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Abstract. We present a nonlinear correlation methodology to recognize
objects. This system is invariant to position, rotation, and scale by using
vectorial signatures obtained from the target such as those from problem
images. Vectorial signatures are calculated through several mathematical
transformations such as scale and Fourier transform. In this application,
vectorial signatures are compared using nonlinear correlations. Also,
experiments were carried out in order to find the noise tolerance. The
discrimination coefficient was used as a metric in performance evaluation
in presence of noise. In addition, spectral index and vectorial signature
index are obtained in order to recognize objects in a simpler way. This
technique has low computational cost. The invariance to position, rotation,
and scale digital system was tested with 21 different fossil diatoms
images. The results obtained are good, and the confidence level is
above 95.4%. © 2012 Society of Photo-Optical Instrumentation Engineers (SPIE). [DOI:
10.1117/1.OE.51.4.047201]
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1 Introduction
Nature offers a great diversity of living organism as inert
objects, which differ in shapes, sizes, colors, and textures.
This has led to a constant search for developing new auto-
mated techniques to analyze this great biodiversity. Pattern
recognition is an expanding field in optical and computer
research where there have been many advances by using dif-
ferent types of mathematical transformations, such as the
classical matched filter technique or Fourier-Mellin trans-
forms that take advantage of their different properties
such as invariance to position, rotation, and scale.1–10

Recently, a new methodology has been developed to
recognize objects by using vectorial signatures;10 they used
the statistics of Euclidean distances applied to the vectorial
signatures in order to recognize the objects. In this paper, a
deeper analysis is shown using nonlinear correlation applied
to the vectorial signatures and analyzing the behavior of
these signatures in the presence of different kinds of
noise. Moreover, two new methodologies based on spectral
and vectorial signatures index are presented. In this way,
these new methodological variations presented here use
the original image characteristic as well as the properties
of mathematical transformations such as Fourier and scale
transform resulting in the identification of the object. In
this work, these methodologies are used to recognize fossil
diatoms, but can be used in the recognition of any object.

Fossil diatoms are photosynthetic organisms that live in
freshwater or marine and constitute an important part of

phytoplankton. One characteristic feature of diatom cells
is the presence of a shell of silica (hydrated silicon dioxide)
called frustules. The frustules show a wide variety of forms,
usually consisting of two asymmetrical parts or valve with
a division between them, hence the name of the group.
Recently, research has shown that diatoms can be used to
detect present water quality and to determine former
water quality and trends over the years.11 Diatoms in the first
centimeter represent the current condition of the water, while
the diatoms found in deeper sediment are representative of
past water quality. Diatoms are one of the basic sources for
the formation of organic matter in the ocean and actively par-
ticipate in sedimentation, not only during recent periods of
time but through the remote past. The presence of diatom
valves in marine paleoenvironments has been used for
study of climatic changes as well as geomorphological
process.12,13

The identification of diatom fossils requires the analysis
of a great number of valves per sample. Generally, to obtain
relative abundances and diversity indexes, diatom counts
must go from 400 to 107 structures per gram.14 Thus the
analysis of these samples requires one to invest much
time and experience, and the samples analyzed frequently
contain material with different fragmentation degree.
This can lead to confusion and loss of information. In this
way, the development of taxonomic keys to facilitate
the laborious task of identification could be very useful.

The material of this work is organized as follows:
in Sec. 2, the related work is described; in Sec. 3, the
nonlinear correlation with vectorial signatures is explained.0091-3286/2012/$25.00 © 2012 SPIE
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Section 4 presents the new spectral and vectorial signatures
index methodologies. In Sec. 5, the metric used in perfor-
mance evaluation when the image is immersed in noise is
explained. In Sec. 6, computational simulation results are
presented using 21 different species of fossil diatoms and
computational comparisons with other digital systems as
well as the results obtained when the problem image is
embedded in a noise background. Finally, in Sec. 7 the con-
clusions are given.

