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Abstract: In the context of noncoherent detection and high-resolution maritime radar system with low grazing angle,
new Constant False Alarm Rate (CFAR) decision rules are suggested for two Compound Gaussian (CG) clutters namely:
The K distribution and the Compound Inverse Gaussian (CIG) distribution, which are considered among the most
appropriate models for sea clutter. The proposed decision rules are then modified to deal with the presence of thermal
noise and interfering targets. The proposed detectors are investigated on the basis of synthetic data as well as real data
of the IPIX radar database. The obtained results exhibit a high probability of detection as well as an excellent false
alarm rate regulation especially for spiky clutter.
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1. Introduction

To ensure a good performance of a radar system with high resolution, the CFAR property must be preserved
with respect to all types of background heterogeneities. In a maritime radar surveillance environment, the power
of the sea clutter can undergo severe random variations due to sea state, wind speed and wave height [1], which
generate a significant increase in the rate of false alarm and makes the mission of detection of small targets like
the periscope of the submarine or small boats a difficult task. In addition to these problems, sea clutter deviates
from normality [2, 3]. To alleviate these problems, non-Gaussian models of sea clutter are strongly desired and
are the subject of many experimental studies. Several distributions have been suggested as an alternative to
the Gaussian model for describing the intensity statistics of the sea clutter. The K distribution provides a
compound representation that includes the speckle, which represents the fast fluctuating component associated
to capillarity waves and the underlying mean or the texture which is the slowly fluctuating component related
to gravity waves [4]. More recently the CIG distribution where the texture is modeled by an inverse Gaussian
distribution showed a good adaptation with sea clutter [5]. These models have been modified to include the
thermal noise to be able to adapt with impulsive clutter and heavy echoes.

Noncoherent radar systems are widely used for analyzing sea clutter and have been an intensive research
topic for many years. Goldstein suggested the log-t CFAR detector for two distributions, namely; lognormal
and Weibull clutters. This detector proved to insure the CFAR property for the two mentioned distributions
[6]. Weber and Haykin suggested a modification of the ordered statistic OS-CFAR which is designed to be
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CFAR for two-parameter distributions with unknown average power and unknown skewness. This detector
is CFAR for the lognormal, Weibull, and Gamma distributions [7]. For the K distribution, Armstrong and
Griffiths examined the detection performance in correlated clutter for three different CFAR detectors, the cell
averaging (CA), greatest of (GO) and order statistics (OS) CFAR. These detectors suffer from a significant
loss in detection relative to the ideal CFAR especially in the case of spiky clutter [8]. Conte et al, studied
two different methods: first, they perform a Neyman-Pearson detector, based on complete learning of the
signal fluctuation law. This study cannot be applied in real situations, because the threshold imposes the
knowledge of the target power. The second study depends on the generalized likelihood ratio optimization
strategy. This detector achieves the CFAR property and the threshold does not require any knowledge of the
clutter distribution [9]. Zhou et al suggested a new CFAR detector in nonhomogeneous Gamma clutter. The
threshold is estimated by the weighted amplitude iteration of the samples in the reference cells by adding the
advantages of the CA-CFAR, GO-CFAR and OS-CFAR detectors. The performance of this method approaches
that of the CA-CFAR in homogeneous Gamma clutter with a known shape parameter. This approach performs
well in a nonhomogeneous environment with the appropriate weighting factors, but suffers from a significant
loss in detection in the CA, GO and OS-CFAR and shows an important increase in the false alarm rate [10].
Norouzi et al suggested a new CFAR algorithm based on goodness-of-fit (GoF) for heavy-tailed Weibull and
log normal distributions. In spiky clutter and in the presence of interfering targets, this detector is superior to
the conventional CFAR detector based on binary integration [11]. In the K distributed sea clutter, Watts et al
examined the performance of cell-averaging CFAR. In the case of spiky clutter or when the texture (underlying
mean) of clutter is uncorrelated, the CA-CFAR suffers from a significant loss. It has been found that the use
of short cell-average lengths or an increase in the thermal noise in the radar system leads to a CFAR gain [12].
Weinberg and Alexopoulos proposed a dual order statistic using the Pareto clutter model which achieves the
CFAR property, then they examined the performance of this detector in the case of the presence of interfering
targets and clutter transitions [13]. Weinberg and Glenny explored the log-t detector using the Pareto clutter
model which achieves the CFAR property [14]. For the noncoherent radar system, we propose two detectors
for sea clutter models with the presence of thermal noise. We show that these two detectors conserve the
CFAR property for the two CG distributions under consideration especially for spiky clutter situations. Then,
we modify the proposed detectors to deal with the presence of thermal noise and interfering targets. The
robustness of the proposed detectors is then validated using real data of the IPIX radar database. The paper is
structured as follows: In Section 2, we describe the two proposed detectors, then we briefly recall the expressions
of the K plus thermal noise and the Compound Inverse Gaussian (CIG) plus thermal noise and we present some
results of the variations of the Probability of false alarm (P, ) versus the threshold for each detector. In Section
3, we study the robustness of the suggested detectors in the case of the presence of interfering targets in the
reference cells and we show some results in terms of Py, and the Probability of detection (P;). In the next
section, we examine the performance of the two detectors using the IPIX real data. In the final section, we give

