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Abstract—In this paper, a real-time application for visual inspec-
tion and classification of cork stoppers is presented. The process of
cork inspection and quality grading is based on analyzing a large
set of characteristics corresponding to visual features that are re-
lated to cork porosity. We have applied a set of nonparametric and
parametric classification methods for comparing and evaluating
their performance in this real problem. The best results have been
achieved using Bayesian classification through probabilistic mod-
eling in a high-dimensional space. In this context, it is well known
that high dimensionality represents a serious problem for density
estimation. We propose a class-conditional independent component
analysis representation of the data that allows an accurate estima-
tion of the data probability density function by factorizing it. The
method has achieved a success of 98% of correct classification.

Index Terms—Independent component analysis, machine vision,
object recognition, visual inspection.

1. INTRODUCTION

UTOMATIC inspection of cork stoppers is a complex
A problem influenced by many objective and subjective fac-
tors, and as a consequence, it represents the least automated task
in the production cycle of the cork stopper in the cork industry.
Due to the inspection difficulty and the high production rates in
the manufacture even the most experienced quality inspection
operators frequently make mistakes. In addition, it is increas-
ingly difficult to find labor willing and able to do a job that is
at the same time both skilled and highly repetitive. Moreover,
human inspection leads to a lack of objectivity and uniformity
in the rules applied by different people at different times. As a
result, there is a urgent need to modernize the cork industry in
this direction. In this paper, we consider a real machine vision
application for classification of natural cork stoppers by using
a novel statistical classification method based on independent
component analysis (ICA) [1].

Cork stoppers are routinely classified in different quality
classes (see Fig. 1) and inspected for different defects like small
holes due to insect attacks, stopper breaking, or cracks (see
Fig. 2). Although it does not seem hard for human beings to vi-
sually analyze the cork stopper, it turns out difficult to precisely
formulate the characteristics of the cork surface that are relevant
to these tasks due to the porosity of the natural material. It is
difficult even for the cork quality experts to exactly define all
cork features that they take into account in the process of quality
grading or define the feature values and ranges in order to take
a final decision about the presence of a cork defect.
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Fig. 1. Surfaces of cork stoppers of five quality groups ordered in best to worst
quality (from left to right).

Fig. 2.
crack.

Cork stopper without defects, woody stopper, and a stopper with a

In order to cope with the problem of subjectivity in the pro-
cess of cork quality classification, we study the applicability of
different techniques from the fields of computer vision and pat-
tern recognition to the cork analysis. We state that the problem
of cork analysis is based on considering a large set of visual
features (in our case more than 40 blob features, e.g., number
of cork holes, average stopper gray level, average holes gray
level, etc.). Thus, the problem of cork inspection is defined as
a problem of learning and classification in a high-dimensional
feature space.

Learning and classification in a high-dimensional space is a
difficult task due to the problem known as the curse of dimen-
sionality. The main inconvenient faced by statistical classifica-
tion methods is proper density estimation due to dimensionality
concerns. Additionaly, data can be contaminated by noise, and
not necessarily all measurements contribute to classification.
The classical approach to this problem is based on the applica-
tion of feature extraction or selection techniques for modeling
low-dimensional pattern structures or selecting the most rele-
vant dimensions. Transformed data are low dimensional and a
whole set of techniques can then be directly applied.

The most common approach for transforming data can
be defined so as to maximally reduce dimensionality while
preserving relevant information. This approach can be seen
as a particular case of noise reduction, where anything not
contributing to classification is considered noise. Discriminant
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analysis or principal component techniques usually take this
approach. But a more direct method can result by considering
linear transformations exclusively from the simplification they
might provide on density estimation. ICA can provide this
simplicity in terms of density marginalization: Density estima-
tion in feature space is reduced to a number of unidimensional
estimations. Additionally, higher order dependencies between
the features are removed allowing single feature interpretations.

