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Abstract

The growing use of drones, particularly small and cost-effective suicide drones, in mod-
ern warfare poses substantial threats to military assets. The purpose of this project
is to contribute to further developing the design of the Archangel system: a drone de-
tection and localisation system. This project applies a radar and a camera to acquire
spherical measurements of a drone. The multiple-input multiple-output radar principle
is applied to obtain azimuth angle measurements in addition to range and velocity mea-
surements. Four different frameworks: angle FF'T, Bartlett and Capon beamformers, and
the MUSIC algorithm are investigated for direction-of-arrival estimation. Multiple data
collections have been conducted in environmental conditions to evaluate the performance
of the radar target detection. A data fusion scheme has been developed using a Kalman
filter and spherical-to-Cartesian transformed radar and camera measurements to improve
the drone location estimations. The Kalman filter effectively combines the multi-sensor
measurements from the radar and camera, reducing measurement noise, and successfully
models the linear movement of the drone. The method produces reliable estimations of
the location and velocity of the drone. The fundamental advantages and limitations of
the methods have been identified. This study further lays the groundwork for designing

an effective drone detection and localisation system.
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Preface

The mathematical notation used in this report is described here. Generally, scalar values
will be denoted by lower-case letters such as X. Vectors are denoted by bold lower-
case letters such as X, and all vectors are assumed to be column vectors. A superscript
T denotes the transpose of a matrix or vector so that X" will be a row vector. The
Hermitian transpose (conjugate transpose) is denoted as H. Upper-case bold letters,
such as M, denote matrices. Variables will throughout the report be denoted in italic
font. The units employed in this report are based on the SI, except angle measurements,
which are expressed in degrees and denoted by the symbol [°]. Some notes on additional
comments on the text formatting follow. Specific components relating to sensing, software,
and programming functions will be denoted as: arbitrary text.

Relating to the data processing and presentation thereof, a data point having zero
value should be regarded as a ‘no measurement’. The term UAV is commonly used as
a scientific notation for fixed-wing aircraft, quadcopters, helicopters, and other similar
devices. In this report, the term drone is used to refer to such devices.

All code relating to the project and to producing the obtained results is appended to
the project report. The obtained video illustrating the results is also appended. For those
interested in accessing the data, code, and video material, please feel free to reach out.
To obtain these materials, contact at bestaske@gmail.com
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Abbreviations

FFT fast fourier transform

MIMO multiple-input multiple-output

ULA uniform linear array

CA-CFAR cell-averaging constant false alarm rate
MUSIC multiple signal classification

DOA direction-of-arrival

TX transmitter

RX' receiver

VX virtual

SIMO single-input multiple-output

YOLO you only look once

FOV field of view

LNA low-noise amplifier

ADC analogue-to-digital converter

TDM time division multiplexing

FMCW frequency-modulated continuous-wave
PCB printed circuit board

RMSE root mean squared error
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1 Introduction

In the Russo-Ukrainian war, cheap drones have become a key weapon, used for both
surveillance and attacks. The war has highlighted a new threat on the modern battlefield,
as retrofitted hobby drones, or suicide drones, can destroy high-value targets like tanks,
multiple launch rocket systems, and radio stations at a low cost. Detecting, localising and
countering these drones is an urgent matter in this scenario. Nordic Wing is pursuing a
solution capable of effectively detecting and neutralising such drone threats. Currently
available technologies are challenged by the harsh milieu. Additionally, they themselves
are expensive and become high-value targets. The cost factor underscores the importance
of deploying a cost-effective solution to mitigate the drone threats effectively. The solution:
the Archangel system.

The rest of this chapter includes a description of Nordic wing, earlier project work
providing the foundations for the current project, the project boundaries, and the problem
proposal. Chapter 2 introduces the MIMO radar principle. Chapter 3 presents the array
signal model along with the four methods applied for angle estimation: the angle FFT,
the Bartlett and Capon beamformers, and the MUSIC algorithm. Chapter 4 establishes
the radar target detection composed of a presentation of the physical radar applied in the
project, the implementation, a description of the data collection, and the corresponding
results. Chapter 5 presents the Kalman filter used as a data fusion scheme and the final
results of this project. The results are discussed in Chapter 6, and conclusions are drawn
in Chapter 7.



