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Abstract

Wide-area search radar systems must reliably detect targets over a large region of in-

terest while maintaining a low, constant false alarm rate. Constant false alarm rate (CFAR)

detectors have been proposed in the literature, and they operate by estimating statistical

parameters of interference in the received signal to calculate a threshold that maintains

a constant probability of false alarm. However, the nonhomogeneous nature of surface

clutter degrades CFAR detection performance, often increasing the false alarm rate and

reducing the probability of target detection. In this thesis, a simulation was developed to

generate data representative of that produced by a ground-based surveillance radar. The

simulation includes a typical processing chain employed by radar systems, and the de-

tection performance of several CFAR detectors, including Cell-Averaging (CA), Greatest-

of-Cell-Averaging (GOCA), Smallest-of-Cell-Averaging (SOCA), and Ordered-Statistics

(OS), was analyzed using the simulated radar data. The OS detector was proven to be the

optimal detector of the study, as it maintained the lowest false alarm rate and the highest

probability of target detection when the simulated radar data contained nonhomogeneous

interference.

xi



Chapter 1

Introduction

1.1 Motivation & Background

Target detection has been a primary application of radar systems since its inception,

with uses in fields such as air traffic control and homeland defense. Radar detection systems

operate by transmitting radio waves that interact with scatterers within the line of sight

(LOS) of the radar’s antenna beam. Because radio waves have lower frequencies than

visible light waves, a radar system’s operation cannot be directly observed by humans. A

helpful analogy for the operation of a detection radar system is a bat using echolocation

to sense its surroundings. An echolocating bat transmits a sound, an acoustic wave, and

listens for echoes reflected from nearby objects to estimate their distance [1]. Similarly,

radar systems transmit electromagnetic waves and receive echoes from scatterers in their

LOS. The received signal, which contains both interference and possible target echoes,

is sampled by the radar’s receiver and processed into test statistics. The radar’s detector

then compares test statistics to a threshold to determine if they contain interference alone,

or interference and target echo signals. Common sources of interference include thermal

noise, electromagnetic interference, and echoes from non-target scatterers, referred to as

clutter [2].

Test statistics are a random process due to the stochastic nature of interference and
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target echo signals [3]. A test statistic containing interference alone may exceed the thresh-

old, producing a false alarm of a target detection. The magnitude of the threshold used in

a hypothesis test controls the false alarm rate, or the rate at which interference-only test

statistics are incorrectly hypothesized. Radar detectors are typically designed to maintain

a low, constant false alarm rate to ensure that downstream radar processing systems are not

overwhelmed with detections. When the statistical distribution of interference-only test

statistics is known, the threshold can be analytically determined to achieve a desired false

alarm rate. The distribution and statistical parameters (such as the mean or variance) for a

set of test statistics are usually unknown quantities, which means that the false alarm rate

is unpredictable unless the interference statistics are measured or estimated.

Constant false alarm rate (CFAR) detectors in the literature adaptively set a threshold

for each hypothesis test to maintain a fixed probability of false alarm. CFAR detectors

assume a homogeneous interference model, in which interference-only test statistics are

exponentially distributed. The exponential distribution depends on a single parameter, and

CFAR detectors estimate the parameter from a subset of training cells and compute a corre-

sponding threshold that maintains the intended false alarm rate. However, CFAR detector

performance degrades when the interference-only test statistics deviate from the exponen-

tial distribution. In particular, the roughness and nonuniform reflectivity of the Earth’s

surface (also known as surface clutter) often violates the assumed homogeneous interfer-

ence model [4]. CFAR detector variants have been proposed to address nonhomogeneous

interference, aiming to maintain both a constant false alarm rate and a high probability of

target detection.

This thesis presents the development of a radar system simulation designed to gener-

ate data representative of a ground-based, mechanically steered surveillance radar. The

simulation models rough surface clutter illuminated by a radar transmitting a nonlinear

frequency-modulated waveform with staggered pulse transmissions. A representative pro-
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cessing chain is implemented in the model, which includes a matched filter, clutter filter,

dynamic range compressor, and noncoherent integrator. The performance of several CFAR

detector algorithms is evaluated using the simulated data to assess the impact of nonhomo-

geneous ground clutter on their detection performance and false alarm rates.

1.2 Thesis Outline

This work is divided into the following chapters. In Chapter 2, the operation of a

surveillance radar is described. This includes discussions of the transmitted radar sig-

nal’s waveform, the structure of radar measurements, the radar range equation, interference

sources and target echoes in the received signal, and a typical signal processing chain. In

Chapter 3, an introduction to detection theory is provided. A discussion of the likelihood

ratio test is presented, and then the structure of several CFAR detectors and some relevant

equations relating the threshold to the probability of false alarm are shown. In Chapter 4,

the simulation of an example surveillance radar is presented. The radar data simulation is

discussed and nonhomogeneous test statistics are analyzed. The CFAR detectors presented

in Chapter 3 are then implemented on the test statistics to analyze the performance of each

CFAR detector on the simulated nonhomogeneous radar data. In Chapter 5, the results of

the work are summarized and conclusions are drawn. A discussion of future work regarding

these topics is also presented.
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Chapter 2

Ground-Based Surveillance Radar

2.1 Radar Waveform

Radio waves within the context of this work are narrowband signals. The transmitted

radar signal, x(t), is written as

x(t) = a(t) cos (2πFot+ ϕ(t)) (2.1)

where a(t) is the signal envelope, t is the time variable in seconds, Fo is the carrier fre-

quency in Hertz (Hz), and ϕ(t) is the signal phase. To adequately represent a continuous

signal in a discrete form, the Nyquist sampling theorem must be satisfied [5]. According

to the theorem, the minimum sampling frequency is at least twice the highest frequency

component present in the signal. Radar signals with large carrier frequencies demand high

sample rates, which is impractical for signal analysis and physical limitations of computer

hardware. Instead, the complex envelope may be used to describe a radar signal, as it is the

complex baseband representation and highlights the signal’s envelope and phase without

the carrier frequency term. The sample rate required to represent the radar signal can then

be reduced to twice the highest frequency of the complex envelope, which is much lower

than the carrier frequency for narrowband signals. The complex baseband representation
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of a radar signal is found by demodulating the carrier frequency of the radar signal as

xB(t) = LPF{2 exp (−j2πFot) x(t)} (2.2)

where j is
√
−1 and LPF is an ideal low-pass filter with a cutoff frequency greater than the

bandwidth of ϕ(t) [6]. The radar signal can be expressed in a complex exponential form as

x(t) =
a(t)

2
[ exp (j(2πFot+ ϕ(t))) + exp (−j(2πFot+ ϕ(t))) ]. (2.3)

Substituting (2.3) into (2.2), xB reduces to

xB(t) = LPF{a(t) exp(−j2πFot) [ exp (j(2πFot+ ϕ(t)))

+ exp (−j(2πFot+ ϕ(t))) ]},
(2.4)

which simplifies further to

xB(t) = a(t)[ cos (ϕ(t)) + j sin (ϕ(t)) ]. (2.5)

The in-phase and quadrature components of a radar signal, xI(t) and xQ(t), are defined as

xI(t) = a(t) cos (ϕ(t)) (2.6)

and

xQ(t) = a(t) sin (ϕ(t)), (2.7)

and the complex envelope, x̃(t), is written as

x̃(t) = xI(t) + j xQ(t) = a(t) exp (jϕ(t)). (2.8)

5



The radar signal can be reconstructed from the complex envelope as

x(t) = Re [x̃(t) exp (j2πFot)] (2.9)

which shows that the complex envelope retains the modulation information of the radar

signal [6]. Subsequent discussions of the radar signal in this work are centered around the

complex envelope of the radar signal.

The bandwidth, B, of a radar signal defines its range resolution, or how closely spaced

targets may be in a radar’s line of sight (LOS) to be separately distinguished. Frequency

modulation (FM) and phase modulation (PM) maintain a constant signal envelope while

modulating the signal phase, ϕ(t), to increase a radar signal’s bandwidth, while amplitude

modulation (AM) maintains a constant signal phase and modulates the signal envelope,

a(t) [6]. AM signals require linear power amplifiers for radar signal transmission, which

are less efficient than the saturated power amplifiers used for FM and PM waveforms [6].

A linear power amplifier varies the output power of a radar signal, while a saturated power

amplifier maintains a constant output power. FM and PM signals are more commonly used

than AM signals in surveillance radar applications since the detection of a target is closely

related to the energy it reflects to the radar, and AM signals with the same peak power as

FM and PM signals transmit less energy over the duration of a pulse [6].

For a constant-envelope signal, the instantaneous frequency is the time derivative of the

signal phase [6], written as

f(t) =
1

2π
ϕ′(t) (2.10)

where f is the instantaneous frequency at time t, ϕ(t) is the signal phase, and ′ is the

time derivative operator. Linear FM (LFM) pulse waveforms are radar signals with an

instantaneous frequency that either “up-chirps” linearly from −B/2 to B/2 Hz or “down-
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chirps” linearly from B/2 to −B/2 Hz during pulse transmission. An LFM waveform’s

complex envelope is written as

x̃(t) = a(t) exp
[
∓j2π

(
B

2

)
t ± jπ

(
B

Tp

)
t2
]
, 0 ≤ t ≤ Tp (2.11)

where B is the bandwidth in Hz and Tp is the duration of the pulse. The instantaneous

frequency is therefore

f(t) = ∓B
2
± B

Tp
t, 0 ≤ t ≤ Tp. (2.12)

The quantity B/Tp of (2.12) is the chirp rate of the LFM waveform, and its sign controls

whether it is an up-chirp or a down-chirp. Note that the highest frequency component of the

LFM pulse waveform is B/2 Hz, and thus an LFM pulse may be adequately represented

if the sampling frequency is greater than B Hz. The in-phase and quadrature components

(real and imaginary, respectively) of an up-chirp LFM are plotted in Figure 2.1.
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Figure 2.1: The in-phase and quadrature components of an LFM pulse waveform
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A target echo signal, s(t), is a time-delayed and amplitude-scaled copy of the transmit-

ted radar signal which may be Doppler-shifted due to relative motion between the target

and the radar, written as

s(t) = αx̃(t− τ) exp (j2πfDt) (2.13)

where α is the amplitude scale term due to propagation losses and scattering effects, τ is the

time delay corresponding to the two-way propagation of the wave, and exp (j2πfDt) is the

Doppler shift of the echo [7]. The signal received by the radar system, r(t), is corrupted by

interference and may contain target echo signals. In many cases, target echo are not easily

distinguished in the received signal because their amplitudes are less than the interference

produced by the thermal noise at the output of the receiver [6]. A filter with response h(t)

must be applied to the received signal that maximizes the SNR of target echo signals to

ensure optimal target detection. The matched filter achieves the maximum attainable SNR

when its input is the signal that the filter is matched (i.e. x̃(t)) and additive white noise (i.e.

thermal noise) [6, 8]. The matched filter is written as the time-reversed complex conjugate

of the radar signal, or

h(t) = x̃∗(Tp − t) (2.14)

where Tp ensures that the matched filter is causal and ∗ is the complex conjugate operator.

An LFM pulse’s matched filter is written as

h(t) = a∗(Tp − t) exp
[
±j2π

(
B

2

)
(Tp − t) ∓ jπ

(
B

Tp

)
(Tp − t)2

]
,

0 ≤ t ≤ Tp

(2.15)

which is precisely the time-reversed complex conjugate of (2.11).
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The matched filter is applied to the received signal in a convolution operation as

y(t) =

∫ ∞

−∞
r(s)h(t− s)ds (2.16)

where y(t) is the filter output, r(t) is the received signal, and h(t) is the matched filter

response [6]. Substituting (2.14) into (2.16), the convolution operation can be rewritten as

y(t) =

∫ ∞

−∞
r(s)x̃∗(s+ Tp − t)ds = Rx̃r(t− Tp) (2.17)

where the output, y(t), is the cross-correlation, Rx̃r(t), of the received signal with the

complex envelope of the radar signal delayed by the duration of the pulse. Suppose that the

received signal is a scaled copy of the radar signal at complex baseband, or r(t) = αx̃(t).

Convolving the received signal with its matched filter

y(t) = α

∫ ∞

−∞
x̃(s)x̃∗(s+ Tp − t)ds = Rx̃x̃(t− Tp) (2.18)

the output is the autocorrelation, Rx̃x̃(t), and its peak value at t = Tp is proportional to the

pulse energy as

y(t = Tp) = α

∫ ∞

−∞
|x̃(s)|2ds = αE. (2.19)

The autocorrelation function (ACF) of a waveform provides insight into the matched filter

output when the received signal contains target echoes. The ACF of the LFM waveform

from Figure 2.1 is shown in Figure 2.2 where the mainlobe and sidelobes are labeled.

The width of the main lobe is inversely proportional to the waveform’s bandwidth, which

controls the range resolution, as previously stated. Waveforms with large bandwidths will

feature a narrow mainlobe while waveforms with small bandwidths will feature a large

mainlobe.
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Figure 2.2: The mainlobe and sidelobes of an LFM pulse’s autocorrelation function

The peaks of an LFM’s ACF sidelobes are approximately 13.2 dB below the peak of the

mainlobe, which may produce false alarms of target detections or mask weaker targets [2].

Windows may be applied to the radar signal in the time domain by amplitude-weighting

the signal envelope to reduce the ACF sidelobes while maintaining the amplitude of the

mainlobe [6]. Examples of window functions include Hann, Hamming, Kaiser, and Black-

man. Time domain amplitude weighting requires a linear power amplifier (like those used

in AM applications) which are less efficient than a saturated power amplifier used in con-

stant envelope signal transmission [6]. Additionally, the energy of a windowed LFM pulse

is less than the energy of a constant-envelope LFM pulse of the same peak amplitude and

duration, which can negatively impact target detection.