After extensive analysis of different existing techniques for
the classification of high-dimensional data, we show that ICA
represents a technique with optimal performance for our prob-
lem. In order to improve the density estimation of our data
we define a class-conditional independent component analysis
(CC-ICA) representation of the data that assures fast and robust
approach for automatic inspection of cork porosity.

This paper is organized as follows: The problem of high di-
mensional data classification is presented in Section II, where
our approach is exposed. Section III describes the visual features
used in the characterization of cork stoppers. Results and com-
parisons to other methods are presented in Section IV. Finally,
in Section V we expose our conclusions.

II. CLASSIFICATION OF HIGH-DIMENSIONAL DATA

Trying to describe and classify cork stoppers from their vi-
sual appearance leads to addressing a classification problem
in a high-dimensional space. High-dimensional data appear in
many pattern recognition problems, such as remote sensing,
appearance-based object recognition, text categorization, etc.
A stochastic approach for the classification of high-dimensional
data is always a delicate issue. For linear or quadratic classifiers,
the number of training samples depends linearly or quadratically
on the data dimensionality subset of features, and for selecting
the best features, an exhaustive sequential feature selection pro-
cedure is required so that the size of the problem grows combi-
natorially on the dimension. Furthermore, the training sample
size needs to increase exponentially in order to effectively es-
timate multivariate densities needed to perform nonparametric
classification. To avoid the problem of dimensionality, the most
common approach is the implementation of feature extraction or
dimensionality reduction algorithms. Principal component anal-
ysis (PCA) [3] is widely used due to its noise-reduction proper-
ties. PCA treats the data as if they belong to a single distribution
and so it has nothing to do with discriminative features optimal
for classification. Linear discriminant analysis (LDA) [2] can be
used to derive a discriminative transformation that is optimal for
certain cases. LDA makes use of only second-order statistical
information; hence, if the difference in the class mean vectors
is small, the features chosen will not be reliable. Moreover, by
definition LDA cannot produce more features than the number
of classes involved. Feature subset selection [4] is yet another
perspective on feature extraction. This problem considers a sub-
set of all linear combinations of the original feature set (in our
case, more than 40 features!), according to a certain criterion.
In order to produce an optimal subset of features, an exhaustive
feature selection procedure is required and so the size of the
problem grows combinatorially on the dimension.

Since there is no golden rule for choosing a dimensionality
reduction approach given an implementation of a parametric or
nonparametric technique for density estimation, we propose to
focus on the higher level statistical properties of the data. These
data will be transformed in such a way that density estimation
in the transformed space is simplified and more accurate. For
this purpose, we consider an ICA [5] representation for each
class. This representation projects our data into a space where
the components have maximized statistical independence, and
in many real problems, sparse distributions. As a result, the
independence turns an M -dimensional density estimation into
M one-dimensional (1-D) estimations of our data. This allows
simple density estimation without relying on dimensionality
reduction techniques.

A. Classification of High-Dimensional Data by CC-ICA

The classification problem of cork stoppers is stated as fol-
lows: Given a set of quality classes C, Cs, . . ., Ck (inour case,
five) and a set of labeled cork stoppers, we want to learn a data
representation space where the data density function can be es-
timated with higher reliability than in the original space and
to assign a sample object hiest to a particular class using the
probability of misclassification as an error measure. It is well
known that the solution to this problem is to assign htest to the
class that maximizes the posterior probability. This is called the
maximum a posteriori or MAP solution. Using the Bayes rule
we can formulate the posterior probability in terms of quantities
that are easier to estimate, and the MAP solution takes the form

Cuap = argy—;  j max{P(hiest | Cr) P(Ck)}

where P(C}) is usually called the prior probability,
P(htest | Cy) is referred to as the class-conditional probabil-
ity or, when seen as a function of the parameters, the likelihood.
In practice, the class-conditional probabilities can be modeled
parametrically or nonparametrically from our training set. The
priors, as their name indicates, are estimated from our prior
knowledge of the problem, and if such knowledge is not avail-
able, equiprobable priors are usually assumed.

