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Abstract

 

—Local adaptive nonlinear correlations based on rank-order operations are proposed. Several proper-
ties of the correlations are investigated. Their performance in detecting noisy objects is compared to the classi-
cal linear correlation in terms of noise robustness and discrimination capability. The results of computer simu-
lation for a test image corrupted by additive and impulsive noise are provided and discussed.
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1. INTRODUCTION

Pattern recognition, especially correlation-based
methods, has been an area of extensive research over
several years [1–14]. A traditional way to design corre-
lation filters is to make filters that optimize different
performance criteria. Several measures for correlation
filters that have been recently proposed are summarized
in [12]. Some of them can be substantially improved by
using an adaptive approach to filter design. According
to this concept we are rather interested in constructing
a filter with good performance characteristics for a
given observed scene, i.e., with a fixed set of patterns or
a fixed background to be rejected, than in constructing
a filter with average performance parameters over an
ensemble of images.

One of the most important performance criteria in
the tasks of pattern recognition is the discrimination
capability (DC) or how well a filter detects and discrim-
inates between classes of objects. A theoretical analysis
of correlation methods has been recently made by
L. Yaroslavsky [3]. He suggested a filter with a mini-
mum probability of anomalous localization error (false
alarms) and called it an optimal filter (OF). An impor-
tant feature of the OF is its adaptivity in application to
pattern recognition or target detection because its fre-
quency response depends on the power spectrum of
wrong objects or an observed scene background to be
rejected. The disadvantage of the OF in optical imple-
mentation is its extremely low light efficiency.
Recently, an approximation of the OF by means of a
phase-only filter with a quantization was made in [4]
where the approximate filters with high light efficiency
and discrimination capability close to that of the OF
were proposed and investigated. An extension of the
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OF to real-time polychromatic pattern recognition was
suggested in [8, 9, 14] where several elementwise
transformations performed over primary color image
components before optical multichannel correlations
were proposed for improving multichannel pattern rec-
ognition.

Another fruitful approach to synthesis of adaptive
correlation filters with improved performance parame-
ters is based on the idea of blocking by zeros the phase-
only filter transmission at some frequencies. The dis-
crimination capability among similar multicomponent
objects can be essentially improved by zero-blocking
of a minimum quantity of phase-only filter spectrum
components [12].

Correlation filters can be designed and optimized in
a nonlinear manner. However, all these filters are used
in the linear correlation operation. It can be shown that
by minimizing the mean squared error (MSE) between
an input image and a shifted version of the target under
certain assumptions we maximize the linear correlation
between the image and the target. From statistical view-
point, the criterion is optimal if the input image is cor-
rupted by additive Gaussian noise distributions. How-
ever, the Gaussian assumption is often but a popular
model. Real data are corrupted by non-Gaussian noise.
Moreover, other error criteria are more robust even for
slight deviations from the Gaussian assumption. One
such criterion is the mean absolute error (MAE). In this
paper, we investigate nonlinear adaptive correlations
derived from the MSE and MAE criteria. These corre-
lations belong to a class of rank-order filters [15–23].
These filters are proven to be very effective in removal
of additive and impulsive noise, enhancing and restor-
ing images. Moreover, they exhibit excellent robustness
properties and provide solutions in many cases where
linear filters are inappropriate.

In this paper, we suggest to design rank-order corre-
lation filters for reliable pattern recognition. The filters
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use spatial and rank information of the input image
within a moving window to produce an output. The
paper is organized as follows. In Section 2, we intro-
duce our notations and propose nonlinear adaptive cor-
relation operations. In Section 3, we provide computer
simulation results and compare them in terms of dis-
crimination capability for various filters and noisy test
images. Section 4 summarizes our conclusions.

2. RANK-ORDER CORRELATIONS

The rank filtering is a locally adaptive processing of
the signal in a moving window. First, using a spatial
neighbourhood, we define desirable structures to be
recognizes in the window. Next, the estimation
approach can be applied to the elements of the neigh-
borhood structures to compute an estimate in the corre-
lation plane with respect to different criteria.

Let us introduce some useful notation and defini-
tions: 

 

s

 

 = {

 

s

 

n

 

, 

 

m

 

} is a vector of pixels of the image to be
processed, that has 

 

Q

 

 grayscale levels of quantization;
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 are the pixel coordinates, 
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 is the size of the image matrix; 
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} is a vector of pixels of the noiseless target image;
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} is a vector of pixels of the correlation plane.
A spatial neighborhood of the target size for each image
pixel can be defined as a set of pixels that geometrically
surround the given one. Such a neighborhood consisted
of pixels nearest to the given pixel is referred to as an 

 

S

 

-
neighborhood.

