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ABSTRACT 

 Traditional radar waveform design relies on the point target assumption; however, 

targets in general have complex and extended responses, which have been shown in 

cognitive radar studies. Matched illumination waveforms for these types of targets yield 

higher probability of detection than traditional wideband radar waveforms. There are 

some challenges to implementing matched waveforms in a practical radar system, such as 

requirements for high bandwidth to measure target response. In this work, we tackle 

some of these challenges. We also introduce a low-cost radar system design by taking a 

novel approach to integrating the multiple-low-rate samplers (MLRS)-based receiver 

with matched illumination waveforms for specific targets. This design approach is tested 

using drones as targets in an anechoic chamber for several angles and frequencies. 

Results show that the probability of detection for our integrated low sampling 

rate-matched waveform design is higher than traditional radar wideband waveform and 

similar to a full-bandwidth matched waveform sampled by a traditional high sampling 

rate receiver. 
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CHAPTER 1:
Introduction

1.1 Motivation
Traditionally, in terms of transmitwaveforms, radar designers utilize the point target assump-
tion, which assumes that a target has an approximately flat wideband frequency response. In
general, however, targets have far more complex responses. In examining target responses,
we can see that some frequencies have higher amplitudes than others. Studies in cognitive
radar (CRr) suggest that a better waveform design approach is to take into account the actual
target response. This technique is called matched-illumination waveform, which can greatly
improve probability of detection [1]-[3].

There are several challenges to using matched illumination waveform in a radar system.
One such challenge is the requirement of some knowledge of the target response. In this
work, we address the case of a known target response. We also treat the case where the
target aspect angle changes with respect to the radar. The exact angle may not be known
or may be known with some deviation. Another challenge is the high bandwidth required
to implement a matched illumination waveform. Matched illumination potentially requires
high-bandwidth waveform which is designed to take advantage of the full target response
bandwidth [1]-[4]. Although a high bandwidth radar waveform has many advantages,
such as high range resolution [5] and low probability of interception [6], it forces a more
complicated system design and a large sampling rate, which imposes the use of an expensive
analog to digital converter (ADC) and other hardware elements.

In this work, we try to address these challenges to ease some of the requirements for
matched illumination waveform implementation and present a design approach that can
lead to a future low-cost detection system.
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1.2 Background

Matched Illumination Waveforms
Matched illumination waveforms, or matched waveforms, are radar transmit waveforms
designed to match the target response [1]. Traditional radar waveforms are usually designed
without full consideration of the target response. In other words, a target is assumed to have
a flat wideband target response. Since the received radar signal is the result of convolution of
the transmit waveform and the target impulse response, some prior knowledge of the target
response can help to design a matched waveform with better detection performance for
certain targets [2]. There are two popular metrics to derive matched illumination waveforms
[1]. The first is signal-to-noise ratio (SNR)-based matched waveform, which is designed
to maximize target return signal-to-noise ratio, and the second is mutual information (MI)-
based waveform, which is a metric from information theory, and is designed to maximize
MI between the target and received signal.

Multiple Low-Rate Samplers (MLRS)
Many methods exist for low-rate sampling of wideband signals. For example, compressive
sensing is one technique that relies on a signal that is sparse in some domain [7]. Another
method for low-rate sampling is undersampling, which relies on different sampling rates
to resolve ambiguity [8]. These methods may require high computational complexity and
latency. For our research we choose another approach of transmitting and receiving a signal
through small bandwidth channels. This is not exactly a sub-Nyquist technique in a sense
that we do not reconstruct the received signal in its full bandwidth. The potential capability
of a CRr to sample part of a wideband transmit waveform, to detect, and to reconstruct the
signal with little to no degradation in performance was shown in [9]. In addition, with the
right choice of subbands or channels and corresponding filters, we can use multiple low-rate
samplers to sample a wideband signal with similar detection performance as compared to a
wideband receiver that captures the full bandwidth of the signal.

1.3 Objective
The contribution of this work is a novel approach of integrating matched-illumination wave-
forms to a MLRS-based receiver. Low-rate sampling has some advantages over wideband

2



sampling, such as cost reduction, lower computational complexity, a smaller size, and lower
cooling requirements, which can be used in the future as a building block for a low-cost
detection system. Design performances are simulated using target responses measured in
an anechoic chamber. We also analyze the effect of optimal filter allocation and large angle
deviation on detection performance.

