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Abstract

The rapid increase in drone threats has created an urgent need for practical counter-drone systems for
safety and defence purposes. Interceptor drones represent a promising and cost-effective solution for
removing unwanted aerial vehicles. However, classical guidance laws such as Proportional Navigation
(PN) are not well adapted to highly agile targets under realistic perception constraints. In parallel, deep
reinforcement learning (DRL) has demonstrated exceptional performance in high-speed quadcopter control
tasks, motivating its consideration for interception applications. A major challenge for such learning-based
controllers lies in sim-to-real transfer. This work addresses this challenge through extensive domain
randomization and explicit modelling of realistic perception constraints, including sensor noise, limited
field of view, sensing ranges, and sensor update rates. A framework is proposed that trains Single Rotor
Thrust (SRT) DRL policies for quadcopters and evaluates them against a classical PN implementation
within a physics-based simulator. The resulting controllers generalize across platform variations and
outperform classical guidance under modelled perception limitations, demonstrating improved robustness
and transferability.
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Beyond Proportional Navigation:
Deep Reinforcement Learning for Robust Drone
Interception

Maxime Capelle

Abstract—The rapid increase in drone threats has created
an urgent need for practical counter-drone systems for safety
and defence purposes. Interceptor drones represent a promising
and cost-effective solution for removing unwanted aerial vehicles.
However, classical guidance laws such as Proportional Navigation
(PN) are not well adapted to highly agile targets under realistic
perception constraints. In parallel, deep reinforcement learning
(DRL) has demonstrated exceptional performance in high-speed
quadcopter control tasks, motivating its consideration for in-
terception applications. A major challenge for such learning-
based controllers lies in sim-to-real transfer. This work addresses
this challenge through extensive domain randomization and
explicit modelling of realistic perception constraints, including
sensor noise, limited field of view, sensing ranges, and sensor
update rates. A framework is proposed that trains Single Rotor
Thrust (SRT) DRL policies for quadcopters and evaluates them
against a classical PN implementation within a physics-based
simulator. The resulting controllers generalise across platform
variations and outperform classical guidance under modelled
perception limitations, demonstrating improved robustness and
transferability.

I. INTRODUCTION

In recent years, the use of drones has risen in both civil-
ian and military domains[1]. Although these systems have
enabled numerous beneficial applications, their widespread
usage has also introduced new challenges related to defence
and civilian safety. Whether used as weaponised loitering
munitions [2] or operated carelessly near restricted areas such
as airports[3], drones can pose significant risks. Consequently,
there is a growing need for counter-drone technologies that
can remove aerial vehicles from the airspace efficiently and
cost-effectively.

Interceptor drones have emerged as a promising solution
for neutralising such airborne threats autonomously [4]. How-
ever, as targets become increasingly small and agile, tradi-
tional interception guidance techniques such as Proportional
Navigation (PN) struggle to adapt. Several extensions have
been proposed to improve PN performance, but its success
against highly manoeuvrable targets remains limited[5]. Re-
cent developments in quadcopter guidance and control have
highlighted the potential of learning-based controllers[6], [7].
These approaches enable sophisticated decision-making and
precise manoeuvring in highly dynamic flight and under un-
certain conditions [8]. Deep reinforcement learning (DRL) has
emerged as a promising solution for training such controllers,
as demonstrated by recent successes in autonomous drone
racing[9]-[11]. The methods used there can be extended to
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Fig. 1. Overview of the training and deployment pipeline. During training
(top), experiences collected in simulation are used to update the DRL
policy. During deployment (bottom), the policy receives observations from
the perception model and outputs learned control actions.

address the challenges of interception using quadcopters, but
concerns about robustness and transferability from simulation
to reality remain.

In this work, a framework for training robust Single Ro-
tor Thrust (SRT) DRL controllers is presented and applied
to a modelled quadcopter interception scenario. The SRT
architecture replaces the conventional guidance and control
modules with neural networks that directly map observations
to individual motor thrusts. This low-level control allows
the full exploitation of the platform’s actuation capabilities.
The scenario focuses on the final phase of interception,
where guidance and control are the most challenging[12]. The
proposed approach incorporates extensive domain random-
ization[13] and explicitly models key real-world challenges,
including sensor noise, limited update rates, finite sensing
ranges, and restricted fields of view. By combining physically
grounded modelling with large-scale domain randomization,
the framework aims to achieve generalisable policies that
remain effective across varying drones and perception con-
ditions. Figure 1 illustrates the training and deployment loops
with the integrated perception model. The resulting DRL
controllers are evaluated against a classical PN baseline to
assess their robustness, adaptability, and learned interception
strategies under increasingly realistic conditions. The trained
controllers show a high degree of generalisation across dif-
ferent platforms. Their superior performance under modelled
perception constraints highlights their robustness and potential
for real-world transfer.
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II. RELATED WORK

With recent advances in quadcopter guidance and con-
trol, attention has increasingly shifted towards learning-based
planning and control methods[6]. This trend is particularly
prominent in drone racing applications, where recent DRL
controllers have not only surpassed classical model-based
techniques, such as Model Predictive Control (MPC), but
have also outperformed world champion human pilots for the
first time[9], [10]. Classical model-based approaches such as
optimal control and non-linear MPC rely on accurate models
and are computationally demanding, limiting their application
in agile, real-time flight scenarios[14]. Replacing one or
more components of the perception, guidance, and control
pipeline with neural networks has shown clear advantages in
computational efficiency, handling of high-dimensional inputs,
and robustness in dynamic and uncertain environments[8].

With these advances, recent works have explored different
architectures for DRL-based controllers. The most prominent
are those presented in [7]: Linear Commands (LC), Collective
Thrust and Body Rates (CTBR), and Single Rotor Thrusts
(SRT). These approaches differ in the level of control authority
delegated to the neural network. The LC architecture replaces
only the guidance module, with the network outputting mo-
tion vectors such as desired velocity or acceleration. While
conceptually simple, this approach is less common as it is
limited to slow, higher-level planning and still relies on a
full control stack to execute the desired motion. The CTBR
architecture replaces both the guidance module and part of
the controller, operating directly within the inner attitude
control loop. This enables more aggressive manoeuvres and
has been successfully demonstrated in drone racing, where
learned policies outperformed human world champions[9],
[10]. The SRT architecture fully replaces both the guidance
and control modules as it outputs individual thrust commands
for the motors. This design maximises performance poten-
tial by utilising the platform’s full actuation authority and
eliminating intermediate control bottlenecks. Moreover, by
reducing inference latency and increasing module cohesion, it
enables the development of a new generation of effective and
computationally efficient controllers. Although earlier work
highlighted challenges in sim-to-real transfer, utilisation of
Domain Randomization (DR)[13] in drone racing and low-
level control has demonstrated successful direct transfer from
simulation to reality[15]-[17], making SRT a promising di-
rection for future research.

More related to interception applications, recent literature
has begun to explore using DRL-based controllers for in-
terception and penetration strategies with missiles[18], [19],
quadcopters [20], [21] and fixed-wing UAVs[22], [23]. While
these studies demonstrate the potential of DRL for interception
tasks, their primary focus is not on simulation-to-real trans-
ferability. They are generally built on simplified dynamics or
assume full observability, with limited consideration of sens-
ing, actuation, and modelling uncertainties. This motivates the
present work, which aims to bridge this gap by leveraging an
established physically grounded quadcopter model, integrating
a realistic perception pipeline, and extending robustness train-

ing strategies from drone racing to the interception domain.
The main contributions of this work are as follows:

1) Development of a modular training framework that pro-
duces SRT DRL policies for high-speed interception
guidance on quadcopters, emphasising robustness and
sim-to-real transferability.

