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RESUMEN: 
En este trabajo se analiza el comportamiento frente al ruido de distintos tipos 

de filtros para la detección de objetos. Por una parte se analiza el comportamiento 
de las correlaciones no lineales (SONG) con respecto a distintos tipos de ruido. 
Por otra se proponen filtros basados en máxima verosimilitud capaces de detectar 
objetos multiregión. Los objetos multiregión consisten en objetos formados por 
zonas donde los estadísticos del ruido y de la señal son homogéneos, pero que 
pueden variar en distintas realizaciones de las imágenes, por ejemplo debido a 
cambio de iluminación.  
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ABSTRACT: 

In this paper we analyze the behavior against the noise of different types of 
object detection filters. On one hand we analyze the behavior of non linear 
correlations (SONG) in the presence of different kinds of noise. On the other 
hand we proposed maximum likelihood filters that are capable of detecting 
multiregión objects. Multiregión objects are defined by certain number of zones;
on each one the statistics for both the signal and the noise are homogenous. These 
values can, nevertheless, change in different realizations of the image due, for 
instance, to changes in the illumination. 

 
Key words: correlations, pattern recognition, noise, SONG, maximum 
likelihood filters. 



 

Opt. Pur. y Apl., Vol. 38, núm. 2 - 2005  Autor:  C. Ferreira et al. - 36 -

[2] A. VanderLugt, ‘‘Signal detection by complex filtering,’’ IEEE Trans. Inf. Theory IT-10, 139–145 (1964). 
[3] P. Garcia-Martinez, Ph. Refregier, H. H. Arsenault and C. Ferreira, “Maximum likelihood for target 

location in the presence of substitutive noise”, Appl. Opt. 40, 3855-3860 (2001). 
[4] J. P. Fitch, E. J. Coyle, and N. C. Gallagher, Jr., “Median filtering by threshold decomposition,” IEEE 

Trans. Acoust. Speech Signal Process. ASSP-32, 1183–1188 (1984). 
[5] P. Maragos, “Morphological approaches to image matching and object detection,” in ICASSP-89: 1989 

International Conference on Acoustic, Speech and Signal Processing (Institute of Electrical and Electronics 
Engineers, New York, 1989). Vol 3, pp. 1568-1571 

[6] P. García-Martínez, D. Mas, J. Garcia and C. Ferreira, “Nonlinear morphological correlation: 
optoelectronic implementation,” Appl. Opt. 37, 2112-2118, (1998). 

[7] A. Shemer, D. Mendlovic, G. Shabtay, P. García-Martínez, and J. García, “Modified morphological 
correlation based on Bit Map representation,” Appl. Opt. 38, 781-787 (1999) 

[8] P. García-Martínez, C. Ferreira and D. Mendlovic, “Optical nonlinear correlation based on non uniform 
subband decomposition,” J. Opt & Pure and Appl. Opt. 1, 719-724 (1999) 

[9] M. Tejera, P. García-Martínez, C. Ferreira, D. Lefebvre and H. H. Arsenault, Weighted nonlinear 
correlation for controlled discrimination capability, Opt. Commun. 201, 29-37 (2002). 

[10] P. García-Martínez, M. Tejera, C. Ferreira, D. Lefebvre and H. H. Arsenault, “Optical implementation of 
the weighted sliced nonlinear generalized correlation under non-uniform illumination conditions,” Appl. 
Opt. 6867-6874 (2002). 

[11] P. García-Martínez, H. H. Arsenault and C. Ferreira, “Improved rotation invariant pattern recognition using 
circular harmonic of binary gray level slices”, Opt. Commun. 185, 41-48 (2000). 

[12] M. Tejera, P. García-Martínez, C. Ferreira, D. Lefebvre and H. H. Arsenault, Weighted nonlinear 
correlation for controlled discrimination capability, Opt. Commun. 201, 29-37 (2002). 

[11] P. Garcia-Martinez, Ph. Refregier, H. H. Arsenault and C. Ferreira, “Maximum likelihood for target 
location in the presence of substitutive noise”, Appl. Opt. 40, 3855-3860 (2001). 

[12]  R. O. Duda and P. E. Hart, Pattern Classification and Scene Analysis (Wiley, New York, 1973). 
[13] D. Prevost, Ph. Lalanne, J. C. Rodier, and P. Chavel, ‘‘Videorate simulated annealing for stochastic 

artificial retinas,’’ Opt. Commun. 132, 427–431 (1996). 
[14] A. H. Fazlollahi, B. Javidi, and P. Willet, ‘‘Minimum-error probability receiver for detecting a noisy target 

in colored background noise,’’ J. Opt. Soc. Am. A 14, 845–852 (1997). 
[15] F. Goudail and Ph. Réfrégier, ‘‘Optimal detection of a target with random gray levels on a spatially disjoint 

noise,’’ Opt. Lett. 21, 495–497 (1996).  
[16] P. Réfrégier, F. Goudail, and C. Chesnaud, ‘‘Statistically independent region models applied to correlation 

and segmentation techniques,’’ in 1999 Euro-American Workshop on Optoelectronic Information 
Processing, Ph. Réfrégier and B. Javidi, eds., Vol. CR74 of SPIE Critical Review Series (SPIE, 
Bellingham, Wash., 1999), pp. 193–224. 