1.4 Thesis Organization
This thesis is organized as follows. An introduction and previous work are described in
Chapter 1. Matched illumination waveform design using multiple low-rate samplers, an
algorithm for selection of optimal set of channel frequencies, and waveform design for both
SNR-based andMI-based matched waveforms are presented in Chapter 2. The target model
and target angular deviation are described in Chapter 3. Targets response measurements
taken in an anechoic chamber, a description of a method for measuring wideband target
response using coherent integration, and deconvolution for extracting target response from
the received signal are described in Chapter 4. Results of waveform design performance
using Monte Carlo simulations with measured target responses from an anechoic chamber
are presented in Chapter 5. Summary, conclusions, and recommendations are discussed in
Chapter 6.

3
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CHAPTER 2:
Matched Illumination for Multiple Low-Rate Samplers

We use the method of MLRS from [9], [10], which avoids a high sampling rate and yet
maintains high detection performance by utilizing prior knowledge of the target response.
A small number of receiver subchannels are used. In addition to MLRS from [9], in this
research, the transmit waveform is also matched to the receiver subchannels with the use of
SNR and MI matched illumination waveforms [1], [2]. The receiver architecture is shown
in Figure 2.1. For simulation purposes, we use perfect bandpass filters with a gain of 1 in the
passband frequencies and a gain of 0 outside those frequencies. Although in theory these
filters have an infinite time response, we use a finite time response and assume that most of
the energy is confined to a finite time interval and only negligible energy is transmitted and
received outside the bandpass frequencies.

BPF LPF ADC

LO-1

LPF

DigitalIFRF

s(t)

Ƹ𝑠[𝑛]BPF LPF ADC

LO-2

LPF

BPF LPF ADC

LO-N

LPF

Channel 1

Channel 2

Channel n

∑

Figure 2.1. Multiple low-rate samplers based receiver architecture.
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2.1 Applying MLRS to Matched Illumination Waveforms

Applying MLRS to SNR Based Waveform
SNR-based waveform for target detection in noise was presented in [1], [2], which ensured
maximum SNR at the receiver output. Let h(t) be the baseband target impulse response
with Fourier transformH( f ). In this work, we may treat h(t) to be a deterministic signal or a
random signal with a few realizations corresponding to our target measurements in various
angles, which is discussed in more detail in Chapter 3. We assume zero-mean noise with
a power spectral density (PSD) of Snn( f ). We let x(t) be the baseband transmit waveform
with a Fourier transform X( f ) and duration T . Let W( f ) =

n∑
i=1

Bi( f ), where n is the number

of subchannels and each filter is defined by

Bi( f ) =


1 flowi < f < fhighi

0 otherwise
, (2.1)

where i is the filter index and flowi and fhighi are the filter cut-off frequencies. The filter
Bi( f ) has a bandwidth of Bi, and the total bandwidth for the filter set W( f ) is W . In other
words, the total bandwidth of the subchannel filters is given by

W =
n∑

i=1
Bi . (2.2)

Under the assumption of perfect filter response, the transmit waveform energy is

Ex =

∫ +∞

−∞

|W( f )| |X( f )|2 d f . (2.3)

We define the target spectral variance as,

σ2
H( f ) = E[|H( f ) − µH( f )|2], (2.4)

6



where µH( f ) is the mean frequency response. From [1], [2], the SNR is given by

SNR =
∫ +∞

−∞

σ2
H( f )|X( f )|

2

Snn( f )
d f . (2.5)

In our case, since we are practically bandlimited, the SNR is approximately given by

SNR ≈
∫ +∞

−∞

σ2
H( f )|X( f )|

2 |W( f )|2

Snn( f )
d f . (2.6)

The transmit waveform is found using [1] and is given by

λmax x(t) =
∫ T/2

−T/2
x(τ)Rg(t − τ) dτ, (2.7)

where the kernel is Rg(t) is defined by

Rg(t) =
∫

W

σ2
H( f )

Snn( f )
e j2π f t d f . (2.8)

Incorporating the filters, the kernel becomes

Rg(t) =
∫ +∞

−∞

σ2
H( f )|W( f )|

2

Snn( f )
e j2π f t d f . (2.9)

Defining

G( f ) =
σ2

H( f )|W( f )|
2

Snn( f )
, (2.10)

we can see that the kernel Rg(t) is the inverse Fourier transform of G( f ). From [1], the
SNR for this waveform is given by

SNR = λmaxEx . (2.11)

To compute the transmit waveform x(t), we endeavor to find a filter of the form W( f ) =
n∑

i=1
Bi( f ). Since we are looking for a design approach that leads to a simple low-cost system,
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we can assume n is a small number. This is because a system with many subchannels is
likely to be complex and expensive, which is the very issue we are trying to solve. For
simplicity, we assume that the subchannel bandwidth Bi is the same for all filters and is
equal to B. Our purpose is to determine the optimal allocation of the filters in the frequency
domain.

Assuming Ex is the energy constraint, we can divide the energy between the different filters
in a way that the total energy is preserved. In other words, no matter the filter allocation,
the total energy is constant. By solving (2.7) we form the transmit waveform x(t), which
satisfies the energy constraint (2.3).