2) Application of the proposed framework to a physically
and perceptually grounded interception scenario, demon-
strating the effectiveness and robustness of the trained
DRL controller under uncertain conditions.

3) Implementation of a baseline quadcopter Proportional
Navigation controller for comparative evaluation.

The final controllers are evaluated in simulation and as-
sessed in terms of interception rate, interception time, and
transferability when integrated with a more realistic perception
pipeline. This research ultimately aims to advance the prac-
tical deployment of DRL-based controllers for autonomous
interceptor drones. The code for the implementation is openly
available on GitHub'.

III. PRELIMINARIES

This section provides a brief overview of the quadcopter
model used to simulate the drones (Subsec. III-A) and outlines
the problem formulation for the interception task (Subsec.
I1I-B).

A. Quadcopter Model

To develop and test the guidance algorithms in simulation, a
parametric model identical to that presented in [15] was used.
This model was validated on both 3-inch and 5-inch racing
drones. It enables direct transfer from simulation to reality for
high-speed quadcopter guidance. For completeness, the drone
model and dynamics are described below. The quadcopter state
vector x and control inputs u can be defined as:

r = [P7V7717Qaw]Ta u = [u17u27u3au4]T (1)

where p,v € R? are the position and velocity in the inertial
frame, n € R3 is the intrinsic ZYX Euler angle vector, 2 € R3
is the body angular rate vector, and w € R* is the propeller
angular velocity vector. The normalised control inputs are
given by u; € [0,1]. The equations of motion are defined
as follows:

p=v v = ges + R(n)F
=M Q=M )
G = (Wei—w;)

T

Here, R denotes the rotation matrix mapping body-frame
vectors to the inertial frame, and ) represents the transfor-
mation from body angular rates to Euler angle derivatives.
The collective thrust F', the moments M, and the steady-state
motor response w,; are defined as follows:

Uhttps://github.com/maximecapelle/quadintercept_drl
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The authors of [15] obtained the set of k-coefficients, along
with 7, Wmin, and wmax, by performing system identification
on manual flight test data for the 3-inch and 5-inch racing
drones. Additionally, to enable improved transferability be-
tween different platforms, the authors of [15] normalised the
parameters such that they are in more consistent ranges (see
Tab. VIII in App. B).

F=

M = 4)

B. Problem Formulation

Consider an empty 3D environment YW C R? containing
an uncooperative target drone 7" and an interceptor drone I.
The interceptor’s objective is to reach a position within the
interception sphere of radius 7, centred on the target, that is:

lpr — prll2 < 7in, (6)

To account for discrete-time dynamics, the interception con-
dition is expressed in terms of the zero-effort miss (ZEM)
distance, representing the predicted closest approach between
the interceptor and target assuming zero future control input
(see App. A). A successful interception occurs if

ZEM < Tint and th < AtCLl’]' (7)

where ¢y, denotes the time to closest approach and Aty
the controller timestep. This formulation provides a consistent
criterion for identifying interception events in discrete control
settings.

An interception mission typically consists of three sequen-
tial phases: boost, mid-course, and homing, as described in
[12]. The boost phase accelerates the interceptor to operating
speed, the mid-course phase directs it toward the target’s
estimated location, and the homing phase employs onboard
sensors for the final approach. Since the homing stage is
the most critical and demanding in terms of guidance and
control, this work focuses specifically on this final segment.
The interceptor is assumed to have already completed the mid-
course phase using PN guidance with external target tracking
and now operates solely based on onboard sensing for the
terminal approach. In this work, a stereo camera serves as
the primary sensing modality, providing the target’s relative
direction and depth for state estimation.

Given these sensing conditions, the interception task inher-
ently follows a Partially Observable Markov Decision Process
(POMDP)[24], in which the interceptor does not have direct
access to the full underlying system state. Instead, it selects
actions based on observations obtained from onboard sensors,
capturing the partial observability and uncertainty present in
real-world interception scenarios.

Hardware! Sftr

Sensors || Perception |»| Guid

e || Control || Actuators

Fig. 2. Traditional autonomous system pipeline.
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Fig. 3. Geometry of planar engagement[12].

IV. BASELINE GUIDANCE & CONTROL

Traditionally, autonomous systems follow a pipeline, as
illustrated in Fig. 2. Sensors provide raw data to the software
stack, which is typically divided into three modules: Percep-
tion, Guidance, and Control. The Perception module interprets
sensor data and extracts information for Guidance. Guidance
generates a high-level plan for the system’s desired actions,
while Control translates this plan into actuator commands.

To establish a baseline for guidance and control, a classical
approach was implemented in this work. For interception
tasks, a widely used strategy in the literature is Proportional
Navigation (PN), a simple yet effective guidance law for
homing in on a moving target. PN is primarily applied in
missile systems, whose dynamics, actuation capabilities, and
high-accuracy sensors complement the guidance law. However,
the law can also be applied to quadcopters for intercepting
moving targets. In this implementation, the PN guidance
module first computes the desired linear accelerations for the
interceptor. These acceleration commands are then passed to
a controller, which converts them into actuator inputs suitable
for the quadcopter platform.

In the following, Subsec. IV-A describes Proportional Nav-
igation and how it is implemented in the guidance module,
followed by Subsec. IV-B which provides an overview of the
implemented cascaded PID controller.

A. Proportional Navigation Guidance

Proportional Navigation (PN) is a widely used guidance
principle in modern missile systems[12]. A common PN
engagement is illustrated in Fig. 3 to define the relevant geom-
etry. The LOS vector is denoted by r, with LOS angle A. The
interceptor and target velocities are v; and vp, respectively.
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The angles between the LOS and the corresponding velocity
vectors are § (interceptor) and 6 (target). To achieve inter-
ception, PN generates acceleration commands that maintain a
zero angular rate of the LOS vector. For PN convergence, the
initial velocities must satisfy the following closing condition:

r <0 with 7=vprcosfd —vrcosd (8)

Equation 8 ensures that the interceptor is initially approaching
the target. Furthermore, the initial interceptor velocity should
also lie within the collision triangle defined by the target
velocity and LOS (see Fig. 3). Within this region, the PN
guidance law produces lateral accelerations that steer the
interceptor toward collision with the target. The general PN
guidance law produces linear accelerations apy as follows:

apy = N - v, - A(t) )

In Eq. 9[12], N is the navigation constant that scales the
proportionality of the LOS rate to the corrective acceleration
and v, is the closing velocity that can be defined as the velocity
along r (i.e., v. = —||7||). While PN guidance generates the
lateral acceleration commands required to achieve collision,
it does not impose constraints on the time to intercept. As a
result, PN may produce trajectories with insufficient closing
velocity or with unnecessarily long interception times. To ad-
dress this limitation, a complementary closing acceleration P-
controller was implemented. It utilises the remaining acceler-
ation budget, after the PN command, to generate accelerations
along the LOS vector. This maintains a minimum desired
closing velocity, thereby encouraging faster and more effective
interceptions.