[17] B. Javidi, P. Réfrégier, and P. Willet, ‘‘Optimum receiver design for pattern recognition for nonoverlapping 
target and scene noise,’’ Opt. Lett. 18, 1660–1662 (1993). 

[18] J. M. Hereford and W. T. Rhodes, ‘‘Nonlinear optical imagefiltering by time-sequential threshold 
decomposition,’’ Opt.Eng. 27, 274–279 (1998). 

[19] B. Javidi, J. Li, A. Fazlolahi, and J-L. Horner, ‘‘Binary nonlinear joint transform correlator performance 
with different thresholding methods under unknown illumination conditions,’’ Appl. Opt. 34, 886–896 
(1995). 

[20] J. Garcia, V. Page, and P. Refregier, ‘‘Detection of multiregion objects embedded in nonoverlapping 
noise,’’ Opt. Lett. 26, 1394–1396 (2001). 

[21] M. Evans, N. Hastings, and B. Peacock, Statistical Distributions (Wiley, New York, 1993). 
[22] C. Oliver and S. Quegan, Understanding Synthetic Aperture Radar Images (Artech House, Norwood, 

Mass., 1998). 
[23] F. Guerault and P. Refregier, ‘‘Unified statistically independent region processor for deterministic and 

fluctuating targets in nonoverlapping background,’’ Opt. Lett. 22, 630–632 (1997). 
[24] A. Papoulis, Probability, Random Variables, and Stochastic Processes (McGraw-Hill, Boston 1991). 



 

Opt. Pur. y Apl., Vol. 38, núm. 2 - 2005  Autor:  C. Ferreira et al. - 37 -

[25] Y. Sakamoto, M. Ishiguro, and G. Kitagawa, Akaike Information Criterion Statistics (KTK Scientific, 
Tokyo 1986). 

[26] J. Rissanen, Stochastic Complexity in Statistical Inquiry (World Scientific, Singapore, 1989). 
[27] M. Abramowitz and I. Stegun, eds., Handbook of Mathematical Functions with Formulas, Graphs, and 

Mathematical Tables (U.S. GPO, Washington, D.C., 1972). 
 
 
 
1.- Introduction 
 Many pattern recognition tasks are biased 
by the presence of noise. Often, the noise is not an 
item that enters the system but rather is a 
constitutive part of the input signal. Examples of 
such cases are active images, inherently corrupted 
by speckle noise. Several filtering techniques have 
been proposed to cope with different models of 
noise. The first optimal filters for pattern recognition 
were matched filters and their optical 
implementations [1,2]. These filters produce the 
optimal signal-to-noise ratio in the output in the 
presence of additive noise. There are also some 
situations where the noise is not additive. Thus 
optimal filters adapted to the noise model are 
needed. In this paper we deal with two models for 
the object/noise in order to optimize the detection 
filtering performance. On one hand we consider 
objects corrupted with substitutive noise (like the 
one due to electronic noise) and, on the other hand 
we take into account objects where the gray levels 
are just the result of a noise process (speckle noise, 
for instance). 
 
2. Location estimation in the substitutive 
noise case. 
 The substitutive noise is known as 
impulsive noise or outliers from a statistical point of 
view. In this section we analyze the optimum 
likelihood algorithm for object location estimation, 
so the statistics of the noise are required. 
Let fi be the reference image. We assume that this 
reference has been corrupted by substitutive noise. 
This noise is modeled in the following way. 
 
1. For each pixel the value of the gray level is 
modified with probability p and not modified with 
probability q (so p+q=1). One may introduce a 
Bernoulli random variable bi whose probability law 
isPB(0) =q and PB(1)=p. 
2. If the gray-level value is modified, a new random 
value xi is affected to the value of this pixel. The 
probability density function of this random variable 
xi will be denoted Px(x).The statistical model for the 
corrupted image gi is 
       

 (1) 

 
If there is no a priori information on the reference 
object fi one can consider that P(fi) = constant. 
Moreover, using the Bayes law one can show with 
the a posteriori probability P[fi |gi ] that the reference 
object present in the scene is equivalent to 
maximizing the a priori probability, P[gi| fi] , which 
corresponds to the likelihood of the observed image 
gi 
 
  (2) 
 
Moreover, because the random value for each pixel 
is assumed to be chosen independently of the others, 
the logarithm of the likelihood (log likelihood) is 
 
  (3) 
 
where P[ gi | fi] is the probability that at pixel i the 
gray-level value is gi for the noisy image; we know 
that it is equal to fi for the reference image. Using 
Bayes relations it can be shown that the log-
likelihood expression is [3]: 
 

  (4) 
 

where the functions G( fi ) and Bg, are defined as: 
 
  (5) 
 
 
   (6) 

 
Now assume that the reference image has been 
translated by an unknown quantity k and that we 
want to estimate this value from the noisy image gi. 
The image model is now 
 