1.1 Description of Nordic Wing

Nordic Wing [1] is a Danish drone manufacturer of xed-wing drones for mapping and
surveying, defence and security, and search and rescue among other purposes. The com-
pany is located at the old military air force base in Veerlgse, Denmark. Nordic Wing
produces the Astero drone, displayed in gure 1.1.

Figure 1.1: The Astero drone

The company is a growing organisation which currently employs around 40 people across
various roles, competencies, and skills. The company departments include R&D division,

production and service, and management. The R&D division is composed of three areas:
mechanics, hardware, and software. In addition to the Astero drone, the company is

exploring other potential spin-o products.

1.2 Previous work and foundations for current project

This project is a continuation of the project: Detection and localisation of drone for use in
anti-suicide drone systeni2] carried out in the spring of 2024. The previous work investi-
gated the feasibility of various sensor technologies for detection and localisation of drones.
The combination of radar and camera technology was evaluated as the most suitable sen-
sors to be applied in the Archangel system based on the speci cation and requirements,
seen in appendix C. The project utilised the mmwavAWR184Bdar and a GoPro MAX
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360 to obtain the spherical state estimates. Di erent target detection schemes were em-
ployed: the CA-CFAR algorithm was applied to the radar to obtain range and velocity
estimates of the drone. The YOLOV8 was evaluated as the most e ective object detec-
tion model, providing angle estimates in both the horizontal and elevation planes. The
state estimates were produced by the data fusion scheme implemented as a Kalman lIter.
The Archangel system is conceptualised in gure 1.2 with the spherical and Cartesian
coordinate systems employed in the project.

Figure 1.2: Proposed Archangel system illustration displaying the coordinate
system con guration employed in the project. The sensor boresight follows the
X-axis.

The sensor boresight follows the x-axis and the azimuth (horizontal) and elevation angle
are denoted as and , respectively. The previous project was preliminary and served as
an initial investigation into the feasibility of the Archangel system. Several improvements
were discussed for further development. These were related to all aspects: radar, camera,
and data fusion. They included the following, which will be the focus points of this project:
applying the MIMO principle enabling angle estimates from the radar in addition to the
camera, yielding multi-sensor measurements greatly improving the state estimates of the
data fusion method. Additionally, the camera drone detection was applied on a wide-
angle video format, severely a ecting the e ectiveness of the drone identi cation using
the camera. Furthermore, the measurements of the motion of the drone were spherical,



yielding deviation in the resulting estimates when applied to the linear Kalman lter.
This project continues the work with FMCW radar employing the same radar. A revised
approach is encouraged.

1.3 Problem boundaries and problem proposal

Certain constraints are introduced to simplify the problem of drone detection, creating

a realisable baseline to study the e ectiveness of the applied sensors and methods. The
constraints are with respect to drone, environment and detection parameters. They are
presented as follows:

" Drone type and number: the sole focus will be on detecting and localising a single
quad-copter drone.

"~ Static/dynamic: this project will focus exclusively on the Archangel system operat-
ing in a stationary mode, thereby disregarding a dynamic scenario.

" Detection parameters: this project will disregard the requirements for detection
range, velocity and FOV. The focus is on evaluating the performance with the
available equipment in the context of the Archangel system.

The project is a collaboration between Aalborg University and Nordic Wing. The project
work is conducted at the facilities at Nordic Wing as a project-oriented study and with
supervision from Aalborg University. Aalborg University and Nordic Wing intend to
address the detection and localisation problem by data fusion, utilising a radar and a
camera. Consequently, a problem proposal has been formulated to address this specic
challenge:

The object of this study is to investigate the implementation of a data fusion strategy
for detection and localisation of a drone utilising a combination of radar and camera
technologies.



2 The MIMO radar principle

This chapter introduces the multiple-input multiple-output (MIMO) radar principle utilised
to obtain angle estimates of a target location from a radar. Following this, a time division
multiplexing as a multiplexing strategy for separation of channels is presented.