a conclusion for this study.

2. Proposed detectors: The max-min detector and the var-max-min detector

The two proposed detectors shown in Figure 1 are designed to be CFAR and able to provide a high probability of
detection in the case of the presence of thermal noise and interfering targets. The content of each cell is obtained

by sampling the signal received at the output of the square law envelope detector. The obtained samples are
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stored in a shift register and the detection test in each cell uses a reference window of N cells adjacent to the
cell under test (CUT) which provide a local estimate of the clutter level. The sliding of this window along the
register of cells makes it possible to cover the entire radar range. The suggested thresholds were found using

the trial and error method and the choice of the number of reference cells for both detectors were found after
intensive testing for several values from 2 to 32 cells. The best performances in terms of false alarm regulation

of the suggested detectors are obtained for a number equal to 2, which is useful regarding the calculation time
and the stationarity of clutter. The principle of our detectors is based on a binary decision-making. Indeed,
this binary decision is performed by comparing the content of the CUT with an adaptive detection threshold,
denoted T}, to choose between two statistical assumptions: Hy for the null hypothesis (absence of the target
of interest) and H; for the alternative hypothesis (presence of the target of interest). Monte Carlo simulations
are performed to investigate the suggested decision rules for the CG models: The K and CIG distribution, with

the consideration of the presence of thermal noise for the two distributions.

Shift register
Cells left/right

Input signal

Square law xy [-| CL |CUT| CR | xy |

l 1 .
>
Select T to ‘b" CUT;OThl orTh,

. 1
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Figure 1: Block diagram of the two proposed detectors.

The decision rules corresponding to the (Var-Max-Min) detector and the (Max-Min) detector are based
on miscellaneous statistics, the variance, the maximum and the minimum value of the reference cells. The
threshold of the first detector is given by:

Sl

Th1 = 0.5 ((var(x) + max(x)) ) + (max(x) — min(x)) * 7. (1)
The threshold of the second detector is given by:

Thy = ((max(z) — min(a;)) ) % mag (z)* | .

2.1. The K distribution plus thermal noise

The K-distribution with thermal noise is supposed to have two components, a fast fluctuating component,
called speckle and represented by the random variable X and a slowly varying component, called the texture
(underlying mean) and represented by random variable Y. From experimental results, it was shown that the

probability density function (pdf) of each components is expressed respectively by an Exponential distribution
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and a Gamma distribution [4]:

e —
Pn+ Y Dn+Y

Py (aly) = — w( . ), 3)

fr(y) = Flz:)y”lezp (—by), (4)

where v is the shape parameter, b is the scale parameter and (p, = 20?) is the power of thermal noise. The

intensity of the K distribution plus thermal noise is given by [4]:

B b 00 yu—l T
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Putting p, = 0 leads to the K distribution without thermal noise [4]:

fx(x) = %;(5)2[(”—1(2\/%)7 (6)

where K,_1(.) represents the modified Bessel function of the second kind, and I'(.) is the Gamma function.

2.2. The compound inverse Gaussian plus thermal noise distribution

The CIG distribution plus thermal noise is modeled by two components, where the texture component is

expressed by an inverse Gaussian distribution [5]:
2
x x
zly) = ————exp | ————— | » 7
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where ) is the shape parameter, p is the mean parameter and (p, = 20?) is the power of thermal noise. The

intensity of the CIG distribution plus thermal noise is given by [5]:

=~ o xi/2 (y— 2
= — = exp|- x AL ) . 9
Fx(2) /o Pt 292 m T ( Pn + 4y2/7f> Vary2 ( 2%y ) / )
Putting p, = 0 leads to the CIG distribution without thermal noise.

