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Abstract: Pan-tilt—zoom cameras are commonly used for surveillance applications. Their automation
could reduce the workload of human operators and increase the safety of airports by tracking
anomalous objects such as drones. Reinforcement learning is an artificial intelligence method that
outperforms humans on certain specific tasks. However, there exists a lack of data and benchmarks
for pan-tilt-zoom control mechanisms in tracking airborne objects. Here, we show a simulated
environment that contains a pan-tilt-zoom camera being used to train and evaluate a reinforcement
learning agent. We found that the agent can learn to track the drone in our basic tracking scenario,
outperforming a solved scenario benchmark value. The agent is also tested on more complex scenarios,
where the drone is occluded behind obstacles. While the agent does not quantitatively outperform
the optimal human model, it shows qualitative signs of learning to solve the complex, occluded
non-linear trajectory scenario. Given further training, investigation, and different algorithms, we
believe a reinforcement learning agent could be used to solve such scenarios consistently. Our
results demonstrate how complex drone surveillance tracking scenarios may be solved and fully
autonomized by reinforcement learning agents. We hope our environment becomes a starting
point for more sophisticated autonomy in control of pan-tilt-zoom cameras tracking of drones and
surveilling airspace for anomalous objects. For example, distributed, multi-agent systems of pan—
tilt-zoom cameras combined with other sensors could lead towards fully autonomous surveillance,
challenging experienced human operators.

Keywords: drone detection; drone tracking; pan—tilt-zoom; reinforcement learning; deep learning;
machine learning; drone surveillance; unmanned aerial vehicles; airport security; artificial intelligence

1. Introduction

The misuse of drones poses a risk to public infrastructure security, especially safety-
critical operations such as airports. In 2018, a drone sighting disrupted the air traffic at
Gatwick Airport for 3 days. The British Government laid out a counter-unmanned air-
craft strategy [1] that sets out deterring, detecting, and disrupting the misuse of drones
as a key objective. Through the research presented in this paper, we aim to address
the detection of drones by automating the pan-tilt-zoom camera. This paper is an ex-
tension of the conference paper presented at AIAA SciTech 2023 [2] (the Drone Track-
ing Gym environment, along with the code used to train agents, can be found here:
https://github.com/mazqtpopx/cranfield-drone-tracking-gym (accessed on 29 May 2024)
and 10.17862/cranfield.rd.25568943).

The detection of drones using electro-optical sensors can more precisely be broken
down into detection, tracking, and classification. Detection aims to find whether a drone
exists in a current frame recorded by the camera. Tracking traditionally aims to correlate
the movement of a drone across a stream of frames. Classification aims to find whether
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the detected object is a drone, bird, or another flying object. If it is a drone, what kind of a
drone is it, and what kind of payload is it carrying?

A key problem with drone detection is that monitoring of a vast volume of airspace is
required. For example, in the UK, the CAA restricts UAS flights around aerodromes [3].
These restrictions make it illegal to fly a drone within 2 or 2.5 nautical miles around the
aerodrome (depending on the aerodrome), as well as within 5 km from the end of each
runway. Radars are a popular sensor for monitoring airspace and are extensively used
within the aeronautical industry. However, traditional radars are designed to track large
aircraft, not drones. Holographic radars [4-6] are a new technology, with an application for
detecting drones. However, due to natural constraints, the radar signal may be affected by
things such as local landscapes. To accurately monitor a safety-critical piece of airspace
around an aerodrome, the fusion of some of these sensors is required to improve the
detection and classification accuracy, and to fill in sensor gaps. Cameras are a traditional
sensor type which can be used to detect objects. Recent advances in Al make the use of
cameras for tasks such as the detection and classification of drones more viable, due to the
use of convolutional layers. The control of pan-tilt-zoom (PTZ) cameras has traditionally
been done by a human (i.e., a security operator), or an integrated system that combines
elements of automated detection, tracking, and classification. We explore the feasibility of
employing an agent trained using reinforcement learning (RL) to provide an end-to-end
solution; if successful, effectively replacing human operators, and providing an alternative
to integrated systems.

1.1. Camera Configurations and Control Systems

Different camera configurations, such as static cameras, matrix of cameras, and PTZ
cameras, can be used to detect drones. The field of regard (FOR) is the total area that can
be captured by a movable sensor. Field of view (FOV) is the angular cone perceivable by
the sensor at a particular time. Static cameras are limited when monitoring large air space
volumes because the FOR and the FOV overlap. A matrix of cameras increases the FOV,
but it still overlaps with the FOR. Pan-tilt-zoom (PTZ) cameras have the FOV of a single
camera but also have a larger FOR than their FOV. The FOR is limited by the physical
constraints of the camera and motors for pan and tilt. We can consider the different camera
configurations to be the following;:

*  Single static camera [7-9]: using a single static camera where the FOR overlaps with
the FOV, to detect a drone in the video feed.

*  Matrix of cameras [10,11]: using multiple cameras stacked together (the FOR overlaps
with the FOV), to detect a drone in the video feed.

*  PTZ cameras: using a camera on a motorized pan-tilt platform. The FOR is greater
than the FOV.

Single static camera methods are limited because they can only cover a small area. An
example of a drone dataset produced using this method is the drone-vs.-bird dataset [9].
Drones can be detected using a fine-tuned object detection network [12].

A matrix of cameras increases the coverage area of the system and increases the resolu-
tion of the data. Demir et al. [10] present such a system, and use a background subtraction
method to detect any moving objects. A problem with this is that the high throughput
of data requires a lot of processing power for a real-time system. They get around it by
creating a special real-time processor that performs the background subtraction. The state
of the art of drone detection has improved with the advent of convolutional neural net-
works, which improve the detection and classification accuracy compared with traditional
methods such as background subtraction, but they do so at an increased computational
cost and processing such a large image in real time may be computationally expensive.

PTZ cameras effectively make static cameras dynamic by allowing freedom of move-
ment in the pan and tilt rotation. The advantage is that the FOR is increased, but the
FOV stays the same (although, the FOV is lower than a matrix of cameras). However,
it presents an optimization problem: assuming that at some time t, a drone flies within
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the volume of interest (VOI) in front of the camera, there exists a range of pan/tilt/zoom
positions that would allow the camera to accurately classify the drone. The question is:
how should an automated system behave at each timestep in order to detect or track a
drone? Expert human operators can achieve this by understanding the context and are
able to correctly control the camera. The problem is made harder by the drone being a
second-order dynamic system controlled by (presumably) another human, meaning that
the movement of the drone is not entirely predictable.