MIMO radar technology is an advanced radar approach that leverages multiple trans-
mitter (TX) and receiver (RX) antenna elements to enhance radar performance across
various dimensions. Unlike traditional radar systems, which typically use a single an-
tenna or a phased array to transmit and receive signals, MIMO radar employs multiple
independent antennas for both transmission and reception. This con guration enables
unigue signal processing techniques that can signi cantly improve spatial resolution, tar-
get detection, and accuracy. An MIMO radar withNtx transmitter elements andNRrx
receiver elements, has the equivalent angle resolution of a SIMO radar withrx Ngrx
receiver antennas. Therefore the MIMO radar, with fewer physical antenna elements
requiring individual processing chains, each including an LNA, mixer, lIter, and ADC,
provides a cost-e ective solution for enhancing radar angle resolution. This technology
plays a crucial role in improving spatial resolution [3].

The MIMO radar principle utilises the multiple TX and RX elements to create a
virtual array. This principle is illustrated in gure 2.1. The same set of RX elements
process signals from transmission from multiple TX elements, i.e. each RX antenna
receives the backscattered signal from all TX elements. Provided that the RX elements
are able to separate the signals corresponding to di erent TX elements, e.g. by having
the TX elements transmit on orthogonal channels, a virtual array is created. Each virtual
(VX) element is related to the unique pathways between each TX-RX element pair. The
number of VX elements is equal toNyx Ntx Nrx. The target introduces a phase
change between the virtual antenna array elements related to the angle of the target and
the physical placement of the antenna elements. This setup allows for superior angular
resolution and increased clutter suppression [3].

Di erent multiplexing strategies can be applied to provide the separation of the TX
signals at each RX element. One method is time division multiplexing which is described
in the following section in the context of FMCW radars.



(@)

(b)

Figure 2.1: Figure (a) illustrates the MIMO radar principle for antenna array of
3 4TX and RX antenna elements. Each RX element receives the backscattered
signal from each of theTX elements. Figure (b) illustrates the synthesis of the
virtual array from the formed pathways. Contrast indicating unique pathways

formed.



2.1 Time division multiplexing

Time division multiplexing (TDM) is the simplest strategy to provide separation between
the signals and is easily implemented. Each frame comprises several blocks, with each
block containing Ntx time slots, each corresponding to the transmission by one of the
Ntx TX antennas. The signal is transmitted from one TX antenna at a time, alternating
between the elements. This scheme is illustrated in gure 2.2.

Figure 2.2: TDM illustration using three TX antenna elements.

The gure illustrates TDM applied for an FMCW radar with Ntx 3. This approach en-
sures no interference between signals at the receivers from di erent transmitters. Thereby,
achieving orthogonality in time [3].



3 Direction-of-arrival estimation

MIMO radar enables high-resolution direction-of-arrival (DOA) estimation by synthesiz-
ing a virtual array, allowing for much higher resolution than that created by the physical
antenna elements alone. This chapter presents the signal model for a uniform linear an-
tenna array. Following this the four techniques for DOA estimation applied in the project
are presented.

3.1 Array signal model

There are dierent con gurations of a virtual antenna array. This section will present

the con guration of a uniform linear array (ULA). The array of M antenna elements are
uniformly spaced on a line, depicted in gure 3.1. The elements are spaced distarte
apart. Making a far- eld assumption, the signal from the target is impinging as planar
waves on the array at an angle, measured (counter-clockwise) with respect to the normal
of the antenna array [4].

Figure 3.1: The uniform linear array

The antenna array signal model is based o the relative time-delay,, across the array
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elements, and is written as [4]

o m-ds'z " for > 90%90¢ 3.1)

wherem >71;2;:::;Me and c denotes the propagation velocity of electromagnetic waves,
l.e. the speed of light. The phase shift due to,, across each antenna element for a target
at can be represented by the steering vect@ e, i.e. the steering vector models the
expected phase shifts across the array elements for a plane arriving at The steering
vector is given as [4]

~

a e 1 eltez 11 eltem

1 eltse 0 eitsm T (3.2)

T

where! . 2f . denotes the angular carrier frequency antl,, represents the spatial
frequency at elemenim, de ned as [5]

. "m 1.2dS|n -:

(3-3)
The relationship between! ¢ and is non-linear;! s is most sensitive to change at 0
and the sensitivity decreases asincreases. This means that the estimation of the DOA is
more error prone as increases. Intuitively, the increase of makes the apparent area of
a patch antenna seem larger, reducing the e ective received power from a target, thereby
reducing the ability of the radar to detect e ciently [5].