The energy spectral density (ESD) of a waveform is the Fourier transform of its ACF,

and it describes how the energy of a waveform is distributed across the frequency domain.
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The Fourier transform of a function is defined as [5]

F{f(x)} = f̂(ψ) =

∫ ∞

−∞
f(x)e−j2πψxdx ∀ ψ ∈ R (2.20)

where F represents the Fourier transform. The ESD, S(f), is therefore

S(f) =

∫ ∞

−∞
Rxx(t)e

−j2πftdt. (2.21)

The sinc-like (sinc x = sin πx
πx

) nature of the LFM’s ACF (Figure 2.4a) is due to its nearly

rectangular ESD (Figure 2.4b), as the sinc and rectangular functions are Fourier transform

pairs. An alternative approach to reducing the ACF sidelobes involves shaping the ESD

of the radar signal to resemble a window function [6]. The works of Cook and Bernfeld

[9] and Fowle [10] relate the ESD to the instantaneous frequency of a waveform using a

stationary-phase concept, which states that the ESD at a particular frequency is relatively

large if the rate of change of frequency at that time is relatively small. The stationary-phase

concept can explain the rectangular nature of the LFM pulse’s ESD; the constant chirp rate

of an LFM waveform results in an instantaneous frequency function that allocates an equal

amount of time, and therefore energy, at each frequency from −B/2 to B/2 Hz. Levanon

utilizes the stationary-phase concept in a waveform design algorithm [6], where the output

of the algorithm is a non-linear FM (NLFM) waveform that achieves an ESD that resembles

the function at the input of the algorithm. An example NLFM waveform produced by

the algorithm was presented in Levanon’s work, and its ESD closely matched the input

window function. However, it was shown that the matched filter output of the designed

waveform was severely degraded when the input to the matched filter was not precisely the

algorithm’s output waveform. The waveform would therefore be disqualified for detection

radar applications, as moving targets would likely go undetected due to Doppler shifts
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severely degrading the matched filter output. Levanon generated additional waveforms

from the algorithm based on alternative window functions, but none of the waveforms

showed promise for use in radar applications.

A NLFM waveform suggested by Price [11] has an instantaneous frequency function

that resembles that of an LFM pulse at low frequencies, but its chirp rate increases at higher

frequencies. The instantaneous frequency function of the Price NLFM waveform is written

as

f(t) = ζ(t)

(
BL +

BC√
1− 4ζ2(t)

)
, 0 ≤ t ≤ Tp (2.22)

where BL is the bandwidth of the linear chirp, BC is the bandwidth of the non-linear chirp,

and ζ(t) is

ζ(t) =
t− Tp

2

Tp
(2.23)

The instantaneous frequency functions of an LFM pulse and Price’s NLFM pulse are shown

in Figure 2.3. Note that the upchirp LFM of Figure 2.1 was designed with a bandwidth

of B, so this example of the Price NLFM waveform uses BC = B and BL = 4B to

achieve similar instantaneous frequency functions (Figure 2.3) and ACF mainlobe widths

(Figure 2.4a). The ESDs of the LFM and Price NLFM pulses are shown in Figure 2.4b; the

ESD of the NLFM pulse resembles a window function whose ESD decreases as frequency

increases in magnitude, while the LFM pulse’s ESD is approximately rectangular across the

bandwidth. The example Price NLFM waveform presents sidelobes nearly 50 dB below the

mainlobe, which outperforms the LFM’s sidelobes at 13.2 dB below the mainlobe.

An echo from a moving target will have a degraded filter output due to the Doppler shift

mismatching the echo signal with the matched filter. The ambiguity function, A(t; fD), can

be used to analyze the output of the matched filter as a function of delays and Doppler shifts
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Figure 2.3: Instantaneous Frequency Functions for LFM and Price NLFM Waveforms

to the wave echo as

A(t; fD) = |
∫ ∞

−∞
x̃(s) exp (j2πfDt)x̃

∗(s− t)ds | (2.24)

which resembles the ACF with an additional Doppler term. The ambiguity function of the

LFM pulse from Figure 2.1 is shown in Figure 2.5a, and the ambiguity function of the Price

NLFM pulse is shown in Figure 2.5b. NLFM waveforms, such as the waveforms produced

by Levanon’s algorithm, are typically not Doppler tolerant, meaning that their matched

filter outputs degrade severely as the Doppler shift of the wave echo is increased. The Price

NLFM waveform, however, has an unusually high Doppler tolerance, as the mainlobe of

the NLFM’s AF in Figure 2.5b closely resembles the mainlobe of the LFM’s AF in Figure

2.5a, and shows promise as a waveform to be used in detection applications.
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2.2 Radar Measurements

A radar’s antenna transmits radio waves into a propagation medium, like Earth’s at-

mosphere or free space, and the waves travel radially until they reflect from an object or

medium. The radio waves reflected by targets are then sampled by the radar’s receiver along

with interference, such as thermal noise, clutter reflections, and electromagnetic interfer-

ence, and the received signal is digitized through an analog-to-digital converter (ADC) and

processed by downstream hardware. The digitized received signal are radar measurements,

and they are further processed to produce test statistics that can indicate target echoes in

the received signal. Figure 2.6 represents a surveillance radar sensing a target; it transmits

a radar signal (the blue wave labeled “Tx”) and receives an echo of the signal (the red wave

labeled “Rx”) after it is reflected by the green target.

Figure 2.6: Simplified operation of a surveillance radar

Monostatic pulsed radar systems are a common architecture for ground based surveil-

lance radars. A monostatic radar system can be designed to share the antenna for the trans-

mitter and receiver subsystems of the radar; the receiver is composed of sensitive hardware

components to detect low energy target echoes, so it is isolated from the antenna while a

radio wave pulse is transmitted to prevent damage [2]. The antennas used by surveillance

radars typically feature narrow beamwidths and must scan their surroundings to detect tar-

gets. Steering the antenna beam to scan a volume larger than the antenna’s beamwidth may
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be done electrically through phased-array radar architectures or by physically rotating the

antenna. The discussion of electrically steered beams is excluded from this work as the

radar simulation presented in later chapters models the data produced by a mechanically

steered radar system.

After a pulse of width Tp seconds is transmitted, the radar system switches from the

transmit subsystem to the receive subsystem, where the ADC samples the wave echoes

and interference signals before the next pulse transmission. The time delay (τ , in seconds)

between a pulse transmission and when its echo returns to the radar indicates the range (R,

in meters) between the radar and the reflecting object according to the following

τ =
2R

c
, (2.25)

where c is the speed of light (c ≈ 3 · 108 meters/second) [2]. Rearranging (2.25), the range

between a reflecting object and the radar from the time delay of the pulse’s two-way travel

is calculated as

R =
cτ

2
. (2.26)

Substituting Tp for τ in (2.26), the minimum range at which a reflecting object can be

detected after the first pulse is transmitted is at Rmin = cTp/2 meters. The minimum range

is also known as the blind range, as targets closer to the radar than the minimum range

cannot be detected by pulsed radar systems [2].

The time between pulse transmissions is known as the pulse repetition interval (PRI),

with a reciprocal known as the pulse repetition frequency (PRF). The unambiguous range

for a reflecting object, or the farthest a reflecting object can be detected before the receive

subsystem is switched off for the next pulse transmission, occurs at Rua = ctua/2 me-

ters, where tua = PRI seconds after the beginning of the first pulse transmission. Due to
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scattering effects and propagation losses, the energy of an echo from a target near the un-

ambiguous range will be less than that of a target of the same radar cross section near the

minimum range. Surveillance systems implement a matched filter to correlate the received

signal with the transmitted waveform to maximize SNR for optimal target detection in ther-

mal noise [6]. Without a matched filter, a target near the unambiguous range is not likely to

be distinguishable from interference. In general, the maximum range for a target detection

occurs atRmax = ctmax/2 meters, where tmax = PRI − tmin seconds after the beginning of

the first pulse transmission. While targets may be detected with ranges greater than Rmax,

a target less thanRmax and greater thanRmin is more likely to be detected as its echo signal

can be entirely correlated to the matched filter. A portion of the echo signal from a target

with range greater than Rmax would be missed by the radar after the receive subsystem was

switched off, resulting in less correlation to the matched filter and consequently a weaker

matched filter output.

Radar measurements between the minimum and unambiguous ranges fall into range

bins, the discrete range values for radar measurements, with spacing set by the ADC sample

rate and the radar’s range resolution. Range resolution (∆R) is calculated as follows

∆R =
c

2B
(2.27)

where B is the bandwidth of the radar signal. The duration of a simple pulse is approx-

imately the inverse of its bandwidth, but the radar signal may be modulated in amplitude

or frequency to increase bandwidth. Surveillance radars often transmit FM radar signals to

maintain constant output power, as discussed in Section 2.1. The sampling frequency of the

ADC must meet the Nyquist sampling theorem, which states that a continuous signal must

be sampled at twice the highest frequency present in the signal to be adequately represented

[8]. The highest frequency of a radar signal’s complex envelope is B/2 Hz, so the ADC

17



sampling frequency (fs) should be at least B Hz.

A target at range Rmin meters in the radar’s line of sight should be detected in the

first radar measurement, or range bin, while a target located Rmin + ∆R meters from the

radar should be detected in the second range bin. Radar measurements may be arranged

in vector format with length L corresponding to range bins Rmin to Rua with spacing ∆R.

Once the Lth radar measurement is sampled, another pulse is transmitted. An additional L

samples are collected after the second pulse is transmitted, and the data collection process

is repeated until a coherent processing interval (CPI) of M pulses has been transmitted

and their echoes have been sampled. The radar measurements collected on a CPI can be

organized in a two-dimensional matrix of L by M samples, as shown in Figure 2.7 where

each element represents a radar measurement. The first and second dimensions of the

matrix are referred to as the fast-time and slow-time dimensions, respectively, because of

the relative time scales between samples and pulse transmissions. The fast-time dimension

of radar measurements is used to estimate a target’s range, while the slow-time dimension

can be used to estimate target parameters, such as its velocity or trajectory.

Figure 2.7: A grid of cubes that represent an L by M matrix of radar measurements

Ground based surveillance radars are often interested in the detection of non-stationary

targets. Relative motion between a reflecting object and the radar shifts the frequency of the
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transmitted wave, which is known as a Doppler shift [2]. Assuming that the relative radial

velocity (vr) between the radar and the reflecting object is much lower than the speed of

light, the Doppler shift of a waveform echo is approximately

fD =
2vr
λ

(2.28)

where λ is the carrier wavelength of the transmitted radar signal [2]. The sign of the

Doppler shift depends on the radial velocity; by convention, targets moving toward the

radar have a positive Doppler shift, while targets moving away from the radar have a nega-

tive Doppler shift. The impact of Doppler shifts on the output of the matched filter can be

analyzed the ambiguity function discussed in Section 2.1.

The Doppler shift of a moving target cannot be extracted from a single pulse by a

radar system [2]. Pulse-Doppler processing converts the matrix of fast-time/slow-time

radar measurements into a range-Doppler map (RDM) via the discrete Fourier transform

(DFT) across slow-time measurements for every range bin, which allows for the spectral

analysis of a CPI of radar measurements. The DFT is defined as

Xk =
M−1∑
m=0

xme
−j2π k

M
m (2.29)

whereXk is the DFT of xm [12]. An efficient implementation of the DFT is the fast Fourier

transform (FFT), which is widely used in signal processing [12]. The Doppler frequency of

a moving target is sampled at the PRF of the radar system and may be estimated from the

RDM. An example range-pulse map is provided in Figure 2.8a; a simulated target at range

1600 meters moving toward the radar at 1.5 meters/second is illuminated by 256 radar

signal pulses. The PRF was 1 kHz, and the carrier frequency of the radar signal was 10

GHz. Converting the range-pulse map into an RDM via pulse-Doppler processing (Figure
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2.8b), the target’s Doppler shift is ≈ 100 Hz, as expected.

Target echo signals from a CPI of M slow-time radar measurements can achieve a

SNR integration gain of M from pulse-Doppler processing due to the coherent sum of the

amplitude and phase of target echo signals [2]. The integration gain of target echo signals

increases the likelihood that a target is detected, so large values of M are typically chosen

for the CPI of radar measurements. The dwell time, or “time-on-target,” is the duration

that a target is expected to be in the radar antenna’s main beam [2]. The duration for which

a CPI of radar measurements is collected is designed to be less than or equal to the dwell

time to ensure that the target is within the radar’s beam during the CPI, and the integration

gain of target echo signals is approximately M . Note that the interference that corrupts

the received signal is composed of thermal noise, other signals, and clutter echoes. Clutter

echo signals also coherently integrate in the pulse-Doppler processing of slow-time radar

measurements, resulting in the integration gain of interference power. As a result of the

coherent integration of clutter echo signals, an RDM is expected to feature a strong band

near zero Doppler due to clutter, as it is mostly stationary.

Pulse-Doppler processing improves the detection of moving targets outside the clutter

band, as the target wave echoes do not compete with clutter echoes, but can negatively

impact the detection of slow moving targets. Another range-pulse map is provided in Fig-

ure 2.9a, which features the simulated target from Figure 2.8a obscured by interference.

The range-pulse map is converted to an RDM via pulse-Doppler processing, as seen in

Figure 2.9b, and the target is distinguishable due to the spectral decomposition of pulse-

Doppler processing. The target would likely be obscured by clutter for systems that do not

implement pulse-Doppler processing, however, alternative clutter filters and non-coherent

integrators, such as those used in legacy radar systems, may be implemented to achieve an

integration gain of target echoes at a lower computational cost than the DFT [2].

The unambiguous velocity of a target is the maximum radial velocity a target can move
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Figure 2.8: Range-pulse and range-Doppler maps of a single target’s echoes
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Figure 2.9: Range-pulse and range-Doppler maps of a single target’s echoes plus interfer-
ence
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and still be accurately located in Doppler for a CPI of radar measurements. Using the

Nyquist sampling theorem, the unambiguous Doppler shift is set by the PRF as

fD,ua = ±PRF
2

. (2.30)

Rearranging (2.28), the unambiguous velocity is thus

vua = ±PRF ∗ λ
4

. (2.31)

The RDMs in Figures 2.8b and 2.9b are focused on where the target was expected to re-

solve, but the axes of an RDM are generally bounded from −PRF
2

to PRF
2

in the Doppler

frequency dimension (or −vua to vua for target velocity) and Rmin to Rua in the range

dimension.

