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Abstract - The modified probabilistic neural 
network is applied to the problem of detecting 
Doppler shifted chirp signals. It is shown to be 
superior in performance to a single linear 
correlator, multiple parallel linear correlators, a 
quadratic filter and multi-layer perceptron and 
radial basis function neural network filters. Not only 
is the modified probabilistic neural network more 
accurate in respect to amplitude and time but it 
performs much better in the presence of noise. It has 
the desirable feature that it may be trained with 
noiseless data and still perform very well as noise is 
added. 

1. Introduction 

The Modified Probabilistic Neural Network 
(MPNN) was developed for general nonlinear signal 
processing applications. Its architecture is 
particularly suited to nonlinear correlator 
applications as it stores a number of representative 
templates and interpolates very effectively between 
them. This will be demonstrated by applying it to the 
detection of both analogue and binary Doppler 
shifted chirp (linear frequency swept) signals. To 
demonstrate the effectiveness and superiority of the 
:MPNN method it has been compared with a linear 
correlator, multiple parallel linear correlators, a 
quadratic filter and with Multi-layer Perceptron 
(MLP) and Radial Basis Function (RBF) neural 
network filters. 

2. Review of the Modified Probabllistic 
Neural Network 

The modified probabilistic neural network was 
initially introduced by Zaknich et al in 1991 [1,2]. It 
is closely related to Specht's General Regression 
Neural Network (GRNN) [3] and both are related to 
Specht's Probabilistic Neural Network (PNN) [4] 
classifier. The methods of the MPNN and GRNN 
have similarities with the method of Moody and 
Darken [5,6]; the method of radial basis functions 
[7,8]; the Cerebellar Model Articulation Controller 
(CMAC) (9,10]; and a number of other 
nonparametric kernel based regression techniques 
stemming from the work of Nadaraya [11] and 
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Watson (12]. If it can be assumed that for each local 
region in the input space represented by a centre 
vector ci there is a corresponding scalar output Yi 
that it maps into then a convenient general model to 
use for all forms of the :MPNN and even the GRNN 
is equation (1). 

M 
" :E Z;Y;/; ( C; - x, u) 
y(x) = i=~ (1) 

_L Zif; ( ci - x, u) 
1=1 

x input vector. 
c· centre vector for class i in the input space. l 
cr single learning parameter selected in training. 
!;(.) is a radial basis function of (ci-x) and cr. 
Yi output related to ci (real valued or quantised). 
M number of unique centres q. 
Zi number of vectors xj associat~ ~th centre Ci. 
l: Zi = NV the total number of trammg vectors. 

Figure 1 shows the basic :MPNN architecture. 
Careful inspection will reveal that the initial stages 
are similar to the PNN classifier. 

Equation (1) represents the GRNN if all the Zi= I, 
the Yi are real valued, the centre vectors q are 
replaced with individual training vectors xi and 
M=NV. For the GRNN every single training pair {xi 
~ Yi 1 i = 1, ... NV } is directly incorporated into its 
architecture, whereas, for the :MPNN a reduced set 
of training pairs {Ci ~ Yi I i = l, ... M }is used. The 
parameters ci, Yi and ~ are chosen simply and 
systematically via methods having low 
computational costs. 

Two methods, :MPNN Method A and :MPNN 
Method B are commonly used [2,12]. Method A 
training relies on grouping similar Yi in the output 
space and then associating them with the mean q of 
a local group of input vectors. Method A produces a 
smaller network size M. However, it can only be 
used when there is a one-to-one correspondence 
between small local regions in the input space and 
small local regions in the output space. Otherwise 
Method B, which can be defined as a vector 
quantised version of the GRNN, must be used. 
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Input Unit 

Fig. 1 The Basic MPNN Architecture 

Whichever MPNN method is used the resulting 
network is a semiparametric version of the GRNN 
which tends to smooth noisy data a little more than 
the GRNN. The MPNN retains the benefit of the 
GRNN with respect to ease of training by the 
adjustment of a single parameter a but the MPNN is 
always smaller in network size. For many problems 
there is a single value of a which produces the best 
regression results when tested with a test data set 
independent of the training set. 

