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Description

Technical Field

[0001] The present invention relates to an information processing apparatus for selecting, from a plurality of feature
amounts that are extracted from input data items, feature amounts that are to be used to classify the input data items,
and relates to an information processing method and so forth.
[0002] In the following, the term "feature amount" is considered as synonym of "feature". The reader has to figure out
from the context when said term refers to the qualitative or quantitative aspect.

Background Art

[0003] For an information processing apparatus for appearance inspection or the like, there is a scheme in which a
group of various feature amounts, such as the mean and variance of pixel values, is extracted from picked-up images
of inspection target objects, and in which determination of whether the inspection target objects are non-defective or
defective (classification into two classes, non-defective products and defective products) is performed. However, when
all of a large number of feature amounts are used, the dimension of feature becomes higher-order. A problem (such as
the curse of dimensionality) that occurs in a particular dimension or an increase in processing time that is caused by
extraction of redundant feature amounts occurs.
[0004] Accordingly, emphasis is being laid on a scheme in which, by selecting appropriate feature amounts, a problem
that occurs in a particular dimension is prevented from easily occurring, and in which the speed of arithmetic processing
is increased.
[0005] Hereinafter, a scheme disclosed in Non Patent Document 1 will be described. In Non Patent Document 1, a
scheme is disclosed, in which an evaluation value for evaluating a degree of separation is determined for each of feature
amounts, and in which the feature amounts are selected on the basis of the evaluation values in the order from more
favorable ones. Specifically, the scheme is a feature selection scheme in which selection criteria are determined using
Bayes-error-probability estimation values or ratios of within-class variances to between-class variances.
[0006] A Bayes-error-probability estimation value will be described in detail. For example, in a case of a two-class
issue, when two classes are denoted by w1 and w2 and features that are observed are denoted by xO = [x1, x2, · · ·, xk,
· · ·, xN], probabilities that xk belongs to w1 and w2 are denoted by P(w1|xk) and P(w2|xk), respectively. In this case, a
Bayes-error-probability estimation value is represented by the following equation.
[Expression 1] 

[0007] The Bayes-error-probability estimation value is determined for each of the feature amounts. A lower Bayes-
error-probability estimation value indicates that it is better to be used to separate the two classes from each other.
Accordingly, the feature amounts can be selected in ascending order of the Bayes-error-probability estimation values.
[0008] Next, a ratio of a within-class variance to a between-class variance will be described in detail. For example, in
a case of a two-class issue, when two classes are denoted by w1 and w2 and features that are observed are denoted
by xO = [x1, x2, · · ·, xk, · · ·, xN], a ratio of a within-class variance to a between-class variance associated with the feature
amount xk is determined. Additionally, a set of patterns belonging to the class w1 is denoted by Ai. The number of patterns
included in Ai is denoted by ni. The mean of xk of the patterns belonging to the class w1 is denoted by mi. Furthermore,
the number of all patterns is denoted by n, and the mean of xk of all of the patterns is denoted by m. In this case,
[Expression 2] a within-class variance (σ2

W) and a between-class variance (σ2
B)

are represented by the following equations.
[Expression 3] 
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[Expression 4] 

[0009] A ratio of the within-class variance to the between-class variance can be represented by the following expression.

[0010] In this manner, the ratios of the within-class variances to the between-class variances are determined, and the
feature amounts are selected in descending order of the ratios of the within-class variances to the between-class vari-
ances. Furthermore, in Non Patent Document 2, a scheme is disclosed, in which combinations of two feature amounts
are generated, in which the combinations of two feature amounts are evaluated in a two-dimensional feature space, and
in which the feature amounts are selected in units of two. It is described that, using the scheme in which combinations
of two feature amounts are generated, features can be selected with an accuracy that is higher than an accuracy with
which the feature amounts are selected on a one-by-one basis.

Documents of Related Art

Non Patent Documents

[0011]

Non Patent Document 1: Kenichiro Ishi, Naonori Ueda, Eisaku Maeda, You Murase, "Easy-to-understand pattern
recognition", Ohmsha, Tokyo, 1998.
Non Patent Document 2: Trond Hellem Bo and Inge Jonassen, "New feature subset selection procedures for clas-
sification of expression profiles," Genome Biology 2002, volume 3 (vol. 3), no. 4: research.

[0012] ’Pattern recognition’ by S. Theodoridis et al, 1 January 1999, Pattern Recognition, Academic Press, p.139-179,
discloses a method of measuring classification capabilities of feature vectors, that includes calculating a criterion and
selecting a combination of features on the basis of the criterion.
[0013] ’Statistical pattern recognition: a review’ by A.K. Jain et al, IEEE Transactions on pattern analysis and machine
intelligence, IEEE Computer Society, USA, vol.22, no.1, 1 January 2000, p.4-37, discloses a feature selection method
which includes a selection of a subset from a given set of features.
[0014] ’New feature subset selection procedures for classification of expression profiles’ by T.H. Boo et al, Genome
Biology, Biomed Central Ltd., vol.3, no.4, 14 March 2002 describes a feature subset selection procedure based on a t-
statistic score.
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Disclosure of Invention

Problems to be Solved by the Invention

[0015] However, in the scheme disclosed in Non Patent Document 1, features are selected on a one-by-one basis
using the above-described Bayes-error-probability estimation values or one-dimensional ratios of within-class variances
to between-class variances, and the feature amounts are not evaluated in consideration of compatibility among the
feature amounts within combinations. Accordingly, as a result, the scheme has an issue that a problem which occurs in
a particular dimension is caused to easily occur, and that the speed of arithmetic processing is reduced by extracting
redundant feature amounts. Similarly, in the scheme disclosed in Non Patent Document 2, the number of feature amounts
included in each combination is set in advance, and combinations of feature amounts are selected. The feature amounts
are not evaluated in consideration of compatibility among the feature amounts within the combinations.

Means for Solving the Problems

[0016] An information processing apparatus according to the present invention is an information processing apparatus
as set forth in claim 1.

Advantages of Invention

[0017] The present invention is made in view of the above-described issues. An object of the present invention is to,
with the information processing apparatus for selecting feature amounts that are to be used to classify input data items
from a plurality of feature amounts that are extracted from the input data items, select feature amounts suitable for
classification of the input data items in consideration of compatibility among the feature amounts within the combinations.

Brief Description of Drawings

[0018]

[Fig. 1] