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Abstract—The performance of a radar detector may become
inaccurate when key parameters of the system are imprecise.
Imprecise parameters are modeled here as fuzzy numbers. The
Fuzzy Integrator detector is constructed for a Rician target in
Rayleigh background. Results indicate that the precision of the
detection performance decreases as parameter imprecision
increases. The false alarm rate is particularly sensitive to
parameter imprecision at low false alarm rate; 5% imprecision
in the parameters can give rise to more than 300% imprecision
in the false alarm rate at nominal false alarm rates below 10 .

I.  INTRODUCTION

Detectors are generally constructed to use classical hy-
pothesis test procedures, for example the Neyman-Pearson
test [1].
plied only when the parameters on which the hypotheses

However, such procedures are designed to be ap-

depend are known precisely. Many practical radar detection
systems cannot assess phenomena as precisely as desired, yet
parameter imprecision is not generally modeled. This may
cause the detection model to poorly match the actual detec-
tion environment, resulting in inaccurate predictions of the
detection performance.

In a series of papers [2, 3, 4, etc.], Saade and Schwarz-
lander investigated the effects of fuzzy (imprecise) parame-
ters on the performance of likelihood ratio decision rules in
several detection scenarios. In particular, they examined
detection of a fixed amplitude signal in Gaussian noise
having fuzzy variance using a Neyman—Pearson decision rule
[2]. They identified that the likelihood ratio of hypotheses
depending on fuzzy parameters would also be fuzzy, some-
times preventing a binary detection decision from being
made. Other authors have also examined aspects of signal
detection and decision-making using fuzzy logic, including
Dziech and Gorzatczany [5], Son et al. [6], and Boston [7].

In [8], Minett and Leung extended the approach of Saade
and Schwarzlander to apply the Neyman—Pearson hypothesis

test procedure to a detection scenario in which any number of

the detection parameters, such as noise variance and signal
amplitude, could be imprecise. Furthermore, by applying the
Extension Principle for fuzzy numbers [9] to the decision
rule, both the false alarm rate and detection rate of the detec-
tor could be obtained as fuzzy numbers, explicitly identifying
the imprecision of the detector’s performance. Later, in [10],
they continued this work to develop the Fuzzy Integrator with
fuzzy M-out-of-N decision rule to perform signal integration
and data fusion with an arbitrary number of imprecise pa-
rameters.

The effects of parameter imprecision on detection per-
formance of the Fuzzy Integrator will be investigated here for
a Rician target in Rayleigh background. This work goes
beyond that carried out in [9] by analyzing the effects of
parameter imprecision down to nominal false alarm rate 10°°.

II. SUMMARY OF THE FuzZY INTEGRATOR

We now briefly summarize the structure of the Fuzzy Inte-
grator [10]. When no target signal is present in the test bin,
the signal returns, z, of the interference are assumed to have

probability density function (p.d.f.) f (z; P, ), which depends
on a set of parameters with values P, = (pX‘, ...,px‘).
However, when a target signal is present in the test bin, the
signal returns of the target-plus-interference are assumed to
have p.d.f. g(z;P,), which now depends on the parameters
with values P, = (pyl s o5 Dy, ) We denote the hypothesis

that not target is present by H, and the hypothesis that a
target is indeed present by H;. The likelihood ratio function,
Az is defined as

g(zP,)
f(zP,)

The value of the likelihood ratio for imprecise parameter

A, (zP,P,) = (1)

values P, and P, is obtained by applying the Extension

Principle for fuzzy numbers [9] and is the fuzzy set with



membership function
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For a set of N observations of the signal returns in the test
bin, z = {zl, oo zN}, the Fuzzy Integrator implements the

decision rule

IV =

Y Q(A,(z:P.P)y) T M, 3)

where M is the crisp (non-fuzzy) global threshold and Q is
the fuzzy threshold obtained by applying a fuzzy ordering
method, such as total distance ordering [10], to order the
likelihood ratio with respect to the crisp threshold, 3. Fig. 1
shows a comparison of the crisp threshold, % and the fuzzy
threshold, Q. € measures the preference for deciding that a
target is present. More information can be found in [10].
The false alarm rate of the Fuzzy Integrator is defined as