 (7) 
 
The log likelihood is now dependent on the 
hypothesis for the unknown location k: 
 

 (8) 
 

The maximum likelihood kML of k is obtained by 
choosing the value of k that maximizes l(k). 
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It is straightforward to generalize the previous 
results of Eq. (4) 
 

 (9) 
 
Note that Bg is independent of k and that kML is 
obtained by maximizing 
 

 (10) 
 
In the case that the noise has a uniform distribution, 
this is Px(x)=a, we have: 
 

 (11) 
 
and thus, the most likely locations (k) of the target 
for the case of uniformly distributed substitutive 
noise is obtain at the maxima of: 
 

 (12) 
 
Maximizing the value in Eq. (12) is equivalent to 
find the location that maximizes the number of 
pixels whose value (gray level) coincide between the 
reference and the scene. 
 
In the following we will review a nonlinear 
correlation that provides a means for maximizing the 
values in Eq. (10) and (12). 
Threshold decomposition is a widely used 
binarization method that has been applied to 
nonlinear image processing [4,5]. Garcia-Martinez 
and Arsenault [6-11] have proposed an orthogonal 
binary-sliced image decomposition. The authors 
showed how the slices obtained with threshold 
decomposition can be defined in terms of the sliced 
orthogonal nonlinear generalized (SONG) 
elementary binary functions. Two nonlinear 
correlations have been defined by means of linear 
correlations between binary decompositions of the 
input scene and the target. The threshold-
decomposition point of view leads to the 
morphological correlation [5-7], whereas the SONG 
decomposition leads to the SONG correlation [8-11]. 
 
3. SONG Decomposition and SONG 
Correlation 
A two-dimensional image f (x, y) with discrete gray 
levels can be decomposed into a sum of disjoint 
elementary images em[f(x,y)] satisfying the 
orthogonality property: 
 

 (13) 
 
 
Each subimage (em[f (x, y)]) represents a gray-level 
slice of the object. The SONG decomposition of 
f(x,y) is: 

 
 (14) 

 
where the coefficients Fi are weights and Q is the 
total number of gray levels in the image. The 
elementary binary images have the property: 
 

 (15) 
 
Note that each object point has only one gray level, 
so each unshifted i slice is disjoint and therefore 
orthogonal to all the others. For the standard 
greyscale image representation, Fi  = i. 
We define the SONG correlation as: 
 
 
 

 (16) 
 
where the Wij are the weights that modifies the value 
for the correlation between the i-th and the j-th  
binary slices. Note that Wij=ij gives the conventional 
linear correlation and, therefore, the higher gray 
level values have a greater weight than the lower 
ones. Setting different values for the matrix W will 
result in different correlations with distinct 
characteristics.  
We have defined the SONG correlation by setting W  
as the identity matrix. Then, every gray level 
contributes the same to the output correlation, and 
the the double sum in Eq. (16) reduces to a single 
one: 
 

 (16) 
 
 
If we examine the correlation value at the origin, Eq. 
(16) gives just the number of pixels that have the 
same gray value in both the image and the reference. 
Comparing the maximum-likelihood expression, Eq. 
(10), with the general SONG correlation in Eq. (16), 
we see that both expressions are similar if the 
correlation weight factors are identified with the 
function G(fi-k) and if we perform the correlations 
using only the diagonal terms of the SONG 
correlation matrix. 
So, the optimum solution for the location estimation 
in a maximum-likelihood sense in the presence of 
substitutive noise is a nonlinear correlation in which 
only the corresponding gray levels for the two 
images (g and f ), having the same gray levels at the 
same positions and after having their values 
weighted by the function G(fi-k), are correlated 
together. For the case of uniformly distributed noise 
the weights are independent of the pixel indexes and 
thus can be dropped. 
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4. Results with SONG Correlation 
We have contrasted the optimality of the SONG 
correlation using the image shown in Fig. (1) 
 

 
Fig. 1. Input scene. The target is the lower object.. 

 
The image has been corrupted with substitutive 
noise with different SNR. We define the SNR as the 
ratio of non-modified pixels over the modified 
pixels. Figure 2 shows an example of an image with 
SNR=0.13 (only a 13% of the pixels remain 
unaffected). 
 

 
Fig. 2. Input scene corrupted with substitutive noise. 

 
In Figure 3 the superior noise robustness of the 
SONG correlation over conventional filtering 
techniques is shown. This figure depicts the output 
for the SONG and the output obtained with a phase 
only filter. Clearly the target is detected in the first 
case while the phase only filter produces a noise 
output out of which it is not possible to detect the 
target. 

 
Fig. 3. (a) Output for the SONG correlation. (b) Output for 
phase only filter. Input scene corrupted with substitutive 

noise (SNR=0.13). 
 
We have performed extensive tests for increasing 
amounts of noise and for different types of filter, 
namely SONG correlation, morphological 
correlation, correlation using a phase only filter and 
linear correlation (classical matched filter). The 
parameters that is used to characterize the filters is 
the discrimination capability, defined as: 
 

 (17) 
 
 
A high value of DC means that the value of the cross 
correlation is low compared with the autocorrelation, 
which means that good discrimination and good 
noise robustness are achieved. However, a low value 
of the ratio means that the energy of the cross 
correlation has almost the same value as that of the 
autocorrelation. This parameter also provides the 
degree of noise immunity of the filtering process. 
The results are presented in Table 1.  
 

