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Abstract

 

—Simple elementwise transformations, based on circular centering performed over multicomponent
images before the channel correlations, are proposed for improving recognition of multicomponent objects. The
transformations reduce a strong correlation between the channel components of real-life images. As a result,
the subsequent channel correlations can be performed independently in the decorrelated channels. The multi-
channel pattern recognition with the elementwise transformations is analyzed in terms of noise robustness and
discrimination capability. Computer simulations for noisy four-component test images and various correlation
filters are provided and the results are discussed.
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1. INTRODUCTION

Multichannel pattern recognition based on correla-
tion methods has been a subject of intensive investiga-
tions in the last years [1–14]. Multichannel information
can be obtained from a data-fusion of the signals repre-
senting an input image as intensity information in a few
separate channels. The channel signals are usually
defined by the transmittance of the image for a set of
predefined wavelengths and can be acquired by differ-
ent sensing systems. Various approaches have been
suggested to improve color pattern recognition by
involving color information in pattern recognition pro-
cess. Yu [1] used a wavelength multiplexing of three
different channels, in which every channel acts as the
conventional coherent VanderLugt correlator [15].
Badique et al. [2, 3] developed a projection of color
images on a generalized color plane. This approach
reduces the number of components used in correlation
process and enhances the ability of the correlator to dis-
tinguish images of different colors. On the other hand,
computation of parameters for the optimal generalized
color plane in terms of peak-to-deviation ratio is time-
consuming and, therefore, cannot be used in a system
of real-time color pattern recognition. Multichannel
pattern recognition based on projection of image com-
ponents onto a vector with a subsequent single-channel
matched filtering was presented in [4, 5]. The projec-
tion preprocessing reduces multichannel information to
a single channel, while most of the necessary informa-
tion is maintained. The design of both filters—an opti-
mal filter in terms of noise robustness and a robust
phase-only filter (POF) [16]—was suggested in [5]. An

additional improvement in the capability to discrimi-
nate between similar multicomponent objects can be
obtained by zero-masking a minimum quantity of
phase-only filter spectrum components [6]. One of the
simple ways to take into account the color content of
objects is to carry out a correlation filtering in the three,
red–green–blue (RGB), channels independently; then,
to make either arithmetical or logical elementwise
operations over the correlation outputs; and, finally, to
find signal maximums on the resulting correlation
plane. It was shown in [7-9], that the use of a phase-
only filter in the multichannel correlation procedure
yields a good result in recognizing a target with a given
shape and color. The improvement of recognition pro-
cess when the color information is added relies on the
fact that, for a color object, both shape and intensity
distribution may strongly depend on the illuminating
wavelength. Thus, a color may introduce more infor-
mation for recognition. In recent papers [12–14], sev-
eral elementwise preprocessing transformations were
proposed. They exploit a strong correlation of the RGB
components to improve real-time polychromatic pat-
tern recognition. These transformations are based on a
circular centering operation. In this paper, we propose
a generalization of the circular centering transforma-
tion for multichannel pattern recognition. We analyze
the performance of pattern recognition with circular
component preprocessing and subsequent channel cor-
relations in terms of discrimination capability and
robustness to additive noise in the input scene. In Sec-
tion 2, we introduce our notations and propose two cir-
cular centering operations for multicomponent signals.
In Section 3, we examine and compare the transforma-
tions in terms of noise immunity. The behaviors of the
expected value and the standard deviation of the trans-
formed noisy signals are studied. Noise analysis in cor-
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relation plane for the system shown in Fig. 1 is also pro-
vided in this section. Section 4 gives the results of com-
puter simulation that tests the transformations involved
in four-channel pattern recognition in terms of discrim-
ination capability for various correlation filters and
noisy test images.