We can see from (2.11) that the SNR is directly proportional to λmax . The bandwidth
impact on the eigenvalues was discussed in [11]; however, in our case, it is simpler to find
the optimal filter allocation by generating Rg(t) for all the different combinations of filter
allocation. The number of combinations is a relatively low under the assumption of a small
number of filter channels.

The optimal selection process is shown in Figure 2.2. The optimal filter set Wopt( f ) is the

set W( f ) =
n∑

i=1
Bi( f ) that maximizes the maximum eigenvalue λmax of the kernel Rg(t) for

this specific set of filters. The filter gain is equal for every subchannel in the filter set. In our
algorithm, we generate all filter allocation combinations. For each combination, we first

Generate all filter combinations 𝑊(𝑓)

Calculate 𝜆max for every combination

Findmax(𝜆max)

Return optimal set of filters 𝑊optSNR
(𝑓)

Calculate the kernel 𝑅𝑔(𝑡) for every combination

Figure 2.2. Optimal �lter set selection process for SNR-based waveform.
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compute Rg(t) with (2.9). Then, we can solve (2.7) to produce the transmit waveform x(t)

and the maximum eigenvalue λmax . The optimal filter set Wopt( f ) is the filter combination
that yields the highest value of λmax .

The return signal s(t) is a convolution of the transmit waveform x(t) with the target impulse
response h(t) and is given by

s(t) = x(t) ∗ h(t). (2.12)

The receiver output y(t) is the convolution of return signal s(t), the filter set impulse
response Wopt(t), and the optimal receiver filter r(t)

y(t) = r(t) ∗Wopt(t) ∗ s(t) (2.13)

where Wopt(t) is the Fourier transform of Wopt( f ). In other words,

y(t) = r(t) ∗Wopt(t) ∗ x(t) ∗ h(t). (2.14)

The optimal waveform/receiver-filter pair that maximizes the SNR of the output signal y(t)
at a time t0, was reported in [1], where the receiver filter frequency response is

R( f ) =
κH( f )X( f )e− j2π f t0

Snn( f )
(2.15)

and κ is a constant.

9



Applying MLRS to Mutual Information Based Waveform
MI-based waveform for target estimation in noise was presented in [1], [2], where the
waveform ensures maximum MI. We would like to select a waveform x(t) and optimal
bandpass filter set W( f ) to maximize the MI between the target response h(t) and the
receiver measurement signal y(t). If the target is a stochastic target with energy spectral
variance (ESV) of σ2

H( f ), then the output ESV is given by

σ2
Y ( f ) = σ

2
H( f )|X( f )|

2 |W( f )|2. (2.16)

Ty is the measurement duration and it is the sum of transmit time T and the target response
time Th. We can define the time-average power spectral variance (PSV) for y(t) as

Υy( f ) =
σ2

Y ( f )
Ty

=
σ2

H( f )|X( f )|
2 |W( f )|2

Ty
, (2.17)

and the time-average PSV for h(t) is

Υh( f ) =
σ2

H( f )
Th

, (2.18)

where Th is the target response time (assuming finite duration). From [2], in the absence of
clutter (noise-only scenario), the approximate information rate is

I(y(t); h(t)|x(t)) =
∫

W
ln

[
1 +
Υy( f )
Snn( f )

]
d f = Ty

∫
W

ln

[
1 +

σ2
H( f )|X( f )|

2

Snn( f )(T + Th)

]
d f . (2.19)

Assuming T � Th, we get

I(y(t); h(t)|x(t)) = Ty

∫
W

ln

[
1 +

σ2
H( f )|X( f )|

2

TSnn( f )

]
d f , (2.20)

and we can find X( f ) using

|X( f )|2 = max

[
0, A −

TSnn( f )
σ2

H( f )

]
|W( f )|. (2.21)

10



The constant A is defined by the energy constraint

Ex =

∫
W

max

[
0, A −

TSnn( f )
σ2

H( f )

]
d f . (2.22)

Assuming that observation time is approximately equal to the transmission time T , the
maximal information is given by [1]

Imax = T
∫

W
max

[
0, ln

(
Aσ2

H

)
− ln (TSnn( f ))

]
d f . (2.23)

We can form awaveform using (2.21) while following the constraint of (2.22) for all different
combinations of filtersW( f ) to find the optimal set of filters that provides the maximal Imax .
The procedure is described in Figure 2.3. This optimal set is used to derive the transmission
waveform X( f ).

