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Abstract - This paper presents a unique false alarm
mitigation approach for nonhomogeneous clutter, which is
problematic for digital radars with increased sensitivity. A
clutter map is formed containing estimates of the two
parameters for the K-distribution. The map applies the new
thresholds to the data. The false alarm rate is reduced by a
factor of 1000 due to the improved accuracy in modeling the
clutter distribution tail.

I. INTRODUCTION

In this paper, we present a new clutter processi
approach that successfully mitigates false alarms by mod
ing clutter with K-distributions. The addition of digital pro-
cessing to radars today increases the radar’s sensitivity. T
additional sensitivity requires more robust clutter processi
to maintain optimal system performance. Non-homog
neous, spiky clutter is particularly problematic. The proces
ing presented in this paper controls clutter false alarms
this type of clutter using a clutter map based on the K-dist
bution. The paper demonstrates the effectiveness of this p
cessing using real radar data collected with a high
digitized, ground surveillance radar.

Clutter maps are designed to handle nonhomogene
clutter, which leaks through most traditional false alarm pr
cessing. CFAR processing is designed for clutter that
homogeneous in range. Adaptive detection techniques a
rely on homogeneity in range and sets thresholds using s
ondary data collected from neighboring range cel
[1][2][3][4][5]. This paper proposes a false alarm mitigatio
approach that accurately models the clutter using K-distrib
tions for each cell [6][7][8]. A map is created with the
higher order statistics generated from collected data m
surements. From these moments, K-distribution paramet
are estimated. A new threshold to be applied to the rad
measurements is computed for the appropriate K-distrib
tion. Since this approach independently adapts to the clu
in each cell, the clutter map thresholds are effective in redu
ing false alarms while maintaining detection performance
nonhomogeneous clutter.
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This paper is subdivided into five sections including th
introduction. The second section of this paper describes
clutter models considered for the clutter map. The third se
tion presents the data and a few statistical moment estima
The fourth section describes the proposed clutter m
approach. The final section describes our conclusions a
suggests further work in this area.

II. THE CLUTTER MODELS

Clutter map performance depends upon the accuracy
the clutter model. A generally accepted model for the clutt
return variations is the Rayleigh distribution. This distribu
tion is not accurate for every type of clutter. While man
other distributions have been proposed, the K-distributi
models spiky terrain clutter very well[8]. This section
reviews the Rayleigh distribution and the K-distribution.

A Rayleigh distribution is completely described by a sin
gle parameter, its mean value. The Rayleigh probabil
density function (pdf) is

. (1)

The parameter,b, can be estimated from the sample mean

the data, , using

. (2)

In contrast, the K-distribution models requires tw
parameters to be completely defined. Its pdf is

(3)

wherea is a scaling factor, is the shape factor, i

the gamma function, and is the modified Bess

function of the second kind of order [7][8]. The two basi
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parameters, , anda can be estimated using sample est
mates of the moments. There are more optimum techniq
of estimating the K-distribution parameters but these a
computationally intensive and not practical for real-tim
implementation in a clutter map. A suboptimal approach
used for this clutter map and described later in this paper.

The shape parameter, , controls the “spikyness” of t
distribution and must be greater than -1. Figure 1 conta
plots of various K-distributions witha set at 15. The tail
lengthens as decreases. The K-distribution can also
equivalent to the exponential, Rayleigh, or Weibull distribu
tions with the appropriate parameter values. Figure 2 co
tains two identical curves for a K, a of -.5 and ana equal
to 30, and exponential distribution, a mean of 30. Figure
also contains a plot of a Rayleigh pdf with a mean of 30 a
a K-distribution with of 300 and ana of 1. As
approaches infinity the distribution appears more like a Ra
leigh distribution.