Suppose that a target is located beyond Rua and its echo is received after the second

pulse is transmitted. The matched filter output will result in a peak in a range bin much

closer than where the target is actually positioned, which is referred to as a range ambiguity

[2]. Also, suppose that another target is moving faster than the unambiguous velocity.

The second target’s peak will focus in a Doppler cell of the RDM that differs from its

actual radial velocity due to aliasing; in some cases, a target moving toward the radar will

appear as if it is moving away from the radar. A target detected by a radar moving faster

than the unambiguous velocity will result in a Doppler ambiguity [2]. Range and Doppler

ambiguities can result in inaccurate target detections, which are harmful to downstream

systems such as tracking.

Due to the periodic nature of the DFT and discrete-time filters, clutter echoes and clut-

ter filters with nulls at zero Doppler frequency will alias at integer multiples of the PRF.

Moving targets with Doppler shifts near zero or integer multiples of the PRF are less likely
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to be detected, as the target echoes are likely to be attenuated by the clutter filter or em-

bedded in the clutter band. The velocities that result in Doppler shifts near zero or integer

multiples of the PRF are referred to as blind velocities due to the degraded detectability of

targets [2]. The Doppler frequencies of the first blind velocities (positive and negative) are

thus

fb = ±PRF (2.32)

and the corresponding velocities are

vb = ±λ
2
PRF. (2.33)

The PRF of the radar system is chosen to detect targets up to an expected target velocity

using (2.30), but the unambiguous range decreases as unambiguous velocity increases [2].

A radar system can be designed to transmit pulses at a staggered PRF, which means that the

period between consecutive pulse transmissions is not consistent from one pulse to the next.

A staggered PRF can raise the first blind velocity without reducing the unambiguous range

to the extent that a constant PRF would be reduced [13]. As a result of a staggered PRF,

clutter echoes no longer alias to all integer multiples of the PRF and targets with Doppler

shifts near an integer multiple of the PRF are more likely to be detected. Surveillance

radars are often designed to transmit pulses at a staggered PRF to increase target detection

by reducing the impact of blind speeds, and ensure accurate target detection by reducing

the likelihood of range and Doppler ambiguities.

To measure how a staggered PRF impacts a system’s unambiguous range and blind ve-

locities, a set of P staggered pulses are written as {PRFP} = {PRF0, PRF1, ..., PRFP−1}

[7]. PRFP can be rewritten as a set of integer multiples of the greatest common divisor
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(gcd), fg, as PRFP = kP gcd (PRF0, PRF1, ..., PRFP−1), or

PRFP = kPfg, (2.34)

where kP is a set of values known as staggers, and the stagger ratio is the ratio between

any two staggers in the set [7]. The first blind Doppler frequency fBS for a staggered PRF

system is the least common multiple (lcm) of the PRFs as fBS = lcm (PRF0, PRF1, ...,

PRFP−1, ), or

fBS = fg lcm (k0, k1, ...kP−1). (2.35)

Suppose that there exists a radar system whose PRF (PRFUS) is constant and is the average

value of PRFP as

PRFUS =
fg
P

P−1∑
p=0

kP . (2.36)

The ratio fBS/PRFUS is used to calculate how much a staggered PRF increases the first

blind velocity of the system [7]. For example, the first blind velocity of a two-pulse stagger

system with stagger ratio is 6:7 would be 6.46 times greater than the constant PRF sys-

tem. The unambiguous range of a constant PRF system is c/2PRF, while a staggered PRF

system’s (Ruas) is determined by the largest PRF of PRFP , or

Ruas =
c

2 max(PRFP )
. (2.37)

The unambiguous range of a two-pulse stagger system with stagger ratio 6:7 is 92.86%

of the constant PRF system. Doppler ambiguities or missed target detections due to blind

speeds are generally more harmful to a surveillance radar than range ambiguities, so the

unambiguous range is typically degraded to increase the first blind speed as presented in

the previous example.
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2.3 Radar Range Equation

Radar detection performance is heavily affected by the amount of energy reflected by

the target to the surveillance radar system. A radar signal is susceptible to many losses

while propagating, and the radar cross section (RCS) of a target controls how much energy

will be reflected to the radar. The radar range equation is a helpful tool for calculating the

expected received energy of a radio wave transmitted by the radar and reflected by a target,

written as

Pr =
PtGtGrλ

2σ

(4π)3LsLaR4
(2.38)

where Pr is the received power (Watts), Pt is the transmitted power (Watts), Gt is the gain

of the transmit antenna, Gr is the gain of the receive antenna, λ is the wavelength of the

radio wave (meters), σ is the RCS of the reflecting object (square meters, or meters2), Ls

are system losses, La are atmospheric losses, and R is the range from the radar to the

reflecting object (meters) [2]. Losses due to the system and atmosphere are ignored in this

work and will be excluded in any references to the radar range equation.

Surveillance radar systems often employ directional antennas (as opposed to isotropic

antennas) which focus the energy of a transmitted pulse to the boresight of the antenna [7].

The gain of a rectangular antenna aperture is related to its effective aperture, Ae, as

G =
4πAe
λ2

(2.39)

where λ is the carrier wavelength of the transmitted radar signal [14]. The gain terms, Gt

and Gr, can be combined into a single term, G2, when the surveillance radar system shares

the antenna for the transmit and receive subsystems. The antenna’s one-way power pattern,

P (θ, ϕ), describes the radiated power as a function of angles azimuth, θ, and elevation, ϕ,

relative to the antenna’s boresight. The maximum value of P (θ, ϕ) is achieved when θ and
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ϕ are precisely the antenna’s boresight. The one-way power pattern of an antenna is related

to the radiated electric field intensity, E(θ, ϕ) [7], as

P (θ, ϕ) = |E(θ, ϕ)|2 (2.40)

and the electric field intensity in azimuth is given by

E(θ, ϕ) = sinc
((

Dy

λ

)
sin(θ)

)
sinc

((
Dz

λ

)
sin(ϕ)

)
(2.41)

where sinc(x) = sin(πx)
πx

, λ is the carrier wavelength of the transmitted radar signal, and

Dy and Dz are the aperture size in the y and z dimensions. The one-way radiation power

pattern for a rectangular aperture as a function of angles θ and ϕ has the form [15]

P (θ, ϕ) = sinc 2

((
Dy

λ

)
sin(θ)

)
sinc 2

((
Dz

λ

)
sin(ϕ)

)
. (2.42)

A surveillance radar scanning for targets near the Earth’s surface will receive reflec-

tions from surface clutter, such as foliage, buildings, mountains, and ocean waves. Surface

clutter is a distributed scatterer, which means that its RCS σ is defined over an area as [2]

σ = Aσ0 (2.43)

where A is the surface area of the clutter and σ0 is the scattering coefficient of the clut-

ter with dependencies on its grazing angle, wavelength, polarization, and material. With

inspiration from Richards [7], the geometry of a radar beam illuminating a flat surface

with grazing angle δ is shown in Figure 2.10. The radar has a 3-dB beamwidth ϕ3 and

is positioned at a height H above the surface; the width of the main beam at range R0 is

approximately R0ϕ3, and it is projected to Rϕ3/sin(δ) on the clutter surface. The range
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resolution, ∆R, of the radar signal is projected onto the clutter surface as ∆R/cos(δ), as

shown in Figure 2.11.

Figure 2.10: Surface illuminated by radar with elevation beamwidth ϕ3

Figure 2.11: Projection of range resolution onto surface
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To calculate the expected received energy from the clutter surface, two scenarios that

depend on the radar’s range resolution are considered. In the first scenario, the range

resolution projected on the clutter surface is less than the projection of the main beam

(∆R/cos(δ) < Rϕ3/sin(δ)), in which the resolution cell is resolution limited [7]. In the

second scenario, the main beam projected on the clutter surface is less than the range reso-

lution’s projection (∆R/cos(δ) > Rϕ3/sin(δ)), in which the resolution cell is beam limited

[7]. The differential RCS for each surface scatterer illuminated by the radar’s beam is writ-

ten related to its differential area as

dσ = σ0(δ) δD(R−R0)dA (2.44)

where δD(·) is the Dirac impulse function [7]. The radar range equation is expressed as an

integral over the differential area as [7]

Pr(t0) =
PtG

2σ0

(4π)3R4
0

∫
∆A

P 2(θ, ϕ)dA. (2.45)

When the illuminated surface clutter is beam limited, the differential surface area is

dA =
R2

0

sin δ
dθdϕ. (2.46)

The integral can be evaluated over the area contained by the 3-dB beamwidths of the main

beam, and Pr reduces to

Pr(t0) =
PtG

2λ2ϕ3θ3σ
0

(4π)3R2
0 sin δ

. (2.47)

In the resolution limited scenario, the differential surface area is

dA =
R0∆R

cos δ
dθ, (2.48)
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and Pr reduces to

Pr(t0) =
PtG

2λ2∆Rθ3σ
0

(4π)3R3
0 cos δ

. (2.49)

Each clutter scatterer on the Earth’s surface has a unique grazing angle with respect to

the surveillance radar. At very low grazing angles, a clutter scatterer appears “smooth” to

the radar, and the incident energy from a radio wave will be reflected away from the radar

[2]. As a result, little energy is reflected from a low-grazing angle scatterer back to the

radar. Conversely, a clutter scatterer is likely to reflect most of the incident energy from a

radio wave back to the radar at high grazing angles. The plateau region [4] is a term for the

region of grazing angles between the low and high grazing angle regions. Scatterers whose

grazing angle falls in the plateau region are considered “rough,” and the intensity of their

reflected energy can vary significantly.

A surface is considered smooth if the fluctuations to the surface height are relatively

small. Rayleigh’s criterion for smoothness is

σ <
λ

8 sin (δ)
(2.50)

where σ is the standard deviation of the surface clutter’s height, λ is the carrier wavelength,

and δ is the grazing angle [4]. A reference work by Ulaby, Moore, and Fung [4] argued that

the Fraunhofer criterion is more accurate for a surface to be termed “smooth,” as opposed

to the Rayleigh criterion. The Fraunhofer criterion requires

σ <
λ

32 sin (δ)
, (2.51)

which aligns more closely with experimental observations of “smooth” and “rough” surface

clutter radar measurements [4]. Note that the Fraunhofer criterion depends on the carrier

frequency of the radar signal; surveillance radars with carrier frequencies greater than 1
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GHz scanning for targets in natural terrains (i.e., the Earth’s surface) are not likely to meet

this criterion.

A homogeneous clutter surface model, or a surface composed of randomly distributed

scatters with approximately the same RCS, results in a received signal whose square mag-

nitude is exponentially distributed [2]. The Earth’s surface is nonhomogeneous due to the

variations in the materials it is composed of (sand, rock, soil, foliage, water, etc.) and sur-

face height (hills, valleys, and mountains). The RCS for nonhomogeneous rough surfaces,

such as the Earth’s surface, tends to follow “heavy-tailed” distributions, such as Weibull, K,

or lognormal distributions [2]. These distributions are described as “heavy-tailed” because

a scatterer with a large RCS value is more likely to occur than in the homogeneous clutter

model, resulting in a greater likelihood of large-amplitude echoes in the received signal.

When the received signal contains echoes from surface clutter whose RCS is described

by a heavy-tailed distribution, the false alarm rate of the surveillance radar’s detector is

expected to increase.

2.4 Received Signal Model

The signal received by a surveillance radar can be written as the sum of interference

and target echo signals as y(t) = w(t) + s(t), where y(t) is the received signal, w(t) is the

interference signal, and s(t) is the target echo signal. The signal w(t) is the sum of multiple

sources of interference, such as clutter echoes wc(t), thermal noise wn(t), and electromag-

netic interference wi(t), which can be written as w(t) = wc(t) + wi(t) + wn(t). The

following subsections derive models for each interference source and target echo signals.
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2.4.1 Targets and Surface Clutter

Suppose that a mechanically steered surveillance radar is rotating in azimuth and trans-

mitting radar signals to scan for targets. The target echo signal received after the pth pulse

is transmitted is written as

s(t; θp) = αt(τ, θ, ϕ; θp) x̃(t− τ) exp (j2πfDt) (2.52)

where τ = 2R/c, θ and ϕ are the azimuth and elevation angles between the target and

the boresight of the antenna at the time of pulse transmission, exp (j2πfDt) is a Doppler

frequency shift of the wave echo due to relative motion between the target and the radar,

x(t) is the transmitted radar signal, and αt(τ, θ, ϕ) is derived from the radar range equation

as

αt(τ, θ, ϕ; θp) =

√
PtG2λ2σ

(4π)3R4
P 2(θ, ϕ). (2.53)

The surface clutter signal resembles a target echo signal, but differs as it is the sum of the

reflections from each scatterer on the clutter surface as

wc(t; θp) =

∫ ∫
∆A

α(τ, θ, ϕ; θp) x̃(t− τ) exp (j2πfDt)dAdτ. (2.54)

In Section 2.3, two cases were considered to determine the expected received energy from

surface clutter. For the beam limited scenario, the received clutter signal after the pth pulse

transmission is given by

wc(t; θp) =

∫ ∫ ∫
α(τ, θ, ϕ; θp) x̃(t− τ) exp (j2πfDt)dθdϕdτ, (2.55)
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where αc(τ, θ, ϕ) for each differential surface scatterer is

αc(τ, θ, ϕ; θp) =

√
PtG2λ2σ0

(4π)3R2 sin (δ)
P 2(θ, ϕ). (2.56)

In the resolution limited scenario, the clutter echo signal received after the pth pulse trans-

mission is given by

wc(t; θp) =

∫ ∫
α(τ, θ, ϕ; θp) x̃(t− τ) exp (j2πfDt)dθdτ, (2.57)

where αc(τ, θ, ϕ) for each differential surface scatterer is

αc(τ, θ, ϕ; θp) =

√
PtG2λ2σ0∆R

(4π)3R3 cos (δ)
P 2(θ, ϕ). (2.58)

2.4.2 Thermal Noise

The thermal motion of electrons within a radar’s receiver produce thermal noise [16],

which is a zero-mean complex Gaussian random process that combines with electromag-

netic interference, target echo, and clutter echo signals in the received signal. The power

spectral density (PSD) of thermal noise, Sn(F ), is approximately

Sn(F ) = kT (2.59)

when hF/kT << 1; h is Planck’s constant (6.6254 × 10−34 Joules/second), F is in Hz,

Sn(f) is in Watts/Hz, k is Boltzmann’s constant (1.38 × 10−23 Joules/Kelvin), and T is

the absolute temperature of the noise source (Kelvins) [7]. The above definition implies

that thermal noise has infinite power, which is not physically possible. Thermal noise has

finite power, as (2.59) is an approximation that is valid for radio frequency systems with
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absolute temperatures greater than 50 Kelvins, and the bandwidth of the radar’s receiver

limits the spectrum of thermal noise in the received signal to −B
2
≤ F ≤ B

2
where B is the

bandwidth in Hz [7].

