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Development of a Peripheral-Central Vision System to Detect and
Characterize Airborne Threats

Changkoo Kang

(ABSTRACT)

With the rapid proliferation of small unmanned aircraft systems (UAS), the risk of mid-air

collisions is growing, as is the risk associated with the malicious use of these systems. The

airborne detect-and-avoid (ABDAA) problem and the counter-UAS problem have similar

sensing requirements for detecting and tracking airborne threats. In this dissertation, two

image-based sensing methods are merged to mimic human vision in support of counter-UAS

applications. In the proposed sensing system architecture, a “peripheral vision” camera

(with a fisheye lens) provides a large field-of-view while a “central vision” camera (with a

perspective lens) provides high resolution imagery of a specific object. This pair form a het-

erogeneous stereo vision system that can support range resolution. A novel peripheral-central

vision (PCV) system to detect, localize, and classify an airborne threat is first introduced.

To improve the developed PCV system’s capability, three novel algorithms for the PCV

system are devised: a model-based path prediction algorithm for fixed-wing unmanned air-

craft, a multiple threat scheduling algorithm considering not only the risk of threats but

also the time required for observation, and the heterogeneous stereo-vision optimal place-

ment (HSOP) algorithm providing optimal locations for multiple PCV systems to minimize

the localization error of threat aircraft. The performance of algorithms is assessed using an

experimental data set and simulations.
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(GENERAL AUDIENCE ABSTRACT)

With the rapid proliferation of small unmanned aircraft systems (UAS), the risk of mid-

air collisions is growing, as is the risk associated with the malicious use of these systems.

The sensing technologies for detecting and tracking airborne threats have been developed

to solve these UAS-related problems. In this dissertation, two image-based sensing methods

are merged to mimic human vision in support of counter-UAS applications. In the proposed

sensing system architecture, a “peripheral vision” camera (with a fisheye lens) provides a

large field-of-view while a “central vision” camera (with a perspective lens) provides high res-

olution imagery of a specific object. This pair enables estimation of an object location using

the different viewpoints of the different cameras (denoted as “heterogeneous stereo vision.”)

A novel peripheral-central vision (PCV) system to detect an airborne threat, estimate the

location of the threat, and determine the threat class (e.g. aircraft, bird) is first introduced.

To improve the developed PCV system’s capability, three novel algorithms for the PCV

system are devised: an algorithm to predict the future path of an fixed-wing unmanned

aircraft, an algorithm to decide an efficient observation schedule for multiple threats, and an

algorithm that provides optimal locations for multiple PCV systems to estimate the threat

position better. The performance of algorithms is assessed using an experimental data set

and simulations.
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Chapter 1

Introduction

1.1 Motivation

Unmanned aircraft systems (UAS) have been used for various purposes, such as package

delivery services, hobby purposes, and even for organ delivery at the hospital [1]. UAS

technologies have been developed quickly, and the Federal Aviation Administration (FAA)

found the number of UAS is growing faster than their prediction [2]. Small-UAS (sUAS)

are UAS that weigh less than 55lbs, and these are popularly used by the public these days

because of the ease of control and low cost. Amazon has addressed their plans to use sUAS

for drone delivery [3] and sUAS are being used for various other purposes such as search and

rescue and infrastructure inspection. Already, sUAS have benefited people’s lives and have

become deeply integrated into modern society.

According to the FAA’s report [2], more than 900,000 non-commercial drones have been

registered, and they estimate 1.25 million drones are currently in operation. In this report,

the FAA also reported that the commercial drone market is growing even faster than they

expected, and they are predicting that the market will be tripled in 3 years (823,000 drones

in operation). With this rapid growth of the sUAS market, concern is also rising about the

possibility of malicious misuse and mid-air collisions between sUAS and manned aircraft.

According to the FAA fact book [4], near mid-air collisions (NMACs), which is defined as

when two or more aircraft fly within 500 feet of each other, has doubled from 2016 and keeps

1



2 Chapter 1. Introduction

increasing (145 in 2015, 302 in 2016 and 385 in 2017). The FAA especially mentioned that

more than half of all NMACs reported currently are related to UAS. In 2017, a drone crashed

into a Blackhawk helicopter [5], and a drone crashed into a fixed-wing manned aircraft

in Canada in 2018. The Alliance for System Safety of UAS through Research Excellence

(ASSURE) released reports [6, 7, 8] about the risk of the collision between a manned aircraft

and an sUAS. The reports describe how sUAS (quadcopter and fixed-wing) can damage the

body and the engine of commercial aircraft through realistic simulations and also show that

the collision may result in a serious accident of the aircraft. These risks of sUAS on other

manned aircraft caused major disruption at the Gatwick airport in the U.K. in December

2018 [9]. Likewise, unauthorized and non-cooperative sUAS can be a serious threat to

people’s safety. FAA recently stated the needs of the remote identification of all sUAS [10].

Considering that the remote ID is only for registered sUAS, this cannot be a solution for

malicious privately made sUAS.

After the ’drone chaos’ at the Gatwick airport, other airports started to invest in drone

detection systems [11]. With this concern about non-cooperative sUAS, research on airborne

detect-and-avoid (ABDAA) and counter-UAS (C-UAS) technologies has accelerated. These

types of systems use a variety of sensors such as electro-optical/infrared (EO/IR) cameras,

radar and acoustic sensors, and the data from these sensors are fused to detect and track a

given threat. However, active sensors can be problematic for mobile C-UAS systems because

of the high size, weight, and power and the cost (SWaP-C.) According to [12], 77 out of 123

commercial C-UAS systems cost more than $100,000. Gatwick airport spent several million

dollars on installing a C-UAS system [13]. However, C-UAS systems are not only for the

airport; a sUAS may be dangerous to audiences in a soccer stadium [14], or passengers in

a train [15]. The C-UAS systems have become necessary in various places with the fast-

growing number of sUAS, and the expensive C-UAS systems may be feasible only for limited
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locations.

Therefore, the motivation of this dissertation is developing a threat detection system that

uses cheap sensors and that can be mounted on a sUAS. Cameras are the most common

sensor for sUAS. Many drone manufacturers are mounting cameras on their products since

cameras have low SWaP-C, which is necessary for sUAS. As the SWaP-C of cameras has

continued to drop, while resolution and image quality has continued to improve, and as

computer vision methods have continued to develop, it has become possible to extract more

information (e.g., aircraft attitude) from an image than was possible in the past. Because of

this usefulness, the camera is one of the most common sensors for mobile C-UAS. Considering

the economical and functional characteristics of camera sensors, the camera will continue to

be an important sensor for the development and the popularization of C-UAS systems.

1.2 Aim and Objectives

Camera imagery can be an effective means for threat detection as well as for pose estimation

and threat classification, though one cannot resolve range to a threat from a single camera

image without additional information, such as knowledge of the threat geometry. Also, a

narrow field of view (FOV) of a perspective camera is limiting, so that covering a broad range

of areas using a perspective camera is a difficult task without the help of other sensors. Fast

and reliable initial threat detection is crucial for a C-UAS system, so the camera system must

be able to see a large area at once. This observation suggests the use of an omnidirectional

“peripheral” vision camera for the initial threat detection. To provide continuous visual

coverage of the environment for threat detection requires a wide FOV (“peripheral vision”)

camera. To classify a threat aircraft and estimate its pose and better-predicted flight path,

a higher resolution image is required, as might be obtained from a narrow FOV perspective
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(“central vision”) camera. Incorporating each type of camera affords an opportunity to use

stereo vision for ranging. Accordingly, one of the objectives of this dissertation is introducing

a novel heterogeneous “peripheral-central” vision (PCV) system for a ground- or air-based

C-UAS system that is capable of detecting flying objects within a wide FOV, confirming

and classifying these threats, estimating their position (including range), velocity, and pose,

and predicting their flight path using only two light and low-cost cameras. The entire threat

tracking process using the PCV system will be depicted in detail from image processing to

position and pose estimation of a single threat.

To consider an urban environment or more crowded areas in which multiple objects may

exist in the air, the single threat scenario needs to be extended to a multiple threat scenario.

Multiple threat scheduling and multiple sensor placement have become major research topics

for C-UAS systems with the development of the UAS swarm technology. Another objective

is thus developing a novel threat scheduling algorithm to decide the observation priority

among detected threats and an optimal placement algorithm for multiple PCV systems to

minimize the localization error of multiple threats. Once the threat data (position, pose,

etc.) is obtained from the PCV system, the future path of the threat can be estimated; and

this future path would be helpful to track the threat aircraft. Therefore, this dissertation

also focuses on the path prediction algorithm for a small fixed-wing unmanned aircraft based

on pose data.

1.3 Outline

This dissertation consists of eight chapters. The system algorithms and the proof-of-concept

analysis through testing of the PCV system is described. The dissertation is organized as

follows:
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• Chapter 2 provides a literature review on C-UAS systems, sensors for C-UAS systems

and heterogeneous stereo vision.

• Chapter 3 introduces the PCV system and algorithms for the PCV system.

• Chapter 4 proposes a heterogeneous stereo vision algorithm to estimate the threat

aircraft position and analyzes the localization performance of the PCV system.

• Chapter 5 suggests a model-based path prediction algorithm for fixed-wing unmanned

aircraft using pose estimates obtained from the PCV system.

• Chapter 6 introduces a multiple threat scheduling algorithm using a modified travelling

salesman problem solution.

• Chapter 7 presents an optimal placement algorithm for multiple PCV systems to min-

imize the localization error of the threat aircraft.

• Chapter 8 concludes and summarizes the work in this dissertation.

1.4 Contributions

The contribution of this dissertation is summarized as below:

• Development of a peripheral-central vision system [16, 17, 18]

- Integrated the hardware for the peripheral-central vision system with the assistance

of my collaborator.

- Generated the PCV system ground- and air-based dataset with the assistance of

collaborators. Dataset comprises imagery of threat UAS from the ground- and air-
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based PCV system, as well as vehicle state information, to support future algorithm

developers.

- Developed the heterogeneous stereo vision algorithm that corrects for distortion and

misalignment of disparate cameras (e.g., omnidirectional and perspective) to estimate

range to an object.

- Devised the zoom optimization algorithm. This algorithm adapts the zoom setting

of a pan/tilt/zoom (PTZ) camera to maximize pixels on target while minimizing the

risk that the target is lost from the image.

- Designed visual-based aircraft pose estimation algorithm which estimates the aircraft

attitude using target aircraft imagery.

• Fixed-wing aircraft path prediction based on attitude data [19]

- Developed the acceleration estimation algorithm for unsteady flight based on an

aircraft performance formulation in terms of specific power and energy.

- Developed the wind disturbance estimation and path prediction correction algorithm

• Multiple threat tracking algorithm using modified travelling salesman prob-

lem [20]

- Designed the multiple threat tracking algorithm using modified travelling salesman

problem formulation and solution. This algorithm generates the threat schedule for the

central vision camera to image threats and predict their paths when multiple threats

are present. The formulation accounts for threat risk, angular distance between threats,

etc.

• Optimal placement algorithm for multiple PCV systems [21]
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- Devised the multiple PCV system placement algorithm which estimates optimal places

for multiple host aircraft to minimize the localization error of multiple threat aircraft.



Chapter 2

Literature Review

In this chapter, a general architecture of the existing commercial C-UAS systems is described.

The state-of-art of threat detection sensor technologies for C-UAS are summarized and the

strengths and weaknesses of each sensor are described. Lastly, other research on heterogenous

stereo vision systems reviewed.

2.1 Architecture of C-UAS Systems

As sUAS technology continues to be developed, the size is becoming smaller and the speed of

the sUAS keeps increasing. One of the popular racing drones can fly up to 166mph (74.2 m/s)

and nano (or micro) drones which are lighter than 0.55lbs (249g) are currently available [22],

so detecting sUAS has become more difficult than in the past. The interest in C-UAS systems

has started recently, and the incident at the Gatwick airport [9] attracted more attention to

the world for the C-UAS systems. C-UAS systems are currently in the infancy level, so there

is not a specific global standard [23]. Currently, according to the report from the Center

for the Study of the Drone (CSD) [12] at Bard College, there are 537 C-UAS products from

277 manufacturers of 38 countries, and researchers from the government of many countries

and industries are actively developing C-UAS technologies. Most of the existing commercial

C-UAS systems generally consists of 3 steps to react to UAS [12, 22, 23, 24, 25]:

1) Threat detection

8
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• This step is about the processes and technologies to detect, identify and track the

threat using sensors, and analyze the threat

• The sensors for threat detection include radar, radio-frequency (RF), electro-optical

(EO) camera, infrared (IR) camera, acoustic sensors, combined sensor system, etc.

2) Threat decision

• This step is a process to classify whether the target is a threat or not, and decide the

reaction (defensive or offensive) to the identified threat.

• This step is the least developed among the C-UAS processes because this step highly

depends on the policies and protocols, which are not fully established yet.

• The processing time should be minimized to allow sufficient time to react to the threat.

A pre-programmed system can be involved in this process, but the human operator is

normally included for this step given the current level of technology.

3) Threat neutralization (interdiction)

• This final step is to respond and influence the identified threat from the previous step.

• This process includes the kinetic response (projectile, airburst, net, sacrificial collision

drone, laser, electromagnetic pulse, water projector, etc.) and the non-kinetic response

(jamming, spoofing, signal control, blocking, etc.)

Herrera et al. analyzed the development trends of the technologies for the UAS and the

C-UAS systems in their report [22]. They expect that the threat detection technology will

steadily grow. They also expect that, however, there should be new capability gaps because
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the sUAS technology will grow as well. Especially, they mentioned the major existing gap

is threat detection in multiple threat scenarios.

The threat decision step can be difficult and complicated because of the definition of a threat.

The criteria of the threat can be different depending on the situation, environment, policy,

protocol, and so on. Herrera et al. predict that this process will be developed slowly because

there are many factors to consider in developing the threat decision step.

The threat neutralization technologies have been developed quickly. Some interdiction tech-

nologies (i.e. jamming, missile), however, may harm other devices necessary for the aircraft

communication, and these technologies are even dangerous to the public.

The main focus of this dissertation is threat detection and tracking. The existing detection

technologies are reviewed in the next section.

2.2 Threat Detection Technologies

Developing sensor detection technologies is the most important part of building effective C-

UAS systems, but this process requires ongoing attention because of the fast-growing sUAS

technologies [23]. Threat detection can be conducted by various sensors such as radar, RF

sensor, EO/IR cameras, and acoustic sensors. Some sensors emit signals and detect objects

by analyzing the reflected energy. This type of sensor is called “active sensor”, and radar and

lidar are good examples of the active sensors. Also, some sensors passively receive data such

as light, sound, heat, radio signals, etc. These sensors are called “passive sensor”. EO/IR

cameras, acoustic and RF sensor are common passive sensors. Because the information that

each sensor gathers from objects is different, the data type generated and the environmental

conditions for sensing are different for each sensor.
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2.2.1 Active sensors

Radar is one of the most common sensor systems for airspace control [26]. Radar detects

sUAS by emitting radio frequency pulses and receiving reflected radio signals from the object.

The estimation accuracy of the target position and the range using radar is high compared

to other sensors [27], and radar is capable of detecting and tracking a variety of targets with

kilometers of detectable range even in adverse light and weather conditions. Moreover, the

decreasing size of radar allows it to be mounted on a sUAS [28], and the accuracy of radar-

based threat classification using deep neural network (DNN) is good [27]. However, radar has

been typically used for detection of manned aircraft that have relatively a large radar cross

section (RCS) and high speed [12, 27]; sUAS detection can be difficult using radar. Even

with these weaknesses of radar, it is the most common element in the commercial C-UAS

systems [12], and many researchers have been working on sUAS detection using various types

of radars such as multiple-input multiple-output (MIMO) radar [29, 30] and continuous-wave

radar [31, 32, 33]. Also, radar-based UAV classification has been actively studied [32, 34].

RF sensors detect signals that sUAS emit. It is also one of the most common sensors in

C-UAS systems [12]. RF sensor is relatively cheap and effective, and is not affected by the

weather or light condition; however, the signal easily drops with the range of the threat.

Also, RF sensor can be distracted by other signal sources such as Wi-Fi and might not work

for some quite sUAS (e.g. pre-programmed maneuvering sUAS) [35, 36]. Several studies

have been conducted for sUAS detection using RF sensor. Ezuma et al. [37, 38] used RF

signals to detect and classify sUAS using machine learning (ML) techniques, and Al-Sa’d et

al. also used RF signals to detect sUAS using DNN [39].
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2.2.2 Passive sensors

Acoustic sensors detect sUAS by finding a unique sound of the motors of sUAS. This sensor

is comparatively small, lightweight and inexpensive since the system typically consists of

microphones and processing units. The detection range is, however, short, and the sound

library cannot cover all types of sUAS since the emitted sound from each sUAS is different [40,

41, 42]. Researchers have developed acoustic sensor-based UAS detection [40, 43, 44, 45].

Especially ML techniques such as the Gaussian Mixture Model (GMM) [46], support vector

machine (SVM) [47, 48], and random forest [49] are the most popular approach to detect

and identify sUAS using an acoustic sensor. Also, Casasanta et al. [50] used an acoustic

radar (sodar), and Busset et al. [51] used an acoustic camera to detect sUAS in their work.

Electro-optical (EO) camera and infrared (IR) camera passively detect targets based on

visual rays and heat rays, respectively. EO/IR camera is cheaper than other sensors and has a

low SWaP-C. EO camera is thus a common sensor for Airborne Detect-and-Avoid (ABDAA)

and mobile C-UAS systems. Classification performance of camera based on DNN is superior

to other sensors [27], so many efforts have been made for detecting and classifying sUAS using

camera imagery. Du et al.. [52], Saqib et al. [53] and Sommer et al. [54] used a convolutional

neural network (CNN) to detect and classify sUAS. One of the major challenges in this

area is to classify sUAS from birds. To improve classification accuracy, several studies have

gathered datasets of birds and sUAS and developed effective DNN structures [55, 56, 57, 58].

Other than DNN approaches, several researchers have worked on detecting sUAS based on

the motion of the object. Rozantsev et al. [59, 60] used temporal information from the

sequence of image frames of a single camera to detect a moving sUAS. Hu et al. [61] detected

the horizon and extracted the motion feature of sUAS. Some studies [62, 63, 64] focused on

determining direction (azimuth and elevation) of a threat.
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For a camera with a sufficient resolution, an unobstructed image can provide details that

other sensors, such as radar, RF and acoustic sensor, cannot provide. As the SWaP-C

of cameras has continued to drop, while resolution and image quality has continued to

improve, and as computer vision methods have continued to develop, it has become possible

to extract more information (e.g., aircraft attitude) from an image than was possible in the

past [16]. However, EO camera is easily affected by the light and weather conditions and the

background clutter. IR cameras can address this drawback of EO cameras by looking at the

target using only the thermal signature. Birch et al. [65] compares the performance between

visible (VIS) camera and three IR cameras (SWIR, MWIR, and LWIR) in their report,

and the visible camera shows the best performance among four cameras for the uniform

background, but it requires external light sources. Birch et al. finally concluded that LWIR

may be the best suited for sUAS detection, although it can be confused with other thermal

sources such as birds. Likewise, EO and IR cameras are capable of covering the drawbacks

of each other, they are thus normally used in conjunction with each other for commercial

C-UAS systems.

2.3 Heterogeneous Stereo Vision

Traditional stereo vision systems [63, 66] typically include two identical perspective cameras

so that it can estimate the depth of an object, but the narrow field of view (FOV) of a

perspective camera is limiting. To address this issue, Drulea et al. [67] and Kita et al. [68]

proposed the use of a stereo fisheye vision system to relax the FOV limitation, but fisheye

cameras provide lower pixel coverage in a given region, making it more difficult to classify a

detected threat or to estimate its pose for trajectory prediction at greater distances. While

the utility of cameras is limited to visual flight rules (VFR) conditions, these conditions are



14 Chapter 2. Literature Review

typical for current small UAS operations.

