebop 2 and
the values used throughout experimentation.

Specific force Let (vBx , vBy ) be the body-frame lateral components of the vehicle velocity. The specific
force F = [Fx, Fy, Fz]

T is parameterized as

F =



−
4∑
i=1

kx v
B
x ωi

−
4∑
i=1

ky v
B
y ωi

−
4∑
i=1

kω ω
2
i


, (A.3)

with planar drag gains kx, ky and thrust coefficient kω to be fitted. See in Figure A.2 the parameters
identified and simulated fit. Note, the fit for the lateral specific force (Fx, Fy) is noticeably weaker than for
the thrust term Fz. This is expected, during our flights the vehicle spends most of its time accelerating
and decelerating along the thrust axis (zB), while lateral body speeds |vBx |, |vBy | remain small.

71



A.2. CTBR/Acceleration 72

Body moments. The angular acceleration surrogateM = [Mx,My,Mz]
T is modeled as

Mx = −kp1ω2
1 − kp2ω

2
2 + kp3ω

2
3 + kp4ω

2
4 , (A.4a)

My = −kq1ω2
1 + kq2ω

2
2 − kq3ω

2
3 + kq4ω

2
4 , (A.4b)

Mz = −kr1ω1 + kr2ω2 + kr3ω3 − kr4ω4

− kr5ω̇1 + kr6ω̇2 + kr7ω̇3 − kr8ω̇4, (A.4c)

where the k· coefficients (including the terms on ω̇i that capture propeller inertial effects) are identified.
See in Figure A.3 the regression performed.

A.2. CTBR/Acceleration
The CTBR abstraction level exposes first–order tracking between commanded and measured body
rates and thrust, and a linear planar drag map in the body frame. Note, the parameters identified here
are also used in the acceleration abstraction level

Actuator first–order dynamics (rates & thrust). We model the body rates and specific thrust as
first–order trackers of their commands:

ẏ =
u− y

τy
, y ∈ {p, q, r, T}, u ∈ {pcmd, qcmd, rcmd, Tcmd}, (A.5)

with per–channel time constants τp, τq, τr, τT > 0 identified from flight logs. Combined fits and simulated
overlays are shown in Figure A.4.

Planar drag. We model the in–plane specific force in body coordinates as[
aBx
aBy

]
=

[
−dx 0
0 −dy

] [
vBx
vBy

]
, (A.6)

and estimate dx, dy by linear regression on filtered signals, discarding samples with |vB· | < vmin. Iden-
tified values and fit quality are summarized in Figure A.5.
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Figure A.1: Motor-speed model identification. A nonlinear static map from input u to steady-state ω̄ combined with a first-order
lag ω̇ = (ω̄ − ω)/τω . Estimated ωmin, ωmax, kt, τω yield simulated speeds that closely track the measurements, as seen

through the simulated responses.
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Figure A.2: Specific-force model fit, thrust and planar drag). Top: vertical thrust az ≈ kω
∑

i ω
2
i . Middle/bottom: in-plane drag

ax ≈ kx vbx
∑

i ωi and ay ≈ ky vby
∑

i ωi. Green curves are model predictions; orange curves are filtered measurements.
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Figure A.3: Angular-moment model fit. Measured derivatives (ṗ, q̇, ṙ) overlaid with a model linear in rotor terms (ω2
i and ω̇i).

The identified gains (kp∗, kq∗, kr∗) reproduce the main features of the rate dynamics as seen through the simulated response.
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Figure A.4: First–order fits for p, q, r, T : measured (blue) against simulated with identified τp, τq , τr, τT (orange).
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Figure A.5: Planar drag identification in the body frame. Velocities filtered to only be included when above a threshold of
0.01m/s. Red shows fitted response against all samples shown in blue.
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