Hence, using a PTZ camera to monitor a volume increases the complexity of the
problem because a control mechanism is required to move the camera. The PTZ cameras
can be operated by a human, via an automated control system. Further, the automated
system can be split into two cases: an “integrated” system: where the detection, tracking,
and control of the camera are independent, integrated units, and an RL-based agent, which
is an end-to-end solution and learns how to detect, track, and to control the camera on its
own. Hence, we consider that the problem can be split into the following methods:

*  Human camera control [13]: A human is controlling a camera to record a drone. This
can be either a person filming a drone freehand or a human operator controlling a PTZ
camera. The Anti-UAV dataset is an example of this, as it features videos of drones
being followed by an operator. The FOR is larger than the FOV.

*  Automated (integrated) PTZ camera control [14,15]: An automated control system for
controlling the PTZ cameras to detect and track drones with no human operator. It
relies on a drone detection mechanism and then a tracking mechanism for defining
the control demands of the PTZ to keep the drone within the FOV. Some elements of
this solution might be Al-based (e.g., the detection part).

*  Automated (RL) PTZ camera control [2,16,17]: An end-to-end Al system that takes the
camera image as an input and outputs the control request to the PTZ camera trained
using RL.

Anti-UAV dataset [13] is an example of human camera control as it contains videos
of flying drones recorded by a PTZ camera operated by a human. In this dataset, we
have access to the ground truth (position of the drone in each of the video frames), and
the environment changes as the field of view of the camera moves. However, we do
not have the possibility of controlling the PTZ of the camera. Hence, such a dataset is
useful for finding the accuracy of a detection, tracking, or classification mechanism, but
it is impossible to produce and test actions for the camera to take because the videos are
already recorded.

Liu et al. [14] show an example of a PTZ control system based on the position of
the detected drone in the image. Their architecture consists of detecting flying objects in
the video feed, calculating the trajectory, controlling the PTZ, and classifying the objects.
Similarly, Svanstrom et al. [15] use a pan-tilt platform to control multiple sensors: a video
camera, an infrared camera, a fisheye lens, and a microphone. By fusing the data from the
sensors, they can correctly classify objects.

An RL agent has the potential to be an end-to-end solution that performs all three of
these tasks (detection, tracking, and classification) at once. This is compared with what we
call an integrated solution, which integrates separate detection, tracking, and classification
mechanisms. The integrated solution (which we will use as a baseline) would use a trained
detection architecture (e.g., Faster-RCNN, YOLO, as shown by Medina et al. [18]). Then a
tracking algorithm (e.g., TrackFormer [19], SORT [20], or SiamRPN++ [21]) would be used
to continuously track the object across the frames. The position of the drone within the
camera image would determine whether to move the PTZ by a tuned PID controller—this
could be done by finding the distance in x and y from the centre of the frame and setting
them as control signals.

Sandha et al. [16] present Eagle, an application of using RL for controlling PTZ camera
to track cars and humans. They train their policy on an environment within Unreal Engine.
They use a discrete action space and their step reward is a function of the distance of the
object to the center of the image multiplied by the size of the object and a clip parameter.
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The state observation is the image from the PTZ camera. They successfully transfer their
model to real-life scenarios and run their model on-board of a Raspberry Pi. Fahim et
al. [17] also present an RL model for controlling a PTZ for the purpose of tracking human
subjects. They train their policy within a simulator and evaluate it in real-world scenarios.

We can redefine the terms of detection, tracking, and classification specifically for the
context of an automated PTZ agent attempting to find a drone within the VOI:

*  Detection: does the drone exist in the airspace volume of interest?

*  Camera-based-tracking: if we detect the drone at time ¢, can we continuously move the
pan-tilt—-zoom camera to record the drone while it is in the airspace volume of interest?

*  (lassification: how do we know that the object being detected by the pan-tilt-zoom
camera is a drone and not a bird?

Crucially, camera-based tracking differs from standard tracking typically referred to
in literature. While standard tracking focuses on matching points across video frames, we
define camera-based tracking as actually moving a physical (or a simulated) camera to
track the object (or objects). Further, as the RL agents learn from experience as opposed to
relying on a predefined tracking algorithm, we hypothesize that they have the potential to
better perform on context-dependent scenarios, such as during object occlusion.

But, a key problem with research involving PTZ cameras is reproducibility. To test the
methods presented by other researchers, the same hardware setup is required. A potential
way to solve this problem would be to create a simulated (synthetic) environment to test the
ability of algorithms to detect, track, and classify flying drones. This synthetic environment
would be dual-purpose; it would train RL agents and benchmark other tracking methods
and human performance.

The use of synthetic environments for drone detection and classification has been tried
in the literature. Scholes et al. [22] use a synthetic environment to generate a dataset to
train a neural network to detect, segment, and classify drones. Wisniewski et al. [23] use
synthetic images to classify drone models—D]JI Phantom, DJI Mavic, and DJI Inspire. The
synthetic dataset is used to train a convolutional neural network (CNN) which identifies
the drone models in a real-life dataset. Hence, a similar approach could be used to create
a synthetic environment which allows for the control of the PTZ camera to detect flying
drones. This is common in other fields such as robotics, where simulations of robots are
used to test algorithms and are later transferred to real life.

To summarize, the system that we consider in this paper is an RL agent to control the
camera actions based on the camera image. The input into the system is an image from the
camera, and the output is a PTZ action to control the camera. So far, we have defined the
problem and explored differences in optical/mechanical systems used to detect drones. We
continue by exploring the literature regarding RL and robotics.

1.2. Reinforcement Learning

RL is a popular method of optimizing a solution for problems in dynamic environ-
ments. It comes at the cost of being sample inefficient compared to other types of Al such
as supervised learning. Big milestones in RL research include AlphaGo beating a human
expert at the game GO [24], folding proteins [25], as well as beating humans in video
games [26]. Other applications of RL are playing Atari 2600 games [27-29] by using deep
Q-networks (DQN) and deep recurrent Q-networks (DQRN). The image from the game is
passed through a convolutional neural network, and an action is predicted by the network.
The trained agent can outperform humans in certain games such as Video Pinball.

Hausknecht et al. [30] also used DQRNSs by adding a long-short-term-memory (LSTM)
to the DON model. They flickered the screens of the Atari games and found that the DQRN
model could still perform. They present the use of RNNs as an alternative to standard
DQNs by stacking the history of frames in the DQN input. However, recurrency on its
own does not improve the performance of the agent in how well they play the games, and
the same performance can be achieved with standard DQNs by stacking the history of
observations in the input layer of the CNN.
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Newer applications of RL include rotating objects using a robotic hand [31], playing
Minecraft by using learning world-models [32], and controlling legged robots [33]. Lample
and Chaplot [34] trained an Al agent that plays the FPS game Doom using only pixels on
screen as input to the neural network. They used VizDoom [35], which is a wrapper of
the game that allows for RL agents to learn to play it. Further, there exists a number of
open-source environments for testing agents such as OpenAl gym [36]. RL environments
can be split into discrete action space and continuous action space. In discrete problems,
the agent can pick from a number of discrete actions every step. In continuous problems,
the agent can select a range of values, usually ranging between —1 and +1 depending on
the environment. Mirowski et al. show that RL can also be used for navigating mazes [37].
The agent uses discrete actions and is rewarded for reaching the goal, and for finding
intermediate rewards. The best-performing network learns to predict depth and uses an
LSTM layer.