The average noise power at the output of a system with transfer functionH(F ) is found

by

Pn =

∫ ∞

−∞
Sn(F )|H(F )|2dF. (2.60)

Assuming that the transfer function is ideal, the system is bandlimited to B Hz, and the

absolute temperature of the noise is the standard temperature (T = T0 = 290 Kelvins), the

above reduces to

Pn = kT0BG (2.61)

where G is the gain of the system [7]. System losses introduced by non-ideal components

in the receiver’s hardware add noise power to the output of the receiver. The additional

noise power due to system losses is written as

Psys = kTeBG, (2.62)

where Te is the effective temperature of the system in Kelvins [7]. The total noise power at

the output of the receiver is thus

Ptot = Pn + Psys = kT0BG+ kTeBG. (2.63)

A system’s noise figure is a measure of the noise power introduced by system losses and

the thermal noise at the input to the system, which is written as

F =
Ptot
Pn

=
kT0BG+ kTeBG

kT0BG
. (2.64)
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Ideally, a radar should be designed to have minimal system losses, but typical radar systems

have noise figures between 2 and 10 dB [7].

2.4.3 Electromagnetic Interference

External sources of EM waves, such as power lines, cellular phones, and other radar

systems, can contaminate the received signal and decrease the detectability of targets. In

some cases, another system may radiate in the surveillance radar system’s frequency band

to intentionally degrade signal detection, known as jamming [7]. The abundance of wire-

less technologies in the modern era have congested the frequency spectrum and surveil-

lance radars must be designed with these external sources in mind. The signal produced

by electromagnetic interference sources is represented by wi(t) within this work. Although

electromagnetic interference is non-zero in real radar systems, the process wi(t) = 0 within

the simulation as it is intentionally excluded. This work aims to investigate the impact of

surface clutter on CFAR detector performance – the simulation and modeling of electro-

magnetic interference would distract from the focus of the work, and thus further discus-

sions of electromagnetic interference are omitted.

2.5 Signal Processing Chain

Surveillance radars must process the received signal to mitigate the effects of interfer-

ence for the optimal detection of targets. Clutter filtering techniques, such as the N -pulse

canceller, can be implemented in a radar system to prevent clutter echoes from dominat-

ing the received signal [2]. The dynamic range of the received signal can be large, as the

signal may contain small amplitude target echoes from long-range targets or large ampli-

tude echoes from nearby objects. A log-magnitude detector can be used at the output of

the clutter filter to compress the dynamic range of the received signal onto a logarithmic
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scale [17]. The output of the log-magnitude detector, however, does not retain the phase

information of the received signal. A processing interval of radar measurements must be

summed non-coherently (unlike the coherent sum performed in pulse-Doppler processing)

to achieve an integration gain and thereby increase the SNR of target echoes [2]. The

following subsections describe the clutter filter, log magnitude detector, and non-coherent

integrator implemented in an example processing chain to convert the received signal into

test statistics, which can be used to identify targets in the received signal.

2.5.1 Clutter Filtering

Clutter echo signals closely resemble target echo signals, as they are both time-delayed

and amplitude-scaled copies of the transmitted radar signal that may be Doppler shifted;

however, surface clutter is mostly stationary while targets are generally non-stationary. The

matched filter output of clutter echo signals will be relatively larger than non-stationary

target echo signals due to their higher correlation to the signal in which the matched filter

was designed. Additionally, signal processing chains typically implement a coherent or

noncoherent integrator to improve the SNR of target echo signals but also unintentionally

increase the interference power of clutter echoes. Clutter echoes can increase the false

alarm rate of surveillance radars, and thus a clutter filter is a necessary step in the signal

processing chain.

Consider a stationary radar system that illuminates stationary surface clutter with pulses

of radar signals. The amplitude and phase of the wave echo received by the clutter scatterer

should be the same for each slow-time radar measurement (ignoring the effects of thermal

noise), and thus subtracting a set of radar measurements from another set across the slow-

time dimension should cancel clutter echo signals for each range bin [2]. The two-pulse

canceller is a simple clutter filter design which “cancels” clutter echoes by subtracting
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radar measurements from the same range bin over a pair of successive pulses [2]. The

amplitude and phase of non-stationary target echo signals change across slow-time radar

measurements, so the energy of target echo signals is expected to be maintained at the

output of the clutter canceller.

The frequency response of clutter filters generally resemble high-pass filters with a null

near zero Doppler frequency, as they are designed to reduce the impact of stationary clutter

and maintain the amplitude of target echoes [2]. The two-pulse canceller is modeled as

z[m] = y[m] − y[m − 1], where z[m] is the filter output and y[m] is the input at index m.

The discrete-time transfer function of the two-pulse canceller is given by H(z) = 1− z−1,

with filter coefficients [1 -1], and thus the Doppler frequency response is given by [2]

H(fD) = (1− z−1)|z=exp(j2πfDT ) = 1− exp(−j2πfDT )

= exp(−jπfDT )(exp(jπfDT )− exp(−jπfDT ))

= 2jexp(−jπfDT )sin(πfdT ),

(2.65)

where T = 1/PRF. The magnitude of a two-pulse canceller’s frequency response can be

seen in Figure 2.12a where the PRF = 1 kHz. Even though fD only ranges from -PRF/2

to PRF/2 in the figure, the frequency response is periodic and the null at zero Doppler

frequency occurs at integer multiples of the PRF for a constant PRF radar system.

The two-pulse canceller can be extended to an N -pulse canceller to achieve a higher-

ordered filter response [2]. The simplest approach to design anN -pulse canceller is achieved

by cascading N − 1 two-pulse cancellers. The transfer function of the N -pulse canceller

composed of cascaded two-pulse cancellers has the form

HN(z) = (1− z)N−1. (2.66)

The frequency response of an example cascaded N -pulse canceller is shown in Figure

36



-500 0 500

f
D

 (Hz)

-350

-300

-250

-200

-150

-100

-50

0
|H

2
(f

D
)|

 (
d

B
)

(a) Two-Pulse Canceller

-500 0 500

f
D

 (Hz)

-350

-300

-250

-200

-150

-100

-50

0

|H
8
(f

D
)|

 (
d

B
)

(b) Eight-Pulse Canceller

Figure 2.12: Normalized frequency responses of the two- and eight-pulse cancellers

2.12b. The value of N for this example was 8, and the filter response featured a much

wider and deeper null centered at zero Doppler frequency when compared to the two-pulse

canceller. The higher-order filter would likely perform better for clutter cancellation in

a real radar system, as clutter is not perfectly stationary and may Doppler shift the radar

signal echo, but the computational load of the filter increases as N increases [2].

An alternative approach to designing the N -pulse canceller involves adjusting the filter

coefficients of the clutter filter. The filter coefficients of the eight-pulse canceller in the

previous example can be found by expanding (2.66) to

H(fD) = (1− z−1)7

= 1− 7z−1 + 21z−2 − 35z−3 + 35z−4 − 21z−5 + 7z−6 − z−7,

(2.67)

and thus the filter coefficients are [1 -7 21 -35 35 -21 7 -1]. The values for the filter

coefficients can be adjusted to achieve a desired frequency response, but the sum of the

filter coefficients generally evaluates to zero in order to cancel zero Doppler clutter [2].

The frequency response of discrete time filters are periodic for constant PRF systems,

and the zero Doppler null of the clutter filter repeat at integer multiples of the PRF. These
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repetitive nulls create blind zones in the received signal [2], where the energy of target

echoes from targets with Doppler frequencies near integer multiples of the PRF will be

attenuated by the clutter filter, and the targets would likely not be detected by the radar.

In Section 2.2, the idea of radar systems transmitting pulses at a staggered PRF to combat

blind speeds was presented. The squared magnitude of the average frequency response

from the two-pulse canceller with a staggered PRF input is written as [7]

|H2,P (f)|2 =
4

P

P−1∑
p=0

sin2(πf/PRFp). (2.68)

Consider a radar system transmitting pulses at staggered intervals with a stagger ratio of

3:5 whose average PRF is 1 kHz. The first blind speed occurs at a Doppler frequency of

3.75 kHz, which is 3.75 times higher than a constant PRF system whose first blind speed

occurs at a Doppler frequency corresponding to its PRF of 1 kHz. The frequency responses

of the constant PRF and staggered PRF systems are shown in Figure 2.13. The frequency

response of the two-pulse canceller for the staggered PRF system still features nulls, but

they are not as frequent as the constant PRF system in the Doppler spectrum and only

extend to ≈ −10 dB in this example.

2.5.2 Dynamic Range Compression

A surveillance radar converts the received signal into radar measurements by a process

known as sampling, which involves the quantization of the analog received signal [2]. The

ADC of the radar system samples the amplitude of the received signal and assigns a binary

value with a finite number of bits (based on the ADC’s resolution) to the measurement. The

ADC maps the amplitude of the received signal to a discrete level from within its hardware;

the levels are evenly spaced with a quantization step size ∆ in uniformly-quantized ADCs

[2]. A radar’s ADC is capable of measuring the amplitude of the received signal up to the
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maximum quantization level, and the dynamic range of the ADC is the ratio of the largest

quantization level to the first quantization level. Suppose that the dynamic range of a radar

system’s ADC is large and uniformly quantized; it is possible that a small-amplitude target

echo signal embedded in interference would not reach the next quantization level to be

distinguished from interference, resulting in a target miss. The system would be considered

saturated, as it has insufficient quantization levels for its wide dynamic range [2].

Analysis of the radar range equation shows that the energy of wave echoes from a tar-

get with a fixed RCS strongly depends on the range of the target. Suppose that the range

of a target is doubled; the expected power received by the radar will decrease by a fac-

tor of 16 due to the R4 term in the denominator of the radar range equation. Therefore,

long range surveillance radars receive a signal that spans a wide dynamic range of echo

powers (the ratio of a target echo’s magnitude to receiver noise power) due to the range
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dependence of the energy of a wave echo, and a uniformly-quantized ADC measuring the

amplitude of the received signal would likely be saturated. A surveillance radar may com-

press the dynamic range of the received signal by implementing a logarithmic amplifier to

de-emphasize large amplitude echoes. A logarithmic amplifier converts an echo amplitude

(A) to a log-magnitude value by [17]

Log-magnitude (dB) = 10 log10[A
2]. (2.69)

Doviak and Zrnic [17] provide an example range profile from a real radar system in which

the received signal contains receiver noise (10−14 W) and echoes from nearby ground clut-

ter, TV towers, and atmospheric phenomena. They state that the echo power (A2) of the

strongest echo in the received signal was 109 more intense than the receiver noise, which

corresponds to a dynamic range of 90 dB. Legacy radar systems have a limited dynamic

range on their display, and a logarithmic amplifier allows for large amplitude echoes from

nearby targets to be shown on the same display as small amplitude echoes from long range

targets [17]. The measurement of fluctuations in atmospheric phenomena would likely not

be possible for their radar system without the logarithmic amplifier, and strongest echo

from their example would likely saturate the display.

2.5.3 Noncoherent Integration

A CPI of uniformly-spaced radar measurements can be processed into a range-Doppler

map via the FFT or DFT, which increases the SNR of target echo signals due to integration

gain [2]. Suppose that a radar receives a signal, y(t), that is composed of thermal noise,

wn(t), and target echo signals, s(t), as y(t) = w(t)+ s(t), and thus its radar measurements

can be written as y[m] = s[m] + w[m]. Also suppose that a target in the received signal is

moving at a constant velocity towards the radar, its RCS is constant over the CPI, its target

40



echo signal resolves to a single range bin over the CPI (i.e. s[m] = constant = A exp[jϕ])

[2]. The integration of M slow-time radar measurements from the target’s range bin (yM )

is [2]

yM =
M−1∑
m=0

(s[m] + w[m]) =
M−1∑
m=0

(A exp[jϕ] + w[m])

=MA exp[jϕ] +
M−1∑
m=0

w[m].

(2.70)

The signal power of the target echo signal therefore increases by M2A2, while the thermal

noise power (σ2
n) increases by [2]

E


∣∣∣∣∣
M−1∑
m=0

wn[m]

∣∣∣∣∣
2
 = E

{(
M−1∑
m=0

wn[m]

)(
M−1∑
l=0

w∗
n[l]

)}

=
M−1∑
m=0

M−1∑
l=0

E{wn[m]w∗
n[l]}

=Mσ2
n.

(2.71)

The SNR of the target echo signal before integration is A2/σ2
n, and its SNR increases to by

a factor of M to M2A2/Mσ2
n, or MA2/σ2

n after integration [2]. A radar system may trans-

mit pulses at staggered intervals to reduce the impact of blind zones or range and Doppler

ambiguities in the received signal, however, the system cannot create a range-Doppler map

via the FFT due to the non-uniform spacing of slow-time radar measurements. Range-

Doppler maps can still be generated from radar measurements by adjusting the definition

of the DFT to account for the non-uniform intervals between pulses [5], but at an increased

computational load due to the increase in complexity from the FFT to the DFT. Legacy

radar systems often do not have the hardware and computational power required to imple-

ment such DFT algorithms, and thus it is not feasible for computationally-limited systems
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to coherently integrate non-uniformly spaced radar measurements.

Radar systems incapable of coherent integration may take the magnitude, log-magnitude,

or squared magnitude of the received signal, which discards phase information, and then

noncoherently sum across slow-time radar measurements to increase the SNR target echo

signals. The noncoherent integration gain of target echo signals is not as easily quantifiable

as given by (2.70) due to the magnitude, squared magnitude, and log-magnitude operations

resulting in cross product terms of the target echo samples and thermal noise samples [2].