Fig. 1.K-Distribution for Several Shape Parameters

Fig. 2.Exponential Distribution and Equivalent K-Distribution
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III. D ATA COLLECTION AND ANALYSIS

The data for this study is collected using a horizontal
polarized, ground surveillance radar. The radar transmits
LFM signal which is received and processed by a digital si
nal processor. The data is recorded before any clutter p
cessing such as CFAR or MTI is performed. Since o
processing approach requires estimates of the higher or
and fractional moment from the data samples, an assump
is made that the clutter is ergodic and stationary over t
observation interval, approximately 15 minutes. The da
used in this study is from particularly spiky, non-homoge
nous clutter. The data is collected from patches of clutt
covering eight contiguous range cells in 4-5 neighboring a
muth beams.

Fig. 3.Rayleigh Distribution and Equivalent K-Distribution

Once enough data is collected, sample estimates of
clutter’s central moments are formed. The sample mean,
unbiased estimates of the mean, is computed from

(4)

where is the amplitude of the data sample,i is the sam-

ple index, andN is the number of data points collected dur
ing the observation interval for one range cell. The samp
variance is estimated using

. (5)

The normalized skew, indicating the asymmetry of the dist
bution tails, is estimated by
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The kurtosis is the fourth central moment and gives an ind
cation of sharpness of the density function’s peak. T
Fisher kurtosis, which sets the Gaussian kurtosis to 0, co
pares the clutter distribution’s peak sharpness with that o
Gaussian distribution and is computed from

. (7)

These estimated moments support a quick characteriza
of the clutter. The skew and kurtosis are normalized by t
estimated standard deviation and indicate the rough shap
the pdf. For a Gaussian distribution, the skew and kurto
are 0. The Rayleigh distribution has a skew of .6 whic
reflects the assymetry of its distribution tails. The kurtosis
.2 indicating a distribution that is more peaked near th
mean. Table I summarizes the central moments for a vari
of distributions including some K-distributions. Notice tha
the last K-distribution’s 4 moments are identical to a Ra
leigh distribution. As the shape parameter increases,
skew and kurtosis decreases for a K-distribution indicating
less spiky distribution.

TABLE I.
DISTRIBUTIONS AND CENTRAL MOMENTS

Distribution mean variance skew kurtosis

Gaussian a 0 0

Rayleigh a 0.6 0.2

Exponential 2 6

K: 30 (21)2 1.4 2.8

K: 28 (18)2 1.2 2.2

K: 34 (21)2 1.1 1.5
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As an example in Figure 4 , the four moments are com
puted and plotted for 2 frequencies and 8 contiguous cells
one azimuth beam and 80 samples. One notices immedia
that this clutter is not homogeneous nor is it Rayleigh distri
uted. Also, one notices that the statistics are consist
between the two frequencies so that the clutter model may
selected independent of frequency. However, the parame
will be slightly different for each frequency so a separa
map must be maintained for each frequency.

In low level clutter signal returns where the system nois
dominates, a negative kurtosis may result indicating mo
spread than either a Rayleigh or Gaussian distribution. T
clutter map should not be applied in these regions and
normal thresholds should be used. A K-distribution mod
works well for statistics illustrated in Figure 4 for the cell
with estimated means above 25.

IV. PROPOSEDCLUTTER MAP

The proposed clutter map handles this nonhomogene
clutter by adapting the clutter model using estimated statis
cal moments from collected data. The K-distribution ca
properly model the spiky clutter with longer distribution tail
as well as approximating the Weibull, exponential, or Ra
leigh distribution. The two remaining issues to this clutte
map processing are the computational complexity of t
technique and the number of samples required for the e
mate to converge. In this section, three approaches to co
puting the scaling and shape factor are described w
differing convergence properties.

One technique with minimal complexity computes the tw
parameters for the K-distribution from high order samp
moments using (8), (9), and (10). This technique
straight forward and does not require the solution to a syst
of nonlinear equations. The scaling and shape factor
computed by

K: 63 (35)2 0.8 0.6

K: 30 (15)2 0.6 0.2

TABLE I.
DISTRIBUTIONS AND CENTRAL MOMENTS

Distribution mean variance skew kurtosis

ν 10=

a 15=

ν 600=

a 15=



Fig. 4.Statistics For 8 Contiguous Range Cells in One Azimuth Beam
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whereN is the number of samples collected.
The K-distribution parameters can also be estimated fro

low-order and fractional moments[7]. The shape parame
can either be computed from

(11)

or

. (12)

Of the two equations, (11) uses the lowest order and fra
tional moments.