2 Related Work
In the literature there are works regarding the identification
and classification of objects. Dimitri et al.15 used global and
local features classifiers applied to classify gray-scale images
of zooplankton acquired by a video plankton recorder.16 The
first component classifiers were an support vector machine
(SVM) classifier trained on global features. The second clas-
sifier was non-parametric density (NPD) with local features.
The accuracy was between 50% and 60%. In addition, they
used eight NPD component classifiers increasing the accu-
racy to 62%. One of them was trained with local features,
while the rest used global features.

Lowe17 developed scale invariant feature transform (SIFT).
This algorithm is based in DoG to extract the characteristics
and to make the vectors that represent models. There are some
modifications to this algorithm like PCA-SIFT and gradient
location and orientation histogram (GLOH).18 Bay et al.19

developed speeded-up robust features (SURF) based in
SIFT but with some improves. To our knowledge there are
no applications in the literature of these last algorithms to
identify zooplankton or specifically diatoms.

3 Vectorial Signatures
In this work, an invariant digital system based on nonlinear
correlation (k-law) vectorial signatures obtained from mathe-
matical transformations applied to the image was used, which
provide a significant reduction of processed information and
low computational cost. In contrast with Lerma-Aragón and
Álvarez-Borrego,10 a nonlinear processor to obtain the corre-
lation between the target and the problem image is used in
this work. In general, a nonlinear filter can be defined as:20

NF ¼ jFðu; vÞjke−iϕðu;vÞ; 0 < k < 1; (1)

where jFðu; vÞj represents the modulus value of the Fourier
transform of the image, k is the nonlinear strength factor
that takes values between zero and one, and ϕðu; vÞ is the
phase of the Fourier transform. We can manipulate the discri-
minate capacities of the nonlinear processor changing the k
values in this interval and therefore determine the best k of
the nonlinear filter. In this system k ¼ 0.3 was used.

3.1 Scale Transform

The scale transform is a special case of Mellin transform,
which is defined as:21

Mf ðsÞ ¼
Z

∞

0

f ðtÞts−1dt; (2)

in the complex variable s ¼ −jcþ β, with the fixed para-
meter β ∈ R and the independent variable c ∈ R. The real
part of the complex variable s is parameterized; for the

case β ¼ 1∕2 we have the scale transform. Other values
are possible; for β ¼ 0 we have the compression/expansion
invariant transform, and for β ¼ −1 we have the form invar-
iant transform.

The scale transform developed by Cohen 22 was chosen,
which is a restriction of the Fourier-Mellin transform.23 The
main property of the scale transform is the scale invariant
property. If we call c the scale variable, then the scale trans-
form and its inverse may be written as:24

DðcÞ ¼ 1ffiffiffiffiffi
2π

p
Z

∞

0

f ðxÞ e
−jc lnðxÞffiffiffi

x
p dx; (3)

f ðxÞ ¼ 1ffiffiffiffiffi
2π

p
Z

∞

−∞
DðcÞ e

jc lnðxÞffiffiffi
x

p dc; x ≥ 0: (4)

Equation (3) can be written as:

DðcÞ ¼ 1ffiffiffiffiffi
2π

p
Z

∞

0

f ðxÞx−jc−1∕2dx; (5)

which is the Mellin transform with the complex argument
−jcþ 1∕2. A practical realization of Mellin transform is
given by a logarithmic mapping of the input followed by
Fourier transform. Since we are dealing with the Mellin
transform of a complex argument, there exists a direct rela-
tionship with the Fourier transform. In particular if we define
a signal as:

f 1ðxÞ ¼
1ffiffiffi
x

p f ½lnðxÞ�; (6)

then by substituting in Eq. (3) we have:

D1ðcÞ ¼
1ffiffiffiffiffi
2π

p
Z

∞

−∞
f 1ðxÞe−jcxdx; (7)

that FðcÞ ¼ D1ðcÞ. From this relation one can see the scale
by resembling the samples uniformly distributed of x with a
logarithmic function. In the bidimensional case, a nonsepar-
able direct scale transform Dðcr; cθÞ is used in this process
because it is invariant to size and rotational changes and is
given by:

Dðcr; cθÞ ¼
1ffiffiffiffiffi
2π

p
Z

∞

−∞

Z
2π

0

f ðr; θÞr−jcr−1∕2e−jθcθdrdθ; (8)

and takingthe logarithm of the radial coordinate λ ¼ ln r that
is expressed as:25

Dðcλ; cθÞ ¼
1ffiffiffiffiffi
2π

p
Z

∞

−∞

Z
2π

0

eλ∕2f ðλ; θÞe−jðλcλþθcθÞdλdθ: (9)

Figure 1 shows the procedure to identify the object to be
recognized, where steps 1 and 2 to obtain the vectorial
signatures are explained in Lerma-Aragón and Álvarez-
Borrego.10 In steps 3 and 4 vectorial signatures nonlinear
correlation are calculated and a correlation plane is obtained
(step 5). In the output plane, the x axis is the result of the
rotation correlation mean value, and the y axis is the result
of the scale correlation mean value, since both correlation
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values provide specific information to the similarity between
the target image and the problem images.

4 Spectral and Vectorial Signatures Index

4.1 Spectral Index

Spectral index is a value obtained through mathematical pro-
cedures, which represents the image denoted by a bidimen-
sional function f ðx; yÞ. The procedure to obtain spectral
index (Index1 and Index2) is shown in Fig. 2.

Figure 2(a) shows the procedure to obtain Index1. First
f ðx; yÞ is the target image, where each values in f ðx; yÞ repre-
sents the gray level. Thus if each value of this function (with-
out taking into account the background) is summed, a
representative value for this image is calculated. In this
way, invariance to rotation is obtained because even if the
image is rotated this value will be conserved. In step 1
this summation is denoted as Volume, and it is calculated
in the next equation:

Volume ¼
X
x

X
y

f ðx; yÞ: (10)

However, if the target image f ðx; yÞ has some changes in
scale, the Volume value is not conserved because if the scale
increases, this value will increase, too. In the same way, if
the scale decreases the Volume value will decrease. Thus
f ðx; yÞ has a determined pixel number denoted by Area

(step 2); this value behaves very similar to Volume because
if the image presents some changes in scale, the Area value
(pixel number) will also increase and vice versa.

So the invariance to scale is obtained dividing Volume
over Area considering that if Volume increase, the Area
also increase and vice versa. Thus the value that results
from this operation will be conserved. Index1 is obtained
in the next equation (step 3):

Index1 ¼ Volume∕Area: (11)

Table 1 shows the different values obtained for Index1
when Eq. (11) is applied to 21 diatoms images used in
this work, considering 360-deg rotations with Δθ ¼ 1 deg
and considering a scale range from 75% to 125% with
Δs ¼ 1%. Index1 is almost constant.

In addition, the procedure to obtain Index2 is shown in
Fig. 2(b). First, the target image is denoted by a bidimen-
sional function f ðx; yÞ, where x and y are spatial coordinates
in the Cartesian plane. The modulus of its Fourier transform
is obtained and denoted by jFðWx;WyÞj(step 1), parabolic
filter is applied to that function to attenuate low frequencies,

Fig. 1 Nonlinear correlation by using vectorial signatures.

Fig. 2 Procedure to obtain Index1 and Index2.

Table 1 Values of Index1, Index2 and A.