In our problem, the test object hycgt is represented by a high-
dimensional feature vector hq,...,hp. If we assume condi-
tional independence in the occurrence of a particular value for
the feature vector, the MAP solution takes a new form com-
monly known as the naive Bayes rule

D
CNaive = ATy maxHP(hl | Cr)P(Ck).

=1
We choose to represent the data from each class using the trans-
form provided by ICA. This linear transform represents our data
in a space where the statistical dependence between the com-
ponents is minimized [5], [6]. After introducing the ICA model
and detailing this statistical technique, we show how the as-
sumption of independence greatly simplifies density estimation
and analyze the consequences in Bayesian decision.

The ICA of a D-dimensional random vector is a linear trans-

form that minimizes the statistical dependence between its com-
ponents. This representation in terms of independence proves



Q1

VITRIA ez al.: BAYESIAN CLASSIFICATION OF CORK STOPPERS

useful in an important number of applications such as data anal-
ysis and compression, blind source separation, blind deconvo-
lution, denoising, etc. Assuming the random vector we wish to
represent through ICA has no noise and is zero centered, the
ICA model can be expressed as

h = As

where h = (hy, ha, ..., hp) is the random vector representing
our data, s = (s1, S2, . .., Sy ) is the random vector of indepen-
dent components with dimension M < D,and Aisa D x M
matrix called the mixing matrix. To avoid ambiguities, the mix-
ing matrix is chosen such that the independent components have
unit variance (they already are zero centered). The pseudoin-
verse of A, which we will represent as W, is called the filter,
projection, or demixing matrix, and it provides an alternative
representation of the ICA model

Wh =s. (1)

Under certain assumptions stated in [5], W is completely
determined and, as its name indicates, projects our data into
the ICA space. Several objective functions have been proposed
for the estimation of the projection matrix. Basically, the likeli-
hood, network entropy, mutual information, and approximations
of these [7]-[9]. So far, the most satisfying and intuitive con-
trast function is mutual information, a natural measure for the
independence of random variables. It is defined as

1(51,52,...,51\,1):ZH(sm)fH(S) ()
M
where
p(s) =~ [ 1(s) low(s(s)) s 3)

is the differential entropy of random vector s with density f(s).
The mutual information is always nonnegative and zero if and
only if the variables are statistically independent. The main
drawback of mutual information is its estimation since the def-
inition of entropy requires the estimation of the density of the
independent components. Some authors have used approxima-
tions of the mutual information based on polynomial density
expansions [5], [10] such as the Edgeworth expansion [11].
Approaches using approximations of the differential entropy
were also suggested [12]. These approximations can be used for
the minimization of mutual information, estimating the individ-
ual independent components as projection pursuit directions.
In [13], together with the theory, Hyvirinen and Oja present
a fast and reliable implementation of this scheme through the
FastICA algorithm. This algorithm proves efficient and robust
regardless of the dimension and density of the sources and is
the algorithm of choice for the estimation of the ICA model in
this study.

When the conditions for performing ICA on a certain dataset
hold, density estimation of the projected data is strongly simpli-
fied. From a statistical perspective, the product of the marginal
densities of the projected data (independent components) best
fits the global distribution for the observations. But straight-
forward application of ICA for classification, i.e., unsuper-

visedly learning ICA from the dataset and working with the
marginal densities of the independent components are incor-
rect. The Bayesian classification scheme makes use of the class-
conditional densities and, as we will see, global independence
does not imply class-conditional independence. This is why
a representation that takes into account class belonging is re-
quired. This is why this representation is known as CA-ICA.