2. ELEMENTWISE CIRCULAR CENTERING

Let {
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formed image; that is,

(1)

A basic idea of the proposed elementwise methods is to
enhance differences (dissimilarities) in all channels.
Actually, the circular centering (CCNT) is a general-
ized differentiation operator along the channel axis,
which can be defined as follows:
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For instance, formulas for the centered signal {
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as functions of the primary color components can be
expressed as

(3)
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Note that the transformed components are directly
associated here with the corresponding circular Lapla-
cian of the color components. This feature clarifies the
physical meaning of the transformation: the transfor-
mation computes the elementwise deviations of the
color components from their average value.

Now, we assume that in pattern recognition the
channel dissimilarities are equally important every-
where in the image. This leads to a second simple trans-
formation, which is referred to as the circular centering
with normalization (CCNT_N). It is defined as follows:

(4)
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 does not affect the correla-
tion plane and, for further convenience, it is taken equal

to . So the CCNT_N can be rewritten in
terms of the original channel components as

(5)

To clarify the physical meaning, we provide the for-
mulas of the normalized centered signal {
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Fig. 1. Block diagram of operations performed for multi-
channel pattern recognition. (T1, T2, …, TK) is an element-
wise transformed multicomponent signal; Hi is the transfer
function of a linear system in the ith transformed channel, i
= 1, 2, …, K; C is the sum of amplitude correlation outputs.
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Note that this method normalizes energies in all
channels. Therefore, it makes the subsequent channel
correlations equally important for pattern recognition
in each channel.

Recently, the whitening operation applied along the
color axis has been proposed [12]. It has been demon-
strated that this operation helps to improve color pat-
tern recognition of real-life images. Let us briefly sum-
marize and compare this operation to the CCNT_N
operation. The whitened color components {dk(x, y)}
(k = 1, 2, 3) can be written by using the Discrete Fourier
Transform as follows:

(7)

where { (x, y)} is the discrete spectrum of the trans-
formed color image, and m is the index of the spectrum
components (m = 0, 1, 2). This spectrum is calculated as

(8)

where {Sm(x, y)} is the discrete spectrum of the input
color image along the color axis defined as

(9)

Finally, the explicit formulas for the transformed signal
{dk(x, y)} follow directly from Eqs. (7)–(9); that is,
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have the following features:

(1) Vectors obtained from the whitened components
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real-life images (nonnegative signals), this term pro-
vides a constant bias on the correlation plane and it
does not affect the location of signal maxima on the
correlation plane. For nonnegative signals, the trans-
formed signal in Eq. (10) is a signal fluctuation around
the centered signal energy at the coordinates (x, y). The
circular centering with normalization consists of the
identical signal fluctuation around zero. Moreover, the
same meaning of the CCNT_N transformation is kept
when the input signal is multicomponent one.

(3) The transformations in Eqs. (6) and (10) degen-
erate when all original components are equal to each
other (monochrome image). In this case, the trans-
formed components are equal to a constant that does
not depend on image coordinates. This is a conse-
quence of the fact that there are no channel signal dis-
similarities to be enhanced by the transformations.

(4) The transformations normalize the energy of all
pixels along the component axis.

3. NOISE ANALYSIS

Let {nk(x, y)}, k = 1, 2, …, K, denote zero-mean
additive noise. It is assumed that noise is statistically
independent in different channels and, with no loss of
generality, it has the same variance in different channels.
The noisy input multicomponent image is given by

(12)

An elementwise transformation T is directly applied to
the noisy image {sk(x, y)}. The transformed noisy
image is given by

(13)

A number of tests are performed to investigate the
behavior of the expected value and the standard devia-