Incorporating the strengths of a large FOV camera and a perspective camera, dual camera

systems using an omnidirectional camera and a PTZ camera have been developed for surveil-

lance purposes. Researchers mostly focused on person detection [69, 70, 71, 72] and human

face tracking [73, 74] using dual-systems. Based on dual-camera system development, Baris

et al [75] classified objects in a scene for better surveillance performance. The dual-camera

systems in these studies have shown good performance for target tracking at a fixed loca-

tion. The omnidirectional camera, however, was used mostly for initial detection cue, not

for target ranging purposes, because the purposes of these studies were surveillance.

Muñoz-Salinas et al [76] suggested a particle filtering-based multiple person localization

algorithm using multiple heterogeneous cameras. The study concerns person tracking as

well, but the suggested algorithm of this paper outputs the location of people with confidence

data using particle filtering. Rathnayaka et al [77] suggested a camera calibration method

using a large FOV camera lens and a perspective lens, but this study does not present the

object ranging performance.

For a different application other than surveillance, Eynard et al [78, 79, 80] suggested an

algorithm to estimate the altitude and motion of an unmanned aircraft using an onboard,

heterogeneous stereo vision system that consists of a fisheye lens camera and a perspective

camera. Their algorithm first finds the homography matrix relating the two camera views

and then estimates the distance between the horizontal plane (i.e., the tangent plane to the

earth’s surface) and the first camera. The algorithm determines the altitude of own aircraft,

but not the range or state of the other aircraft. As described above, most of the applications

of heterogeneous camera systems are confined to area surveillance (<20 m range) on a

fixed-platform. To the author’s knowledge, no earlier studies discuss stereo ranging using a

heterogeneous camera system for the C-UAS application.
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2.4 Threat Aircraft Path Prediction

Conflict detection and resolution (CD&R) technologies, such as the traffic alert and collision

avoidance system (TCAS), have played an important role in air traffic management (ATM)

since at least the early 1990s [81, 82]. CD&R technologies for manned aircraft are supported

by a large amount of aircraft performance model (APM) data, which has enabled extensive

research and development of path prediction methods for manned aircraft. Recent emphasis

on direct, real-time flight data transfer among aircraft has enabled even more accurate

path prediction using flight safety communication systems such as automatic dependent

surveillance-broadcast (ADS-B) [83, 84].

With the proliferation of sUAS, and the recognition that these aircraft operate very differ-

ently than manned aircraft, there has also been recent interest in developing path prediction

methods for this class of aircraft. Many of the CD&R studies for sUAS focus on path predic-

tion using only position data. In these studies, the sUAS is typically assumed as a particle,

and the velocity and acceleration are computed as the first and second time derivatives of

position, respectively. The future position of the sUAS is then propagated with time [85, 86].

In references [87], [88] and [89], the path is predicted under the simplifying assumption that

the threat moves with constant velocity or with constant acceleration. Based on a similar

particle dynamic model, references [90] and [91] predict the flight path using a Kalman fil-

ter, while references [92] and [93] instead use a particle filter. Reference [94] defines the

reachable set of the sUAS in order to ensure collision avoidance. Small unmanned aircraft

have the ability to maneuver much more aggressively than manned aircraft, however, and

they are more susceptible to wind disturbances, so path prediction methods that are based

solely on the position history of the threat aircraft may not provide sufficient warning to

inform a CD&R system. These prediction methods assume a particle dynamic (“aircraft
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performance”) model for the threat aircraft, but accurate performance models may be un-

available [95].

In considering path prediction for sUAS, it is helpful to review methods that have been

proposed for manned aircraft. ATM-related path prediction methods normally assume

known flight data, such as thrust, mass, position and other variables associated with point

mass models (PMMs) [96, 97, 98, 99, 100, 101]. Recent work concerning aircraft path

prediction used radar and weather data from ground-based systems to infer the path, as

in [102, 103, 104, 105, 106]. For model-based path prediction, it can be helpful to know,

or to estimate, the mass or thrust of the threat aircraft. Alligier et al. [107] suggested a

prediction algorithm based on an estimate of the mass of the threat aircraft developed using

energy rate and learning algorithms. Thipphavong et al. [108] also estimated the mass of

the threat aircraft to inform the path prediction. In [109] and [110], the aircraft thrust was

estimated. These studies used mature manned aircraft performance models, such as the

Base of Aircraft Data (BADA) model of EUROCONTROL [111], but such models may be

inappropriate or impractical for a maneuvering sUAS.

2.5 Resource Management for Multiple Threat Air-

craft

In an environment in which multiple threat aircraft exist in the air, the host sensor system

needs a priority to observe threat aircraft based on particular parameters (e.g. class, speed,

position, etc.) To solve this problem, several studies have been conducted to schedule mul-

tiple threats. Threat scheduling algorithms are commonly used with phased array radars.

The phased array radar is capable of tracking multiple threats at the same time, but the
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operating cost is expensive since the array of transmitters actively emits beams. Therefore,

threat scheduling algorithms have been studied for efficient radar resource management to

focus on those threats posing the greatest risk. Miranda et al. defined detailed criteria for

threats in their papers [112, 113, 114]. They determined a priority of threats using fuzzy logic

based on various parameters such as velocity, threat ID, heading, etc. Ding et al. [115] also

used fuzzy logic to decide the priority of threats. Some studies [116, 117, 118, 119] proposed

optimal threat scheduling algorithms for multiple PTZ cameras to minimize the uncertainty

of threat data using information theory. Khosla et al. [120] proposed a novel threat schedul-

ing algorithm for a radar-cued camera system. They considered time elapsed from the initial

detection, FOV of the camera, and a slew angle of the PTZ camera for threat capture to

determine the priority of the threats. The threat scheduling algorithms mentioned above

prioritize the risk posed by each threat over other concerns. These scheduling algorithms

are especially appropriate for ground-based sensing systems, which are less limited by size,

weight, power, and cost (SWaP-C) and which generally have a long sensing range.

Another strategy to cover the multiple number of threats is to use multiple host sensor

systems. The optimal drone placement problem has enjoyed considerable attention within

the larger context of wireless sensor networks (WSNs). Many of these studies have ad-

dressed ground target coverage problems using multiple camera-mounted drones. Various

approaches include the geometric algorithm [121], the brainstorm algorithm [122], the moth

search algorithm [123], the bare bones fireworks algorithm [124], and so on. These camera-

mounted drone placement algorithms address the ground target coverage problem using a

perspective camera model. Other studies [125, 126, 127, 128] have considered optimal place-

ment of camera-mounted drones with the aim of minimizing total energy consumption while

maximizing target coverage. Again, these efforts considered a perspective camera model,

rather than an omnidirectional or heterogeneous stereo vision setup.
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The studies above focused on ensuring ground target coverage, rather than minimizing lo-

calization error, and adopted a relatively simple camera model. Other studies on optimal

placement have emphasized target observation using a variety of visual sensors. Refer-

ences [129, 130, 131] propose algorithms that find optimal positions for ground-based mobile

cameras to maximize the aggregate observability of objects’ motion in a confined area. The

investigators used a pinhole camera model and implemented the algorithms both in the sim-

ulation environment and in experiments. Other work has addressed the problem of placing

multiple cameras for 3D reconstruction [132, 133, 134] and 3D motion capture [135]. The

investigators analyzed camera models to minimize the depth estimation error. However,

these studies involved indoor operation for objects at short distances. A number of papers

have provided a detailed analysis of triangulation-based localization error [136, 137, 138],

illustrating how this error is affected by both the location of sensors and the line-of-sight

(LOS) pointing angles from the sensors to a target. The authors then used these results to

develop optimal sensor placement algorithms to minimize the target localization error us-

ing ground-based robots. Reference [139] discusses triangulation-based localization accuracy

using two omnidirectional cameras to estimate the optimal positions.

A few studies have considered optimal placement of cameras with different fields of view.

Reference [140] defines various types of camera models to solve an area coverage problem.

Similarly, reference [141] addresses a target coverage problem using perspective cameras with

different FOVs. Reference [142] describes the use of omnidirectional and perspective cameras

to cover an area with the minimum number of cameras.

While a number of studies have considered optimal drone/camera placement to cover an

area, or to minimize the depth estimation error, none have addressed the localization of

threat aircraft using multiple aircraft equipped with heterogeneous camera systems.
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Peripheral-Central Vision (PCV)

System

3.1 Introduction

In this chapter, a peripheral-central vision (PCV) system that detects, localizes, classifies,

tracks and predicts the motion of sUAS for C-UAS applications is introduced. Fast and

reliable initial threat detection is crucial for a C-UAS system, so the camera system must

be able to see a large area at once. This observation suggests the use of an omnidirectional

“peripheral” vision camera for the initial threat detection. To provide continuous visual cov-

erage of the environment for threat detection, however, requires a wide FOV (“peripheral

vision”) camera. To classify a threat aircraft and estimate its pose, and to better predict its

flight path, a higher resolution image is required, as might be obtained from a narrow FOV

perspective (“central vision”) camera. Incorporating each type of camera affords an oppor-

tunity to use stereo vision for ranging. Accordingly, this chapter introduces a heterogeneous

“peripheral-central” vision system for a ground- or air-based C-UAS system that is capable

of detecting flying objects within a wide FOV, confirming and classifying these threats, esti-

mating their position (including range), velocity, and pose, and predicting their flight path

(Chapter 5). The PCV system hardware integration was conducted in collaboration with

others. The focus here is on the development of the system algorithms and the software for

19
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them. This work is presented in [16, 17, 18].

Figure 3.1: The flow chart of the PCV system

3.2 Peripheral-Central Vision System Setup

Referring to the left side of Figure 3.1, threat detection and characterization begins with

the peripheral vision system. First, the lens distortion of the peripheral vision imagery is

removed. The undistorted imagery is then stabilized using a homography matrix computed

from the image sequence. Threats are then detected by their motion through the undistorted,

stabilized imagery using optical flow. The bearing angle to the detected threat, measured

relative to the boresight axis of the peripheral vision camera, is then converted to an ap-

proximate bearing angle in a frame fixed in the central vision camera. This angle provides

a cue for the gimbal that controls the central vision camera’s attitude. The central vision

camera slews to the indicated direction and the threat is then detected in the central vision

image. The higher resolution image from the perspective camera enables the classification

of the threat using a deep neural network (DNN) and the estimation of its attitude using
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the method presented in [16]. In addition, a heterogeneous stereo vision strategy uses the

two distinct “threat vectors” obtained from the two camera images to estimate the threat

position.

Figure 3.2: Peripheral-central vision (PCV) system setup.

The Insta360 Air was selected as the peripheral vision camera. This camera contains two

fisheye lenses, providing 360◦ coverage in both azimuth and elevation, and is compatible with

a variety of embedded hardware systems and with widely used software tools such as those

available through OpenCV and the robot operating system (ROS). The GigE DFK Z12G445

color zoom camera from The Imaging Source serves as the central vision camera. This global

shutter camera captures images at up to 41 frames per second (fps) and has a software-

controllable, motorized 12x optical zoom lens. The GigE camera is mounted on an HDAir

Infinity MR S2 gimbal, which enables the camera to be directed by the cue provided from

the peripheral vision camera. These two cameras are accessed using ROS, installed on an

NVIDIA TX2. This on-board computer runs all system algorithms, such as detection and

cueing. The detailed camera specifications are shown in Table 3.1. Figure 3.2 shows the

PCV system setup, as configured for air-based operation. For ground-based testing, the

PCV system was wired directly to the ground station.
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Table 3.1: System parameters

Parameter
Peripheral Vision Camera

(Insta360 Air)
Central Vision Camera
(GigE DFK Z12G445)

Focal length (mm) 1.0 4.8 - 57.6
Sensor size (mm) 3.3 × 3.3 4.8 × 3.6
Pixel size (µm) 2.19 × 2.19 3.75 × 3.75
Resolution (px) 1,504 × 1,504 1,280 × 960

Size (mm) ϕ36.6 × 39.6 50 × 50 × 103
Weight (g) 26.5 330

3.3 Peripheral Vision Subsystem

While the peripheral vision camera system provides complete coverage, the images have

relatively low resolution and high distortion. The number of pixels associated with an object

at a given range is low, compared with a perspective camera, and varies nonlinearly over

the camera FOV. As an example, for the given camera, the pixel width of a 5 m object at

100 m distance is only 22 pixels, as shown in Figure 3.3a. When there are enough pixels on

the threat, the peripheral camera can provide information that is useful in characterizing a

threat, but the lens introduces a high level of image distortion, especially at the edges of

the image. Distortion can be partially addressed through proper camera calibration [143],

but the pixel density is unavoidably lower away from the camera boresight. As an example,

Figure 3.3b shows the relative pixel density for an undistorted Insta360 Air image versus

angle from boresight.

Image resolution is less of a concern in threat detection than in the other image processing

tasks, however, because detection methods such as the optical flow algorithm used here [144]

can detect moving objects with a small amount of pixels. A peripheral vision camera system

can be quite useful for initial threat detection because of its large FOV. Having detected a

threat, a central vision camera may be cued to investigate further. Any additional informa-
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tion that becomes available, e.g., when there are more pixels on the threat in the peripheral

image, can be combined with central vision imagery to improve overall awareness. The

complementary nature of the peripheral vision camera’s wide FOV and the steerable central

vision camera’s high resolution motivated the proposed architecture.

(a) Pixels on threat versus distances from cam-
era

(b) Relative pixel density of the undistorted im-
age

Figure 3.3: Capabilities of Insta360 Air

3.3.1 Image pre-processing

For a camera that is fixed in space, the pixels associated with static objects and with the

unmoving background do not move within an image. For an airborne system, however, the

camera translates and rotates as the aircraft moves, so the background and static objects

appear to move within the image. This apparent motion of static elements (camera ego

motion) must be eliminated in order to detect moving objects using optical flow.

The homography matrix indicates the relative rotation and translation between two images

of a given scene [145, 146, 147]. The homography matrix between consecutive frames of a

moving camera can therefore be used to remove the apparent motion in the image. This
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process is called image stabilization in the computer vision community; it is a software

variant of mechanical image stabilization. Computing a homography matrix requires the

pixel locations of common feature points in the sequence of images. A corner detector [148]

is applied to the peripheral camera imagery, and the optical flow algorithm is used to track

detected corners (feature points) in the next sequence of images. From the sequence of pixel

locations of selected feature points, the homography matrix is estimated using the RANSAC

algorithm [149], which generates an optimal estimate while excluding outlier feature points.

The homography matrix is estimated for each new image frame and is then used to remove

the effect of camera motion by rotating and translating the image.

Figure 3.4: Homography-IMU data fusion for image stabilization.

Homography-based image stabilization performs quite well in nominal conditions, but the

algorithm can be affected by lighting conditions and image noise. As an alternative, one may

consider image stabilization based on direct measurements of camera motion, obtained using

an inertial measurement unit (IMU). This approach compensates for camera motion using

camera pose data from the IMU, rather than homography data extracted from images. This

IMU-based approach requires that the image and inertial motion data be accurately syn-

chronized for a good performance, however, and the IMU’s accuracy is an important perfor-

mance factor. Moreover, the IMU-based approach cannot accurately account for the camera’s

translational motion, which is an effect that is included implicitly in the homography-based
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approach.

To leverage the strengths of both approaches, a data fusion Kalman filter was developed.

The fused camera motion data are converted to a rotation matrix that is used to stabilize

images for use in optical flow-based threat detection. The flow chart in Figure 3.4 illustrates

the image stabilization process.

Figure 3.5: Peripheral vision image before (left) and after (right) undistortion and stabiliza-
tion.

3.3.2 Threat detection using optical flow

Various computer vision algorithms have been proposed to detect a moving threat using

visual imagery. Attributes that are unique to a particular scenario can pose special challenges

or opportunities for visual detection. For a C-UAS system, for example, one may find that

flying objects appear with reasonable contrast against a static background (e.g., a clear blue

or overcast sky). Moreover, non-antagonistic aircraft, including many sUAS, include lighting

to make them more visible.

In the approach described here, an optical flow algorithm computes the translational dis-
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placement of pixels in consecutive images. Because the pixel coordinates change for an

object moving through an image against a static background, such pixel displacements sug-

gest possible threats. In order to detect a threat, several feature points within the image

are extracted using a corner detector. The optical flow algorithm is then applied to track

these feature points in consecutive images. Pixel velocity vectors whose magnitude exceeds

a threshold indicate candidate threats. A high threshold value may not detect anything,

while a low threshold value may misjudge every pixel as a moving object. To explore the

sensitivity of threat detection to conditions, representative “receiver operating characteristic

(ROC)” curves for optical flow detection are generated. Two experiments were performed.

In experiment 1, the threat was located relatively close (20 - 30 m) to the PCV system. In

experiment 2, the threat was farther away (50 - 60 m). Figure 3.6 shows a ROC curve of

each of these two experiments with detection threshold values varying from 0 px to 5.5 px.

Note the “knees” in the two ROC curves which indicate appropriate threshold values for

detection. For the closer threat, the knee occurs at a threshold value of 3.5 px. For the more

distant threat, the indicated threshold was 1.5 px. The threshold values for each range of the

threat were tuned in this way. For detection, a low threshold value (e.g. a threshold value

for threats at the maximum detectable range) is used to find threat candidates when the

threat range is unknown, and an object that has the fastest pixel speed among the candidates

is determined as the threat. Once the range of the threat using the ranging algorithm is

estimated (which will be described in the next chapter,) the threshold value is switched for

the corresponding threat range.

Special challenges arise in vision-based threat detection as proposed, and these are the subject

of continuing study. For example, a threat coming straight toward the camera may not be

detected since the optical flow algorithm detects relative motion in the image frame. Also,

a dynamic or variegated background will increase the number of false detections. This
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Figure 3.6: Receiver operating characteristic (ROC) curve to use to find an appropriate
threshold value for optical flow detection (data points: detection performance using different
threshold values)

problem may be addressed in part by adaptively tuning the detection threshold values and

by incorporating complementary feature-based detection algorithms.

After a threat is detected in the peripheral camera imagery, a Kalman filter estimates its

bearing in the central vision camera frame and cues the gimbal toward the threat. For

multiple threat detections, a scheduling algorithm can provide an optimal cueing sequence

[20]. When the optical flow algorithm loses track of a threat, the Kalman filter predicts

the threat’s pixel location based on its last known pixel velocity. If and when a direct mea-

surement of the threat location becomes available once again, the Kalman filter corrects the

threat location estimate that serves as a cue to the central vision camera. Figure 3.7 shows

example results for two (undistorted) images obtained using the peripheral vision camera

with Kalman filtering. Optical flow appears to be effective at detecting candidate threats

against a static background, even for threats of small pixel size. Given a manageably low

number of false detections, one may use the threat location and velocity in pixel coordinates,
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Figure 3.7: Example results of the optical flow detection with Kalman filter (red circle on
the left indicates a moving object detected by optical flow. The Kalman filter corrects its
estimation (a green dot) based on the detection. There is no optical flow detection on the
right, the Kalman filter predicts its estimation based on the estimated pixel position and
velocity.)

as described in the next sections, to cue the central vision camera system, which can then

classify the threat and estimate its position and attitude.