Generate all filter combinations 𝑊(𝑓)

Calculate 𝐼max for every combination

Findmax(𝐼max)

Return optimal set of filters 𝑊optM𝐼
(𝑓)

Calculate constant  𝐴, 𝑋(𝑓) 2 for every combination

Figure 2.3. Optimal �lter set selection procedure for MI-based waveform.
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2.2 Probability of Detection
Our work concentrates on detection. Usually the most important measure of performance
for a detection system is the probability of detection (Pd) given certain transmission energy
and false alarm rate (PF A).

Inmodern digital radar, detection is deemed after the downconverted signal is sampled using
an ADC and is passed through a digital filter called a matched filter. Assuming additive
white Gaussian noise (AWGN), the matched filter is designed to maximize the output SNR
[12]. The probability of detection is a function of SNR and maximizing SNR also optimizes
the probability of correctly detecting a signal within noise; hence, the matched filter is the
optimum filter for maximum probability of detection. As shown in Figure 2.4, the transmit
waveform x(t) illuminates the target response h(t). The target return is sampled by the
ADC yielding the vector signal s, where it is corrupted by noise n. The power of the noise
depends on receiver temperature, bandwidth, and noise figure. In signal processing, the
sampling time is usually normalized for the signal vectors; thus,

yin = s + n. (2.24)

Since s is the return signal from the target, it may formulated to be the convolution of the
transmit waveform x and the target response h and is given by

s = x ∗ h, (2.25)

where x is the vector form of x(t) and h is the vector form of h(t). To decide if the sample
signal contains a target return, the matched filter output is compared to a threshold, and
from [13] the detection threshold for a given PF A is

γ′ =
√
σ2EQ−1(PF A), (2.26)

where Q−1 is the inverse Q-function, σ2 is the noise variance and E is the return signal
energy which is given by [14]

E = Es = x†Rhx. (2.27)

Rh is the autocorrelation matrix of the target response convolution matrix Hh and is given
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by [14]
Rh = E

[
Hh
† ·Hh

]
, (2.28)

where E[] again is the expectation value operator1. Now the detection threshold can be
written as

γ′ =
√
σ2x†RhxQ−1(PF A). (2.29)

A simple form of the probability of detection is given by [13]

PD = Q(Q−1(PF A) −
√
σ2E), (2.30)

but in our work, the probability of detection is given by [3]

PD = Q(Q−1(PF A) −
√
σ2x†Rhx). (2.31)

ADC𝑥(𝑡)
𝒚𝒊𝒏 𝒚𝒐𝒖𝒕

> 𝛾′?

Detection

No Detection

no

yes

ℎ(𝑡) Matched 
Filter

Figure 2.4. Signal detection for signal resulting from convolution of transmit
waveform and target response.

1Not to be confused with an italicized E which stands for energy value throughout this paper.
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CHAPTER 3:
Target Model

3.1 Target Frequency Response
In traditional radar design, the point target is assumed, which has an approximately flat
wideband frequency response. However, for matched illumination waveform, the actual
target response needs to be taken into account. SNR-based and MI-based waveforms are
matched illumination waveforms designed to match the target response and usually most
of the signal energy is transmitted in the higher magnitude frequency bands of the target,
which we also referred to as dominant bands [9]. An example of actual target response
and its dominant bands are shown in Figure 3.1. The target response comes from a "DJI -
M100" drone placed at an azimuth angle of 10° and 0° elevation angle. This target response
is extracted from the measurements described in Chapter 4.

𝜓1 𝑓

𝜓2(𝑓)

𝜓3(𝑓)

𝜓4(𝑓)

𝜓5(𝑓)
𝜓6(𝑓)

DJI M100 (EL=0deg, AZ=10deg)

Figure 3.1. Drone target frequency response and dominant bands.
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In this work we assume that we know or have measured target responses for all angles of
interest as an input for the waveform design process; however, the actual aspect angle of the
target to the radar may be unknown. The angular uncertainty can be viewed as uncertainty
in the target response, which can be treated as a stochastic target with some spectral variance
as described in [14]. This uncertainty needs to be taken into consideration when designing
the waveform for a certain angle. In our case, due to equipment limitations (i.e., the turn
table used to rotate our targets), the angle differences are large (about 10° angle deviation
between measurements). For the large angle deviation, described in Chapter 4, the target
responses are almost uncorrelated. As such, we can treat the target response as randomwith
equal probability for every angle.

3.2 Various Angles
When an ensemble of measurements come from M different angles, then a particular angle
is given by α j(φ, θ), each with a given probability Pj for a target impulse response h j . We
treat this scenario as an ensemble of known impulse responses as presented in [2], [14].
If we are to calculate detection percentage for this case, we need to decide on a waveform
since we have M waveform possibilities. Using the probability weighted energy (PWE)
method, the transmit waveform we choose is the probability weighted sum of each angle
matched waveform, and is given by [14]

xpwe =

M∑
j

√
Pjq j, (3.1)

where Pj is the prior probability for the target response h j , and q j is its corresponding
matched waveform.

