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Abstract

In this paper, we describe two applications of the Probabilis-
tic Neural Network (PNN) to image histograms. The PNN
is used to implement Parzen’s window pdjf estimator. The
first application uses the PNN to smooth image histograms.
This is a pre-processing operation which increases the
tobusteness of any post-processing algorithms. The second
application deals with the non-parametric pdf estimation
of image histograms. This is used in ship detection in
RADAR-SAR imagery.
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methods, histogram smoothing, RADAR-SAR image his-
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1 Introduction

In the literature, we find three alternative approaches of pdf
estimation, each of which has its merits and limitations. The
parametric method in which a specific functional form of the
density model is assumed, approaches the pdfusing only one
distribution [1][2]. By contrast, the second approach, called
semi-parametric method [3] (one variant of this method is
the mixture model) tries to approach each class of the his-
togram by one distribution [4][5]. This leads to mixture
models which are well suited to pre-process tasks as im-
age segmentation [6]. Finally, the third approach of non-
parametric estimation does not assume a particular form, but
allows the form of the density to be determined entirely by
the input data. The image histogram is considered as a set
of points, rather than a set of modes, where each point is ap-
preached by a kemnel function. The problem with this tech-
nique lies in both the choice of the width of kernels and the
computation complexity. We are interested in this paper in
the latest technique to estimate image histogram’s pdJ.

A particular form of non-parametric methods is the
Parzen’s window [7] estimator which suggests to superpose
on each input data point a kernel function. Thus, the pdf re-
sults of the combination of these kernels. The problems with

the Parzen method are however the computational complex-
ity and the value of the kernel’s width o denoted “smoothing
parameter”, and which controls the smoothness of the esti-
mated pdf. As solution to the complexity, we develop in this
paper an algorithm based on the Probabilistic Neural Net-
work (PNN) [8]. The algorithm uses a look-up-table which
permits to reduce the complexity by half time. Concerning
the choice of the best value of the smoothing parameter, we
adopt in this paper a new experimental approach based on
the “cross validation” technique [9]. The approach imple-
ments a regulation technique to select the best smoothing
parameter from a set of possible values. Thus, we will de-
scribe how to compute an average value of the smoothing
parameter for a given class of image histograms. The exper-
iment is first applied to smooth (artificial) histograms. In or-
der to have artificial histograms as close as real histograms,
we make use of the algorithm described in [10] to gener-
ate such histograms. Then, the algorithm is applied to real
histograms to verify if experimental results are in accommo-
dation with the reality.

As applications, we will show some results about the in-
crease of robustness of some algorithms when data are pre-
processed with the PNN. The algorithm is also applied to
ship target detection in SAR imagery using CFAR (Constant
False Alarm Rate) technique. The CFAR technique uses the
histogram pdfto compute possible targets. Thus, an accurate
estimation of the pdf is strongly needed. We will show in this
paper that the use of the PNN gives better results in terms of
accuracy, than standard techniques using a parametric pdy.

This paper is organized as follow. In section 2 is pre-
sented the non-parametric pdf estimation using Parzen win-
dow pdf estimator. Section 3 deals with the PNN model as
learning algorithm of the Parzen window method. An exper-
imental method to estimate the width o is also presented in
this section. Experimental results of the application of the
algorithm to both histogram’s smoothing and ship target de-
tection in RADAR-SAR images are presented in section 4.
Finally, the conclusion is given in section 5.
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9 Kernel-based methods and Parzen’s
Window estimator

Suppose we have a set of N data points noted zx/k =
1,.., N, and we want to estimate the unknown pdf responsi-
ble of the generation of z;. The basic idea of Kernel-based
methods is that each input data point is considered as an
elementary kernel, around which a region of volume V is
defined. Thus, the superposition of these kernels (all the
points) gives the unknown pdf. Parzen [7] uses as kernel a
weight function, denoted by W (d), centered on each point
of the training set, and which has its largest value for d = 0.
Moreover, W (d) decreases rapidly as d increases. For a
given point z of the training sample, the values of W(d) are
determined by the distances dy = (z — =) /k = 1,.., N,
from z to all the training points. In this way, the estimated
density function can be given by:

N
o) = oy LW - =) M

In [8] is presented the conditions that W (d) should sat-
isfy. Since the Gaussian distribution satisfies all those con-
ditions, it is the commonly used weighted function. In this
case, the Parzen’s estimated pdf is given by:

N
p(e) = 3 Galo —a1) @
k=1

z \2
1 o—(55)°, Here we use a normal-

where G, (z) = 7=
ized Gaussian which makes V = 1. If we analyze Eq.2, we
find that the pdf depends only on one parameter o, which
represents the width of the Gaussian. Thus, a good choice
of o leads to a good pdf estimation. Two questions are to be
mentioned however. Is there any algorithm which performs
the Parzen’s pdf rapidly, and how much is the value of o in
order to get smooth and accurate pdf? To answer these two
questions, let us introduce the PNN learning algorithm.