3.4 Cueing Algorithm

The threat detected by the peripheral vision camera must then be observed by the central

vision camera to obtain more detailed information such as position, velocity, attitude, and

classification. For the gimballed central vision camera to slew to the threat, a cue is re-

quired from the peripheral vision system. This section describes a cueing algorithm that

computes the azimuth and elevation angle of the threat in the central vision camera-fixed

reference frame. The section also discusses the error in this threat cue and its effect on threat

acquisition by the central vision camera system.
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3.4.1 Threat bearing angle

Having detected a threat and extracted its pixel coordinates from a peripheral vision image,

one may estimate the azimuth and elevation angles to the threat in a reference frame fixed

in the peripheral vision camera. These angles are then transformed to a frame fixed in the

central vision camera. Given the relative pose between the peripheral (“p”) and central (“c”)

vision cameras, as defined by the proper rotation matrix Rc/p and the translation vector Tc/p,

the threat vector in the central vision camera-fixed reference frame is

r⃗t/c =


xc

yc

zc

 =

[
Rc/p | Tc/p

]


upra
fp

vpra
fp

ra

1


(3.1)

where up and vp are the pixel coordinates of the threat in the peripheral vision image, fp

is the focal length of the peripheral vision camera, and ra is an “assumed range” to the

threat. The actual range is unknown, at this point, because the threat has only been imaged

by the single, peripheral vision camera. However, a range to the threat is needed in order

to compute the bearing angle in the central vision camera-fixed reference frame. There

are some methods for estimating range using a monocular camera, such as depth-from-

focus/defocus [150, 151, 152]. Because these methods are not robust for distant objects,

however, an assumed range is adopted instead to obtain the initial cue for the central vision

camera, and this assumed range is replaced by a more accurate estimate once the threat has

been acquired by both cameras.
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3.4.2 Optimal assumed range

Because an assumed range was used, the error between actual range and the assumed range

may lead the central vision camera to miss the object to which it has been cued. For example,

if the assumed range is 30 m, but the actual range is 90 m, the azimuth angle error would

be -3.5◦. If the actual range is 10 m, then the azimuth angle error would be 9.7◦. If this

cueing error is large, the threat may lie outside the central vision camera’s FOV and fail to

be acquired. To resolve this issue, an assumed range value which minimizes the cueing error

is chosen by computing the maximum absolute bearing error for each assumed threat range

and finding the assumed range which outputs the minimum absolute bearing error.

(a) Bearing error with example assumed ranges (b) Maximum absolute bearing error versus as-
sumed range

Figure 3.8: Optimal assumed range estimation

Figure 3.8a shows the azimuth error versus actual range to a threat for a number of assumed

ranges varying from 10 m to 100 m. (The maximum range at which the given peripheral

vision system can detect a sUAS is roughly 100 m.) When the assumed range is 10 m (blue

dotted curve) or 100 m (purple curve), the maximum absolute bearing error is nearly 15◦.

On the other hand, when the assumed range is 30 m (red dashed curve), the maximum
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absolute bearing error is 10◦, and less than 4◦ for threats beyond 20 m. An optimal assumed

range that minimizes the maximum absolute bearing angle error is indicated in Figure 3.8b

which shows the maximum absolute bearing angle error versus assumed range. As shown in

this figure, when the assumed range is 17.93 m, the maximum absolute azimuth angle error

is minimum, at roughly 7.3◦. The maximum elevation angle error is much smaller than the

maximum azimuth error and it is relatively insensitive to the assumed threat range, although

larger elevation angle errors may result for threats that are high above the horizon. In any

case, an assumed range of 17.93 m is used for the given system.

3.5 Central Vision Subsystem

While the peripheral vision camera system has a large FOV and low resolution, the pan-tilt-

zoom (PTZ) central vision camera has a narrower FOV, but high resolution. The central

vision camera is intended to obtain detailed imagery of a threat that has been detected by

the lower resolution peripheral vision camera. Once the central vision camera has slewed

toward the cue provided by the peripheral vision system and acquired the threat within an

image, the central vision camera begins to visually servo on the threat, classify the threat,

and estimate its position, attitude, and velocity.

3.5.1 Gimbal control for pan and tilt

The reference azimuth and elevation angles computed from peripheral vision imagery are

sent to the gimbal, which uses a PID controller to rotate the camera to the desired attitude.

The gimbal controller uses Kalman filtered orientation measurements that incorporate data

from an IMU fixed to the rotating camera frame and from the gimbal’s servo axis encoders.
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Because the gimbal’s IMU lacks a magnetometer, the gimbal’s yaw axis encoder angle is used

as the primary azimuthal orientation reference. The readings from the gimbal’s IMU are

recorded synchronously. The quality of the IMU filtered measurements should be considered

in determining the system’s ranging accuracy. The gimbal manufacturer claims an angular

precision of 0.02◦ in all axes, which has implications for using the central camera’s zoom

capability; a narrower FOV (e.g., fully zoomed) requires a smaller error in gimbal orienta-

tion to maintain the view of a threat during tracking. For the current system setting, the

minimum horizontal FOV of the central vision camera is about ±2.5◦. The gimbal precision

is fine enough to support tracking at full zoom, though accurate tracking also depends on

the disturbance environment and the servo-controller performance. In the implementation

described here, the central vision camera adopts its widest FOV when tracking the reference

cue to increase the likelihood of acquiring the threat.

3.5.2 Threat classification using deep learning

Object classification can reveal whether a detected object poses a threat and can aid in

motion prediction by indicating the performance capabilities of a given threat. A threat

taxonomy might include coarse categories of aircraft such as fixed-wing, helicopter, or mul-

tirotor, as well as other objects that might be mistaken for threats such as birds, kites, or

floating debris. Finer classifications might include specific models of aircraft. In general,

a finer taxonomy requires more development and implementation effort and more capable

sensing hardware. Here, a simpler, proof-of-concept classification strategy is used.

Several approaches to classification are described in the literature; the ones explored here em-

ploy machine learning and computer vision frameworks. Machine learning methods, specifi-

cally those involving neural networks (NNs), have been extensively developed for problems
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involving the detection and classification of objects in images. Existing deep NNs such as

MobileNet [153], YOLOv2 [154] and YOLOv3 [155] have been shown to exhibit high “true

positive” rates when trained on sufficiently large and diverse datasets. Both networks can be

accelerated to run in real-time using GPU resources, however performance depends strongly

on the datasets used to train the networks.

As a baseline test, an implementation of YOLOv3 that was trained on the Common Objects

in Context (COCO) dataset was used to generate bounding boxes around aircraft in images

obtained using the central vision camera. Some examples are shown in Figure 3.9.

Figure 3.9: Example results using COCO trained YOLOv3

Even with a generically trained NN, the aircraft is correctly detected at closer ranges. In

edge cases, however, such as when the aircraft descends below the horizon or appears against

a less distinct background, the NN tends to fail. Cases with image noise and lower pixel

coverage also result in false negatives. Because the focus here is on proof of concept rather

than performance optimization, the YOLOv3 implementation used pre-trained NN weights.

Retraining with a dataset that contains a variety of small UAS operating in a rich set

of scenes and environmental conditions would likely yield more robust NN detection and

classification.
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3.5.3 Zoom optimization

To make use of the central vision camera’s zoom capability, a control strategy was developed

to optimize the camera’s FOV when acquiring and tracking a threat. A low zoom value

(large FOV) reduces the chance that a disturbance to the camera’s orientation would cause

the threat to be lost from view. On the other hand, a high zoom value (narrow FOV) enables

better threat detection and characterization by providing more pixels on the threat. Here, I

consider how the zoom setting can be adjusted to optimize the tradeoff between these two

concerns.

Given the range r to the threat, which can be estimated using the algorithm described in

the next chapter, the FOV coverage Cc of the central vision camera is:

Cc =
rW c

s

f c (3.2)

where W c
s is the sensor width and f c is the focal length; see Figure 3.10. To prevent the

threat from leaving the FOV, the speed of the threat relative to the central vision FOV and

the margins around the threat within the FOV should be considered. For example, if the

FOV coverage of the central vision camera is 10 m at the threat range, and the threat width

is 2 m, the margin of the FOV is 4 m. In this case, if the threat relative speed is more than

4 m/s, then the threat will escape the static camera’s FOV in one second. Therefore, the

FOV margin should be larger than the (pixel) distance moved by the threat within a given

time period γt (say, 2 seconds), which depends on the system latency as well as the error in

the reference cue and in the measurements (e.g., gimbal orientation).

To formulate an optimization problem, consider that the threat size in the image should be

maximized to increase the number of pixels on the threat, but the threat should not escape



3.5. Central Vision Subsystem 35

Figure 3.10: Zoom optimization geometry

the camera’s FOV in time γt. These objectives are captured in the following:

Maximize
(
Wt

Cc

)2

s.t. γtvh −
Cc −Wt

2
= 0

(3.3)

where vh is the relative horizontal speed of the threat and Wt is the width of the threat.

Formulating the Hamiltonian

H =

(
f cWt

rW c
s

)2

− λ
(
γtvh −

rW c
s

2f c +
Wt

2

)
(3.4)

After that, H is differentiated by λ and f c.

∂H

∂λ
= γtvh −

rW c
s

2f c +
Wt

2
= 0 (3.5)
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∂H

∂f c =
2f cW 2

t
r2W c

s
2
− λ

(
rW c

s

2f c2

)
= 0 (3.6)

Solving (3.6) for the zoom setting gives

f c = rW c
s

3

√
λ

4W 2
t

(3.7)

Substituting into (3.5) gives

λ =
4W 2

t
(Wt + 2γtvh)3

(3.8)

Finally, (3.8) is substituted into (3.7) to find the focal length that maximizes the threat size

in the FOV while ensuring a sufficient margin to prevent losing the threat:

f c∗
h =

rW c
s

Wt + 2γtvh
(3.9)

Note that only the horizontal direction (Wt,W
c
s and vh) is considered in this formulation.

The optimal focal length for the vertical direction is computed in the same way:

f c∗
v =

rHc
s

Ht + 2γtvv
(3.10)

where Hc
s is the sensor height of the central vision camera and Ht is the height of the threat.

The optimal focal length is then taken as the minimum value of the focal lengths for the

horizontal and vertical direction:

f c∗ = min(f c∗
h , f

c∗
v ) (3.11)
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3.5.4 Monocular vision-based attitude estimation

The central vision camera of the peripheral-central vision system can estimate the atti-

tude of the threat aircraft using an algorithm presented in [16]. Because the central vision

camera provides a high-resolution image of the threat, the image can be searched for five

distinguished points on the threat aircraft: the nose, the two wing tips, and the two tips

of the horizontal stabilizer. (The geometry of the threat aircraft is assumed to be known,

or inferred from the high-resolution imagery.) In order to detect these feature points, the

image is first cropped to the region of interest and the edge of the threat in the image is

extracted using Canny edge detection [156, 157]. Next, the smallest pentagon which includes

the extracted edge is found; the vertices of this pentagon are adopted as the relevant feature

points of the threat aircraft.

These feature points are then used as inputs to the POSIT algorithm, a commonly used

3D pose estimation method that solves for the rotation matrix RTC describing the threat

aircraft’s attitude with respect to the central vision camera frame. Once RTC is obtained,

a rotation matrix RTG that maps free vectors from the global reference frame to the threat

frame is computed:

RTG = RTCRCG (3.12)

where RCG is the rotation matrix that maps free vectors from the global reference frame to

the central vision frame. The matrix RTG represents the attitude of the threat aircraft with

respect to the global reference frame. As implied above, this approach to threat aircraft

attitude estimation does assume that (1) the five distinguished points of the threat aircraft

are clearly visible in the image and (ii) the geometry of the threat aircraft is known.

In [16], a camera imagery of a fixed-wing unmanned aircraft obtained during 16 flight tests

is used, to check the performance of the attitude estimation algorithm. Table 3.2 shows the
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Figure 3.11: Visual pose estimation

average error magnitude between the attitude estimates from the estimation algorithm and

direct measurements obtained onboard the threat aircraft. As indicated by these experimen-

tal data, the estimation scheme gives reasonably accurate estimates of the threat aircraft

attitude. A primary source of the error reported in Table 3.2 is the error in the measured

attitude of the central vision camera, which is used to construct the rotation matrix RCG

in (3.12).

Table 3.2: Average error of pose estimation experiments

Value Roll Pitch Yaw
Average error magnitude (◦) 3.4 2.7 11.6
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Figure 3.12: Pose estimation geometry

3.6 Summary

This chapter describes a peripheral-central vision (PCV) system to detect, localize, and clas-

sify threats. The peripheral vision camera initially detects the threat using optical flow, after

image undistorton and stabilization. The threat bearing in the peripheral vision camera-fixed

reference frame is then transformed into the central vision camera-fixed reference frame with

an optimized assumed range. The central vision camera is then cued to slew toward the

threat. Once the threat is acquired by the second camera, the range is estimated using a

heterogeneous stereo vision algorithm and the assumed range is replaced with this estimate.

The refined range estimate is then used to compute the optimal zoom value. The more de-

tailed image of the threat available from the central vision camera allows one to classify the

threat using a deep neural network and also to estimate the pose of the threat. In the next

chapter, a dataset is generated using the developed system and algorithms in this chapter,

and the threat in the dataset is localized using the heterogeneous stereo vision algorithm.



Chapter 4

Heterogeneous Stereo Vision using

PCV System

4.1 Introduction

In the previous chapter, the system algorithms for the PCV system, a heterogeneous stereo

vision system comprising the peripheral vision camera and the central vision camera capa-

ble of pan-tilt-zoom (PTZ) operation, has been introduced. The peripheral vision camera

provides continuous visual coverage of the environment for threat detection, although with

relatively low and non-uniform resolution. The central vision camera complements the pe-

ripheral vision camera by providing a high-resolution image when cued to observe a threat.

The pair of cameras affords the opportunity to use stereo vision for estimating the 3D position

of the threat while the high-resolution image of the central vision camera allows monocular

vision-based estimation of the threat aircraft attitude. Thus, one may obtain the position of

the threat aircraft using the PCV system. In this chapter, the heterogeneous stereo vision

algorithm for the PCV system is introduced, and the localization algorithm is implemented

using the PCV system dataset. The error of the estimation and the sources of error are

discussed, and the system performance is analyzed as well. The dataset generation was con-

ducted with the assistance of collaborators, and my main contribution is on the development

of the system algorithms and the software which are described in this chapter. This work is

40
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presented in [17, 18].

4.2 Heterogenous Stereo Vision Algorithm

A camera image is generated when points on 3D objects are projected onto the camera

image sensor. As shown in Figure 4.1, the points A, B, and C are projected onto the same

image point of the right image sensor. The actual position of the point represented in the

image is therefore unknowable, without additional knowledge about the range to the object.

This issue is called “range ambiguity.” If an additional camera, viewing the same scene

from a different perspective, is given, the range ambiguity can be resolved by computing

an intersection of two lines of sight from the two cameras. The point B in Figure 4.1 is

an example. Conventional stereo vision algorithms normally assume two identical cameras

with parallel camera boresight axes. This configuration allows one to determine the range

to an object using a simple equation. The formulation must be modified for a heterogeneous

stereo vision system, however, because of high distortion in the peripheral vision image and

the non-parallel camera boresight axes. An omnidirectional camera calibration procedure

published by Scaramuzza et al. [143] addresses this issue, enabling conversion from 2D image

points on the large FOV camera image to corresponding 3D vectors. The 3D vector pointing

toward the threat from a given camera is referred to as a threat vector. The 3D position of

a threat can be estimated by computing the intersection of the threat vectors from the two

cameras.

Figure 4.2 depicts the threat vectors r⃗t/p and r⃗t/c for the peripheral and central vision

cameras, respectively. The intersection r⃗t/g of the threat in the global reference frame is

then

r⃗t/g = r⃗p/g +

∥∥r⃗t/c × r⃗p/c
∥∥∥∥r⃗t/c × r⃗t/p
∥∥ r⃗t/p (4.1)



42 Chapter 4. Heterogeneous Stereo Vision using PCV System

Figure 4.1: Stereo vision

where r⃗p/g and r⃗p/c represent the optical center position of the peripheral vision camera with

respect to the global frame and the central vision camera frame, respectively. (All vectors

in (4.1) are assumed to be expressed in the global frame.)

Figure 4.2: Geometry of threat localization

If two 3D threat vectors intersect, the threat position can be easily estimated using (4.1).

Several sources of error ensure that two threat vectors will rarely intersect. Following is an

incompletel list:
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• Lens distortion: the effect of light refraction through the camera lens can be partially

corrected through camera calibration, but cannot be removed entirely.

• Camera pose error: to compute the intersection point of threat vectors, the threat

vectors should be expressed in a common frame (e.g., the global frame). The position

and orientation of each camera frame in the global frame are obtained from an IMU

and a GPS sensor attached to each camera, but these measurements are imperfect.

• Feature correspondence: the point on the threat that determines the threat vector

for one camera, a point which is determined using a feature detection algorithm (e.g.

color detection, corner detector, etc.), may not correspond to the same detected feature

point in the other camera image.

Approaches have been suggested to address the non-intersection of threat vectors [158, 159,

160].

Mid-point method

The mid-point method computes the shortest line connecting two 3D vectors and uses a

middle point of the connecting line as an intersection as shown in figure 4.3. The mid-

point can be computed by finding a point that has the shortest distance from two threat

vectors [161, 162]. Let’s define an arbitrary point P , and the distance dp to r⃗t/p from P is

computed as:

dp = (I − r⃗t/pr⃗ T
t/p)(P − r⃗p/g) (4.2)

The distance between P and r⃗t/c is derived in the same way:

dc = (I − r⃗t/cr⃗ T
t/c)(P − r⃗c/g) (4.3)
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The closest mid-point P ∗ is then determined as a point that minimizes dp and dc.

P ∗ = arg min
P

(
∥dp∥2 + ∥dc∥2

)
(4.4)

Figure 4.3: Geometry of mid-point approach

This method is relatively easy to implement and fast to compute. However, if the error

in the threat vectors is large, the localization error in the stereo ranging method is also

large. Moreover, the mid-point method occasionally computes a (non-physical) negative

range [163].

Optimal method

An alternative, known as the optimal method, corrects the two 3D vectors based on the

epipolar constraint that is satisfied when two 3D vectors are on a common plane (the epipolar

plane). The two corrected threat vectors necessarily intersect.

The epipolar constraint is

< r⃗t/p, Er⃗t/c >= 0 (4.5)
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Figure 4.4: Geometry of optimal method

where the bracket indicates the inner product of two vectors, and E is the essential matrix

(E = [r⃗p/c]×Rp/c). Here, [r⃗p/c]× represents the skew-symmetric matrix of r⃗p/c. Let the

corrected threat vectors as ˆ⃗rt/p = r⃗t/p−∆r⃗t/p, and ˆ⃗rt/c = r⃗t/c−∆r⃗t/c, and these two corrected

vectors need to be satisfied the epipolar constraint while minimizing ∆r⃗t/p and ∆r⃗t/c, which

indicate the correction for threat vectors. An optimization problem is thus defined as below.

Minimize ∥∆r⃗t/p∥2 + ∥∆r⃗t/c∥2

s.t < (r⃗t/p −∆r⃗t/p)
T , E(r⃗t/c −∆r⃗t/c) >= 0

(4.6)

In order to solve this problem, a Hamiltonian function is defined.

H = ∥∆r⃗t/p∥2 + ∥∆r⃗t/c∥2 + λ(< (r⃗t/p −∆r⃗t/p)
T , E(r⃗t/c −∆r⃗t/c) >) (4.7)
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This can be solved in the same way as (3.4) for ∆r⃗t/p and ∆r⃗t/c.