ŝk x y,( ) sk x y,( ) nk x y,( ).+=

t̂k x y,( ){ } T ŝk x y,( ){ }[ ] .=

tion for the transformed noisy signal as a function of the
standard deviation of input noise. These tests are based
on computer simulation, because the statistical estima-
tions for the centering with normalization are difficult
to treat analytically. We observed similar behavior of
the expected value and the standard deviation in differ-
ent channels when the input signal {sk(x, y)}, k = 1,
2, …, K, varies in the interval [0, 1]. Figures 2a and 2b
illustrate typical distributions of the expected value and
the standard deviation, respectively. These results are
obtained when the input noise is white, zero-mean and
Gaussian distributed, and the input four-component
signal is given here by {0.1, 0.3, 0.5, 0.8}. The statisti-
cal measurements are obtained after 2048 trials. The
expected value and the standard deviation are only
shown in the second output channel, because in the
other output channels, these magnitudes have similar
distributions. Figure 2 shows that, for the CCNT and
CCNT_N transformations, the expected value tends to
be a constant, while the standard deviation of input
noise increases. As one expects, the standard deviation
of the circular centered noisy signal increases in terms
of the standard deviation of input noise. On the other
hand, for the CCNT_N transformation, the output stan-
dard deviation yields a constant if the input standard
deviation increases.

Next, we analyze the correlation outputs of the sys-
tem shown in Fig. 1. Let {hk(x, y)}, k = 1, 2, …, K, be
the impulse responses of the filters used in the channels
of a linear system. To simplify the following analysis,
we assume that

(i) The input noise nk(x, y) in each channel k is a
realization from a zero-mean additive stationary pro-
cess with autocorrelation functions Rk(x, y).

(ii) Noise in one channel does not statistically
depend on noise in every other channel.

0.4

10 2 3 4 5 6 7 8

0.8

1.2
Expected value of centered signal

CCNT
CCNT_N

St. D. of input noise

4

10 2 3 4 5 6 7 8

7
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St. D. of input noise

6

5

3

2
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(a) (b)

Fig. 2. Performance of elementwise transformations in terms of (a) expected value, (b) standard deviation of the transformed signal
versus the standard deviation of input noise.
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(iii) Noise has the same variance in different chan-
nels.

(iv) The impulse responses of the filters do not
depend on parameters of the input noise (it is difficult
to take into account the statistical parameters of the
transformed noise for filter design, because, in general,
the transformed noise is signal-dependent).

If the inputs to the linear systems are the noisy
image components in Eq. (12), then the correlation out-
puts are stochastic processes given by

(14)

where

(15)

are the deterministic correlation outputs and

(16)

are the random correlation outputs. The latter is a sta-
tionary random process with zero-mean and with the
autocorrelation function expressed as follows:

(17)

where the asterisk denotes a convolution.
Taking into account the assumptions about the input

noise, the expected value of the system output for the
correlation outputs given by Eq. (14) can be written as

(18)

The function E[OUT(x, y)] has the following proper-
ties:

(i) Since {Bk(0, 0)}, k = 1, 2, …, K, are the variances
of {bk(x, y)}, then E[OUT(x, y)] is a linearly increasing
function in terms of the variance of the channel input
noise at the coordinates (x, y).

(ii) E[OUT(x, y)] for noisy and noiseless inputs
yields the same positions of the peaks.

(iii) The above conclusions are valid for the colored
and white input noise.

If the circular centering is performed before channel
correlations, then the expected value of the system out-
put can be rewritten as follows:
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k

∑
2

=

=  ck x y,( )
k

∑
2

Bk 0 0,( ).
k

∑+

E OUTz x y,( )[ ] E ẑk x y,( )*hk x y,( )
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If the circular centering with normalization is carried
out as elementwise preprocessing, then we can write
the expected value of the system output as follows:

(21)

where

(22)

Here, (x, y) = (x, y) + (x, y), (x, y), and (x, y)
are deterministic and zero-mean random terms, respec-
tively.

Note that both terms in Eq. (21) are functions of the
input noise variance. The first term depends on the
input noise variance by means of the expected value of
the transformed signal. The second term is related to
the input noise variance through the variance of the
transformed signal. Taking into account typical distri-
butions of the expected value and the standard devia-
tion of the transformed signal shown in Fig. 2, we can
state the following properties for E[OUTq(x, y)].

