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CFAR Detection of High-Accelerating Targets:
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Abstract—Fast accelerating targets feature a nonnegligi-
ble time-varying Doppler shift which induces a drop in
signal-to-noise ratio (SNR) at the output of a classical range-
Doppler radar detector. The optimal detector against fast
accelerating targets retrieves the maximum available SNR by a
3-D search to match the target echo to the target range, Doppler,
and acceleration. This operation, however, modifies the statistical
properties probability density function (p.d.f) and the correlation)
of background white Gaussian noise at the output of the filter
and, ultimately, impacts the receiver probability of false alarm
and how this can be robustly controlled. In this article, we study
the statistical properties of white Gaussian background noise at
the output of the optimal processor and propose a modified one-
parametric largest exponential value (LEV) distribution to fit
the receiver noise before the detection threshold. Two constant
false alarm rate (CFAR) schemes are proposed and developed
based on the modified LEV distribution and their performance
is characterized analytically and compared with simulated data
and experimental data collected at C-band. Results show that
the distribution parameter of the modified LEV converges to a
fixed value as the number of filters in the acceleration domain
increases. This yields detection performance that is independent
of the relevant detection parameters. CFAR results demonstrate
that the probability of false alarm can be robustly controlled
with the proposed solution on simulated and real experimental
data.

Index Terms—Accelerating target, constant false alarm rate
(CFAR), largest exponential value (LEV) distribution, probability
of false alarm, radar detection.

I. INTRODUCTION

HE problem of detecting accelerating targets has been
studied from the 1960s, and one of the first works
developing the mathematical approach for optimal detection
and the properties of the Doppler-acceleration ambiguity
function was presented in [1]. An analog radar signal pro-
cessor for the matched filtering of trains of coherent pulses
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from targets displaying significant radial acceleration called
coherent acceleration and velocity observation in real time
(CAVORT) was introduced in [2]. Strengths and limitations
of standard Doppler processing against accelerating targets
were investigated in [3]. In [4], a method to detect accelerating
targets against sea clutter was proposed which is based on the
Wigner Distribution (WD) and relies on the knowledge that
the phase of an accelerating target echo is of a quadratic form
similar to chirps. Similarly, computationally efficient methods
to compensate range and Doppler migrations and estimate the
Doppler and acceleration of high speed accelerating targets
were presented in [5]. Detection and estimation methods for
complex maneuvering targets at high speed and acceleration,
with jerk effects, were proposed in [6] which are based
on a geometric-auxiliary location rotation transform and a
periodic, scaled, generalized, high-order ambiguity function
(PSGHAF). The probability of detection against accelerating
targets in multiple input multiple output (MIMO) radars using
orthogonal waveforms was investigated in [7] by studying the
effects of range-Doppler migrations in standard range-Doppler
processing. The detection of accelerating targets in a passive
bistatic context was studied in [8] as a M-ary hypothesis
testing problem. This study also proposes a parameterized
expression of the probability of false alarm to control the
detection threshold and its performance is investigated with
experimental results. Target localization performance by a
multistatic radar network in the presence of an accelerating
target is presented in [9]. Two computationally efficient meth-
ods, that account for the target acceleration, to estimate the
target range and target velocity are proposed that attain the
Cramer—Rao lower bound (CRLB).

In the past, most research efforts have been dedicated to
solutions and computationally efficient algorithms that can
retrieve the full target signal-to-noise ratio (SNR) and improve
detection performance. However, very little work has been
done to understand their implications on the probability of
false alarm and how this can be robustly controlled with little
loss.

In this article, the statistical properties of the background
noise after the range-Doppler-acceleration ambiguity function
are studied in detail as a function of the number of accel-
eration filters employed at the radar receiver. A modified
one-parametric largest exponential value (LEV) distribution
is proposed to fit the noise probability density function
(p.d.f) at the output of the optimal detector. The distribution
parameter is shown to describe the equivalent percentage
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number of acceleration filters that, in practice, can be con-
sidered uncorrelated. The modified LEV distribution is used
to develop two constant false alarm rate (CFAR) detection
strategies to control the probability of false alarm at the detec-
tor. Results are corroborated with simulations and validated
through the application against experimental data collected at
C-band.