∆r⃗t/p =
< r⃗t/p, Er⃗t/c > Er⃗t/c

< ET r⃗t/p, ET r⃗t/p > − < Er⃗t/c, Er⃗t/c >

∆r⃗t/c =
< r⃗t/p, Er⃗t/c > ET r⃗t/p

< ET r⃗t/p, ET r⃗t/p > − < Er⃗t/c, Er⃗t/c >

(4.8)

For more exact vector correction, the iterative higher order correction method is used in a

similar way. In this case as well, the corrections should be minimized while satisfying the

epipolar constraint for the final corrected vectors, ˆ̂r⃗t/p = ˆ⃗rt/p −∆ˆ⃗rt/p and ˆ̂
r⃗t/c = ˆ⃗rt/c −∆ˆ⃗rt/c

Minimize ∥∆r⃗t/p +∆ˆ⃗rt/p∥2 + ∥∆r⃗t/c +∆ˆ⃗rt/c∥2

s.t < ˆ⃗rt/p −∆ˆ⃗rt/p, E(ˆ⃗rt/c −∆ˆ⃗rt/c) >= 0

(4.9)

In the same way, a Hamiltonian function is defined and defined and solved until the ∆ˆ⃗rt/p

and ∆ˆ⃗rt/c are converges to ϵ which is a convergence threshold.

ˆ̂
r⃗t/p = r⃗t/p −

(
< ˆ⃗rt/p, E ˆ⃗rt/c > + < E ˆ⃗rt/c, p̃l > + < ET ˆ⃗rt/p, p̃r >

)
E ˆ⃗rt/c

< E ˆ⃗rt/c, E ˆ⃗rt/c > + < ET ˆ⃗rt/p, ET ˆ⃗rt/p >

ˆ̂
r⃗t/c = r⃗t/c −

(
< ˆ⃗rt/p, E ˆ⃗rt/c > + < E ˆ⃗rt/c, p̃l > + < ET ˆ⃗rt/p, p̃r >

)
ET ˆ⃗rt/p

< E ˆ⃗rt/c, E ˆ⃗rt/c > + < ET ˆ⃗rt/p, ET ˆ⃗rt/p >

(4.10)

The threat vectors r⃗t/p and r⃗t/c are corrected to corrected threat vectors, ˆ̂r⃗t/p and ˆ̂
r⃗t/c, and

these vectors finally intersect. The intersection point is thus able to be estimated using (4.1).

For the implementation in this chapter, the optimal method is used to correct the threat

vectors since the optimal method gives less localization error than the mid-point method.
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4.3 System Architecture and Data Acquisition

The algorithms and hardware are finally integrated into a PCV system to generate a dataset.

In this section, the architecture of the PCV system and the data generation setup are il-

lustrated. The dataset is generated using ground-based and air-based PCV systems with

various types of mock threats. The pros and cons of each type of the PCV system are

described here.

Figure 4.5 depicts the experimental setup for the dataset in which a mock threat aircraft

streams its position to a ground station, providing ground truth to assess the localization

strategy. For the PCV system, the GPS position of the system and the imagery from the two

cameras are acquired and processed on an Nvidia TX2. The hardware and software setup

is based on the ROS framework. After processing the data, the pointing cue is sent to the

gimbal for the central vision camera. All data are stored in the rosbag file format.

Figure 4.5: Setup for generating image datasets

Experiments were performed using two PCV configurations – ground-based and air-based

– and various types of mock threat. In a given experiment, a threat maneuvers within
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the detectable range – 100 m for the current system specifications – and the PCV system

observes and records the data on the ground or in the air while hovering and maneuvering.

Mock threats included: a human, a quadcopter, a fixed-wing UAV, and a manned aircraft.

Table 4.1 shows the details of the dataset that was gathered.

Table 4.1: PCV system dataset

Host Type Threat Type Time Duration (min)

Single ground-based Human 20
Quadcopter 4

Single air-based Multi-rotor 20
Fixed-wing UAV 19

Double air-based Quadcopter 30

Advantages of the ground-based PCV system include unlimited power, low position error

for the camera system, and clear, steady imagery. For these and other reasons, the ground-

based PCV system is easier to use and its data are easier to process, since there is no need to

stabilize the imagery. It is not surprising that more than 70% of commercial Counter-UAS

systems are ground-based [12].

The primary disadvantage of a ground-based PCV system is its inability to vary the camera

perspective. For some threats in the counter-UAS application, the ability to induce particular

relative motions by maneuvering the host could aid detectability and localization accuracy.

Moreover, a threat detection and tracking system developed for use on a small unmanned

aircraft can serve the dual purpose of ABDAA. One of the virtues of the PCV system is the

low SWAP-C that enables it to easily integrated into a small UAS. The performance of the

air-based system, on the other hand, is affected by GPS accuracy, image quality from the

moving platform, and battery life.

One issue for both of single PCV system configurations that were tested is the short baseline
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(2 m) between the central vision camera and the peripheral vision camera. Because the

PCV system estimates the threat position based on triangulation, as shown in Section 4.2,

a shorter baseline can increase the error in the threat vector error; this issue is discussed

further in Section 4.5. To explore the opportunities afforded by larger baselines, a second

PCV system is constructed and used in parallel.

Figure 4.6: Example dataset images: synchronous peripheral (left) and central (right) vision
images

For the dataset collected using the ground-based system, 2 types of threat were used: a

human and a quadcopter. For the air-based system, 2 types of threat were used: a quadcopter

and a fixed-wing UAV. While the central vision camera is physically stabilized by the gimbal,

the peripheral vision camera was affected by vibration when obtaining data from the air-

based system. The peripheral imagery was software-stabilized as described in Section 3.3.1.

The dataset includes imagery of the threat from two cameras, the host’s GPS location, the

threat’s GPS location, and the gimbal orientation for the central vision camera. The dataset

is used to test the detection algorithms and the localization algorithm. The figure 4.6 shows

the example imagery of the dataset.
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4.4 Threat Localization Results

The heterogeneous stereo vision algorithm is implemented in ROS-based software by re-

playing the rosbag dataset mentioned in the previous section. Figure 4.7 shows a screenshot

of the ROS-based threat localization software. Once the threat is detected in both camera

images, threat vectors from the two cameras are generated (the rays originating from the two

camera frames in Figure 4.7), and the intersection point of two threat vectors is computed

to estimate the threat’s position. The threat in the dataset has its own GPS, for ground

truth, and this independent position measurement is compared with the estimated position

to check the localization performance.

Figure 4.7: Threat localization

Figure 4.8a depicts the localization error (an absolute distance error between the ground

truth threat position and the estimated threat position) versus the range of the threat using

a single PCV system. The red curve in the figure illustrates a fit to the localization error.

As shown in the figure, the fitted localization error is around 50% and the error variation is

quite large.
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(a) Localization error using single PCV system (b) Localization error using two PCV systems

Figure 4.8: Threat localization error of the dataset

One major source of error in the threat vectors is the feature extraction error. The feature

extraction algorithms applied to both camera images are not guaranteed to detect the threat.

If one of the cameras detects the threat incorrectly, the localization error is large, as reflected

in Figure 4.8a. Another source of localization error is the relatively short (2 m) camera

baseline. (This issue is explored further in the following section.) The localization error

for the given PCV system increases rapidly with threat range. For comparison, Figure 4.8b

shows the localization error with two PCV systems, where the camera baseline is 90 m. In

this figure, a large error variation is still observed due to feature extraction error, but because

of the greater range to the threat, the fitted localization error is reduced to around 10%,

much less than for the single PCV system. Also, the localization error does not increase as

rapidly with increasing range compared with the single PCV system. These results affirm

the well-known fact that a longer baseline improves triangulation accuracy. Ongoing work

involves the coordinated use of multiple ground- and air-based PCV systems for counter-UAS

and cooperative ABDAA applications. As shown in the results, system parameters such as

the camera baseline affect localization performance.
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4.5 System Analysis

As mentioned in the previous section, localization error is affected by several system param-

eters. In this section, parameter effects on localization error is analyzed using Monte Carlo

simulation results.

4.5.1 Localization error analysis

Numerous issues contribute to threat localization error including feature extraction error,

camera calibration, lens distortion, camera resolution, inertial sensor accuracy, and gimbal

sensor accuracy as well as the length of the baseline between the two cameras. The baseline

of the single PCV system is 2 m, and the minimum pixel coverage needed to detect a threat

using the optical flow algorithm with peripheral vision imagery is about 25 px (5 px wide

× 5 px high). The minimum pixel coverage for detection using Yolov3 with central vision

imagery is about 900 px (30 px wide × 30 px high). Even after undistorting peripheral

camera imagery, the low relative pixel density near the edges of the image can prevent the

detection of threats in these regions. The problem is compounded because the undistortion

function automatically interpolates pixel values, backfilling gaps in regions with sparse pixel

coverage. All these sources of error aggregate, resulting in an erroneous threat vector from

which the localization error may be assessed.

To investigate measurement uncertainty, Monte Carlo simulations were implemented using

the system parameters shown in Table 3.1. Zero-mean Gaussian noise is superimposed to the

threat vectors in the horizontal direction (camera sensor width direction) and the vertical

direction (camera sensor height direction) of the camera-fixed reference frame, corresponding

to a 30 px standard deviation for the peripheral vision image and a 3 px standard deviation

for the central vision image, under the assumption that there is no feature extraction error.
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(a) Localization error using 2 m baseline (b) Localization error using 100 m baseline

Figure 4.9: Localization error versus threat range from Monte Carlo simulation

This synthetic error was tuned empirically to closely match that of the actual hardware. Lo-

calization error estimates with the random Gaussian noise are obtained from 10,000 samples

and averaged. The trends observed in these 10,000 samples were evident in the first 1,000

samples, suggesting that 10,000 samples are sufficient. Multiple of these Monte Carlo simu-

lations were conducted by varying the threat range. Figure 4.9 shows the localization error

using a 2 m baseline and a 100 m baseline, as obtained from Monte Carlo simulations. The

localization error increases with distance to the threat, similar to the experimental results in

Figure 4.8. As shown in Figure 4.8 and Figure 4.9, the localization error can be reduced by

increasing the baseline of the PCV system. In the following section, a system performance

analysis is conducted to see the relationship between system parameters, such as camera

position and resolution, and localization accuracy.
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4.5.2 System performance analysis

Localization error is affected by a number of system parameters, including the camera base-

line, resolution, etc. The quality of the peripheral vision camera, in particular, dominates the

performance of the PCV system described here. In order to compare the PCV system per-

formance using different system parameters, the localization error is computed from Monte

Carlo simulations using various values for camera location and peripheral vision camera

resolution.

Camera location. A formula is given in [136] relating triangulation-based localization

error and sensor error:

δr =

∥∥r⃗t/p
∥∥∥∥r⃗t/c

∥∥
sin θ δs (4.11)

where δr is the magnitude of the localization error, δs is the magnitude of threat vector error,

and θ is the intersection angle between two threat vectors

θ = cos−1

(
r⃗t/p · r⃗t/c∥∥r⃗t/p
∥∥∥∥r⃗t/c

∥∥
)

Equation (4.11) implies that a shorter range to the threat and a nearly orthogonal viewing

angle ensure the smallest localization error. Figure 4.10a shows the localization error ob-

tained from the Monte Carlo simulations in which the threat range is fixed at 50 m but the

intersection angle θ is varied. As shown in the plots, localization error decreases with larger

intersection angles, which helps to explain why the longer baseline improves localization

accuracy in Figures 4.8 and 4.9. Figure 4.10b shows the localization error with a fixed inter-

section angle θ = 90◦ and varying range to the threat. The localization error increases with

increasing range, at only about 6 cm per meter. Analysis indicates that both threat range

and intersection angle θ are important determinants of localization accuracy, but θ appears

to play the more important role. Accuracy degrades quickly for threat vector intersection
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angles less than about 30◦.

(a) Localization error with constant threat
range (50 m)

(b) Localization error with constant intersection
angle (90◦)

Figure 4.10: Localization error using Monte Carlo simulation

Peripheral vision camera resolution. The peripheral vision camera has a lower reso-

lution than the central vision camera because of the wide FOV. (See figure 4.6.) The PCV

system localization performance is thus more affected by the peripheral vision camera reso-

lution than that of the central vision camera. Recalling that localization from a single image

is impossible, because of the range ambiguity, it is intuitive that system performance would

be limited by the lower resolution camera.

Note that the absolute localization error indicated in these performance analysis results is

partly a consequence of system architecture choices unrelated to optical performance, such

as the need for a low SWaP-C system that is compatible with a ROS computing framework.

The emphasis here is on the relative effects of various system parameters, rather than on

absolute performance, which could easily be improved by using higher quality optics.
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(a) Maximum detectable range along with the
peripheral vision camera resolution

(b) Localization error along with the peripheral
vision camera resolution

Figure 4.11: The effect of the peripheral vision camera resolution

The maximum detectable range of the system is estimated as follows:

Rmax =
Wtγ

pfp

Wsγp
(4.12)

where Wt and Ws are the width of the threat and the camera sensor, respectively, fp is the

focal length of the camera, γp is the horizontal resolution of the camera (in px), and γp is the

minimum number of pixels required by the detection algorithm. Therefore, the maximum

detectable range of the current system for a 1 m-size threat is 100 m. Figures 4.11a and 4.11b

illustrate the maximum detectable range and range error, respectively, along with the pe-

ripheral vision camera resolution. As shown in figure 4.11a, the maximum detectable range

increases almost linearly with resolution, which means a higher resolution peripheral vision

camera enables detection of more distant threats. Each plot in figure 4.11b indicates the

localization error for several example threat ranges. As shown in the figure, the localization

error decreases with increasing camera resolution, but a “knee” is observed which indicates

a diminishing return beyond roughly 5 MP. Considering that the resolution of the current
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peripheral vision camera is 2.26 MP, increasing the peripheral vision camera’s resolution

5 MP would be a reasonable next step for improving system performance.

4.6 Summary

In this chapter, the heterogeneous stereo vision algorithm for the PCV system is explained.

In order to assess the threat localization performance, an experimental dataset was gener-

ated using a variety of mock threats. Results show that the localization accuracy is quite

limited using the current low-cost cameras in the given configuration. Analysis of local-

ization error for the experimental dataset obtained using a single PCV system revealed a

large localization error with large variation. The large error variation is due to error in the

threat vectors, for which the major contributor is feature extraction error. I also observed,

however, that localization error decreases substantially with a longer baseline as obtained in

experiments using two PCV systems. Monte Carlo simulations allowed further investigation

of the effect of system parameters on the localization error. The results indicate that for

threat vector intersection angles smaller than about 30◦, localization error increases rapidly.

The short baseline configuration of a single PCV system places a fundamental limit on stereo

ranging accuracy, but multiple PCV systems operating in concert can provide much more

accurate range estimates. This accuracy is also influenced, however, by camera quality and

performance of the feature extraction algorithm that helps to define the threat vector.



Chapter 5

Fixed-wing Aircraft Path Prediction

Based on Attitude Data

5.1 Introduction

As the personal and professional uses of small unmanned aircraft systems (sUAS) continue

to expand, and the number of these aircraft increases, concern is rising about the possibility

of malicious mis-use and mid-air collisions. Concern about collisions between sUAS and

manned aircraft is supported by recent unauthorized flights of sUAS over major airports

that have resulted in airport closures and travel disruptions [9]. Long before concerns about

sUAS arose, however, the aviation industry was addressing the risk of mid-air collisions

between manned aircraft.

A path prediction method that uses an estimate of the pose of a threat aircraft, focusing

on fixed-wing airplanes is proposed in this chapter. The idea that a threat aircraft’s pose

may be available to inform path prediction is supported by the increasing sophistication

of computer vision based sensing systems, as mentioned above. With the development of

lightweight, low-power camera technologies, a host aircraft can easily acquire high resolution

images from which the attitude of a threat aircraft can be obtained using computer vision and

machine learning [16, 17, 164, 165, 166, 167, 168]. Active sensing, such as radar, has shown

good performance for position estimation of threat sUAS [27, 169, 170, 171]. Therefore, the

58
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position and attitude of a threat sUAS can be extracted from an on-board sUAS sensing

system of a host aircraft. A new model-based path prediction algorithm for a small, fixed-

wing, unmanned aircraft which incorporates an estimate of the threat’s attitude and its

position is introduced.

Here, an algorithm to estimate two types of specific power of a threat aircraft which is the

conventional specific excess power and an energy-conserving specific power that accounts for

changes in path direction is introduced. These power terms are inferred from position and

attitude data obtained from visual imagery, for example, and are then used in a particle

dynamic model of the threat aircraft’s motion for path prediction. The proposed prediction

algorithm and an amended algorithm which also estimates wind velocity are compared with

a more conventional position-based prediction method. This work is published in [19].

5.2 Path Prediction Algorithm

Consider a fixed-wing unmanned aircraft modeled as a point mass and let r⃗ = [x, y, z]T

denote the position of the aircraft in a global frame, which is assumed to be an inertial

reference frame. The position variables are assumed to be extracted from visual imagery

using the peripheral-central vision system introduced in the previous chapters. Also define

the inertial velocity v⃗ = [ẋ, ẏ, ż]T and acceleration a⃗ = [ẍ, ÿ, z̈]T . Finally, define the vector

X = [r⃗T , v⃗T , a⃗T ]T (5.1)

by concatenating position, velocity, and acceleration. For a small, constant, discrete time

step ∆t, the aircraft position, velocity, and acceleration at time tk+1 can be estimated from
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the values at time tk as follows:

Xk+1 =


I3×3 ∆t 1

2
(∆t)2

0 I3×3 ∆t

0 0 I3×3

Xk (5.2)

Because the position history obtained from measurements is likely to be noisy, the velocity

at time-step k may be estimated using a moving window average of finite differences over

the past n time steps

v⃗k =
1

n∆t

k∑
i=k−n+1

(r⃗i − r⃗i−1) (5.3)

where r⃗i is the position estimate of the threat aircraft at time step i. For the acceleration,

two estimation approaches are considered: (1) using a moving window average of finite

differences, as above, and (2) using a particle dynamic model for aircraft motion. The first

approach is often used since it requires no model and performs well when the threat aircraft

is operating near steady state [172]. However, a sUAS is maneuverable and susceptible

to wind disturbances, so its acceleration can change quickly. The second approach uses

the position and attitude data, together with aircraft equations of motion, to estimate the

aircraft acceleration. This approach responds more quickly to a changes in acceleration than

the first method. The latter approach was considered in [16] for 2D flight and was shown

to perform better than the first method for predicting steady turning flight paths. In this

chapter, the two approaches are compared for more general cases of 3D flight.

Using the second approach, the acceleration a⃗ can be computed using the threat aircraft

velocity and its orientation, with the understanding that the aircraft’s attitude influences

the aerodynamic forces affecting its motion. Let Ω = [0, γ̇, ψ̇ cos γ]T where γ and ψ are the

flight path angle and course angle, respectively. These angles are extracted from the threat’s
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inertial velocity, which is inferred from measurements by the host aircraft. The algorithm

to compute the angular rates is described shortly. The acceleration a⃗ is

a⃗ = a⃗t + a⃗n

= a⃗t + Ω× v⃗
(5.4)

where a⃗t is the acceleration tangent to the flight path and a⃗n is the acceleration normal

to the flight path. Each acceleration vector can be computed using the particle dynamic

equations of motion for a fixed wing aircraft:

dx

dt
= V cos γ cosψ (5.5)

dy

dt
= V cos γ sinψ (5.6)

dz

dt
= V sin γ (5.7)

dV

dt
= g

(
T −D
W

− sin γ
)

(5.8)

dγ

dt
=

g

V

(
L

W
cosϕ− cos γ

)
(5.9)

dψ

dt
=

g

V

L

W

sinϕ
cos γ (5.10)

where L, W , T and D are lift, weight, thrust and drag force, respectively, ϕ is the roll angle

of the aircraft, V = ∥v⃗∥ is airspeed, assuming flight in still air, and g is the local specific

force of gravity (See Figure 5.1.) Using these equations, Ω and v⃗ in (5.4) are estimated under

the assumption that lift is perpendicular to thrust which, in turn, is aligned with the flight

path [173, 174].



62 Chapter 5. Fixed-wing Aircraft Path Prediction Based on Attitude Data

Figure 5.1: Applied forces acting to a fixed-wing aircraft

5.2.1 Acceleration in steady flight

In order to compute acceleration using (5.8)-(5.10), the unknown forces L, W , T and D are

required. In this subsection, the simplifying assumption that the threat aircraft is always in

a state of steady flight is made; the most general case of which is constant-speed flight at

a constant climb angle and a constant turn rate, i.e., constant-speed flight along a vertical

helix. Noting that V and γ are constant in steady flight, equations (5.8-5.9) imply that [172,

175, 176, 177]:

T = W sin γ +D (5.11)

L cosϕ = W cos γ (5.12)

Equation (5.10) then gives

ψ̇ =
g

V
tanϕ (5.13)
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Since a⃗t and γ̇ are zero in steady flight,

a⃗ = Ω× v⃗ =


0

0

ψ̇ cos γ

×

ẋ

ẏ

ż

 =


− g
V
ẏ tanϕ cos γ

g
V
ẋ tanϕ cos γ

0

 (5.14)

5.2.2 Estimation of acceleration in unsteady flight

The equations in the previous section work well for wings-level or steady, turning flight.

However, sUAS can change their acceleration quickly, due either to control inputs or to

disturbances. In these cases, the steady flight assumption is inappropriate. Here, the steady

flight assumption is relaxed and the acceleration is estimated using concepts of specific energy

and power. First, because the speed of the aircraft may change, a⃗t in (5.4) is no longer zero:

a⃗ = a⃗t + Ω× v⃗ =


ẍt

ÿt

z̈t

+


0

γ̇

ψ̇ cos γ

×

ẋ

ẏ

ż

 =


ẍt − ψ̇ẏ cos γ + γ̇ż

ÿt + ψ̇ẋ cos γ

z̈t − γ̇ẋ

 (5.15)

In this case, the forces no longer balance as in (5.11) and (5.12).

The applied forces needed to estimate the acceleration of the threat aircraft are unknown.

Here, the energy rate of the aircraft is estimated in order to approximate these forces.

Reformulating equation (5.8) in terms of specific excess power gives [108, 178, 179, 180]:

(T −D)V

m
= V V̇ + gż (5.16)

The left-hand side of (5.16) is the specific excess power and the right-hand side is the rate

of change of specific energy due to (i) along-track acceleration and (ii) climbing in a gravi-
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tational field.

Similarly, equation (5.9) is reformulated as

LV

m
=

V

cosϕ

(
V γ̇ + g cos γ

)
(5.17)

Like (5.16), the left-hand side of (5.17) has units of specific power. This power is due to lift,

however, rather than excess thrust. It accounts for energy-conserving changes in the flight

path direction. The right-hand side of (5.17) can be interpreted as a conservative exchange

of energy between vertical and lateral motion.

Alligier et al [178, 179] proposed least squares estimation of the aircraft mass based on the

path history for climb path prediction. In their work, T and D are known, allowing one to

compute the mass from (5.16). For the case considered in this chapter, T , D and m are all

unknown, so the specific excess power

Pexcess =
(T −D)V

m
(5.18)

is estimated instead of the mass. Equation (5.16) enables one to estimate Pexcess by computing

the specific energy rate Ėexcess = V V̇ + gż of a data point:

Pexcess = Ėexcess (5.19)

Here, the along-track acceleration V̇ is estimated from measurements using a moving window

average, as in (5.3). A least-squares estimate based on several consecutive data points is used.

In this formulation, Pexcess is assumed to remain constant over a short time window (e.g., 1

second). Computing the cumulative squared error between the estimated constant value of
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Pexcess and the computed values Ėexcess over n data points up to time step k gives

eexcessk =
1

n

k∑
i=k−n+1

(Pexcess − Ėexcessi)
2 (5.20)

The best estimate of Pexcess is the least square solution obtained by solving

deexcessk
dPexcess

= 0 ⇒ Pexcessk =
1

n

k∑
i=k−n+1

Ėexcessi (5.21)

That is, Pexcessk is taken as the average specific energy rate over n previous time steps.

In a similar way, referring to (5.17), the specific power acting normal to the flight path is

Pnorm =
LV

m
(5.22)

This term may be computed in terms of the energy rate

Ėnorm =
V

cosϕ

(
V γ̇ + g cos γ

)
(5.23)

As before, Pnorm is assumed to remain constant over an n-step time horizon yielding the

approximation

Pnormk
=

1

n

k∑
i=k−n+1

Ėnormi
(5.24)

The resulting specific power terms, Pexcess and Pnorm, are substituted directly into the aircraft

equations of motion (5.8-5.10) noting that

T −D
W

=
Pexcess

V g
(5.25)

L

W
=

Pnorm

V g
(5.26)
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Thus,

dV

dt
=

(
Pexcess

V
− g sin γ

)
(5.27)

dγ

dt
=

1

V

(
Pnorm

V
cosϕ− g cos γ

)
(5.28)

dψ

dt
=

Pnorm

V 2

sinϕ
cos γ (5.29)

The acceleration in (5.27) is projected onto each axis to determine the components of tan-

gential acceleration:

ẍt =

(
Pexcess

V
− g sin γ

)
cos γ cosψ

ÿt =

(
Pexcess

V
− g sin γ

)
cos γ sinψ

z̈t =

(
Pexcess

V
− g sin γ

)
sin γ

(5.30)

In the end, one obtains the following expressions for acceleration of the threat aircraft:

a⃗ =



(
Pexcess
V
− g sin γ

)
cos γ cosψ − Pnorm

V 2 ẏ sinϕ+ 1
V

(
Pnorm
V

cosϕ− g cos γ
)
ż(

Pexcess
V
− g sin γ

)
cos γ sinψ + Pnorm

V 2 ẋ sinϕ(
Pexcess
V
− g sin γ

)
sin γ − 1

V

(
Pnorm
V

cosϕ− g cos γ
)
ẋ


(5.31)

Finally, the resulting velocity and acceleration are concatenated to form the state vector Xk

and the future path of the threat is estimated as in (5.2).
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5.2.3 Correcting for wind

To estimate and correct for the wind, the predicted path is compared with the measured

path, attributing any error to wind disturbances. More specifically, I formulate an opti-

mization problem to determine the aircraft velocity that minimizes path prediction error.

The difference between this minimum-error velocity and the velocity predicted as described

above provides an estimate of the ambient wind.

Given the current position r⃗k, velocity v⃗k from (5.3), and acceleration a⃗k from (5.31), the

position l time steps in the future can be estimated using (5.2):

r⃗ p
k+l = r⃗k + v⃗k(l∆t) +

1

2
a⃗k(l∆t)

2 (5.32)

= r⃗k + v⃗k(l∆t) +
1

2
(⃗atk + Ωk × v⃗k) (l∆t)2 (5.33)

In order to compare the actual position history and the predicted position history, an aver-

aged distance error at time step k between the two n-step histories is estimated as follows:

ep
k =

1

n

k∑
i=k−n+1

∥r⃗ a
i − r⃗

p
i ∥ (5.34)

where r⃗ a
i is the actual position, and r⃗ p

i is the predicted position at time i.Having defined

an error metric, a velocity value v⃗ ∗
k which minimizes the error ep

k can be estimated. This

optimal velocity is obtained by solving the following equations:

v⃗ ∗
k = arg min

v⃗k

ep
k = arg min

v⃗k

1

n

k∑
i=k−n+1

∥r⃗ a
i − r⃗

p
i ∥ (5.35)

The difference between the minimum-error velocity v⃗ ∗
k obtained through the optimization

process above and the estimate v⃗ ∗
k obtained by assuming flight through still air provides an
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estimate for the wind velocity:

δv⃗k = v⃗ ∗
k − v⃗k (5.36)

Note that this wind disturbance is based on a moving-window average; implicitly, the wind

is assumed to vary slowly in time and space. In the following section, the prediction perfor-

mance based on the optimized velocity v⃗ ∗
k , which attempts to correct for the effect of wind,

is compared with the prediction performance using only position or position-plus-attitude

measurements.

Figure 5.2: Flow chart of the algorithm

5.3 Flight Data

In order to assess the proposed algorithm, experimental flight data for two fixed-wing sUAS,

the eSPAARO and HobbyKing Bixler, are used. The publicly accessible Small Aircraft Flight

Encounters (SAFE) Data Repository [28] includes flight data for these aircraft.

Each flight data set contains full state history data as well as estimates of wind speed. A flight

of a fixed-wing sUAS generally consists of various, distinct segments including straight and

level flight, turning flight, and maneuvering flight. In order to see how the path prediction

performance differs for each type of flight, the flight data are parsed into these three types,
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as shown in Figure 5.3.

Figure 5.3: Path segmentation for a representative flight test: Complete flight path history
(left), straight flight segments (center), and turning flight segments (right)

Table 5.1: Number of paths used for algorithm evaluation

Parameter eSPAARO Bixler
Straight flight 28 11
Turning flight 28 12

Maneuvering flight 7 20

Table 5.2: Specifications of aircraft used

Parameter eSPAARO Bixler
Length 2.81m 0.95m

Wingspan 3.57m 1.55m
Mass 20kg 1.2kg

Propulsion power 740W 28W
Cruise speed 18m/s 10m/s

Table 5.1 shows the number of each type of flight for each aircraft. As indicated in Table 5.2,

the Bixler is lighter and smaller than the eSPAARO, so the Bixler is more maneuverable

while the eSPAARO tends to fly more steadily. The Bixler has a greater number of ma-

neuvering flight segments in the dataset than the eSPAARO. After segmenting the flight

paths, three path prediction algorithms were applied to each type of flight path to compare
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the performance: (i) position-based prediction, (ii) pose-based prediction, and (iii) pose-

plus-wind prediction. The position-based prediction algorithm estimates the acceleration by

simply computing a discrete-time filtered derivative of velocity from telemetry data. The

pose-based method uses the pose and aircraft equations of motion to estimate the acceler-

ation as described in Section 5.2.2. For the purpose of this chapter, pose is taken directly

from the threat aircraft data log. In practice, pose would be inferred (with inevitable error)

from visual imagery as suggested in [16]. The pose-plus-wind prediction algorithm computes

the acceleration in the same way as the pose-based method and corrects the path prediction

as described in Section 5.2.3. The flight data includes the position and pose data of the

aircraft with the GPS time. Using the GPS time, the algorithm is assessed by re-playing the

flight data as shown in Figure 5.4. This figure shows flight path data from a maneuvering

flight of the Bixler aircraft. The light blue line depicts the actual path of the aircraft, and

the red asterisk shows the aircraft position at the current time-step. The thick blue line in-

dicates the predicted path, and the green line represents the actual path over the prediction

time horizon. The following section describes a comparison of the three approaches to path

prediction described earlier using flight test data.

5.4 Results

Path prediction performance for the two, small, fixed-wing unmanned aircraft described in

Section 5.3 is evaluated by comparing the predicted path to the actual path of the aircraft.

The left column of Figure 5.4 shows an example of path prediction using the position-based

approach, from two vantage points, and the right column shows the path prediction using

the pose-plus-wind approach.

In the figure, the predicted path using the pose-plus-wind approach (right column, thick blue
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Figure 5.4: Path prediction (blue line) using position data only (left column) and pose-plus-
wind (right column). The top and bottom plots show predictions at different times within
the same data set, and from different view points.

lines) is more similar to the actual path (green lines) over the prediction time horizon than the

one using the position-based approach (left column, thick blue lines). Anecdotally, the pose-

plus-wind prediction method performs at least as well – and sometimes significantly better

– than the position-based method. Beyond the anecdotal evidence shown in Figure 5.4,

a quantitative performance comparison for the flight segments identified in Table 5.1 is

presented here.

Although wind estimation is not the focus of this chapter, the wind is a critical factor for

sUAS path prediction. Some wind estimation results is thus discussed in this section, as
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Figure 5.5: Wind estimation for the eSPAARO over two 30-second intervals.

Figure 5.6: Wind estimation for the Bixler over two 30-second intervals.

well. Figures 5.5 and 5.6 show the estimated wind disturbance and the actual wind velocity.

(Here, the wind estimate provided by the threat aircraft’s Pixhawk 1 autopilot is taken

as the true wind velocity.) Red, blue and green lines indicate the three components of

δv⃗ ∗ = [δvx, δvy, δvz]
T , respectively. Dashed red and blue lines show the true wind speed in

the x direction (Wx) and the y direction (Wy), respectively. As can be seen in the figures,

δvx and Wx are comparable, as are δvy and Wy, which indicates that the estimated wind

disturbance coincides with the actual wind velocity.

The following section provides a quantitative performance comparison for the proposed path
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prediction methods, as well as an assessment of wind estimation accuracy for the pose-plus-

wind prediction method.

Figure 5.7: Averaged distance error ep for straight flight of two aircraft without noise (left:
eSPAARO, right: Bixler)

Figure 5.8: Averaged distance error ep for straight flight of two aircraft with noisy data (left:
eSPAARO, right: Bixler)

5.4.1 Prediction performance

In Section 5.2.3, ep
k is defined as an averaged distance error between the predicted position

history and the actual position history at time step k. The averaged ep
k during a flight is
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Figure 5.9: Averaged distance error ep for turning flight of two aircraft without noise (left:
eSPAARO, right: Bixler)

defined as ep, and this is used to evaluate the prediction performance in this section. As

indicated in Table 5.1, the entire paths of the eSPAARO and Bixler are segmented to 3 types

of flight, and the prediction performance is evaluated for each type of flight.

The measurements of the threat aircraft position and attitude are assumed to be available

from an on-board sUAS sensing system of the host aircraft. In practice, this sensing system

might be a vision-based system as described in [16]. However, fixed-wing flight imagery

that is amenable to the analysis described here, together with the independent motion data

that are needed for validation, is currently unavailable to the authors. (A flight campaign

is planned to address this data shortage.) The flight data used to assess performance of

the algorithms described here were therefore obtained directly from the Pixhawk 1 autopilot

data recorded by each threat aircraft. As a result, the flight data used here are likely

much more accurate than observations from the on-board sUAS sensing system. My interest

here, however, is in comparing the relative performance of three distinct approaches, rather

than assessing the absolute performance using a particular measurement system. Having

said that, I certainly have an interest in how path prediction performance might vary as a

result of noise in the observations. Reference [171] describes the performance of a ground-
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Figure 5.10: Averaged distance error ep for turning flight of two aircraft with noisy data
(left: eSPAARO, right: Bixler)

based radar for detecting and tracking a sUAS (a DJI Phantom 2), citing a range accuracy

better than 2 m. By comparison, a small, on-board radar described in [28] provides a

position estimation accuracy on the order of 5 m. To simulate measurement uncertainty

in the envisioned scenario, I superimpose zero-mean Gaussian noise, with a 5 m standard

deviation, on the threat position. Similarly, a zero-mean Gaussian noise to the threat attitude

angles is added; the standard deviation is based on measurements from the vision-based pose

estimation strategy reported in Table 3.2 of Chapter 3. A Kalman filter is applied to the

artificially noise-corrupted measurement data and the prediction algorithms is then applied

to these filtered data as described.

Figures 5.7, 5.9 and 5.11 show ep computed based on uncorrupted telemetry data; Fig-

ures 5.8, 5.10 and 5.12 show ep with artificial noise superimposed on the telemetry data. For

these bar graphs, the index for the given path segment appears on the x-axis; the height of

the bars represents the prediction error ep. Black bars show ep for position-based prediction,

white bars show ep for pose-based prediction (i.e., based on position and attitude), and gray

bars show ep for pose-plus-wind prediction.
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Figure 5.11: Averaged distance error ep for maneuvering flight of two aircraft without noise
(left: eSPAARO, right: Bixler)

In Figure 5.7, which pertains to straight flight path segments, the position-based prediction

method generally outperforms pose-based prediction for the eSPAARO (left) and the Bixler

(right). Pose-plus-wind prediction generally outperforms both of these other methods for

both aircraft. When artificial noise is introduced, the pose-based algorithm performs worse

than position-based prediction for both aircraft, as seen in Figure 5.8. Note that pose-based

prediction will be in error if the aircraft does not point in the direction it is traveling. This

happens, for example, when the aircraft “crabs” into an ambient wind in order to maintain

a commanded course.

For turning flight (Figures 5.9 and 5.10), pose-based prediction generally outperforms position-

based prediction for the Bixler, with or without noise, and also for the eSPAARO when

artificial noise is injected into the measurements.

For maneuvering flight (Figures 5.11 and 5.12), the results generally match those for turning

flight. The pose-plus-wind approach does not provide such a dramatic improvement as in

the earlier cases, but this approach still consistently outperforms the alternatives.
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Figure 5.12: Averaged distance error ep for maneuvering flight of two aircraft with noisy
data (left: eSPAARO, right: Bixler)

5.4.2 Wind estimation

As stated in Section 5.2.3, the wind disturbance δv⃗ is estimated to correct the path prediction.

Here, the estimated wind disturbance is compared with the “true” wind velocity, that is, the

wind velocity estimated by the autopilot’s integrated wind estimation scheme. Figures 5.13,

5.15 and 5.17 show the averaged wind estimation error based on the pose-plus-wind algorithm

applied directly to telemetry data. Figures 5.14, 5.16 and 5.18 show the wind estimation

error when artificial noise is injected into the measurements. Black and gray bars indicate

the magnitude of the wind estimation error, |δvx−Wx| and |δvy−Wy|, respectively. For most

cases involving the Bixler, the wind estimation error is quite low compared with that for the

eSPAARO aircraft. The author conjecture that because the Bixler is smaller, lighter, and

slower than the eSPAARO, it is more susceptible to wind disturbances, making estimation of

these wind disturbances easier. The wind estimates predictably degrade with the injection

of artificial noise. The results suggest that the wind velocity in the vicinity of a small

unmanned aircraft can be estimated using the algorithm suggested here, provided the wind

disturbances have a visible influence on aircraft motion and the measurement error is low.
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Figure 5.13: Wind estimation error of straight flight from two aircraft without noise (left:
eSPAARO, right: Bixler)

Alternatively, if the host aircraft is capable of measuring the wind in its own vicinity, it may

be reasonable over short distances to assume this wind field is constant and uniform so that

the same wind affects the threat aircraft. In general, though, the ability to infer the wind

disturbance acting on a distant aircraft can be useful in predicting its path.