2.3. False alarm regulation of the proposed detectors in the CG clutter plus thermal noise

In this subsection, we show the variations of Py, versus the threshold factor 7 for the two proposed detection
schemes for the two clutter distributions listed above. To undertake these simulations, we use the MATLAB tool
and the following assumptions: Noncoherent detectors, the variations of Py, from 0 to 10~* with representation
in logarithmic base 10, different values of shape and scale parameters. The range for the shape parameter for
the two distributions under consideration varies from 0.01 which corresponds to a spiky clutter (agitated sea

state) to 6 for v and 10 for A which corresponds to a calm sea state. The scale parameters § and u are set
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equal to 1 to 4 to represent different clutter power. The number of independent Monte Carlo runs is set to 107

and the thermal noise power p,, = 202 is set to 2 dB.

For the Max-Min detector, Figure 2 shows the variation of Pj, from values close to 0 to —4 versus
the threshold factor 7 for the K distribution clutter with different values of shape and scale parameters. We
observe that almost all curves overlap with each other without any deviations even when the clutter becomes
spiky v > 0.01. The same pattern is observed for the CIG distribution with A > 0.1 in Figure 3. The two tests
prove that the Max-Min detector attain the CFAR property independently of the shape and scale parameters.
We also note from the two experiments that the presence of thermal noise does not affect the robustness of the
proposed first detector.

On the other hand, we repeated the same tests with the same parameters for the Var-Max-Min detector.
We show the variations of Py, against the threshold factor 7 for the CG clutter models listed above in Figures
4 and 5. It is clear from the two experiments that all the curves almost coincide with each other. This mean
that the Var-Max-Min detector keeps the CFAR, property for the CG models with ¥ > 1 and A > 0.1, also the

thermal noise does not affect the false alarm regulation.
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Figure 2: Variation of Py, of the Max-Min detector versus the threshold factor 7 for the K distribution.
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Figure 3: Variation of Py, of the Max-Min detector versus the threshold factor 7 for the CIG distribution.
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Figure 4: Variation of Py, of the Var-Max-Min detector versus the threshold factor 7 for the K distribution.
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Figure 5: Variation of Py, of the Var-Max-Min detector versus the threshold factor 7 for the CIG distribution.

3. Simulation results

In this section, we analyze the detection performance of the two decision rules with the consideration of the
presence of a primary target of type Swerling I incorporated in CG clutter in the case of the presence of thermal
noise. Then, we study the robustness of Py, regulation in the case of the presence of thermal noise and two

interfering targets in the reference cells.

3.1. Probability of detection (P;) in CG clutter

The following assumptions are considered: The Signal-to-Clutter Ratio (SCR) varies from 0 to 45 dB, the scale
parameter set to 1 and Py, = 1073.

We illustrate P, for the first proposed detector in CG clutter models plus thermal noise. Figure 6 shows
P; versus the SCR in the K distribution clutter, which starts from small values of v > 0.01. We observe that
the detection curves are superimposed and indicate that increasing the shape parameter induces an increase in
detection. According to the design of the proposed detector, which is based only on two reference cells when
estimating the level of clutter, the Max-Min detector provides a high detection performance.

In Figure 7, we repeat the same simulations for the CIG and the same pattern is observed even for the
case of spiky clutter A > 0.1. From the two tests, the presence of thermal noise does not affect the detection
performance of the Max-Min detector.
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Figure 6: P; of the Max-Min detector versus the SCR the K distribution.
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Figure 7: P, of the Max-Min detector versus the SCR for the CIG distribution.

We repeat the same simulations with the same parameters for the Var-Max-Min detector. We show the
variation of P; versus SCR for CG clutter models mentioned above in Figures 8 and 9 respectively. Through
the obtained results, it is clear that this detector provides high detection performance. This means that the

second proposed detector keeps the performance of detection for the CG models.
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Figure 8: P, of the Var-Max-Min detector versus the SCR the K distribution.
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Figure 9: P; of the Var-Max-Min detector versus the SCR for the CIG distribution.

Finally, in Figure 10 we compare P, for the two proposed detectors for the distribution K. We observe that
for the different values of the shape parameter, the Max-Min detector performs better than the Var-Max-Min
detector especially for spiky clutter v = 0.01 and v = 0.1.
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Figure 10: Comparison of P; between the proposed detectors.

