From (60), it can be combined to yield two sets
of measurement representing rotational and linear
accelerations at CG, respectively, as

Yo = S(A, + A+ Ay + AL 61)
and
Y
n=]
yay
Aol - A03
2
= . (62)
- (A02 _ AoA)
2

The state measurements in (61) and (62) do not
have the unwanted w? term but do have the gravity
term. However, any additional measurements on
p.V,6,w can help some of the problem.
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A Fuzzy Approach to Signal Integration

A new fuzzy concept for postdetection signal integration is
presented. The fuzzy integrator is developed as a simple extension
of the classic binary integrator by replacing the crisp binary
threshold, which quantizes the observed data, with a fuzzy
threshold. The performance of the fuzzy integrator is illustrated
for detection of a simple nonfluctuating signal in Gaussian noise
and is shown to exceed that of the binary integrator, approaching
that of the optimal detector with Neyman—Pearson decision rule.
Furthermore, the fuzzy integrator has the characteristic that the
false alarm rate can be tuned using a single threshold, more easily
than that of the dual-threshold binary integrator.

. INTRODUCTION

Integration is a process used in signal detection by
which data from multiple observations are combined
to improve detection performance. There are two
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general categories of signal integration: predetection
integration and postdetection integration. Predetection
integration (1], also known as coherent integration,
sums observations directly prior to processing while
maintaining the phase relationship between them [2].
On the other hand, postdetection integration {1}, or
noncoherent integration, first processes observations,
such as by passing the received signals through
an envelope detector, before combining them [2].
Although, in theory, predetection integration provides
superior performance, postdetection integration is
sometimes preferred as it requires no knowledge of
the phase of the signal [2] and sometimes provides
better performance for rapidly fluctuating signals
[1). This work considers postdetection integration
only. One of the simplest postdetection integration
techniques is the dual-threshold binary integrator
[1], also known as the M -out-of-N detector, which
integrates signals by first generating a local decision
for each observation and then combining the local
decisions using an M-out-of-N decision rule.
Although this detector is suboptimal for Gaussian
noise due to the quantization effect of the threshold,
it offers robust performance when the noise is
non-Gaussian [1]. M-out-of-N decision rules having
much the same form are also used widely for sensor’
fusion in distributed detection systems [3].

Soon after introducing fuzzy set theory as a
method for modeling ambiguity [4], Zadeh began
to look at ways in which fuzzy logic was related
to and could be combined with probability theory
[5]. Many authors have since investigated methods
for incorporating fuzzy logic into signal detection
theory. Gorzalczany and Dziech presented a series
of papers discussing the transmission and detection
of signals with amplitudes given by interval-valued
fuzzy sets, including [6, 7]. Son and colleagues
reformulated the generalized Neyman—Pearson
criterion for imprecise data [8] and applied it to
detection of known signals [9, 10]. Soon after, Saade
and Schwarzlander developed a body of work on the
testing of hypotheses involving data with both random
and fuzzy components (hybrid data) [11], which
they then applied to signal detection when the signal
amplitude or signal shape are fuzzy [12], and when
the prior probabilities and costs of a Bayesian decision
rule are fuzzy [13, 14]. Leung and Minett went on to
explore further the effects of parameter imprecision on
the performance of detectors with Neyman—Pearson
decision rules [15-17], and variants of the M-out-of-N
detector using fuzzy (soft) thresholds [18, 19]. Chen
and Wang devised a fuzzy theory for signal detection
that incorporates the observer’s belief about the
presence of a signal as an attempt to model human
intuition in the detection process [20]. Examining
the problem of uncertainty from a different angle,
Boston developed a fuzzy detection method that can
“almost completely eliminate classification errors at

CORRESPONDENCE

the cost of a large number of uncertain classifications”
[21]; this has recently been applied to reduce the
number of errors made in QRS detection [22].

Boston has also proposed an alternative approach

to modeling uncertainty in detection systems using
Dempster-Shafer theory [23], finding that such a
belief theoretic approach may be superior to his own
fuzzy theoretic approach, although he acknowledges
that the uncertainty modeled by each approach is
different. Various other applications of fuzzy logic to
signal detection based on feature extraction have also.
been proposed, including {24, 25], many of which use
the fuzzy c-means algorithm [26].

In this correspondence we present a fuzzy
integration concept that is a simple fuzzy extension
of binary integration and follows work developed in
{18, 19]. This approach is designed to overcome the
reduction in performance due to quantization of the
binary integrator while retaining some of its features.
To achieve this, the crisp threshold used in the first
stage of binary integration is replaced with a fuzzy
threshold [18, 19], which smoothes the output and so
retains more information than the binary integrator.

