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ABSTRACT

The problem of processing radar data by means of fuzzy
subset theories and possibility theories is considered
«In this paper,fuzzy model of radar observations is fo=-
unded and maximal clearness criterion is proposed. On
the basis of this criterion niv‘éderive the structure of
minimum fuzziness estimators.The computer simulation
results show that it is a feassible and effective to
process radar data with the aid of fuzzy techniques.

INTRODUCTION

It is important and significant to obtain target info-
rmation precisely in radar applications. Radar measures
various target parameters by observing the amplitude
and the phase of target echoes at given time, given
frequency and given space. For improving radar*s abil-
ity to acquire target information we must get a series
of amplitude and phase samples which contain target in-
formation. Lees has ever indicated that we can get va-
rious sorts of target informations by differentiating
amplitude and phase samples.For instance, we obtain az-
imuthal information by using space differential of pha-
se sequences and shape information by using space diff-
erential of amplitude sequences. lLees's expositions are
brilliant. Acoording to this fact, the sample séquence
above can be treated as-a target information sequence
directlys ry=8+e3(i=1,2 ...,n),where § stands for the
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true value of a target parameter,ej is a additive error.

In the tradltional probabilistical approach,{eii: are.
usually modeled as a random vector which is described
by a probability distribution function(p.d.f.).this is
reasonable for large samples. However, this is not the
case for small samples. It is easily seen that for small
n.{eiﬁfann't be described by a sole p.d.f..That is to
say,in the case of small samples, an uncertainty on dis-
tributoon function will take place when the probabilis-
tical approaches are used. In this paper,a nonmormal mo-
deling method is presented to overcome this gap. we con-
sider ei(i=1,...,n) as a fuzzy error described by a po-
ssibility distrubution function under the condition of
small samlles. In the light of this view,fuzzy model for
radar observations is founded and maximal clearness cri-
terion is proposed. We also derive the structure of mi-
nimum fuzziness estimators. The experimental results
show that the nonnormal modeling method presented in
this paper is reasonable and effective.

MODEL AND CRITERION
Let gz[q....rﬂTeRn be a data vector, e=[e...en] &K a
error vector and § the unknown true value of a target
parameter. Then,fuzzy model for radar observations is
as follows;,
ri=6+ei (i=1,2,...,n) (1)
where{eiifre #-indepentent and constant distributed.
That is;:
poss(ej=x)=f(x/q), ¥ xer, 070 , 4%i¢n,
poSS(eE Xy o+ €= -_‘f"jxiif(xi/u-), (% - Xn ) e R™.
feF.—.{f/f. R [0,4)s £(0)=4;f(x)=f(-x),lfxERs X270 =>
f(x)&f(x2).
It is well known that an estimator T is a mapping

which from every n and every r yields a parameter hn@}
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i.ed, T R‘.l’® In terms of above fuzzy models, T indu-
ces a fuzzy subset gg of‘@b:for every n. From the exten-
sion principle we can find the membersdip function of
gﬁ easily.The minimum fuzziness element of Qg is one
for which the membership function gg(.) is maximal,this
enables us to create an optimal data processsing method
1 for seeking a 9@4@).the minimum fuzziness element of
84 induced by estimator T(r) is just 8(true value of a
target parameter). This idea is expressed by so-called
maximal clearness criterion;

Spppose that R_Rn,m(r,e)ﬁé‘.f(ri—e/q-).xf M(.,.) takes
maximum when €=T(r) for re¢R ,then T(r) is called mini-
mum fuzziness estimation of 6.

MINIMUM FUZZINESS ESTIMATOR AND RECURSIVE
ALGORITHM

A-operation is the most useful binary operator in fu -
zzy algebraic system. In this paper, the structure of-
minimum fuzziness estimators is derived under the con-
dition of #=A. Firstly,we have a lemma as follows;

Lemmad ; Suppose that #=p,feéF and d(;.e);3|ri-e[. If
geRn,d(;.T(g))zin d(r,8),Then T(r) is théﬁkinimum fu-
zziness estimator  of 8¢

The proof is omitted because it is obvious.From this
lemma,we can derivethe structuue of minimum fuzziness
estimators. 1

Theoremis Suppose that x=A, f&F.d(;.G)ﬁ!Fj-el.