SNR SONG 
correlation 

Linear 
correlation 

Morphological 
correlation 

Phase 
only 
filter 

5.70 0.97 0.10 0.40 0.95 
1.70 0.97 0.13 0.36 0.93 
0.57 0.96 0.01 0.29 0.70 
0.30 0.95 0 0.18 0.45 
0.13 0.94 0 0 0 

 
Table 1. Comparison of the discrimination capability for 

different correlation filtering methods. 
 
From Table 1, when images are highly degraded, 
only the SONG correlation is able to detect the 
reference object (DC = 0.94); note that for the 
phase-only filter, the matched filters and the 
nonlinear morphological correlation, the value is 
DC=0, which corresponds to a false alarm detection 
or a nondetection of the target. In contrast, the 
SONG correlation is stable for discrimination over 
the whole range of noise. 
 
5. Likelihood filters based on multiregion 
objects and noise model. 
Very often the noise that enters the input scene is not 
additive or substitutive, but it is intrinsically 
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embedded in the image capture itself. Examples of 
these situations are the active images, usually 
corrupted by speckle noise. in electrical engineering 
and computer science a big effort has been devoted 
to techniques that rely on Bayesian estimation 
theory.[12] Many of the results obtained by the 
application of this theory involve nonlinear 
processing, although optoelectronic implementations 
are feasible [13]. The most widely used statistical 
methods are related to the likelihood calculations. 
The theory can be extended to a consideration of 
different situations for describing the background 
and the target, such as unknown gray levels in the 
target and background, strongly noisy images, or 
nonhomogeneous background.[14-17] In general, in 
most pattern recognition methods, the definition of 
the object is very precise, including the shape and 
the spatial intensity distribution of the object. Very 
often the presence of strong noise in the images 
promotes the simplification of the description of the 
target, because some object characteristics are 
hidden by the noise. Along these lines, a great effort 
has been devoted to the search for optimal 
algorithms that can deal with homogeneous objects 
with unknown gray-level values and in the presence 
of a nonoverlapping background. In this case the 
simplification of the target model reduces it to a 
single region description [15] 
The statistical methods were applied mainly for 
simple objects that exhibit homogeneous statistics 
[18,19], although complete knowledge of the 
object’s gray levels can also be introduced [6]. The 
gap between complete knowledge of the object and a 
simplified model of a homogeneous target may be 
excessive for some practical detection–recognition 
tasks. We introduce partial knowledge of the object 
gleaned by a definition of multiple regions and used 
in a statistical filter approach, in particular 
maximum likelihood (ML) tests. 
The basic idea here is to split the object region into a 
set of regions that may exhibit different unknown 
mean values. Thus this approach provided a trade-
off between a complete description of the spatial 
gray-level distribution (typical for linear-filter 
design) and a binary description of the target (as was 
produced by statistical-pattern-recognition filters). 
This situation of multiregion objects arises in many 
practical situations, such as three-dimensional 
objects under varying illumination or thermal 
images. 
Let us consider a scene image composed of N pixels, 
s={si | i∈ [1..N]} . We use one-dimensional notation 
without loss of generality. A similar definition 
applies for the target r and for the background b. We 
assume that the gray levels of the target and the 
background are random, spatially uncorrelated, and 
distributed with different probability-density 
functions. The target is defined inside a support 
window w, which takes a value of 1 for pixels inside 

the target and of 0 otherwise to determine the target 
shape. One can boost the performance of a ML filter 
by considering not the whole background of the 
image but only a local background surrounding the 
target. The corresponding algorithm, the ML ratio 
test (MLRT) [23] tests for every pixel shift the 
hypothesis (H1) that a target with shape w is present 
and is surrounded by background noise in a test 
window F against the hypothesis (H0) that inside F 
there is nothing but noise. For a test window F a few 
times larger than the target, it has been shown [] that 
the probability of correct location of the target is 
similar to that obtained with a simple ML test, 
whereas the MLRT filter performs much better with 
nonhomogeneous noise in the background. Denoting 
by θw (θb) the parameters that define the probability-
density function of the gray-level statistical 
distribution of the target (background) yields the 
MLRT expression  
 

 (18) 
 
where the two first terms correspond to the log 
likelihood of hypothesis H1, whereas while the third 
term stands for the log likelihood of hypothesis H0. 
We define the MLRT for every pixel in the image 
merely by shifting all windows. To define the object 
regions we let L be the number of regions and let 
{wk;} be a set of binary nonoverlapping windows 
that defines the pixels that belong to every region. 
The window set must fulfil ∑ =

=
L

i

kww
1

. Assuming 
that the noise on the image is uncorrelated and 
statistically independent in every region and in the 
background, the probabilities can be obtained as the 
product of the probability for every pixel. Thus the 
MLRT becomes 
 