Spatial aliasing, analogous to temporal aliasing in signal processing, can lead to am-
biguities in DOA estimation, resulting in multiple indistinguishable directions. To avoid
this consideration should be given to the spacing between elements in the ULA. The
steering vectora™ e is uniquely de ned if $sB . This, combined with the desire for the
requirement ofd to hold for any , leads to the condition [4]

dB; (3.4)



meaning that the spatial sampling (or antenna spacing) should not exceed2. Two
targets at locations symmetric to the array line will produce the same phase shift. The
restriction of to be within the interval 90%90% is a limitation by the ULA. In a
practical scenario this ambiguity is eliminated for patch antenna arrays as they only pass
signals that lie within this interval.

The angle resolution is the minimum angle separation for two objects to appear as
separate peaks. The resolution is given as [4]

~array length: (3.5)

The following model equation is presented to describe the system behaviour, capturing
the key dynamics. Denoting the signal corresponding to the target at time indeixas
ste. Collecting multiple samples of the target signak,“te at the same time index, i.e.
producing multiple snapshots, constructs the signal vector given as

St s5"te S, te i sk Tte (3.6)

wherek >71;2;:::;Ke denotes the snapshots. The superposition principle can be applied,
such that the output signal of the array can be written as [4, 6]

X a 1o a , :pa (3.7)

BTN |
Z

; (3.8)

M N N K MK

wheren >71;2;:::;Ne is the number of targets (or sources) and is the Vandermonde
matrix of steering vectors.N is the noise present, which may be considered as Gaussian
white noise.
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3.2 DOA methods

Four di erent DOA estimation methods are considered in this project. The methods
are the angle FFT method, the Bartlett and Capon beamformers, and the MUSIC algo-
rithm. These methods constitute some of the most popular methods for DOA estimation.
An illustrative example of using the estimators is displayed in gure 3.2 supporting the
theoretical foundation of the methods presented in the following.

Figure 3.2: Normalised spectrum of the DOA estimation methods for a target at
approximately ~ 0Xin the radar_angle_0 described in appendix B.

Angle FFT

The angle FFT is an extension to the range FFT and Doppler FFT as introduced in [5].
For each frame a 2D FFT is obtained from each antenna element in the ULA. In each 2D
FFT there will be a peak for each target at the same location. An FFT on the sequence
of phasors corresponding to the 2D FFT peaks resolve the target. This is called an angle
FFT. The angle FFT will have a peak at a frequency relating to the DOA of the target.
The frequency peak correspond to the spatial frequency de ned in (3.3) and the angle is
determined in relation herefrom as [5]

sinlc——e: (3.9)

N
o

11



Bartlett beamformer

Common for the Bartlett and Capon beamformers and the MUSIC algorithm is that
they apply the covariance matrixR. In practice the covariance matrix is estimated by
computing the sample covariance matri® from the received signal as [4]

1
R —YyyH (3.10)
K
and captures the spatial correlation across the antenna array. The Bartlett beamformer
is the conventional beamformer and is a non-parametric method, since is does not make
any assumptions of the covariance structure of the data. For a general spatial Iter design

problem the objective is that the lter

(i) passes undistorted the signals with a given DOA; and

(ii) it attenuates all the other DOAs di erent from  as much as possible.

The power of the beamformer is calculated as [4]

P+« E$3 wHRw; (3.11)

wherew is the Iter coe cients. Hence, wHRw should peak at the DOAs of the sources
located in the viewing eld of the array. The objectives (i) and (ii) leads to a mathematical
formulation of constraints in the design problem. Utilising this, it can be shown thaP”™ e
maximises wherw a” ¢ for a source located ats. Therefore, the Bartlett beamforming
DOA estimates are given by the location of then highest peaks of the function [4]

Peaer ~ ¢ a"" *Ra” «: (3.12)

The Bartlett beamforming method is a direct spatial extension of the periodogram. The
Bartlett beamformer is simple to implement and provides a reasonable performance. How-
ever, its performance degrades quickly for correlated signals and a few number of snapshots
when estimating the covariance matrix. Furthermore, it has a poor angular resolution.