The rest of the article is organized as follows. Section II
introduces the signal model and the optimal detector. It also
contains the derivation of the noise statistics with respect
to the acceleration and correlation properties. Section III
presents the noise statistical characterization and contains the
results of the simulations to find the parameters to fit the
noise distribution and control the probability of false alarm.
Section IV presents the mathematical development of two
CFAR detection strategies and the demonstration that they both
have CFAR properties with respect to the receiver noise mean
power. The results of the simulations are then corroborated
with experimental trials in Section V. Finally, conclusion and
recommendations for further work are given in Section VI

II. SIGNAL MODEL

Let us consider the binary detection model in equation (1)
consisting of a noisy target return under the hypothesis H; and
a noise only signal under hypothesis Hy. The radar measures
signals with complex envelopes

_VbVEs@0) +n@), H

z(t) = "y Hy

(1

where E; is a scaling factor representing the transmitted
energy, s(t;0) is the target echo complex signal with unit
energy and target parameters 6, n(t) is white noise with power
spectral density (PSD) Nj, and b is commonly modeled as
a target constant complex scaling factor, or as a zero-mean
complex Gaussian random variable with E{|b’} = 207, to
account for the target radar cross section (RCS) as well as
multipath and propagation channel fluctuations [10].

The optimal solution to the detection problem in (1), when
the target parameters 6 are perfectly known, is well known
[10]. The optimal detector to maximize the SNR for a Gaus-
sian b is of the form
2

‘ / 205 10 dt| sy )

with threshold y = No(No + 202E;/202E;) logn, where 7 is a
constant deriving from the log-likelihood ratio test. The results
for the case of a constant complex b are similar and can be
found in [11] and [12].

When the vector of parameters is unknown, the generalized
likelihood criterion is typically used, namely the parameters
are estimated by finding 6 that maximizes the square amplitude
of the integral in (2) as follows:

2

mgx sy 3)

/ z(®) s (t;0) dt

and the decision rules becomes suboptimal.
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To investigate the suboptimal detector performance in terms
of probability of false alarm, we study the properties of the
complex noise process

x(0) = fn(t) s*(t;0)dt 4)

under the hypothesis Hy. The study of the cross correlation
of x(6) is important because it helps understand the expected
statistics of the random variable

y=max (lx@) [ [x@) ...

x@nl)  ©

when the search for the maximum is obtained over a discrete
finite number of target parameter samples ;, fori =1,...,N.
The number of samples of @ (that is N) is also commonly
referred to as the number of filters at the receiver, to indicate
filters were traditionally used to extract the values x(6;). The
cross correlation R(60) of x(0) is calculated as follows:

R(08) = E{x(0) x" (0 + 60)}
=E{/z(t1)s*(tl;0)dt1/z*(t)s(t;0+60)dt
=/ Nob (t —11) s* (215 0) s (t; 0 + 60) dtdt
=NO//(S(r—tl)s*(t1;0)s(t1;0+60)dtdt1

=No/s*(tl;a)s(t1;0+60)dt1. (6)

We also observe that x(f) is a zero-mean stationary random
process with variance E{x(@®)?} = N,. Finally, for a zero-
mean Gaussian process the correlation of the process squared
amplitude can be expressed as [13, pp. 562]

* 2
E{lx(@)1x* (6 + 66) [} = E {|x(6) "}
+IR (56) . (7
As a result, the covariance of the process |x(6)* is |[R(60)|>.
This property can be easily demonstrated with the use of the

characteristic function of a joint Gaussian vector and leads to
the expression of the correlation coefficient

p(60) = | / s* (1, 0) s (1,0 + 60) dt|*. (8)

A. Accelerating Target

Let us now assume that the signal s(t;6) is the echo from
a target that is moving radially with a constant acceleration a,
with the dynamic law

R()=Ry+ v o), 1 2} 9
= 0+V(t—§)+§a(t—§) 9)

where Ry and ¥ are the range and speed at the instant ¢ = %/2.
The received signal is delayed of a time delay

T(t) = %R (t— ﬂ)

> (10)

which can be approximated with a second-order polynomial

T(t) =T+ a(t—fo) + Bt — 1) (11)
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Fig. 1. Range doppler map for a target with no acceleration obtained with
standard Doppler processing.
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Fig. 2. Range Doppler map for a target moving with a = 3g obtained with
standard Doppler processing (no acceleration compensation).

to indicate that the time delay at t = % is #y = 2Ry/c, where c
is the speed of light.

