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MIMO waveforms for GMTI radar
A study on the use of MIMO waveforms to decrease MDV in GMTI radar
Max Jisonsund
Department of Electrical Engineering
Chalmers University of Technology

Abstract
This study investigates the use of MIMO waveforms in mitigating the effects of
clutter in GMTI radar systems. Clutter, which is any unwanted reflection from the
ground with a Doppler shift will affect the performance of a radar. In particular
the minimum detectable velocity will increase. By applying MIMO waveforms it
is possible to, in some cases, increase performance and decrease the minimum de-
tectable velocity. This study has through simulations explored MIMO systems and
compared these to traditional SIMO systems. Furthermore sparse arrays has also
been explored and once again compared between MIMO and SIMO. Moreover this
study has developed a unified model capable of simulating systems using for example
SIMO, MIMO or sparse arrays. This serves as a valuable tool to perform further
studies on the topic.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

MIMO Multiple-Input, Multiple-Output
GMTI Ground moving target indication
STAP Space-time adaptive processing
SIMO Single-input, Multiple-output
MDV Minimum detectable velocity
SNR Signal-to-noise ratio
SINR Signal-to-interference and noise ratio
CP Clutter-and-noise power
TX Transmitter
RX Receiver
PRF Pulse repetition frequency
PRI Pulse repetition interval
CPI Coherent processing interval
FIR Finite Impulse Response
RCS Radar cross section
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Nomenclature

Below various nomenclature is presented.

Variables

Nk Number of antenna elements
Np Number of pulses in a CPI (Coherent processing interval)
Ns Number of point scatterers
Nr Number of fast-time samples
Fn Noise figure
Pt Peak transmitting power
Gt Transmitting gain
σ Radar cross section
B Bandwidth
fu Spatial frequency
fd Doppler frequency
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1
Introduction

Today radars form an integral part of our society with applications in weather
monitoring, self-driving cars or even fall detection [1]–[3]. Apart from this radars
are also used in the military, where they are used for a wide range of tasks from
navigation to air surveillance [4]. This study will investigate the possibilities of using
radar techniques to improve detection of moving objects. In particular one such
technique, MIMO (multiple-input multiple-output), will be considered. MIMO has
had great success in a wide range of fields, most notably in wireless communication
but also in radars used for remote sensing [5]. This chapter will introduce the
problem by first presenting some necessary background, then specify the purpose of
this study and lastly present the limitations of the study.

1.1 Background

Ground moving target indication radar (henceforth GMTI) is a special case of the
more general moving target indication (MTI), which is specifically designed for air-
borne platforms. It is based on a pulse-Doppler radar and its primary function is
to detect moving objects on the ground [6]. This technique is built on the theory
of space-time adaptive processing (STAP) or more generally space-time processing
(STP) [7]. STP is an algorithm which was developed to handle different interfer-
ences that a radar is exposed to, such as clutter or jamming [8].

When a pulse-Doppler radar, mounted on an airborne platform, scans a volume for
objects the electromagnetic waves will bounce off every object present. Since the
platform is moving, waves reflected from the ground will present Doppler shifts of
varying degree depending on the angle. This, together with any energy reflected
from the ground, leads to what is called ground clutter [9]. Because of this, objects
with velocities similar to that of the ground i.e., objects with low velocities or sta-
tionary objects will be difficult to detect.

To mitigate the effect of clutter one possible approach is to use MIMO in order
to improve space-time processing, which in literature has been shown to increase
performance in settings with clutter present [10]. In contrast to traditional GMTI
systems, this technology is characterised by the fact that each antenna element
transmits a unique waveform and that every channel is sampled in the receiver [11].
This is different compared to a traditional GMTI which only sends out scaled ver-
sions of the same waveform from each antenna element [9], [12].
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1. Introduction

1.2 Purpose
The purpose of this thesis is to examine the possibilities of increasing detection per-
formance using MIMO waveforms in a GMTI radar system. This is to be performed
by simulating an electronically scanned multichannel array. One way to measure
such an improvement is to calculate the minimum detectable velocity (MDV) which
describes the velocity of the slowest moving detectable object. Another possible way
of evaluating the performance of such a radar is to, by ocular inspection, make a
qualitative analysis of the performance. This analysis is to be done by comparing
the MIMO case to a baseline case using SIMO (single-input, multiple-output).

1.3 Method
The principal method used in this study has been simulations using synthetic data.
Radar setups used include, but is not limited t, small arrays, large arrays and sparse
arrays. Furthermore waveforms has been varied between SIMO and MIMO with
different types of MIMO waveforms. Regarding evaluation of results MDV has been
the main quantitative metric which has been supplemented with qualitative argu-
ments by ocular inspection of figures showing ratios such as signal-to-interference
plus noise ratio or clutter-and-noise power.

1.4 Limitations
Only basic uniform linear array antennas will be modelled. This study is constrained
to two cases; one with a larger uniform linear array of 24 antenna elements and one
smaller array with 4 antenna elements. Even though the radar platform is assumed
to be airborne all simulations will be limited to two dimensions. Furthermore the
radar is, in the case with SIMO waveforms, only transmitting broadside i.e., in a
direction orthogonal to the travel direction of the radar platform. On the receiving
side the radar receives signals from all directions, both with SIMO and MIMO
waveforms.

1.5 Reading Instructions
This report is built up of different chapters which have been split into different sec-
tions and subsections. For readers with lack of previous experience with radar it is
suggested to read through chapter 2 in order to pick up the necessary understanding
to comprehend the rest of the report. Chapter 2 starts off with a section on basic
signal detection which is the base for this study, it then continuous with basics of
radar theory before moving onto the signal processing chapter. These chapter to-
gether with chapter 4 is supposed to be clear enough so that someone with adequate

2



1. Introduction

knowledge can reproduce the results. As soon as methods have been presented re-
sults follow in the subsequent chapter. Lastly a discussion of the results is presented
together with conclusions and possible future work.
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2
Radar Theory

In the following sections basic radar theory will be presented. To begin with, the
signal detection problem is presented which is the basis for this study. The aim
of this chapter is to provide the theoretical framework needed to understand the
results from this study.