A Gaussian radial basis function is often used for 
f;(x) as defined by equation (2). 

-(c· -xl (c· -x) 
/;(x) = exp 1 1 (2) 

I 2dl 

There are many other suitable radial basis functions 
which can be chosen in place of the Gaussian 
function. The simplest is the topbat function defined 
by equation (3). This function can be used to 
simplify the hardware implementation but at the 
expense of a possible loss in performance. 

Jj (x) =I, if ~(c;-xl (c;-x) ~ u (3) 

f; (x) = 0, otherwise 

Training for the MPNN simply involves finding 
the optimal a giving the minimum mean squared 
error (mse) of the difference of the network output 
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and the desired output for a representative testing set 
of known sample vector pairs {xr-+Yj I j=1, ... NUM}. 
In most applications there is a unique a that 
produces the minimum mse between the network 
output and the desired output for the testing set and 
can be found quite easily by trial and error. Since the 
relation between a and mse is usually smooth with a 
broad minimal mse section, cr can also be found very 
quickly by a convergent optimisation algorithm 
based on recurrent parabolic curve fitting [14]. 

3. Doppler Shifted Chirp Detection 

A matched filter detector is often used to detect 
sonar signals. However, this can be very 
unsatisfactory if the signals are reflected from fast 
moving objects like torpedos. Fast moving sonar 
targets cause a significant Doppler effect which 
frequency shifts the signals. A correlator detector 
matched to an unshifted signal will produce both 
amplitude and delay errors when detecting shifted 
signals. This problem can be addressed in a number 
of ways. It is possible to have multiple parallel 
correlators matched to a number of templates spread 
uniformly over the expected range of the shift. The 
correlator producing the highest peak output above 
the detection threshold is taken to give the best 
detection estimate. It is also possible to train a 
MPNN, a GRNN or some other nonlinear filter or 
Artificial Neural Network (ANN) by supervised 
training to learn the relationship between shifted 
signal inputs and desired correlator outputs. Such a 
nonlinear correlator model has been described in 
reference [15]. In past work it has been shown that 
the MPNN and GRNN produce very similar outputs 
with the MPNN being faster for serial computer 
implementations. Consequently, only the MPNN 
will be considered in the following tests and 
analyses. 

To demonstrate this application some digitally 
sampled signal waveforms were simulated to 
produce training, testing and validation data sets. A 
sampling frequency of 48 KHz was used. Each input 
waveform had the same amplitude of ±1.0 and was 
composed of a sequence of I ms chirps linearly 
swept from 4 KHz to 8 KHz and subjected to 
Doppler shifts ranging from Sv/c = -0.2 to +0.2 (Sv 
is the change in signal velocity due to the moving 
target and c is the speed of sound). As illustrated in 
Figure 2, the output waveforms were ideal matched 
filter outputs as would be produced by sliding a non 
Doppler shifted correlation template past the chirps, 
assuming they were not Doppler shifted. The 
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template chirp was 48 sample points in length, the 
same as the input vector x dimension ie. the 
detection aperture window. 