There exists sparse literature on using RL for PTZ camera control for surveillance
applications. A similar application that we have found literature on is drone control. Both
of the problems take an image as an input and output as a control value. The difference
is the difference in constraints between the two systems—the drone is free to control in
the 6 DOF, while the PTZ camera is fixed in the XYZ axes, but free to pan and tilt (and
zoom). While many drones also have a PTZ camera on a gimbal, we have not found any
literature considering the control of this—instead, they focus on the control of the drone
itself. Nonetheless, because of the similarities, we review the RL for drone control literature
to investigate common themes and challenges in the application of RL algorithms.

CAD2RL [38] presents synthetic environments used to train an agent to control a drone
flying through a maze without crashing into walls. An image is taken as an input and
passed through a CNN to learn the Q-function. By employing domain randomization, the
agent is able to transfer to real-world environments. Vorbach et al. [39] apply a continuous-
time neural network to a drone chasing a target through a forest and find that it performs
better than other architectures under challenging conditions such as fog or heavy rain.
Kaufmann et al. [40] use deep RL to control racing drones around an indoor flying course.
The drones are rewarded for correctly passing through the gates, and penalized for crashing.
They train the model in a simulation and deploy it in the real world. For the observation,
they combine the image, visual-inertial odometry, and gate detections using a Kalman filter.
They show that the RL agents outperform expert humans, even in real-life experiments.
Pham et al. [41] use cooperative and distributed RL for training drones to optimally inspect
a field. Mufioz et al. [42] apply deep RL for the control of drones to reach a target within
AirSim, a simulation of drones built on Unreal Engine. They used two action spaces: a
discrete space where the drone can move forward, yaw left, and right, and a continuous
space that allows the drone to move freely in the XYZ directions. The agent is rewarded
for reaching the goal and penalized for collisions. They find that an architecture which
concatenates the features of the image encoded through a convolutional neural network
with other parameters like the velocity of the drone, distance to the goal, and geofencing
coordinates performs the best. Akhloufi et al. [43] also apply RL for the control of drones
for the problem of following another drone in a real environment. They use supervised
learning (YOLO) to detect a drone in the image. The difference between the image centre
and the detected target position (using the supervised learning network) is then input to
the RL agent as an observation. They use the RL algorithm to reposition the bounding box
to the position of the drone, to effectively create a drone tracking RL agent. Lastly, a drone
controller tries to keep the drone target in the centre of the image.

Hence, we can see that the application of RL for drone control is a popular area of
research and more importantly it appears that RL can be applied to these sorts of control
problems. We fail to see a similar interest in the application of surveillance using PTZ
cameras. A possible explanation is the lack of training and evaluation environments—
something we present in this publication. We believe that the application of Al methods to
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ground-based sensors, and in particular cameras, is more feasible than to drones as they do
not have to pass the same regulatory scrutiny as airborne objects.

1.3. Research Gap, Hypothesis, and Contribution

Based on the discussed literature, we found there to be a sparse amount of research
in the area of using PTZ cameras for tracking drones, and in the area of using RL to track
objects. We have identified a gap in the literature—to the best of our knowledge there
is no existing literature on tracking drones using an RL agent controlling a PTZ camera.
While similar approaches of using RL for PTZ control have recently been attempted for the
applications of tracking cars [16] or humans [17], we believe that the task of drone tracking
presents unique challenges, and to our knowledge has not been attempted.

Hence, in this paper, we aim to address these two problems. First, we present a
synthetic environment for drone tracking called Drone Tracking Gym. The environment
was designed to train an RL agent and can interface with a Python client. The importance
of the environment is twofold: first, it can be used for training RL agents. It contains the
Gymnasium interface, allowing most RL algorithms to be trained. Second, it can be used
to benchmark against any other method; for example, human input via a joystick, or any
other non-RL-based tracking algorithms. To the best of our knowledge, there does not
exist an equivalent environment for the purpose of testing training algorithms in the loop
(drone tracking benchmarks rely on videos with human controllers tracking the drone by
controlling the camera, such as the Anti-UAV dataset).

Based on the potential of RL shown in literature combined with our environment, we
generate the following hypothesis: an RL agent should be capable of learning to control a
PTZ camera to track a drone based on only the image input within our scenario.

Later, we present a working RL agent, trained in this environment, that controls the
camera PTZ to correctly track the drone. To the best of the authors” knowledge, RL has not
been tried for controlling PTZ cameras to track drones in the literature and provides the
potential for end-to-end tracking compared with traditional systems.

1.4. Layout

In Section 2, we present the synthetic environment, the RL agent and the architecture
used, and the interface we used to transfer the data between the environment and the agent.
In Section 3, we present the results of the training of our RL agent. We also discuss how this
compares with the literature. In Section 4, we conclude our results and, lastly, we suggest
future work on how to improve this work in Section 5.

This paper is an extension of the conference paper presented at AIAA SciTech 2023 [2].
We substantially expand on the results section by updating the reward function. After suc-
cessfully solving the Basic Tracking scenario, we seek to better understand the capabilities
of the agent by adding two new scenarios: Dynamic Tracking and Obstacle Tracking. We
train and evaluate the performance of the agent on these scenarios. Lastly, we add a ‘Solved
Scenario’ value—i.e., what we would expect an experienced human operator to achieve in
these scenarios to indicate whether each scenario is solved.

2. Methodology

We present an environment of a flying drone containing a controllable pan-tilt-zoom
(PTZ) camera with the primary aim of using it to train a reinforcement learning (RL) agent.
The holistic approach of this paper is shown in Figure 1. The approach is split into three
parts: environment simulation used to simulate the flying drone and the PTZ camera
used to track it, the RL model used to control the PTZ to track the drone, and finally the
evaluation approach. Several scenarios were designed to train and evaluate the agent in
different tasks: Basic Tracking, Dynamic Tracking, and Obstacle Tracking. The RL agent is
trained on each environment, and compared with an optimal model. The training of an RL
agent to control a PTZ camera to track a flying drone requires an environment, an agent,
and an interface between the two. The environment contains the PTZ camera and a flying
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drone. The agent is a neural network trained using an RL algorithm that learns to control
how to move the camera. The interface controls the flow of data between the environment
and the agent. The agent is rewarded for correctly tracking the drone and is penalized if
it loses sight of the drone. In the following subsections, we explain the environment, the
agent, and the interface in more detail.