Let « and y be random variables taking values in #. And
let p(z,y), p(z), p(y), and p(z |y) be, respectively, the joint
density of (z,y), the marginal densities of x and y, and the
conditional density of x given the value of y. We say that x
and y are independent if any of the following two equivalent
definitions hold

p(x,y) = p(z)p(y) 4)
p(z|y) = p(z). )

It proves useful to understand independence from the follow-
ing statement derived from (5): Two variables are indepen-
dent when the value one variable takes gives us no knowledge
on the value of the other variable. For the multivariate case
x = (x1,...,xy), independence can be defined by extending
(4)asp(x) = p(z1) ... p(xy). Conditional independence is de-
fined as a natural extension of (4) and (5) through the incorpo-
ration of the conditional operator: p(z,y | z) = p(z| 2)p(y | 2)
and, equivalently, p(z |y, z) = p(x | 2). A frequent mistake is
to think that global independence implies conditional indepen-
dence, being Simpson’s paradox [14] probably the most well-
known counterexample.

Given K classes (1, ...,Ck in a D-dimensional space, the
ICA model is estimated from the training set for each class.
If Wy and sy are the projection matrix and the independent
components for class C} with dimensions M}, x D and Mj,
respectively, then

s¥ = W*(h — hF) (6)

where h belongs to C, and b is the mean of the class, estimated
from the training set. We use the following notation for the den-

B . . def ,
sity distribution of the independent components p* (s) = p(s").
The density distribution of the projected data can be rewritten
using the independence assumption for the independent compo-
nents

My

pr(s) = ] P"(sm). (7)

When using a Bayesian scheme for comparing different mod-
els, special care should be taken on the normalization of the
class-conditional probabilities. If €2 is the set of all possible
projected feature vectors, we have that for all &

/ka(s) ds =1.

For a training set T}, € (), it is recommendable to introduce a
normalization constant v}, on each class-conditional probability
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defined as
-1

vy = ﬁ > ()

seT

and to use the normalized likelihood v p* (s).

If h; is a representative feature vector for a test object, we
can project it into the ICA model learnt for class C}, using (6)
and obtain the independent components s/ . The likelihood of
the representative feature vector is obtained from the easier to
calculate likelihood of the transformed feature vector. Using the
log-likelihood to turn the products into sums and incorporating
(7), the Naive Bayes rule can be rewritten as

L M,

Cnaive = arg max > (D logp" (sim) | + L. (8)

=1 \m=1

In practice, classification is performed as follows: Represen-
tative feature vectors are extracted from the objects belonging
to class C, conforming training set T}.. T} is then used to es-
timate the ICA model and projected into this model. From the
projected feature vectors, the Mj, 1-D densities are estimated,
together with the normalization constants. If we have no prior
information on these marginal distributions, nonparametric or
semiparametric methods can be used in the 1-D estimation.!
Given a test object, its representative feature vectors are pro-
jected on each class and the class-conditional likelihoods cal-
culated. The test object is assigned to the class with the highest
probability.

III. CORK STOPPER IMAGE ANALYSIS

Given the problem of automatic classification of cork stop-
pers, we need to extract a set of visual features that describes the
cork porosity and allow to classify the stoppers in five different
quality groups. It has been clearly stated by visual inspection that
this problem is more related to analyze the distribution of blob
characteristics than to texture analysis. In fact, human inspectors
describe cork quality using a large set of blob features. More-
over, production requirements stated that cork stopper anal-
ysis system should allow the inspection of four stoppers per
second.

A. Feature Extraction and Analysis

In order to construct robust algorithms to classify cork stop-
pers, original images should be preprocessed and segmented.
The lateral part image of cork stoppers is acquired by a high-
resolution linear camera [see Fig. 3 (left)] during the continuous
movement of the cork stopper by the machine conveyor. The
image is geometrically corrected by applying linear regression
to determine the image distortion that is introduced by stop-
per linear movement with respect to the camera. Using simple
correlation based image processing techniques the overlapping

'In the appendix, we show how the ICA model gives us a priori information
that can be used in the estimation of the marginal densities of the independent
components.

Fig. 3. Original cork stopper image (left) and its geometrical and photometric
correction (right).

Fig. 4.

Blob extraction of cork stoppers images.

parts of the stopper image are detected and removed [see Fig. 3
(right)]. Afterwards, standard image enhancing techniques are
applied and an adaptive threshold is used to binarize the blobs
of the cork stoppers.