Previous works used Albershim’s equation [2, 18] and found that the noncoherent inte-

gration of M slow-time radar measurements achieves an integration gain of nearly M for

high-SNR targets and an integration gain of nearly
√
M for low-SNR targets. The integra-

tion gain of a noncoherent sum operation is always expected to be less than the integration

gain of a coherent sum operation due to the omitted phase information from the radar mea-

surements, but integration is often necessary to detect low-SNR targets [2].
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Chapter 3

Detection Theory

A surveillance radar system transmits pulses of radio waves and receives a signal that

may contain echoes from targets. The received signal is corrupted by interference, namely

thermal noise, electromagnetic interference, and clutter echoes, meaning that a target echo

may not be easily distinguishable. Test statistics are scalar quantities sampled from the

processed received signal that can indicate the presence of a target. Threshold detection

is a method of target identification that involves the comparison of a test statistic with a

threshold for deciding between two competing hypotheses. A test statistic less than the

threshold is assumed to contain interference alone (the null hypothesis (H0)) while a test

statistic greater than the threshold is assumed to contain interference and energy from a

target echo (the alternative hypothesis (H0)) [19]. The hypotheses for a test statistic may

be written as

H0 : y = w

H1 : y = w + s

where a random variable y represents the test statistic, which is composed of interference

alone (w) under H0 or interference plus energy from a target echo (w + s) under H1 [2].

Once a test statistic is confirmed to contain energy from a target echo, its position can be

estimated and passed to downstream radar systems, such as tracking.

The random variable y represents a test statistic and the random variables w and s are
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used to describe the hypotheses for a test statistic, which are different from the signals

y(t), w(t), and s(t) from the previous sections. Suppose that the received signal contains

interference only, meaning no target echoes are present, and the interference signal was

a zero-mean complex Gaussian random process. Assuming the processing applied to the

received signal is square law, the probability density function (PDF) of y would be expected

to follow an exponential distribution, as the squared magnitude of a zero-mean complex

Gaussian random process is exponentially distributed [3]. Although y(t) and y are not

interchangeable, the PDF of y is related to the statistical behavior of y(t). Similarly, w and

s are not interchangeable with w(t) and s(t), but it follows that a test statistic composed of

interference only (y = w) would correspond to the received signal containing interference

only (y(t) = w(t)), while a test statistic containing interference and energy from a target

echo would correspond to the received signal containing interference and a target echo

signal (y(t) = w(t) + s(t)).

A graphical representation of threshold detection is provided in Figure 3.1, where a

threshold of magnitude 6.5 is compared to a band of test statistics from contiguous range

bins. All test statistics in this set are selected as the null hypothesis except at index 12,

which is the alternative hypothesis. Threshold detection is susceptible to two types of er-

rors. Type I errors occur when interference alone is greater than the threshold, otherwise

known as a false alarm [2]. The target at index 12 may be a false alarm, which implies that

the test statistic did not actually contain energy from a target echo and interference alone

was greater than the threshold. The false alarm would then waste resources of downstream

processors due to the non-existent target. A Type II error occurs when a test statistic con-

tains energy from a target echo but falls below the threshold, also known as a target miss

[2]. Target misses are undesirable for surveillance radar systems.

The threshold’s magnitude controls the probability that Type I and II errors occur. Type

I errors are associated with the probability of false alarm, PFA, while Type II errors are
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associated with the probability of a miss, 1−PD, which is the complement of the probability

of detection, PD. The PDF of a null hypothesis test statistic is denoted as p(y;H0), while

the PDF of an alternate hypothesis test statistic is denoted as p(y;H1). It is not possible

to minimize the false alarm and target miss probabilities simultaneously by adjusting the

magnitude of the threshold for threshold detection regardless of the target and interference

PDFs [19]. As the threshold is increased, PFA decreases and 1 − PD increases, and as

the threshold is decreased, PFA increases and 1 − PD decreases. Figure 3.2 graphically

represents an example of the threshold, PFA, and 1− PD for p(y;H0) and p(y;H1).

The signal-to-interference-plus-noise ratio (SINR) is a quantity that measures the signal

power received from the target echoes divided by the interference and noise power. As

SINR increases, PFA and 1 − PD can both decrease due to less overlap of the p(y;H0)

and p(y;H1) curves. A target’s signal power is related to its reflectivity, as seen in Section
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2.3, and cannot be increased unless the target’s range decreases or the surveillance radar’s

transmit power is increased. Filtering and other signal processing techniques are required

to maintain signal power and reduce the interference power, as discussed in Section 2.5,

which increases the SINR and PD while lowering PFA as desired.

False alarms are unavoidable due to the probabilistic nature of test statistics, but a low,

constant PFA may prevent downstream systems from being overwhelmed with detections.

Additionally, radar detectors are typically designed to follow the Neyman-Pearson crite-

rion, where target detection is maximized for a threshold that achieves a constant false

alarm rate (CFAR) [19]. A constant threshold can be used for a set of independent and

identically distributed (IID) test statistics when p(y;H0) is known, and false alarms will

be generated with a constant PFA. Choosing a constant threshold for a set of test statistics

when p(y;H0) is unknown, or when H0 test statistics are non-IID, will produce false alarms
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at an unpredictable rate [3]. The threshold used by the radar’s detector must estimate the

interference statistics for a set of test statistics in order to stabilize the false alarm rate.

CFAR detectors adaptively calculate a threshold for each test statistic by assuming that

the H0 test statistics follow some distribution, such as the exponential distribution, and

calculate a local estimate of a statistical parameter for that distribution [2]. A CFAR detec-

tor’s ability to adaptively set the threshold can combat non-stationary interference statistics

(such as a local change in the mean value of interference), but its performance depends on

the assumption that the distribution of H0 test statistics is known. The distribution for a

set of test statistics are generally unknown, and the CFAR detector’s assumption about the

distribution can be incorrect. As the distribution for a set of test statistics deviates from the

assumed exponential distribution, false alarms will be generated at an unpredictable and

variable rate. A discussion of the design of CFAR detectors can be found in Section 3.2,

and their performance on simulated nonhomogeneous test statistics is analyzed in Chapter

4 [2].

3.1 Likelihood Ratio Test

The Neyman-Pearson theorem concludes that the likelihood ratio test (LRT) is the most

powerful test for assigning a hypothesis to a test statistic [19]. In other words, the prob-

ability of detection is maximized for a given probability of false alarm when the LRT is

applied to the observed test statistic. The LRT is written as

p(y;H1)

p(y;H0)

H1

≷
H0

γ (3.1)

where the ratio of the target-plus-interference distribution to the interference-only distri-

bution is known as the likelihood ratio, and y is a random variable that represents a test
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statistic, and γ is the threshold for the test statistic. The test is read as follows: if the like-

lihood ratio for an observed test statistic y is less than the threshold, y is chosen as the null

hypothesis (H0), else it is chosen as the alternate hypothesis (H1) [2]. The LRT is an im-

plementation of hypothesis testing that achieves optimal detection when the distributions

p(y;H0) and p(y;H1) for a test statistic y are known [19].

Using the PDF of the interference-only test statistics, the probability of false alarm

(PFA) is found as

PFA =

∫ ∞

γ

p(y;H0)dy (3.2)

where γ, p(y;H0), and PFA are visually depicted in Figure 3.2. The relationship between

PFA and γ is defined by (3.2) when the PDF p(y;H0) and its statistical parameters (such as

mean and variance) are known. In many cases, the PDF p(y;H0) and its statistical parame-

ters are unknown and a model must be assumed for the interference test statistics to deduce

a distribution for p(y;H0). The statistical parameters of p(y;H0) must then be estimated

to determine a relationship between PFA, γ, and p(y;H0), as the statistical parameters are

unknown and can change within a set of test statistics. The CFAR detectors in this work are

designed to locally estimate the statistical parameters of p(y;H0) to calculate a threshold

for each test statistic to maintain a constant PFA regardless of changes to the interference

statistics.

3.2 CFAR Detectors

Test statistics compared to a constant threshold generate false alarms at a constant rate

when the interference-only test statistics are IID. A set of test statistics may be nonhomoge-

neous, which means that parameters of the interference statistics change throughout the set,

and comparing test statistics to a constant threshold results in an unpredictable PFA. CFAR

detectors are detection algorithms designed to produce a threshold that maintains a constant
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PFA from a local estimate of interference statistics. The subset of test statistics processed

by the CFAR detector shown in Figure 3.3 are arranged in a one-dimensional CFAR win-

dow, but the CFAR window can be designed to include more dimensions if desired. One

or more parameters of the interference statistics can be estimated from the training cells,

or the test statistics positioned in the leading and lagging windows of the CFAR window.

The interference statistics estimate is then multiplied by a CFAR constant to produce a

threshold that is compared to the cell-under-test (CUT). After the CFAR window compares

the threshold to the CUT, the CFAR window is shifted by one index over the subset of test

statistics to calculate a threshold for the next CUT until all possible test statistics have been

compared to thresholds.

Figure 3.3: 1D CFAR window

Suppose that the in-phase and quadrature components of the interference signal re-

ceived by a surveillance radar are normally distributed. The squared magnitude of a zero-

mean complex Gaussian random variable is exponentially distributed [13], which means

that the PDF of the interference-only test statistics will be distributed according to

p(y;H0) =


1
σ2
i

exp
[
−y
σ2
i

]
, y ≥ 0

0, y < 0

(3.3)

where σ2
i is the expected value of the test statistics for a square law detector. The PDF of a
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target-plus-interference (H1) test statistic, assuming a Swerling 1 or 2 target model [13] is

p(y;H1) =


1

σ2
i +σ

2
t

exp
[

−y
σ2
i +σ

2
t

]
, y ≥ 0

0, y < 0

(3.4)

where σ2
t is the variance of the target echo. The SINR is defined as σ2

t /σ
2
i for a Swerling 1

or 2 target in zero-mean complex Gaussian interference.

Substituting (3.3) into (3.2) and evaluating the integral yields the PFA for exponentially

distributed interference as

PFA = exp
(
−T
σ2
i

)
. (3.5)

The threshold can be solved by applying a natural logarithm to both sides of the equation

and some algebraic manipulation to produce

T = −ln(PFA)σ2
i (3.6)

which is the threshold for the Neyman-Pearson detector [2]. When σ2
i is unknown, a thresh-

old T can be generated for the CUT of the CFAR window by estimating the interference

power, σ̂2
i , and multiplying by a scale factor α derived from the exponential distribution

and the desired PFA as

T = ασ̂2
i (3.7)

which resembles the threshold of (3.6). The scale factor α (referred to as a CFAR constant)

for each CFAR detector will be presented in the following subsections.
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3.2.1 CA-CFAR

A cell-averaging (CA) CFAR detector calculates a local estimate of the interference

statistics based on the average value of the test statistics from the training cells in both the

leading and lagging windows [20]. The noise power estimate σ̂2
i is calculated as

σ̂2
i =

1

N

N∑
n=1

yn (3.8)

where yn represents the nth test statistic of the N training cells. The scale factor αCA is

found by

αCA = N [P
−1/N
FA − 1], (3.9)

and the threshold for the CUT is thus [2]

TCA = αCAσ̂
2
i . (3.10)

Note that the 1/N term from (3.8) and N term from (3.9) evaluate to unity in (3.10).

CA detectors perform best when the parameters of test statistics in the CFAR win-

dow are homogeneous and exponentially-distributed; the local estimate of the interference

statistics can accurately represent the statistics of the cells in the window, and the threshold

calculated for the CUT will achieve the desired PFA. Situations can arise within the set of

test statistics that bias the CA window’s local estimate of interference statistics; in particu-

lar, clutter boundaries and target masking scenarios will be discussed. A clutter boundary

is an abrupt change to the interference statistics within a window of test statistics [2]. Sup-

pose that a subset of exponentially distributed test statistics with the same mean value are

adjacent to another subset of exponentially distributed test statistics with a different mean

value, as shown in Figure 3.4a. While the CFAR window contains only the first subset, the
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mean value of the first subset will be estimated by the CFAR detector and its threshold will

be calculated accordingly. The CFAR window will then shift over the clutter boundary and

its interference estimate will adjust as the test statistics from the second subset enter the

CFAR window. One or more false alarms could be generated due to the biased interference

statistics estimate, which are undesirable.
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(c) Distributed Target

Figure 3.4: Clutter boundary and target masking scenarios, Nr = 12, Ng = 1

Target masking occurs when test statistics containing energy from target echoes are

present in the leading or lagging window while the CUT contains a target echo [2]. Sup-

pose that two or more targets are closely spaced in range and their target echoes are man-

ifested in the test statistics of a given CFAR window, such as the targets in Figure 3.4b.
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As the CFAR detector processes the test statistics, the interference statistic may be biased

such that a test statistic is incorrectly hypothesized, meaning the target is assigned the null

hypothesis because the threshold is greater than the magnitude of the test statistic. The de-

tector would then incorrectly report the true number of targets and, in some extreme cases,

all targets would be missed [2]. A distributed target is a special case of target masking

where a target’s echo is present in two or more consecutive test statistic cells, such as the

target in Figure 3.4c [2]. The CFAR window is designed with one or more guard cells

surrounding the CUT to reduce the impact of a distributed target or closely spaced targets

biasing the threshold. Clutter boundaries and target masking degrade the local estimate of

the interference statistics; variations of the CA detector have been designed to reduce the

impact of these situations on the interference statistics estimate.