With some simple algebra [1], it is straightforward to
determine that, because ¥ < c, the parameters @ ~ 2¥/c and
B ~ a/c and show that, under the narrowband approximation,
the complex envelope of the noise-free received signal can
be expressed as function of the complex envelope of the
transmitted signal s7(¢) as follows:

s (t; 9) =s7(t—1y) e2nfot g=2m 3100 (12)
with fp = —29/A, where A indicates the wavelength at the
operating carrier frequency of the radar and 8 = [#y fp a]” is
the vector that contains the true target parameters.

The instantaneous frequency due to the phase terms of the
signal in (12) is the following equation:

_ 2a _
ﬁ(r)=fD—7"<r—to>. (13)
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o o o o o o o o
M w A o ® N ® ©

o
T
A

0
-50 0 50
fa [m/sz]

Fig. 3. Correlation coefficient for an unmodulated signal of duration
T = 40 ms at 4.255 GHz. The plot is obtained as a direct implementation
of (22).

With standard range-Doppler processing and a number of
pulses N,, a Doppler migration occurs when the frequency
straddle within the integration time N,PRI is larger than the
Doppler resolution 1/(N,PRI) as follows:

2—;N,,PRI > N, PRI (14)
and Doppler migration occurs when
a> & (PRF)Z. (15)
2\ N,

An example of the effects of Doppler migration due to
acceleration is presented in Figs. 1 and 2. The figures are
related to a radar operating at 4.255 GHz that transmits a
10 us long linear chirp of 10 MHz bandwidth with a PRF of
4 KHz. A target is simulated with an RCS that results in an
SNR of —10 dB after pulse compression in the fast time slow
time diagram and the radar integrates 1000 pulses (i.e., the
final optimal SNR is 20 dB). If standard Doppler processing
is applied, the target can be detected if it is not accelerating
(Fig. 1) but falls under the noise floor for an acceleration of
3g with g being gravitational acceleration (Fig. 2).

In general, the vector of the unknown target parameters
0 = [ty fp a]” consists of the target time delay, Doppler shift
and acceleration. Here, we consider the detector that tests the
presence of a target in any range-Doppler bin. The detector
operates on a delay-Doppler grid by fixing the target time
delay tp = F; and the target Doppler fp = f; and for this
delay-Doppler pair it only maximizes with respect to the target
acceleration, i.e., @ = a is a scalar variable.! This operation
is repeated for all available delay-Doppler pairs. With this

IThe analysis of the probability of false alarm is independent of the true
target parameters. The probability of detection is a function of SNR and is
maximized if the bin in the grid corresponds to the true target parameters. For
the case of the train of pulses described in Section II-B, when the output of
the detector is obtained in a slow time—fast time implementation, any range
migrations should be compensated to maximize SNR.
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detector and the signal model in (12), the cross correlation
function of x(a) becomes

R (6a) = E {x(a) x" (a + 6a)}

Y L G
=NO[|ST(t—t)| J2r == 27r 3 dt

= No / |s7-(0) [*e™ " dr. (16)

We note that for a continuous signal with no amplitude

modulation {
—), O0<t<T
\NT

0, elsewhere

st (1) = a7)

observed for a dwell time T, the cross correlation function
is proportional to the Fourier Transform in f = 0 of a
linear chirp of duration 7 and chirp rate y = (28a/A).
However, the corresponding time-bandwidth product of this
chirp is (26a/A)T?, which for common accelerations is a small
number. We cannot therefore use standard stationary phase
approximations to solve the integral as the time-bandwidth
product is not large. In this case, we can express the integral
as follows:

Ny
RS — 18
(6a) = T (18)
T 276
X [/ cos (ﬂtz) dt
0 A
T 2
—i—j[ sin( ”‘Sazz) dt] (19)
0 A
and use the Fresnel functions
Z
T
C)= / cos (=#*) dt (20)
[ eos (37)
and .
T
S(z)=/ sin (=72 dt. 1)
[ sin (57)