B. Cascaded PID Control

To convert the accelerations provided by the guidance
module into motor commands, a cascaded PID controller is
employed. The overall structure of this controller is illustrated
in Fig. 4. The controller is setup as a cascade, with an inner
and outer loop. The outer loop runs at 100 Hz and maps the
commanded accelerations appy into a desired thrust 7,; and
attitude 71),;. The inner loop, running at 500 Hz, first computes
the desired body rates €2, using a proportional controller. A
PID controller then determines the desired angular accelera-
tions a4 from the rates. Finally, 7;; and g are combined in
the motor mixing algorithm to generate the desired propeller
angular velocities w, . For this controller, a total of 12 gains
were manually tuned: three proportional gains for the rate
controller, and three sets of PID gains for each rotational
axis. The presented cascaded structure is standard in multirotor
control [25]-[27].

V. METHODOLOGY

This section outlines the overall architecture of the au-
tonomous interceptor pipeline depicted in Fig. 1, and describes
the training strategies adopted to ensure controller robustness.
The goal of this work is to provide a comprehensive and
reproducible framework for applying DRL to an autonomous
interception scenario. Subsection V-A introduces the simulated

onboard perception module and the modelling assumptions
associated with it. Subsection V-B defines the reinforcement
learning formulation, detailing the action space, observation
space, and reward function. Subsection V-C presents the
training methods used to enhance robustness to modelling un-
certainties and to improve simulation-to-reality transferability.
Finally, Subsec. V-D describes the selected DRL algorithm
and the key hyperparameter choices.

A. Perception

Although perception is not the main focus of this work,
establishing a realistic interception scenario requires defining
the expected format and quality of the state information. This
definition ensures that the perception process can be accurately
represented in simulation. In this work, the interceptor is
equipped with an upward-facing depth camera aligned with
the vehicle’s vertical axis. This follows standard setups for
modern interceptor drones that are expected to perform high
pitch and roll manoeuvres. Furthermore, detecting the target
in the camera images typically involves computer vision or
machine learning techniques. This aspect is beyond the scope
of this work, and it is therefore assumed that the target can
always be detected within the image at the same frame rate
as the depth information, provided it remains within the field
of view (FOV). The following subsections describe the depth-
camera modelling assumptions and the filtering methods used
to obtain stable target state estimates.

Depth Camera Model

To establish a representative performance profile of the
depth camera, this work relies on the technical specifications
of the commercially available StereoLabs ZED2i[28]. It also
incorporates the empirical depth error models proposed in
[29]. The ZED2i is offered with two lens configurations, a
2.1mm wide-angle lens optimised for short-range operation,
and a 4.0mm lens optimised for long-range operation at the
cost of a reduced FOV. The key technical specifications for
the different focal lengths are summarised in Tab. I.

TABLE I
TECHNICAL SPECIFICATIONS OF THE STEREOLABS ZED2I CAMERA.
LENS SPECS AND RESOLUTION/FPS ARE PRESENTED SEPARATELY.

Lens Min Depth [m] | Max Depth [m] | FOV [H x V x DJ°
2.1 mm 0.3 20 110 x 70 x 120
4.0 mm 1.5 35 72 x 44 x 81

Resolution [px] | Max FPS
2208 x 1242 15
1920 x 1080 30
1280 x 720 60
672 x 376 100

The tables highlight how lens choice affects sensing range
and FOV, and how camera resolution influences the maximum
frames per second (FPS). Here, H, V, and D denote the
horizontal, vertical, and diagonal opening angles of the
FOV, respectively. To simplify the camera model and reduce
computation, five modelling assumptions have been made,
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Fig. 4. Cascaded PID controller converting commanded linear accelerations ap into desired propeller angular velocities wg.

denoted by the identifier D.

Assumption D1. The parametric depth error model obtained
for one focal length can be scaled by a factor sy to generate
a corresponding model for a different focal length.

The parametric depth error model for the 2.1, mm lens,
reported in [29], is given in Eq. 10, with the coefficients a
and b for each resolution listed in Tab. II.

f(Z)=a-ée? (10)

Here, f(Z) denotes the root mean square (RMS) error at depth
Z. Since the study in [29] provides coefficients only for the
short-range lens, equivalent values for the long-range lens were
extrapolated. This was done by applying a focal length scaling
factor sy, based on the inverse proportionality between depth
error o, and focal length[30].

Js 1
Sf:ﬁ O'ZO(?

Here, fs and f; denote the focal lengths of short- and long-
range lenses, respectively. The coefficients are adjusted to
preserve the RMS error magnitude at the respective minimum
and maximum depths of the lens, resulting in the long-range
lens coefficients shown in Tab. II.

(1D

TABLE II
THE STEREO CAMERA ERROR COEFFICIENTS FOR THE DIFFERENT
RESOLUTIONS. FOCAL LENGTH 2.1MM VALUES OBTAINED FROM [29].
FOCAL LENGTH 4.0MM EXTRAPOLATED FROM 2.1 MM COEFFICIENTS.

Resolution [px] Coeff. fs Coeff. f;
2208 x 1242 1==069]1784(.)65 ab==0§(l)3ié6
1920 x 1080 1106921201‘? 120(5920251557
1280 x 720 110(;921185'60 110(592019(?66
672376 | 57 0o | be 02986

Assumption D2. The measurement noise of the depth sensor
is assumed to be Gaussian with zero mean and a standard

deviation given by the RMS error predicted by the parametric
model:
Z =7 +¢e,

e~ N(0,0(2)?), (12)

where Z is the observed depth and (Z) is depth-dependent.

Works such as [31] note that depth camera noise is
not strictly Gaussian and may be better modelled using a
Student’s t-distribution[32]. For simplicity, this paper still
adopts the Gaussian assumption. However, if a more accurate
representation is required, the framework allows for modular
adaptation of the sensor model.

Assumption D3. The minimum measurable depth of both
lenses is ignored and treated as zero.

This simplification reduces the model complexity despite
introducing a deviation from the true camera behaviour.

Assumption D4. The effective depth sensing range, beyond
which invalid (NaN) values are generated, is assumed to scale
proportionally with the focal length in the same manner as the
parametric error model.

The authors of [29] reported that, for the short-range
lens at all resolutions, NaN values began to appear at
ranges exceeding 15m. This distance is therefore defined as
the effective depth sensing range in this work. To remain
consistent with Assumption D1, the corresponding range
for the long-range lens is obtained by scaling with the
factor sy defined in Eq. 11, giving an approximate range
of 28.5m. Since this value does not represent a hard limit
of the camera, the effective range is modelled as a normal
distribution centred at 28.5 m with a standard deviation of 1 m.

Assumption D5. The FOV is approximated as circular with a
uniform opening angle equal to the diagonal (D) FOV, instead
of the true rectangular shape defined by horizontal and vertical
angles.

This assumption reduces geometric complexity at the cost
of overestimating FOV coverage.

To summarise, with Assumptions D1-D5, the depth camera is
modelled in a simplified yet physically grounded manner, with
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parameters derived from real specifications. Integrating this
model into the interception pipeline captures four key real-
world perception effects: sensor noise, sensing update rates,
finite sensing range, and restricted field of view.

Kalman Filter — Constant Acceleration

To complete the perception pipeline, a filter is applied to
smooth the noisy sensor data. Since the filter must perform
uncooperative tracking without access to the target’s control
inputs, a target manoeuvre model must be assumed. Any
sensor noise or deviation from the expected target motion is
then treated as process noise. For this purpose, a standard Con-
stant Acceleration (CA) Kalman Filter (KF) is employed to
model and estimate the target trajectories. The CA model can
represent stationary, constant velocity, and constant accelera-
tion trajectories, making it suitable for general uncooperative
motion estimation.