The waveform is scaled to ensure the energy constraint is met and is given by

x =

√
Ex

Expwe
xpwe. (3.2)

where Expwe is the resulting energy for (3.1). For the matched filter receiver design (2.14)
and (2.15) for an ensemble of responses for various angles, we can also use the probability
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weighted target response, which is given by

hpwe =

M∑
j

√
Pjh j . (3.3)

In our case, we use equal probability for each angle and (3.3) can be written as

hpwe =

∑
j h j
√

N
. (3.4)

where M is the number of different angles of interest.
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CHAPTER 4:
Target Response Measurements

To test the theory presented in previous chapters, we desire to utilize target responses from
actual physical targets. To acquire the data needed, we developed a method for measuring
target response in an anechoic chamber using an arbitrary waveform generator (AWG) for
transmission and vector signal analyzer (VSA) as a receiver. For this work we utilize target
responses from two drones (Figure 4.1): DJI-M1000 and RiteWing - The Zephyr II , which
we borrowed from the NPS advanced robotic systems engineering laboratory (ARSENL).
Targets coordinates system are also shown in Figure 4.1. Drone specifications are shown in
Table 4.1.

Table 4.1. Drone speci�cations

Manufacturer Model Type Diameter Material
RiteWing Zephyr II Electric flying wing 142 cm Mostly foam

DJI M100 Electric quadcopter 65 cm Mostly carbon fiber

RiteWing - The Zephyr IIDJI – M100

Y

X
Z

Figure 4.1. Drones used in the anechoic chamber measurements.
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4.1 Anechoic Chamber Measurements Setup
Target response measurements are taken in an anechoic chamber to reduce clutter return and
to make it easier to isolate target response from other reflectors. For simplicity, we choose
a narrow pulse waveform for transmission. This makes it easier to isolate and process the
target return without the need for pulse compression since our objective is not necessarily
to increase range resolution. The target is placed on a pedestal approximately 3 meters
away from two antennas: one is used for transmission and the other is for reception. We
transmit a narrow pulse of 10 ns using an AWG and receive the reflected signal with a VSA
operated in I/Q high bandwidth sampling mode. The recorded measurements are processed
in MATLAB. The transmit waveform has a bandwidth of 100 MHz. The measurement
set-up is illustrated in Figure 4.2.

Since the chamber used is relatively small, the targets chosen for measurements are drones,
which are small in size but are still targets of interest in some radar applications. To estimate
signal return power, we can use the radar range equation [5]

Prec =
PtGtGrλ

2σ

(4π)3R4 (4.1)

Anechoic chamber 

Tx antenna

Rx antenna

Target

Pedestal 

Signal generator

Signal analyzer

Figure 4.2. Anechoic chamber measurements setup.
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where Pt is the transmit power, Gt and Gr are the transmitter and receiver antenna gains,
respectively, λ is the signal wavelength, σ is the target radar cross section (RCS), and R is
the target distance.

In our chamber, we are limited in the power we are allowed to transmit due to safety
regulations. As a result, we choose not to utilize an external power amplifier and instead use
the AWGmaximum transmit power of 1Watt. The antennas used are horizontally polarized
rigged horn antennas with a gain of 6 dB. Measurements are taken over the frequency range
of 2-3 GHz. From [15], a drone RCS in 3-6 GHz is estimated to be between 0.01 m2 to
0.0001 m2. Using (4.1), we get an estimate received power of -60 dBm to -80 dBm. The
thermal noise level including the receiver noise figure is estimated to be around -75 dBm.
This results in an estimated SNR of -5 to 15 dBm.

4.2 Target Response Extraction
There are a couple of post-processing steps to extract target response from the raw mea-
surements. It turns out the return signal is very low (lower than what is estimated), and the
measurements are taken using a high bandwidth channel that introduces high noise level.
To improve SNR, a coherent integration technique is used. For simplicity, a pulse repetition
interval (PRI) is chosen to be an integer number of the wavelength. This method guarantees
that each sample has the same phase as the corresponding sample in the next PRI. The
output signal sout[k] for the coherent integration for N pulses is

sout[k] =
N−1∑
m=0

sin[k + mPRI], (4.2)

where sin[k] is the sampled signal. The coherent integration gain, which is the improvement
in the SNR after the integration, is equal to N . If the SNR of the pre-integration signal is
SNRin and SNRout is the post-integration SNR, then coherent integration gain for N pulses
is

N =
SNRout
SNRin

. (4.3)