5.5 Summary

Three methods to predict the path of a fixed-wing aircraft from visual observations were

proposed and compared. These methods all assume that the aircraft position can be in-

ferred, for example, from a stereo vision system such as a peripheral-central vision system

described in earlier chapters. In addition, this vision system may provide the attitude of

the observed aircraft which can be used, together with a particle dynamic model for air-

craft flight, to predict the path. Moreover, one may obtain even more accurate predictions

by using measurement residuals to infer the ambient wind in the vicinity of the threat. To

demonstrate and assess the performance of the proposed algorithms, experimental flight data

for two small fixed-wing unmanned aircraft were used. The results show that position- and
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Figure 5.14: Wind estimation error of straight flight from two aircraft with artificial noise
(left: eSPAARO, right: Bixler)

pose-based prediction perform comparably for straight flight while pose-based prediction

generally outperforms position-based prediction for turning or maneuvering flight. Pose-

plus-wind prediction, in which measurements of the aircraft position and attitude are used

along with estimates of the wind velocity, shows the best performance among three ap-

proaches for all of types of flight and both types of aircraft. Comparisons of the estimated

wind disturbance and the actual wind velocity show that the wind estimation error for the

smaller, lighter aircraft is quite small relative to the wind estimation error for the larger,

faster aircraft. For the smaller aircraft, a given wind disturbances has a greater effect on

position and attitude, which are used in the prediction algorithm. Ongoing efforts aim to

develop the path prediction algorithm for other types of aircraft, such as multi-rotor aircraft,

and to implement the algorithm for real-time operation in experimental hardware.
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Figure 5.15: Wind estimation error of turning flight from two aircraft without noise (left:
eSPAARO, right: Bixler)

Figure 5.16: Wind estimation error of turning flight from two aircraft with artificial noise
(left: eSPAARO, right: Bixler)
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Figure 5.17: Wind estimation error of maneuvering flight from two aircraft without noise
(left: eSPAARO, right: Bixler)

Figure 5.18: Wind estimation error of maneuvering flight from two aircraft with artificial
noise (left: eSPAARO, right: Bixler)



Chapter 6

Multiple Threat Tracking Using PCV

System

6.1 Introduction

In previous chapters, only a single threat has been assumed. However, this assumption

may not be reasonable for an urban environment or more crowed areas in which multiple

objects may exist in the air. Also, swarm technology for UAS has been developing, tracking

multiple threat simultaneously is a major existing gap to be filled in the commercial C-UAS

community [22]. Therefore, the single threat assumption is relaxed in this chapter, and an

algorithm to track multiple threats simultaneously is introduced.

Here, an environment with multiple sUAS threats is considered. The peripheral vision

camera is able to observe all these threats at once using its large field-of-view (FOV). The

central vision camera then slews to observe each threat to obtain detailed data (e.g. position,

velocity, aircraft classification, etc.). A threat that is rapidly approaching may need to be

observed as soon as possible. However, all of these threats keep moving and changing their

state. To keep the threat data updated, the central vision camera needs to keep maneuvering

to observe each threat according to a particular “threat schedule” determined by a risk

analysis based on the state of threats such as the approach speed and distance to the threat.

82
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Most of the existing threat scheduling algorithms prioritize the risk posed by each threat

over other concerns. These scheduling algorithms are especially appropriate for ground-

based sensing systems, which are less limited by size, weight, power, and cost (SWaP-C)

and which generally have a long sensing range. Scheduling algorithms for these systems do

not need to consider the time taken for the central vision camera to move towards threats

(e.g. panning/tilting time for a PTZ camera), since the threats can be detected from a long

stand-off distance. (For example, the sensing range of the ground-based radar considered

in [181, 182] is more than 3 km.) On the other hand, if the sensing range of the peripheral

vision camera is short (e.g. the sensing range of the PCV system is 100 m [17]), the time

that it takes for the central vision camera to maneuver and image a particular threat is

crucial because one of the threats may harm the host system even before it is observed by

the central vision camera. Therefore, a threat scheduling algorithm that minimizes both the

slewing time required by the central vision camera (“time-efficient observation”) and the risk

posed by the threats is suggested in this chapter.

Time-efficient observation can be conducted by minimizing the maneuver of the sensor.

For example, a threat that is near the current FOV of the central vision camera might

pose a relatively low-risk value according to the existing algorithms, so the imaging and

characterization of this threat might be postponed while the sensor images a higher risk

threat. However, observing this threat as part of the camera’s maneuver toward the higher

risk threat would be more time-efficient; a suitably designed scheduling algorithm would

enable all of the threats to be observed faster and/or more often. To accomplish this,

a traveling salesman problem (TSP) [183, 184] is modified, and the solution is used to

schedule threats. In this chapter, a novel multiple threat scheduling algorithm for mobile

omnidirectional-directional combined sensor systems, that considers not only the risk of

threats but also the time duration taken for observation using a modified TSP solution, is
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introduced. This work is presented in [20].

6.2 Risk Value Estimation

The definition of “risk” of a threat may differ depending on the purpose of the sensing

system. Defining “threat” and “risk” are essential steps in developing C-UAS systems [12,

22, 23, 24, 25]. For example, if the purpose of the sensing system is just to detect and avoid

other aircraft, the minimum time to collision might be an appropriate definition of risk.

However, if a sensing system supports counter-UAS to protect an area from overflight by

hostile drones, then additional parameters should be considered (e.g. threat class/capability,

etc.). Other threat scheduling studies mentioned above [112, 113, 114, 115, 120] thus have

different definitions of the risk. In this chapter, the risk in the context of a particular scenario

is defined:

• The host system is hovering in the air (the host aircraft position does not change), and

the purpose of the host system is to detect and characterize the airborne threats inside

the detectable range.

• A path prediction algorithm for threat future paths is implemented on the system

(e.g. [16, 96, 97, 98, 99, 100, 101]).

• All threats are sUAS.

Given these assumptions, a set of risk parameters associated with each threat is defined.

The risk parameter values are computed and summed to generate a risk estimate for each

threat. Each parameter is normalized as a unit-free value, between 0 and 1 using a similar

method presented in [120].



6.2. Risk Value Estimation 85

Range to the threat

A closer threat should be considered riskier. The range to a threat from the host system at

time step k is

d t
k =

∥∥r⃗ h
k − r⃗ t

k

∥∥ (6.1)

where r⃗ h
k is the host system position, and r⃗ t

k is the threat position at time step k. The range

is normalized using the maximum detectable range of the system (dmax). The value of dmax

would vary with the system, as optimized for a particular application. The normalized risk

parameter corresponding to range to the threat at time step k is

D̄k = max(0, 1− d t
k

dmax
) (6.2)

Current approach speed

The faster a threat is approaching, the higher the risk that it poses. The threat’s approach

speed at time step k can be estimated using a moving window average of finite position

differences between the host system and a threat over the past n time steps.

V t
k =

1

n∆t

k∑
i=k−n

(d t
i−1 − d t

i ) (6.3)

where ∆t is a small, constant, discrete time step. The current approach speed is then

normalized using an estimate of the maximum approach speed (Vmax) of the threat. Since

the host is assumed that it is hovering in place, the value of Vmax is the maximum speed of

the threat; one might choose a large value as a conservative guess, until the threat is imaged

and classified. The normalized risk parameter corresponding to the threat’s approach speed

at time step k is

V̄ t
k = max(0, V

t
k

Vmax
) (6.4)
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Predicted approach speed

The predicted path of a threat can be estimated using path prediction algorithms [16, 96,

97, 98, 99, 100, 101]. Figure 6.1 shows an aircraft flying away from the host system (V t < 0).

However, the predicted path of the aircraft (blue line), implies that the aircraft will change

its heading and possibly approach the host system in the future. Even if a threat does not

seem risky now, the threat may become riskier if the threat changes its heading. Therefore,

the future maneuver of the threat is an important factor to consider for risk value estimation.

Figure 6.1: Predicted approach speed of a threat

While V t
k is computed based on the threat position over the past n time steps in (6.3), the

predicted approach speed of a threat at time step k is obtained using the predicted position

of the threat in n time steps ahead.

V p
k =

1

n∆t

k+n+1∑
i=k+1

(d p
i−1 − d

p
i ) (6.5)

where d p
i =

√∥∥r⃗ h
i − r⃗

p
i

∥∥2, and r⃗ p
i is the predicted threat position at time step i. One may

pick the time step n as the ”worst case” value. For example, the turn rate of a fixed-wing
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aircraft with a roll angle ϕ is [16]:

ψ̇ =
g

V
tanϕ (6.6)

where V is the aircraft speed, and g is the local specific force of gravity. Using this equation

and the maximum possible roll angle of the threat aircraft ϕmax, the minimum number of

time steps for the aircraft to change its heading to a collision course (∆ψ ≤ π) can be

estimated. (For example, ∆ψ of the threat aircraft in Figure 6.1 would be about 2.) This

value for the worst case scenario can be used as the look-ahead time steps:

n =
∆ψV

g∆t tanϕmax
(6.7)

While it is possible to predict a future closing rate for the threat, this prediction relies on

a path prediction that will generally be in error. To reduce the likelihood that a high path

prediction error will artificially inflate the risk, the predicted approach speed is discounted

based on the current path prediction error. In [16], an averaged distance error at time step k

between the n-step threat position history and the predicted position history for the same

time horizon is computed as follows:

ep
k =

1

n

k∑
i=k−n

∥∥r⃗ t
i − r⃗

p
i

∥∥ (6.8)

This parameter ep
k is used as a parameter to indicate the path prediction error, and this is

normalized using the worst-case prediction error (ep
max):

ēp
k = min( ep

k

ep
max

, 1) (6.9)

Considering ep is a mean deviation between the threat position history and the predicted

position history, one may choose a conservative mean deviation during a prediction horizon
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for ep
max. Therefore, ēp

k represents a scale of prediction error which is expected to range from

0 to 1, with 1 indicating that the prediction error is too high, and V p
k would provide a wrong

predicted approach speed. To consider the path prediction error, the factor 1− ēp
k multiplies

the predicted approach speed V p
k , and the resulting value is normalized using Vmax:

V̄ p
k = max(0, V

p
k

Vmax
(1− ēp

k)) (6.10)

Figure 6.2: ep computation

New threat value

If a new threat is observed by the peripheral vision camera and is not observed by the central

vision camera yet, the threat should be observed with a high priority since the detailed data

of the new threat is not available yet. A parameter called new threat value (cnt) is defined.

If a new threat is detected, then the parameter value for this threat is cnt = 1; otherwise,

cnt = 0.

cnt ∈ {0, 1} (6.11)

Risk value combination

After estimating all parameters mentioned above, these parameters are combined as a risk
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value with weights for each parameter:

RVk = cnt + (1− cnt)(WDD̄k +WV tV̄ t
k +WV pV̄ p

k ) (6.12)

where the summation of all weight parameters is 1 (WD+WV t+WV p = 1). Note that RV = 1

when cnt = 1, reflecting the immediate prioritization of previously unobserved threats; the

addition and removal of threats detected by the peripheral vision camera are managed by a

separated module. Also note that all the parameters are normalized between 0 and 1, and

the summation of weight parameters is 1; thus WDD̄k +WV tV̄ t
k +WV pV̄ p

k cannot exceed 1.

The weight parameters can be determined depending on the user’s intention. If one wants

to place twice the importance on the current approach speed as other parameters, then one

may choose WV t = 0.5 and WD = WV p = 0.25. In this case, the current approach speed will

dominate when the risk value is estimated. Figure 6.3 shows risk value changes with different

weight parameters of some example threats. Each axis represents each weight parameter,

and the risk values are represented by the color map on the triangular portion of the plane

(WD + WV t + WV p = 1). For this example, dmax = 100 m, Vmax = 59 m/s, ep
max = 40.

Figure 6.3a shows a threat which is approaching slowly (V̄ t = 0.2) from a close distance (D̄

= 0.5) with a fast predicted approach speed based on an accurately predicted path (V̄ p =

0.59.) For this threat, the larger WV t is, the smaller the risk value is because V̄ t is smaller

than other parameters. In another example in Figure 6.3b, the threat is approaching fast

(V̄ t = 0.5) from a distant location (D̄ = 0) with a fast predicted approach speed based on

an inaccurate path prediction (V̄ p = 0.17.) Note that V̄ p is much smaller than the previous

example because of the high prediction error even though V p is the same for both cases. For

this threat, the larger WV t is, the larger the risk value is. If the weight parameters are evenly

distributed, the risk values of these two threats would be similar. However, if a large value

is assigned for WV t , then the risk value of the threat in Figure 6.3b would be higher. As
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shown in these examples, the weight parameters determine which parameters will dominate

risk value estimation. This can be modified depending on the threat scheduling scenario.

(a) Risk values when dt = 50 m, V t = 10 m/s,
V p = 40 m/s, ep = 5

(b) Risk values when dt = 100 m, V t = 30
m/s, V p = 40 m/s, ep = 30

Figure 6.3: Risk value changes with different weight parameters (dmax = 100 m, Vmax =
59 m/s, ep

max = 40)

6.3 Modified Traveling Salesman Problem

The threats can be scheduled for the central vision camera based on the risk values computed

in the previous section. The central vision camera then maneuvers to observe the threats

using a controller (e.g. PID controller), starting from the most prioritized threat to the least

prioritized threat. However, if the threats are scheduled only based on risk values, the threat

servicing schedule may be inefficient.

Figure 6.4 shows a planar example of the central vision camera maneuver. The triangles

depict the FOV of the sensor. In Figure 6.4a, threats are prioritized only based on the risk

values (T1 - T2 - T3); thus the sensor maneuvers starting from threat 1 and moves on to

threat 2 and 3. However, the observation can be done in a faster way (T1 - T3 - T2), as
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(a) Sensor maneuver only based on risk values (b) Sensor maneuver based on risk values and
the observation time

Figure 6.4: Central vision camera maneuver examples

shown in Figure 6.4b. In this way, threat observation can be conducted in a time-efficient

way, so that more threats can be observed in the same time period, and the threat data can

be updated more often.

The traveling salesman problem (TSP) involves finding the shortest path for a salesman who

wants to visit each city in a set exactly once. Therefore, a normal TSP solution can be used

to determine the fastest way to image all threats. The bearing of each threat is used as

the position of the ’city’ or ’node’ for the salesman to visit. In order to estimate the fastest

way to visit all n nodes, the cost to travel from threat i to threat j, cij, is firstly defined.

Assuming the sensor moves between threats at a constant rate, and dwells on each threat for

the same amount of time, the TSP solution minimizes the total cost of servicing all threats.

For the fastest path of the salesman, an integer linear programming problem is formulated

as below [183, 184]. A binary variable xij represents whether the salesman chooses to go

from i to j (if the salesman goes from node i to j, xij is 1, 0 otherwise), and S is a subset
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of nodes.

Minimize
n∑
i=1

n∑
i ̸=j,j=1

cijxij (6.13)

s.t. i, j ∈ {1, . . . , n} (6.14)

xij ∈ {0, 1} (6.15)
n∑

i=1,i ̸=j

xij = 1 (6.16)

n∑
j=1,j ̸=i

xij = 1 (6.17)

∑
i∈S

∑
j∈S

xij ≤ |S| − 1 (6.18)

S ⊊ {1, . . . , n} (6.19)

2 ≤ |S| (6.20)

where |S| represents the number of elements of the subset S. For the normal TSP formula-

tion, the Euclidean distance between node i and j is used for cij. The purpose of the TSP in

this chapter is to find the shortest maneuver of the central vision camera. The position of

each threat is represented as bearing; thus an angular distance between threat i and j (ωij)

is used for cij instead of an Euclidean distance (See Figure 6.5.)

ωij =
2 sin−1

√
sin2(

∆θij
2

) + cos θi cos θj sin2(
∆ψij

2
)

π
(6.21)

where ∆θij and ∆ψij are the absolute difference of elevation and azimuth angles between

threat i and j. Note that the angular distance is normalized with π as in Section 6.2 since

the maximum angular distance is π. If more than two threats are inside the FOV of the

central vision camera, the threats can be observed at once. Therefore, if the angular distance
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between threats is smaller than the FOV angle of the central vision camera, the threats are

considered as a single threat whose bearing bisects the circular arc between the two threats.

Figure 6.5: Angular distance between two threats

In addition to the observation time, RV should be included in cij as well. As shown in

Figure 6.4b, if RV is similar for threats 2 and 3, then threat 3 can be observed on the way

from threat 1 to threat 2. On the other hand, if RV of threat 3 is low (e.g. 0.1), threat 3

should be ignored since threat 2 is much more urgent. To implement this process, the cost

of the TSP is modified.

cij = ωij(1−WRV ) + kjWRVRVj (6.22)

where kj represents the scheduling order of threat j. For example, if threat j is assigned as

the first threat to be observed, kj is 1; if it has second priority, kj is then 2. The parameter

WRV is a weight parameter for the balance between RV and ω, which is between 0 and 1.

The greater WRV is, the more RV is considered for threat scheduling in comparison to the
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observation time efficiency.

Figure 6.6: Modified TSP example

Figure 6.6 shows a planar example of a modified TSP. There are 4 threats, each with a unique

azimuthal position (azimuth angle ψ). The thick blue line represents the current boresight

of the central vision camera. The sensor starts to move to observe each threat based on

a threat schedule from this position. The table at the top shows the cost computation

when the threat order is T3 - T4 - T1 - T2, which is a descending order of risk values. To

compute cc3, which is the cost from the current central vision camera position to the T3

position, k3 is 1, since T3 is assigned as the first threat to observe, and ωc3 is 0.833 ( 30◦

180◦
).

Therefore, cc3 becomes 0.833× (1− 0.5) + 1× 0.5× 0.9 = 0.866. In the same way, all costs

are computed up to c12, which is 0.444× (1− 0.5) + 4× 0.5× 0.1 = 0.422. The total cost of

the table at the top is 3.472. If the threat order is changed to T4 - T3 - T2 - T1 as shown

in the table in the middle, the total cost decreases to 3.433, because the risk values of T4

and T3 are similar, so observing T4 on the way to T3 is more time-efficient. However, T2
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is not an urgent threat (RV = 0.1); imaging of this threat could be postponed since T1 is a

comparatively urgent threat. Therefore, if the order is changed as the table at the bottom

(T4 - T3 - T1 - T2), the cost decreases to 3.405. These examples are using 0.5 for WRV . If

one wants to emphasize the observation time efficiency over the risk values by using 0.3 for

WRV , then the total cost of the middle case is 2.7269, and 2.8877 for the bottom case. That

said, T2 is observed earlier than T1, even with its low RV in this case. Using the WRV , one

may choose the balance between RV and ω. As shown in the example above, the modified

TSP solution can provide a reasonable solution for threat scheduling that considers both

risk values and time-efficient observation. In the next section, the detailed threat scheduling

algorithm design is described using the modified TSP solution and the risk value estimation.

6.4 Threat Scheduling Algorithm Design

Based on the risk value estimation and the modified TSP solution introduced in previous

sections, the threat scheduling algorithm can now be presented. Figure 6.7 shows the threat

scheduling flow chart for the PCV system. The peripheral vision camera provides continuous

visual coverage so that it is able to keep providing bearing data of multiple threats. In the

first observation cycle, however, the detailed threat data (position, velocity, and predicted

path) is not available before the central vision camera observes threats. Thus the central

vision camera needs to scan all threats quickly, and the normal TSP solution (WRV = 0) is

used for the fastest threat scanning.

Once the first observation cycle is over, the state and risk values of all threats are estimated.

The estimated threat data is then saved to the “unobserved threat list”, and the modified

TSP is solved for the threats in the unobserved threat list. Once the threat schedule is

determined, the central vision camera starts to slew to the first prioritized threat. Once the
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Figure 6.7: Threat scheduling flow chart for the PCV system

threat is detected by the central vision camera, the state (position, velocity, etc.) and the

risk value of the threat are updated, and this threat is moved to the “observed threat list”

from the unobserved threat list. The threat may be too fast for the central vision camera to

track or obscured by obstacles, so that the central vision camera may not detect the threat.

In order to consider this situation, the central vision camera moves to the next threat if

the threat is not detected in the observation time limit (to). When a threat is observed by

the central vision camera, the modified TSP is solved for the unobserved threats again. By

doing this, even if a new threat appears (which is not detected in the first observation cycle),

this new threat can be considered for scheduling immediately. If all threats are observed,

and the unobserved threat list becomes empty, the unobserved threat list is reset as the

observed threat list. This process keeps running until the host system is turned off. In the

following section, the threat scheduling algorithm is implemented in a simulation to assess

the performance of the suggested scheduling algorithm.
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6.5 Simulation Setup

In this section, a 2D simulation (top view) is conducted to assess the performance of the

suggested threat scheduling algorithm. For simplicity, it is assumed that the altitudes of

all threats and the PCV system are the same. The threat scheduling process using the

PCV system (Figure 6.7) is depicted in the simulation, and the simulation parameters are

shown in Table 6.1. The maximum detectable range of the PCV system is 100 m, so dmax is

defined as 100 m. All threats are assumed to be sUAS, and the typical racing drone speed

of 59 m/s [185] is taken as Vmax. For ep
max, 40 is chosen because estimated ep using actual

sUAS flight data [28] did not exceed 40. To apply the same weight for D̄ and V̄ t for threat

scheduling, WD and WV t are defined as 0.4, and 0.2 is used for WV p to trust D̄ and V̄ t more

than V̄ p.