3  The PNN as learning algorithm of
the Parzen’s pdf estimator

In many applications, pdf estimation is used for classifica-
tion. A simple classifier can be built in the sense of Bayes
classification for a data of ¢ classes C; /j = 1,..,cas:

(©))

where p;(z) is the probability that z belongs to C;. Thus, it
is necessary to estimate the conditional density p(zy, C;) of
each point in relation with each class C;. Sprecht [8] used
the Parzen’s pdf estimator to build a neural network, called

o, € C; if pi(ze) > pi(we) i #5 [,5 =1,

PNN (Probabilistic Neural Network). When there is only
one class data, the PNN architecture for a small network is
illustrated in Fig. 1.

@) Ouput layer
>‘. () Pattern layer
o 5 Input layer

Figure 1: A simple PNN architecture for data belonging to one
class

Fig 1 illustrates a simple PNN architecture to compute one
data point in relation with all data points as presented in
Eq.2. The point is presented to the network in the input
layer. The pattern layer stores the learning set which cor-
responds to a large set of random points of the original im-
age. The neurons of the pattern layer compute the value of
the Gaussian with respect to the width o and the distances
between both the input and pattern layer values. The output
layer sums the values of the pattern layer. This realizes a lin-
ear combination of the Gaussians. The architecture of Fig.
1 is capable of extremely high-speed operations. A review
of the PNN model can be found in [11].

In practice, the algorithm is composed of two modules.
The first one deals with a look-up table where the values of
Gaussians of all the possible distances are stored. The sec-
ond step realizes the linear combination of values selected
from the look-up table. The size of the look-up table de-
pends on the size of the learning set N. In the case of gray-
level images, N have the same order as image size, thus a
kernel function is approximatively superposed on each data
pixels. This is really expensive. Fortunately, when his-
tograms are used, as in our case, the complexity of the look-
up table is reduced since a set of pixel may have the same
gray-level. Indeed, consider a histogram represented by a
function, h(z), = € Gl of the gray-level frequencies of
the image, where Gly = {0,1,..., M — 1} corresponds to
the gray levels of the image. h(z) gives the number of pixels
having gray level z. Thus, in introducing h(z) in Eq.2 we
will have:

px) =3 %’ﬂ Golz — k) @

k=1

The quantity h](\f) is the normalized histogram denoted
by hn (z). We can remark that the complexity of the look-up
table is significantly reduced. Since the Gaussian is an even
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function, the size of the look-up table is implicitly reduced
from M to M (2.

3.1 Estimation of o

The problem of choosing an appropriate value of ¢ has been
investigated by many researches [12][13], but it still a prob-
lem which has not been completely resolved since results
are obtained under various assumptions. A particular for-
mal approach of choosing ¢ has been introduced by Duin
[14], where Eq.4 is considered as a specific parametric form
of density function p(z, o), of which the parameter ¢ is un-
known. A general solution can be obtained using the maxi-
mum likelihood technique. However it is true only when the
sample size M approach to infinity. Otherwise, the value
of o approaches zero. Kraaijveld [15] used approximations
of Duin’s solution in order escape from the zero ¢ solution.
His method is based on the use of both training and test data.
This method is restrictive since it requires a large set of test
data.

In this paper, we adopt an experimental approach for
choosing o. Since we want to apply the PNN model to esti-
mate image histogram’s pdyf, we make use of our knowledge
of the application data. The aim of the experiment is the de-
velopment of an automatic procedure of choosing the best
value of the smoothing parameter o. For image histograms,
the best value of ¢ is for which:

o the resulted pdf is accurate,
o the resulted pdf'is suffisently smooth.

For this purpose, we define an error function to measure the
effectiveness of the estimated pdjf. The error, denoted by E,
1§ given by:

E, = E, + nE; )
where E, is the quadratic error, and E; = 6’(’5;(,1) is some
derivative of the estimated pdf. E, implements a regulation
lechnique. Indeed, the first term of E, measures the de-
viation between the input histogram and the estimated pdyf;
denoted by “goodness of fit”. However, the second term in-
troduces a term of penalty. It punishes any estimated pdf
which tends to oscillate. Thus, it favors smooth estimate. 7
expresses the penalty rate.

The regulation method defined by E, realizes a model
choice criterion, where each model is defined by the value
of the smoothing parameter o, with 01,5, < 0 < G,az. The
model with the best ¢ is for which E,, is minimum.