3.2.2 SOCA-CFAR

A “smallest-of” CA (SOCA) CFAR detector calculates a local estimate of the inter-

ference statistics by determining the average value of the leading and lagging windows

separately, then choosing the smaller average [21]. The noise power estimated by a SOCA

detector is calculated as

σ̂2
i = min(f̂SO,lag, f̂SO,lead) (3.11)

where

f̂SO,lag =
Nr∑
n=1

yn (3.12)

f̂SO,lead =
N∑

n=Nr+1

yn (3.13)
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and the scale factor is found iteratively from

PFASO
= 2[2 + αSO]

−Nr

Nr−1∑
k=0

(
Nr − 1 + k

k

)
[2 + αSO]

−k (3.14)

to produce a threshold for the CUT as [2]

TSO = σ̂2
i αSO (3.15)

The SOCA detector was designed to reduce the impact of target masking by estimating

the interference statistics of the smaller window. The detection performance of the SOCA

detector is improved compared to the CA detector when one or more targets exist in the

leading or lagging windows; however, the SOCA detector performs similarly to the CA

detector when targets are present in both the leading and lagging windows. Note that Nr is

the number of test statistics in the leading or lagging windows, which means that the sample

size used to estimate the interference statistics is half that of the CA detector. The SOCA

detector is expected to perform worse than the CA detector on a set of homogeneous test

statistics, as the interference statistics estimate omits information from the test statistics in

the larger window. Additionally, the SOCA detector is more prone to false alarms at clutter

boundaries than the CA detector.

3.2.3 GOCA-CFAR

A “greatest-of” CA (GOCA) CFAR detector calculates a local estimate of the inter-

ference statistics by determining the average value of the leading and lagging windows

separately, then choosing the larger average [22]. The noise power estimated by a GOCA

detector is calculated as

σ̂2
i = max(f̂GO,lag, f̂GO,lead) (3.16)
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where

f̂GO,lag =
Nr∑
n=1

yn (3.17)

f̂GO,lead =
N∑

n=Nr+1

yn (3.18)

and the scale factor is calculated iteratively from

PFAGO
= 2

[
[1 + αGO]

−Nr − [2 + αGO]
−Nr

Nr−1∑
k=0

(
Nr − 1 + k

k

)
[2 + αGO]

−k

]
(3.19)

to produce a threshold for the CUT as [2]

TGO = σ̂2
i αGO (3.20)

The GOCA detector, like the SOCA detector, is reduced to Nr training cells for its inter-

ference statistics estimate. The GOCA detector combats false alarms generated by clutter

boundaries, but its detection performance is generally degraded. Additionally, the risk of

target misses due to target masking scenarios are worsened by the GOCA detector com-

pared to the CA and SOCA detectors. A CFAR detector that reduces false alarms at clutter

boundaries and increases target detection in target masking situations is desired, as the

SOCA and GOCA CFAR detectors are not designed to perform well in both situations

simultaneously.

3.2.4 OS-CFAR

An ordered-statistics (OS) CFAR detector calculates a local estimate of interference

statistics by ranking the N test statistics within the leading and lagging windows, then

choosing the kth test statistic from the sorted set [23, 24]. The scale factor for a desired

55



PFA is calculated using

PFAOS
= k

(
N

k

)
(k − 1)!(αOS +N − k)!

(αOS +N)!
(3.21)

and the threshold is thus

TOS = σ̂2
i αOS (3.22)

where σ̂2
i is the kth test statistic of N sorted training cells. The OS detector combats clutter

boundary and target masking scenarios, but is highly dependent on the kth cell representing

a good interference estimate for the set of test statistics. The value of k is typically chosen

as 3
4
N , which removes 1

4
N of the highest-ranking test statistics to calculate the interference

statistics [2]. In general, the highest-ranking test statistics are assumed to be statistical

outliers of interference test statistics, target echoes, or clutter boundaries. The design of

the OS detector is advantageous because it is able to counteract said statistical outliers

regardless of their position in the CFAR window; the performance of the SOCA and GOCA

detectors are dependent on the clutter boundaries and target masking test statistics being

contained in the leading or lagging windows.

3.3 Detector Performance

An example clutter boundary is shown in Figure 3.4a where the thresholds for each

detector overlay the test statistics, and the CFAR constants of each detector were designed

to achieve a PFA of 0.01. The 200 test statistics are exponentially distributed; the first

100 are IID with a mean value of 1, and the second 100 are IID with a mean value of 10.

In Figure 3.4a, the GOCA detector avoids a false alarm at the clutter boundary while the

SOCA detector reports at least one detection. The thresholds from the OS and CA detectors

are between the thresholds of the GOCA and SOCA detectors; in this example, the CA and
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OS detector do not report detections at the clutter boundary.

A couple target masking examples are shown in Figures 3.4b and 3.4c. Each example

are from a simulation of 200 exponentially distributed test statistics and the CFAR constants

of each detector were designed to achieve a PFA of 0.01. In Figure 3.4b, two exponentially

distributed targets were simulated with mean value 100, and the remaining 198 test statistics

have a mean value of 1. The SINR for this simulation was 100, or 20 dB. The index

of each target was set such that one target would be in the leading or lagging window

while the other was in the CUT of the CFAR window. As a result, the target at index

98 was correctly hypothesized by all detectors. The weaker target at index 101, however,

was missed by the CA and GOCA detectors. In Figure 3.4c, a target with 20 dB SINR

was simulated to span the test statistics from indices 99 to 101. The target was correctly

identified by all detectors, which highlights the importance of guard cells for the CFAR

detectors. In these target masking examples, the SOCA and OS detectors have improved

detection performance than the CA and GOCA detectors. The OS detector outperforms the

other CFAR detectors considering that it can detect closely-spaced targets and avoid false

alarms at clutter boundaries.

A Monte Carlo simulation was conducted to investigate the performance of each detec-

tor on homogeneous, exponentially-distributed interference test statistics in the CFAR win-

dow. The mean value of these cells were set to 1, and the mean value of an exponentially-

distributed target in the CUT was varied from 1 to 100. Figure 3.5 shows the observed

probability of detection as a function of SINR, which is σ2
t /σ

2
i for this simulation. The

NP detector achieves the highest PD as it is the optimal detector when the distribution of

the interference is known. The CA-CFAR detector performs second best, which is the ex-

pected result as the interference is homogeneous and exponentially-distributed. The SOCA,

GOCA, and OS detectors perform slightly worse than the CA detector as they are designed

for improved performance for target masking and clutter boundary scenarios, but they per-
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form similarly to the CA and NP detectors.
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Figure 3.5: Exponentially distributed training cells, Nr = 12, PFA = 0.01

Additional Monte Carlo simulations were conducted to investigate the detection per-

formance for each detector in clutter boundary and target masking scenarios. In Figures

3.6a, 3.6b, and 3.6c, PD as a function of SINR is shown for trials where the interference

in the training cells were simulated with a mean value of 1, and clutter boundary cells in

the leading window were simulated with a mean value of 10. The mean value of the sim-

ulated target cell in the CUT was then varied from 1 to 100 for each scenario. The clutter

boundary degrades the PD for the CA and GOCA detectors, which is due to the increased

interference statistic estimate from the biased cells in the CFAR window. As the number of

clutter boundary cells is increased in the leading window, the PD for each CFAR detector

is degraded except for SOCA because only the leading window was simulated to contain

the clutter boundary. The interference statistic estimate for the OS detector was chosen as

the 75th percentile, or the 18th cell of 24 cells in the training window, and its performance
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degrades as the number of clutter boundary cells increased, but its performance did not

degrade to the extent of the CA and GOCA detectors. The OS detector was designed to

omit the largest 6 cells in the CFAR window for this simulation; it is likely that the 18th

test statistic for the trials from Figure 3.6c was from the clutter boundary which explains

its degraded detection performance.
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(a) 2 Cells in Leading Window
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(b) 4 Cells in Leading Window
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(c) 8 Cells in Leading Window
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(d) 2 Cells in Leading and Lagging Windows

Figure 3.6: Clutter boundary scenarios, Nr = 12, Ng = 1

In Figure 3.6d, a clutter boundary was simulated in the leading and lagging windows.

The SOCA detector produces a higher threshold due to the biased training cells in both

windows, and performs similarly to the CA and GOCA detectors. The OS detector outper-

forms the CA, SOCA, and GOCA detectors because it omits clutter boundary cells regard-
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less of their location in the CFAR window. The number of cells omitted by the OS detector

strongly control its performance, as the OS detector would be expected to perform similarly

to the other CFAR detectors as the number of clutter boundary cells were increased beyond

6.

It is important to note that the interference is assumed to have a mean value of 1 in the

simulations shown in Figures 3.6a, 3.6b, 3.6c, and 3.6d to highlight the impact of clutter

boundaries biasing the interference statistics estimate of each detector. The interference

statistics are expected to increase as the clutter boundary dominates the CFAR window,

but at different rates for each detector because the interference is nonhomogeneous in the

leading and lagging windows. Remember that the threshold calculated by each CFAR

detector is a product of their interference statistic estimate and their CFAR constant; a

large interference statistic estimate will result in a large threshold, which decreases the

PD. The CA and GOCA detectors are expected to calculate a larger interference statistic

estimate than the SOCA and OS detectors for the same set of test statistics in a CFAR

window when a clutter boundary is present only in the leading window, which results in

a lower PD. The CA, SOCA, and GOCA detectors estimate a larger interference statistic

estimate than the OS detector when a clutter boundary is present in the leading and lagging

windows, resulting in the OS detector achieving the highest PD.

Figure 3.7 shows the PFA for each detector as a function of the clutter boundary cells

in the leading window. The PFA of the CA and GOCA detectors decrease rapidly as a re-

sult of their increased interference estimate, whereas the SOCA detector is only marginally

affected by the clutter boundary. The OS detector decreases as the number of clutter bound-

ary cells increases, but not as rapidly as the CA and GOCA detectors. The SOCA detector

is likely to produce a low threshold when a clutter boundary is present in either the leading

or lagging window, which results in a high PD at the cost of an increased likelihood of false

alarms from clutter boundaries. False alarms are extremely likely for the SOCA detector
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when the clutter boundary dominates the leading or lagging window and the CUT is the

clutter boundary. The GOCA detector, however, was designed to choose the larger interfer-

ence statistic estimate of the leading or lagging windows to combat false alarms at a clutter

boundary, which degrades its detection performance overall. The OS detector can combat

false alarms from clutter boundaries regardless of their position in the CFAR window and

maintain a high PD, making it the optimal detector of these clutter boundary scenarios.
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Figure 3.7: PFA for each detector as the number of clutter boundary cells in the leading
window is increased, Nr = 12, desired PFA = 0.011

Figures 3.8a and 3.8b show PD as a function of PFA for each detector in two of the

clutter boundary scenarios. In both clutter boundary scenarios, four of the 24 training

cells have a mean value of 10. The results in Figure 3.8a are for each detector when all

four clutter boundary cells are in the leading window, whereas in Figure 3.8b two cells

are in the leading and lagging windows. The remainder of the CFAR window contained

exponentially-distributed test statistics with a mean value of 1. Using (3.4), the PD for each
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detector is calculated as

PD = exp
(

−T
σ̂2
i + σ2

t

)
(3.23)

which resembles (3.5). The average threshold calculated by each detector was then substi-

tuted into (3.23) to relate PD and PFA for a target with a mean value 10 (i.e. σ2
t = 10).

When the clutter boundary is limited to the leading window, the SOCA and OS detector

outperform the CA and GOCA detectors. The GOCA detector likely produces the largest

threshold of each detector, which degrades its detection when targets are near a clutter

boundary. The performance of the SOCA detector is severely degraded when the clutter

boundary is present in both windows, as seen in Figure 3.8b, but it performs marginally bet-

ter than the GOCA detector because it chooses the smaller interference statistic estimate.

The versatility of the OS detector is shown because it remains unaffected by the location

of the clutter boundary in the training cells, and it achieves the highest PD as a function of

PFA of each detector in these trials.
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Figure 3.8: Clutter boundary in training window, Nr = 12

Another Monte Carlo simulation was conducted to investigate the performance of each

detector in a target masking scenario. The interference in the CFAR window was simulated

with a mean value of 1, and a target in the leading window was simulated with a mean value
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equal to the target in the CUT. The mean value of the targets were varied from 1 to 100,

as shown in Figure 3.9. The OS and SOCA detectors perform best as they are designed

to omit the target from the interference statistic estimate, and the CA and GOCA detectors

are degraded as they do not omit the target from their interference statistics estimate. The

impact of target masking is similar to a clutter boundary, except that the number of cells for

target masking is generally less than the clutter boundaries and the clutter boundary’s mean

value is not varied. Additional analysis of target masking scenarios is omitted as it does

not provide additional information about detector performance that has not been presented

in the clutter boundary simulations.
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Figure 3.9: A target cell in the training cells with the same SINR as the target in the CUT,
Nr = 12, PFA = 0.01

The amplitude of clutter echoes from the Earth’s surface near the surveillance radar can

be much greater than the amplitude of the receiver’s noise in radar measurements of the re-

ceived signal, which can impact the distribution of the interference-only test statistics. As
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discussed in Section 2.3, the distribution of RCS values from rough clutter scatterers tends

to follow a heavy-tailed distribution, such as the lognormal, K, or Weibull distributions.

Interference cannot be modeled by a zero-mean complex Gaussian random process when

non-Gaussian clutter echoes dominate the interference signal; instead, the PDF p(y;H0)

will resemble the clutter’s RCS distribution and feature a heavy tail. The PDF of the log-

normal distribution is written as [25]

p(x) =
1

xσ
√
2π

exp

[
−1

2

(
ln (x)− µ

σ

)2
]

(3.24)

where the expected value, or mean, is

E[x] = exp
[
µ+

σ2

2

]
(3.25)

and its variance is

V ar(x) = E[x2]− E2[x] = (exp[σ2]− 1) exp [2µ+ σ2]. (3.26)

In Figure 3.10, a few variants of the lognormal distribution are plotted with the exponential

distributions of the same mean, and the same distributions were plotted on a logarithmic

scale in Figures 3.11a, 3.11b, and 3.11c. The likelihood of a lognormally distributed ran-

dom variable taking on a large value is generally greater than that of an exponentially

distributed random variable, which means that false alarms are expected to increase due to

clutter echoes.

The functions relating a threshold, PFA, and CFAR constant for the CA detector of Sec-

tion 3.2 were derived assuming that the interference signal was exponentially distributed.