The solution to the integrals, for da > 0, can be written as a
function of the Fresnel integrals after the change of variable
x = ((48a/A))"/*t which leads to

Ny

[ A
T VY 46a
T T, . . T o5
X |:/0 cos <§x )dx+]/0 sin (Ex )dx
Ny A 46a . 46a
3 L2 oo ()]

and the covariance coefficient becomes

HEE ) ()]

It is straightforward to observe that, as expected, R(—da) =
R(6a)* and that therefore p(éa) = p(—da). Fig. 3 shows the
result of the direct implementation of (22) for an unmodulated
signal of duration 40 ms at 4.255 GHz (1 = 7.05 cm). Results
clearly show that the correlation coefficient never equals zero
over the entire time interval, indicating that it is not possible to

R(ba) = —

doa

2
p(6a) =
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obtain a sequence |x(g;)|> of statistically independent samples
(i.e., it is impossible to use processing filters whose outputs
are statistically independent).

B. Pulsed Waveform

For a transmitted signal consisting of a train of pulses, the
Fourier Transform of the received signal in (12) in the presence
of the target acceleration is no longer a frequency shifted
version of the Fourier Transform of a periodical signal of
period equal to the pulse repetition interval (PRI). In addition,
the cross correlation function with respect to a is also not
periodical of the PRF.

Let us consider the case when the spacing ¢, is kept
uniform and equal to a fraction of a reference spacing
A, = (/1/2)((PRF/N,,))2 as follows:

S0 = 5 A
Zm

for m integer and m > 0 and study (22). It can be observed
that, for these values of ¢,, the term

2 N2
V T246a NZPR124 /lPRF2 B

and therefore

(24)

om-l(25)

2m—l
R, (k) = R(kd,) = N
VK
k k
x | C vk + JjS vk (26)
\/2m—1 \/2m—1
for k = 1,...,N. As a result, with this filtering scheme, the

covariance coefficient

- 2! Vk s (N[
P (k) = p (kba) = —— C(W) +5 (\/2"1_—1)

27

does not depend on the radar parameters and on the back-

ground noise mean power. This is an interesting result because

if we found that the probability distribution of y only depends

on the correlation coefficients p,,(k), we would be able to
control the probability of false alarm for all radars equally.

Fig. 4 shows the plots relative to p,,(k) for m =4, 5 and 6.

C. Statistical Properties

We can now study the statistical properties of the random
variable

y =max (lx(a) P [x @) ... 1x (ay) ) (28)
as a function of the number of filters N (i.e., the number
of samples of |x(a;)*> for i = 1,...,N). For N = 1, y is

exponentially distributed with mean value Ny. For N > 1,
the distribution of y is known only when the N samples x(a;)
are not correlated. In this case, the distribution is a LEV [14]
with a cumulative distribution of the form

Fy(y)z(l

_ e—y/No)N (29)
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Fig. 4. Covariance coefficient as a function of the filter separation step k for
different values of m.
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Fig. 5. Plots of the distribution for N = 512, m = 4, and N), = 10. Simulated
with 10® Monte Carlo Simulations.

and p.d.f.

HO) = ﬂ (1 _ ei\'/No)N_l e V/No (30)
No

When the N samples x(6;) are correlated the distribution of y is
unknown. Fig. 5 shows a comparison of the probability of false
alarm plots for N =1 filter and N = 512 filters arranged with
a spacing ¢, at 4.255 GHz and for N, = 10. For comparison,
the plot also shows the curve of the probability of false alarm
corresponding to the case of N = 512 uncorrelated samples.
The plot clearly shows that the simulated curve is between the
other two curves. Neglecting the correlation between samples
would therefore lead to significant errors in terms of P,.

III. STATISTICAL CHARACTERIZATION AND Py, CONTROL

In this article, we look for a suitable approximation of the
cdf of y that could be conveniently used to guarantee the con-
trol of the false alarm rate (FAR). To this purpose, we propose
to fit the simulated Py, curves with those corresponding to a

40
35 b
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25 b
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320 —e—m=5|1
——m=6

15222—6\@\9///*@ ]
10 b

e m

5 ]

0 . . . . . . . .
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N

Fig. 6. Value of the parameter « obtained from the simulation as a function
of the number of filters N for m = 4,5,6 and obtained for Py, = 1075
and N, = 20 pulses. Curves have been simulated with 108 Monte Carlo
simulations.