Pe(Y" Q(A, (2P, P,).7) = M| H,), )
while the detection rate is defined as
pe(Y Q(A, (3PP, )y) 2 M| H,). (5)

Under both hypotheses, the distribution of the likelihood
ratio, A, (z;;P,,P,), and hence of Y."Q(A, (z;P,.P,).7),

is imprecise. Therefore both the false alarm rate and detec-
tion rate are also imprecise; their membership functions can
be calculated by again applying the Extension Principle for
fuzzy numbers, much like in (2).

III. FUuzzZy INTEGRATION FOR A RICIAN TARGET IN RAYLEIGH
BACKGROUND

In this section, we investigate the effects of parameter im-
precision on the detection performance of the Fuzzy Integra-
tor for a non-fluctuating target in Gaussian interference. At
the output of a band-pass filter, as is well known, the enve-
lope of interference only has Rayleigh distribution with p.d.f.
[11]

figo?)=—= exp[— xzz J 4)
o 20

while the envelope of the target-plus-interference has Rice
distribution with p.d.f. [11]
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Fig. 1. Comparison of the crisp threshold and fuzzy threshold.
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where u is the amplitude of the target, o is the interference

variance, and I, () represents the modified Bessel function

of the first kind of order zero. The likelihood ratio function is

A(zi;,u,az): exp[—% ’uz Jlo [zi qu J (6)

o o

However, now suppose that the target signal amplitude, 4,
and the noise variance, 0'2, are imprecise, modeled as triangu-
lar fuzzy numbers [12]. The fuzzy likelihood ratio can be
obtained from the above likelihood ratio function by applying
the Extension Principle for fuzzy sets using (2).

Fig. 2 shows the receiver operating characteristics (ROCs)
of the Fuzzy Integrator at SNR 0dB (= o= 1) when there is
no imprecision (the Nominal curve) and when there is 5%
imprecision in both the signal amplitude and noise variance
(the region enclosed by the two Support curves). The curve
was generated by Monte-Carlo simulation with up to 50
million samples per point (higher false alarm rates required
fewer samples). So, for example, when there is 5% impreci-
sion in the parameter values at nominal false alarm rate 2.27
X 10’6, the actual false alarm rate lies in the interval

[3.60><10‘7, 9.85><10“’] . Thus for 5% parameter impreci-

sion, the actual false alarm rate has more than one order of
magnitude of imprecision. The detection rate is affected
similarly.

Fig. 3 displays in more detail the imprecision of the false
alarm rate when there is imprecision in both the signal
amplitude and noise variance. At high nominal false alarm
rates, about 107!, parameter imprecision has little effect on

the precision of the actual false alarm rate. However, as the
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Fig. 2. Receiver operating characteristics of the Fuzzy Integrator for
parameter imprecision 5% , SNR = 0dB.

nominal false alarm rate is reduced, the imprecision in-
creases. For example, at nominal false alarm rate about 107,
the false alarm rate imprecision rises to more than 300%.
Note also that for 1% parameter imprecision, the false alarm
rate imprecision is roughly constant, indicating that parame-
ter imprecision of up to 1% will not adversely effect the
detector’s performance.

IV.CONCLUSION

The effects of parameter imprecision on the detection per-
formance of the Fuzzy Integrator for a Rician target in
We observe that the
imprecision of the performance (both the false alarm rate and

Rayleigh background is presented.

detection rate) can be many times greater than imprecision of
the parameters, highlighting the importance of evaluating or
The
methods described here can also be used for other interfer-

estimating parameters as precisely as practicable.

ence and target models, and detectors to assess the relation-
ship between parameter imprecision and performance impre-

cision.
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