12



The method serves as a foundational method for more advanced methods like the Capon
beamformer and MUSIC algorithm, which will be presented in the following.

Capon beamformer

For the Capon beamformer the objective is accomplished in a more sound way; the Iter
actively tries to minimise the output power when fed with the actual array datay. In the
Capon approach the objective (ii) is designed in a data dependent way alternatively to the
Bartlett beamformer where this was done independently of the data. As a consequence the
goal of the Capon Iter, when steered toward a speci c direction, is to suppress signals
arriving from any DOA x . In contrast the Bartlett beamformer gives equal attention

to all DOAs x , even if no signals are actually incoming from many of the DOAs. The
Capon DOA estimates are obtained as the locations of threlargest peaks of the function

[4]

I:)Capon,\ * (3.13)

alh” oR 13" o

The Capon beamformer actively suppresses thex DOA. By e ectively suppressing the
interference and noise from other directions the Capon beamformer provides a better
resolution. However, the method requires the inversion of the sample covariance matrix.
Therefore, R needs to be invertible. Furthermore, the inversion can be computationally
expensive for large arrays or poorly conditioned matrices. The performance is also highly
dependent on accuracy of the covariance matrix estimate, requiring a su cient number of
snapshots for the estimation. Additionally, the method struggles with correlated signals.

MUSIC

The multiple signal classi cation (MUSIC) algorithm is a parametric method and is a
popular technique used for estimating the DOA. The MUSIC method is derived from
the covariance model withM AN [4]. It is based on the eigenstructure of the covariance
matrix of the signal. The eigenstructure oR contains complete information on the DOAs.
Given the estimate of the covariance matriXR the MUSIC algorithm estimates the DOA
using an eigenspace method. Considering the eigendecompositiof ads [4]

13



RU U ; (3.14)

where diag” 1; »2;:::; m* Whichis arranged in a non-increasing order arld contains

the corresponding orthonormal set of eigenvectors. The set of eigenvectordRotan be
split into two subsets: one related to the source (target) s and one related to the noise
U,. The associated eigenvectors poses some interesting properties that can be used for
angle estimation. Expressing the sample covariance matrix in terms of the subsets as

0
R Uu H usun%os %
n

Us U U, U, (3.16)

(3.15)

I |

H
S
H
n

TP

where the su xes s and n relates to theN sources andM N noise components, respec-
tively. The eigenvalues are conditioned as

where 2 denotes the variance of the noise present in the signal. The eigenvalues corre-
spond to the variability along di erent directions, with the largest eigenvalue indicating
the direction of maximum variability. The subsetU 5, associated with theN largest eigen-
values, spans the signal subspatk, which represents the directions of greatest variability.
The remainingM N eigenvectors span the noise subspatk. The two subspaces are
orthogonal to each otherUs UU, [4, 6].

The MUSIC algorithm exploits the originality between these. The key idea is that for
the true signal directions the steering vectorsa™ ¢ reside in the signal subspaca >Us
and are orthogonal to the noise subspace. This results is

a'’ .u,ufla” . 0 (3.17)
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leading to the formulation of the the MUSIC pseudo spectrum de ned as [4]

1

: 3.18
al”™ «U UHa" « ( )

Pmusic ™ ®

The expression evaluates how orthogonal the steering vectr ¢ is with the noise sub-
space. The primary advantages is that the method is very robust to noise and can resolve
closely spaced targets. The disadvantages are that the method requires prior knowledge
of the number of sources present in the data. Additionally, there is an increase in com-
putation complexity due to the eigendecomposition.

15



4 Radar target detection

This chapter focuses on radar target detection, detailing the specic radar system used
in the project and describing its implementation. Furthermore, the drone data collection
process is presented along with an an evaluation of the performance of the radar target
detection.

4.1 Radar system overview

The radar utilised in the project is the TI AWR1848adar with its compatible develop-

ment board AWR1843BOJ3]l' This is coupled with a data handling board, speci cally
the DCAL1000EV[E] as displayed in gure 4.1. This enables direct integration and data
handling.