TABLE I

VALUES OF & FOR Pg, = 1073, Py, = 107 AND Py, = 1075, THE VALUES
IN THE TABLE HAVE BEEN ESTIMATED WITH N = 1024

m | &(Pra =1073) [ & (Pra =10"") [ & (Pra = 10~°)
4 9.42 839 761
5 19.16 17.25 15.94
6 38.94 3472 3457

LEV distribution with a properly selected exponent which can
be written as a function of a parameter « as follows:

Fy() =~ (1- e‘y/No)% . (31)

If we determine « empirically as a function of the number
of filters N and the position of the samples of x(a;), we can
control the probability of false alarm. Given a threshold v, the
probability of false alarm Py, is

N
Pra=1-F,(y)=1- (1 — e—V/No) P (32)

and by a simple inversion
y = —-NyIn (1 “(1- Pfa)"/N) o)

under the assumption that Ny is perfectly known. Simulations
are run as a function of the number of filters N with a
spacing J, between filters as in (24). For the simulations, we
consider a radar signal transmitting N, = 20 pulses at a carrier
frequency of 4.255 GHz and additive complex Gaussian noise
with variance Ny = 1. The probability of false is alarm is
fixed to 107> to find the corresponding value of the threshold
with a grid-search algorithm and predetermined interval step.
For each threshold-Py, pair, the value of the parameter @
is obtained by inverting (32). This operation is repeated for
N varying from 1 to 4096 and m varying from 4 to 6.
Fig. 6 shows the results obtained for each m as a function
of the number of filters N. Results show that for each m the
parameter a converges to a limit & as the number of filters
increases. For a probability of false alarm equal to 107>, it
takes about 1024 filters for the parameter o to converge for
all values of m. Table I shows the values obtained for & for a
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TABLE I
VALUES OF @ WITH ASSOCIATED COVARIANCE COEFFICIENT

m & pm(8) | pm( % )
4 7.61 0.8177 0.9514
5 15.94 0.80 0.95

6 | 34.57 | 0.7706 0.9377

Probability of False Alarm
3
&

—+—m=5

10°® . . . . . . . N
0 500 1000 1500 2000 2500 3000 3500 4000 4500

N

Fig. 7. Value of the Pfa obtained from the simulation as a function of the
number of filters N for m = 5 obtained for & = 15.94 and N, = 20 pulses.
Curves have been simulated with 108 Monte Carlo simulations.

probability of false alarm equal to Py, = 107, Py, = 107* and
Py, = 1073, Similar results are obtained for different values of
N,. However, the number of filters required for « to converge
to & reduces as the desired probability of false alarm increases.
Table II reports the values of & for a probability of false
alarm of 107> and the corresponding values of the correlation
coefficient calculated in & and (&/2) using (22). Results show
that the values of p(&) and p((&/2)) remain about constant with
respect to m. This is another interesting result as it allows a
calculation of & directly by inverting (22).

An interpretation of the hypothesis in (31) is that the ratio
N/« represents the resulting number of equivalent acceleration
filters that can be assumed independent and the parameter
a the separation between these resulting equivalent filters.
Clearly changing the step between filters will change the value
of the number « in a directly proportional fashion.

To study the robustness of the model with respect to the
number of filters N, the probability of false alarm is plotted
as a function of N for @« = 15.94 (which was obtained
experimentally for Py, = 1073) in Fig. 7. The results show
that the probability of false alarm remains largely constant
as a function of N with the main deviation occurring for
N < 256. Similarly, Fig. 8 shows FAR loss, calculated as the
ratio between the obtained FAR and the desired probability of
false alarm, as a function of a desired Py, when the threshold
is calculated with (33) with @ = 15.94. The results in the figure
show that once & is found at Py, = 1073, the FAR loss resulting
from calculating the threshold relative to other desired prob-
ability of false alarms remains within the interval (0.8,1.1)
between Py, = 107* and Py, = 107°. For completeness, Fig. 9
shows the probability of detection as a function of the SNR