:I Q A AAA . ~AA! I ] rv~~: Q IT~~ -10 50 100 150 200 
Input Waveform 

+ .AV- -: oA~~ ,., j 'Vu <T' ,..v v • 
-1 

0 50 100 150 200 
Desired 0u1put 

Fig. 2 200 Points of a Typical Waveform 

From these signals a number of data sets of 
input/output pairs were extracted The summary 
details of these sets are shown in Table I. Each data 
pair had an x input vector size of 48 mapping to a 
scalar correlator output y. The Tra.in1, Test2, and 
Vall sets had no noise in their inputs whereas the 
Train2, Test1, Val2 and Roe sets had various levels 
of random noise added. The random noise had a 
symmetrical tophat probability density distribution 
with signal to noise ratios (SIN) as indicated in 
Table I. These data sets were designed for training 
and to test the peak detection levels and delays of 
each detector. The Tra.in1 data set had 21 chirps 
with Doppler ratios (Doppler ratio = l+(Bv/c)) of 
0.80, 0.82, 0.84, 0.86, 0.88, 0.90, 0.92, 0.94, 0.96, 
0.98, 0.00, 1.02, 1.04, 1.06, 1.08, 1.10, 1.12, 1.14, 
1.16, 1.18 and 1.20 respectively. The Test1 and 
Test2 data sets had 20 chirps at Doppler ratios in 
between those of Train1 ie. 0.81, 0.83, 0.85, 0.87, 
0.89, 0.91, 0.93, 0.95, 0.97, 0.99, 1.01, 1.03, 1.05, 
1.07, 1.09, 1.11, 1.13, 1.15, 1.17 and 1.19 
respectively. Train2 was the sum of the Train1 and 
Test1 data sets. The Vall and Val2 data sets both 
had 12 chirps with randomly selected Doppler ratios 
of 0.845, 0.853, 0.834, 0.969, 0.991, 0.947, 1.082, 
1.042, 1.074, 1.104, 1.113 and 1.117 respectively. 
The Roe data set was different from the others. It 
was designed to test the Receiver Operating 
Characteristic (ROC) of each detector and it 
consisted of 360 chirp vectors plus random noise all 
mapping to an output value of 1.0 and 360 non chirp 
random noise input vectors all mapping to 0.0. The 
random noise had a symmetrical tophat probability 
density distribution as before but at three different 
SIN levels. The signal power was -3.0 dB and the 
three noise power levels were -28.8 dB, -16.8 dB 
and -9.8 dB with corresponding SIN of 25.8 dB, 
13.8 dB and 6.8 dB. The same 12 chirps found in 
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data sets Vall and Val2 were used in the Roe data 
set. Each of these 12 chirps had 10 random sets of 
noise at each of the three levels added to them to 
make the 360 signal plus noise vectors. The 
remaining 360 vectors were made up of 120 random 
vectors at each of the three noise power levels. 

4. Results 

Table n summarises the comparative results of 
the various methods used to solve this problem; the 
single correlator, multiple parallel correlator, 
quadratic filter and :MLP, radial basis function and 
MPNN (Method B, Nx=2 and N=64000, with a 
Gaussian radial basis function according to equation 
(2)) filters. All networks were trained via supervised 
training. The MPNN was trained with the noiseless 
training data set Train! and then tested with the 
remaining sets as shown. The other networks were 
trained with the noisy training set Train2 and tested 
with the remaining sets as shown. The number of 
training iterations, training times, individual vector 
evaluation times and resulting mean squared errors 
are compared. The times quoted in Table n are for 
software implementations of the various networks all 
written in Borland C 4.5, compiled for the Windows 
32 bit environment and running on a Pentium 90 
PC. 

TABLE I 
Data Set sty-dlma. No. pain x-SIN No. CbifliS 

Tnlnl (MPNN] 48/1 1974 CO 21 
Tnln2 Others) 48/1 3854 6.8dB 41 

Teal 48/1 1880 6.8dB 20 
T..U 48/1 1880 CO 20 
V all 48/1 1128 CO 12 
V all 48/1 1128 13.8dB 12 
Roe 48/1 120 various 360 

The results in Table IT show that the MPNN 
exhibits superior performance in all respects except 
vector execution times. However, for parallel 
hardware realisations the vector execution time is 
not a significant issue. The MLP performs quite well 
for relatively low noise signals but it requires a 
considerable training time and it does not generalise 
well when the signal noise increases. 

One of the main advantages of the MPNN in this 
and other applications is that it can be trained with 
noiseless training data and still perform very well 
with noisy signals. As the noise increases in the 
input signal only minor adjustments of cr are 
necessary to maintain an optimal performance. 
This is because cr2 opt is related to the input noise 
variance since each fadial basis function models the 
local input noise pdf. Figure 3 shows the mse vs cr 
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for the Testl data set to be relatively flat over a wide 
range of cr~ This means that the same cr can be used 
over a wide range of noise variance with minimal 
error. To perform adequately, the MLP and some 
other ANNs must be trained over the full range of 
expected noise levels because their parameters are 
not directly related to the noise statistics as are the 
MPNN parameters. This feature of the MPNN 
makes it extremely useful for most practical design 
problems where noise levels can vary considerably 
during operation. 