Table 6.1: Simulation parameters

Parameters Value
Simulation time 5 min

Threat initial range 80 - 100 m
Heading angle 0− 360◦

Gimbal maximum angular speed 40◦/s
Number of threats 8

dmax 100 m
Vmax 59 m/s
ep

max 40
WD,WV t 0.4
WV p 0.2

Figure 6.8 shows an example of the simulation. The simulation firstly generates threats with

random data (position, speed, and pose) with the simulation parameters shown in Table 6.1

as in Figure 6.8a, and threats randomly change their pose at a random time during the

simulation. In the figure, the red asterisk at the center indicates the PCV system, and
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the threats are assumed to be detected by the peripheral vision camera. The only data

obtained from the peripheral vision camera is bearing data so that the risk values of threats

are not available in the first cycle. Based on the bearing data, the normal TSP solution

(WRV = 0) is used for fast threat scanning; thus the initial threat schedule is 2-3-5-1-4,

which is the fastest way to observe all threats. The boresight of the central vision camera (a

thick blue line) starts to move based on the schedule using a PD controller. Once a threat is

observed (Figure 6.8b), the position, velocity, and predicted path (red lines) of the threat are

estimated. (Note that the position of each threat has been updated to estimated positions

in Figure 6.8b.) Having acquired the data, risk values are computed using the approach

presented in Section 6.2, and the new threat schedule (4-1-5-2-3) based on the modified TSP

solution (WRV = 0.5) is then determined (Figure 6.8c). In this example, threat #4 has the

highest risk value (this threat is approaching the PCV system from a close location); it thus

became the first threat. Threat #1 became the second threat since it is quite close to threat

#4. This quick observation is followed by threat #5 that has the second-highest risk value

(0.27). Threat #2 became the next threat because threat #3 is not an urgent threat since

it has a zero risk value.

6.6 Results

The weight parameter for the risk value (WRV ) determines the balance between risk values

and time-efficient observation. This weight value plays an essential role in the modified TSP

solution since the threat priority can differ depending on the choice of WRV as shown in an

example of Section 6.3. Figure 6.9 shows the modified TSP solution with the different WRV

in the threat scheduling simulation. The left figure illustrates when WRV = 0, and the threat

schedule is 2-4-1-5-3 that minimizes the scanning time. This approach enables fast threat
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(a) Threats are generated at random positions,
and the central vision camera starts to scan all
threats (risk values are not available yet, so
the initial schedule is not risk-weighted). The
scanning threat schedule is 2-3-5-1-4.

(b) Once the central vision camera observes
a threat, the position and the predicted path
of the threat is estimated, and the risk value
(a number next to the threat number) is com-
puted based on the obtained threat data.

(c) Once the scanning is over, risk values of all
threats are computed.

(d) The threat schedule is changed based on
the modified TSP (new threat schedule: 4-1-5-
2-3).

Figure 6.8: Threat scheduling simulation (red asterisk: PCV system, blue circles: threats,
thick blue line: boresight of the central vision camera, red circle: next threat to observe, red
lines: predicted threat paths, number: threat number/risk value)
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scanning but maybe risky since threats with high-risk values may not be prioritized. The

right figure depicts when WRV = 1, which means that only risk values are considered for

threat scheduling as other studies [112, 115, 120] did. This scheduling approach, however,

may result in an inefficient maneuver of the central vision camera (5-2-4-3-1).

(a) Threat schedule using WRV = 0 (b) Threat schedule using WRV = 1

Figure 6.9: Modified TSP solution with different WRV in the simulation (red asterisk: PCV
system, blue circles: threats, thick blue line: boresight of the central vision camera, red
circle: next threat to observe, red lines: predicted threat paths, number: threat number/risk
value)

To assess the performance of the modified TSP algorithm for multiple threat scheduling,

some simulations are conducted using the parameters shown in Table 6.1. The purpose of

the simulations is to compare the performance between the existing scheduling algorithm

(WRV = 1) and the suggested algorithm (0 < WRV < 1), and to see the effect of WRV .

For each simulation, the risk value summation for the initial 50% of prioritized threats (4

threats, since the total number of threats is 8), the number of threats observed during the

simulation time (5 min), and the uncertainty of each threat measurement are logged, and

this simulation is repeated with different WRV . After that, 8 threats are generated at random

positions again and the previous steps are repeated. This simulation is conducted 100 times,
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and the results of simulations are averaged. Figure 6.10 shows the averaged values of two

logged data for each WRV . (The trends in the figures were similar to those obtained using

30 and 70 simulations, thus the authors conjecture that 100 simulations are sufficient to

establish a trend.)

(a) Summed risk values for the initial 50% of
serviced threats vs. WRV

(b) Number of threats observed vs. WRV

Figure 6.10: Performance with different WRV

The left figure of Figure 6.10 represents the risk value summation for the initial 50% of

prioritized threats. A high sum value indicates that the algorithm imposes a high priority to

a threat with a high-risk value. When WRV = 0, only the observation time is considered for

scheduling, so that the risk value of prioritized threats is the lowest. This risk value almost

linearly increases with WRV when WRV > 0 and peaks at WRV = 1 because the threat

schedule is decided just as a descending order of risk values when WRV = 1. The right figure

shows the total number of threats observed by the central vision camera. In an opposite way

to the left plot, the total number of threats observed peaks at WRV ≈ 0 (because this is the

fastest way to observe all threats) and almost linearly decreases with WRV . When WRV = 1,

the total number of threats observed rapidly decreases. In this particular simulation, each

threat could be observed once more when WRV < 0.8 than when WRV = 1, during 5-minute
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simulation time.

Figure 6.11: Differential entropy with different WRV

If the central vision camera can observe more threats, the threat data can be updated more

often, so that the uncertainty of threat data can be then decreased. To see the trends of the

2×2 covariance matrix of the threat position measurement, Σ, the differential entropy of Σ

is computed:

H =
1

2
log[(2πe)2|Σ|] (6.23)

Figure 6.11 shows the mean differential entropy of the threat positions versus WRV . A high

differential entropy represents a high measurement uncertainty in threat position. As shown

in the figure, the differential entropy increased with WRV and peaked at WRV = 1, which

means that the suggested algorithm is capable of decreasing measurement uncertainty of

threats by updating the threat data more often than the existing scheduling algorithms.

Considering (6.23), it is observed that the determinant of the covariance matrix decreased

by 10% when WRV = 0 compared to when WRV = 1.

As shown in these figures, a low WRV helps the central vision camera to move more efficiently
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so that the central vision camera captures more threats in the same period of time, and the

measurement uncertainty of threat data decreases. On the other hand, high WRV prioritizes

risky threats to be observed earlier, at some cost to the threat imaging efficiency. The

modified TSP approach is capable of scheduling threats by considering both observation

time efficiency and risk values when 0 < WRV < 1, and the performance can be adjusted

by changing the value of WRV . One may use a high value of WRV to emphasize risk over

efficiency, or a low value of WRV to observe more threats faster.

6.7 Summary

In this chapter, a novel multiple threat scheduling algorithm using a modified TSP solution

for the PCV system is presented. While various threat scheduling algorithms have been

suggested in previous studies, the observation time efficiency has not been considered. A

mobile sensing system, such as the peripheral-central vision system mentioned here, has a

limited power source, and the detectable range of the system may be comparatively short

so that reacting to threats quickly is a high priority. In order to efficiently schedule threats

detected by the peripheral vision camera, a modified TSP algorithm is introduced, and the

suggested algorithm is implemented in simulations. The simulation results show that the

modified TSP algorithm is capable of prioritizing the threats by considering both the time

efficiency and the risk values, which existing threat scheduling algorithms do not do. The

results also show that the measurement uncertainty of threat data can be decreased by

updating the threat data more often.



Chapter 7

Optimal Placement Algorithm for

Multiple PCV Systems

7.1 Introduction

As shown in Chapter 4, a short camera baseline generates a large localization error for distant

threats. One way to address this issue is to add host aircraft with their own PCV systems

so that the camera baseline is no longer limited. Although a long baseline can decrease

localization error, however, it does not guarantee small localization error. If the threat is far

from the host aircraft, or if the encounter geometry is degenerate, then the localization error

may still be large. It is therefore of interest to determine optimal positions for additional

host aircraft to minimize threat localization error for C-UAS applications.

The heterogeneous stereo-vision optimal placement (HSOP) algorithm, which enables mobile

sensing systems that use heterogeneous stereo vision to minimize the localization error of a

threat aircraft is developed in this chapter. I begin by constructing distinct models for the

peripheral vision camera and the central vision camera. Each type of camera has a different

FOV and detectable range. The peripheral vision camera has low image resolution that is

nonuniform over its FOV so the localization error using this camera is comparatively larger

than that obtained using a central vision camera. Because the peripheral vision camera has

a large FOV, however, it can image multiple threat aircraft simultaneously. Conversely, the

104
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central vision camera can provide better localization accuracy, but the narrow FOV makes it

less likely to image multiple threats at once. The HSOP algorithm determines the minimum

number of PCV-equipped aircraft required to localize a given number of threat aircraft as

well as the optimal locations for those host aircraft and the specific camera (peripheral or

central) that each should employ to minimize the cumulative localization error by solving

a mixed-integer nonlinear programming problem. The algorithm inputs are the number

of threats and a preliminary estimate of their position and velocity. It is assumed that

sufficiently many host aircraft are available to accurately localize all threats. This work is

presented in [21].

7.2 Camera models and triangulation-based localiza-

tion

The host aircraft is assumed to be equipped with the PCV system described in previous

chapters. The peripheral vision camera comprises two 180◦-FOV fisheye lenses to provide a

large FOV. The central vision camera has a 53◦ FOV and is capable of pan-tilt operation.

Table 3.1 shows the specifications for the two cameras. Although a specific camera setup is

considered in order to describe numerical and experimental results, the analysis described

here can be easily extended to a large class of cameras.

7.2.1 Peripheral vision camera model

For the peripheral vision camera model, I use a fisheye lens model available in the OpenCV

library [186, 187] which accounts for the refraction of light rays passing through the lens, an

effect called lens distortion. As an example, Figure 7.1 illustrates how objects at the edge
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of the image are highly distorted so that they appear smaller than if they appeared at the

center of the image.

Figure 7.1: Lens distortion of a fisheye lens

Computer vision based detection algorithms require that the detected object appear in the

image with some minimum number of associated pixels. For example, optical flow requires

at least 25 px (5 px wide × 5 px high) to detect a moving object in the image. However, the

pixel size of the object on the image can differ depending on the line of sight (LOS) angle

to the object. An object of interest that occupies 25 px at the center of the image would

occupy fewer pixels at the edge of the image, and hence be undetectable using optical flow.

The pixel size of a threat aircraft on the fisheye camera image should be larger than the

minimum number of pixels that the detection algorithm requires for a detection. Following

is a model for the distortion of a light ray that enters the fisheye lens with line of sight (LOS)

angle θ relative to the camera boresight, as shown in Figure 7.2a:

θd = θ(1 + k1θ
2 + k2θ

4 + k3θ
6 + k4θ

8) (7.1)



7.2. Camera models and triangulation-based localization 107

The parameters ki for i ∈ {1, 2, 3, 4} are the lens distortion coefficients obtained through a

camera calibration process [186, 187]. The (distorted) light ray is then projected onto the

image pixel coordinates u and v:

u =
θd

tan θa and v =
θd

tan θb (7.2)

where a and b represent the pixel coordinates if the incoming light ray were not distorted

by the lens. These equations illustrate how a larger LOS angle results in smaller pixel sizes

for objects near the edge of the image. Figure 7.2b shows the relative pixel size of an object

in the image versus the LOS angle. At the lens center, there is no distortion, so the relative

pixel size is 100%; the relative pixel size decreases to 0% at a 90◦ LOS angle.

(a) Fisheye distortion geometry
(b) Fisheye pixel density against FOV angle

Figure 7.2: Fisheye lens distortion

The pixel size of an object increases when the object moves closer to the camera. The

detectable region is defined here for a given camera with respect to an object of given size

and location relative to the camera boresight. The pixel width of an object represented in
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the image can be estimated as:

αp =
fpWtγ

pθd
dtW

p
s tan θ

(7.3)

where Wt is the width of the actual object (the “threat”), fp is the focal length of the

peripheral vision camera, γp is the horizontal resolution (in px) of the peripheral vision

camera, dt is the distance to the object, and W p
s is the (physical) width of the peripheral

vision camera’s sensor. The same equation can be used for the pixel height of the object.

The pixel width and height should be larger than the minimum number of pixels required

by the detection algorithm.

(a) Detectable region of the peripheral vision
camera (red arrows: boresight of two lenses)

(b) Detectable region of the central vision cam-
era (red arrow: boresight of lens)

Figure 7.3: Detectable region of two cameras

Figure 7.3a shows regions in which objects of different size can be detected by the peripheral

vision camera using optical flow. (A qualitatively similar figure would result for any fisheye

camera; the specific bounding curves depend on the given camera parameters.) As the

peripheral vision camera has two fisheye cameras, there are two boresight directions, which

are indicated as arrows in the figure. The plot illustrates the detectable region for an object
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that is at least as large as indicated in the legend. The figure illustrates the role of object

size and LOS angle in the detectability of an object.

7.2.2 Central vision camera model

The central vision camera is a perspective camera. The lens distortion is small and the

projection error can be corrected through camera calibration. The pixel size of an object at

a given distance therefore remains constant throughout the camera’s FOV, in contrast to the

peripheral vision camera. A pinhole camera model is adopted for the central vision camera.

As shown in Figure 7.4, the pinhole camera model assumes no lens distortion, so the pixel

width of an object is proportional to its size:

αc =
f cWtγ

c

dtW c
s

(7.4)

where f c is the focal length of the central vision camera, γc is the horizontal resolution of

the central vision camera, W c
s is the width of the central vision camera sensor. The threat

pixel height can be computed in the same way. The pixel width and height of an object

must be larger than the minimum number of pixels needed by the central vision detection

algorithm.

Because the central vision camera provides a high resolution image, the pixel size of an

imaged object may be sufficient to enable classification using a deep neural network algorithm

such as YOLO [154, 155]. It is assumed that YOLO is used for central vision detection as

described in previous chapters. Earlier work indicates that YOLO requires at least 900 px

(30 px wide × 30 px high) to detect a threat aircraft, so the threat pixel width and height

should be larger than 30 px. The detectable region of the central vision camera when YOLO

is used for detection is illustrated in Figure 7.3b. Also, because the FOV of the central vision
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Figure 7.4: The central vision camera model geometry

camera is limited, the bearing angle between the camera boresight and the object should be

no more than half the central vision camera’s FOV angle.

7.2.3 Triangulation-based localization and error

Recall that the threat localization accuracy differs depending on the camera location and

the threat distance (Chapter 4.) If the threat is close, the localization error will decrease; if

the distance between the two cameras (the baseline) is too small, the localization error will

increase. Reference [136] gives an expression for this triangulation-based localization error:

δr =

∥∥r⃗t/p
∥∥∥∥r⃗t/c

∥∥
sin θ δs (7.5)

where δs is the magnitude of the error in the threat location r⃗t/g and θ is the intersection

angle between the threat vectors from the two cameras:

θ = cos−1

(
r⃗t/p · r⃗t/c∥∥r⃗t/p
∥∥∥∥r⃗t/c

∥∥
)
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See Figure 7.5. Equation (7.5) implies that localization error is minimum when the distance

from the cameras to the threat is small and when the threat vectors intersect at a right

angle.

Figure 7.5: Geometry of threat position estimation

7.3 Optimal placement algorithm for multiple hetero-

geneous stereo vision systems

Considering the two camera models discussed in the previous section, this section describes a

heterogeneous stereo vision optimal placement (HSOP) algorithm. The algorithm determines

the optimal positions for two or more host aircraft, each equipped with a PCV system, as

well as the type of camera to be used, in order to cover the current position (given) and final

position (predicted over a given time horizon) of one or more threat aircraft, minimizing the

cumulative localization error. The host aircraft are assumed to take the computed positions

and to hover there, imaging the threat aircraft over the given time horizon, after which the
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optimal host positions are updated by re-applying the HSOP algorithm. The host aircraft

continue tracking the threat aircraft until they are no longer a threat. Note that the focus

of this chapter is the placement of sensors for optimal localization – the “fix” portion of the

“find, fix, finish” chain in a counter-UAS strategy.

The output of the HSOP algorithm can thus be considered as a waypoint generation scheme

for host aircraft. Motion of the host aircraft can degrade the performance of camera-based

threat detection algorithms. While there are ways to compensate for ownship motion, such

as physical or software image stabilization [17], observing and tracking a threat from a

static position produces higher quality imagery which improves detection and localization

performance.

This section presents the HSOP algorithm in detail. The algorithm requires the initial state

(position and velocity) for each threat aircraft. While this requirement may seem circular,

the initial threat state might be obtained (with lower accuracy) using a single PCV-equipped

host that serves as a counter-UAS sentry in a given region, as described in Chapter 4. The

optimization problem is formulated under additional simplifying assumptions outlined below,

though each of these can be relaxed with some effort:

• All host and threat aircraft fly at the same altitude.

• The number of available host aircraft is sufficient to cover all threat aircraft.

• The threat aircraft follow a straight path at constant speed (i.e., they are non-cooperative,

but non-antagonistic).

• The path traveled by a threat aircraft during the observation time horizon is contained

within the detectable range of the imaging sensors.

• Host aircraft can instantly attain waypoints indicated by the HSOP algorithm (i.e.,



7.3. Optimal placement algorithm for multiple heterogeneous stereo vision systems 113

the physical placement of host aircraft occurs much faster than the optical motion of

threat aircraft).

• The host aircraft can communicate with sufficient speed and volume to cooperatively

localize threats.

• All PCV systems are identical; see Table 3.1.

7.3.1 Initial feasibility check

Given initial states for each threat aircraft in a given set T , two host aircraft hi are as-

signed to each threat aircraft tj ∈ T to enable triangulation. In this way, a host-threat

pair s comprising the threat and the two assigned host aircraft is generated for each threat

aircraft. As an example, suppose there are two threat aircraft and three host aircraft.

The nearest unassigned host is first assigned to each given threat as an “initial observer”

and that host is labeled accordingly: (h1, t1) and (h2, t2). The pairs are then completed

by assigning a second host aircraft to each threat. A host-threat pair set (or just pair

set) S comprises one host-threat pair for each threat aircraft. For the given example,

one possible pair set is S = {(t1, h1, h2), (t2, h2, h1)}. In this case, only the two host

aircraft (h1, h2) are used to observe both of the two threat aircraft. Given three avail-

able host aircraft for the two detected threats, there are three more possible pair sets:

{(t1, h1, h2), (t2, h2, h3)}, {(t1, h1, h3), (t2, h2, h1)}, {(t1, h1, h3), (t2, h2, h3)}.

If the number of host and threat aircraft is large, the number of possible pair sets scales as

(Nh−1)Nt , where Nh is the number of the host aircraft andNt is the number of threat aircraft.