Index1 Index2 A

Diatom Low High Low High Low High

A 141.66 142.27 61 6.7 864.15 953.20

B 105.35 106.49 7.2 7.7 758.55 819.95

C 120.17 121.45 7.5 8.6 901.24 1044.51

D 129.70 130.76 5.3 6.5 687.41 849.92

E 139.21 140.35 4.6 5.3 640.38 743.86

F 161.24 162.56 1.8 2 290.22 325.12

G 110.26 114.68 4.8 5 529.25 573.39

H 145.10 148.29 3.8 4.7 551.38 696.95

1 122.60 123.20 3.8 4.1 465.88 505.12

J 89.93 91.16 49 5.8 440.63 528.71

K 93.90 94.73 4.7 5.5 441.33 521.02

L 81.55 81.76 5.3 5.5 432.21 449.68

M 67.55 69.31 5.3 5.9 357.99 408.90

N 80.81 81.53 6.8 7.8 549.51 635.93

0 82.85 83.36 6.4 6.9 530.24 575.18

P 123.30 123.95 5.1 5.7 628.83 706.52

Q 81.78 82.82 5.6 6.1 457.97 505.20

R 93.10 93.80 4.3 5.2 400.33 487.76

S 100.13 101.36 4.2 4.8 420.56 486.53

T 79.91 80.16 4.9 5.2 391.56 416.83

U 125.68 129.50 7 8.3 879.73 1074.85
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and high frequencies are enhanced in proportion to ðWxÞ2,
ðWyÞ2 (Ref. 24) where W̄ ¼ ðWx;WyÞ is the angular fre-
quency (step 2). In step 3, the scale factor

ffiffi
r

p
is applied

to the result of step 2 (r is the radial spatial frequency).
This process is what differentiates the scale transform
from the Mellin transform.

After these steps, Cartesian coordinates are mapped to
polar-logarithmic coordinates (step 4) to obtain the invar-
iance to rotation. In this step, a bilinear interpolation of the
first data of coordinate conversion is introduced to avoid the
aliasing due to the log-polar sampling. A sub-image denoted
byMðλ; θÞ is chosen from step 4, which contains more infor-
mation of the target, and a bilinear interpolation is done again
in order to resize the subimage data to its original size
(step 5).10

In step 6 Index2 is obtained with the next equation:

Index2 ¼
X
cλ

X
cθ

jDðcλ; cθÞj; (12)

where jDðcλ; cθÞj represents the modulus of the scale trans-
form. Then a summation of each value that belongs to
jDðcλ; cθÞj is performed and denoted like Index2, which is
invariant to scale and rotation. Table 1 shows the Index2
values calculated in all images used.

In theory, Index2 must be almost a constant, but due to
aliasing and sawtooth effect, a small range in the values is
obtained. In addition, this range is not so big generally.
Each image has its particular Index1 and Index2 values.

The general identification procedure is shown in Fig. 3
where the target image and the problem images are
shown, which go through the procedure explained in
Fig. 2 to obtain Index1 and Index2.

The object to be recognized will not overlap with different
objects in the output correlation plane.

4.2 Vectorial Signature Index

The vectorial signature index is a value that represents the
vectorial signature obtained with the procedure shown in
Fig. 4. The steps to obtain the rotation and scale vectorial

signatures (steps 1 to 9) are explained in Ref. 10. Thus
when the vectorial signatures are obtained (steps 8 and 9),
a summation of each value that belongs to the rotation
and scale vectorial signature is performed with the equations
(steps 10 and 11):

Sumt ¼
X
t

V1ðWtÞ; (13)

Sums ¼
X
s

V2ðWsÞ: (14)

Vectorial signature index are defined as follows (steps 12
and 13):

IndexR ¼ Sumt · A; (15)

IndexS ¼ Sums · A; (16)

where A is obtained with the equation:

A ¼ Index1 · Index2: (17)

A represents the main characteristics of the original
image as well as the characteristics resulting from a series
of mathematical transformations.10 Thus vectorial signature
index gives us information that will be used in the correct
identification of the target image, and it will help us to create
a significant difference between the values of Sumt and Sums
mentioned above.

The general identification procedure of target image by
using vectorial signature index is shown in Fig. 5. Again,
the object to be recognized will not overlap with different
objects in the output correlation plane.

5 Metric Used in Performance Evaluation in
Presence of Noise

There are several metrics for correlation filter performance
evaluation. In this work, the discrimination coefficient
(also known as discrimination capability) was used, which
is formally defined20 as the ability of a filter to distinguish
a target among other different objects. If we consider that an
object is embedded in a noise background, the discrimination
coefficient would be given by:Fig. 3 Digital system by using spectral index.