The local MSE criterion between an input image
and a shifted version of the target is given by

(1)

where the sum is taken over the 

 

S

 

-neighborhood. The
local normalizing coefficient 

 

a

 

(

 

k

 

, 

 

l

 

) can be computed as

(2)

Note that coefficients are calculated from the local
statistics of the 

 

S

 

-neighborhoods. In the case of non-
stationary additive noise or cluttered background
(space-varying data), it is assumed that the size of
the 

 

S

 

-neighborhood is sufficiently small and the signal
and noise can be considered approximately stationary

over the window area. Since  and

 do not depend on the
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coordinates (
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, 

 

l

 

), the matching criterion is equivalent
to maximizing the linear correlation between 

 

S

 

-neigh-
borhoods of the image and the target

(3)

The optimal object location estimates can be found in
the correlation plane as follows:

(4)

where ( , ) is the estimate of the object coordinates.
Similar ideas have provided the foundation for many
decades of research in matching filtering and signal
detection. However, the popularity of the MSE criterion
is mainly based on the mathematical tractability.

The MAE criterion is often used to solve optimiza-
tion problems in rank-order image filtering [17, 18, 20].
This criterion is more robust when the noise distribu-
tion has even slight deviations from the Gaussian
assumption. The local MAE criterion between an input
image and a shifted version of the target is defined as

(5)

where the local normalizing coefficient 
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) is given
by

(6)

Then, Eq. (5) can be rewritten as

(7)
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. The first two terms in Eq. (7) do not depend on
the coordinates (
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), and the MAE criterion is
equivalent to maximizing the nonlinear correlation
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between the S-neighborhoods of the image and the
target, i.e.,

(8)

Let us now relate the linear and nonlinear correlations.
For simplicity, we omit the normalizing coefficients
and suppose that the signals of the target and image are
nonnegative. According to the threshold decomposition
concept [16], the input normalized image can be repre-

cN k l,( )

=  MIN b k l,( )s n k+ m l+,( ) t n m,( ),{ } .
n m, S∈
∑

sented as a sum of binary slices as

(9)

where the binary slices {Sq(n, m)}, (q = 1, 2, …, Q – 1)
are obtained through decomposition of the image with
a threshold q in the following way:

(10)

It is easy to prove that the nonlinear correlation
between the S-neighborhoods of the image and the tar-
get can be computed as a sum of either linear or nonlin-
ear correlations between the binary slices of the image
and the target, i.e.,

(11)
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Fig. 1. Test input scene.

Fig. 2. Autocorrelation amplitude distribution.
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where the binary slices {Tq(n, m)}, (q = 1, 2, …, Q – 1)
are obtained through threshold decomposition of the
target.

The linear and nonlinear correlations in Eqs. (3) and
(8) are the sums of products and minima, respectively.
From a statistical point of view, the sum operation may
be inadequate in the presence of high noise. In particu-
lar, the tendency of the sum operation to imitate a single
aberrant data value was recognized as a serious draw-
back of this estimator. In other words, if a data point is
not consistent with others (a pixel corrupted by impul-
sive noise or an outlier), it tends to pull the sum in its
direction. That is why we propose to incorporate a kind

of data editing whereby aberrant data points could be
removed from the computation. This leads to robust
statistical estimators such as the trimmed sum [15] and
its natural extension, the median [16]. The sum is called
trimmed, because instead of summing up the entire data
set, a few data points are trimmed and the remainder is
summed up. The removed points have the most extreme
values, both low and high, with a given number of
points dropped at each end. In practice, the trimmed
sum is computed by sorting the data from low to high
and summing up the central part of the ordered
sequence. The number of data values, which are
dropped from the sum, is controlled by the trimming
parameters left αL and right αR which assume values
between 0 and 0.5. Let {Pr(k, l)}, r = 1, 2, …, H, be a
one-dimensional ordered sequence of the weighted
products in Eq. (3) at the coordinates (k, l). Here, H is
the quantity of pixels in the region of support of the tar-
get. The sequence elements are sorted in ascending
order with respect to their values: {Pr(k, l): Pr(k, l) ≤
Pr + 1(k, l), r = 1, 2, …, H}, and Pr(k, l) is called the rth
order statistics. The trimmed linear correlation can be
written as follows:

(12)cL αL αR, , k l,( ) Pr k l,( ),
r αLH[ ] 1+=

N αRH[ ]–

∑=

Fig. 3. Input scene corrupted by additive noise with the
standard deviation 40.
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Fig. 4. Discrimination capability as a function of the standard deviation of additive input noise obtained with adaptive filters (a)
MEAN-MUL, MED-MUL, AMEAN-MUL and (b) MEAN-MIN, MED-MIN, AMEAN-MIN.
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where [.] is the greatest integer.

Let {Mr(k, l)}, r = 1, 2, …, H, be a one-dimensional
ordered sequence of the weighted minima in Eq. (8) at
the coordinates (k, l): {Mr(k, l): Mr(k, l) ≤ Mr + 1(k, l),
r = 1, 2, …, H}. The trimmed nonlinear correlation can
be written as

(13)

Note that when the left and right alphas are zeros, the
range of summation is over the entire S-neighborhood
and the trimmed linear and nonlinear correlations equal
to the linear and nonlinear correlations. When alphas
are chosen to be 0.5, the sums in Eqs. (12) and (13)
reduce to a single value called the median (H is odd).
When H is even, the median is an average of the center
two values.