The CA dynamic model[33] can be described by the fol-
lowing expressions.

I AtI AT
z=[p,v,al, F=|0 I °“AtI
0 0 I
(13)
a2 0 0
H=[ 0 0, R=L

0 o, O } L”
0 0 Ufat

The CA dynamic model is described by the state vector
x, where p,v,a € R3 represent the estimated position,
velocity, and acceleration of the target. The state transition
matrix F captures constant acceleration motion, with I and
0 denoting the three-dimensional identity and null matrices.
The observation matrix H indicates that the KF receives only
position measurements. The measurement noise covariance R
is initially defined in the sensor’s line-of-sight frame, where
o, represents depth uncertainty along the viewing axis and
o1 the lateral uncertainties orthogonal to it. The rotation
matrix L transforms R into the world frame, ensuring the KF
correctly interprets the depth and lateral uncertainties relative
to the global coordinate system. The process noise covariance
matrix Q is derived under the assumption that deviations of
the target’s acceleration from the constant-acceleration model
can be modelled as continuous-time white noise (see [33] for
a full derivation):

1 1 R
G AT TAHT L ALT
— 1 3 1
Q=q | ;AT AT AT (14)
SABT JAPT At

Here, At is the timestep size and ¢ is a scalar tuning parameter.

B. RL Formulation

To train a DRL controller, the inputs, outputs, and objective
function must be clearly defined. The following subsections
describe these components in detail, defining the action
space, observation design, and reward function that together
characterise the learning setup.

Action Space

Following the traditional autonomous pipeline shown in Fig.
2, learning-based controllers replace one or more modules
with a neural network. In this work, the SRT architecture is
proposed, where both the guidance and control modules are
replaced by a single network that directly generates motor
commands for each rotor. This removes all intermediate con-
trol layers, enabling full exploitation of the drone’s actuation
authority and eliminating intermediate bottlenecks. While sim-
to-real transfer has historically been challenging, recent results
[15]-[17] show that SRT can achieve robust real-world per-
formance, motivating its adoption in this study. The proposed
pipeline is illustrated in Fig. 5.

Hardware! So ftware

I Sensors |-+| Perception

Fig. 5. Proposed interceptor pipeline with Single Rotor Thrust (SRT) neural
controller.

Here the neural network outputs four normalised motor com-
mands u; € [—1,1].

Observation Design

Since the interception task is formulated as a partially
observable Markov decision process (POMDP), the structure
of the observation vector depends on the sensing conditions
defined in the scenario. Under ideal conditions, the base
observation vector is defined as a 26-dimensional vector 0O;geal.
All body-frame quantities are expressed in the interceptor’s
body frame, indicated by a superscript b.

b b b b b
Oideal = [I‘ ; d7 vy, Vp, dr, 917 Wr, Ut—1, tk] (15)

where:

o #* € R? — unit LOS vector from interceptor to target in

the body frame
e d € R — distance to the target
e vi vh € R3 — velocities of the interceptor and target in
the body frame

o q; € R* — attitude quaternion of the interceptor

. Ql} € R3? — body angular rates of the interceptor

o wY € R* — propeller angular velocities

o uj_; € R* — control inputs from previous timestep

e t; € R — time elapsed since the start of the engagement
Alongside the essential state information of the interceptor
and target, the previous actions ui_; and the elapsed time
t, are appended to the observation vector. Including the
previous actions provides direct access to the recent motor
commands, which enables smoother control behaviour and
complements the reward penalties on high action variation.
Similarly, appending the elapsed time places a timestamp on
the received input, enabling the network to infer the time-based
relationships from the observations.

Ideal conditions assume perfect state estimation and that
target information is externally provided with no error at
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each control timestep. As the modelled perception module is
introduced in training for more realistic target tracking, the
observation vector is extended to a 34-dimensional vector,
Oreal-

2 2
Orecal = [oidealv apos7 O els tKF7 df ] (1 6)

where 02,02, € R? denote the position and velocity vari-
ance estimates from the KF, txr € R is the time elapsed since
the last KF update, and d € {0, 1} is an integer flag indicating
whether the depth measurements are available. Adding these
additional variables to the observation vector enables the drone
to understand the KF confidence and interpret the lack of
depth information when out of range. Finally, to incorporate
temporal information, frame stacking of size ngp,cx is applied.
This means that the current observation vector is provided
together with the vectors from the previous ng,cx —1 timesteps,
resulting in a flattened observation of size Ogjze X Nstack- In this
work, a stack size of ng,x = 3 was used to provide temporal
context without overwhelming the network with inputs.

Reward Design

The network was trained using the following reward func-
tion:

+ (tmax — tk), if intercepted,
i,y
Tk = Q= 2 (max — k), if failed, (17)
+ cqraist — capPo — CuPu, Otherwise,

Here, t,ax denotes the maximum number of timesteps per
episode, ty is the current timestep, dg,, is the distance at that
timestep clipped to the maximum miss value, and 7, is the
interception radius. The clipped distance dy,;, ensures that the
failure penalty scales with the miss distance whilst remaining
bounded. The progressive distance reward 74;5; is defined as

follows:

di—1 —dy
Tdist = tanh ( s de =|[pr—p1l| (18)
'Uclsafe : Atctrl
where v, is a parameter used to set a “safe” closing

velocity that is used to normalise the change in distance. The
hyperbolic tangent ensures smooth normalisation past v, ;.
but gives decreasing marginal gains for exceeding it. This
distance reward is invariant to range, as it rewards the change
in distance and enables user tuning of the pursuit intensity. The
rate penalty po and action smoothness penalty p, are given
by the following expressions:

3 2
Z min €] 1
=1 Qo ’

pa =
p (19)
Pu=1¢ Z Au7
where (2, defines the point at which the maximum penalty

for rotational rates is applied, which helps penalise high rates
earlier. The scaling coefficients ¢4, cq and ¢, weight the
respective reward components.

In Eq. 17, the interception and failure terms provide large,
sparse signals defining the episode outcome, with any non-
interception termination classified as failure. The dense terms
are deliberately simple to avoid biasing the interception strat-
egy, while the penalties discourage valid but undesirable be-
haviours. Excessive shaping of the reward function is avoided,
since overlapping objectives can lead to unclear learning
signals and reduce interpretability. Additionally, the reward
function is scaled such that the maximum achievable return in
an episode always equals t,,.x. Dense rewards are bounded
to 1, and a successful interception grants a constant reward of
1 for all remaining timesteps, effectively encouraging earlier
interception with maximum return. This structure enables more
interpretable reward shaping and allows more intuitive tuning
of the training objective.

C. Training for Robustness

Domain Randomization (DR)[13] is a widely used tech-
nique to improve robustness and generalisation during train-
ing. By exposing the agent to variability in the environment
and system parameters, DR encourages the learned policy
to achieve the task objective whilst still generalising to a
range of conditions. It can and should be applied to every
aspect of the environment where uncertainty or variability
is expected. Introducing such randomization is crucial for
transferring policies from simulation to reality, as it accounts
for inevitable discrepancies between the two domains. The fol-
lowing subsection details the randomization strategies applied
to the drone platform, depth camera, initial conditions, and
control frequency.