Fig. 4 Vectorial signature index procedure.
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DC ¼ 1 −
jCNð0; 0Þj2
jCOBJð0; 0Þj2 ; (18)

where the correlation peak produced by the object to be
recognized would be COBJ and the highest peak of just
the noise background would be CN .

In this work, we refer to the confidence level of a given
filter as the probability of confidence to recognize the target

in the input scene. In Eq. (18) we can deduce that the max-
imum value of DC tends to one (COBJ ≫ CN), while negative
values (COBJ ≫ CN) indicate that the object cannot be
recognized.

6 Computer Simulations
To evaluate the performance of the digital system, 21 different
kindsoffossildiatomsareused(Fig.6).Thediatomsamplesare
from Cuenca de San Lázaro in Baja California Sur, México.
The Cuenca has a depth of about 540 m. These samples
were taken in 1996 aboard the oceanographic ship El Puma.26

Each image used in the digital system is a 320- × -320
pixel image of white background in a gray scale. The images
were rotated 180 deg in increments of 1 deg and scaled
from 75% to 125% in increments of 1%. An image bank
of 4851 images was obtained. (180 rotations þ51 scales ¼
231 variations for each one of the 21 diatoms resulting 4851
images.) Figure 7 shows some diatoms and how they look
with the respective changes in rotation and scale.

6.1 Nonlinear Correlation by Using Vectorial
Signatures of 21 Fossils Diatoms

Thus each problem image (image that may or may not be the
target image) goes through the procedure shown in Fig. 1, and
each vectorial signature (rotation vectorial signature and scale
vectorial signature) is compared using the nonlinear correla-
tion (k-law) between the target image and the problem
image (Fig. 1). When an image is the same to the target
image, the correlation value is 1 or the correlation value is

Fig. 6 Species of diatoms used in this study.

Fig. 5 Digital system by using vectorial signature index.
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close to1.Otherwise, if theproblem image isverydifferent, the
correlation value is quite different to 1.

Vectorial signatures are obtained with a procedure
that achieves the most relevant information and reduces
the bidimensional function to two vectors designed to be
invariant to changes in position, rotation, and scale. Also,
vectorial signatures are capable of distinguishing the diatom
(in this case) from the rest of the diatoms; even if we compare
it with more than 21 different species of diatoms, the system
is robust enough to recognize the target and separate it from
the rest of the different organisms.

In order to see if this methodology has a good performance
recognizing the target image, the diatom Actinoptychus
bipunctatus was selected and taken as target image. This
diatom was compared with each of the 21 diatoms rotated
and scaled (as mentioned above). In other words, the target
image was compared with the image bank (4851 images),
which included the image to be recognized, rotated, and
scaled. Figure 8 shows this result. A very good separation
of the correlation value of the target image with the other dia-
toms is showed (Fig. 8). Statistic was performed, and the
mean value �2SE (two standard error) was calculated.
This algorithm has at least a 95.4% level of confidence for
this case.

In the same way, the diatom Nitzhchia paerenhoildii was
selected and taken as target. This diatom was compared with
the 21 different species of diatoms (rotated and scaled), and
the result of this comparison is shown in Fig. 9. Statistic was
performed, and the mean value �2SE (two standard error)

Fig. 7 Species of diatoms with changes in rotation and scale.

Fig. 8 Output correlation plane taking Actinoptychus bipunctatus as
target image.
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was calculated. This algorithm has at least a 95.4% level of
confidence for this case. Thus each diatom was selected in
order to verify the results. In all the cases the target image
had at least a 95.4% level of confidence even if the image
was rotated or scaled (results are not shown).

In order to obtain a more suitable comparison between
the system proposed in this work and the SIFT and SURF
algorithm, tests were performed with the same images
used in this work. The characteristics of these images
were mentioned above.