(i) If the input noise variance is small, E[OUTq(x, y)] is
mainly determined by the first term in Eq. (21). Further-
more, since for the transformation, the absolute values

of { (x, y)} decrease as a function of the input noise
variance, then E[OUTq(x, y)] also decreases (see Fig. 2a,
the standard deviation of input noise in the interval [0, 1]).
This may be shown by applying the Schwarz inequality
to the first term in Eq. (21).

(ii) In contrast, if the input noise variance is large,
then the first term in Eq. (21) tends to be a constant
(Fig. 2a). This means that E[OUTq(x, y)] depends
mainly on the second term. We see that the function
E[OUTq(x, y)] yields a constant when the input noise
variance increases, because the second term is also a
constant (Fig. 2b).

(iii) The above conclusions based on Eqs. (21) and
(22) are valid for both colored and white input noise,
because the behaviors of the expected value and the
standard deviation for the transformed noisy signal in
Fig. 2 are also similar for both white and colored input
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noise (the elementwise transformation is applied inde-
pendently to each component pixel).

4. COMPUTER SIMULATIONS

In this section, we demonstrate the performance of
multichannel pattern recognition with the proposed ele-
mentwise preprocessing in terms of the discrimination
capability (DC) and its sensitivity to the additive noise
in a scene signal. Figure 3 presents an example of the
input four-component scene containing a target and
objects to be rejected of similar shape but with different
channel contents. The test image contains 256 × 256 pix-
els. Following the convention shown in Fig. 3(a), there is
one target butterfly (B1) and three non-target butterflies
(B2, B3, and B4) in the test image. The input signal
range (in each channel) is normalized by the same fac-
tor to the range [0, 1]. The averages over target areas in
all channels are equal to 0.25. In the following com-
puter simulation, we normalize the maximum ampli-
tude of channel filter transfer functions to unity. To
investigate the system outputs for a colored additive
noise model, we use colored noise as a realization of a

zero-mean Gaussian stationary process with the expo-
nential correlation function; that is,

(23)

where ρk is the correlation coefficient [0, 1] in the kth

channel (k = 1, 2, 3, 4), and  is the input noise vari-
ance.

To illustrate the performance of multichannel pat-
tern recognition, we carry out numerous computer sim-
ulation tests. The discrimination capability is defined as
follows:

(24)

where CB is the maximum in the correlation plane over
the background area to be rejected, and CO is the max-
imum 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.

Rk x y,( ) σn
2ρk

x y+( ),=

σn
2

DC 1
CB 2

CO 2
-----------,–=

B1 B2

B3 B4

(a) (b)

(c) (d)

Fig. 3. Test four-component scene: (a) first channel, (b) second channel, (c) third channel, (d) fourth channel. The target is the object B1.
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In our discrimination study, the correlation filters
(matched filter (MF) [15], phase-only filter (POF) [16],
and optimal correlator (OC) [17]) were applied in
transformed channels. We designed the transfer func-
tion of OC in the kth channel as follows:

(25)

where Ok(f1, f2), Sk(f1, f2) are the spectra of the target
and the input signals, respectively, in the kth channel.
Here, the asterisk denotes complex conjugate.

First, the elementwise transformations are tested
with the input noiseless image. Figure 4 shows four cir-
cular centered channels. The result of the circular cen-
tering with normalization is shown in Fig. 5. Next, we

Hk
OC f 1 f 2,( )

Ok* f 1 f 2,( )
Sk f 1 f 2,( ) 2 Ok f 1 f 2,( ) 2+
-----------------------------------------------------------------,=

perform independently four correlations between the
transformed scenes and the filters (MF, POF, and OC)
matched to the transformed butterfly B1. By summing
up the amplitude correlation outputs according to the
block diagram in Fig. 1, we obtain the resulting corre-
lation plane C(x, y). The correlation peaks and DC
computed over |C(x, y)|2 with the various filters (MF,
POF, and OC) are presented in Tables 1–3. These
results demonstrate the following:

(i) The transformations provide significant improve-
ment in recognition process comparing with correlation
results obtained without elementwise preprocessing.