The exponential distribution has only one statistical parameter: its mean value. As the PDF

of the interference test statistics deviates from the exponential distribution, the accuracy of
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Figure 3.10: Histogram of exponential and lognormal RVs with the same mean value

the previous calculations is degraded. For example, the relationship between PFA and a

threshold for lognormally-distributed interference is provided as follows.

p(y;H0) =
1

yσ
√
2π

exp

[
−1

2

(
ln (y)− µ

σ

)2
]

(3.27)

Plugging p(y;H0) from (3.27) into (3.2) and taking the complement of the lognormal dis-

tribution’s cumulative distribution function as

PFA =
1

2
− 1

2
erf
(

ln (T )− µ

σ
√
2

)
= −1

2
erfc

(
ln (T )− µ

σ
√
2

)
(3.28)

results in a PFA and threshold relationship that depends on two parameters (µ and σ).

Suppose that the CFAR window contains lognormal interference whose mean and variance

are unknown. The CFAR detector can estimate the mean value of the interference in the
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CFAR window to calculate a threshold, but the false alarm rate of the detector can increase

if the variance parameter of the interference is large. The CFAR detectors in this work

are designed to adjust the threshold as the mean value of the interference-only test statistics

varies to stabilize the false alarm rate, but the detectors are not designed to estimate multiple

unknown statistical parameters when calculating the threshold.
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Figure 3.11: Logarithmic scale of exponential and lognormal distributions of the same
mean value

A Monte Carlo simulation was conducted to compare the thresholds generated by the

CA detector for exponentially and lognormally distributed interference with mean values

of 1. The CFAR window was simulated to contain exponential interference for a million

trials, and each calculated threshold was recorded. The distribution of thresholds produced
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by the CA detector is shown in Figure 3.12a, and it appears to follow a Gaussian distribution

with a mean of 5. Additional simulations were conducted with lognormal interference in

the CFAR window where the variance parameter was set to 1, 2, 5, and 10. When the

variance parameter of the lognormal distribution is small, the distribution of thresholds

produced by the detector appears similar to the distribution of thresholds produced when

the detector processes exponential interference. As the variance parameter is increased,

however, the threshold distribution deviates from the Gaussian distribution and the mean

value of the thresholds increases as shown in Figures 3.12a, 3.12b, 3.12c, and 3.12d. The

likelihood that a large realization from a lognormal random variable occurs increases as

the variance parameter of the lognormal distribution increases. Therefore, lognormally

distributed interference with a high variance parameter can increase the false alarm rate

and decrease the probability of detection for a CFAR detector.

Additional Monte Carlo simulations were conducted to investigate how the variance

parameter of the lognormal distribution impacts the threshold produced by each detector.

When the variance parameter of the lognormal distribution is low, as it is in Figure 3.13a,

the CA detector performs best. The likelihood of a lognormal random variable taking on a

large value is low when its variance is low; for this reason, the CA detector produces the

lowest average threshold when the variance parameter is less than 2. As the variance pa-

rameter of the lognormal distribution is increased (Figures 3.13a, 3.13b, 3.13c, and 3.13d),

the likelihood of the interference taking on a large value also increases, and the CA detec-

tor’s performance is degraded. A table of the average threshold produced by each detector

in each variance trial is given in Table 3.1. The performance of the SOCA and GOCA

detectors are also degraded as the variance parameter is increased because the lognormal

interference impacts both the leading and lagging windows of the CFAR window. The OS

detector is designed to remove large values from anywhere in the CFAR window when

calculating the threshold, and thus it is able to produce the lowest average threshold as the
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Figure 3.12: Histograms of CA detector thresholds for exponential and lognormal dis-
tributed interference, Nr = 12, PFA = 0.009

variance of the interference is increased, resulting in the highest PD of the simulated CFAR

detectors.

Var(x) = 1 Var(x) = 2 Var(x) = 5 Var(x) = 10
CA 4.91 5.47 6.35 7.26
SOCA 5.22 5.48 6.33 7.43
GOCA 5.28 5.83 6.91 8.39
OS 5.23 5.48 6.00 6.54

Table 3.1: Average threshold produced by each detector for different trials of lognormal
interference

Additional Monte Carlo simulations were conducted to compare the performance of
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Figure 3.13: Histograms of CFAR detector thresholds for lognormal interference,Nr = 12,
PFA = 0.01

each detector on different variants of lognormal interference. In each trial, the CFAR win-

dow was simulated to contain lognormal interference with a mean value of 1 in the training

cells and CUT. The PFA was calculated for each trial, as the CUT was not simulated to

contain a target. To determine PD for each detector, the threshold generated by each inter-

ference statistic estimate was then plugged into

PD = exp
(
−T
σ2
t

)
(3.29)

which is the PD for an exponentially distributed target, but excludes the σ2
i term from
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(3.23) because the interference is lognormal. The target model was simplified because the

distribution for an exponentially distributed target in lognormally distributed interference

does not have a closed-form solution. The value of σ2
t was set to 10 for these trials. The CA

detector performs best when the variance of the lognormal interference is low, but the OS

detector becomes the optimal detector for lognormal interference as the variance increases.

The OS detector performs best of all detectors in this simulation because it omits large

spikes produced by the lognormal random variable that degrade the detection performance

of the CA, SOCA, and GOCA detectors regardless of their position in the CFAR window.
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Figure 3.14: CFAR detector performance on lognormal interference of different variance
values, Nr = 12
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Chapter 4

Simulation & Results

The simulated data presented in this work are intended to be representative of the data

produced by a ground-based, mechanically steered surveillance radar. Radars receive a sig-

nal that contains interference, namely thermal noise, electromagnetic interference, and clut-

ter echoes, and may contain target echoes. Electromagnetic interference is acknowledged

as a source of interference in the received signal, as it degrades the detection performance

of surveillance radar systems, but its modeling and simulation fall outside the scope of this

work. The simulation of the received signal is therefore limited to producing thermal noise,

clutter echo, and target echo signals. A processing chain is implemented in the simulation

to maintain the energy of target echo signals and reduce the energy of interference sig-

nals, thereby increasing the SINR of the received signal and probability of target detection.

The processing chain converts the simulated received signal into test statistics, which are

compared to a threshold to determine whether the received signal contained interference

alone or interference and a target echo. Various CFAR detectors were implemented in the

simulation to process the test statistics, and which allows for an analysis of CFAR detector

performance when the received signal contains nonhomogeneous interference.

71



4.1 Ground-Based Surveillance Radar Data Simulation

The boresight of the simulated radar’s antenna was set at a constant elevation angle

below the horizontal plane and rotated about the vertical axis at a rate of ω revolutions-per-

minute to illuminate targets and surface clutter surrounding the radar. Pulse transmissions

were staggered to reduce the impact of blind speeds in the processed radar measurements,

which is common for surveillance radars, and the antenna radiation pattern illuminating the

scene of interest was calculated pulse-by-pulse. Although additional antenna beams can be

modeled to simulate a radar scanning for targets above the horizontal plane, the simulation

is limited to where the interference signal is expected to contain surface clutter echoes. Not

only does the omission of additional antenna beams focus the study to nonhomogeneous

sources of interference, but it also keeps the simulation computationally manageable.

The Price NLFM waveform discussed in Section 2.1 was chosen to represent the radar

signal because it features low ACF sidelobes and maintains a high Doppler tolerance, which

are desirable qualities for a radar signal used in detection applications. A radar signal’s

echo can be simulated by time-delaying, amplitude-scaling, and Doppler-shifting a copy

of the transmitted radar signal. The time delay, amplitude scale, and Doppler shift of

the radar signal’s echo correspond to the radial range between the scatterer and the radar,

physical characteristics of the scatterer, and relative motion between the scatterer and the

radar, respectively. Target echo signals are simulated as reflections from point targets,

or scatterers whose physical size is much smaller than the range and angular resolutions

(∆R, θ3, and ϕ3) of the radar system. The target echo signal, s(t; θp), as a function of time

and antenna angle, is given by (2.52) and rewritten here as

s(t; θp) = αt(τ, θ, ϕ; θp) x̃(t− τ) exp (j2πfDt). (4.1)
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The physical size of surface clutter extends beyond the range and angular resolutions

of the radar system, and thus the clutter echo signal is the sum of the reflections from

each differential scatterer (with area dA) on the clutter surface as (2.54), which is rewritten

below

wc(t; θp) =

∫ ∫
∆A

α(τ, θ, ϕ; θp) x̃(t− τ) exp (j2πfDt)dAdτ. (4.2)

A flat, continuous clutter surface was modeled in the simulation by dividing the surface

into surface patches, as depicted in Figure 4.1. The area of a patch in Figure 4.1 is of the

form A = R∆θ∆R, where R is the range to the patch, ∆R is the width of the patch in

range, and R∆θ is the length of the arc. To accurately model the echoes from continuous

surface with clutter patches, the surface area of each clutter patch must be smaller than

the range and angular resolutions of the radar (∆R and θ3). Therefore, the width of each

clutter patch was chosen to be four times smaller than the range and angular resolutions of

the radar model, which corresponds to 16 clutter patches per resolution cell. The surface

area of each clutter patch (A) in the model was calculated by

A =
Rθ3∆R

16 cos δ
, (4.3)

which resembles (2.48) because the radar simulation was resolution limited. The cos δ

term accounts for the grazing angle of the scatterer because the radar is positioned at some

height above the surface. The natural terrain of the Earth’s surface is generally rough, and

the RCS of rough clutter surfaces tend to follow heavy-tailed distributions, such as the

lognormal, K, or Weibull distributions. Using (2.43), the RCS of each clutter patch (σ) was

found by multiplying its surface area (A) by its scattering coefficient (σ0). To model the

stationary surface clutter signal, the integral definition of (2.57) is approximated as

wc(t, θp) ≈
∑∑

α(τl, θm, ϕn; θp)x̃(t− τl)∆θ∆τ (4.4)
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where ∆τ and ∆θ are based on the size of the clutter patches in range (using (2.26))) and

azimuth (θ3/4).

Figure 4.1: Top-down view of a surface divided into patches

The radar system was simulated to rotate at a low rate of revolution, and, in some

simulation trials, the system did not even complete a full revolution. In the interest of

maintaining a computationally efficient simulation, the reflections modeled were limited to

targets and clutter patches within ±90° of the antenna’s boresight (in azimuth and elevation)

from the first and final pulse transmission. In other words, only the mainlobe and sidelobes

of the antenna were modeled while the backlobes were excluded. In Figure 4.2a, the RCS

values of each simulated clutter patch is shown for a trial that only scanned ≈ 20° across

azimuth. In Figure 4.2b, the antenna radiation pattern for the first pulse is shown over the

grid of clutter patches, which is used to calculate the amplitude of the pulse echoes from

targets and surface clutter patches (along with their RCS and range using (2.38)).

The received signal is the superposition of the time-delayed, amplitude-scaled, and

Doppler-shifted wave echoes from targets and surface clutter along with additive thermal

noise from the radar’s receiver. The random thermal motion of the electrons in the radar’s
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(a) RCS of Surface Clutter Patches (b) Antenna Radiation Pattern

Figure 4.2: A scene of clutter patches with lognormally distributed RCSs and the antenna
radiation pattern illuminating the scene

receiver was modeled as a zero-mean, complex Gaussian additive random process with a

noise power of Pn. The received signal was sampled by the radar’s receiver into radar

measurements and then matched filtered to increase the SNR of target echoes. An example

range profile of radar measurements taken from a single pulse are shown in Figures 4.3a

and 4.3b, where both figures show the magnitude of the received signal as a function of

range. The radar range equation features anR4 term in the denominator due to the two-way

propagation of the radio wave, which strongly impacts the amplitude of a scatterer’s echo

signal received by the radar as its range increases. Only thermal noise and clutter echoes

were simulated in this trial, and for this example, clutter echoes dominate the received

signal up to ≈ 50 km. Thermal noise, however, does not have a range dependence and

affects all radar measurements and dominates the received signal for ranges greater than

≈ 50 km.

After a set of radar measurements has been collected from a series of pulse transmis-

sions and then matched filtered, the processing chain begins filtering the clutter echoes

from the radar measurements. The FFT cannot be used to pulse-Doppler process the radar

measurements into a range-Doppler map due to the staggered pulse transmissions. An
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Figure 4.3: Example range profiles for radar measurements taken after a single pulse was
transmitted. Shown in mW (a) and dBm (b).

algorithm may be designed using a modified DFT to account for the non-uniform pulse in-

tervals, but it is not feasible for implementation on computationally-limited systems, such

as legacy radar systems. Instead, an N -pulse canceller performs well as a clutter filter at a

much lower computational cost than pulse-Doppler processing. An 8-pulse canceller was

modeled in the system, and the squared magnitude of its average frequency response is

shown in Figure 4.4. The clutter filtering performance of the 8-pulse canceller is shown

on a range profile of radar measurements in Figures 4.5a and 4.5b. In this trial, a target 40

km from the radar was simulated and the target becomes more distinguishable from clutter

echoes at the output of the clutter filter.

The next stage of the processing chain involves compressing the dynamic range of the

input radar measurements. The radar measurements at the output of the clutter filter are

the input values for a simulated logarithmic amplifier. The output (y) of the simulated

logarithmic amplifier is characterized by the following

y =
√

log2(|real(x)|+ 1)2 + log2(|imag(x)|+ 1)2 (4.5)
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Figure 4.4: The squared magnitude of the average frequency response from an 8-pulse
canceller with a staggered PRF input

(a) (b)

Figure 4.5: Range profile before and after the clutter filter is applied in (a) and enhanced in
(b)

where x is the input to the amplifier. The “+ 1” terms are intentionally included in (4.5) to

prevent the simulated amplifier from erroneously amplifying input values close to 0 to large

values and to avoid log2(0) from occurring. The input/output relationship of the simulated
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amplifier is shown in Figure 4.6, where it is plotted alongside simulated linear (y = x)

and squared magnitude (y = |x|2) amplifiers. Note that the output data from logarithmic

amplifier implemented in this simulation is different than the log-magnitude data produced

by the logarithmic amplifier described by (2.69) which converts an amplitude to a decibel

value. The output of the dynamic range compression stage of the processing chain is shown

in Figure 4.7.
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Figure 4.6: Input and output relationships of example linear, squared magnitude, and loga-
rithmic amplifiers

The final stage of the processing chain involves the noncoherent integration of radar

measurements across the slow-time dimension. The noncoherent integrator is implemented

to sum the radar measurements at the output of the logarithmic amplifier to achieve an

integration gain for target echo signals, and therefore increase their SNR and detectability.

