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Abstract - This paper presents a unique false alarm This paper is subdivided into five sections including the

mitigation approach for nonhomogeneous clutter, which is introduction. The second section of this paper describes the
problematic for digital radars with increased sensitivity. A clytter models considered for the clutter map. The third sec-
clutter map is formed containing estimates of the WO {jon presents the data and a few statistical moment estimates.
parameters for the K-distribution. The map applies the new The fourth section describes the proposed clutter map

thresholds to the data. The false alarm rate is reduced by a . . . .
; : . approach. The final section describes our conclusions and
factor of 1000 due to the improved accuracy in modeling the . .
suggests further work in this area.

clutter distribution tail.

I. INTRODUCTION Il. THE CLUTTER MODELS

Clutter map performance depends upon the accuracy of

approach that successfully mitigates false alarms by modefn€ clutter model. A generally accepted model for the clutter
ing clutter with K-distributions. The addition of digital pro- r_etur_n variations is the Rayleigh distribution. Thls_dlstrlbu-
cessing to radars today increases the radar’s sensitivity. Thi{on iS not accurate for every type of clutter. While many

additional sensitivity requires more robust clutter processingther distributions have been proposed, the K-distribution

to maintain optimal system performance. Non-homoge-mOdels spiky terrain clutter very well[8]. This section

neous, spiky clutter is particularly problematic. The process!€Views the Rayleigh distribution and the K-distribution.
ing presented in this paper controls clutter false alarms for A Rayleigh distribution is completely described by a sin-
this type of clutter using a clutter map based on the K-distri-d1€ parameter, its mean value. The Rayleigh probability
bution. The paper demonstrates the effectiveness of this prél€nsity function (pdf) is

In this paper, we present a new clutter processin

cessing using real radar data collected with a highly —X2
digitized, ground surveillance radar. 2% ‘F

Clutter maps are designed to handle nonhomogeneous f (x) = —e N
clutter, which leaks through most traditional false alarm pro- X b

cessing. CFAR processing is designed for clutter that isThe parameteb, can be estimated from the sample mean of
homogeneous in range. Adaptive detection techniques als N .

rely on homogeneity in range and sets thresholds using sezt%e datall , using

ondary data collected from neighboring range cells 42

[1][2][3][4][5]. This paper proposes a false alarm mitigation b=- Mo @]
approach that accurately models the clutter using K-distribu- , T[ i ,

tions for each cell [6][7][8]. A map is created with the In contrast, the K-dIStI’IbUt!On models requires two
higher order statistics generated from collected data med2rameters to be completely defined. Its pdf is

surements. From these moments, K-distribution parameters 2 x \V +1 X

are estimated. A new threshold to be applied to the radar K, = ———(—a) Kv(;) U(X) ®3)
measurements is computed for the appropriate K-distribu- ar (V + 1) 2

Fion. Since this approach independently adapts .to the clu'[t%herea is a scaling factorV
in each cell, the clutter map thresholds are effective in reduc-

ing false alarms while maintaining detection performance inthe gamma function, anKV( . ) is the modified Bessel
nonhomogeneous clutter.

is the shape factbr(...) s

function of the second kind of order [7][8]. The two basic



parametersy , anda can be estimated using sample esti- [1Il. DATA COLLECTION AND ANALYSIS

mates of the moments. There are more optimum techniques the gata for this study is collected using a horizontally
of estimating the K-distribution parameters but these argyo|arized, ground surveillance radar. The radar transmits an
computationally intensive and not practical for real-time | gy signal which is received and processed by a digital sig-
implementation in a clutter map. A suboptimal approach is,g processor. The data is recorded before any clutter pro-
used for this clutter map and described later in this paper. cessing such as CFAR or MTI is performed. Since our
The shape parameter, , controls the “spikyness” of thgyrocessing approach requires estimates of the higher order
distribution and must be greater than -1. Figure 1 containgnd fractional moment from the data samples, an assumption
plots of various K-distributions witfa set at 15. The tail js made that the clutter is ergodic and stationary over the
lengthens as»  decreases. The K-distribution can also bebservation interval, approximately 15 minutes. The data
equivalent to the exponential, Rayleigh, or Weibull distribu-used in this study is from particularly spiky, non-homoge-
tions with the appropriate parameter values. Figure 2 connous clutter. The data is collected from patches of clutter
tains two identical curves fora K, @ of -5 andaequal  covering eight contiguous range cells in 4-5 neighboring azi-
to 30, and exponential distribution, a mean of 30. Figure 3nuth beams.
also contains a plot of a Rayleigh pdf with a mean of 30 and
a K-distribution with v of 300 and ara of 1. As v
approaches infinity the distribution appears more like a Ray- 003
leigh distribution.
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Once enough data is collected, sample estimates of the