In the next section, via computer simulation we
show that if the noise distribution has heavy tails, the
trimmed correlations provide better estimates and yield
better recognition results than the linear and nonlinear
correlations.

3. COMPUTER SIMULATIONS

In this section, we demonstrate the performance of
pattern recognition with the proposed adaptive correla-
tion techniques in terms of DC and their sensitivity to
additive and impulsive noise in a scene signal. Figure 1
is an example of the input scene containing a target.
The test image contains 128 × 128 pixels. The size of
the target area is 27 × 45. The average over the target
area is zero and the standard deviation is 30.

To illustrate the performance of pattern recognition,
we carry out numerous computer simulation tests. The
amplitude autocorrelation plane is shown in Fig. 2. As
one would expect, the autocorrelation yields a wide

cN αL αR, , k l,( ) Mr k l,( ).
r αLH[ ] 1+=

N αRH[ ]–

∑=

peak at the position of the target and high sidelobes.
The DC is formally defined as follows:

(14)

where CB is the maximum in the correlation plane over
the background area to be rejected and CO is the maxi-
mum in the correlation plane over the area of object to
be recognized. The area of the object to be recognized
is determined in the close vicinity of the target location
(the size of the area is similar to the size of the target).
The background area is complementary to the object
area.

First, we investigate the robustness of DC for vari-
ous filters. Suppose that the input scene is corrupted by
white and Gaussian distributed noise with the mean of
128 and the standard deviations of 5, 10, …, 60. Figure
3 shows the input scene corrupted by the additive noise
with the standard deviation of 40. The range of the sig-
nal is [0, 255]. For each input noise parameters used
here, 30 statistical trials were conducted. The magni-
tudes of the DC computed over the resulting correlation
plane after each statistical trial were averaged. Note
that the classical linear correlator, without the local nor-
malization, fails to recognize the target in the presence
of even minor noise. The performances of linear and
nonlinear correlation filters in terms of the DC as a
function of the standard deviation of additive noise are
given in Figs. 4a and 4b. Here, we denote the linear cor-
relation cL(k, l) in Eq. (3) by MEAN-MUL, the
trimmed linear correlation (k, l) in Eq. (12) by
MEAN-MUL, the median of products cL, 0.5, 0.5(k, l) by
MED-MUL, the nonlinear correlation cN(k, l) in Eq. (8)
by MEAN-MIN, the trimmed nonlinear correlation

(k, l) in Eq. (13) by MEAN-MIN, and the
median of minima cN, 0.5, 0.5(k, l) by MED-MIN. For the
trimmed linear and nonlinear filters, the left and right
alphas are chosen to be 0.25 and 0.05, respectively.

Next, we test the performance of pattern recognition
with the proposed filters when the input scene is cor-
rupted by mixed additive and impulsive noise. The
additive Gaussian noise is distributed with the mean of
128 and the standard deviations of 5, 10, …, 60. The
probability of impulse is 0.2, and if it occurs it can be
positive or negative with equal probability of 0.1. In the
simulations, the values of the impulse were set to
250 (positive) and 5 (negative). Figure 5 shows the test
image corrupted by additive noise with the standard
deviation of 40 and degraded due to impulsive noise.
The signal range is [0, 255]. The classical linear corre-
lation without local normalization cannot recognize the
target in the noisy input scene. The performances of lin-
ear and nonlinear correlation filters in terms of the DC
versus the standard deviation of additive noise are given
in Figs. 6a and 6b. For the trimmed linear and nonlinear
filters, the left and right alphas are chosen to be

3

DC 1
CB 2

CO 2
-----------,–=

4

cL αL αR, ,

cN αL αR, ,

Fig. 5. Test image corrupted by additive noise with the stan-
dard deviation 40 and degraded due to impulsive noise with
the probability 0.2.
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0.35 and 0.15, respectively. These computer simula-
tions demonstrate the following results:

(i) The adaptive correlations provide a significant
improvement in recognition process compared with the
classical correlation filter.

(ii) The DC of the adaptive correlations decreases
when the standard deviation of input noise increases.
For the MED-MIN and MED-MUL filters, the DC
attains the maximum when the standard deviation of
input noise is between 30 and 40. This is because input
noise helps us to enhance dissimilarities between the
target and the background to be rejected while preserv-
ing small dissimilarities between the noiseless and
noisy targets.

(iii) By comparing the filters we come to the conclu-
sion that the trimmed linear and nonlinear correlations
are the best with respect to the DC. The AMEAN-MUL
is the most robust filter.

4. CONCLUSIONS

Local adaptive linear and nonlinear correlations
based on rank order operations have been proposed to
improve pattern recognition. Several properties of the
correlations have been investigated. Computer simula-
tions for a test image corrupted by various kinds of
noise testified to the improvement of pattern recogni-
tion when the proposed filters are involved in the recog-
nition process. Their performance during detection of

noisy objects has been compared to the classical linear
correlation in terms of noise robustness and discrimina-
tion capability.
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