Drone Platform

The randomization strategy for the drone platform utilises
the concepts and parameters presented in [15]. Based on real-
world manual flight test data, the model parameters of 3-inch
and 5-inch racing drones were obtained and normalised using
the maximum propeller speeds wm,x. From these normalised
parameters, the following randomization policies were defined:

o General Policy: A policy with a wide range of random-
ization that spans both the 3-inch and 5-inch domains.
This produces a robust solution that generalises well
to differences in scale and dynamics. The normalised
parameter ranges are reported in Tab. IX.

o Finetuned Policy: A policy that utilises the true platform
parameters with controlled randomization around the
nominal values. The randomization levels, discussed in
[15], are fixed at [0, 10,20, 30]% of the nominal values,
enabling analysis of the robustness—performance tradeoff.

While [15] introduced the concepts of General and Finetuned
policies primarily for comparative evaluation, in this work they
are applied sequentially. The General Policy is first trained
to provide a broad, robust understanding of drone dynamics
and control across platforms. The Finetuned Policy is then
initialised from this base and specialised to the true platform
parameters. This ensures that all policies are grounded in
the same generalised representation of the drones before
specialising to their platform-specific dynamics.



MSC THESIS, COGNITIVE ROBOTICS, DELFT UNIVERSITY OF TECHNOLOGY, 2025 8

Depth Camera

To account for uncertainty in the depth camera, particularly
in the true error parameters and the effective sensing range,
a +10% randomization is applied to the a coefficient in Tab.
II, as well as the sensing range discussed in assumption D4.
During training, the KF continues to use the nominal estimated
coefficients, thereby modelling the expected discrepancy be-
tween the assumed sensor characteristics and the true errors.
This approach effectively incorporates sensor variability into
the framework, promoting policy robustness to various levels
of measurement noise and sensing ranges.

Initial Conditions

Variability in initial conditions is crucial for policy gen-
eralisation and for ensuring robustness to both nominal and
edge cases. Assuming the mid-course of the interception is
executed using PN, the initial relative positions and velocities
are randomly sampled from feasible PN conditions. Matching
the initial conditions to valid PN states ensures a seamless
transition to the homing phase when the DRL policy takes
control in real applications. Defining and sampling valid
PN initial conditions is rarely discussed in the literature, as
most treatments focus on the guidance law itself rather than
on the feasible set of interceptor velocities. For clarity and
reproducibility, a detailed description of the approach used to
sample valid PN conditions is provided in App. C.

To define realistic approaches, the interceptor position is
uniformly sampled from a hemispherical shell beneath the
target, with inner and outer radii of 25m and 35m, respec-
tively. Sampling is performed using the standard technique
for uniform sampling in a spherical volume, ensuring uniform
density[34]. The above starting range is chosen to cover
the transition from distances where depth measurements are
unavailable, past the depth sensing range of 28.5m, to dis-
tances where depth outputs are available. By training the
DRL policy across this initial distance range, the agent learns
to handle the complex transition in sensing conditions. This
further demonstrates the potential of DRL under changing
sensory inputs, where traditional methods may struggle. The
initial interceptor attitude is randomly interpolated between the
upward direction and its velocity vector, introducing variability
in the initial flight orientation. The initial body rates are
sampled as Q5 ~ U(—0.2,0.2) and the normalised propeller
speeds as w ~ U(—0.5,0.5), adding small random variations
in both rotation and thrust.

Control Frequency

To improve robustness to timing mismatches between sim-
ulation and real hardware, the control frequency was random-
ized within £10% of the nominal value during training. This
prevents the policy from exploiting fixed timing assumptions
and justifies the inclusion of the elapsed time ¢j; in the
observation vector.

D. RL Algorithm

For training the network, Proximal Policy Optimization
(PPO)[35] was chosen due to its rapid learning and efficient

parallelism. The specific choice of algorithm is not the focus of
this work and PPO is employed primarily to demonstrate the
proposed DRL framework and its ability to surpass classical
approaches. To emphasise this, the implementation uses the
Stable-Baselines3[36] library in Python with mostly default
arguments”, illustrating that minimal hyperparameter tuning
is required but can be done to tailor performance. The only
algorithm parameters changed were the network architecture,
the PPO clip range € and the discount factor +.

o Network Architecture: Prior work in drone racing and
low-level control commonly employs networks of 2-3
hidden layers with 64 neurons each[15], [16]. In con-
trast, the presented interception task involves a larger
observation space and higher task complexity. The agent
must reason over both pursuit dynamics and uncertainty
in the environment. To provide sufficient representational
capacity for these requirements, a larger network of 3
layers of 512 neurons was used.

« Clip Range e: Since PPO can be susceptible to instability
during training, the default clip range of 0.2 was reduced
to 0.05, constraining policy updates to at most 5% change
per step. This adjustment significantly improved training
stability without noticeably slowing convergence.

o Discount Factor +: The discount factor determines how
future rewards are valued relative to immediate ones.
A value close to 0 yields short-sighted, greedy poli-
cies, while values approaching 1 encourage long-term
planning[37]. The default PPO setting of v = 0.99
implies that a reward received 100 steps in the future
is weighted as 37% of its original value. To increase the
agent’s planning horizon, 7 is raised to 0.999, for which
the 100 step weighting remains 90%. This enables a
longer planning horizon and should lead to more effective
interceptions.

VI. SIMULATION SETUP

This section describes the implemented simulation frame-
work (Subsec. VI-A), the defined interception episode (Subsec.
VI-B), and the training curriculum (Subsec. VI-C) employed
to enable effective learning under the final interception condi-
tions. The presented implementations are openly available on
GitHub'.

A. Simulation Framework

A custom vectorised environment was developed based on
the quadcopter model and dynamics described in Sec. III,
enabling the parallel simulation of over 1000 drones. All
environments and their corresponding states are batched into
large arrays, allowing efficient vectorised operations using
NumPy[38]. Computationally intensive components, including
physics propagation, KF updates, and reward computations,
were further accelerated by compiling them with JAX[39]
and Numbal40], significantly reducing the overall training
time. The simulation control frequency was set to vary around
100 Hz, with the physics frequency defined as twice the control

Zhttps://stable-baselines3.readthedocs.io/en/master/modules/ppo.html
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frequency (two physics steps per control step), balancing
computational load and simulator fidelity. This configuration
can easily be adjusted depending on available computational
resources.

The framework was inspired by the Pybullet Drones[41]
repository and the methods utilised in [15]. Combining these
approaches created a unique, fully vectorised drone simulation
platform tailored for large-scale DRL training for interception
tasks.

B. Interception Episode

Each training episode involves one interceptor drone and
one target drone. The interceptor begins with the initial con-
ditions described in Subsec. V-C and has a maximum of 10
seconds to achieve a valid interception, as defined in Subsec.
III-B. Episodes are terminated early if any of the following
conditions are met: an interception is achieved (rj; = 0.3m),
the drone exceeds the environment boundaries, the body-rate
limits are exceeded (30rad/s), or a miss occurs. A miss is
defined as entering a sphere of radius 2m around the target
while having an increasing distance. This forces commitment
from the drone in the final 2m. The radius of the miss sphere
can be tuned to force the interceptor to commit earlier or later,
controlling how much freedom the agent has before finalising
the interception.