Now, what are the suitable values of the bounds, o,;r,
and 0y, For this purpose, we present in this paper an
experimental method to determine these bounds. The exper-
iment which is based on the “cross-validation” technique,
aims to determine an average value of the smoothing param-
eter o for a class of image histograms. The cross validation

technique suggests the use of two types of data, training and
validation data. We use the training data to learn the PNN.
This will result in an estimation of a pdf. Then we com-
pare with the validation data. The best ¢ results with the
minimum error observed between the estimated pdf and the
validation data. Note that validation data must not be used
to train the network. The experiment is performed first on
artificial histograms. Using artificial data allows to set some
parameters as the penalty rate 7. Then we will apply the
algorithm on a set of real image histograms.

3.1.1 Estimation of ¢ using artificial histograms

Artificial histograms used in this experiment are generated
as follows:

stepl: We generate smooth histograms using a mixture
model. Each component of the mixture, versus mode is
assumed to be normal. In order to have significant results
when applying the algorithm to artificial histograms, we
should provide artificial histograms as close as possible to
real histograms. For this purpose, we use the algorithm
describe in [10] to generate such histograms, denoted by
hsmooth-

step2: We add to the smooth histogram a Gaussian white
noise of width o,,. To do so, we re-scale R, 00t SO that
0 < hgmootn < GI. Figure 2 shows a smooth and noisy
histograms with ¢,, = 3.

0.02
Smooth
: Noised e

0.015
g
e
f’g" 0.01 |
-
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0

0 50 100 150 200 250
Grey-levels

Figure 2: Smooth and noisy histograms, with o, = 3

We generate L noisy histograms, denoted by
fm. sea /J = 0,.,L, by adding different Gaussian
white noise of width 0 < 6, < L t0 hgpo0en- One of those
noisy histograms, denoted by hjeqrn and corresponding
t0 Ojearn is used as learning set. The remaining noisy
histograms are used to compute the validation set, denoted
by hyai. hya is the mean of the remaining noisy histograms
and given by Ay = 15 Z;&mmn k... For the
histogram of figure 2, we have studied the behavior of the
PNN for different values of the noise o, /o, = 0,..,10,
the penalty ) /5 = 0, ..,2 and the smoothing parameters o
/o = 0.5, .., 10.
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Figure 3: a. The Error E, for different values of the penalty 7,
with o, = 8, b. ¢ in relation with o, withnp = 0.1

Figure 3 shows the error E,, in relation with o for differ-
ent values of 7, and o,, = 8. We see that the best smooth-
ing parameters is around o = 2.5 what ever the value of 7.
Moreover, when n = 0, there is no regulation. We choose
for the rest of the paper = 0.1. Figure 3.b shows the val-
ues of o in relation with the noise o, with = 0.1. We
see that what ever the value of ¢,,, the best value is observed
around o = 2.5. This behavior was observed for different
artificial histograms. Did the same behavior is observed for
real images?

3.1.2 Estimation of o for real images

Consider an image of size Px() which is divided in small
windows of size pxg with p, ¢ << P, @ (a typical value of
pand g is 3). The leaning set is chosen to be one pixel taken
randomly from the pxq pixels of the window. Thus, with
the selected pixels, we can constitute a learning histogram
(hiearn)- A validation histogram is chosen to be a median
value of the remaining pixels of the window, obtained us-
ing a median filter. The experiment was done on a set of 200
radar images.

4 Emors —— 45 Nb Images ——

Errors
o
&

Nunber of Images

width width

Figure 4: Results of the experiment for estimating the best value
of the width o. The experiment has been done for o = 0.5 t0 9.5
with a step of 0.5 and 7 = 0.1. a) The mean error. b) Number of
images that gave rise to the minimum error.

Fig. 4.a illustrates the mean error M (FE,) calculated
over 200 radar images for each value of . The minimum

mean error is observed around ¢ = 2.5. Fig. 4.b shows,
for any given value of o, the number of images N (o) that
gave rise to the minimum error. Fig. 4.b provides informa-
tion about the distribution of the number of images versus
the best choice of . In the case of this experiment, the con-
centration of this distribution is around ¢ = 2.5 which is in
accommodation with the result of Fig.4.a . From the exper-
iment, we can see that ¢ = 2.5 is a good choice in general,
although it is not the best choice for all the images in the
database. It is to be pointed out that this result is specific to
a set of radar images. The optimal value o for optical im-
ages is different. Thus, for radar images, the bounds oin
and o,,,, should be chosen around ¢ = 2.5.