IEEE TRANSACTIONS ON RADAR SYSTEMS, VOL. 4, 2026
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Fig. 8. FAR loss simulated for @ = 15.94 (obtained for Py, = 1073) for
N =512 for m = 5 and N, = 20 pulses. Curves have been simulated with

10° Monte Carlo simulations.
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Fig. 9. Probability of detection versus SNR for Ps, = 1075 (m = 5 and
a =15.94).

for multiple values of N, obtained by simulating a steady
stationary target. The results have been obtained assuming the
power of noise is known with the threshold calculated from
(33) for a Py, = 107 (o = 15.94) and m = 5. Results show
that, because a large N is required, maintaining the probability
of false alarm requires a higher threshold [see (33)] and this
results in a small loss in probability of detection.

IV. CFAR DETECTION IN UNKNOWN
BACKGROUND NOISE

In this section, two detection strategies are proposed and
developed analytically for the case of unknown background
noise. The theoretical analysis and simulations presented in
this section demonstrate the CFAR property of the proposed
algorithms with respect to the mean power of the background
noise Ny.

A. Fast-Time/Slow-Time Map CFAR

The first CFAR detection strategy proposed in this article
evaluates the detection threshold on the fast-time/slow-time
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background (FTST-CFAR).
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Fig. 11. FAR as a function of the CFA constant .. Obtained by implementing
(45) for N =512 and o = 15.94.

map and follows the scheme proposed in Fig. 10. The noise
mean power is estimated from the slow-time versus fast-time
diagram using M noise measurements w; taken by a reference
range cell that does not contain any targets. Because the
noise mean power estimation occurs at the fast-time/slow-
time stage, the noise reference samples w; are independent
and Gaussian distributed. As such, this algorithm requires the
proposed statistical approximation only for the Cell Under Test
(CUT).

—— M=32
—o— M=64
—x—M=128

Probability of False Alarm

Fig. 12. Simulations of Py, with varying Ny for y. = 8. Obtained with 10°
Monte Carlo simulations for each value of Ny (m =5 and N = 512).

The algorithm calculates the detection threshold from the
data using the reference cells as follows:

YN, o
Tw) ==L w (34)
&

where the vector w = [wy, wa, ..., wy]” consists of the squared
amplitude of the statistically independent complex Gaussian
noise samples with mean power No/N,, taken from the slow-
time fast-time diagram with joint p.d.f.

M

N, _Npwi
fow)y=]]Fe

35
i No )

and vy, is a CFAR constant that is selected according to the
desired probability of false alarm. Because the elements of
w are zero-mean i.i.d. Gaussian distributed, their amplitude
squared follows an exponential distribution. The probability
that the CUT is greater than the threshold conditioned to the
data is

PO>Tw)w) =1-(1- e—T(w)/Nn)% (36)

and therefore the probability of false alarm can be expressed

as

Pr = // [1— (l—e‘T(W)/NO)%]fW wydw (37
which is equal to

Pra=1 —// (1 —e‘T(w)/NU)%fw w)aw. (38)

We can show that P_fa does not depend on Ny mathematically
by using a Taylor expansion of the LEV term in the integral,
after observing that the function (1 — 0¥ of x € R with
|x] < 1 for a constant exponent ¥ € R can be expressed as
[15, pp. 14]

(-0 =Y Cw =

, (39)
= n!

where

G =Jw-aG-1) (40)

i=1
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is the Pochhammer function with

Coy) =1.

A simple algebraic manipulation of the integrals follows to
rewrite the expressions as follows:

(41)

_nTw)

N No
(—) (1) S fo wydw  (42)
a n.

n=0
=0 " a n! i1 No i
(43)

=1—ch(—)( "R : (44)

n=0 n! i=1 No HYCNP + ]WIV‘,7

= N 1" M M
BT e

n=0 @ n! ny.+M

and show the CFAR properties with respect to the noise mean
power N (i.e., 45 does not depend on Ny).? By recalling that
the standard series expansion of the Beta function is

- -1
B(z1,22) = ;Cn (-1 m (46)
and that
M-1
e —7BGL2) = (DM (- 1)
> -1y
X X(;c @-Dor—y @D

Pa=1-

the probability of false alarm in 45 can also be expressed as
aM 1
u=

follows:
(=DM (MM gM- sl N,
o () Gl (a5 1) 7
(48)

Fig. 11 plots the value of the probability of false alarm as a
function of the CFAR constant y. for M = 32, M = 64, and
M = 128. The curves were obtained by a direct implementa-
tion of 45 for N = 512 and o = 15.94. Fig. 12 shows that the
FAR obtained on simulated data for y, = 8 (that is for a Py,
around 1072) does not depend on the value of noise power as
expected.