Drone Tracking

L3
€® Environment —> : i Model — € ® Testing
Simulation Training Model Evaluation
Simulated Environment Tracking Model Results
Goal: To create a simulated testing and training Goal: To train a reinforcement learning model Goal: To test the model on different tracking
environment for drone tracking with an interface to continously track a drone. scenarios.
that allows for reinforcement learning.
Method Method Method
BlendTorch Reinforcement Learning Custom Environment
Gymnasium Recurrent Neural Networks o
Interface

II
[

Scenarios

Basic Tracking Dynamic Tracking

Obstacle Tracking

Figure 1. The holistic approach shown in this paper, split into three main sections: environment, the
model, and testing. The environment is the simulation of the pan-tilt-zoom (PTZ) camera and the
flying drone. This is carried out in Blender, combined with the Blendtorch Gymnasium Interface. The
model used to control the PTZ is trained using reinforcement learning (RL). The model is trained and
evaluated in multiple environments: Basic Tracking, Dynamic Tracking, and Obstacle Tracking.

2.1. Mathematical Description

Let us consider a camera sensor mounted on a pan-tilt mount, with parameters that
can be controlled by an agent or a system. The view from the camera sensor at any time t is
the Field of View (FOV), and is a function of the control parameters pan 6, tilt w, and zoom
z, which are output values of a system after receiving a control target from the agent:

FOV; = f(6t,wy,zt) 0,w,z€ R

The total possible coverage of the sensor amounts together to the Field of Regard
(FOR). This is the total volume that the sensor can operate in. Hence, FOV C FOR. Let
Volume of Interest (VOI) be the volume in which any foreign flying drone shall be detected
while it exists within the volume. For simplicity, assume the Volume of Interest (VOI) fully
overlaps with the FOR (VOI = FOR).

The goal of the external agent/system is to control the PTZ parameters such that it
optimally positions the sensors. It can achieve this by manipulating the 6, w, and z values,
such that it detects, and then tracks the drone D as it enters the VOI.

Assume the view from the camera is processed by an imperfect external classifier CL
that finds the type of the object within the sensor view. The classifier will perform optimally
when it receives a clear view of the object, which can be achieved by zooming the camera
in. This narrows the FOV, and in turn reduces the the volume that the sensor is observing.
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A larger FOV can be achieved by zooming the camera out, and reducing the clarity of any
target, in turn lowering the classification confidence of CL.

The problem becomes an optimization problem; it is a trade off between capturing the
targets entering the VOI (by keeping the zoom low), and correctly identifying the targets
(by increasing the zoom). Hence, we can define the problem mathematically by calculating
the next FOV position, FOV’, as a maximization function between the classification CL, and
the detection DET, which are both functions of the current FOV:

FOV;y 1 = max(CL(FOV;), DET(FOV;))

where the agent attempts to both, maximize the accuracy of the classifier, whilst also
maximizing the performance of the detection of objects. Becuase of the real-world, dynamic
environment, the solution to this is not static and changes overtime based on environmental
parameters.

The generic reward criteria of the scenario therefore shall therefore depend on the
agents’ ability to contain the drone within its viewport:

0 if drone not in VOI
R={—u if drone in VOI, not captured in FOV
B if drone in VOI, captured in FOV

(Note that, for our specific case, f is calculated by multiplying the amount of pixels that the
drone occupies multiplied by a gradient map, and is described further in Section 2.2.4)

We do not believe that a direct mathematical solution exists to this problem, given the
data from the camera sensor is highly dimensional, making the classification and detection
of objects an imperfect process; and further, since there is no direct observation of the
entirety of the VOI, the problem becomes a partially observable Markov decision process
(POPMDP) [44]—i.e., a process which does not have the state observation of the whole
environment. Finally, real environments are dynamic, making this trade off not a constant
parameter, but rather a variable that changes with the environmental conditions.

Figure 2 shows two problems. A more general case, Figure 2a, in which a foreign
object crosses the boundary of the VOI/FOR , and a simplified tracking case, Figure 2b,
which assumes that the foreign object starts within the FOV of the camera.

A: Assume a foreign drone follows a certain trajectory such that it enters the VOI. The
agent should guide the sensor to detect and track the object if it enters the VOI.

B: Assume that the object is already within the FOV. The agent should track the foreign
flying object while it remains within the FOR.

Z s

FOR FOR

(a) (b)

Figure 2. The general case of the problem, where a drone can enter the Field of Regard (FOR) of the
camera sensor, and the goal of the agent is to optimize the positioning of the Field of View (FOV)
placement (a), and the specialized case (b) where the drone is already in the FOV of the camera sensor,
and the goal of the agent is to carry on the track.
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In this paper, we consider the simplified case B. For simplicity, we also assume a static
environment. However, we hope that our formulation of the problem and developments
here lead to a more generalizable case that can be used to solve A. Solving the general case
A would be hugely beneficial to the surveillance capabilities of PTZ cameras.

2.2. The Environment

Blender 3.4, a 3D modelling and animation software package, is used to create the
3D environment. Although it is not a game engine, it contains a rendering engine and a
Python interface that allows for the programming of parameters. This allows us to create an
observation (by rendering the image produced by a camera), change the pan, tilt, and zoom
parameters of the camera, program the 3D model of the drone to move across the 3D space,
and include some basic dynamic models for the camera and drone movement. To interface
between the agent and Blender, BlendTorch [45,46], a framework that remotely launches
the Blender environment and the PyTorch agent, is used. The interface is described in
more detail in the original conference paper [2]. The environment implements a reset
and a step function to be compatible with the interface. Reset returns the environment to
the default settings, and the step defines how the environment changes every time step.
The step function takes in an action and returns the observation, reward, and termination
information. This is based on the Gymnasium interface [47].

A diagram of the environment step is shown in Figure 3. Each step, an action is
generated by the policy. This action is input into the environment—setting a control target
to the camera controller. The drone controller independently updates the position of the
drone (the conditions of the drone targets are based on the specific scenario). The render
engine creates an image of the scene, which becomes the observation state and is output
from the environment. The reward calculator finds the area occupied by the drone in the
image and calculates the reward for the time step (further described in Section 2.2.4). The
environment outputs the image state, the reward, and a Boolean done value.

Environment
Position += velocity
/\ /—\ Output:
RGB Image
Drone Controller Render Engine |——»
Action —————»f Pan += Action[pan] |—» Observation, reward, done
Tilt += Action]tilt]
Zoom -+= Action[zoom]
Input: /\ Output:
Action Reward
»| Camera Controller Reward Calculator ———»

Figure 3. Environment step. At every step, an action is input into the environment. The camera
controller takes the action and updates the camera’s pan-tilt-zoom (PTZ) parameters. The drone
controller updates the position of the drone. The render engine renders the scene and outputs an
RGB image (which is the observation). The reward calculator finds the area occupied by the drone in
the image and outputs the reward/termination based on this.