In general, detection models are constructed by
making assumptions regarding the a priori detection
environment. However, no set of a priori assumptions
will perfectly match a real detection environment.
Often the a priori parameters, such as the actual mean
power of clutter in a typical radar detection scenario,
are imprecise and so reduce the performance of the
detector. The imprecision can be incorporated into
more realistic detection models by treating these
parameters as fuzzy numbers [12-17]. The fuzzy
integration concept presented here can be combined
with such detection models to model the effects of
imprecise a priori parameters on performance, as
demonstrated in [15, 17].

Here, we consider the classical problem of
detecting a constant amplitude signal in Gaussian
interference. Of course, when the signal amplitude
and noise variance are known exactly, the
Neyman-~Pearson criterion, discussed throughout the
literature, e.g. [2, 27], is well known to be optimal.
Equally, when the noise variance is unknown or,
more generally, when “very coarse information about
observations is available” [3], nonparametric detectors,
such as the Wilcoxon rank detector [3, 28], can be
used effectively. Our aim here, rather, is to describe
a signal integration concept using elements of fuzzy
logic that provides good detection performance. We
illustrate the characteristics of the fuzzy integrator for
a nonfluctuating signal in Gaussian interference; this
allows the essential features of the fuzzy integrator
to be described conveniently. Nevertheless, the fuzzy
integrator can be developed for other interference
models in much the same way, such as for Weibull
clutter [18]. Since the fuzzy integrator is based on the
binary integrator, we first review the binary integrator.
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Fig. 1. Characteristic function of the binary integrator.

.  SUMMARY OF THE BINARY INTEGRATOR

For a constant amplitude signal in Gaussian
interference, the task at hand is to select one of two
hypotheses,

Hy: Y ~N(0,0% : “No Signal”
H,: Y ~N(m,o0? :“Signal”

based on a set of n independent observations ¥,

1 <i < n, of a random variable ¥, where ¥ ~ N(m,c?)
denotes that Y has a Gaussian distribution with mean
m and variance o2. The binary integrator applies

a crisp threshold to quantize each observation, the
output of which is given by the characteristic function,
shown in Fig. 1,

0:y;<th,

1
l:yizﬂzy M

x() = {
where th, is the crisp threshold, and y; is the observed
value of ¥,. We refer to this threshold as the local
decision threshold and values of the characteristic
function as local decisions. The local decisions are
then summed and compared to a second threshold T
producing the decision rule

n Hl
Zx(yogr 2
i=1 0

For integration of n observations, T is chosen to be an
integer in the range {1,n] and indicates the minimum
number of local decisions that must have the value 1
(i.e., that imply H, locally) for hypothesis H, to be
selected.

The probability that a single observation exceeds
the local decision threshold is

Pr(Y; > thy | ¥, ~N(0,0%) = 1 ~ 8(th, /o)  (3)

where @ is the cumulative distribution function of the
standard Gaussian distribution {29] given by

e [ (8
Q(Z).—/;w Zﬂexp( 2)d€.

Hence, the false alarm rate can be evaluated as the
probability that at least T out of n observations exceed

“)
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this threshold:
" /n . )
P =) ( j) (1 - &(h, /)Y [2(th, /o))
j=T
&)

When a signal with amplitude m is present, the
probability that a single observation exceeds the local
decision threshold is

Pr(Y; > thy | ¥; ~ N(m,0?)) = 1 — &(th, — m/0).
©)

The detection rate of the binary integrator can be
evaluated as the probability that at least T observations
exceed the threshold:

n

PP=3" (”) [1 - &(th, ~ m/o)Y[®(th, —m/a)}".
o7 \J
- ™
ll. FUZZY INTEGRATOR

As discussed earlier, the quantization effect
of the binary integrator gives rise to significantly
suboptimal detection performance. In order to retain
more information, the local decision threshold is
smoothed in the fuzzy integrator by replacing the
characteristic function (1) of the binary integrator
with a fuzzy membership function {30] with value
denoted by u(y). This fuzzy threshold [18, 19] allows
a smooth transition of each local decision from No
Signal to Signal.

We define the decision rule of the fuzzy integrator
as

n H,
> rO)2T. (8)
i=1 Hy
This is similar to the binary decision rule (2) except
that the threshold T can be any real number in the
range (0,n), not necessarily an integer. Similarly, each
local decision may be any real number in the range
[0,1].