4 Application of the PNN to image
histograms

In this section we will describe the use of the PNN algo-
rithm to two image histogram applications. These applica-
tions involve image histograms, thus we make use of the
experimental results, namely the best smoothing parameter
is likely around o = 2.5. Since the complexity of the PNN
algorithm is reduced with the introduction of the look-up ta-
ble, this allows us to explore different values of ¢ around
o = 2.5. Indeed, we will use the bound 0 < o < 9.5, with
a step of 0.5.

4.1 PNN algorithm as
smoother

image histogram

In [5] is presented the EFC algorithm for estimating the
number of modes of grey-level image histograms. The
model begins with smoothing the input histogram. This is
done using the PNN. While this operation is not essential, it
however increases the robustness of the model.

The EFC algorithm was applied to a set of artificial his-
tograms. The experiment is described in [16], where the
EFC was compared to an Akaike’s criterion based algo-
rithm. The aim of the experiment is the computation of the
ability of the EFC to estimate the exact number of compo-
nents in each histogram of the set. The EFC was applied
to a set of 1000 three-mode histograms. Here, we present
results with the use of the PNN and without the use of the
PNN. Table 1 illustrates the comparison of the two proce-
dures. Table 1 gives the percentage of cases the EFC finds
the exact number of modes, which is three. We see that the
EFC overestimate the number of modes when the input data
are not smoothed with the PNN. Thus pre-processing input
data with the PNN, provides more robustness.
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EFC | without PNN | with PNN
1 0 0
2 6 10
3 50 66
4 30 12
5 12 10
6 2 0
7 0 0

Table 1: The EFC with and without the PNN

42 Ship targets detection in SAR imagery

Ship target detection in SAR imagery, using the Constant
False Alarm Rate (CFAR) [17] is a technic which can be
classified in the domain of pattern recognition. Indeed,
CFAR technique suggests the examination of the image his-
togram in order to estimate a threshold I... I. depends on the
image histogram’s pdf and is given by:

I
o = fo p(z)dz ©)

where 7, is the required significance level (57, = 0.995).
The first step is the estimation of the image histogram pdyf.
Vachon and Ray [18] used a parametric approach to esti-
mate the pdf. Since RADAR-SAR image histograms do not
behave as a normal distribution (Gaussian), K-distribution
model was used. However, complicated mathematical ex-
pression of the K-distribution makes it impossible to have a
formal solution of I, from Eq.6. With the use of the PNN
described by Eq. 4, it is possible to design automatic com-
putation of the threshold I.. fro Eq. 6. This is done using
dichotomy in [17].

For this application, we have used the PNN to compute
the pdf. Since accurate pdf'is needed, we have designed an
automatic procedure of searching the best smoothing param-
eler o among six different values, all around ¢ = 2.5. The
eror B, defined in Eq. 5 have been used as choice criterion.
The values of o were 0 = 1.6, 2.0, 2.4, 2.8, 3.2.

Here we present comparison results between the use of
both PNN model and K-distribution model to estimate the
SAR-image histogram pdf by illustrating three examples
given respectively in Tables 2, 3 and 4. The related com-

the value of the estimated threshold I,.; the mean square er-
ror (MSE) of the estimated pdf. Experimental results show
clearly that the PNN model in most time is suitable than
K-distribution model for ship target detection. Indeed, it re-
quires less computational time than K-distribution model.
Secondly, small values of the threshold involve more targets
detected. Finally, the PNN’s pdf is mode accurate than the
K-distribution pdf. This algorithm however offers the possi-
bility to obtain a totally automatic detection algorithm since
there is no need to human intervention to set parameters.

PNN-model | K-model
CPU time 0.000848 | 0.006953
Threshold I, 92 93
MSE 2,24 42

Table 3: second example of the comparison

PNN-model | K-model
CPU time 0.03016 0.049056
Threshold I, 24 25
MSE 3.18 13.5

PNN-model | K-model
CPU time 0.002048 0.012338
Threshold I, 198 224
MSE 2.55 3.35

Table 2: First example of the comparison

parisons are CPU time, which is the total detection time;

Table 4: third example of the comparison

5 Conclusion

Non-parametric pdf estimation using Parzen’s Window ap-
proach is being applied in many scientific applications. The
main problems with this method are both the computational
complexity and the estimation of the width o. For the
case of image histograms, the PNN model significantly re-
duces computational complexity by using pre-computed val-
ues stored in look-up tables. The originality of this work
however is the development of an experimental method to
compute the best value of the width ¢ for a class of data.
This experimental method can be used for any class of im-
age data, although it has been used in this paper only for
RADAR-SAR images.

The application of the PNN model to ship target detec-
tion has given promising results in terms of computational
time and accuracy. However, the PNN can also be used to
smooth image histograms. The algorithm described in this
paper provides a good structure for possible hardware im-
plementation of automatic applications.
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