In our experiment, after a coherent integration of 5000 pulses, target return signals are
amplified and become very noticeable. However, the coherent integration enhances SNR
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for every reflected signal, not just the target. Although the measurements are taken in
anechoic chamber, there could still be undesired reflections if other objects are in the
room. This becomes apparent as initial background measurements found that without a
target, a high return signal in the target location is deemed present. This signal is the
accumulation of returns, which is most likely signals reflected off the pedestal where a
target or antenna is placed for EM measurements. When we take a measurement with
a target on top of the pedestal, the pedestal return actually masks the target return. In
order to eliminate the pedestal return and possible undesired reflectors that might be in
the chamber, we first need to take a recording of the background without a target. This
background measurement is used to “clean” a target recording. This is accomplished by
lining up all the 5000 returns in phase and performing the coherent integration. The
integrated background measurement is subtracted from the integrated target measurement.
Illustration of the background subtraction procedure is given in Figure 4.3. Since our
target is stationary, in theory, the background signal reduction can eliminate all undesired
signals but in practice, equipment limitations, quantization, etc. can, of course, leave some
undesired signal residue.

Only pedestalTarget + pedestal Only target

“clean” signal

Time (Samples) Time (Samples) Time (Samples)

A
m

p
litu

d
e

A
m

p
litu

d
e

A
m

p
litu

d
e

Figure 4.3. Illustration of background subtraction procedure.
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Finally, after the coherent integration and extraction of the return echo, we are left with two
signals in our recording. The first is x[k], which is the sampled direct transmit signal and
the other is y[k] the “cleaned” target return signal. The two signals are separated in time
and are easy to distinguish.

The sampled return signal is the result of a convolution of the discrete-time target impulse
response h [k] and the sampled transmit waveform x[k]. To extract the target impulse re-
sponse, we need to perform deconvolution operation on the return signal using the transmit
waveform. Since convolution of two signals in the time domain corresponds to multiplica-
tion in the frequency domain, the two equations that govern the time-frequency transform
pairs are given by

y[k] = x[k] ∗ h[k] (4.4)

and
Y ( f ) = X( f )H( f ) (4.5)

respectively.

We can extract the target frequency response by dividing the return signal frequency re-
sponse Y ( f ) with the transmit waveform frequency response X( f )

H( f ) =
Y ( f )
X( f )

. (4.6)

Block diagram of the procedure used for target extraction from the raw measurements is
shown in Figure 4.4, assuming coherent integration to background measurements has been
performed a priori to the procedure described in Figure 4.4. Interestingly, the procedure we
describe here was used in [16] for ultra-wideband (UWB) impulse scattering measurements.
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Coherent Integration

Background subtraction

s[n]

Deconvolution

h[n]

Target return extraction Tx waveform extraction

x[n]*h[n] x[n]

Figure 4.4. Target response extraction procedure.

An example of a target impulse response extracted from the measurements is shown in
Figure 4.5 using normalized time sampling. In Figure 4.6, drone energy spectral densities
(ESDs) are shown at various azimuth angles with respect to the antennas, which were
closely co-located.
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Figure 4.5. ZEPHYRII drone impulse response magnitude at 0° azimuth
angle (time domain).
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Figure 4.6. DJI-M100 drone ESDs at various azimuth angles. Top: 0°
azimuth angle. Middle: 10° azimuth angle. Bottom: 20° azimuth angle.
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CHAPTER 5:
Results

The entire signal processing simulation for low-bandwidth matched-illumination radar
transmitter-receiver design is tested with the drone measurements presented in Chapter
4 for different number of channels (1-3 channels), different channel bandwidths, and differ-
ent filter allocation resolutions. In Table 5.1, we show all the different cases used as inputs
to the simulation. Probability of detection is computed for increasing transmit energy using
Monte Carlo simulations with 1000 trials (per transmit energy) with a fixed PF A = 0.01.
The theoretical Pd curve is plotted using (2.31). All the measurements are taken with
elevation angle of zero degrees with respect to the transmit and receive antennas.

Table 5.1. Simulation inputs

Target type Azimuth Frequency Bands Filter Allocation
(deg) (GHz) bandwidth

(% of total
bandwidth)

resolution
(% of total
bandwidth)