2.2.1. Scenarios

Figure 4 shows a representation of the three different scenarios. We test and evaluate
the agent in each of them:

*  Basic Tracking. A random velocity is assigned at the beginning of each scenario. The
drone follows this trajectory throughout.
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X

Basic Tracking

e Dynamic Tracking A. The movement of the drone is unpredictable. Every 30 steps
(effectively, around 1 s) a new position target is assigned to the drone—hence changing
the acceleration. Unlike in the basic tracking scenario where the trajectory is unchang-
ing, we now have variable trajectories. The maximum drone velocity now exceeds
that of the rotational velocity of the camera. Hence, it is possible for the drone to go
completely out of bounds of the viewport, even when the requested rotational velocity
is at its limit. Reward/termination mechanism is altered: termination only happens at
300 steps (and not when the drone is lost from the viewport). For every frame that a
drone that is not visible in the viewport, —2 reward is accumulated. This allows the
drone to disappear, and in principle, forces the agent to learn to re-detect the drone.
This is a unique scenario in that it presents a challenge where the velocity of the drone
might outpace that of the camera rotation. Human operators might be able to deal
with this by understanding the expected path.

e Dynamic Tracking B. This is a variation of the Dynamic Tracking A scenario, with
the dynamics of the drone tuned such that the maximum velocity should not outpace
the maximum allowable rotational velocity of the camera. If the drone leaves the
viewport, the agent is penalized (like in the Basic Tracking scenario).

. Obstacle Tracking. The drone flies behind an obstacle. When behind the obstacle, the
drone waits for a random amount of steps, between 0-100. After waiting, it flies to
a randomly assigned position. This scenario was designed to challenge the tracker
on whether it can deal with a context-dependent scenario—of anticipating a drone to
reappear from behind an obstacle.

Dynamic Tracking Obstacle Tracking

1
.
-
,

=

Figure 4. Different scenarios used to train and evaluate the RL agent. Basic tracking, dynamic
tracking, and obstacle tracking. In basic tracking, the drone is assigned a random velocity at the start
of the scenario and the velocity does not change until the end or termination. In dynamic tracking,
the drone changes a waypoint every 30 steps. The drone is modelled as a second-order dynamic
system, hence the acceleration is variable. In obstacle tracking, the drone flies behind an obstacle and
then is assigned a random velocity when behind the obstacle.

2.2.2. Observation

The image from the camera is rendered at every step. It produces a 160 x 160 x 3
pixel RGB image.

Figure 5 shows the observation from the Basic and Dynamic Tracking scenarios
(Figure 5a), Obstacle Tracking scenario (Figure 5b), and the mask (Figure 5c) used to
internally calculate the reward. The environment is created by using a low-poly drone
model, an HDRI as a background, and some basic tree stump models for the Obstacle
Tracking scenario to act as obstacles to occlude the drone. The Eeevee rendering engine is
used to render the environment.
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2.2.3. Action

A continuous action space is used. The possible actions are pan, tilt, and zoom. They
have limits set between —1 and +1, and each action is a floating point value. Table 1 shows
the continuous actions, their range and how they affect the environment. The physical PTZ
camera limits are: tilt [30, 330]°, and zoom [15, 200] mm. Yaw is unlimited. Within the
environment, the camera is modelled as a second-order dynamic system to imitate real-life
control. In every step, the input action is translated to a request for a position change of the
PTZ position.

(a) (b) (©)

Figure 5. The observation from the Basic and Dynamic Tracking scenarios (a), observation from the
Obstacle Tracking scenario (b), and the associated segmentation mask (c) used to internally calculate
reward within the environment.

Table 1. Continuous action space—action, range and environment response.

Action Range Environment Response
Pan [—1, +1] +1 translates to +0.02 radians pan to the right
Tilt [—1,+1] +1 translates to +0.02 radians tilt up
Zoom [—1,+1] +1 translates to +1 mm of focal length

In the original conference paper, the drone and the camera were effectively modelled
as a direct response mechanism. This means that an input of 1.0 resulted in a maximum
response in the following step. This is not realistic, as physical systems typically have
some form of a damped response. This resulted in some problems; when zoomed in on
the drone, the agent would continuously flicker between the right and left. At high zoom
levels, this resulted in flickering, not representative of a real system. The response of the
camera angle and zoom targets is shown in Figure 6a. This effectively results in the output
being damped. Likewise for the drone, for the dynamic scenarios, we wanted it to have
more temporally realistic dynamics. The response for the x,y, and z positions of the drone
is shown in Figure 6b. These are the settings used in Dynamic Tracking B and Obstacle
Tracking. For the Dynamic Tracking A scenario, the response is less damped and may
outpace the maximum angular velocity of the camera.

2.2.4. Reward and Termination

The reward is given to the agent for every step that the agent correctly tracks the drone.
In the conference paper we used a simple reward mechanism where if the area was greater
than 20 px?, the agent was rewarded +1. If the area was less than 1 px?, the agent was
rewarded —100. Instead, we found a better way to reward the agent, which resulted in
better convergence. We create a circular gradient of the same size as the image with white
pixels in the middle and black pixels towards the boundaries of the image. This image is
multiplied by the segmentation mask of the drone generated within the environment. The
point of this is to reward the agent more if it keeps the drone towards the centre of the
image. Further, the bigger the proportion of the drone that is kept within the bounds of
the image, the bigger the reward—this in turn allows for a higher quality image to be fed
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into a hypothetical classifier (which would distinguish if it is a bird, drone, or what kind
of a drone is it etc.). If the agent loses sight of the drone, it is penalized and the episode is
terminated.
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Figure 6. The input and response of the systems for pan, tilt, and zoom controls for the camera (a),
and for X, y, z, target positions of the drone (b).

Figure 7 shows an example of the circular gradient being multiplied by a hypothetical
mask to produce a reward calculation. In Figure 7c, all of the pixels are summed together
and divided by 200 to produce the final reward. The hypothetical mask, shown in Figure 7b,
contains a mask which is meant to represent an optimal observation (it is not taken directly
from the environment) and is modelled a rectangle of the size of a quarter of the area of the
image, an resides in the centre of the image. This represents an ‘ideal” observation—and is
meant to be hard to obtain continuously for the entire episode. The total area of the white
rectangle is 1/9 x 160 x 160 = 2916.0. When multiplied it results in 2395.2. Divided by 200,
it results in an ‘optimal’ reward of 12.0 per scenario. The absolute maximum possible value,
assuming every pixel in the image is occupied, is 58.7. In our reward plots in the results
section, we use this optimal value as a baseline for an optimal reward in a scenario. This
value is calculated by multiplying 12.0 by the number of steps in a scenario. Note that the
optimal reward is meant as a guideline, and we model it as what we expect a hypothetical
experienced human to be able to achieve in such a scenario. This value is labelled as “Solved
Scenario” in the episode reward graphs in the results section.