For each episode, the interceptor is randomly faced with
one of three target motion profiles: stationary, constant veloc-
ity (CV), or constant acceleration (CA). The corresponding
motion bounds are listed in Tab. III.

TABLE III
TARGET TRAJECTORY PARAMETER BOUNDS.

Trajectory | Horizontal Max | Vertical Max | Total Max
CV (m/s) 19 6 27.5
CA (m/s™2) 35 1.5 52

The horizontal velocity or acceleration components in the z
and y directions are sampled independently within the listed
bounds. Consequently, the reported total represents the L2-
norm of the horizontal and vertical components combined.
For CA trajectories, velocities are sampled using the same
initial velocity limits as the CV case and then constrained
such that the resulting velocity does not exceed the predefined
maximum. Thus, although the profile is labelled “constant
acceleration,” it must be bounded to allow meaningful accel-
eration without permitting unrealistic speeds.

C. Curriculum Learning

The interception task is inherently complex, and exposing
an untrained neural network directly to the full difficulty over-
whelms the learning process. This makes it nearly impossible
for the agent to acquire meaningful behaviour. To address
this, Curriculum Learning[42] is used, where the agent is
first exposed to simpler versions of the task before gradually
progressing to harder ones. By building on experience from
earlier stages, the agent can learn more effectively in the
subsequent ones. The proposed curriculum consists of 11

consecutive stages, which can be grouped into three main
phases:

o LearnToFly: The first four stages feature a slow-moving
target while the interceptor’s initial attitude, body rates,
and propeller speeds are highly randomized. This encour-
ages the agent to first master platform dynamics and low-
speed control. Across levels, the initial distance to the
target is increased and then misses are introduced. This
phase is trained using the General Policy introduced in
Subsec. V-C.

o TargetSpeedUp: The following six stages gradually in-
crease the target speed from an initial limit of 7m/s
to 27.5m/s. Dividing this range over multiple stages
enables smoother policy learning. Greater weight is as-
signed to sampling CV and CA trajectories, as these
require additional training focus. Training in this phase is
performed using the Finetuned Policy, transferring from
what was learned from the previous phase.

« Finetuning: The final stage exposes the agent to the full
task complexity. Most of the total training occurs here.
The Finetuned Policy is used throughout this phase.

Overall, training is limited to 1 billion timesteps, approxi-
mately 3000 simulation hours, and progression to the next
stage only occurs once the predefined interception success rate
is met. The final stage continues until the timestep budget is
exhausted. While extending training beyond 1 billion timesteps
yields further improvements, the limit was imposed to ensure
computational feasibility and fair comparison.

VII. RESULTS

In the following section, the quantitative results obtained
from training using the presented methodology are sum-
marised. First, a baseline comparison between the two con-
troller types is presented under ideal conditions to isolate
any effects of environmental uncertainty. Next, under similar
conditions, the controllers’ transferability is evaluated when
trained with different levels of platform randomization. Fi-
nally, the performance of both controllers with the integrated
perception module is assessed.

Note that, due to the stochastic nature of reinforcement
learning training, minor deviations between results are ex-
pected. The obtained results should be interpreted as statistical
tendencies rather than deterministic outcomes. All results are
generated on the same set of 1000 randomized environments
for fair comparison. As each episode is limited to a maximum
of 10 seconds, the highest achievable reward in the episode is
1000. Lower rewards indicate lower interception rates, longer
interception times or higher cumulative penalties due to less
desirable behaviour.

A. Baseline Ideal Conditions

To evaluate the capabilities of both the classical PN and
learned DRL controllers, the systems are first trained and
tested under ideal conditions. This setup assumes perfect state
information without sensor noise, perception uncertainty, or
FOV limitations, effectively simulating an external motion
capture system. Under these conditions, PN guidance operates
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near optimally, as it can precisely follow geometrically ideal
interception approaches.

The PN controller benefits from a high-frequency 500 Hz
inner attitude loop and an exact motor mixing model based on
true drone parameters. This enables precise execution of its
commanded accelerations. In contrast, the SRT DRL policy
directly outputs the learned motor commands at 100 Hz,
making it inherently more challenging to achieve the same
level of control precision. The results are presented in Tab.
V.

TABLE IV
CONTROLLER PERFORMANCE COMPARISON UNDER IDEAL CONDITIONS.

Model | Rate (%) | Length (s) | Reward (-) | RVC (-) | Angle (°)
PN 99.6 1.53 973 -0.950 57.8
DRL 99.4 2.18 940 -0.898 39.1

Here, RV C denotes the Range—Vector Correlation, a metric
that quantifies how well the trajectory aligns with the geomet-
ric approach utilised in PN guidance:
T * Urel

|7 vrel

RVC =

(20)

where r is the relative position vector and v the relative
velocity vector between interceptor and target. The inter-
ception angle represents the relative orientation between the
interceptor and target velocity vectors at interception, with 0°
indicating pursuit motion and 180° a head-on approach.

Although both controllers achieve nearly identical inter-
ception rates, their average rewards differ due to variations
in interception time and the extent to which each trajectory
minimises the penalty terms defined in Subsec. V-B. Table
IV shows that the DRL controller performs the interception
noticeably slower and deviates more from the geometric PN
approach. This behaviour is further illustrated in Fig. 6,
where the DRL controller adopts a less orthogonal trajectory,
approaching the target more from behind, indicative of a more
conservative interception strategy.

B. Transferability under Ideal Conditions

To evaluate the effectiveness of different levels of DR in
the drone platform, the models are first tested under ideal
conditions. This isolates the influence of DR from perception
noise and environmental uncertainty, allowing a clear assess-
ment of how increasing variability during training affects both
performance and transferability. The levels of DR tested were
+]0, 10, 20, 30]% around the nominal parameters of the 3-inch
racer. Although the controllers were trained with DR, their
final performance was assessed on the nominal 3-inch and
5-inch platforms without randomization to enable a fair and
consistent comparison. The 3-inch drone serves as the Training
Platform, demonstrating the controller’s performance under
familiar configurations, while the 5-inch drone represents the
Transfer Platform, highlighting the controller’s robustness and
generalisation capability to a platform with different dynamics.
The corresponding results are presented in Tab. V. The PN
controller is omitted in this analysis, as its parameters can be

—— Target
—— DRL
— PN

L—105
r—100

10
15 -10
Tlmyp o 0 25 0 18

Fig. 6. Interception engagement of PN (green) and DRL (red) controllers
on constant velocity Target (blue). The start and end of the trajectories are
illustrated with a circle and triangle, respectively.

TABLE V
TRANSFERABILITY PERFORMANCE UNDER IDEAL CONDITIONS FOR
3-INCH (TRAINING) AND 5-INCH (TRANSFER) DRONES.

3-inch (Training Platform)
Model Rate (%) | Length (s) | Reward (-) | Angle (°)
DR0% 99.4 2.18 940 39.1
DR10% 99.6 2.12 941 37.6
DR20% 99.9 2.33 938 29.9
DR30% 100.0 2.63 918 29.6
5-inch (Transfer Platform)
DR0% 38.4 1.99 -474 34.7
DR10% 83.7 1.94 599 38.2
DR20% 97.0 2.20 873 30.6
DR30% 99.6 2.58 910 31.0

explicitly retuned for each platform, unlike the learning-based
controllers whose transferability must emerge from training.
From Tab.V, clear trends emerge between the level of DR and
the resulting performance and transferability. On the Training
Platform, higher DR levels achieve slightly higher intercep-
tion rates but at the cost of longer and more conservative
trajectories, as reflected in the lower average interception
times and reward values. This behaviour results from the
controller learning to generalise across a broader range of
platforms, which limits its ability to fully exploit the actuator
capabilities of the drone. The benefit of this generalisation
becomes evident on the Transfer Platform, where performance
improves substantially with higher DR levels, reaching near-
equal results across both platforms when +30% DR is applied
during training.