Network 
Type 

~~Istor 
I Temp!. 

~o'=r.::Or 
21 Temp!. 

QWid 

48148211 

MLr 

4848-1 

.IUU' 

48-750-1 
GaussRBF 

Ml"NN 

Melh.B 
48-1656-1 
GaussRBF 

mse 

TABLE ll 
Trainl, Testl, Vall- no noise, 

Test1 - SIN = 6.8 dB, 
Vall- SIN= 13 8 dB . . 

Data Train mse G Train 
Set iterJ :d0-6 opt time - in lee 

- - - -
Test I 93040 -
Test2 86948 -
V all 83744 -
Val2 84240 -- - . -
Test! 201586 . 
Test2 191372 -
V all 188294 -
Val2 189390 -
f::f 12x!06 ~~ 

. 
35x10 . 

Test2 12800 - 5 
V all 12378 . 
Val2 44526 

±:if 36x!06 'i1t . 
16x10 -

Test2 354 - 5 
V all 368 -
Va12 960 -
±:tf I ~ - 77x10--
Test2 386 - 2 
Val1 342 -
Val2 604 -

±~' 1 1662 0.40 131 
Test2 188 0.36 
V all 69 0.27 
Val2 115 0.27 

r ::: : =:1 

Vect. 
evaL 
in lee 

-
0.00003 

-
0.00067 

0.00102 

0.00125 

0.07410 

-
0.06945 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 a 

Fig. 3 mse vs cr for the MPNN, Test1 

Tables m to VI show the correlator peak outputs 
and delay errors (A) for the 12 chirps in the Vall 
and Val2 data sets for the various methods including 
a classical linear correlator detector. The Doppler 
ratio is specified for each chirp. These peaks can be 
inspected in Figures 4 and 5 which show the filter 
outputs for the V all and Val2 waveforms. 
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TABLE m 
V all Data Set- no noise 

rati 
fJ?P

0
·c ~mgle *~ Quad MLP RBF r::· :;"· I 

TABLE W 
Va11 Data Set -no noise 

~ ~ingle ~ult. Quad MLP RBF 
Corr. Corr. 
11 11 11 11 11 

+ 

13 

- --- -. ---

TABLE V 
V all Data Set- SIN=13.8 dB 

Sin~e Mult. Quad MIY "RBF 
Corr. Corr. 
ll r eak eak r eak 

0, 

TABLE VI 
V all Data Set- SIN= 13 8 dB . 

~ ~,i~e Mult Quad MLP RBF 
Corr. Corr. 
11 11 11 11 11 

+ 12 - - - -
+ 
+1 2 -

- -- -
- - + 
- --- -
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MPNN 

1>4 

MPNN 

11 

MPNN 

oeak 

MPNN 

,.,. 

The linear correlator produces the worst peak and 
delay errors, especially as noise is added. All the 
neural networks perform fairly well with some 
degradation with noise. It is interesting to note that 
the RBF performs better than the MLP in respect to 
both peak and delay errors as noise is added and the 
MPNN performs almost perfectly. This can be 
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verified by inspecting the filter output waveforms in 
Figures 4 and 5 and the values in Tables ill to VI. 

Figure 6 shows the detection outputs for the Roe 
data set input and figure 7 shows the ROC curves for 
all the detectors. The ROC curve shows a plot of the 
probability of detection (Pd) vs the probability of 
false detection (Pf) as the detection threshold is 
varied through its fu.lt range. The area under the 
curve is a measure of the effectiveness of the 
detector. If the area is 1 then the detector is capable 
of perfect signal discrimination for a given level of 
signal and noise. If the area is 0.5 then the detector 
is not capable of any discrimination beyond that 
achieved by chance alone. The Roe data has three 
levels of noise which represent the range of expected 
noise. The first half of the Roe data should ideally 
produce an output of 1.0 and the second half 0.0. 
The MPNN filter clearly produces the closest 
approximation to the ideal as shown in figures 6 and 
7. 