(a) (b) (©)

Figure 7. The circular gradient (a) is multiplied by the mask of the drone (an example mask (b)), to

produce the final reward which takes a sum of all of the pixels as shown in (c). The sum is divided by
200 to produce a reward of 12.0, which we use as the ‘optimal’ reward and reference it as a baseline
in our results. This value is labelled as ‘Solved Scenario’ in the episode reward graphs.

2.3. Reinforcement Learning Algorithms

To train the agent, we use Stable Baselines 3 [48], which provides implementations
of common RL algorithms. The library is based on PyTorch [49]. We choose a recurrent
PPO [50] with an LSTM layer as our algorithm. PPO is an on-policy algorithm that optimizes
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the objective function using stochastic gradient ascent by batching the observation data and
updating the gradients in multiple epochs (as opposed to only updating the gradient once
per data sample). The original paper shows that PPO outperforms other policy gradient
methods and performs well in environments with a continuous action space.

PPO was chosen to train our agent because it is proven to work well on continuous
tasks. Our environment is complex because it involves tracking an object in 3D space,
which requires some sort of knowledge of the prior states in the system, for example, to
estimate the velocity of the object, and predict where to move the camera. Mnih et al. [27]
found that stacking frames worked for DQN. Another solution to this problem is proven
to be the use of recurrent networks [29]. We decided to use a recurrent neural network
because this is consistent with similar studies [34,37]. Hence, we use the recurrent PPO
algorithm, which uses a long short-term memory (LSTM) layer. For the training, we use
mostly default hyperparameters, provided by Stable Baselines 3 (we change the learning
rate to 0.00075).

In the conference paper [2], we compared the performance of PPO vs. PPO with LSTM
and found that PPO did not converge on the basic tracking problem, while PPO with LSTM
did converge. We do not present these results here and instead build on top of them by
continuing to use the PPO LSTM algorithm. We hypothesized that because our problem
involves dynamic elements in the 3D space, an understanding of the velocity between the
video frames is required. This could either be achieved by stacking multiple observations
on top of each other, or by using recurrence. By adding an LSTM layer, we are adding
recurrence to our network, which is able to solve our environment.

Figure 8 shows the architecture of our neural network. Because we use an image as an
observation, we first use an encoder that consists of convolutional layers to extract features.
These features are then input into an LSTM and an actor—critic multilayer perceptron which
predicts the value and the policy.

Convl Conv2
32 filters 64 filters
Shape 8x8 Shape 4x4
Stride 4 Stride 2

(b N LSTM
Input e

160x160x3 RGB Tmage Layer 2 Layer 3 Layer 4 Layer 5
32 feature maps o : N

Shape 30x39 64 feature maps Flatten Linear

Shape 18x18 Size 20736 Size 256

(Y v

Figure 8. Architecture of the neural network. The input is an RGB image received from the environ-
ment. It is passed through an encoder which consists of two convolutional layers. The features from
layer 3 are flattened in layer 4 and outputted to 256 features in layer 5. These features are input into
an LSTM layer and an actor—critic multilayer perceptron which predicts the value and the policy.

Table 2 shows the hyperparameters used for training of the model. Other hyper-
parameters are taken as defaults from the Recurrent PPO implementation from Stable
Baselines 3.
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Table 2. Training hyperparameters.

Hyperparameter Value
Learning Rate 0.000075
Batch Size 256
LSTM Layers 1
Encoded Image Features Dimension 256

3. Results

The RL agent described in Section 2.3 is trained on the scenarios described in
Section 2.2.1. Quantitative results showing the mean episode length and mean episode
reward are presented, alongside qualitative results acquired by investigating the actions of
the agent during an episode.

3.1. Basic Tracking

In the basic tracking scenario, the drone starts in front of the PTZ camera and is
assigned a random constant velocity for 300 steps.

Figure 9 shows the results of the RL training for the Basic Tracking scenario. The
agent reaches a maximum mean reward of almost 3960 per episode with less than 1,000,000
training steps. The mean episode length reaches a maximum of 287 steps after 699,000
training steps. This is almost 300, which is the maximum possible value for this scenario.
Overall, we can see that the agent converges to an optimum solution, and is able to learn to
correctly track the drone. At points, the agent outperforms the ‘Solved Scenario” benchmark
value. This is a sign that the agent learns to zoom in strongly on the drone, more so than
the optimal discussed in Section 2.2.4.

Mean Episode Length for the Basic Tracking Scenario Mean Episode Reward for the Basic Tracking Scenario
300 4000 4
250 1 3000
& 200 g
: Z 5000 4 PPO LSTM Raw Values
I = —— PPO LSTM Running Average
- K] Solved Scenario
£ 150 Z
= * 1000
100 A
PPO LSTM Raw Values
—— PPO LSTM Running Average 01
50 4 —— Maximum Episode Length
T T T T T T T T T T
0 2 4 6 8 0 2 4 6 8
Step x10° Step x10°
(a) (b)

Figure 9. Average episode length (a) and average episode reward (b) for the Basic Tracking scenario.

By looking at the best-performing model (which achieves a mean reward of 3960 at
step 891,000) we can qualitatively evaluate its performance during testing.

Figure 10 shows an example of a successful tracking episode. The agent correctly
tracks the drone for the entirety of 300 frames and keeps it zoomed in in the viewport—
theoretically allowing a classifier to identify the object.



Drones 2024, 8, 235

15 of 24

(a) (b) (c) (d) (e)

Figure 10. Viewport from the camera at (a) frame 1, (b) frame 75, (c) frame 150, (d) frame 225,
(e) frame 300 during an episode of the basic tracking scenario. The agent correctly tracks the drone
for the entire 300 frames in this episode.

Figure 11 shows an example of a failure mode of the agent. In this example, the drone
flies straight towards the camera. As it flies past it goes out of sight of the viewport. This
is not necessarily the fault of the agent, but rather that of the environment, as the drone
flies too close to the camera. It is likely due to episodes such as this that the agent does not
reach the maximum possible value of mean episode length of 300.

(a) (b) ()

Figure 11. Viewport from the camera at (a) frame 1, (b) frame 50, (c) frame 83 during an episode of

the basic tracking scenario. The agent fails at frame 84 as the drone goes out of the viewport.

3.2. Dynamic Tracking A

In the Dynamic Tracking A scenario, the termination conditions are removed. Every
episode lasts 300 steps and the agent’s goal is to accumulate as much reward in this time.
The speed of the drone can outpace that of the maximum angular velocity of the camera,
resulting in the agent having to potentially re-detect the drone. We started this scenario
with the best weights from the Basic Tracking scenario.