2.1 Signal Detection
Detection is a way of extracting information from signals. To give this some context:
Imagine an active radar, meaning one that emits radio waves and then receives the
reflections. For this radar to be useful one needs to extract information from the
received electromagnetic waves. If the emitted waves were to be reflected back with-
out being affected the problem would be trivial. However, anything that interacts
with the signal will affect it. This interference can be put into three categories: ther-
mal noise, clutter and jamming [13]. This study has investigated thermal noise and
clutter, meaning jamming has been ignored. Therefore the fundamental detection
problem can be formulated as the binary hypothesis test{

H0 : z = c + n
H1 : z = αs + c + n,

(2.1)

where H0 is the null hypothesis, z denotes the received signal, c denotes clutter, n
denotes thermal noise, α is a constant and s denotes the sought-after signal [14]. All
of the above variables are vectors except for α which is a scalar.

2.2 Introduction to Radar
There are numerous different types of radars available with one of the first docu-
mented usages of a radar was done by Christian Hülsmeyer in 1904 when he made a
demonstration in Cologne, Germany. It was done by pointing a transmitter towards
a river and when ships were hit the waves would reflect back to a receiver and the
device, known as the Telemobiloskop, would be able to show the direction of the ship
[15]. Today this version of a radar is accompanied by several other possible setups
such as a monostatic radar which is a radar where both transmitter and receiver are
mounted on the same platform. Every such antenna is built up of what is called
antenna elements which either receives signals or transmits them. In one of the most
trivial radars all signals received from respective antenna element is summed up and

5



2. Radar Theory

then signal processing techniques are applied to this sum. However, given enough
computing power it is also possible to collect data from all channels and process
these vector valued signals. This is what is called a multichannel radar.

In figure 3.3 a multichannel radar containing Nk antenna elements is pictured. It is
an electronically scanned array which is a radar that electronically shifts the phase
of every antenna element and it thereby can both transmit and receive in different
directions. By assuming that the incoming wave is a plane wave such as the one
in figure 3.3 the angle can be calculated by using the phase shift between antenna
elements. This phase shift arises due to the fact that the minimum distance from a
given wave to the first antenna is different from the minimum distance to the last
antenna, given that a phase shift is presented otherwise the distances are all the
same and the angle of arrival is zero. This plane wave approximation is valid if the
source is in the far-field which is characterised by the distance 2D2/λ, where D is
the width of the aperture and λ is the wavelength [14]. Furthermore it is possible
to, by analysing different pulses, calculate the Doppler frequency and therefore also
find the radial velocity of the target [16].

2.2.1 Radar Configurations and Waveforms

A radar system usually contains transmitters (TX) and receivers (RX) which can
either be located close together or far apart. Furthermore it is also possible to use
multiple spaced transmitters and receivers to build what is known as a multistatic
radar. There are several reasons for choosing either one of the above configurations.
However, one important thought to keep in mind when evaluating the possibilities
is the physical limitations that are present.

The transmitters are able to generate electromagnetic waves of very high power
(hundreds of kilowatts) while the receivers are very sensitive and are able to detect
powers as low as picowatts. The implication of this is that if transmitters and re-
ceivers, which are close together, are activated at the same time self-jamming will
be introduced which could also greatly harm the radar due to the high sensitivity in
the receivers and the high power in the transmitters [14]. Another way to put this
is that the transmitter will overload the receivers.

One of, if not the most important fundamentals of radar, is that they send out
waveforms. Each waveform is characterised by its frequency, amplitude and phase.
Given these attributes it is possible to describe any wave. Any electrical signal
contains information and encoding this information is done by modulating either
frequency, amplitude, phase or any combination of the three as a function of time.
This function can be denoted as m(t) and will be used in each following example of
modulations. These differently modulated signals can be represented by s(t) where
a frequency modulated signal is given by

s(t) = A cos
(

2πfct + r

∫ t

0
m(s)ds

)
, (2.2)

6



2. Radar Theory

in which A is a constant, fc is the frequency of the carrier wave, r is called the mod-
ulation index and m(s) is the encoded information [17]. Furthermore the equations

s(t) = Am(t) sin (2πfct), (2.3)
s(t) = A sin (2πfct + βm(t)), (2.4)

represent an amplitude modulated signal and a phase modulated signal of the same
signal model, respectively, where β is a constant [17].

Figure 2.1: A visualisation of frequency modulation. The top figure shows the
carrier wave. In the bottom figure an example of a frequency modulated wave is
shown.

An example of a frequency modulated wave is shown in figure 2.1. Worth to note

7



2. Radar Theory

is that this is a simple version of frequency modulation and that there are more
complex methods available.

Moreover a radar transmitter can transmit continuous or pulsed waveforms. A
continuous wave is a wave which is generated by having the transmitter transmit
continually, while a pulsed waveform is characterised by transmitting the signal
during a short duration of time. In figure 2.2 the pulsed waveform situation is
illustrated. Every pulse has a width which is called the pulse width, τ , and the
frequency of pulses is specified by the pulse repetition frequency (PRF), which is
the reciprocal of the pulse repetition interval (PRI). On the receiving end there is
a delay (∆t) between the time when the pulse has been transmitted and when it
is received. The delay between a received and a transmitted pulse can be used in
order to find the range of the object by using

R = c∆t

2 . (2.5)

Notice also that there is a delay between transmitting and sampling which is to avoid
self-jamming (2.5) [14]. With this logic every sample in fast-time will correspond to
a single range interval. This means that fast-time is the time during sampling of a
single pulse and slow-time on the other hand corresponds to different pulses. There
is a delay between end of transmitting and beginning of sampling (receiving) which
is inserted in order to avoid risk of self-jamming and harming the equipment. The
interval in which electromagnetic waves are collected is called coherent processing
interval (CPI). When receivers are active sampling frequency must be high enough
in order not to miss any information. What is meant by this is that the time between
samples must not be greater than the pulse width [14].

Transmitted Pulses

PRI

τ

· · ·

Received Pulses

· · ·

∆t

CPI

Sampling

Number of samples

Figure 2.2: This figure illustrates a pulsed radar waveform. In the top, transmitted
pulses with a pulse width of τ and a pulse repetition interval, PRI, is shown. In
the middle, one can see the received pulses. There is a delay, ∆t, between the
transmitted and the received pulse which is used for finding the objects range. The
time during which the received pulses are collected is called coherent pulse interval.

It is possible to store the received data in several different ways; however, one self-
explanatory way of doing this is to use a data cube such as in figure 2.3. In this
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2. Radar Theory

figure every range bin is visaulised as a single matrix with dimensions Np×Nk, where
Np is the number of pulses in one coherent pulse interval (CPI) and Nk denotes the
number of antenna elements.