clutter’s central moments are formed. The sample mean, an
unbiased estimates of the mean, is computed from

N
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Fig. 1.K-Distribution for Several Shape Parameters
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where Xi is the amplitude of the data samples the sam-
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ple index, andN is the number of data points collected dur-

0.025¢ ing the observation interval for one range cell. The sample
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N R TABLE L.
1 X. —I-l 3 DISTRIBUTIONS AND CENTRAL MOMENTS
_ |
Z - ~ : Q) Distribution  |mean \variance kew Kurtosis
N o
i=1 K:v =10 | 63 (35 0.8 0.6

The kurtosis is the fourth central moment and gives an indi} 5 = 15
cation of sharpness of the density function’s peak. Th

Fisher kurtosis, which sets the Gaussian kurtosis to 0, conf-K: v = 600 | 30 (157 0.6 0.2
pares the clutter distribution’s peak sharpness with that of p 5 = 15
Gaussian distribution and is computed from

As an example in Figure 4 , the four moments are com-

N N puted and plotted for 2 frequencies and 8 contiguous cells for
_ |11 —H one azimuth beam and 80 samples. One notices immediately
Y = N Z - -3. (M that this clutter is not homogeneous nor is it Rayleigh distrib-
. o uted. Also, one notices that the statistics are consistent
=1 between the two frequencies so that the clutter model may be

These estimated moments support a quick characterizatiQy|ected independent of frequency. However, the parameters
of the clutter. The skew and kurtosis are normalized by th§yj pe slightly different for each frequency so a separate
estimated standard deviation and indicate the rough shape FHCap must be maintained for each frequency.
the pdf. For a Gaussian distribution, the skew and kurtosis | o\ level clutter signal returns where the system noise
are 0. The Rayleigh distribution has a skew of .6 whichqyominates, a negative kurtosis may result indicating more
reflects the assymetry of its distribution tails. The kurtosis ISspread than either a Rayleigh or Gaussian distribution. The
2 indicating a distribution that is more peaked near theyiter map should not be applied in these regions and the
mean. Table | summarizes the central moments for a varietyfsrma| thresholds should be used. A K-distribution model

of distributions including some K-distributions. Notice that orks well for statistics illustrated in Figure 4 for the cells
the last K-distribution’s 4 moments are identical to a Ray-yitn estimated means above 25.

leigh distribution. As the shape parameter increases, the
skew and kurtosis decreases for a K-distribution indicating a

less spiky distribution. IV. PROPOSEDCLUTTER MAP
TABLE I. The proposed clutter map handles this nonhomogeneous
DISTRIBUTIONS AND CENTRAL MOMENTS clutter by adapting the clutter model using estimated statisti-
— _ : cal moments from collected data. The K-distribution can
Distribution _|mean variance _gkew Hurtosis properly model the spiky clutter with longer distribution tails
Gaussian a o2 0 0 as well as approximating the Weibull, exponential, or Ray-
_ leigh distribution. The two remaining issues to this clutter
Rayleigh a @)2 0.6 0.2 map processing are the computational complexity of the
technique and the number of samples required for the esti-
Exponential | 1 e > 6 maFe to converge. In this section, three approachgs to com-
a (5) puting the scaling and shape factor are described with
differing convergence properties.
K:v =05 |30 (212 1.4 2.8 One technique with minimal complexity computes the two
~ parameters for the K-distribution from high order sample
a=15 moments using (8), (9), and (10). This technique is
K:v=1 28 (18 1.2 2.2 straight. forward an(_d does not require the solution to a system
~ of nonlinear equations. The scaling and shape factor are
a=15 computed by
Kiv=2 34 (21)2 1.1 1.5
a=15
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where “k is the sample estimate of tkta moment[7]. The