In this simulation the training set was a minimal 
set of 1974 vector pairs specifically crafted for the 
problem to make the design easier and more 
efficient. Consequently, the MPNN Method B 
training removed only a small number of 
redundancies remaining in the training set resulting 
in a network size of M=l656. Normally, if little is 
known about the problem many random training 
pairs are taken from the process and then the MPNN 
Method B training is used to remove and order the 
redundancies. In that case the benefits of the MPNN 
network reduction would be more apparent. Clearly, 
if prior knowledge of the problem does exist it 
should be used to minimise the design task as has 
been done in this example. The number of MPNN 
Method B input quantisation levels used in this 
example was minimal at Nx=2 and the number of 
output quantisation levels was maximal at N=64000. 
It would have been possible to reduce the MPNN 
size M a little more by reducing N but at the expense 
of peak value accuracy and higher mse. Clearly in 
this type of problem a higher mse due to coarser 
output quantisation would have no real detrimental 
effect on the detector performance. 
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Fig. 4 V all Data 

Australian Journal of Intelligent Information Processing Systems 



_:~ .. H·•:u~ • 'ffi l 
0 200 400 800 800 1000 1200 

Input WIMII'orm 

_:ft·H+lHlH+i· I 
0 200 400 800 800 1000 1200 

Desinld Output 

+~++t+H+t+f+ l 
-1 o:------:-:200-:---400:=---'--::-600=-----:-:aoo::--'---:-1ooo':':-:--'-----:-::'1200-

Single Correlator Output 

~~· :·~~· l 
0 200 400 600 800 1000 1200 

Multiple Comllator Output 

:ft·. :._ •)·++ t ~ ~ ~ + l 
"
2

o 200 400 800 800 1000 1200 
MLP Filter Output 

_:ft·H i l·H -H·i·l+ l 
0 200 400 600 800 1000 1200 

MPNN Flllar Output 

Fig. 5 Vall Data 
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Fig. 6 Roe Data 
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5. Principle Component Analysis Vector 
Reduction 

Although there would seem to be no 
computational advantage to using an MPNN over 
parallel correlators, the advantage lies in its ability 
to also compensate for other channel nonlinearities 
and to better discriminate against noise. It is 
possible to reduce the computational complexity of 
the MPNN by vector reduction techniques such as 
Principle Component Analysis (PCA) [16]. This is 
shown in Table VII. The original input vector size of 
48 was reduced by taking the most significant 14 
eigenvectors of the input covariance matrix and 
constructing the appropriate transformation matrix. 
By doing this the MPNN network size M was also 
reduced a little from 1656 to 1629. The performance 
of MPNN has not been appreciably affected for 
noiseless data but the training and vector evaluation 
times have been reduced. Performance was reduced 
more for noisy data because the PCA covariance 
matrix was computed from the noiseless training set 
Trainl. This could be improved by using noisy 
training data for the covariance matrix. 

Network 
Type 

~rB 
14-1629-1 
Gauss 
RBF 

TABLE Vll 
Trainl, Test, Vall- no noise, 

Testl - SIN = 6.8 dB, 
Va12 -SIN= 13 8 dB . . 