Data cube per point scatterer

Nr (Fast-time)

Nk

Np (Slow-time)

Cell under test

Nk

Np

Figure 2.3: Data cube containing the collected data per every point scatterer. Nk

is given by the number of antenna elements, Np is given by the number of pulses
received and Nr is the number of fast-time samples.

In this study the data will not be organised in this way but it is still worth to note
that this is the general way of doing it when working with experimental radar data.

2.2.2 The Radar Equation
The radar equation is most commonly used to estimate maximum detection range
but it can also be used to examine performance of a radar by calculating a collection
of ratios such as signal-to-noise ratio (SNR), signal-to-interference plus noise ratio
(SINR) or signal-to-clutter ratio (SCR). The radar range equation can be written as

Pr = PtGtGrλ
2σ0

(4π)3R4 , (2.6)

where Pt is the peak power of the transmitter, Gt is the gain of the transmitter and
R is the distance to the reflecting object, Gr is the gain of the receiver, λ is the
wavelength and σ0 is the radar cross section. The peak power Pr decreases with
R4 since EM waves have to travel both to the object and back, in other words the
strength of the received radiation is inversely proportional to R4. This corresponds
to the signal power received by the radar. However, the radar also receives thermal
noise given by

Pn = kT0FsB, (2.7)
where k is Boltzmann’s constant, T0 is the standard temperature, Fs is the noise
figure and B denotes the receiver bandwidth [14]. By dividing the received power
with the thermal noise power SNR is obtained as

9



2. Radar Theory

SNR = PtGtGrλ
2σ

(4π)3R4BkT0Fs

. (2.8)

2.2.3 Radar Resolution
Resolution is a measure of how accurately a radar can differentiate between closely
spaced objects. In this setting close does not simply mean objects close together in
angle but also objects with similar Doppler frequency or range.

Resolution in Angle
Resolution in angle will depend on the main beam width in the antenna diagram.
A typical antenna diagram takes the form of a sinc function where the main beam
is the “beam” with the maximum amplitude. It is easy to realise that the width of
this beam decides the angular resolution [14].

Resolution in Doppler
Regarding resolution in Doppler frequency one of the most important features, given
a constant PRF, is the dwell time (CPI), or in other words the time during which
the radar is looking at a certain target. During this time a number of pulses will
be emitted and received by the radar. Depending on how many pulses, given a con-
stant PRF, that are emitted the Doppler resolution will change. More specifically
an increased number of pulses implies better resolution.

Resolution in Range
Range resolution of a radar is, when utilizing a pulse-Doppler radar, mainly depen-
dent on the pulse width if pulse compression is not used. Theoretically a radar will
be able to detect objects spaced by the distance the wave travels during half a pulse
width. This means that the lowest spaced distance is given by

dr ≥ cτ

2 (2.9)

where c denotes speed of light and τ is the pulse width [14]. However, if pulse
compression is implemented, which it in this study is, bandwidth is instead most
important for range resolution. This is usually computed as

dr = c

2B
, (2.10)

where B is the bandwidth [14].

2.2.4 Radar ambiguities
Another important subject in radar theory is ambiguities. There will on one hand,
in theory, always exist ambiguities both in velocity and in range. In practice on the
other hand ambiguities will be dependent on PRF since given a small enough PRF
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2. Radar Theory

transmitted waves will have passed the horizon before the next pulse is transmit-
ted. However, since this study has examined medium PRF systems it is still a very
important subject. To manage this there are several possible approaches, some of
which will be explained later on.

Range Ambiguities
Imagine that a pulse, call it P1, is sent out from the radar. Now when this pulse,
P1, is received and sampled it is easy to calculate the distance to the object from
which the pulse has been reflected. Imagine again that a pulse, P2, is transmitted
from the radar. After this, a pulse X is received and the goal is to calculate the
distance to the reflecting object. However, it is now not clear which of the reflections
from pulses P1 or P2 that has been received. This leads to the realisation that the
received pulse X could have been reflected from objects at the distances c∆t/2 or
c(PRI + ∆t)/2. This gives the unambiguous range that can be measured as the
following [14].

R = c

2PRF (2.11)

Doppler Ambiguities
Doppler ambiguities or velocity ambiguities are also important effects that has to
be kept in mind when developing radar systems. In order to understand why these
ambiguities arise it is important to understand how the Doppler shift is measured in
a radar. Doppler shift is measured in slow-time which means that the frequency shift
is measured between different pulses. This frequency shift arises from the Doppler
effect which is visualised in figure 2.4.

Longer wavelength Shorter wavelength

Doppler shift

Figure 2.4: A visualisation of the Doppler effect. If a radar illuminates a moving
object, say an aircraft, from every angle the reflection from said object will look like
the one in this figure.

In the figure above we can imagine that the moving aircraft is omnidirectionally
emitting electromagnetic waves. The figure above shows the pattern that arises due
to the velocity of the aircraft. In front of the airplane the frequency of the waves
will be higher than in the back. This is due to the fact that the aircraft is moving
forward. The frequency shift from the waves reflected on the ground can now be
calculated as the difference between the frequency of the transmitted signal and the
received signal. This difference can be denoted by fd and the radial velocity can be
calculated as
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2. Radar Theory

vr = λfd

2 . (2.12)

However, if the target is not right in front of the radar but rather at an angle, such
as θ in figure 3.3, the equation above instead becomes

vr = λfd

2 cos (θ) (2.13)

By theorem 3.1.1 the maximum positive and negative Doppler shifts that can unam-
biguously be calculated is given by ±PRF/2 (this is also called the Nyquist criterion
[18]). Now combining these two ambiguities we get

Rmaximum = c

2PRF , (2.14)

fd,maximum = ±PRF
2 . (2.15)

As can be seen above these two are inversely proportional to each other which means
that if the unambiguous range is increased the unambiguous Doppler frequency
will decrease. This becomes a problem since there is no PRF which maximizes
unambiguousness in both range and Doppler.
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3
Signal Processing

In the following sections both basic signal processing theory and more advanced
MIMO theory is presented. Initially, digital filters is presented and later on MIMO
waveforms is presented. The aim of this chapter is to further the theoretical frame-
work needed to understand results from this study.

3.1 Basic Signal Processing
As mentioned above a signal is any measurable quantity that carries information. In
order to decode or understand this information there are several useful techniques,
some of which will be explained in this chapter. There are a few different ways of
representing signals; however, in order for a signal to be processed digitally it has
to be discretised both in amplitude and in time [14].

The fact that it is actually possible to discretise a signal without aliasing (a type of
distortion) has been proved by Shannon in [19] with the following theorem.