B. Range Doppler Map CFAR

An alternative CFAR detection strategy evaluates the thresh-
old on the range-Doppler map and follows the scheme in
Fig. 13. This CFAR algorithm is applied directly in the range-
Doppler map after the acceleration has been compensated. The
noise parameters are estimated across the statistically indepen-
dent range bins using the LEV distribution approximation and
the threshold

M
TG)=23 49)
i=1

2Noting that T(w)/Ny > 0 (i.e., e T®/No < 1) with unit probability, the
proposed Taylor expansion has been chosen as it leads to a convenient math-
ematical expression of Py,. With this expansion, (45) can be approximated
using just a few tens summation terms.
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Fig. 13. Block diagram of the CFAR detector with LEV reference background
(RD-CFAR).

is found by using M reference cells y;. In this case, the
probability of false alarm can be expressed as follows:

Pra= // [1 (1 _e—T(y)/No)%]fy(y)dy

where y consists of independent LEV distributed random
variables with the same distribution as the CUT. The integral
can therefore be expanded as follows:

- -

><1_[]\70(1

(50)

—T@)/No

—vl/No)N/” 1 —),/Nody (51)
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Fig. 14. FAR as a function of the CFA constant y.. Obtained for N = 512
and @ = 15.94. Results have been obtained by direct implementation of (56).
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which after a Taylor expansion becomes

P [[ e

_ e 3k

( )( 1)n NG

XHNOQ/ R M (52)
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-
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><1_1[ fo (e g Ty, (54

—*—M=32
——M=64
——M=128

o
©
T

e 2 9o o o
A o o N »
T T T T T

Probability of Detection

o
w
T

0 5 10 15 20
SNR

Fig. 16. Probability of detection as a function of SNR for the FTST-CFAR
for N =512, m =5 and vy, = 15.

A simple change of variable z; = ¢™/™ leads to

et Ze () )

nyc
X l_[[o ¢! —zi)N/“*IZiM dz;
i=1

which is clearly CFAR with respect to Ny and that can be
expressed as a function of the Beta function as follows:

r _1—Zc ( )( 1)'1[&3(”1‘74%1 E)}M' (56)

Fig. 14 plots the value of the probability of false alarm as a
function of the CFAR constant y. for M = 32, M = 64, and
M = 128. Fig. 15 shows that the FAR obtained on simulated
data does not depend on the value of noise power as expected.
They also show that because the results are obtained for y, = 2
(that is for a Py, around 1072), the FAR loss resulting from
this CFAR strategy is more evident than that observed for
the fast-time/slow-time map CFAR (FTST-CFAR), where the
statistical approximation is used only for the CUT. Therefore,
while the Range Doppler Map CFAR (RD-CFAR) is more
efficient, not requiring to evaluate the adaptive threshold by
averaging directly the background echoes in the fast-time/slow
time-plane, it is not characterized by the same accuracy in
predicting analytically the resulting value of the CFAR.

(55)

C. Probability of Detection Performance

Figs. 16 and 17 show the probability of detection as a
function of the SNR for the two CFAR algorithms, obtained
with 1000 Monte Carlo simulations. The results are relative
to a steady stationary target and have been obtained with
v. = 15 for the CFAR algorithm with Gaussian reference
background and with y, = 3.5 for the CFAR algorithm with
LEV reference background, corresponding to a probability of
false alarm Py, = 107> for both algorithm. Results do not
show any significant deviations in the detection performance
between the two algorithms.
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Fig. 18. Satellite view of the experimental setup. The blue curve indicates
the target trajectory and the red star indicates the position of the radar. The
radar antenna was pointing toward the right side of the image.