Figure 12 shows the results of the RL training for the Dynamic Tracking A scenario.
The agent appears to struggle to learn in this scenario. Finally, after 600,000 steps, the
performance of the agent drops significantly—the learned policy is to zoom out and look
around in circles. The mean reward is just above —500, which is the termination penalty
(and the minimum possible reward for this scenario). We can investigate the last model
(after 900,000 steps).
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Figure 12. Average episode length (a) and average episode reward (b) for the dynamic tracking A

scenario.

Figure 13 shows an example of unsuccessful learning during the Dynamic Tracking A
scenario. The agent does not attempt to track the drone, as in the Basic Tracking scenario,
and instead goes around in circles. This shows the challenge of designing RL scenarios.
By making the scenario too challenging we can completely ‘confuse’ the agent. The agent
may learn to solve this scenario given enough training steps, but we have also failed to
see evidence of any learning. This is also outside the computing and time resources we
had available for this publication. We hypothesize that for the agent to learn to solve this
scenario, it needs to learn to detect the drone. Instead, in the Basic Tracking scenario, the
agent was simply learning to track a drone that was already in its viewport. Still, a human
is still able to re-detect the drone as it goes out of the viewport, hence why we believe that
this scenario is solvable.

(b) (c) (d)

Figure 13. Viewport from the camera at (a) frame 1, (b) frame 75, (c) frame 225, (d) frame 300 during
an episode of the Dynamic Tracking A scenario. The agent fails to learn to track the drone in this
episode and instead turns around in circles.

3.3. Dynamic Tracking B

In the Dynamic Tracking B scenario, the speed of the drone is slowed down so that
it does not outpace the camera (compared with Dynamic Tracking A). As in the Basic
Tracking scenario, the agent terminates after it loses sight of the drone. The agent starts this
scenario with the best weights from the Basic Tracking scenario.

Figure 14 shows the results of the RL training for the Dynamic Tracking B scenario.
Overall, the agent does not learn significantly from the starting weights. After 2,000,000
steps there is a slight bump in the episode length and episode reward, but it is not very
significant. The scenario is harder than the Basic Tracking scenario as evidenced by a mean
episode length of around 150 at the start. Overall, we see that the agent has not been able
to learn to fully solve this environment. We can investigate the best model (after 2,370,000
steps), which achieves a 2490 mean reward.
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Figure 14. Average episode length (a) and average episode reward (b) for the dynamic tracking B

scenario.

Figure 15 shows the results of the best agent performing an episode where it unsuc-
cessfully tracks the drone for the entirety of the episode.

(c) (d) (e)

Figure 15. Viewport from the camera at (a) frame 1, (b) frame 75, (c) frame 150, (d) frame 250,

(b)

(e) frame 286 during an episode of the Dynamic Tracking B scenario. The agent correctly tracks the
drone for most of the frames but the drone leaves the viewport in frame 287 in this episode.

In general, the agent attempts to maximize the zoom on the drone, which affects its
ability to deal with the dynamic non-linear movements of the drone. The challenge with
this scenario is that it is better, in the long run, to have a safer strategy and reduce the
zoom. However, the agent appears to have failed to learn this and attempts to maximize
the zoom, as in the Basic Tracking scenario, leading to a strategy with a higher risk of the
drone leaving the viewport.

3.4. Obstacle Tracking

In the Obstacle Tracking scenario, four tree obstacles are added around the PTZ camera.
The drone flies behind a random tree, waits between between 0-100 steps, and then flies to
a random point. The maximum length of the scenario is increased to 450 steps, and after
300 steps the reward is doubled.

Figure 16 shows the results of the RL training for the Obstacle Tracking scenario. The
results show a slow drift in the increase of mean episode reward. However, the mean
episode length fails to increase significantly to the maximum of 450, and instead hovers
between 200-300 steps. This suggests that, on average, the agent fails to re-detect the target
after it hides behind the obstacle. The reward plot shows that the agent falls very short of
the “Solved Scenario’” benchmark value, mostly due to the inability of the agent to get close
to the maximum of 450 mean episode length. This results in the agent also accumulating
—500 penalties for termination. We can investigate the best model (after 375,000 steps)
which achieves a 2180 mean reward and 247 mean steps for signs of the agent learning to
track objects behind obstacles.
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Figure 16. Average episode length (a) and average episode reward (b) for the obstacle tracking

scenario.

Figure 17 shows an example of a successful tracking episode. The drone flies behind
the tree around step 128 as shown in Figure 17c. As the drone waits behind the obstacle for a
random time, the agent correctly waits looking at the tree. In step 275, shown in Figure 17e,
the drone reappears from behind the tree. The agent correctly identifies the movement and
subsequently tracks the drone. In step 408, shown in Figure 17h, the drone flies behind
another tree, and the agent loses track in step 428, shown in Figure 17i. Although the agent
did not reach the end of the scenario and received a negative reward at the end, it shows a
sign of learning to track the drone behind an obstacle.

Figure 17. Viewport from the camera at (a) frame 1, (b) frame 100, (c) frame 128, (d) frame 200,
(e) frame 275, (f) frame 300, (g) frame 400, (h) frame 408, (i) frame 428 during an episode of the
Obstacle Tracking scenario. The agent correctly tracks the drone for 428 frames in this episode,
although loses sight of the drone as it gets lost behind another obstacle and does not reach 450 frames.

This presents a question: why is the agent able to learn to lose track of the drone
behind an obstacle, but not completely, as in the Dynamic Tracking A scenario? A possible
answer is that the agent still accumulates reward if it looks at the drone from behind the
obstacle, meaning it simply learns to look at obstacles. But, in Dynamic Tracking A, if the
agent loses sight of the drone it is not rewarded. We hypothesized that the agent might
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remember to do nothing when looking at the tree because it cannot re-detect the drone (as
shown in dynamic tracking A). Because the time that it takes for the drone to hide behind
the obstacle is fixed, this is possible. But, the time that the drone waits behind the obstacle
is random (between 0-100 steps), and the agent is still able to continue the tracking after
the drone re-appears. This suggests that the agent is re-detecting the drone.

We have found that the agent can learn to track the drone for one tree at a time, but
then fails on others (there are four trees around, and the drone flies randomly behind one
of them every episode). This is a sign that there is a limitation either in the network or
in the number of steps during training. If we designed the scenario to only contain one
obstacle we believe the agent would be able to learn this. The challenge here comes with
the randomness and unpredictability, requiring the agent to understand the context. We
have shown that our agent shows signs of being able to learn to track behind obstacles,
although it does not do this consistently.

Further, it is possible that just like in Lample and Chaplot [34] and Mirowski et al. [37],
a decoder-like network with a separate loss would benefit the training. At the moment, the
network is not explicitly learning to detect the drone. In Lample and Chaplot, the authors
showed that the detection of enemies greatly improved the performance of the agent. We
did not formally investigate this, but instead set it as a suggestion for further work.

