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Order-Statistic CFAR (OS-CFAR) il

Herman Rohling, “Radar CFAR Thresholding in Clutter and Multiple Target Situations,”
IEEE Transactions on Aerospace and Electronic Systems, vol. 19, pp. 608—621, 1983.

e In OS-CFAR, the average noise power in a region is
estimated using an order statistic, or ranked sample
of the noise power samples in the reference window.

e For example, we might use the sample median
instead of the sample mean to estimate the average
noise power.

e While an order statistic estimate is not the
maximum likelihood estimate if the samples are
independent and statistically homogeneous (i.1.d.),
order statistics (e.g., the sample median) are much
more robust to deviations from this ideal.
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Order-Statistic CFAR (OS-CFAR)

Cell Under Test (CUT)
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Sort and select k-th cell, X(.
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Adaptive Threshold

In OS-CFAR, the reference noise samples X1,..., Xy are sorted from smallest

to largest and designated

) Qe SR e e

The k-th order statistic X (;)—or some scaled version of it—can then be used

as the mean power estimate.

While the median seems like a logical choice, selecting values of k in the area of

3N/4 to 4N/5 have been shown to work well.*

* See: Michael F. Rimbert, Constant False Alarm Rate Detection Techniques Based on Empirical Distribution Function Statistics, Ph.D Thesis,
School of Electrical and Computer Engineering, Purdue University, August 2005.




Behavior of OS-CFAR He e

e OS-CFAR is robust to outliers deviating from a set
of homogeneous 1.1.d. samples in the reference
window because order statistics—especially central
order statistics near the median— are robust to
outliers.

e This is in fact why statistician John W. Tukey
developed and advocated statistical estimation
techniques based on them.

e More general results from the theory of order
statistic filters may also yield interesting new
CFAR techniques.

e How well do they behave compared to optimal CA-
CFAR when the noise reference samples are i.1.d. ?

Analysis of OS-CFAR et

Assume that X;,..., Xy are i.i.d. samples from a common pdf f(x) having
corresponding cdf F(x). If we form the order statistics
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Now if the X; are i.i.d. with pdf
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Thus the pdf of the OS-CFAR statistic Z = X, is Equivalently, the p.d.f. of
Z is given by
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Thus the probability of false alarm for OS-CFAR is given by 4215
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Similarly, we can derive the probability of detection as
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Pp as a function of N and SNR for desired Prq =1 x 107
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Mathewmatica Code to Generate Plots

In[1]:=osPfa[n_,k_,t_]:=Module[{i},
Product[(n-i)/(n-i+t),{i,0,k-1}]]

In[2]:=0sPd[n_,k_,t_,s_]:=Module[{i},
Product[(n-i)/(n-i+t/(1+s)){i,0,k-1}]]

In[3]:=findOS[n_,quantile_]:=Module[{}, Round[n*quantile]]
In[4]:=findT[n_,k_,pfa_]:=Module[{sol,r},

sol=FindRoot[osPfa[n,k,r]==0.000001 {r,1}];
r/.sol]

In[5]:=caPd[n_,pfa_,s_]:=Module[{}, ((1+s)/(pfa’(-1/n)+s)) n]

u2.1¢




A Typical Run M. (&

n=16

k=findOS|n,4/5]
Out[7]=13

t=findT[n,k,0.000001]

Out[8]=16.9527

LogPlot[{0.0000017(1/(1 + s)), caPd[n, 0.000001, s], osPdIn,
K, t, s]}, {s, 0, 20}]
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OS-CFAR/CA-CFAR Comparison (N=24. k=19, a = 10A(-6) )
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OS-CFAR/CA-CFAR Comparison (N=5.k=4. o = 10A(-6) )
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OS-CFAR/CA-CFAR Comparison (N =16.k=13, a = 107(-6) )
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CFAR Processor Performance Comparison
Processor
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Figure from: Michael F. Rimbert, Constant False Alarm Rate Detection Techniques Based on Empirical Distribution Function Statistics, Ph.D Thesis,
School of Electrical and Computer Engineering, Purdue University, August 2005.
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Stretch Processing for Low-Complexity

Radar Signal Processing

Wideband waveforms using LFM, phase coding or frequency coding are used in
radar when high range resolution is needed.

These waveforms are often processed using a digital matched filter.

This requires sampling of the received signal at very high sampling rates (twice
the waveform bandwidth.)

Stretch-processing makes use of the distinct structure of LFM waveforms to
reduce the required sampling rate.

Stretch Processing allows for high resolution LFM measurements over a
restricted range interval with much lower sampling rates than sampling the
waveform bandwidth at the Nyquist rate as required by a digital matched filter.

Properly implemented, the range resolution is equivalent to that of the matched
filter and the SNR is equivalent to the matched filter response of the LFM
waveform.

Frequency
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The Basic Idea of Stretch Processing
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Stretch Processing can be Modified for Additional Flexibility

Frequency

Time

Automotive Radar Example (Rohling)

An example from real world radar waveform:

A chirp waveform of 2.5milliseconds and 150MHz bandwidth is

150Mhz
2.5ms
design principles for Automotive Radar System' by Hermann Rohling)

considered here. Chirp slope k = (data taken from 'waveform

Match Filter : Sampling Frequency = 2x150Mhz ={300Mhz
#samples/chirp = 2.5ms x 300Mhz = 750,000 samples

Stretch Processing : Consider maximum tracking distance 400 meters,
(At highway speed of 65 mph, recommended 3 second seperation means
150Mhz 2 x 400

X
25ms  3x10°
= Sampling Frequency = 2x80Khz =|160Khz |

range of 100 meters. ) Af =kAt = =80Khz
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