Zephyr II 0,10,20 2-3 GHz 1 10% 5,10,15,25%
Zephyr II 0,10,20 2-3 GHz 1 20% 5,10,15,25%
Zephyr II 0,10,20 2-3 GHz 1 30% 5,10,15,25%
Zephyr II 0,10,20 2-3 GHz 2 5% 5%
Zephyr II 0,10,20 2-3 GHz 2 10% 5%
Zephyr II 0,10,20 2-3 GHz 2 15% 5,10%
Zephyr II 0,10,20 2-3 GHz 2 25% 5,10%
Zephyr II 0,10,20 2-3 GHz 3 10% 5%
Zephyr II 0,10,20 2-3 GHz 3 16.67% 5,10%
DJI M100 0,10,20 2-2.4 GHz 1 10% 5,10,15,25%
DJI M100 0,10,20 2-2.4 GHz 1 20% 5,10,15,25%
DJI M100 0,10,20 2-3 GHz 1 30% 5,10,15,25%
DJI M100 0,10,20 2-2.4 GHz 2 5% 5%
DJI M100 0,10,20 2-2.4 GHz 2 10% 5%
DJI M100 0,10,20 2-2.4 GHz 2 15% 5,10%
DJI M100 0,10,20 2-2.4 GHz 2 25% 5,10%
DJI M100 0,10,20 2-2.4 GHz 3 10% 5%
DJI M100 0,10,20 2-2.4 GHz 3 16.67% 5,10%
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5.1 Deterministic Target
For the known aspect angle case (i.e., deterministic target), we use each drone measurement
as an input for the simulation. For all targets used, the optimal transmitter-receiver design
presented in Chapter 2 achieves higher probability of detection in comparison to a wide-
band waveform with the same transmit energy. The optimal filter allocation also achieves
significantly better results in comparison to a random filter allocation. The Monte Carlo
derived Pd curve matches the theoretical curve for all targets tested, as shown by a specific
target in a specific angle in Figure 5.1.
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P
d

SNR waveform - theoretical Pd

SNR waveform - Monte Carlo

Random allocation of filters

Wideband waveform

Figure 5.1. Optimal MLRS-SNR based design performance for ZEPHYRII
drone at 0° Azimuth in a single band system with 10% bandwidth.

Results for different false alarm rates are shown in Figure 5.2. For the rest of the analysis
PF A of 0.01 is used.
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Figure 5.2. SNR waveform detection performance with di�erent PF As for
ZEPHYRII drone at 0° Azimuth in a single band system with a 30% band-
width.

SNR and MI based waveforms
For the drones used in this work, SNR-basedwaveforms yield higher probability of detection
in comparison to MI-based waveforms with the same transmit energy, as seen in Figure 5.3
for DJI-M100 and ZEPHYRII at 0° azimuth angle.

Channel Bandwidth
Performances of a systemwith subchannel bandwidths of 10%, 20%, and 30%are compared.
As expected, results show an advantage for narrower bandwidths in terms of probability of
detection as shown in Figure 5.4. The reason for this outcome is a lower noise level in the
narrow bandwidth waveforms.
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Figure 5.3. Detection performance for low-rate matched-illumination wave-
forms for a target at 0° azimuth angle. Left: DJI-M100 drone. Right:
ZEPHYRII drone.

Number of Channels
The simulation procedure developed in MATLAB is able to execute and find the optimal
transmitter-receiver design for up to three channels. We can see in Figure 5.5 that a system
with the same total bandwidth but a higher number of channels achieves higher detection
performance. The improvement in detection can be explained by more degrees of freedom
to select the optimal filter allocation. The two and three channels are able to transmit and
receive in frequencies with higher amplitude in the target ESD and are able to avoid lower
amplitudes in the target ESD. In this way, the system with more channels (at least up to
three) achieves higher probability of detection than a one-channel system with the same
total bandwidth.
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Figure 5.4. Detection performance results utilizing a single frequency band
with di�erent percent bandwidths for a target at 0° azimuth angle. Left:
DJI-M100 drone. Right: ZEPHYRII drone.