 
 
 

 (19) 
 
where the superscript L denotes the filter designed 
for L regions. 
As a sample of application, for images corrupted 
with exponential noise [20-23] the parameters θ are 
just the mean values of every region. A little algebra 
shows that the MLRT when the parameters are 
known is  
 
 
 
 

 (20) 
 
 
where the values marked with circumflexes are the 
actual estimates in the ML sense (just the mean 
values on the corresponding region in this case of 
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exponential noise). Nk, Nb, and NF are the numbers 
of pixels in the target regions, in the local 
background, and in the test window, respectively. 
When the parameters are unknown, the true θ values 
are simply replaced by their estimates in Eq. (20), 
defining the following MLRT: 
 
 
 

 (21) 
 
The filters in Eqs. (20) and (21) will permit the 
detection of objects composed of an arbitrary 
number of regions with, respectively, unknown or 
known mean values in every region. 
The performance of this filter for the case of 
exponential noise has been tested by means of 
synthetic images, which allows acces to the true 
mean values of the signal. Fig. 4a shows a sample 
image with 3 instances of a model car. The object 
has been simplified to a four region description, 
where every region may exhibit a different mean 
value. As a particular case, the leftmost image is a 
car where all regions have the same gray value. This 
image has been corrupted with exponential noise 
(Fig. 4b). 
 

 
Fig. 4. Input image used for the experiments: a, noisefree 

image; b, image corrupted with exponential noise. 
 

We have tested the filters in Eq. (20) and (21), this is 
the MLRT matched to the 4 region definition of the 
object, with a conventional 1 region MLRT. The 
profiles through the central lines are shown on figure 
5. In all cases, the test window is a square of 91x91 
pixels. The evaluation of the new filter in relation to 
other MLRT filters can be obtained from a simple 
ranking of the available a priori information and 
contrasted with these figures. The performance of 
the single-region filter is superior for the one-region 
object but at the price of losing detection capabilities 
for the four-region objects (Fig. 5a). The multiregion 
filter with known means will perform if the object 
matches the multiregion model in shapes and the 
mean values of the regions (the filter was prepared 
for the true mean values of the second object). It will 
fail if the object does not have the same region 
description, either in number of regions or in their 
mean values, as a result of incorrect a priori 
information (Fig. 5b). The four regions MLRT with 

unknown mean values can correctly detect instance 
of both four-region objects and a single-region 
object (Fig. 5c). In the latter case the performance is 
worse than that of a one-region MLRT because the a 
priori information is not complete. 
 

 
Fig. 5. Normalized profiles of the output for (a) a single-
region MLRT with an unknown mean; (b), a four region 
MLRT with known means; and (c) a four region MLRT 

with unknown means. 
  

We tested the robustness and wide range of 
application of the new filter in a second experiment 
involving real images. The image, shown in Fig. 6a, 
is a collection of low-light-level snapshots taken 
with a CCD camera of a three-dimensional object 
under different illumination conditions. The object 
shows five planar facets to the camera, which 
constitute the object regions (Fig. 6b). 

 
Fig. 6. (a), Five cases of a three-dimensional object under 
different illuminations at low light level. (b), Description 

of the object’s regions, indicated with gray levels. 
 

Owing to the low number of photodetections, the 
noise fits a Poisson model, for which the sufficient 
statistic is again the mean value. For real images 
with unknown illumination the true values are not 
defined. The MLRT for Poisson noise with unknown 
means is 
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 (21) 
Figure 7a shows the output obtained with the 
conventional one-region MLRT. For the low-
contrast objects, a low maximum value of the MLRT 
is obtained and the maximum is displaced from the 
true object location.  

 
Fig. 7. (a), Output for the one-region MLRT, (b), output 

for the five-region MLRT. 
 
The filters tend to give high output values in 
locations where large, high-contrast patches are 
found in the image. Thus, for the first three objects a 
double peak that corresponds to the two upper and 
lower halves of the object is obtained. The output for 
the MLRT designed for five regions (Fig. 7b) 
behaves in a more robust way. It can properly detect 
all the instances of the object. The more-detailed 
structure of the five-region MLRT increases the 
importance of sidelobes in the output plane. As a 
result, the one-region filter provides for the two last 
objects (which are basically homogeneous) sharper 
correlation peaks than does the proposed new filter. 
Nevertheless, the five-region filter provides in all 
cases the location of the output peak that 
corresponds to the true location.  
 
6. Performance losses for oversegmented 
object model. 
The use of a more complex model for the object 
does not necessarily lead to better detection 
capabilities. Several factors may occur that worsen 
the results. On the one hand, the finer details that 
make the object definition will tend to provide a 
higher signal even in regions where there is nothing 
but noise. (As an extreme example an object 
definition where each pixel is a separate region will 

provide a high value for every possible gray level 
spatial distribution). On the other hand, the target 
itself may not convey the full-region definition. The 
introduction of a multiregion model is based on the 
fact that some objects may exhibit different 
parameters in separate regions. One particular case 
occurs when all the regions have the same 
parameters (that is, the target is homogeneous) or, in 
general, when several regions in the object definition 
have the same parameters or are indistinguishable 
because of the uncertainty of the estimation of the 
parameters. In this situation the number of regions 
has been overestimated. In this section we analyze 
the loss of performance that may occur for these 
reasons. 
 