(ii) Comparing the three filters (MF, POF, and OC),
we see that the OC is the best one with respect to DC.
As would be expected, POF yields the highest magni-
tudes in the resulting correlation plane.

(a) (b)

(c) (d)

Fig. 4. CCNT transformed test scene: (a) first channel, (b) second channel, (c) third channel, (d) fourth channel.
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As an example, computer simulation was performed
with the CCNT and CCNT_N preprocessed input scene
and with the POF. Figures 6a and 6b show the resulting
amplitude correlation planes obtained with the CCNT
and CCNT_N transformations, respectively.

Next, the robustness of DC for the system was
investigated. We corrupted the input image in Fig. 3
with both white and colored Gaussian noise with zero-
mean and different variances. For each of the input
noise parameters used here, 30 statistical trials were

(a) (b)

(c) (d)

Fig. 5. CCNT_N transformed test scene: (a) first channel, (b) second channel, (c) third channel, (d) fourth channel.

Table 1.  Intensity correlation peaks and DC obtained with
the MF

B1
(Target) B2 B3 B4 DC

Original 
channels

2.23 1.92 1.75 1.91 0.14

CCNT 0.84 0.18 0.065 0.035 0.78

CCNT_N 6.43 0.28 0.67 2.19 0.66

Table 2.  Intensity correlation peaks and DC obtained with
the POF

B1
(Target) B2 B3 B4 DC

Original 
channels

745 594 564 596 0.2

CCNT 69 1.62 0.46 5.52 0.92

CCNT_N 689 72 120 241 0.65
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conducted. The magnitudes of DC computed over the
resulting correlation plane after each statistical trial
were averaged. The transformations were tested with
the correlation filters (MF, POF, and OC). The discrim-
ination capability in terms of the standard deviation of

input noise for the transformations is presented in Fig. 7.
We present only the example with white noise. The
results in Fig. 7 show that

(i) DC for all transformations and for all filters
decreases when the signal-to-noise ratio of the trans-
formed signal tends to zero and the input noise variance
increases.

(ii) As would be expected, the MF is the best filter in
terms of noise immunity comparing with the POF and
the OC. The curves of DC with the MF tend to zero
much more slowly than those with the POF and the OC.

(iii) Note that, for the centering with normalization,
DC increases when the input noise variance is small.
This is because a low-level input noise after the trans-
formation helps us to enhance dissimilarities between
the objects to be rejected and the target while preserv-

Table 3.  Intensity correlation peaks and DC obtained with
the OC

B1
(Target) B2 B3 B4 DC

Original 
channels

0.028 0.019 0.017 0.022 0.23

CCNT 0.0091 0.00019 0.00013 0.00036 0.96

0.085 0.012 0.014 0.025 0.70

Target Target

Target

(a) (b)

(c)

Fig. 6. Correlation amplitude distributions obtained with POF and with (a) original channels, (b) CCNT, (c) CCNT_N transforma-
tions.
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ing small dissimilarities between the noiseless and
noisy targets.

5. CONCLUSION

Two elementwise transformations, performed over
image components before channel correlations, are
proposed for improving multichanel pattern recogni-
tion. The aim of the transformations is the decorrelation
of the original components of multicomponent images.
Computer simulations clearly illustrate an improve-
ment of pattern recognition when the proposed transfor-
mations and various correlation filters (MF, POF, and OC)
are involved in the recognition process. We investigated
and compared these transformations in terms of discrimi-
nation capability and noise robustness for white and col-
ored additive noise. The simulation results verify a good
correlation performance both in terms of discrimination
capability against undesired similar multicomponent
objects and noise immunity.

REFERENCES

1. Yu, F.T.S., Color Image Recognition by Spectral-Spatial
Matched Filtering, Opt. Eng., 1984, vol. 23, pp. 690–695.

2. Badique, E., Komiya, Y., Ohyama, N., Tsujiuchi J., and
Honda, T., Color Image Correlation, Optics Commun.,
1987, vol. 62, pp. 181–186.