The number of samples required for the parameter es
mater to converge is the primary implementation problem
any real-time radar system. The convergence properties
these K-distribution parameter estimators have been a
lyzed using a Monte-Carlo approach. The complexity of th
estimator prohibits an analytical approach. The plot
Figure 5 gives the standard deviation of the estimated sha
parameter as a function of the number of samples for t
estimators in (8), (11), and (12). Equation (11) consisten
gives a lower standard deviation. In Figure 6 , the effect
the clutter’s spikyness on the estimator’s convergence is a
lyzed. The standard deviation of the estimator in (11) is plo
ted as a function of the number of samples for 3 differe
shape parameter values. The spikier distributions conve
more quickly. Therefore, it takes more samples to estima
less “spiky” clutter with K-distributions.

Figure 7 and Figure 8 illustrates the new distributio
models resulting from this new clutter map approac
Figure 7 is a range cell with “spiky” clutter. Figure 8 ha
clutter that can be modelled with a Rayleigh distribution
The key to properly setting the clutter thresholds is acc
rately estimating the pdf tails. The “spiky” clutter require
longer tails. This results in higher thresholds and a reducti
in the false alarm rate.
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Fig. 5.Convergence Properties for Estimation Techniques

Fig. 6.Convergence Properties as a Function of the Shape Paramete

In Figure 7 , the histogram or frequency plot of ver
spiky clutter data collected at L-band is given. The skew
this clutter data is 1.24, and the kurtosis is 1.6. Four distrib
tions are then estimated: a Rayleigh distribution using (2
and three K-distributions using (8), (9), (11), and (12). Th
best estimate of the K-distribution parameters results fro
(11) and (9) due to the convergence properties mention
previously. The estimator gives a shape factor of

and scaling of for the K-distribution model. The
resulting threshold is 267 for a false alarm probability of 1e
6. If the Rayleigh clutter model had been erroneously use
the detection threshold would be set at 132 to achieve
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false alarm probability of 1e-6. However, this poor mode
ling would have increased the false alarm rate to 2.4e
instead.

Figure 8 shows a frequency plot and resulting clutter mo
els for clutter that is nearly Rayleigh. The K-distribution
are converging to the Rayleigh distribution. The threshol
are nearly equivalent between the Rayleigh and the K-dis
bution. The K-distribution parameter estimators, howeve
do converge more slowly for Rayleigh clutter than spikie
clutter.

Fig. 7. Clutter Histogram and Clutter Density Functions for Spiky Clutter

Fig. 8. Histogram and Clutter Density Functions for Rayleigh Clutter (a)
actual clutter sample results (60 samples) (b) computed density function
from clutter sample moments

V. CONCLUSIONS

This paper demonstrates that a clutter map that adapts
K-distribution model to fit the clutter data can significantly
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reduce the false alarm rate. The Rayleigh distribution
ineffectual in setting a detection threshold to reduce fal
alarms for nonhomogeneous, “spiky” clutter. The K-distr
bution with its longer tails better fits this “spiky” clutter.
The longer tail increases the detection threshold and eff
tively reduces false alarms.

However, it is beneficial for the clutter map to switch from
the K-distribution to a Rayleigh distribution if the clutter sta
tistics indicate the Rayleigh model. This is due to the conve
gence properties of the estimator. A decision to change
clutter model can be made from the sample moments. C
vergence and stability of the estimators on real data is
area where more research should be done.

Implementation of this clutter map requires thre
moments to be estimated for each operational frequen
increasing the computational complexity of the clutter ma
A digital processing can be designed into the system mi
mizing the impact of this additional complexity in the signa
processing. The fact that the false alarm performance can
improved by a factor of 1000 justifies the increased com
plexity of the clutter map.
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