The results obtained using the SIFT and SURF algorithm
in the diatoms recognition showed a confidence level of at
least 95.4% in almost all the cases. However, the SIFT algo-
rithm presented a confidence level lower than 95.4% recog-
nizing the diatom called Nitzschia reinholdii in contrast to
our system, which presents in all the cases a confidence
level higher than 95.4%.

6.2 Identification of Fossil Diatoms by Using
Spectral Index

In the case of spectral index, each image goes through the
procedure showed in Figs. 2 and 3 to obtain Index1 and

Index2. Figure 10 shows an example of the identification
plane identifying Dendriculopsis praedimorfa, Bogorovia
praepalacea, Aspeitia nodulifera, and Actinoptychus
splendes, which are 100% identified without any kind of
overlap. Also, the results obtained selecting each diatom
as a target image showed a clear identification with a
confidence level greater than 95.4% with a new simple
methodology and a very low computational cost.

In contrast with the first methodology mentioned before,
this new methodology (Index1 and Index2) shows in one cal-
culation the total results for the 21 different images classified
in one identification plane only.

6.3 Identification of Fossil Diatoms by Using
Vectorial Signatures Index

In the case of the vectorial signatures index, each image goes
through the procedure shown in Figs. 4 and 5 to obtain
IndexR and IndexS. Figure 11 shows an example of the iden-
tification plane identifying Coscinodiscus radiates, Pseudo-
triceratium cinanomeum, and Dendriculopsis praedimorfa
where a clearly identification was showed even if the
image was rotated or scaled.

Again, as in Sec. 6.2, the total results for the 21
different images classified in one identification plane are
shown.

6.4 Identification of Diatoms When the Image is
in Presence of Different Types of Noise

In order to evaluate the ability of our method with the SIFT
and SURF methods to distinguish the diatom in a noise back-
ground, two types of noise were added: salt and pepper and
additive Gaussian. Figures 12 through 15 show the discrimi-
nation coefficient (DC) means for rotation and scale vectorial
signatures with an upper and lower limit indicating 95% of
confidence level. Thirty-six samples were used in each cal-
culation. The noise added had a zero mean and variance or
density as shown in the graph (x axis). In Eq. (18), the DC
will be above zero only if the correlation peak of the object to
be recognized is bigger than the correlation peak of noise or

Fig. 9 Output correlation plane taking Nitzhchia paerenhoildii as
target image.

Fig. 10 Output plane obtained from the procedure shown in Fig. 3.
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in the case of SIFT and SURF, zero represents that the object
cannot be identified with the noise added.

The mean for rotation and scale respectively when salt
and pepper noise is added to the image is shown in
Figs. 12 and 13. The variability of density is shown in x
axis. Our system can recognize the problem image with a
noise density of around 0.42 in the case of rotation vectorial
signature and 0.65 in the case of scale vectorial signature, i.e.
the system has the ability to recognize the object until these
limitations. Both SIFT and SURF have a performance very
low when compared with our method. In Fig. 13, in the first
part only, SURF is similar to our method, after 0.11 of den-
sity starts to decay.

Figures 14 and 15 show the DC mean for rotation and
scale, respectively, when noise Gaussian is added to the
image. The problem image can be identified with a variance
of around 1.02 in the case of rotation and 1.26 in the case of
scale. SIFTand SURF had a performance below these values.

Fig. 11 Output plane obtained from the procedure shown in Fig. 5.

Fig. 12 Performance of the system in presence of salt and pepper noise. Comparison with the SIFT and SURF algorithms.

Fig. 13 Performance of the system in presence of salt and pepper noise. Comparison with the SIFT and SURF algorithms.
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Figures 16 and 17 show the DC mean when constant
noise (Gaussian) with variance ¼ 0.1 and salt and
pepper noise is added. The variability of the salt and pepper
noise is shown in the graph (x axis). In the case of rotation
vectorial signature, the system has the ability to recognize the
object with a density of around 0.31 with a constant
variance ¼ 0.1; in the case of scale vectorial signature,
the system has the ability to identify the object with a density
of around 0.55 with a constant variance ¼ 0.1. With respect
to the SIFT algorithm, our system had a better performance
about of 80% (Fig. 16) and a better performance of 40%
(Fig. 17). The SURF algorithm did not recognize some
images with this kind of noise combination.