Clearly, the performance of the fuzzy integrator
depends on the choice of membership function.
Logically, the membership function should obey the
following rules:

p(»efo,1] Vv y (%a)
w(y) 2 u(y;) €9, 2 y; (9b)
iy, oo k) =0 (9¢)

lim, o u(y) = 1.

Rule (9a) guarantees that local decisions are confined
to the interval [0, 1] and so are consistent with the
binary local decisions. Rule (9b) ensures that stronger
signals are assigned greater signal membership. Rule
(9c) states the obvious limiting requirements for large
magnitude signals. These rules suggest a graph of

u much like that shown in Fig. 2. The cumulative -
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Fig. 2. Membership function of fuzzy integrator.

distribution function of ¥ under H, is one possible
choice for p, which for zero-mean Gaussian noise is

wy) = 2(y/o). 10)

However, a compelling reason for this choice of
membership function is that the local decisions .

are then distributed uniformly on [0, 1] under the

no signal hypothesis. This is true because the

random variable formed by applying the cumulative
distribution function to any continuous random
variable is itself uniformly distributed [31] (and
approximately uniform when the noise variance is not
specified precisely). Therefore, the distribution of each
local decision is independent of the distribution of Y,
allowing the false alarm rate of the fuzzy integrator to
be analyzed simply as follows.

The false alarm rate of the fuzzy integrator fora -

constant amplitude signal in Gaussian interference is

"

P™A =Pr (Z,u(y,-) >T)Y, ~N(O,a2)) . an
i=1

Under hypothesis H,, the distribution of the local

decision sum is given by the convolution of n

uniform distributions [31] and so has the cumulative

distribution function

: S @G-
F@2) = Z;(—l) (1) = (12)
The false alarm rate can therefore be written as a
function of threshold T as
P™ =1 - F(T). (13)

In practice, an integrator is tuned by selecting
threshold values that achieve a desired false alarm
rate. The false alarm rate of the binary integrator
in (5) depends on 7, th,, and the interference
distribution. However, as demonstrated in (13), the
false alarm rate of the fuzzy integrator depends on
T only; knowledge of the interference distribution is
included implicitly in the definition of the membership
function (10). This allows the fuzzy integrator to be
tuned far more easily than the binary integrator.

The detection rate of the fuzzy integrator is

PP =Pr (Z u(y) >T | Y, ~ N(m,a2j> . (14)

i=1
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The local decisions, p(y;), are not uniform under H;;
no analytic expression for the detection rate can be
easily determined. We therefore use Monte-Carlo
simulation to estimate the detection rate.

V. COMPARISON OF PERFORMANCE OF THE
FUZZY INTEGRATOR AND BINARY INTEGRATOR
FOR GAUSSIAN INTERFERENCE

To investigate whether the local decision rule
of the fuzzy integrator has indeed retained more
information than that of the binary integrator, we
now compare the performance of each detector for
a constant amplitude signal in Gaussian interference.
Fig. 3 summarizes the performance gain of the
fuzzy integrator over the binary integrator, plotting
detection rate against signal-to-noise ratio at false
alarm rate 106, The performance of the optimal
Neyman-Pearson detector for Gaussian noise [27]
is also shown as a reference against which to
compare the performance of the fuzzy and binary
integrators. For integration of 4 observations,
the gain of the fuzzy integrator over the binary
integrator is not more than 0.4 dB, falling short of the
performance of the ideal Neyman—Pearson scheme.
For 16 observations, the gain of the fuzzy integrator
increases to 0.6 dB, approaching the performance of
the Neyman—Pearson scheme. For both 32 and 64
observations, the fuzzy integrator is far superior to
the binary integrator with performance similar to the
Neyman-Pearson detector.

V. CONCLUSION

This paper presents a new postdetection signal
integration concept, fuzzy integration, using elements
of fuzzy logic and which is an extension of binary
integration. Although it presumes that the distribution
of interference is known a priori, it provides room for
modeling imprecision in the a priori parameters to be
included in the model. Once the membership function
is defined appropriately, the false alarm rate depends
only on a single threshold, allowing performance to
be tuned more easily than for the binary integrator.

It has been shown that for nonfluctuating signals in
Gaussian distributed interference, the fuzzy integrator
outperforms the binary integrator and its performance
approaches that of the optimal Neyman—Pearson
detector.
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Fig. 3. Plot of detection rate against signal-to-noise ratio for fuzzy integrator, binary integrator, Neyman—Pearson detector.
(a) 4 observations, false alarm rate: 10-6, (b) 8 observations, false alarm rate: 106, (c) 16 observations, false alarm rate: 105,
(d) 32 observations, false alarm rate: 10-6.
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