Theorem 3.1.1 (Shannon’s Sampling Theorem) If a function f(t) contains no
frequencies higher than W cps, it is completely determined by giving its ordinates at
a series of points spaced 1/(2W ) seconds apart.

This is usually done by using an analog-to-digital converter, with which one can
represent any signal as a vector of discrete values such as in equation (3.1).

s =


s(t1)
s(t2)

...
s(tN)

 (3.1)

This is essential for any processing since this is the way a computer can process the
information. But in order to actually gain any insight into the information carried
by the signal one has to apply a selection of different signal processing techniques,
some of which will be presented below.

3.1.1 The Discrete Fourier Transform
One of the most central theoretical parts of radar theory is the Fourier transform
which is used to transform a signal from the time domain to the frequency domain.

13
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This is useful when trying to decode a signal to a sum of its base signals i.e, a sum
of sinusoidal waves. The Fourier transform, f̂(ξ), of f(t) is given by the integral
equation

f̂(ξ) =
∫ ∞

−∞
f(t) exp (−i2πξt)dt. (3.2)

In radar theory it is generally not the continuous case which is most useful but
rather a discrete version, known as the discrete Fourier transform (DFT), which can
be stated as

Xk =
N−1∑
n=0

xn exp
(

−i2π
k

N
n

)
. (3.3)

This is in general a time consuming calculation; however, one way of calculating
this quickly is the fast Fourier transform (FFT). This is one of the building blocks
of signal processing and will be used frequently in this study.

3.1.2 Optimal Detection
It can be shown that SNR has great impact on the performance of a radar system
which is why this ratio should be maximised. One step on the way to maximising
this can be done by using what is called a matched filter. It is possible to write the
received power as

|y|2 = wHzzHw, (3.4)

where ·H denotes the Hermitian conjugate, z is the vector from equation (2.1) and
w is the impulse response. In order to find the matched filter one wants to find the
vector w which maximises SNR. In order to do this it is important to formulate the
optimisation problem. This is given by

SNR = wHs∗sT w
wHRNw

. (3.5)

In the equation above, w is the filter coefficient vector, s is the steering vector and
RN is the noise covariance matrix, which describes clutter, c, and noise, n, defined
in equation (2.1). It is worth to note that wHs∗sT w is the received signal power
and wHRNw is the average noise power [14]. The maximum SNR is then given by

w = kRN
−1s∗, (3.6)

for any k (for entire derivation see [14]).

3.2 Waveform design
When designing radar systems an obvious question is what waveforms to use. This
is a very complex question which will be examined in the following sections.
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3.2.1 Pulse compression
As stated above range resolution is highly dependent on pulse width with an in-
creasing resolution for a shorter pulse width and a decreasing resolution for longer
pulse widths. Furthermore signal-to-noise ratio decreases with a shorter pulse width
and increases with a longer pulse width. However, since in general, it is desirable
to increase both at the same time this poses somewhat of a problem. A solution
to this problem is pulse compression. Pulse compression can use any kind of signal
modulation, some of which has has been explained in section 3.

Linear FM waveform
One important instance of pulse compression is the linear frequency modulated
waveform which is sometimes referred to as a chirp. We can describe a chirp as

s(t) = rect
(

t − τsc

Tp

)
exp

(
jπγ(t − τsc)2)e−jωc(t−τsc), (3.7)

where t describes fast-time, τsc describes the time delay from transmit to receive
which in turn corresponds to the range to target. The function rect(x) is defined as

rect(x) =
{

1 if |x| ≤ 1/2
0 if |x| > 1/2

(3.8)

Furthermore Tp denotes the pulse width, γ denotes the chirp rate and ωc = 2πfc

where fc is given by the frequency of the carrier wave. Worth to note is that this can
be understood as a sinusoid whose frequency changes like the one shown in figure
2.1. We can now describe the waveforms from each antenna as a matrix were every
column i corresponds to the waveform for antenna element i [20].

3.2.2 MIMO waveforms
There are multiple available types of MIMO waveforms and only some of them are
appropriate for radar purposes. According to Bergin and Guerci in “MIMO Radar
Theory and Application” there are primarily three types of diversification methods:
time domain waveform design, frequency domain waveform design and code domain
waveform design [5]. This study will only examine a subset of these waveforms
and in particular frequency division multiple access (FDMA) has been examined by
producing different chirps for every antenna element. Every chirp has a carrier fre-
quency and by shifting this carrier frequency between waveforms FDMA is created.
There are multiple ways of creating orthogonal waveforms this way; however, the
most straightforward way is probably to separate the waveforms enough for no part
of each waveform to overlap [5].

Another important effect of using MIMO compared to SIMO is the fact that energy
will be dispersed wider than in the SIMO case, meaning that the orthogonal MIMO
waveforms covers an area Nk times larger, where Nk is the number of transmitting
antenna elements [21]. This means that a MIMO system can use a larger part of
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CPI’s in one direction compared to a conventional which needs to split CPI’s be-
tween the different look angles.

In order to classify how correlated MIMO waveforms are, a correlation matrix is
used to visualise this. Notice that the name correlation matrix is used in spite of
there being no stochastic element present. An example of such a covariance matrix´,
Rwf , is shown in the figure below which has been calculated using equation

Rwf = Swf Swf , (3.9)

where Swf is the waveform matrix from equation (3.16).

Figure 3.1: Correlation matrix for a 24 antenna element array. The value 1 means
perfect correlation, or in this case the same waveform. The value 0 means that the
waves are orthogonal. This covariance matrix corresponds to a system which is close
to SIMO.

This matrix shows a model where the waveforms are close to SIMO. Fully, or close
to fully orthogonal waveforms will instead generate a covariance matrix with the
following appearance.

16
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Figure 3.2: Correlation matrix for a 24 antenna element array. The value 1 means
perfect correlation, or in this case the same waveform. The value 0 means that the
waves are orthogonal. The figure above depicts a system which is close to orthogonal.

All of the above mentioned MIMO waveforms has been fast-time diversification i.e.,
in the same pulse. It is however, possible to think of diversification in slow-time as
well, meaning between pulses. This way it is possible to decrease range ambiguities
since one would know which pulse was sent at which time.

3.3 Space-Time Processing for GMTI
A technique used to manage clutter is called space-time processing which in short
is a way of combining the space and time dimensions to reduce signals from un-
wanted reflections from the surrounding environment. This will be examined in the
following sections by intertwining modelling of clutter and use of STP to manage
the effects of clutter.