9

sample estimate of the moments is computed from

N

1k
i=1



whereN is the number of samples collected.
The K-distribution parameters can also be estimated from
low-order and fractional moments[7]. The shape parameter

can either be Computed from o Convergence as a Function of Sample Number
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Of the two equations, (11) uses the lowest order and frac \\ s
tional moments. I ’ \ - w2

The number of samples required for the parameter esti
mater to converge is the primary implementation problem ir
any real-time radar system. The convergence properties ¢
these K-distribution parameter estimators have been ani
lyzed using a Monte-Carlo approach. The complexity of the
estimator prohibits an analytical approach. The plot in
Figure 5 gives the standard deviation of the estimated shay
parameter as a function of the number of samples for thi
estimators in (8), (11), and (12). Equation (11) consistently
gives a lower standard deviation. In Figure 6 , the effectol |
the clutter’s spikyness on the estimator’s convergence is ani 10° 10°
lyzed. The standard deviation of the estimator in (11) is plot- Number of Samples Used in Estimate
ted as a function of the number of samples for 3 different Fig. 6.Convergence Properties as a Function of the Shape Parameter
shape parameter values. The spikier distributions converge
more quickly. Therefore, it takes more samples to estimate
less “spiky” clutter with K-distributions. In Figure 7 , the histogram or frequency plot of very

Figure 7 and Figure 8 illustrates the new distribution SPIKy clutter data collected at L-band is given. The skew of
models resulting from this new clutter map approach.this clutter data is 1.24, and the kurtosis is 1.6. Four distribu-
Figure 7 is a range cell with “spiky” clutter. Figure 8 has tions are then estimated: a Rayleigh distribution using (2).
clutter that can be modelled with a Rayleigh distribution.@nd three K-distributions using (8), (9), (11), and (12). The
The key to properly setting the clutter thresholds is accubest estimate of the K-distribution parameters results from
rately estimating the pdf tails. The “spiky” clutter requires (11) and (9) due to the convergence properties mentioned
longer tails. This results in higher thresholds and a reductiofpreviously. The estimator gives a shape factovof 42
in the false alarm rate. and scaling ofa = 16.2 for the K-distribution model. The

resulting threshold is 267 for a false alarm probability of 1le-
6. If the Rayleigh clutter model had been erroneously used ,
the detection threshold would be set at 132 to achieve the

Standard Deviation in Estimate

=
o




false alarm probability of 1e-6. However, this poor model-reduce the false alarm rate. The Rayleigh distribution is
ling would have increased the false alarm rate to 2.4e-3neffectual in setting a detection threshold to reduce false

instead.

alarms for nonhomogeneous, “spiky” clutter. The K-distri-

Figure 8 shows a frequency plot and resulting clutter modbution with its longer tails better fits this “spiky” clutter.
els for clutter that is nearly Rayleigh. The K-distributions The longer tail increases the detection threshold and effec-
are converging to the Rayleigh distribution. The thresholddively reduces false alarms.
are nearly equivalent between the Rayleigh and the K-distri- However, it is beneficial for the clutter map to switch from
bution. The K-distribution parameter estimators, howeverthe K-distribution to a Rayleigh distribution if the clutter sta-
do converge more slowly for Rayleigh clutter than spikiertistics indicate the Rayleigh model. This is due to the conver-

clutter.
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V. CONCLUSIONS

gence properties of the estimator. A decision to change the
clutter model can be made from the sample moments. Con-
vergence and stability of the estimators on real data is an
area where more research should be done.

Implementation of this clutter map requires three
moments to be estimated for each operational frequency
increasing the computational complexity of the clutter map.
A digital processing can be designed into the system mini-
mizing the impact of this additional complexity in the signal
processing. The fact that the false alarm performance can be
improved by a factor of 1000 justifies the increased com-
plexity of the clutter map.
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This paper demonstrates that a clutter map that adapts the

K-distribution model to fit the clutter data can significantly
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