3.2. False alarm regulation of the proposed detectors in CG clutter and interfering targets

In this subsection, we study the effect of the presence of two interfering targets in the reference window on the
proposed detectors performance. To test the robustness of the proposed detectors in the case of the presence of
one or more interfering targets in the reference window, we modified the first version of the suggested detectors
to deal with the presence of interfering targets. Each detector uses four reference cells instead of two, then
these cells are arranged in an ascending order to acquire X(1).(4), then the two largest samples are censored,
which means that these detectors can handle up to two interfering targets. Each threshold is calculated using
the other two samples in the same manner as (1) and (2). To perform this work, we use the same assumptions
mentioned above, considering that the interfering targets are supposed to fluctuate according to the Swerling I
model and the Interference-to-Clutter Ratio (ICR) is assumed to be equal to 20 dB.

For the K distribution Figure 11 shows the changes of P, against the threshold factor 7. It is clear
that almost all curves overlap, which means that the CFAR property is preserved. For the CIG distribution,
the detector also keeps the CFAR characteristic as shown Figure 12.
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Figure 11: Variation of Py, of the Max-Min detector versus the threshold factor 7 for the K distribution plus
thermal noise and two interfering targets.
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Figure 12: Variation of Py, of the Max-Min detector versus the threshold factor 7 for the CIG distribution
plus thermal noise and two interfering targets.

We repeat the same simulations with the same parameters for the Var-Max-Min detector. We show the
variations of Py, against the threshold factor 7 for CG clutter models in Figures 13 and 14 respectively. The
same patterns are observed for the K and CIG distributions where all the curves almost match with each other.
From the obtained results, the proposed detectors regulate the P, in an acceptable manner which means
that the presence of interference targets in the reference window do not affect the robustness of the proposed

detectors.

4. Experimental results

To evaluate the performance of the two suggested detectors with real data, we use a large set of experimental
data collected by the McMaster IPIX (Intelligent Pixel processing X-band) radar at the east coast of Canada,
in Dartmouth, Nova Scotia. Three range resolutions are available: 3m, 15m and 30m with two modes of
polarization of radar antenna HH and VV. The number of reference cells is 34 and the number of pulses per
cell distance is 60000.

Figures 15 and 16 depict the variations of Pf, from 0 to 103 for the two detectors. For the three
resolutions: high, average and low resolution, 3m, 15m and 30m with two polarization modes HH and VV, we

note that almost all curves overlap without any deviations. The experimental variations of Py, of the actual
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Figure 13: Variation of P, of the the Var-Max-Min detector versus the threshold factor 7 for the K
distribution plus thermal noise and two interfering targets.
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Figure 14: Variation of Py, of the Var-Max-Min detector versus the threshold factor 7 for the CIG distribution
plus thermal noise and two interfering.

IPIX data are similar to the theoretical variations obtained from the CG clutter in the case of the presence
of thermal noise and interfering targets, with almost the same threshold factor to obtain a desired Pf,. This

means that both detectors maintain the CFAR property successfully.

Finally for P;, Figure 17 and 18 show the detection curves for each resolution. As expected, all detection
curves attain 1 for an SCR around 45 dB. This means that the proposed detectors maintain the same detection
performance for experimental data successfully.

5. Conclusions

In this paper, we have proposed two new CFAR detectors operating in sea clutter modeled by CG distributions.
We have assumed the presence of thermal noise and interfering targets. The two detectors employ two reference
cells to set up the detection threshold. The robustness of the proposed detectors is illustrated through numerical
simulations performed on the CG models as well on actual IPIX radar data. In the case of the presence of the
thermal noise, both detectors maintain a good performance in terms of false alarm regulation. We have also

tested these detectors in the case where two interfering targets are present by modifying the detection algorithm
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Figure 15: Variation of Py, of the Max-Min detector versus the threshold factor 7 for the actual data IPIX.
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Figure 16: Variation of Py, of the Var-Max-Min detector versus the threshold factor 7 for the actual data
IPIX.
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Figure 17: Variation of Py, of the Max-Min detector versus the threshold factor 7 for the actual data IPIX.

and the they proved to be robust. To validate these two detectors, we applied real data from the IPIX data
base and the results are similar to those obtained by synthetic data. Finally, it is worth pointing out that since

the decision operation uses only two reference cells, these detectors are appropriate for real time applications.
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Figure 18: Variation of Py, of the Var-Max-Min detector versus the threshold factor 7 for the actual data
IPIX.
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