To ameliorate this scaling issue, a backtracking approach is used to exclude infeasible pair

sets. Algorithm 1 below presents pseudo-code for generating pair sets. Algorithm 2 then

culls this set by excluding infeasible pair sets.
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Algorithm 1 Generate-Pair-Sets(ti, Nh, SP )
tmpSet = {};
for i to Nh do

// hf: initial observer of ti
if hi ̸= hf then

tmpSet.insert({ti, hf , hi})
end

end
SP ← Generate-Combinations(tmpSet,SP );
return SP ;

In Algorithm 1, SP indicates the set of pair sets, Generate-Combinations is a combination

generation function that can be implemented using, for example, the nchoosek function in

MATLAB. This function makes combinations of sets in SP and pairs in tmpSet and adds

the resulting sets to SP .

(a) Infeasible host-threat pair set (b) Feasible host-threat pair set

Figure 7.6: Examples of infeasible and feasible host-threat pair sets

Next, the feasibility of pair sets in SP is determined. An infeasible pair set is one that

includes host-threat pairs which are physically impossible. Consider Figure 7.6a, for example,

where circles and triangles illustrate the detectable regions of peripheral and central vision

cameras,respectively; recall Figures 7.3a and 7.3b. (Dashed lines indicate cameras that are

not used for localization.) For the given configuration, the pair set {(t1, h1, h2), (t2, h2, h1)}

is infeasible because images from at least two host aircraft are needed to triangulate each

threat and t1 and t2 cannot be covered by h1 and h2 simultaneously. On the other hand, the
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pair set {(t1, h1, h3), (t2, h2, h1)} depicted in Figure 7.6b is feasible.

A simple initial screen for feasibility involves checking whether the assigned threats can be

placed within the detectable region of a candidate host’s peripheral or central vision camera.

In the example of Figure 7.6a, two threat aircraft are assigned to h1 and h2, but the distance

between two threats is large so that the detectable region of a peripheral vision camera

cannot cover both threats at once. In this case, at least four hosts are required to cover

each threat from two perspectives. On the other hand, the two threats in Figure 7.6b are

closer, which enables h1 to cover both threats simultaneously; only three hosts are required

to cover each threat from two perspectives. In the example of Figure 7.6, the threat aircraft

are static. For a moving threat ti, the assigned host aircraft must be able to cover the path

connecting the current threat position x⃗ti to the predicted position after some specified time

τ :

x⃗τti = x⃗ti + τ v⃗ti (7.6)

where v⃗ti is the threat velocity vector. Rather than require continuous coverage, however,

a simpler strategy is adopted and the final threat position is added to the pair s as if it is

another threat aircraft to be included in the optimization process. (Given an initial threat

pairing s1 = (t1, h1, h2), for example, an augmented threat pairing sτ1 = (t1, t
τ
1, h1, h2) is

defined, where tτ1 denotes the location of threat t1 after time τ has elapsed.)

For each host hi, a set T hi is defined which contains all assigned threats, at both their

initial and predicted final positions. The algorithm checks if all threat positions in T hi

can be placed inside the detectable range of the peripheral vision camera (e.g. using the

inpolygon function in MATLAB). If this is possible for all hi in the pair set, the pair set is

declared feasible. For a feasible pair set, the camera type of each host in the pair set is next

determined. If the threats assigned to hi can all be contained within the detectable region

of the central vision camera, then this camera type is chosen for hi. If they cannot, then
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the peripheral vision camera is chosen. Even if a host aircraft’s peripheral vision camera

can cover all assigned threats, it may also be possible to cover one of these threats using the

central vision camera, as shown in Figure 7.6. In this case, because of its greater resolution,

the central vision camera is used to observe the threat. If multiple threats can be covered by

the central vision camera, then the closest threat is observed by the central vision camera.

Pseudo-code for this process is given in Algorithm 2. This initial feasibility check speeds the

backtracking process described in the following section.

Algorithm 2 Feasibility-Check(Nh, T, SP )

for ti in T do
SP ← Generate-Pair-Sets(ti, Nh, SP );
for each pair set S from SP do

if S is feasible then
Determine-Camera-Type(S)

else
SP .erase(S)

end
end

end
return SP ;

7.3.2 Backtracking process to remove infeasible branches

As mentioned in the previous section, the possible number of pair sets is (Nh − 1)Nt . It is

expedient to remove all remaining host-threat pair sets that are infeasible before formulating

and solving the optimal placement problem. A backtracking approach is used to complete

the culling of infeasible pair sets. Backtracking is a constructive algorithm for generating

feasible solutions. The process can be visualized as a tree structure in which candidate

solutions are the branches that remain after pruning infeasible branches that do not satisfy

constraints. Figure 7.7 shows an example of the backtracking process when there are three

threat aircraft (t1, t2, t3) and four host aircraft (h1, h2, h3, h4). Each column shows possible
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host-threat pairs for each threat aircraft, starting with threat t1 at the left. In this case,

there are 27 possible combinations for pair sets. Infeasible pair sets are removed through

the backtracking process. First, the feasibility check is conducted only for pair combinations

of t1 and t2. There are 9 possible combinations involving t1 and t2 pairs. If one of those

combinations is infeasible, the combination is excluded (pruned). In Figure 7.7, for example,

the combination {(t1, h1, h2), (t2, h2, h1)} is declared infeasible because of the threats t1 and

t2 are too distant, as in Figure 7.6a. Downstream combinations involving threat t3 are

generated only for feasible host-threat pairings.

Figure 7.7: Example of backtracking process

7.3.3 Optimization problem statement

Once feasible pair sets are chosen from the backtracking process described in the previous

section, the optimization problem is solved for each pair set S. Recall that a host-threat

pair s consists of a threat aircraft and two assigned host aircraft and that a pair set S

contains a complete set of host-threat pairs, i.e., one and only one pair for each threat.

The aim is to minimize the localization error (the sum squared error between the ground
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truth threat position vector and the estimated threat position vector) of all threat aircraft

in a pair set S. The camera type of the host aircraft hi is distinguished in the formulation

using a binary value chip . If the camera type to be used by host hi is the peripheral vision

camera, then chip = 1; if the camera type to be used is the central vision camera, chip = 0.

As described in Section 7.2.3, the intersection angle θtjs of two threat vectors should be close

to 90◦ to minimize the triangulation-based localization error and the distance dhitj to the

threat from the host aircraft should be small. Also, the pixel width (αhitjp and α
hitj
c ) of the

threat aircraft in the peripheral and central vision imagery of host hi should be larger than

the minimum number of pixels (γp and γc) required by the peripheral and central vision

detection algorithms to ensure detection. To simplify analysis, it is assumed that the width

and height of all threat aircraft are equal and that all aircraft operate at the same altitude.

In this case, only the threat pixel width in the formulation is considered. Finally, a mixed-

integer nonlinear programming problem to find the set Xh of host position vectors which

minimizes the localization error of all threat aircraft is formulated below.

X∗
h = arg min

Xh

∑
s∈S

∑
tj∈s

{∏
hi∈s

{[
chip /α

hitj
p + (1− chip )/α

hitj
c
]
dhitj

}
sin θtjs

}
(7.7)

s.t. (chip α
hitj
p − γp) + (1− chip )(αhitjc − γc) > 0, hi ∈ s, tj ∈ s, s ∈ S (7.8)

(1− chip )
(ψhic

2
− |ψhitj |

)
≥ 0, hi ∈ s, tj ∈ s, s ∈ S (7.9)

dhitj ≥ Rs, hi ∈ s, tj ∈ s, s ∈ S (7.10)

chip ∈ {0, 1}, hi ∈ s, s ∈ S (7.11)

where ψhic is the FOV angle of the central vision camera for host hi, ψhiti is the azimuth angle

between hi and ti, and Rs is a safety distance between host and threat aircraft to prevent
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collisions. (It is assumed that collisions between hosts and maneuvering threats are prevented

by an over-riding collision avoidance protocol. The objective function (7.7) determines the

host locations that maximize the pixels in the image that correspond to the threat aircraft

and minimize the error in (7.5). Constraint (7.8) ensures the minimum number of “threat

pixels” for detection. Constraint (7.9) ensures that the threat is within the FOV of the

central vision camera, if that camera is to be used. The minimum distance between the

host aircraft and the threat aircraft is constrained to be larger than the safety distance Rs

in (7.10). The optimization problem defined above is solved using the interior-point method

for each feasible pair set. An example pair set is illustrated in Figure 7.8.

Figure 7.8: Geometry of a pair set

The HSOP algorithm is given in Algorithm 3. To minimize the number of host aircraft

involved, the HSOP algorithm initially generates pair sets using only initial observers (Nh ≤

Nt). If there exists no feasible pair set in SP , the algorithm adds host aircraft until a

feasible pair set is found. (Note that the maximum number of hosts Nh required to image

Nt threats is 2Nt.) Once a feasible set is found, the optimization problem is solved using

the pair set. If the cost J of the resulting placement set Xh is smaller than the minimum

cost seen so far, and if Xh is determined to satisfy all constraints (7.8)-(7.11) using the

Constraints-Check function, then the optimal placement set X∗
h and cost J∗ are updated
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Algorithm 3 HSOP algorithm(Nh, T )

SP = {};
while X∗

h is empty do
SP ← Feasibility-Check(Nh, T, SP )
if SP is not empty then

for each pair set S in SP do
[Xh, J ]← Solve-Problem(S)
if Constraints-Check(Xh) & J < J∗ then

X∗
h ← Xh;

J∗ ← J ;
end

end
else

Nh ← Nh + 1
end

end
return X∗

h;

accordingly. The resulting X∗
h indicates the optimal locations for the minimum number of

host aircraft which cover the current and final positions of all threat aircraft and which

also minimize the cumulative threat localization error, including current and final threat

positions. In the next iteration, final threat state estimates are taken as initial states and

the HSOP algorithm computes the new optimal positions for the host aircraft.

7.4 Results

Because of the logistical challenges associated with multi-host, multi-threat detection and

localization experiments, simulations were used to assess the performance of the HSOP

algorithm. In these simulations, the HSOP algorithm is used to compute host aircraft

positions corresponding to randomly generated threat states (positions and velocities). The

localization error for each threat aircraft position is then estimated. (The localization error

is the sum squared error between the ground truth threat position and the estimated threat
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position.) The simulation parameters are shown in Table 7.1. To simulate the localization

error, a zero-mean Gaussian noise is superimposed to the threat image in the horizontal and

vertical directions with a 30 px standard deviation for the peripheral vision camera and a

3 px standard deviation for the central vision camera. (This empirically tuned synthetic

error closely matches the error seen in experimental measurements.) The localization error

is then estimated using the noise-corrupted threat vectors. This process is repeated 10,000

times for each simulation and the localization error is averaged. It is concluded that 10,000

data points are enough to assess the localization error with the assumed standard deviation

because a similar averaged error is obtained using 1000 data points. References [121, 122, 123,

124, 125, 126, 127, 128] provide host aircraft placement algorithms for threat coverage, but

localization error of threats is not considered in determining host placement. To illustrate

how well the HSOP algorithm reduces localization error compared with algorithms that

consider only threat coverage, the HSOP algorithm is compared with such a “coverage only

(CO)” approach obtained by eliminating the localization cost from the HSOP algorithm and

using the same constraints (7.8)-(7.11).

Table 7.1: Simulation parameters

Parameter Value
Threat speed (m/s) 0 - 5

Prediction horizon (sec) 10
Rs (m) 20
γp (px) 5
γc (px) 30
ψhic (◦) 53

Figure 7.9 shows results of the CO approach and the HSOP algorithm in a sample simulation

using two static threat aircraft. In the CO approach, shown in Figure 7.9a, the algorithm

successfully covers the two threat aircraft using two host aircraft, but this algorithm does

not consider the localization error that results when the hosts triangulate the position of the
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(a) Placement of two host aircraft using the
CO approach

(b) Placement of two host aircraft using the
HSOP algorithm

(c) Placement of three host aircraft using the
HSOP algorithm

(d) Placement of four host aircraft using the
HSOP algorithm

Figure 7.9: Simulation results for optimal host aircraft placement using two approaches for
static threats. (Small blue circles: host aircraft positions. Green x marks: threat positions.
Red lines: boresight directions of peripheral vision cameras. Large blue circles: detectable
regions of peripheral vision cameras. Blue circular sectors: detectable regions of central
vision cameras.)
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threats. The HSOP algorithm, whose results are shown in Figure 7.9b, simultaneously covers

the threat aircraft, with a minimum distance to the threats, and maximizes the intersection

angles of the threat vectors from the host aircraft to the two threats.

As mentioned in the previous section, the HSOP algorithm provides positions for the mini-

mum number of host aircraft. In this example scenario, the minimum number of host aircraft

needed is 2. To see how the localization error changes if more host aircraft are allowed, the

HSOP algorithm is implemented using Nh = 3 and 4 and again estimated the localization

error. Figures 7.9c and 7.9d show the results of the HSOP algorithm when there are three

and four host aircraft, respectively. Note that type of camera selected from the hosts’ PCV

systems changes to minimize the localization error. Also note that the intersection angles

are 90◦.

Figure 7.10 shows results of the HSOP algorithm with two mobile threat aircraft. The

threats are initially detected by two host aircraft and their future path is predicted based

on the initial detection data. The HSOP algorithm successfully covers the entire path of

the threat aircraft throughout the prediction horizon and optimizes the host position to

minimize the localization error. Once the prediction time (τ) has elapsed, a new final

position is computed corresponding to the updated threat position and velocity. The HSOP

algorithm then generates new host positions based on the new threat paths. Note that the

camera types and the number of hosts needed change as the threats move.

To better appreciate the localization error obtained using the HSOP algorithm, the sim-

ulation is repeated 100 times with different threat positions and various numbers of host

aircraft. The localization error of all threat aircraft is estimated in each simulation and av-

eraged. Figure 7.11 shows the averaged localization error using the CO approach and using

the HSOP algorithm versus the number of host aircraft. The three subfigures show that the

localization error of the HSOP algorithm decreases with increasing numbers of host aircraft.
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(a) Initialization (two mobile threats are de-
tected by two hosts.)

(b) Placement of two host aircraft using the
HSOP algorithm

(c) Placement of three host aircraft using the
HSOP algorithm

(d) Placement of four host aircraft using the
HSOP algorithm

Figure 7.10: Simulation results for optimal host aircraft placement using the HSOP algorithm
for mobile threats. (Small blue circles: host aircraft positions. Green x marks: current threat
positions. Red x marks: final threat positions. Red lines: boresight directions of peripheral
vision cameras. Large blue circles: detectable regions of peripheral vision cameras. Blue
circular sectors: detectable regions of central vision cameras.)
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(a) Localization error with two threat aircraft (b) Localization error with three threat aircraft

(c) Localization error with four threat aircraft

Figure 7.11: Localization error using CO and HSOP algorithm
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When fewer host aircraft are available, the peripheral vision cameras must be used to cover

all of the threat aircraft, as shown in Figures 7.9 and 7.10. If more host aircraft are available,

the central vision camera is selected by the algorithm and the localization error decreases

because of the camera’s higher resolution. On the other hand, the localization error using

the CO approach does not change with the number of host aircraft since the CO approach

only considers the threat coverage.

7.5 Summary

This chapter suggests an algorithm for heterogeneous stereo vision system placement for

airborne counter-UAS applications, a variant on the well-studied problem of placing drones

for optimal coverage of ground targets. The algorithm ensures that host aircraft equipped

with two different types of camera – an omnidirectional “peripheral vision” camera and a

perspective view “central vision” camera – can cover and localize a set of threat aircraft with

minimum localization error. Simulation results illustrate that the heterogeneous stereo vision

optimal placement (HSOP) algorithm reduces localization error. For the specific aircraft and

sensing systems considered here, the HSOP algorithm reduced the averaged localization error

to less than 1 m in simulations, compared with a 9-10 m localization error associated with

a coverage-only approach.

In considering the optimal placement of drones to localize moving threats, the host aircraft

are assumed to be sufficiently fast to attain the commanded positions quickly relative to

threat aircraft motion. This assumption may be unrealistic in some scenarios. Future work

might address this assumption in terms of optimal motion planning, although the image

processing quality may suffer from camera motion. Also, while simulations suggest that

the HSOP algorithm is effective, in practice, the algorithm does not always provide a glob-
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ally optimum solution nor is it guaranteed to converge because the objective function of

the optimization problem is non-convex. One might define a heuristic method to initialize

the optimization problem in order to avoid these issues. Another potential concern is the

algorithm’s computational complexity. Although infeasible host configurations is pruned

to speed up the algorithm, if the number of host and threat aircraft is large (of order 10,

for example), the time required to compute a solution may prohibit its use for real-time

operation.
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Conclusions

A peripheral-central vision (PCV) system to detect and characterize airborne threat has

been developed, including specialized algorithms, for use in airborne detect-and-avoid and

counter-UAS applications. The peripheral vision camera initially detects the threat, and the

central vision camera is then cued to slew toward the threat. Once the threat is observed

by the central vision camera, the more detailed image of the threat available from the

central vision camera allows one to classify the threat using a deep neural network and

also to estimate the pose of the threat. Finally, the 3D position of the threat is estimated

using the heterogeneous stereo vision algorithm. In order to assess the threat localization

performance, an experimental dataset was generated using a variety of mock threats. Results

showed that the localization accuracy is quite limited using the current low-cost cameras in

the given configuration, but also showed that the localization error decreases substantially

with a longer baseline using two PCV systems. The system parameter analysis indicated

that this accuracy is also influenced, however, by camera quality and performance of the

feature extraction algorithm that helps to define the threat vector.

For better threat tracking, a model-based path prediction algorithm was developed for small

fixed-wing unmanned aircraft. Assuming that the pose (position and attitude) of the aircraft

is obtained by the PCV system, the future path of the fixed-wing unmanned aircraft is pre-

dicted based on the aircraft’s dynamics. To assess the algorithm’s performance, predictions

using the developed path prediction (pose-plus-wind prediction) algorithm are compared

128
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with two prediction approaches based solely on position data and on pose data for a large

experimental data set. Pose-plus-wind prediction showed the best performance among three

approaches for all of types of flight and two types of aircraft in the data set.

To extend the problem to the multiple threat problem, a novel multiple threat scheduling

algorithm for the PCV system based on modified travelling salesman problem (TSP) solution

was devised. The simulation results show that the modified TSP algorithm can prioritize

the threats by considering both the time efficiency and the risk values, which existing threat

scheduling algorithms do not do. The results also show that the measurement uncertainty

of threat data can be decreased by updating the threat data more often.

Additional efforts focused on the multiple host aircraft placement problem. To solve this

problem, the heterogeneous stereo-vision optimal placement (HSOP) algorithm was devel-

oped. The HSOP algorithm determines the optimal place and the camera type for each of

two or more PCV systems that cover and localize given threat aircraft with minimum local-

ization error. The simulation results showed that the HSOP algorithm was able to reduced

the localization error compared to when only threat coverage was considered. In most cases,

the HSOP algorithm provided an effective solution. However, the algorithm did not always

provide a globally optimum solution nor is it guaranteed to converge. Also, the computa-

tional complexity of the algorithm may prohibit the real-time operation if the number of

host and threat aircraft is large.

There are a number of potential research topics that may extend from this work. Although

the localization error can be reduced using multiple host aircraft as shown in Chapter 4

and 7, a single PCV system still showed a high localization error. As analyzed in Chapter 4,

the current version of the PCV system could be improved with better hardware. Also, for

the threat scheduling algorithm and the HSOP algorithm, the host aircraft maneuver was

not considered. The host aircraft was assumed to hover for the threat scheduling algorithm;
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the maneuvering strategy of the host aircraft between waypoints was not designed for the

HSOP algorithm. Developing these algorithms with the host aircraft maneuver strategies

would make the algorithms more practical. Also, these algorithms were designed for the

PCV systems, but implemented only in the simulation environment. Incorporating these

algorithms into the actual PCV systems and implementing them in real-time would further

prove their effectiveness.
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