3.3.1 Clutter Modelling
Radars can be used to identify objects. However, some objects are of interest and
some are not. The idea is that responses, or reflections, from objects that are of
interest should be strong and responses from objects that are not of interest should
be weak. The responses from objects that are not of interest is what is called clutter.
Clutter from the ground i.e., any reflection from anything stationary on the ground,
is spread out in both space and time if the radar is moving. Given this it is very
difficult to mitigate clutter if only either the space or time domain is processed.
However, if space and time is combined when processing it is possible to extract
more useful information [7].
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In order to model clutter it can be approximately described as a number of point
scatterers. The return from these point scatterers can be described using steering
vectors. There are different types of steering vectors, on the receiving side one
spatial and one temporal. Given an array of Nk antenna elements with spacing lu,
which often is chosen as λ/2, where λ is the carrier wavelength, one can calculate
the complex gain for antenna i as

a(i) = e−2πfu(i−1) (3.10)

where fu is the spatial frequency given by equation (3.11).

fu = lu
λ

sin θ = λ

2λ
sin θ = 1

2 sin θ (3.11)

Now the spatial steering vector, which represents the phase delays at every antenna
element for an incoming plane wave, for each point scatterer can be defined as

s(fu, Nk) =
[
1 e−j2πfu e−j4πfu · · · e−j2π(Nk−1)fu

]T
. (3.12)

Equation (3.12) is representing the phase shift presented as a result of the angle of
arrival (AoA) of the plane wave. In figure 3.3 an incoming plane wave is shown and
the phase shift is shown as the distance from the plane wave to the antenna element
at the time when the plane wave hits the first antenna element [5].
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Figure 3.3: The figure depicts an incoming plane wave with angle of arrival (AoA)
θ which is received by a uniform linear array with M receivers. (After [5].)

The Doppler steering vector is given by the same Vandermonde vector as in equa-
tion (3.12) with the exception that the spatial frequency fu is exchanged with a
normalised Doppler frequency fd given by

fd = 2vp

λ · PRF . (3.13)

To obtain the space-time steering vector sst the Kronecker product between the
spatial and Doppler steering vectors are calculated which gives

sst,RX = s(fd, Np) ⊗ s(fu, Nk), (3.14)

where s(fd, M) and s(fu, M) are defined by equation (3.12). Notice that there is one
space-time steering vector corresponding to every point scatterer. In the equations
above it is only the receiving end that has been taken into account. To make the
model more complete TX has to be accounted for as well. In order to find the
space-time steering vector for the transmitting side one needs to take the waveforms
into account. Given, for example, a linear FM wave which can be described as

s(t) = rect
(

t − τ

Tp

)
exp

(
jπγ(t − τ)2), (3.15)

a waveform matrix of waveform vectors can be constructed as
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Swf =
[
s0 s1 s2 · · · sN−1

]
. (3.16)

Furthermore a steering vector for the spatial dimension can be introduced for the
transmit side as well. This steering vector will however be chosen as the same as
for the receiving side i.e., given by equation (3.12). Combining these two vectors by
matrix multiplication the following transmit waveform vectors is obtained [20].

sst,TX = SwfbT X (3.17)
The equation above is hence the waveform experience by the environment in the
direction given by angle θ. By combining transmit and receive the total steering
vector is obtained as

sst,total = sst,TX ⊗ sst,RX = (swfbTX) ⊗ (s(fu, Nk) ⊗ s(fd, Nk)) . (3.18)
Once the total steering vector has been calculated it is possible to find the covariance
matrix by first defining as the sum over all point scatterers given by

x =
Ns−1∑
i=0

αisst,i, (3.19)

With sst,i being the space-time steering vector corresponding to clutter patch i and
αi being a complex circularly-symmetric Gaussian random variable with mean 0.
Further more αi has has the covariance

E
[
αiα

H
j

]
=

{
σ0 if j = i

0 if j ̸= i.
(3.20)

In the equation above σ0 is the radar cross section which is a constant that takes
into account how much reflection there is from an object. This has been assumed
to have the value 1. Then one can write

Cov
(
x, xH

)
= E

[
xxH

]
− E [x]E

[
xH

]
= E

[
xxH

]
, (3.21)

where the second equality holds since x is zero mean. By definition the expectation
can be approximated by the sum

E
[
xxH

]
= E

[∑
i

∑
j

αiα
H
j sisH

j

]
=

∑
σ0sstsH

st =
∑

sstsH
st , (3.22)

In the case of a uniform linear array one obtains the following equation for the
covariance matrix

Rc = 1
NS

E
[
xxH

]
= 1

Ns

∑
sstsH

st , (3.23)

where 1/Ns is a normalisation factor. This equation for the entire covariance matrix
can be written as R = Rc + Rthermal where Rc corresponds to the sum in equation
(3.23) and Rthermal = σ2

nI with σ2
n being the variance which for white noise is equal

to 1. In order to calculate the entire covariance matrix the the following can be used
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R = 1
Ns

Ns−1∑
l=0

sstsH
st + σ2

nI, (3.24)

where the assumption σ0 = 1 has been made. In order to examine the resilience of
a radar to clutter a suitable approach is to calculate performance metrics such as
the signal-to-interference plus noise ratio or the clutter-and-noise power which will
be done below [22].

3.3.2 Performance metrics

There are several possible performance metrics available but some of the most com-
mon are signal-to-noise ratio, signal-to-interference plus noise ratio and clutter-
and-noise power (CP). This study focuses mainly on SINR and CP where SINR
is calculated by distributing synthetic targets and evaluating the ratio of signal-to-
interference and noise which can be written as

SINR = s
c + n

, (3.25)

where s is the signal, c denotes the interference and n represent the noise. CP on
the other hand is a measure of how much clutter the radar receives. The evaluation
of CP is similar to that of SINR with the exception that the covariance matrix
is not inverted which can be seen in the equation below. These ratios have been
chosen because of their relevance to radar performance and their relatively simple
implementation. Using theory developed in previous sections it is, given that it is
possible to calculate the covariance matrix, feasible to calculate SINR and CP as

SINR = sst
HR−1sst, (3.26)

CP = sst
HRsst. (3.27)

The metrics above exist for every target, e.g., SINR exists for every simulated target.
It is worth to note that SINR comes from the case of matched filtering, see equation
(3.6), where in this study α is assumed to be 1 which does not affect neither SINR
nor CP. Furthermore these performance metrics are multidimensional, meaning that
they can be calculated for different dimensions. Let’s look at an example: Imagine
a two dimensional grid with every point corresponding to an angle and a range. It is
now possible to, by choosing sst such that only range and angle is included, calculate
a SINR value for every point on this grid. However, it is also possible to include
a velocity for each and every point scatter such that there is now three dimensions
available and SINR can then be calculated for any combination of these dimensions.
A theoretical example of how such a SINR plot may look in two dimensions is shown
in the figure below.
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Figure 3.4: The MDV for a specified acceptable SINR loss is visualised as the
width of the clutter ridge shown in this figure.