Let T(r)=(Tmintpax)/2, ¥ rer", (2)
where rmin:%ﬂn{ri}, rmanggxfri](min:A,max:V),then.T(;)
is the minimum fuzziness estimation of 8.

The ware which realizes the operation corresponding
to the eq. (2) is called minimum fuzziness estimator
whose structure is shown in Fig.l.
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It is clear that the minimum fuzziness estimator con-
sists of maximal calculator,minimum calculator and av=-
erage calculator.For reducing operations and saving me-
mory capacities, T(r) is changed into another form.

|
' 0
| max{r}
i izt
reR® —— Lo o(p)
1 n {
1 min{ |
| i=1{l} I
. l
Input } Minimum fuzziness M&P ! Solution

rFigd Minimum fuzziness estimator.

n
Suppose that the T(r)=t, when ;&Rn.ﬂziﬁ=m%p{ri},
=
fgax=m%f{ri}. we have; ‘
(R

-1 n-4
th-t e ’ l(?nin\ I;nS max 2
tn={(rntrmax)/2 , rhergié ’ (3)

-F -
(rtTiR)/2 ,  mIriEx

. (A~ tn-1)
Thus, the estimator need only store tp.s, rmag and rpin

and need not store all n samples regardless of how la-

rge n is. When the nth sample is observed, we can get
t, by a addition operation and a shift operation.

SIMULATION AND CONCLUSION

The average relative error(GRE) is used for evalua-
ing the performance of minimum fuzziness estimators
in this paper. Let ﬂg be the ith estimation of the
target parameters when the length n data samples are
observed,Ne the experimental number of times, we de-

fine.
) -
J%%le (4 )

{ Ne
GRE=ﬁ-;lZ\

To evaluate the GRE performance of minimum fuzziness
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estimators(FME) we have done the computer simulation
experiments in which © represents the range of the
ship targets. The experimental results for various
observation length(n) and signal-noise-ratio (S/N)
are listed in tablel, (where Ne=100 and 8=50 miles).

rablel Average relative error on FME

G —HRE 0 | 45 25 37
6 db 0.044 0.042 0.042

SN @ a 20 20 40
0dB | 0092 0.9 0-08

N EEN | 33 37 40
~4d8 0.139 0-130 0.129

It can be seen from tabled that FME has good ablity
to suppress the measure noise and improve the measure
precision., For example, by GRE=0.04 we mean that the
range error is equal to 2.2 miles (50X§044),this per-
formance is better than that of the average filter
(TME), in the case of S/N equaling 6 dB and data len-
gth equaling 15. Under equal conditions, we compare
the performance of FME with that of TME. The results
are shown in Fig.2 and Pig.3. It is clear that FME'S
GRE are smaller than TME'SGRE. Thus we conclude FME'S
performance is better than TME's perfornance under e-
qual conditions,

It is our principal goal to process radar data un-
der the condition of small samples by means of a po-
ssibility theory.In this paper, the model, criterion
and structure are given to realize this goal. From
the paper's researches we have several preliminary
views;,
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(1) It is an effective and reasonable modeling method
to describe the performance of radar measure errors
with the aid of a possibility theory. That is to say,
the uncertainty on measure error is suitably descri-
bed by a possibility theory in the case of small sam-
ples;

(2) The structure of minimum fuzziness estimator is
robust in the possibility distribution family F;

(3) The minimum fuzziness estimator is simple on str-
ucture and easy on practical implement. The perfor-
mance of FME is better than that of TME.

we thank prof. Sun Zhongkang and prof. Zhou Zhutong
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| §RE WGRE

a3 TME 03 TME

0.2 02 ””"_‘——_*”//"

0. I TME

o4 — TME o1 ~—~——

LQA 1 1 . Agn ~° X I 1

30 40 50 60 N 3 0 50 60 N
Fig.2 S/N=64B : Fig.3 S/N=-4dB

REFERENCES

1. Lees, In: Avionics Research; Satellites and prob-

lems of Long Range Detection and Tracking,Pergaman

Press, (1960).

2. D. Dubois and H. Prade, Fuzzy Sets and Swstems.Th-

eory and Applications, Academic Press.(1980);;

3¢ LeAs Zadth, Int. J. for Puzzy sets and systéms,
(1) (1978), 3.

4. G. Bampom, In; Advances in control, 2nd Int. Con-

f. on Information Sciences, (1979).