Figure 4.1: The used radar setup: th&1 AWR184%& highlighted by the green
box, the three transmitters by the blue box and the four receivers by the orange
box. The handling board is the green board mounted on the back.

16



The radar chip is a FMCW radar with an operating frequency betweer6GHzand 81GHz
The setup of the development and handling board will be referred to as the radar moving
forward. The setup supports threeNtx 3 transmitter elements andNgyx 4 receiver
elements arranged as a multidimensional array. Each TX/RX element has three physical
patch antennas associated with it. Furthermore, one column of dummy patch antennas
on each side of the receiver array are placed to reduce coupling between the elements.
Additional radar speci cations are given at [9].

From the physical antenna array a virtual antenna array is constructed as introduced
in chapter 2. The physical and virtual antenna array is illustrated in the top and bottom
of gure 4.2, respectively. Each VX array element corresponds to a TX-RX pair and the
location is determined from the coordinates of the TX and RX elements [3]. The spacing
between the RX and TX elements are 2 and , respectively. The TX elements are
represented by blue circles, the RX elements by orange circles, and the VX elements by
green circles.

Figure 4.2: The MIMO array of the radar system illustrating the physical antenna
array and the corresponding virtual antenna array.

Due to the few number of elements in the elevation plane, the project will disregard
obtaining angle estimates in the elevation plane from the radar, but focus exclusively on
the horizontal plane, i.e. the azimuth angle . The second TX element is only relevant

17



for angle estimation in the elevation plane and it will therefore be excluded, along with
the corresponding VX elements, indicated by the transparent circles. Since the virtual
elements only provide a double representation of the phase di erence, yielding unnecessary
additional computations. Thereby the structure of the virtual array is that of anM 8
ULA.

The settings related to the range, velocity, and angle parameters, such as the data
handling con gurations, can be adjusted using theMMWAVE-STUBtDware [10]. The
radar settings applied during data collection in this project are shown in gure B.3.
These settings enable range, velocity, and angle parameters suitable for detecting the
drone. The theoretical radar parameters are calculated and displayed in table 4.1 [5].

Parameter Value
I max 49995 m
r 0:1953 m
Vimax 6:49 ms
\Y; 0:101 ms
max 90¢
14:3X

Table 4.1: Theoretical parameters of the radar.

4.2 Implementation

The implementation is a process with multiple steps covered here. To utilise the data re-
ceived from the radar, itis rst processed. The data from théWR1843BOQigVelopment
board is structured asR*28 256 for each VX element for each frame, the values determined
from the number of chirps and ADC samples applied in the FMCW radar. The data is
initially subjected to a range FFT with a Chebyshev window function applied dividing the
data into 256 range bins. The range FFT data is then further processed using a Doppler
FFT with a Chebyshev window resulting in 128 Doppler bins. The FFTs are performed
using [11]. This process produces a 2D FFT for each VX element for each frame, which
can then be utilised for target detection. An example of such 2D FFT is illustrated in
gure 4.3. Each cell in the resulting 2D map corresponds to a range and velocity interval
of 0:195 mand 0:101 mrs, respectively, as speci ed by the resolution in table 4.1.

18



Figure 4.3: lllustration of 2D FFT constituted of range and velocity cells. The
target is made up of approximately5 3 cells.

Applying the Doppler FFT produces a moving target indicator [12] thereby Itering all
the power from the stationary environment around the zero velocity axis. This provides
a better estimate of the target approaching.

CA-CFAR

The CA-CFAR algorithm [13] is in this project applied for detecting the target from the
radar data. The algorithm is implemented with (2, 1) guard cells on each side of the cell
under test, organised as (range, Doppler), thereby covering the approximate size of the
of drone, ensuring that minimal power from the target enters the reference cells. From
tuning (2, 2) reference cells where chosen. The tuning was based on obtaining fewest false
detections, while enabling the longest detection range. This con guration providet3
reference cells enabling accurate noise level estimation and reducing the CA-CFAR loss.
A constant false alarm rate ofL 10 3 is applied.