Another performance metric is the so called minimum detectable velocity. This is
a measure of how slow objects the radar is able to detect and it can be found by
intersecting SINR in Doppler-Azimuth for a given angle. In figure 3.5 an intersection
of a SINR plot is shown.

v

dB

MDV

Loss

Figure 3.5: The MDV for a specified acceptable SINR loss is visualised as the
width of the clutter ridge shown in this figure.

In this study MDV will be an important evaluation metric; however, it is worth to
again note that this metric is highly dependent on how large a loss one accepts.
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3.3.3 A factor representation of the Covariance Matrix
As previously stated the covariance matrix becomes increasingly large when the
size of a system increases. In order to still be able to simulate large systems one
can use a factor representation of the covariance matrix. This is, in this report,
done based on an unpublished manuscript, “A factor representation of clutter plus
noise covariance matrices” written by Tomas McKelvey that deals with dimension
reduction by utilising singular value decomposition [23]. This method works by
exploiting the fact that only a small number of vectors approximately span the
entire space of the matrix since the eigenvalues rapidly decrease towards zero. The
original way of calculating the covariance matrix in this study was by using the

R = 1
Ns

Ns∑
l=1

sstsH
st + σ2

nI, (3.28)

notice that the RCS is not taken into account, this is a limitation of the study.

One way of implementing this dimensionality reduction, to approximate the covari-
ance matrix above, is by using singular value decomposition (SVD) to create a low
rank approximation of the covariance matrix [24]. This is done by first decomposing
the matrix Sst consisting of space-time steering vectors sst which can be defined as

Sst =
[
sst,1 sst,2 · · · sst,Ns

]
, (3.29)

with Ns denoting the number of point scatterers. Then this matrix can be decom-
posed as

Sst = UΣV =
r∑

i=1

siuiviH , (3.30)

where the matrix Σ is a diagonal matrix containing the singular values of sst, si are
the singular values, U and V is are complex valued unitary matrices. The integer
r denotes the effective numerical rank. This is chosen by using every normalised
singular value over a threshold κ. Now we have that

Rc = 1
Ns

SstSH
st = 1

Ns

U
(
ΣΣH

)
UH , (3.31)

where 1/Ns is a normalisation factor. The idea is now to only use vectors corre-
sponding to all singular values above a certain threshold. By defining a unitary
matrix U with U = [U1U1] with UUH = UHU = I [23]. As previously stated the
total covariance matrix is given by R = Rc + σ2I which in this case gives

R = Rc + σ2I (3.32)

= 1
Ns

r∑
i=1

s2
i uiuH

i + σ2I (3.33)

= 1
Ns

Udiag
(
s2

1 + σ2
n, ..., s2

r + σ2
n, σ2

n, ..., σ2
n

)
UH , (3.34)
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where the second equality hold because of equation (3.31). Now putting this together
we can write

CP = sHRs = sHU1diag(s2
1, ..., s2

N)UH
1 s + σ2

nsHs. (3.35)

The expression for SINR, which is calculated using the inverse covariance matrix, is
obtained as

SINR = sHR−1s = sHU1diag( 1
s2

1 + σ2
n

− 1
σ2

n

, ...,
1

s2
N + σ2

n

− 1
σ2

n

)UH
1 s+ 1

σ2
n

sHs. (3.36)
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4
Simulation

This chapter presents methods used to produce results generated in this study. These
methods are all built upon above presented theories. This chapter first presents a
general antenna model used after which a clutter model is presented. Finally, dif-
ferent collections of waveforms and performance metrics is presented before moving
onto results.

4.1 Antenna Model
Since the objective of this study is to evaluate possibilities of using MIMO wave-
forms to decrease MDV the main intent is to compare different types of waveforms.
However, differently sized antennas are also of great interest which is why two dif-
ferently sized antennas have been compared. The antenna model used throughout
this study has been a uniform linear array. This type of array has been visualised
in figure 3.3. Regarding different sizes, arrays with 4 and 24 antenna elements has
been simulated. This would, given a carrier frequency of 3 GHz and a separation
between elements of λ/2, amount to array lengths of 15 cm and 120 cm.

Furthermore different integration times i.e., different number of pulses have also
been used ranging from 8 to 48 pulses. This has been varied both with regards
to the same setup but also as to compare different beamforms since a wider beam
can afford to use a greater number of pulses to scan the same area than a thinner
beam, given a constant PRF. The airborne antenna is modelled in two dimensions,
meaning that the elevation angle between ground clutter and antenna is assumed to
be zero at all times.

4.1.1 Clutter Modelling
In order to calculate metrics such as SINR or CP it is necessary to calculate the
clutter covariance matrix which as stated above can be done by assuming that clut-
ter can be modelled as a cluster of point scatterers described by steering vectors.
In order to calculate the clutter covariance matrix, 3600 synthetic point scatterers
were randomly distributed in angle, distance and velocity. The point scatterers were
distributed in 600 randomly chosen angles, 6 equally spaced distances between 2 km
and 6 km and lastly every clutter point was associated with a Doppler frequency.
It is worth to note that this is might be too few distances to assume that clutter

25



4. Simulation

is homogeneous in distance. However, due to computational limitations it was not
possible to simulate larger systems. Since clutter is stationary the received Doppler
frequencies will be limited by the velocity of the radar platform and hence the per-
ceived velocities are bounded by the platform velocity, vp, as −vp ≤ vc ≤ vp where
vc is the perceived clutter velocity.

Given this, one can calculate the covariance matrix by approximating the integral
in equation (3.23) with a sum such as

R =
Ns−1∑
l=0

σ0sstsH
st + σ2

nI, (4.1)

where σ0 denotes the radar cross section, sst is the total steering vector for a single
point scatterer, Ns is the number of point scatterers and lastly σ2

n is the thermal
noise level. Worth to note is that the covariance matrix becomes very large very
fast when increasing the number of antenna elements, the integration time or the
number of fast-time samples. The size of the clutter covariance matrix is given by
Nr · Nk · Np × Nr · Nk · Np. For example, given a radar setup of 24 antenna elements,
an integration time of 48 pulses a sampling frequency of 1 MHz and a pulse width of
10 µs, the clutter covariance matrix is built up of approximately 13 billion elements
which in Matlab corresponds to 108 GB. This is in general too large for Matlab and
it will increase run times or even provoke a crash.