Quality of cork stoppers directly depends on the presence and
appearance of blobs on the stopper surface. Human beings take
into account global as local stopper features when classifying
cork stoppers. Global features can be expressed as overall gray
number of blobs, overall distribution of blobs, overall gray-level
appearance of stopper blobs, overall area of blobs, etc. Local
stopper features usually refer to the first- and second-largest
blobs of the cork stoppers and particularly their appearance:
area, length, perimeter, convex perimeter, compactness, edge
smoothness, etc. Following this strategy suggested by experts
of cork classification, we defined 43 cork stopper features. The
blob analysis (see Fig. 4) involves blob features as follows:
Stopper area, number of blobs, average blob area, average blob
elongation, average blob gray level, average compactness, av-
erage roughness, features of the first two blobs with the largest
area (area, length, perimeter, convex perimeter, compactness,
roughness, elongation, length, width, average blob gray level,
position with respect to the center of the stopper), and the cor-
responding features of the two longest blobs.
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Fig. 5. External aspect of the artificial vision machine for automatic cork
stopper inspection.

IV. RESULTS OF CLASSIFICATION OF CORK
STOPPERS BY CC-ICA

In order to compare our approach and to assess its perfor-
mance for the problem of cork stopper classification, we used
5000 cork stoppers (1000 stopper per class) that were selected
by experts in cork stopper quality of a company for cork stopper
production. The images have been acquired by a specialized
machine (see Fig. 5) and blob features have been extracted by
the procedure described in Section III-A. We implemented and
tested the following methods for the problem of cork stopper
quality classification.

® The most simple classification technique, the nearest neigh-
bor (NN) classifier [15], which classifies each cork repre-
sentation - on the original space - to the class of the nearest
representation of a stopper from the learning set.

® PCA of the data for dimensionality reduction, followed by
NN classification [15].

® DA, as described in [2], followed by NN classification.

® Nonparametric discriminant analysis (NDA), as described
in [16].

e Maximum likelihood (ML) classification using a single
unrestricted Gaussian distribution per class [15].

® Global ICA, as described in [13] without taking into ac-
count the class labels of the data. Prior to ICA, data was
analyzed using PCA in order to keep only components with
a significant associated eigenvalue (we kept the eigenvec-
tors corresponding to 99.5% of data variation).

e CC-ICA, as described in Section III. Prior to ICA, data
was analyzed using PCA in order to keep only compo-
nents with a significant associated eigenvalue (we kept the
eigenvectors corresponding to 99.5% of data variation).

Each experiment was validated using a variant of tenfold cross
validations: We randomly divided the data into a test set (30%
of the data) and a learning set (70% of the data) ten different
times.

Fig. 6 shows the performance of these methods, measured
from test data using cross-validation. It can be observed that
for this problem, parametric methods are clearly superior to the
nonparametric ones. CCA-ICA gets the maximum score.

In Fig. 7, the results corresponding to various implemen-
tations of the nearest neighbor approach are shown: a) 1-NN
classification on original data; b) 1-NN on linearly normalized
data; and c) 1-NN on data normalized on variance. The graphics
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Fig. 6. Classifier performance.
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Fig. 7. Dependence of k-NN classifier on representation of data.
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Fig. 8. Dependence on data representation.

shows that the performance of the method is not significantly
affected by this aspect.

Fig. 8 shows the dependence of nonparametric methods on
the data representations. Different tests have been run on origi-
nal data, normalized data, and representation on reduced feature
spaces by PCA and LDA. Different classifiers have been tested
on original and normalized data. The figure shows the final re-
sults of applying NDA that gave a success rate of 52% and
58%. After reducing the feature space by PCA to different di-
mensions, the final results were quite similar, e.g., classifying
a reduced space of 42 and 11 dimensions the success rate was
40% and 46%, respectively. When LDA was applied to ob-
tain an optimal subspace for class discrimination (the space has
been reduced to R*) applying two different training sets, the
results achieved 50% of success. Summarizing, the results show
that the classification did not depend significantly on the data
representation.
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Fig. 9. Results of parametric classification.