The effect of an increase in the order of the model 
(i.e., the number of regions) on the likelihood is, in 
the case of uniform samples, a well-known problem 
in statistics theory. Following Ref. 22 or Ref. 23, if 
the target-support region contains only homogenous 
samples, the difference in the output for a MLRT 
filter for L and P regions’ models is: 
 

 (22) 
 
where X is a random variable that approaches a 
chisquare ( χ2) distribution with P - L degrees of 
freedom when the number of samples tend to 
infinity. The relation holds independently of the 
mean value in the uniform patch where the filter is 
applied and independently of the number of pixels in 
every region, provided that they are large enough to 
fit the noise model.  
 
Equation (22) gives the key to the penalty 
introduced by adding an arbitrary number of 
unnecessary regions to the target definition. It shows 
that for the case of a uniform target, the value of the 
output will increase with the complexity of the 
model that is used in the filter design. To disclose 
the transcendence of this concept for detection, let us 
assume a test object composed of one homogenous-
region target on a uniform background and compare 
the output for a one-region and a P-region filter. The 
homogenous object is just a particular case of a 
multiregion target, and thus the processing should be 
able to detect it. When passing from a one-region 
filter to a P-region filter, the output will suffer an 
addition of a χ2-distributed variable, with order P-1, 
as corresponds to the splitting of the target window 
in the P regions. This addition to the output will 
occur for object locations when the object is 
homogenous and for background locations that are 
assumed to be always homogenous areas. Then the 
expected values of the output for both the target and 
the background have suffered an increase with the 
same statistical distribution. As a result the 
difference of output mean values for target and 
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background remains unchanged, whatever the 
number of regions is considered, preserving the 
absolute separation between the output for the two 
classes. Nevertheless, the spread of the values for 
the background and for the target around their mean 
values is larger, as corresponds to adding a random 
variable to the previous output. Therefore output 
values for both background and target will become 
harder to separate. A simple, although incomplete, 
way to characterize this loss is by means of the 
Fisher ratio [12]. Let us call T1µ  , T1

2σ  the mean 
and variance of the output when a target is present, 
and B1µ  , B1

2σ  the mean and variance of the output 
when there is only background, in both cases using a 
one-region filter. Then the Fisher ratio, which 
describes the separability between the background 
and the target classes, will be: 
 

 (23) 
 
If the output distribution for the P-region filter is 
assumed to be independent of the one-region filter 
output,  
 

 (24) 
 
where 2

Xσ is the variance of the χ2 distribution. As 
can be easily checked, the output for a single-region 
filter will degrade as the number of regions in the 
model is increased. In addition to this global 
parameter, given the contrast target/background 
(ratio of means), the output value pdf’s for both the 
background and the target can be estimated, 
provided that the noise model is known. 
 
We can summarize that the performance of the filter 
is closely linked to the match between the region 
configuration in the target definition used to prepare 
the filter and in the actual object that is being 
processed. It is tempting to design a detection 
algorithm that will estimate the region description 
and include this information in the detection process. 
The difference in the behaviour when splitting a 
uniform or a nonhomogeneous region can serve as 
the key for deciding the object definition that better 
fits the actual object that is being inspected, as 
analyzed in the following section 
 
7. Region selection Maximum Likelihood 
ratio test. 
A problem similar to the one posed at the end of the 
previous section has been addressed in the fields of 
segmentation, estimation, and classification. The 
basic problem addressed is to decide whether a pair 
of regions are indeed the same region. Arising from 
different conceptual points of view, the most 
common solution is to estimate the best region 

description by maximizing a modified likelihood 
function. The modification uses a penalty term that 
will penalize the increasing complexity of the model 
[25,26]. Following Ref. 25, the fundamental reason 
for this penalty is the bias in the log likelihood 
according to the number of free parameters. This 
bias is found to be the number of parameters needed 
to describe the model of the random process divided 
by 2. For the actual case, this means that the 
likelihood ratio should be corrected by subtracting 
the number of regions of the target divided by 2. 
This correction is in accordance with the mean 
values of the random variable added to the MLRT 
that was shown above [see Eq. (22)]. A conceptually 
different approach is the minimum description 
length (MDL) concept. Here the penalty term is 
directly connected to the complexity of the 
description [26]. The underlying philosophy is not to 
take a more complicated model unless a net gain in 
the goal function is achieved. The basic problem of 
MDL is the definition of the complexity of the 
object. Although a basic trend is usually easy to 
estimate, the exact value of the complexity of a 
configuration is, in general, complex to derive. 
Whatever the basic foundation is, the likelihood 
should be biased by a penalty term, depending on 
the number of regions of the object model. In most 
of the literature, this penalty term is basically 
proportional to the number of regions. 
In the above discussion only the number of regions 
in the model for the target has been considered. An 
object may fulfil this model but with a number of 
distinct gray levels smaller than the maximum 
number of regions. Then some regions are fused, 
and the target presents a lower number of effective 
regions. If the number of effective regions L is 
larger than one and smaller than the maximum 
number of regions P, there are several possible 
region configurations. We will assume that the 
penalty term is independent of the specific region 
configuration, depending only on the effective 
number of regions. 
Thus we propose a detection filter, taking into 
account the possibility of fused regions; the 
procedure is divided in two steps. First, the MLRT 
of every configuration is computed and a penalty 
term that depends on the number of effective regions 
is subtracted. This step gives the estimation of the 
actual region configuration of the object and, in 
particular, the number of estimated effective regions 
in the object. The region-selection (RS) estimated 
number of regions is thus obtained as 
 

 (25) 
 
This operation is performed for each pixel 
displacement in the image, so that the estimated 
number of regions may vary pixelwise. In a second 
step, the output of the RS filter (RS-MLRT) is given 
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by the MLRT of that configuration which gives the 
maximum in the compensated MLRT. The RS-
MLRT is 
 

 (27) 
 
The detection process will conclude with a 
thresholding of this output to separate the 
background and the target classes. 
The parameter α controls the penalty term. A high 
value of awill tend to keep regions joined unless a 
large difference exists, while a low value will tend to 
split regions more frequently with a small or even 
null difference in the likelihood. 
As we can see, a delicate point is the selection of the 
α parameter. The Akaike information criterion [25] 
would mean the use of α=0.5. In the MDL 
framework, the value is selected according to the 
complexity of the definition of a region 
configuration. The complexity is evaluated as the 
number of bits needed to describe the configuration 
[26]. For the case of gamma noise, a region is 
described just by its mean value, and the standard 
deviation of the estimated mean is the mean divided 
by the square root of the number of pixels. Thus the 
number of distinct values needed to describe the 
region mean equals N1/2, the result of dividing the 
mean by its uncertainty. Then the penalty term will 
be 
 

 (28) 
 
Nevertheless, note that this value does not take into 
account the spatial distribution of the regions. 
An additional factor to be considered in the region 
estimation approach is the number of possible region 
configurations. If the object is composed of P 
regions, we have to consider in the test for region 
configuration estimation all possible combinations. 
The number of possible configurations that must be 
checked can be obtained by combinatorial analysis. 
The number of possibilities of partitioning a set of P 
regions into L subsets is given by the Stirling 
number [27] of the second kind, )( L

PS . The number 
of possible configurations grows exponentially as 
the number of regions increases, making the use of a 
number of regions larger than 6 or 7 difficult in 
practice. For a sufficiently small number of regions 
in the object definition, the algorithm for calculating 
the RSMLRT will consist of calculating the MLRT 
of every configuration and subtracting the penalty 
term, depending on the number of effective regions. 
The MLRT of the con- figuration that gives the 
maximum value produces the desired output. 
The calculation of the RS-MLRT filter involves the 
estimation of the actual region configuration. The 
accuracy of the estimation will depend on the 
number of pixels in each region, because a larger 
number of pixels will make the likelihood estimation 

more precise. It also depends on the contrast among 
the target regions, because a well contrasted target is 
easier to discriminate. Finally, the α value will 
strongly influence the estimation, because it changes 
the tendency of the algorithm to select 
configurations of higher or lower complexity. For a 
given detection task the number of pixels in every 
region are known, but the contrast may vary among 
different target instances. Therefore the α value 
should be chosen without taking the contrast into 
account. 
A way of choosing the parameter α is to check the 
accuracy in the estimation of region selection. In 
Fig. 8 the average estimated number of regions is 
plotted for different values of contrast and α. The 
object is composed of two regions of equal size with 
200 pixels each, and the region description is four 
equal regions 100 pixels in size. The contrast is 
defined as the quotient between the mean values in 
the two regions of the object. The behavior for other 
region configurations has been observed to be 
similar. Several facts can be concluded from this 
figure. For all values of the contrast, the estimated 
number of regions decreases monotonically from 
four to one as a increases. For a given α, increasing 
the contrast implies a larger or equal estimated 
number of regions. For low contrast, a continuous 
decay is observed while for higher contrasts, the 
curve stabilizes at the right number of regions (two 
in the example), eventually falling to one for high 
enough a value. As a main conclusion from these 
graphs, a low α value will tend to overestimate the 
number of regions, while a large a value will 
correctly estimate it, provided that the contrast is 
high enough. To keep the widest range of useful 
contrast, the lowest value of α that brings a correct 
estimation of region number should be considered. 
For the case depicted in the graph, this means a 
value ∼3.  
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Fig. 8. Estimated number of regions as a function of the 
parameter α for different contrasts. The object is formed 
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by two equal size regions and the RS-MLRT filter model 
is 4 regions. 

 
In Fig. 9, the same plot is shown for three different 
numbers of regions in the target, for the case of 
infinite contrast. Albeit the position of the elbow of 
the curves is not exactly the same, a value of α = 3 
will perform properly for all cases.  
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Fig. 9. Estimated number of regions as a function of the 

parameter α for infinit contrast. Three object  
configutrations are considered. 