Now in order to calculate performance metrics such as SINR it is necessary to dis-
tribute targets in all directions and velocities possible. This is because of the desire
to find how much signal each target contributes with compared to other interfer-
ences at all possible points. In contrast to clutter distribution, which is random,
target distribution has been performed uniformly between the unambiguous veloci-
ties which can be calculated as vr = λ · PRF/2 which gives −vr/2 ≤ vtarget ≤ vr/2.
Targets are also distributed uniformly in direction.

4.1.2 Calculations of Performance Metrics
SINR and CP are calculated for each target, meaning that given 3600 targets with
different angles and different velocities one can, for every target calculate SINR and
CP as

SINRi = sH
st,iR−1sst,i (4.2)

CPi = sH
st,iRsst,i, (4.3)

where sst,i denotes the space-time steering vector, for each synthetic target and
SINRi denotes the signal-to-interference and noise ratio for target i. Worth to note
here is that the right hand side is approxmiated using the factor representation
explained above.
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4.1.3 MIMO waveforms
In this study a few different types of MIMO waveforms has been used. In order to
model such a case the so called waveform matrix, presented in equation (3.16), was
introduced which is built up of rows corresponding to each fast-time time sample
and columns corresponding to each antenna element or each waveform. This matrix
is then combined together with a spatial steering vector to obtain a transmitting
steering vector. Using the same receiving steering vector as with SIMO one can
again calculate appropriate performance metrics.

Furthermore sparse arrays were investigated. Sparse means, in this context, that
only a portion of the transmitting elements were actually emitting waveforms while
the entire array was receiving. In this study a sparse array with 24 antenna elements
was investigated by emitting waveforms from every fourth antenna element. In other
words only 6 antenna elements were transmitting.
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5
Results

This chapter begins by presenting results from the baseline case of this study. This
baseline setup includes two differently sized AESA using SIMO waveforms. Further-
more a selection of MIMO cases with the same antenna sizes as in the SIMO case
will be presented as well. Finally the case of a sparse antenna will also be presented.

5.1 Illustration of Results
Results are mainly presented as figures illustrating a collection of performance met-
rics. These are SINR, CP, a cross section of SINR visualising the clutter ridge.
Furthermore covariance matrices pertaining to the covariance between waveforms
from different antenna elements will be displayed as well as a figure for antenna gain
and one for the frequency sweep. Unless stated otherwise parameters will for each
of the following results be constant. These parameters are shown in table 5.1.

Parameter Variable Value Units
Carrier frequency fc 3 · 109 Hz

Pulse Repetition Frequency PRF 1 · 104 Hz
Platform velocity vp 80 m/s

Wavelength λ c/fc m
Element separation lu 5 · 10−2 m

Bandwidth Bp 1 · 106 Hz
Sampling frequency fs 1 · 106 Hz

Pulse Width Tp 1 · 10−5 s

Table 5.1: Parameters for the general radar setup being simulated.

5.2 SIMO Waveforms
In this section results are obtained using SIMO waveforms and varying the number
of pulses and antenna elements. In figure 5.1 below, subfigures are shown for an
antenna with four elements emitting the same waveform from each antenna element
i.e., SIMO waveforms. Figure 5.1a shows the frequency sweep of the waveform
being emitted from every antenna element. In figure 5.1b the covariance matrix for
waveforms is shown, since the waveforms are all the same the correlation between
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them is one. In figure 5.1c the antenna gain is shown. Moving on SINR and CP
are shown in figures 5.1d respectively 5.1e. Lastly the cross section along u = 0 in
SINR is shown in figure 5.2f. The width of this ridge at a loss of 6 dB is how MDV
is defined in this study. In this case MDV is 45.31 m/s. Every following result is
built up this way. In figure 5.2 results from a SIMO simulation with 24 antenna
elements and 48 pulses is shown. Although it is more difficult it is still possible to
see the characteristic clutter ridge in both figure 5.2d and 5.2d.

5.3 Multiple-Input, Multiple-Output
In figures 5.3, 5.5 and 5.4 results from simulations using MIMO waveforms is pre-
sented. As before results are presented using ratios such as SINR and CP. To begin
with, one can note that the frequency sweeps in every top left subfigure which shows
how the frequency varies between the different waveforms. This is further visualised
in the covariance matrix, which is the top right subfigure in every result figure. Pay
attention to the fact that there are no longer as pronounced roots in neither SINR
nor CP as there is when using SIMO waveforms.

It is important to note that MDV is calculated from the maximum value minus the
loss in each particular case. This means that MDV is not calculated at the same
absolute level in SIMO and MIMO since the energy is dispersed wider with MIMO
waveforms. Take for example the 4 antenna element arrays. With MIMO waveforms
the absolute level is approximately 6 dB lower than with SIMO waveforms. In other
words SIMO has a higher sensitivity in absolute numbers. With 24 antenna elements
this difference amounts to as much as 10 dB.

5.3.1 Sparse MIMO
Figure 5.6 presents results from using a sparse MIMO array meaning that only a
portion of the antenna elements are transmitting while the entire array is receiving.
In this case every fourth antenna element transmitted waveforms which where shifted
in frequency to create orthogonal waveforms.

5.4 Summary
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5. Results

Number of antenna elements Waveform Pulses MDV (at 6 dB loss)
4 SIMO 8 45.36 m/s
4 MIMO 8 40.88 m/s
4 MIMO 32 20.73 m/s
24 SIMO 48 7.66 m/s
24 SIMO (Sparse) 48 7.65 m/s
24 MIMO 8 37.16 m/s
24 MIMO 48 7.00 m/s
24 MIMO (Sparse) 48 7.02 m/s

Table 5.2: Table presenting results from simulations.
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5. Results

(a) LFM waveform (b) Waveform Covariance Matrix

(c) Antenna Gain (d) SINR

(e) CP (f) MDV

Figure 5.1: Visualisation of results from simulation using SIMO waveforms meaning
the same waveforms are emitted from every antenna element. In this case MDV is, at a
loss of 6 dB, 45.36 m/s.
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5. Results