In Fig. 7, the trajectories of the different controllers in an
identical interception scenario are shown. A clear trend of
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Fig. 7. Interception engagements of controllers trained with different domain
randomization (DR) levels on the nominal 3-inch drone platform.

increasingly cautious interception behaviour is evident. Higher
levels of DR lead to lower average interception angles and
more gradual, controlled approaches. These results validate the
effectiveness of DR in enabling robust interception behaviour
across platforms with different dynamic characteristics. It
confirms that the learned policy captures a generalised control
strategy rather than overfitting to a single platform.

C. Integrated Perception Module

In real interception scenarios, the perception pipeline is
far from ideal, and controllers must operate effectively under
realistic sensing constraints. To assess this, the DRL controller
was trained with the modelled perception module in the loop.
This enables evaluation of its ability to learn and act under
uncertain and imperfect perception. The perception model and
its assumptions are defined in Subsec. V-A.

The modelled stereo camera is available in multiple resolu-
tions that trade-off depth accuracy against maximum FPS. To
study this trade-off, DRL controllers were trained at different
camera resolutions to evaluate the effect of sensing accuracy
and frame rate on robustness and interception performance.
For this experiment, the long-range lens was used, correspond-
ing to a FOV of 81° and the f; coefficients in Tab. II. For
comparison, the classical PN controller was also evaluated
using the same perception models. The results are summarised
in Tab. VL.

In Tab. VI, the FOV metric denotes the percentage of the
episode in which the target is within the interceptor’s field
of view. This metric highlights the trade-off each controller
performs between keeping sight of the target and effectively
approaching the target. The DRL controller maintains inter-
ception rates above 95% for all resolutions, while PN drops
from 65% to 45% as resolution increases and the frame rate
decreases. As illustrated in Fig. 8, the DRL controllers operat-

TABLE VI
PERFORMANCE OF PN AND DRL CONTROLLERS UNDER THE FULL
PERCEPTION MODEL FOR DIFFERENT STEREO CAMERA RESOLUTIONS.

PN
Res. [px] Rate (%) | Length (s) | Reward (-) | FOV (%)
1280720 65.5 3.79 266 52.5
1920x1080 63.6 3.85 220 51.2
2208%1242 44.9 5.36 -117 45.2
DRL
1280x720 95.0 2.70 761 71.2
1920x1080 95.6 2.87 757 76.3
2208%1242 96.0 2.66 782 77.2

*—115

r—110

F—105—

r—100—
N

DRL - 1280x720
DRL -1920x1080
DRL -2208x1242
Target

Fig. 8. Interception engagements of controllers trained with different camera
resolution configurations on the nominal 3-inch drone platform.

ing with lower-resolution configurations prioritise maintaining
closer proximity to the target before initiating the final inter-
ception approach. This behaviour compensates for the reduced
depth accuracy at longer ranges. In contrast, the PN controller
exhibits greater sensitivity to sensing limitations, as reflected
in reduced FOV percentage and reward values. As its guidance
law does not account for perception constraints, visibility
loss frequently occurs during the approach. To investigate
this dependency further, the best-performing PN configuration
(1280x720) was compared to its DRL counterpart across
different engagement geometries and target dynamics, in Tab.
VIL

TABLE VII
INTERCEPTION SUCCESS RATE (%) OF PN AND DRL CONTROLLERS WITH
THE REALISTIC PERCEPTION MODULE (1280x720) FOR DIFFERENT
ENGAGEMENT GEOMETRIES AND TARGET DYNAMICS.

Model | Pursuit | Crossing | Head-On | High Vel. | High Acc.
DRL 96.8 96.0 91.5 88.9 85.4
PN 55.9 71.5 56.3 379 455
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In Tab. VII, pursuit, crossing, and head-on refer to initial
engagement geometries divided into 60° regions: behind,
orthogonal to, and in front of the target. The high velocity
and high acceleration cases represent the upper bounds of
the constant-velocity (21-28.5 m/s) and constant-acceleration
(4.2-5.7 m/s?) target trajectories. The results show that PN’s
success rate varies with initial geometry and target dynamics.
Both pursuit and head-on conditions show a clear drop in
performance. Furthermore, at higher velocities and accelera-
tions, PN performance degrades significantly due to the more
demanding manoeuvres required, which often cause loss of
target visibility. The DRL controller maintained high success
rates across all challenging conditions, indicating consistent
performance and hence robustness to complex manoeuvres and
varying engagement scenarios.

VIII. DISCUSSION

The following section provides a qualitative interpretation
of the findings from Sec. VIIL.

Under ideal conditions, both controllers achieved compa-
rable interception rates (Tab. IV), indicating that the DRL
policy can successfully learn to intercept within the presented
framework and target trajectories. However, their differing
control characteristics directly influenced the efficiency of
the interception manoeuvres, as shown in Fig. 6. The PN
controller, benefiting from a high-frequency attitude loop and
explicit geometric guidance, executed more direct trajectories
toward the target. In contrast, the DRL controller’s lower con-
trol frequency encouraged more risk-averse interception paths.
Rather than reflecting inferior performance, this behaviour
suggests that the policy implicitly learned to trade interception
speed for stability and safety to achieve higher cumulative
rewards. This behavioural distinction becomes even more
pronounced when the DRL policy is trained with different
levels of DR on the interceptor platform. The results on
the training platform in Tab. V demonstrate that increasing
platform randomization produced progressively more cautious
controllers. Requiring the DRL policy to generalise over a
wider range of drone configurations reduces the effective
control authority that the policy can exploit and thus leads
to more risk-averse trajectories.

The ability of the DRL controller to generalise is crucial for
ensuring successful simulation-to-reality transfer. The learned
policies must remain robust to variations in interceptor dynam-
ics, as discrepancies between the simulated and real physical
systems are inevitable. The policies were tested on the 5-inch
drone despite being trained on the 3-inch platform (Tab. V).
The results demonstrated the effectiveness of using domain
randomization to enforce generalisability during training. The
controller’s ability to perform on the 5-inch drone reflects its
potential for bridging the gap between simulation and reality,
consistent with the approach and results reported in [15].