6.5 Comparison with Other Algorithms

Our algorithms presented in this paper are invariant to posi-
tion, rotation, and scale, and they work well with a big

addition of noise (about 40% to 60% in salt and pepper
noise); in addition, it is not necessary to make a scale
range because the scale transform was used, and the invariant
rotation is taken into account because polar coordinates were
used in the process. The time cost for the first algorithm is
about of 4.38 per image (nonlinear correlation of signatures
vector), taking information of the entire image and for the
last two methods presented (indexes), the cost time was
about 3.8 sec per image. The algorithms presented in this
paper were accurate above 95.4%. Our algorithms are
focused in to analyze segmented images such as the diatoms
presented in this work.

The algorithm was also compared with respect to the one
published by Lerma-Aragón and Álvarez-Borrego,10 the first
methodology is similar in their use for pattern recognition;
the difference between both methodologies is the compari-
son method that each one uses. They10 used the statistics of
Euclidean distances, and a nonlinear correlation was used in

Fig. 14 Performance of the system in presence of additive Gaussian noise. Comparison with the SIFT and SURF algorithms.

Fig. 15 Performance of the system in presence of additive Gaussian noise. Comparison with the SIFT and SURF algorithms.
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this work; in terms of computational cost comparing with
them,10 there is no significant difference between both meth-
odologies. Our second and third methodologies (spectral
index and vectorial signatures index) are much simpler
and identify all the images in a single plane as opposed
to the methodology used in Ref. 10.

To perform the simulations, a computer Hewlett-Packard
Model HP Pavilion dv7 Notebook PC with Intel® Core™ i7
CPU Q720 @ 1.60-GHz processor, 6.00 GB of RAM
was used.

7 Conclusions
This paper presents the development of a system for pattern
recognition using three methodologies: nonlinear correlation

by using vectorial signatures, spectral index, and vectorial
signatures index, which have a very good confidence level.

In the case of the first methodology, the system was
applied to the recognition of 21 fossil diatoms. With this
methodology it is possible to identify the 21 fossil diatoms
with a confidence level of 95.4%.

Spectral index were introduced in order to recognize dia-
toms in a simpler way and with a low computational cost.
The 21 fossil diatoms can be recognized with a confidence
level higher than 95.4%, and the computational cost is much
lower than that of the first methodology.

Vectorial signatures index were used as identification
tools. The results obtained were more similar than those
of the spectral index methodology in terms of computational

Fig. 16 Performance of the system in presence of additive Gaussian noise with constant variance ¼ 0.1 adding salt and pepper noise. Comparison
with the SIFT algorithm.

Fig. 17 Performance of the system in presence of additive Gaussian noise with constant variance ¼ 0.1 adding salt and pepper noise. Compar-
ison with the SIFT algorithm.

Fimbres-Castro, Álvarez-Borrego, and Bueno-Ibarra: Invariant nonlinear correlation : : :

Optical Engineering 047201-10 April 2012/Vol. 51(4)

Downloaded from SPIE Digital Library on 17 Apr 2012 to 132.248.3.53. Terms of Use:  http://spiedl.org/terms



cost, although the 99% of the cases presented at least 95.4%
level of confidence, and just 1% has a lower confidence level.

Gaussian and salt and pepper noise were added to the pro-
blem image. The system has the ability to recognize the dia-
tom even with a density of around 0.65 of salt and pepper
noise and a variance of around 1.26 of Gaussian noise
with zero mean. In the same way, the system has the ability
to recognize the diatom with a density of around 0.55 of salt
and pepper noise with a constant variance ¼ 0.1 of Gaus-
sian noise.
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