(a) LFM waveform (b) Waveform Covariance Matrix

(c) Antenna Gain (d) SINR

(e) CP (f) MDV

Figure 5.2: Visualisation of results from simulation using SIMO waveforms, with 24
antenna elements, meaning the same waveforms are emitted from every antenna element.
In this case MDV is, at a loss of 6 dB, 7.66 m/s.
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5. Results

(a) LFM waveform (b) Waveform Covariance Matrix

(c) Antenna Gain (d) SINR

(e) CP (f) MDV

Figure 5.3: Visualisation of results from simulation using MIMO waveforms meaning
different waveforms are emitted from every antenna element. In this case MDV is, at a
loss of 6 dB, 40.88 m/s.
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5. Results

(a) LFM waveform (b) Waveform Covariance Matrix

(c) Antenna Gain (d) SINR

(e) CP (f) MDV

Figure 5.4: Visualisation of results from simulation using MIMO waveforms meaning
different waveforms are emitted from every antenna element. In this case MDV is, at a
loss of 6 dB, 7.00 m/s.
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5. Results

(a) LFM waveform (b) Waveform Covariance Matrix

(c) Antenna Gain (d) SINR

(e) CP (f) MDV

Figure 5.5: Visualisation of results from simulation of a system comprised of 4 antenna
elements and 32 pulses using MIMO waveforms. In this case MDV is, at a loss of 6 dB,
20.73 m/s.
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5. Results

(a) LFM waveform (b) Waveform Covariance Matrix

(c) Antenna Gain (d) SINR

(e) CP (f) MDV

Figure 5.6: Visualisation of results from simulation using sparse MIMO waveforms
meaning waveforms are only emitted from every fourth antenna element with a frequency
shift between every waveform. In this case MDV is, at a loss of 6 dB, 7.02 m/s.
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5. Results

(a) LFM waveform (b) Waveform Covariance Matrix

(c) Antenna Gain (d) SINR

(e) CP (f) MDV

Figure 5.7: Visualisation of results from simulation using sparse SIMO waveforms mean-
ing waveforms are only emitted from every fourth antenna element without a frequency
shift between every waveform. In this case MDV is, at a loss of 6 dB, 7.65 m/s.
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6
Discussion

This chapter will discuss results presented in the previous chapter. Comparisons
have been made between arrays of equal size and between different types of wave-
forms and different number of pulses. Beginning with a small array and finalising
with a larger array.

6.1 Small Array
The smaller array containing 4 antenna elements has as shown above been simu-
lated using both MIMO and SIMO as well as different numbers of pulses. Regarding
MIMO vs SIMO one can see that MDV is lower for the MIMO case; however, it is
worth to note that MDV is calculated at different absolute values of SINR. This is
because the loss is defined from the maximum value and therefore, because of the
dispersion of energy in the MIMO case, the level at which MDV is measured will
differ between the two cases. For example looking at figure 5.1f the maximum value
is approximately 47 dB and in figure 5.3f the maximum value is 6 dB lower at ap-
proximately 41 dB. This means that MDV will be measured from different absolute
SINR levels. However, since in the MIMO case it is possible to illuminate the same
volume for a longer time the power would increase and therefore this comparison is
deemed reasonable.

An example of this is shown in figure 5.5f where the same direction has been illumi-
nated by 32 pulses instead of 8 which corresponds to the same volume being scanned
in the same time as with SIMO. When doing this, MDV is decreased with as much
as 20.15 m/s. This difference might seem large at first since increasing the number
of pulses should only increase the resolution and not affect the clutter mitigation.
However, if the minimum detectable velocity is bounded by the resolution, rather
than the clutter ridge, this will be the effect.

6.2 Large Array
Moving on to the larger array consisting of 24 antenna elements with results in ta-
ble 5.2 the same effect arises, which is that MIMO decreases MDV. Once again it is
worth to note that the absolute value at which MDV is measured is lower in MIMO
than in SIMO; however, the same argument as above holds. Due to restrictions
in the simulation model and in hardware (RAM) it was not possible to simulate
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6. Discussion

systems larger than this which is why it is not possible to accurately estimate the
results of a MIMO case with an appropriate number of pulses.

Furthermore one can look at the sparse arrays both in SIMO and in MIMO. In figure
5.6 neither SINR nor CP has changed a considerable amount compared to the full
MIMO system in figure 5.4. However, looking at figure 5.7 blind-spots has arisen
which are the brighter yellow lines shown. There are several possible pros with using
a sparse array. One of the main pros is the decrease in cost since one does not need
as many antenna elements to obtain the same result [25]. For example the antenna
elements that is not used for GMTI can be used for other tasks such: for example
jamming.

6.3 Simulation Model
This study has lead to the development of a model which is capable of simulating
both MIMO and SIMO in the same model. This has several advantages compared
to using different models for the two cases. For example in the book “Space-Time
Adaptive Processing For Radar” SINR is calculated as

SINR = sHR−1s, (6.1)

where s = a ⊗ b where a is the Doppler Vandermonde steering vector and b is
the spatial Vandermonde steering vector in which neither incorporates the transmit
pattern [18]. In the model devoloped in this study one uses both the transmitting
pattern and the receiving pattern, with both MIMO and SIMO, which leads to a
more realistic model.
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7
Conclusion

There are multiple possible applications for MIMO waveforms in GMTI radars and
one possible valuable assets is the fact that a MIMO radar can illuminate a fixed
volume faster than a SIMO radar, meaning that the MIMO system can afford more
pulses per direction. This in turn means that the Doppler resolution will increase
and thereby the minimum detectable velocity can decrease as has been shown in the
previous chapters. However, it is worth to note that since the antenna gain is lower
overall in the MIMO case one will approximately end up at the same SINR level,
which would indicate that this is not a valid argument for MIMO. On the other hand
a sparse array which is utilising MIMO can, without a large loss in performance,
put the other antenna elements to use in other tasks such as jamming.

One of the main results from this study is the framework built to simulate radar
systems using MIMO, SIMO and sparse arrays in the same framework. This makes
it possible to investigate different radar setups in the future, some of which are
mentioned in the next section. This can be a valuable tool for research in the early
stages.

7.1 Future work
There are countless possible extensions to this, some more interesting than others.
However, one interesting extension would be to test the model on actual data that
has been collected. Moreover it would be interesting to simulate different types of
MIMO waveforms and in particular investigate the possibilities of slow-time MIMO
(e.g. [26]).

Furthermore an interesting field is that of ping-pong waveforms. This is a way of
implementing slow-time MIMO waveforms where one alternates between two parts of
the antenna [27]. Another possible extension of this is to circulate over the antenna
and transmit one pulse per antenna.
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