To assess the DRL controller’s robustness under uncertainty,
the proposed perception module was integrated into the train-
ing loop, and its performance was compared against the PN
controller. Incorporating this module introduced four key real-
world perception effects into the simulation: sensor noise,

sensing rate limitations, finite sensing range, and restricted
field of view. Under these realistic constraints, the DRL
controller consistently outperformed the PN controller across
all camera resolutions (Tab. VI). The restricted field of view
was by far the most disruptive constraint, drastically affecting
the performance of the classical PN controller. This is because
the classical guidance is not FOV-aware, and explicitly im-
plementing the trade-off between target tracking and efficient
approach is highly complex and difficult to tune for acceptable
results. In contrast, the DRL policy can implicitly learn to
balance this trade-off efficiently and consistently approach
the target. This balance is reflected in the FOV percentages
achieved by the DRL controller in Tab.VI, which remain
between 70-80%, indicating that it is not necessarily optimal
to keep the target continuously in view. The learned policy
ensures sufficient tracking to intercept, whereas the classical
controller’s success relies heavily on favourable initial condi-
tions and target dynamics. This sensitivity becomes evident
in Tab. VII, where the interception rate varies strongly with
the initial geometries and degrades with more challenging
target trajectories. Meanwhile, the DRL controller maintains
consistently high interception rates even at the upper limits
of the target’s flight envelope. Clear behavioural trends are
evident in Fig. 8 with varying camera resolutions. Controllers
trained at lower resolutions, affected by higher depth noise,
first close the distance to obtain more reliable measurements
before executing the final interception. Conversely, higher-
resolution configurations can initiate the final approach earlier
thanks to improved measurement accuracy, but must main-
tain target visibility for a larger portion of the episode to
compensate for their lower frame rates. These results further
demonstrate the learning-based controller’s ability to adapt its
strategy to the sensing characteristics of the perception system.

The presented framework successfully demonstrates robust
interception performance within the implemented setup un-
der more realistic perception constraints. However, the true
strength of the approach lies in its modularity. The framework
is not inherently bound to a particular reinforcement learning
algorithm, sensing modality, quadcopter platform, or initial
engagement condition. Substituting the onboard sensor, modi-
fying the drone parameters, or employing a different learning
algorithm would require only limited reconfiguration rather
than fundamental changes to the overall architecture. Similarly,
extending the framework beyond the mid-course—to—homing
transition considered in this work would mainly entail redefin-
ing the initial conditions within the same training structure.
Likewise, the reward formulation used in this work is inten-
tionally generic for interception and can be extended with
additional terms to promote more specialised behaviours from
the controller.

Despite this, the approach still has several limitations that
need to be acknowledged. The most evident is the lack of real-
world flight experiments to validate the sim-to-real transfer of
the controllers. This limitation stems from time constraints in
the project rather than from deficiencies in the framework,
yet it remains an essential next step toward practical deploy-
ment. Furthermore, the implementation presented in this work
relies on several assumptions introduced to reduce computa-
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tional complexity during training, such as simplified stereo-
camera modelling, an idealised computer-vision algorithm,
and a reduced control frequency for the DRL controllers.
These assumptions made training feasible on the available
hardware but also contribute to the remaining gap between
simulation and real-world conditions. Further bridging the gap
would require removing these assumptions and incorporating
sensor and computational delays into the pipeline. Finally,
uncertainty in the interceptor’s own state estimation was not
explicitly modelled. Given that the dominant source of noise
and variability in interception scenarios typically originates
from relative target tracking rather than self-state estimation,
this effect was considered secondary within the scope of this
work.

IX. CONCLUSION AND FUTURE WORK

In this work, a comprehensive training framework was
developed to generate Single Rotor Thrust (SRT) DRL con-
trollers and to evaluate them against a classical PN implemen-
tation. The obtained policies exhibited strong generalisation
across platform variations and surpassed the classical baseline
under modelled perception constraints, indicating enhanced
robustness and transferability.

Future work could incorporate reactive or evasive target
manoeuvres to evaluate the controller’s adaptability to dy-
namically changing target trajectories. Additional sources of
uncertainty, such as sensor delays and external disturbances,
could also be introduced to further narrow the gap between
simulation and reality. Another promising direction lies in
coupling the framework with a real computer-vision algorithm,
or an accurately modelled equivalent, to form a complete
integrated perception pipeline. Ultimately, validation on real
quadrotor platforms is essential to confirm the framework’s
practical effectiveness and enable deployment in real-world
interception scenarios.

APPENDIX A
ZEM CALCULATION

The zero-effort miss (ZEM) is defined as the miss distance
achieved assuming no more control inputs are executed. It is
mathematically defined by the following equation[12]:

ZEM = ||r + tgoViel ||,

where r is the line-of-sight vector from interceptor to target,
vy 1s the relative velocity vector between interceptor and
target, and ¢4, is the time until the closest approach is reached.
Finding 4, is derived below:

Tclosest * Vrel = 0.
(I‘ + tgovrel) * Vil = Oa

I Ve + tgoHVrel||2 =0.

I Vel

too = — .
% [l Ve ]|

With the t4, found, the ZEM can be calculated.

APPENDIX B
DRONE PARAMETERS

TABLE VIII
NORMALISED DRONE PARAMETERS FOR 3-INCH AND 5-INCH PLATFORMS
[15].

Parameter | 3-inch | 5-inch Parameter 3-inch | 5-inch
ke 143 27.0 || wmin (radfs) | 3054 | 2385
ks 016 | 0.16 || wma (rad/s) | 4887.6 | 3295.5
ky 0.18 0.24 K 0.84 0.95

7 (5) 0.04 0.04
Ep1 6150 | 711.0 k1 47.1 35.2
Epo 598.0 | 718.0 Ero 471 352
Eps 650.0 | 691.0 Ers 47.1 35.2
kpa 479.0 | 724.0 Era 47.1 35.2
kg1 2170 | 573.0 ks 5.57 6.49
kqo 2380 | 637.0 ke 5.57 6.49
kg3 280.0 | 548.0 Frr 5.57 6.49
kqa 196.0 | 640.0 krg 5.57 6.49

TABLE IX

GENERAL POLICY NORMALISED PARAMETER RANGES [15].

Parameter Distribution Parameter Distribution
Winin 1(0,500) Ew 14(10, 30)
Wnax 1(3000, 5000) ke 1(0.1,0.3)

k 1(0,1) ky 14(0.1,0.3)
T 14(0.01,0.1)
kp U(200,800) | kp1,kpa, kps, fips | fp £ U(50)
kq U(200,800) | kg1, kqo, kg3, kqa | kg £U(50)
ey U(20, 80) Fort, ko, krs, Bora Fer
fera Uu(2,8) Ers, kre, k7, krs Era
APPENDIX C

SAMPLING VALID INITIAL CONDITIONS FOR
PROPORTIONAL NAVIGATION

Assuming the target velocity vy and the relative position
vector are fixed, valid initial conditions for Proportional Navi-
gation (PN) can be sampled by enforcing the closing condition:

v cos — vy cosd < 0,

where v is the target speed, vy is the interceptor speed, 6
is the angle between the target velocity and the line-of-sight
(LOS), and 9 is the angle between the interceptor velocity and
the LOS. Rearranging the inequality gives an upper bound on
the allowable angle 9:

VT COS 0)

Olim = arccos
vr

For this expression to be valid, the argument of arccos(-) must
lie in [—1, 1], which imposes a lower bound on the interceptor
speed:

VI, min = U COS 0.
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The interceptor speed is then sampled from a user-defined
range:

vr ~ UV1 min, VI,max)

with vr max being the maximum allowable interceptor speed.
Once vy is sampled, the corresponding dj;,, can be computed.
Optionally, d);,, can be further constrained to the interceptor’s
FOV to ensure that the target is visible from the start:

Orov )

51im = min(élima 2

Finally, the interceptor’s initial velocity direction relative to
the LOS is sampled uniformly within this admissible range:

0 ~ U0, b1im)-

Together, the sampled interceptor speed v; and heading angle
0 fully define the interceptor’s initial state relative to the known
target velocity and line-of-sight geometry.
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