Data Train - 0' Train 
Set iterJ s;~o-6 opt time 
~ In see 

f:til - -
I 2875 0.386 49 

Test2 212 0.302 
V all 118 0.246 
Val2 220 0.223 

6. Zero Crossing Signals 

Ved. 
evlll. 
In see 

-
0.0261 

The same training and testing signals were taken 
as above and the analogue input signals were 
converted to binary signals by thresholding at the 
zero crossing points. An example of this is shown in 
Figure 8 which shows the first 200 points of the 
training waveform. From these signals a number of 
data sets of input/output pairs were extracted similar 
to those listed in Table I. These sets are designated 
as ZTrainl, ZTest1, ZTest2, ZVal1, ZVal2 and 
ZR.oc to distinguish them from the first sets. 
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Fig. 8 200 Points of ZTrainl Waveform 

7. Zero Crossing Results 

The same tests as before were performed for a 
multiple correlator detector and a MPNN (Method 
B, Nx=2 and N=64000, with a Gaussian radial basis 
function according to equation (2)) filter using the 
binary data to compare results with the analogue 
system. Figure 9 shows the mse vs er for the ZTest1 
data set to be relatively flat over a wide range of cr. 
This is similar to the analogue signals except that 
the corresponding er was higher and the mse level 
was also higher. 

mse 

0:.----E;;--...---------.: -.,..--. --,J 
%.5 1 1.5 2 2.5 a 

Fig. 9 mse vs er for the MPNN, ZTestl 

The results for the zero crossing thresholded 
binary signals are given in Tables VIll to IX and 
shown in Figures 10 - 13. 

Network 
Type 

Co~r 

MJ"Nl'C 

Meth.B 
48-1533-1 
GaussRBF 

TABLE VIll 
ZTrainl, ZTest, ZVall- no noise, 

ZTestl - SIN = 6.8 dB, 
ZVa12 - SIN =13 8 dB . . 

Data Train mse 0' Train 
Set HerJ :d0-6 opt time 

passes In see 
- - - -

ZTestl 183436 -ZTest2 163254 -
ZVall 161163 -
ZVal2 184775 -
H:til - - -

I 31570 1.922 86 
ZTest2 694 0.940 
ZVall 1389 0.710 
ZVal2 26303 1.970 

Ved. 
evlll. 
In see 

-
0.00067 

-
0.0457 

The results in Table VIII show that the MPNN 
produces a lower mse than the multiple correlator. 
Tables IX to X show the correlator peak outputs and 
delay errors (A) for the 12 chirps in the ZVall and 
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ZVal2 data sets for the multiple correlator detector 
and MPNN filter. o 11 ,, , l'l'l' .,

1

,, 1: I 
I I I Ill I '/ i ' ! 

TABLE IX 
ZVall Data Set- no noise 

~ ~~~ r:. M!'NN M!'NN 

jl 8 
·Cl 

TABLE X 
ZVal2 Data Set- SIN= 13.8 dB 
~ ~utL ~Uit. MPNN MPNN 
ratio Corr. Corr. 

8 t 8 

-o. 

+ .. 
..... . 

For noiseless data the MPNN has a slightly better 
performance than the multiple correlator, but as the 
noise increases the MPNN performance degrades 
more as can be seen in Figures 10 to 13. 
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Fig. 10 ZVall Data 
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Zero crossing thresholded binary signals are less 
effective than analogue signals, as is expected, but 
they still perform adequately, especially for low 
noise levels. This may be a useful discovery for the 
MPNN which can be built more simply in hardware 
if binary input signals are used. This is especially 
true if a radial basis function according to equation 
(3) is used and if the Euclidean distance measure 
between the centre vector and the input vector is 
simplified to a hamming or city block distance 
measure. However, this ·further investigation of a 
simplified MPNN for binary data will be left to 
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another study. Suffice it to say that the indications 
appear to be promising. 

8. Conclusions 

This paper has shown that the MPNN produces 
the best correlator detector performance for analogue 
Doppler shifted chirp (linear frequency swept) 
signals with respect to both correlator peak outputs 
and delay errors. The :MPNN is relatively insensitive 
to random noise and is often better trained with a 
small set of noiseless data if they are available. 
However, the training is usually performed with 
noisy data as is the case with other ANNs. The 
training, whether done with noiseless or noisy data 
will more effectively generalise to other noise levels 
with minimal or no adjustments. This study shows 
that the MPNN may provide a very good 
engineering solution for the detection of regular 
signals which have been subjected to nonlinear 
effects in the presence of noise. 
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