19



The CA-CFAR computes a threshold from the applied window. The threshold output
from the CA-CFAR algorithm applied to the 2D FFT displayed in gure 4.3 is presented
in gure 4.4,

Figure 4.4: Threshold of the applied CA-CFAR algorithm.

Subsequently, the amplitude value of each bin is held up against the threshold. The
maximum bin amplitude higher than the threshold is considered as the target. Thereby,
a range and velocity bin index of the target is passed from the algorithm. Next, the DOA
is estimated.

DOA methods

The processing scheme for the DOA estimation is: the 2D FFT for each VX element is non-
coherently summed to create a predetection matrix [3]. The non-coherent summation is
performed by adding the magnitude of the individual 2D FFTs together, thereby avoiding
constructive and destructive interference due to the relative phase between the elements.
Subsequently, the CA-CFAR algorithm is applied on the predetection matrix obtaining
one common index for the peak corresponding to the target.

20



The angle FFT method utilises the phasor values of the peak index as touched upon
in section 3.2. The common peak determined from the predetection matrix is applied
thereby obtainingM 8 phasors from the 2D FFTs of the VX elements. The sequence
of phasors are padded with zeros, before computing the FFT, to enhance and smooth
the spectrum without changing the underlying frequency content. The output is an angle
spectrum displaying the received power across the interval 905,90 .

For the Bartlett and Capon beamformers and the MUSIC algorithm the covariance
matrix is estimated. The number og snapshots is chosen ko 5, i.e. the peak index 2
range bins, thereby representing the drone in the estimated covariance matrix. The mea-
surement vector is therefore structured a¥ >R®& 5 and the sample covariance is computed
from (3.10). This structure also ensures enough noise in the channels of the estimated
covariance such that the matrix is invertible as required in the Capon beamformer.

4.3 Data collection

A several number of data collections have been carried out to verify and evaluate the
performance of the implemented methods for DOA estimation. The objective is to collect

data for veri cation of the range, velocity, and angle estimates produced by the radar

detection processing scheme. The target is a drone representative of a that which the
Archangel system should detect and localise. The test equipment is summarised in table
4.2.

Equipment Manufacturer Model Speci cations
Drone DJI Phantom 4 [14]
Radar TI AWR1843Boost, DCA1000EVM [7, 8]

PC Lenovo Lenovo Legion 17" [l

Power station Goal Zero Yeti 500X [15]

Camera GoPro Hero 11 Black [16]

Table 4.2: Test equipment used for the data collection.

The radar is operated using theMMWAVE-STUBb@ware version: 02.01.01.00 [10]. The
radar settings applied during data collection in this project are displayed in gure B.3.
The vision aspect of the target detection is not the focus in this project, however@oPro
camera was applied to obtain additional position estimates of the drone to utilise in the
data fusion scheme.
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Setup

The setup of the data collections is seen in gure 4.5. The drone was positioned at
a location measured with kevlar string with pre-measured labels indicating the desired
distances. The distances were also calculated to obtain speci ¢ ight paths of the drone.
Five di erent data collections were performed to properly evaluate the performance. The
format of the test designation is primarily: drone_ _ _r_additional infomation , where

r is the distance from the radar to the drone at start position. The ve datasets and a
description of their individual setups and procedures are:

A

Drone_0 0 30

Flying the drone fromr 30 mtowards the radar at boresight 0% and ox
Drone_0_15 4T

Flying the drone fromr 41 m towards the radar at 0% and 155 This
approach simulates the behaviour of an attacking drone.

Drone_30 0 30

Flying the drone fromr 30 mtowards the radar at  30% and 0%
Drone_perpendicular_towards ~

Flying the drone fromr 14mat an angle towards the drone and past it to the right.
Thereby obtaining varying angle estimates with the target velocity being di erent
from zero at all frames.

Drone_0 0 30 _stopping”

Flying the drone fromr 30 m towards the radar at boresight 0% and ox
The drone is stopped atr 15 m and subsequently accelerated again towards the
radar.

An illustration of the collective ight paths of the drone for the ve tests is presented in
gure 4.5. The respective ight paths are highlighted by the colours corresponding to the
descriptions above.
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