Filter Allocation Resolution
Allocation resolution is the frequency resolution which is used to configure each subchannel
center frequency. In order to test the impact of the filter allocation resolution on the detection
performance, the filter center frequency allocation resolution is changed from 5% to 25%
out of the total bandwidth available. For example, a 5% filter allocation resolution means
that we configure the filter center frequency with a frequency step of 5% out of the total
bandwidth. We havemore possibilities for filter allocationwhenwe use a smaller percentage
of filter frequency resolution. For the drones measured, at the resolution of roughly above
15%, the performance of the system starts to degrade, as seen in Figure 5.6.
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Figure 5.5. Detection performance of di�erent number of channels in a
system with a total bandwidth of 30% for target at 0° azimuth angle. Top
Left: SNR-Based design for ZEPHYRII drone. Top right: MI-Based design
for ZEPHYRII drone. Bottom left: SNR-Based design for DJI-M100 drone.
Bottom right: MI-Based design for DJI-M100 drone.
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for ZEPHYRII drone at 0° azimuth angle.
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5.2 Targets with Various Aspect Angles
In this detection scenario, we assume that the target response can come from three angles
with large deviation but the actual realization is unknown a priori in the experiment. In
short, the target response comes from a random draw off the three angle set with equal
probability for the target azimuth aspect angles of 0°, 10°, and 20°. As expected, the
probability of detection in this case, using a PWE matched waveform, is lower than the
known angle (deterministic target) case for the same transmit energy. However, the optimal
low-rate matched-waveform design performs much better than a random selection of filters.
The optimal design also outperforms a wideband design in low-to-moderate energy regions
but perform less than or equal to the wideband waveform for a high transmit energy, as
shown in Figure 5.7. As observed in [14], a large angle deviation for a target lessens
the correlation in the ensemble of target responses. Such low correlation decreases the
rate of performance increase in high-energy transmit region for the matched waveforms
as compared to the wideband waveform when a target is treated randomly just like in
this section. This phenomenon mirrors the RCS behavior of a true target where even a
small angle deviation can cause a large change in RCS and thus greatly affecting SNR and
detection performance.
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Figure 5.7. Optimal MLRS-SNR based design performance utilizing three
frequency bands with total bandwidth of 30% for DJI-M100 at a random
angle.
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For both drones, the SNR-based waveform performs better than the MI-based waveform, as
shown in Figure 5.8. For the case where the number of channels is varied, the results are
also similar to the known angle case, as shown in Figure 5.9, where the higher number of
channels with the same total bandwidth yield higher probability of detection.
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Figure 5.8. Detection performance of SNR and MI-based waveforms utilizing
three frequency bands with total bandwidth of 30% for random angle. Left:
DJI-M100 drone. Right: ZEPHYRII drone.
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Figure 5.9. Detection performance of SNR and MI-based waveforms utiliz-
ing three frequency bands with total bandwidth of 30% and with di�erent
number of channels for random angle. Top Left: SNR-Based design for
ZEPHYRII drone. Top right: MI-Based design for ZEPHYRII drone. Bot-
tom left: SNR-Based design for DJI-M100 drone. Bottom right: MI-Based
design for DJI-M100 drone.
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CHAPTER 6:
Conclusions

6.1 Summary and Conclusions
In thiswork, we introduced a novel approach for a low-cost radar systemdesign by integrating
the MLRS-based receiver with matched illumination waveforms for specific targets. An
algorithm to design a low-rate matched waveform was implemented for both SNR-based
waveform and MI-based waveform that is optimal based on filter allocation constraint. To
address the target ensemble large-angle deviation issue, the algorithm could produce a
design for the unknown angle corresponding to a random target response as well as a known
angle case corresponding to a deterministic target response.

In order to test our system performance with practical targets, we used the Naval Postgrad-
uate School anechoic chamber to measure target responses of different drones. We took
measurements at several angles and in several frequency bands. To extract a target impulse
response from the raw measurements, we had to perform post-processing operations. First,
we coherently integrated five thousand pulses to increase SNR; then we had to eliminate
undesired signals which were reflected from the pedestal and possibly other surfaces. The
undesired signals were reduced using background subtraction by taking two recordings; one
with a target and onewithout a target. Each set of recordings was aligned in phase and scaled
to have the same amplitude to get maximum reduction of the background signals. Lastly,
after the measurement was integrated and cleaned from the background, we were left with
the reflected signal from the target. This signal was a convolution of the transmit waveform,
which was known, and the target impulse response, which we were trying to extract. To
complete the post-processing, we performed a deconvolution operation to extract the target
impulse response from the return signal. This process was repeated to obtain the targets
responses for the different angles and frequency bands. This method allowed us to get a
high-bandwidth complex-valued impulse response of a target in a specific angle.

The performance metric for the design was probability of detection. By using Monte Carlo
simulations, we produced a probability of detection curve for a given set of waveform and
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receiver design, transmit energy, and a target response. From the results, it was shown
that the low-rate matched waveform design developed in this work outperformed wideband
waveform in all cases, except for the case of the target ensemble with large angle deviation
and with high transmit energy. We also found that SNR-based waveform performed better
than MI-based waveform for all known target cases. For the same total bandwidth, it was
beneficial to have more channels in terms of detection.

This design approach can be used as a building block for a future low-cost detection system.
The design approach maintains the benefits of matched illumination waveform in terms of
improved probability of detection and the use of low-rate sampling that can significantly
reduce the cost of a system.

6.2 Future Work
Other than taking measurements of other targets and testing the robustness of the design, it
will be worthwhile to demonstrate low bandwidth matched-illumination radar transmitter-
receiver in a laboratory or a field experiment. The design reported in this work is suitable for
a real-time hardware implementation and can be utilized using FPGA or a software defined
radio (SDR). Previous studies [17]-[19] demonstratedmulti-band SDR radarwith traditional
waveforms such as FMCW and LFM. The next step will be to incorporate matched illumi-
nation waveform in SDR or FPGA-based radar applications using the approach developed
in this work.
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