3.5. Discussion

To summarize the quantitative results, the PPO LSTM agent can learn to track the
drone in the Basic Tracking scenario. It fails in the Dynamic Tracking A scenario, where
the drone often outpaces the maximum camera angular velocity. It can track the drone on
the Dynamic Tracking B scenario, although falls short of being able to do so consistently
for the entirety of the episode, often loses sight of the drone, and falls short of our ‘Solved
Scenario’ benchmark value. The agent fails to solve the Obstacle Tracking scenario, falling
way short of the maximum steps and the hypothetical model, but qualitatively shows signs
of learning to track the drone in select instances. Given more training time, hyperparameter
tuning, and/or more exotic model/method selection, we believe RL has the potential to
fully solve every one of these environments.

Examining the failure of the agent to converge in the complex and occluded scenarios
suggests that the RL agent either struggles to learn real-world dynamics or is unable to
learn the uncertainty. The key difference between the Basic Tracking and Dynamic Tracking
B scenarios is that, in the former, the drone follows a linear path with a constant velocity,
while in the latter, it follows a non-linear trajectory as the drone follows a random point
with a second-order dynamic model, meaning it has an unpredictable velocity profile.
Neural networks are known for being able to learn the dynamics of dynamic models from
data [51,52]. The question then becomes whether the RL models can learn these dynamics
based on the image input only. While it is impossible to answer this question based on the
presented data, it is a possibility that model-based RL algorithms might perform better here.
If the agent has a model of how the drone moves, it may be able to predict the movements
better than the current approach. Model-based RL algorithms such as DreamerV3 [32],
which builds a world model using an autoencoder based on the image inputs, might
outperform the PPO LSTM model in these scenarios if the thesis that the current agent has
failed to learn the dynamics of the drone is correct. The other possibility is that the reason
for the failure to converge is the large amount of randomness in the scenario. In the Basic
Tracking scenario, the assigned velocity of the drone at the start of the scenario is random,
and the agent can learn this. This seems to counter the randomness argument. However,
Mirowski et al. [37] shows that increasing randomness (e.g., by randomizing the starting
position and orientation of the agent, or by randomizing the goal) makes it harder for the
agent to solve the scenario. Mapping that to our results, it could be the case that the Basic
Tracking scenario has a small amount of randomness that is learnable by the agent, while
the Dynamic Tracking B and Obstacle Tracking scenarios contain too much randomness for
the agent and the agent fails to solve these scenarios. Hence, there exist valid arguments
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for both the learning complex dynamics hypothesis and the randomness hypothesis. Both
may affect learning and, hence, require further study.

Sim-to-real, the transfer of a neural network model trained in a simulated environment
to real-world scenarios, was attempted by Sanhda et al. [16] and is a natural progression
from simulations as presented here. A difference with our approach is that we used a
continuous action space and investigated different types of scenarios. Their success in
sim-to-real suggests that it is possible to transfer tracking policies to real-world scenarios.
Domain randomization [53], i.e., the use of randomizing simulation parameters such as the
object textures, was also used by Sanhda et al. to improve the sim-to-real transfer. Domain
Randomization is something that could be expanded in our simulated environment to
enable sim-to-real transfer and improve generalizability.

4. Conclusions

To conclude, we have presented a novel simulated environment designed to train
reinforcement learning (RL) agents to track drones and to benchmark tracking methods
in the loop. We believe this is a key challenge that could aid the advancements of fully
autonomous surveillance cameras for the detection and tracking of drones. During the lit-
erature review, we were challenged with the lack of benchmarks and metrics for successful
pan-tilt-zoom (PTZ) tracking. Hence, we focused on creating a simulated environment
and appropriate scenarios, to aid the data availability in this area. We have presented
different scenarios in this simple environment, which challenge the tracking method in
different ways: from simple linear trajectories to tracking occluded objects with non-linear
trajectories. We did not present a solution to all of the environments in this publication
and found limitations of the current RL method. By understanding these limitations, we
hope that further research can lead to overcoming them. We release the environment as
a challenge to other researchers to solve the environments. We believe advances in the
ability of RL agents to track airborne objects within a simulation may lead towards the
generalizability of scanning the skies around airports for anomalous flying objects in real
environments.

5. Further Work

There are several things to consider for further work, ranging from technical im-
provements to the environment, studying the performance of reinforcement learning (RL)
algorithms, to expanding the concept to more complex systems with multiple agents.

Regarding the technical improvements to the environment, a study into the reward
function and its effect on the convergence of training could be done. At the moment,
the reward function incentivizes the agent to zoom in on the drone as much as possible,
without considerations for increasing the length of the tracking. Saturating the reward
might solve this, or using some sort of inverse discount function (i.e., increasing the reward
in the future). Rewarding the agent at the end of the scenario, which is more similar to the
navigation scenarios reward, is another way of rewarding the agent and it is something we
did not investigate.

Regarding the RL algorithms, a benchmark of different methods (such as SAC and TD3
for a single process), or increasing the number of processes (to make full use of PPO) could
be performed. A thorough ablation study of hyperparameters, investigating repeatability,
could be performed to better understand their effect on this environment. More exotic RL
methods could be investigated—Liquid Time-Constant [54], model-based methods [32]
which build world-models and learn to predict the expected future observations might
be a good application for this problem, or human imitation learning [55]. It would be
also interesting to further investigate why the agent can re-track the drone in the Obstacle
Tracking scenario (and not on the Dynamic Tracking A scenario) using explainable Al
techniques.

Creating a distributed system of autonomous pan-tilt-zoom (PTZ) cameras for the
surveillance of a particular area could be deployed. This could be carried out in a similar
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fashion to Pham et al. [41] who used cooperative and distributed RL for training drones
to optimally inspect a field. If successful, the combination of multiple types of sensors to
surveil an area would be possible—from radar to different configurations of cameras. The
scenarios we presented here focus on the tracking of a single drone. However, what if there
exists more than one drone? Which one should the camera prioritize? In a distributed
autonomous PTZ system, maybe it is possible to track a number of drones at once. Other
camera configurations could also be considered. For example, putting the camera on
a moving platform (e,g. a car, or drone) and having the camera controller act as an
independent agent taking actions to surveil the area would increase the complexity of
the task. Further, utilizing a multi-camera system enables the accurate localization of the
drone/foreign flying objects [56,57].

We have focused on tracking an object that already exists in a viewport. But, we
did not consider the detection of the object within the volume of interest (VOI). Again,
the detection in such a case would differ from traditional, single-frame detection. In this
scenario, the agent would have to explore the 3D volume to find the object. Lastly, a
challenge with simulated environments is sim-to-real, i.e., deploying the trained agents to
real-world scenarios. Using techniques such as domain randomization [58,59], we believe
the agent could be deployed to real PTZ cameras to track real drones.
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