V. EXPERIMENTAL RESULTS

The results of the simulations are corroborated with exper-
imental data obtained in a monostatic radar configuration at
a carrier frequency of 4.255 GHz. The receiver used in the
experiments is a NI-2943 USRP receiving on two channels
simultaneously; a reference channel connected directly to an
Anritsu signal generator to obtain a copy of the transmitted sig-
nal and a receiving channel connected to a receiving antenna
to collect target echoes. The transmitted signal consisted of a
train of 20 us long chirp pulses with a bandwidth of 10 MHz
and a PRF of 2 kHz, providing a range resolution of 15 m.
These were collected with a sample rate Fy = 10 MHz
and organized in data frames of 0.25 s. The antenna used
on transmit was a Narda standard horn antenna whilst the
antenna used at the receiver was an A-Info wideband antenna.
Experiments were carried out at the Defense Academy of the
U.K. using a car as the target. The data analyzed are obtained
after matched-filtering the copy of the transmitted signal to the
signal received at the surveillance channel on a pulse to pulse
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Fig. 19. Photo of the radar used to collect data with the antennas used to
transmit and receive.

Range Bin Number

100 200 300 400 500
Accelation Filter

Fig. 20. Example of noise output from the acceleration filters for N = 512
filter. The maximum on each row is used to determine the probability of false
alarm.

basis. Fig. 18 shows a satellite view of the experimental setup
with the position of the radar and the target trajectory. Fig. 19
shows a photo of the radar node together with the A-Info and
Narda antennas.

An example of the experimental output of the acceleration
filters is shown in Fig. 20. For each row, the maximum value
is selected for comparison with the threshold obtained by
inverting (33) using the & obtained from the simulations to
reach the require probability of false alarm. The results of the
algorithm presented in Section III applied to the experimental
data are shown in Fig. 21 for m = 4 and N = 512, 1024,
and 2048. The noise mean power is estimated from the
entire dataset and results are obtained by averaging across the
number of available range bins which were sampled at exactly
the bandwidth of the transmitted chirp (that is to ensure the
noise samples in range were uncorrelated). They clearly show
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Fig. 21. Experimental results of the probability of false alarm evaluated for
m=4.
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Fig. 22. CFAR detector output relative to the FTST-CFAR (y, = 15, N = 512,

m=25, and M = 64).
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Fig. 23. CFAR detector output relative to the RD-CFAR (y. = 3.5, N =512,
m=25,and M = 64).

that by using & the probability of false alarm can be controlled
well.

Figs. 22 and 23 show the application of the two CFAR
algorithms to the real data. Results are relative to the car
moving toward the radar and are the output of super-imposing
five frames to show the target track over 5 s. For each frame,

detections are obtained with a dwell time of 200 ms. Due
to the short dwell time and the target speed being within
10-15 m/s, range migration compensations were not required.
Results show the approaching car can be detected across
frames at approximately 400 Hz in Doppler, using both algo-
rithms whilst controlling the probability of false alarm. They
also show that the RD-CFAR image presents more false alarms
than the FTST-CFAR, a result consistent with the CFAR loss
behavior observed in the simulation results. The detections
about zero-Doppler are due to clutter.
VI. CONCLUSION

We have studied the problem of controlling the probability
of false alarm of the optimal detector for accelerating targets.
The statistical properties of the background noise at the output
of the detector have been derived and a modified parametric
LEV distribution has been proposed to model the probability
of false alarm. This distribution depends on a varying single
parameter which, however, we have shown to converge to a
fixed value when the number of acceleration filters increases.
This fixed value can therefore be used to control the prob-
ability of false alarm. This was exploited in the article by
proposing two alternative CFAR schemes, whose detection
performance have also been fully characterized to allow their
practical application both by analytical approximation and by
simulation. Results are corroborated via experimental trials
at C-band with a software defined radio, which confirms the
validity of the analysis and the effectiveness of the proposed
CFAR detection schemes.

The realistic application of this technique inside a specific
detection scheme has a computational load that can be quite
high, depending on the range of Doppler and accelerations
parameters to be possibly included in the search. Moreover, it
is subject to the exploitation of appropriate signal processing
solutions to handle possible target range migration (especially
in high-resolution systems). However, the proposed solutions
can be considered as a basic building block for the practical
implementations.

An interesting avenue for future research could be the
extension of the results presented in this article to different
types of background clutter other than Gaussian noise.
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