3. Badique, E., Ohyama, N., Honda, T., and Tsujiuchi, J.,
Color Image Correlation for Spatial/Spectral Recogni-
tion and Increased Selectivity, Optics Commun., 1988,
vol. 68, pp. 91–96.

4. Kober, V., Choi, T.S., and Ovseyevich, I.A., Multichan-
nel Pattern Recognition Based on Projection Preprocess-
ing, Pattern Recognit. Image Anal., 1999, vol. 9, no. 3,
pp. 437–447.

5. Kober, V. and Choi, T.S., Single-Output Multichannel
Pattern Recognition with Projection Preprocessing, Opt.
Eng., 2000, vol.39, no. 8, pp. 2153–2162.

6. Kober, V. and Ovseyevich, I.A., Phase-Only Filter with
Improved Filter Efficiency and Correlation Discrimina-
tion, Pattern Recognit. Image Anal., 2000, vol. 10, no. 4,
pp. 514–519.

7. Millan, M.S., Campos, J., Ferreira, C., and Yzuel, M.J.,
Matched Filter and Phase-Only Filter Performance in
Color Image Recognition, Optics Commun., 1989,
vol. 73, pp. 277–284.

8. Ferreira, C., Millan, M.S., Yzuel, M.J., and Campos, J.,
Experimental Results in Color Pattern Recognition by
Multichannel Matched Filtering, Opt. Eng., 1992, vol. 31,
pp. 2231–2238.

9. Millan, M.S., Yzuel, M.J., Campos, J., and Ferreira, C., Dif-
ferent Strategies in Optical Recognition of Polychromatic
Images, Applied Optics, 1992, vol. 31, pp. 2560–2567.

10. Millan, M.S., Corbalan, M., Romero, J., and Yzuel, M.J.,
Optical Pattern Recognition Using Color Vision Models,
Optics Letters, 1995, vol. 20, no. 16, pp. 1722–1724.

11. Mendlovic, D., Garcia-Martinez, P., Garcia, J., and Fer-
reira, C., Color Encoding for Polychromatic Single
Channel Optical Pattern Recognition, Applied Optics,
1995, vol. 34, pp. 7538–7544.

12. Moreno, I., Kober, V., Lashin, V., Campos, J., Yaro-
slavsky L.P., and Yzuel, M.J., Color Pattern Recognition
with Circular Component Whitening, Optics Letters,
1996, vol. 21, no. 7, pp. 498–500.

13. Kober, V., Moreno, I., Lashin, V., Campos, J., Yaro-
slavsky L.P., and Yzuel, M.J., Color Component Trans-
formations for Optical Pattern Recognition, J. OSA (A),
1997, vol. 14, no. 10, pp. 2656–2669.

14. Moreno, I., Campos, J., Yzuel, M.J., and Kober, V.,
Implementation of Bipolar Real-Valued Input Scenes in
a Real-Time Optical Correlator: Application to Color
Pattern Recognition, Opt. Eng., 1998, vol. 37, no. 1,
pp. 144–150.

15. Vander-Lugt, A., Signal Detection by Complex Filters,
IEEE Trans. Inf. Theory IT-10, 1965, pp. 139–145.

16. Horner, J.L. and Gianino, P.D., Phase-Only Matched Fil-
tering, Applied Optics, 1984, vol. 23, pp. 812–816.

17. Yaroslavsky, L.P., The Theory of Optimal Methods for
Localization of Objects in Pictures, Progress in Optics
XXXII, Wolf, E., Ed., Elsevier Science, 1993, pp. 145–201.

0.6

0.4

0.2

1.2

0.8

0.4

0 1 2 3 4 0 1 2 3 4

1.2

0.8

0.4

0 1 2 3 4

Discrimination coefficient

MF
POF
OC

MF
POF
OC

MF
POF
OC

St. D. of input noise

(a) (b) (c)

Fig. 7. Discrimination capability as a function of the standard deviation of input noise obtained with MF, POF, OC and with (a)
original channels, (b) CCNT, and (c) CCNT_N transformations.
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