The integrator was designed to sum eight contiguous slow-time radar measurements for

each range bin, and its output is shown in Figure 4.8. The SNR of a target is defined as the
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Figure 4.7: Output of the dynamic range compressor

ratio of the expected power reflected by a target to the receiver’s thermal noise power, or

SNR =
PtG

2λ2σ

(4π)3R4kT0BF
. (4.6)

As discussed in Section 2.5, a coherent radar system that implements a slow-time pulse

integrator in its processing chain should expect a SNR integration gain of M , while a

noncoherent system should expect a SNR integration gain of ≈
√
M , whereM corresponds

to the number of measurements summed (M = 8 for this example). The simulated received

signal contains clutter echo signals, so the more important metric to determine a target’s

detectability is the SINR. The SINR of a target is defined similarly to SNR, but it includes
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the total interference power in the received signal as

SINR =

PtG2λ2σ
(4π)3R4

kT0BF + Pc
(4.7)

where Pc is the clutter echo power defined by the squared magnitude of (2.54).
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Figure 4.8: Output of the noncoherent integrator

The SINR and noncoherent integration gains are not easily quantifiable in this simu-

lation due to the complex nature of the logarithmic amplifier and clutter filter stages from

the processing chain. To begin estimating the SINR and noncoherent integration gains,

the peak value of the target echo (S) and the peak value from a clutter echo (Pc) near the

target were recorded along with the average interference signal (N) from ranges greater

than 200 km. These values were measured before and after noncoherent integration, and

then psuedo-SNR and psuedo-CNR (clutter-to-noise ratio) quantities were calculated. The
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expression for SNR can be written as S/N, the CNR as Pc/N, and SINR can be written as

S/(N+Pc). Before noncoherent integration, SNR = 366.67, CNR = 193.32, and SINR =

1.89, and after noncoherent integration, SNR = 314.29, CNR = 133.34, and SINR = 2.34.

Although the SNR did not increase in this example, the target’s SINR increased by 23.8%

because the SNR decreased less than the CNR after noncoherent integration. It is important

to note that the previous calculations were performed on only the noncoherent integrator

stage, and the SINR of the target increased by a much larger percentage than 23.8% overall

due to the entire processing chain.

The target’s SNR likely did not increase at the output of the noncoherent integrator due

to the logarithmic amplifier stage before the noncoherent integrator. Richards indicated in

[2] that the integration gain is much more complex to calculate due to cross terms between

interference and target echo signals (as discussed in Section 2.5), but it is also noted that

the “+ 1” terms added to prevent log(0) from occurring in the simulation likely induces

an offset to the data in the processing chain. As a result, the S, Pc, and N terms increase

almost equally in the noncoherent integrator stage, which inhibits the SNR of the target

from increasing. Although it did not improve the SNR of the target in this example, the

noncoherent integrator was not removed from the simulated processing chain in order for

the processing chain to be consistent with that of a typical surveillance radar system.

4.2 Simulated Data Analysis

Additional range profiles were simulated featuring no targets to investigate the statisti-

cal behavior of the surface clutter model. The exclusion of targets from these trials ensures

that the radar measurements (and test statistics) contained interference-only. In the first

trial, the scattering coefficient (σ0) of the simulated clutter patches were assigned a value

from an exponential random variable with a mean of 1. The second, third, and fourth trials

81



were conducted where the scattering coefficients of the clutter patches were lognormally

distributed with a mean value of 1 and a variance of 5, a mean value of 1 and a variance of

50, and a mean value of 1 and a variance of 100. In order for the clutter echo signal to retain

lognormal statistics (i.e. feature a heavy tail) after the processing chain, the variance of the

lognormal random variable assigned to the scattering coefficient of each clutter patch must

be large valued. If the variance was chosen to be too small, very few clutter patches with

large RCS values would be generated in the simulation. Due to the random sum of clutter

patch echo signals with similar RCS values, the received signal would tend to a complex

Gaussian distribution (due to the central limit theorem [3]), and the squared magnitude of

radar measurements would be exponentially distributed.

For each of the four trials examined, clutter echoes strongly impact the interference

statistics of the radar measurements and test statistics in the region from Rmin to 50 km.

The distribution of radar measurements (squared magnitude) fromRmin to 50 km are shown

in Figures 4.9a and 4.9c, and the distribution of test statistics (after processing chain) from

Rmin to 50 km are shown in Figures 4.9b and 4.9d. In Figures 4.9a and 4.9c, it can be

seen that the radar measurements from clutter patches whose scattering coefficients are

lognormally distributed produce a heavier-tailed distribution than those from clutter patches

whose scattering coefficient is exponentially distributed. In Figure 4.10, the distributions

of the radar measurements from exponential clutter and a couple of the lognormal variants

are plotted on a logarithmic scale.

The range profiles for each of the previous four trials are shown in Figure 4.11 and

Figures 4.12a-4.12d, where an additional variant of the lognormally distributed scattering

coefficients is shown (its mean is 1 and variance is 10). The range profiles with the fewest

outliers are generated by the trial with clutter patches whose scattering coefficient is ex-

ponentially distributed (Figure 4.11). The range profile with the next fewest outliers is

from the trial where the scattering coefficients are lognormally distributed with a variance
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(a) Radar measurements (b) Test statistics

(c) Radar measurements (d) Test statistics

Figure 4.9: Distribution of radar measurements (a) and test statistics (b) from the clutter
dominant region of the range profile (Rmin to 50 km)

of 5 (Figure 4.12a), and it is noted that the range profiles closely resembled the exponen-

tial case. As the variance of the lognormal random variable is increased, the likelihood of a

clutter patch taking on a large RCS value is increased, which explains the trend of increased

outliers in Figures 4.12b, 4.12c, and 4.12d.

4.3 CFAR Detector Comparison

A few metrics were recorded to evaluate the performance of each detector on the sim-

ulated surveillance radar data. The first metric is the average threshold produced by each
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Figure 4.10: Distribution of radar measurements from the clutter dominant region of the
range profile (Rmin to 50 km) on a logarithmic scale

Figure 4.11: Range profile, exponentially distributed scattering coefficients

detector on the simulated data. The CFAR detector able to produce the lowest average

threshold for a given PFA is the optimal detector for that PFA, as low thresholds are cor-

related to high PD. The next metric relates the PD to PFA for each CFAR detector, also

referred to as receiver operating characteristic curves [2]. No targets were simulated in

these trials (in order to retain the lognormal or exponential statistics), and thus any detec-

tions are false alarms and PFA is easily measured. The PD for each detector was calculated

by plugging the threshold generated in each simulation into (3.29), where σ2
t = 3. The

simulated test statistics produced from the range profiles in Section 4.2 were processed by
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(a) Var = 5 (b) Var = 10

(c) Var = 50 (d) Var = 100

Figure 4.12: Range profiles for variants of lognormally distributed scattering coefficients

the CA, SOCA, GOCA, and OS detectors. The CFAR constants for each detector were

designed to achieve a PFA of 0.1, and the number of training cells in the CFAR windows

was N = 2Nr = 12.

The thresholds calculated by each detector were recorded for the trial where clutter

patches were modeled with an exponentially distributed scattering coefficients. The distri-

bution of thresholds calculated by each detection is shown in Figure 4.13, and the mean

value of the thresholds calculated are recorded in Table 4.1. The mean value of the thresh-

olds calculated for test statistics from Rmin to 50 km were recorded in Table 4.2 as an

additional metric, because this region is where clutter echoes are expected to dominate
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the received signal. The CA detector performs best when the test statistics in the CFAR

window are homogeneous and exponentially distributed. The test statistics are not expo-

nentially distributed at the output of the processing chain, but the distribution of the test

statistics closely resembles the exponential distribution. Additionally, the value of N was

set to a low value such that the test statistics in the CFAR window could be locally homo-

geneous. The CA detector thus performs the best of the CFAR detectors in this trial, as it

achieved the lowest average threshold.
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Figure 4.13: Distribution of thresholds calculated by each CFAR detector on simulated
range profiles containing exponential interference

CA SOCA GOCA OS
0.1537 0.1637 0.1671 0.1608

Table 4.1: Average threshold produced by each detector for different trials of exponential
interference, whole range profile

CA SOCA GOCA OS
0.7074 0.7540 0.7681 0.7387

Table 4.2: Average threshold produced by each detector for different trials of exponential
interference, Rmin to 50 km

Next, the thresholds calculated by each detector were recorded for the trials where the

clutter patches were modeled with variants of the lognormal distribution. The distribution
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of thresholds calculated by each detector are shown in Figures 4.14a, 4.14b, 4.14c, and

4.14d. The mean value of the thresholds calculated from the test statistics throughout the

whole range profile are recorded in Table 4.3, and the mean value of the thresholds calcu-

lated for test statistics from Rmin to 50 km were recorded in Table 4.4. The range profile

in the first lognormal trial, where the variance is 5, resembles the range profile from the

previous trial where the scattering coefficients of the clutter patches was an exponential

random variable. The range profile features marginally more statistical outliers, which ex-

plains why the CA detector does not perform as well as it had in the previous trial, but the

CA detector was determined to be the best detector for the first lognormal trial. In the sub-

sequent lognormal scattering coefficient trials, the CA detectors performance is degraded;

as the variance of the lognormal random variable increases, the tail of the distribution be-

comes heavier. The OS detector was the optimal detector for the remaining lognormal

trials, as it produced the lowest average threshold for variances of 10, 50, and 100. The

SOCA detector performs nearly as well in the variance = 10 trial, but its average threshold

was marginally larger. The design of the OS detector allows for statistical outliers, such as

large returns from clutter echoes, to be omitted from anywhere in the CFAR window. The

SOCA detector is limited to omitting a leading or lagging window, which can degrade its

detection performance if statistical outliers are present in the leading and lagging windows.

Thus, the OS detector performs best overall when compared to the CFAR detectors from

these lognormal clutter trials.

Var(x) = 5 Var(x) = 10 Var(x) = 50 Var(x) = 100
CA 0.1606 0.1693 0.1721 0.1785
SOCA 0.1620 0.1625 0.1646 0.1703
GOCA 0.1672 0.1766 0.1813 0.1892
OS 0.1608 0.1619 0.1624 0.1635

Table 4.3: Average threshold produced by each detector for different trials of lognormal
interference, whole range profile
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Figure 4.14: Distribution of thresholds calculated by each CFAR detector on simulated
range profiles containing lognormal interference

Var(x) = 5 Var(x) = 10 Var(x) = 50 Var(x) = 100
CA 0.7388 0.7822 0.7930 0.8209
SOCA 0.7452 0.7512 0.7587 0.7841
GOCA 0.7694 0.8159 0.8345 0.8701
OS 0.7399 0.7469 0.7320 0.7519

Table 4.4: Average threshold produced by each detector for different trials of lognormal
interference, Rmin to 50 km

Finally, the curves relating PD and PFA was found for each CFAR detector in the log-

normal and exponential interference trials. When the CFAR detectors processed the clutter
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patches with scattering coefficients distributed according to a exponential random variable

(Figure 4.15), and a lognormal random variable with a variance of 5 (Figure 4.16a), the

CA detector performs best. This result is expected and agrees with the previously investi-

gated average threshold metric; the distribution of test statistics resembles an exponential

distribution, and thus the CA detector can calculate the lowest threshold from the average

value of the test statistics in the CFAR window. As the variance parameter of the lognormal

random variable is increased, as seen in Figures 4.16b, 4.16c, and 4.16d, the CA detectors

performance is degraded and the OS detector becomes the optimal detector, as it achieves

the highest PD of each detector as the distributions tail grows heavier.
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Figure 4.15: CFAR detector performance on simulated exponential interference, Nr = 6
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Figure 4.16: CFAR detector performance on simulated lognormal interference, Nr = 6
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Chapter 5

Conclusion and Future Work

This thesis investigated the impact of nonhomogeneous surface clutter on CFAR detec-

tion performance. A simulation was developed to model the operation of a ground-based,

mechanically steered surveillance radar, and a representative processing chain was imple-

mented. The stages of the processing chain included matched filtering, clutter filtering,

dynamic range compression, and noncoherent integration, all intended to maximize the

SINR of target echoes in the test statistics produced by the simulation. Rough surface clut-

ter was modeled to introduce nonhomogeneous interference into the model, and its impact

on the output data (and on CFAR detector performance) was analyzed.

The performance of the CA, GOCA, SOCA, and OS CFAR detector algorithms were

evaluated using the simulated nonhomogeneous test statistics. The results indicated that the

CA, SOCA, and GOCA detectors were sensitive to interference distributed according to a

heavy-tailed distribution, such as the lognormal distribution. While the SOCA and GOCA

detectors are designed to mitigate statistical outliers of test statistics from the leading or

lagging windows, they are unable to counteract outlying test statistics when such values

are present in the leading and lagging windows simultaneously. Therefore, the SOCA,

GOCA, and CA detectors should not be used as the sole detection technique in real-world

surveillance radar systems that anticipate echoes from rough surface clutter.

Among the detectors examined, the OS detector demonstrated the best and most reli-
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able performance. Its design is advantageous because it can counteract statistical outliers

from anywhere in the CFAR window to stabilize the false alarm rate and maintain a high

probability of detection. As a result of its intelligent design and optimal performance in this

study, the OS detector would be a reasonable choice for implementation on a surveillance

radar system that may encounter nonhomogeneous sources of interference.

Although the OS detector was determined to be the optimal detector of this study, fu-

ture work can be done to seek out a detector with improved performance on nonhomo-

geneous interference. Several CFAR detectors have been suggested in the literature, such

as a detector that maintains CFAR when interference follows a two-parameter PDF, an

adaptive CFAR that combines that statistically tests if the CFAR window is homogeneous,

or machine-learning detectors such as the DeepCFAR and NN-CFAR. The computational

complexity of the OS detector is relatively low and does not require any training data, so

system designers must consider the trade-offs when choosing a CFAR detector.
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