 
 

8. Simplified Region-Selection Algorithm  
As stated in previous section, the selection of the 
proper configuration for an unknown object can be 
too complex to be calculated. A significant 
simplification of the algorithm can be made, 
specially matched for detection, relaxing the 
requirements of the region estimation step. In the 
actual posing of the problem, only two classes are 
considered to be distinguished. One is the target, 
with an arbitrary number of distinct regions taken 
from the complete region description. The other is 
the background, which is assumed to be uniform. A 
difficulty in the RS algorithm is that the value of 
MLRT in every region configuration can be 
evaluated only once. Therefore the possible increase 
due to the unnecessary split of a region may be 
hidden by the uncertainty of the MLRT. This 
problem can be reduced by considering not one 
splitting at a time, but the total splitting between one 
region and the maximum number of regions. 
If the region is indeed uniform, the average of the 
difference in likelihood in all steps will be closer to 
the value obtained from pdf’s [Eq. (22)]. The same 
applies for a uniform target. On the contrary, if the 
target is multiregion, there will be a significant 
increase of the likelihood in the P-region’s MLRT 
with respect to the one-region MLRT, no matter in 
what intermediate step (or steps) the increase is 

significant. To take advantage of this fact, we 
propose the following simplified-region-selection 
(SRS-MLRT) filter for detection of multiregion 
objects. First, the number of regions (LSRS) is 
estimated to be one or the maximum number of 
regions P just by the difference in likelihoods: 
 

 (29) 
 
 
then the SRS-MLRT is given by  
 

 (30) 
 
The selection between )( p

UR  and )1(
UR  is made 

independently for every pixel in the input image. 
With a proper choice of the parameter αSRS the 
filter should select one region output for the 
background and P regions for the target. An 
exception will occur if the target is indeed one 
region. Then one region will be selected, as 
corresponds to the object case. A thresholding of the 
output will yield the final binary detection output.  
 
9. Results with multregion filters 
The performance of the two newly introduced 
algorithms was tested by means of computer 
experiments. The target is in all cases made of four 
regions with 100 pixels each. The tests were 
performed for the most significant situations of 
contrast among the target regions and overall 
contrast between target and background. Figure 10 
shows the ROC curves (receiver operating 
characteristic curve, which relates the probability of 
correct detection versus the probability of false 
alarm) for the case of a four region object with mean 
values 10, 12.5, 17.5, and 20.  
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Fig. 10. COR curves for 1 region MLRT, 4 regions 

MLRT, RS-MLRT and SRS-MLRT. The object has 4 
region. 
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The background has a mean value of 15. Owing to 
the null overall contrast between the target and the 
background, the one-region filter fails in the 
detection of the target. The region definition 
matches a four-region description, which enables the 
four-region MLRT to perform the best in the test. 
The RS-MLRT closely follows the four-region filter, 
indicating that the number of regions has been 
correctly estimated. The SRS-MLRT shows a lower 
performance than the RS-MLRT, although it is still 
valuable. 
In Fig. 11 the case of a one-region object with poor 
contrast with the background is depicted. The target 
is homogenous with mean value 10, and the mean of 
the background is 12.5. It can be seen that the one-
region filter performs the best, similar to the SRS 
filter. The four region filter has a low performance 
due to the losses discussed previously. The RS-
MLRT exhibits a mixed behavior. For low 
thresholds (right-hand side of the graph), it fits the 
one-region filter, while it is close to the four-region 
filter for high thresholds (left-hand side of the 
graph). This behavior is due to the separation that 
the COR curve representation makes of the incorrect 
estimated values. The low values of the output will, 
obviously, have a higher probability of producing a 
one region estimation, and for high values in the 
output the trend will be to estimate a four-region 
object. 
Finally, Fig. 12 is an intermediate case. The object is 
composed of two regions of 200 pixels each, with 
mean values 10 and 15. The background has a small 
contrast with the target (mean value 15.7). The COR 
curves show a good performance for the four regions 
and RS-MLRT filters. The one-region filter is less 
effective, and the SRS filter is in the middle. 
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Fig. 11. COR curves for 1 region MLRT, 4 regions 

MLRT, RS-MLRT and SRS-MLRT. The object has 1 
region. 
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Fig. 12. COR curves for 1 region MLRT, 4 regions 

MLRT, RS-MLRT and SRS-MLRT. The object has 2 
regions. 

 
Considering the above results, the RS-MLRT filter 
behaves the best in all cases except when the object 
is purely one region. In this case the performance is 
bad for low false-alarm probability but good for high 
detection probability. The SRS-MLRT is a trade-off 
between one region and four-region MLRT, and 
exhibits good to medium detection capabilities. 

 
Conclusions 
We have evaluated different types of filtering 
techniques for dealing with images corrupted with 
noise. For the case of substitutive noise the SONG 
correlation has proven to be the optimal operation. 
For the cases of objects composed of multiple 
regions we have evaluated the statistical filters that 
provide the optimal detection, including an 
algorithm for estimating the number of effective 
regions in the sample. 
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