The results differed meaningfully when parametric classifiers
are applied (see Fig. 9). If the mean result of classification suc-
cess was about 45% with nonparametric classifiers, parametric
classifiers doubled the success rate achieving performance rate
up to 98%. Furthermore, the results on the graphics show that
keeping the full dimensionality of data is important for the clas-
sification performance. Maximum likelihood classification of
original data got 90% of success, while Naive Bayes classifi-
cation on CC-ICA got 98%. The results from CC-ICA can be
explained by a better estimate of the probability density function
of the different classes of cork stoppers thanks to complexity
reduction when we transform the estimate of an N-dimensional
density function to /N estimates of 1-D density functions.

V. CONCLUSION

We tested the prototype by using cross-validation in more
than 5000 cork stoppers applying a set of parametric and non-
parametric classifiers. Special attention was paid to data repre-
sentation. As a result, we obtained that data representation of
feature space of cork stoppers which is important to the purposes
of the correct classification. In particular, standard techniques,
like PCA and LDA, for reducing feature space (in terms of blob
characteristics of cork stoppers) hide the danger of loosing im-
portant information for the following process of classification.
Our conclusion is that a sufficient representation of the proba-
bility density function of full-dimensional cork data is the best
approach. When faced with this problem, the CC-ICA method
proved its advantages as a robust estimate of this function. Af-
ter testing an extensive set of classifier methods, we found that
nonparametric group of classifiers showed a low-performance
rate (mean of 45% of success). In contrast, Bayesian classifi-
cation achieved high-performance rate (mean 94%) in different
tests. A strong advantage of the proposed approach is that al-
though the computational complexity of the selected method of
CC-ICA during the learning phase can be high, the process of
classification of new examples can be implemented in real time
achieving the best performance rate.

APPENDIX
ICA MODEL AND MARGINAL DENSITY ESTIMATION

Sparse coding is a coding of the data such that for any given
input vector only a few components of the code will be signif-
icantly active (nonzero). A close relationship between sparse
coding and ICA has been pointed out [17]-[19], [22]. In our

particular problem, as in many others, a very high sparsity is
observed in the independent components.

Sparsity of data is reflected on a distribution that presents a
strong peak at zero and heavy tails. Kurtosis is a natural measure
of how “peaky” a distribution can be. Kurtosis or the fourth-
order cumulant is defined as k(s) = F(s*) — 3 for a zero mean,
unit variance variable (true for the independent components).

Depending on the sparsity (which we can measure using kur-
tosis as statistic), we can use different density models [20]. For
moderately sparse variables, a good approach is the Laplace or
double-exponential density

p(s) = \/1% exp [~ (Valsl/a)].

The main disadvantage of the Laplace density is that it only has
one parameter « and so it is not suited for adapting the density
to the data.

Another approach is to work with a mixture of Laplacians.
A mixture of two zero-mean Laplace distributions proves easy
to estimate and highly adaptive to strong variations in the level
of sparsity. The general form for a mixture of L zero-mean
Laplacians is

L
b =3 v x| (V21sl o)

where «; is related with the variance of each component of
the mixture and the ; are normalizing constants. These pa-
rameters can be estimated, for instance, using the expectation-
maximization algorithm [21].

A quite robust parametrization that provides an accurate ap-
proximation of very sparse data was introduced by Hyvirinen
[13]

_ 1(a+2)a(a +1)/2]/+D
2 ala+1)/2+ |s|@+3)

As a «— oo, this approaches the Laplace density. The parameters
are estimated as follows:

2kt VEEED

2k —1

p(s)

where
k = p(0)°

and p(0) is estimated with a suitable kernel.
Hyvirinen’s density and the mixture of Laplacians were the
most frequently used densities in the experiments.
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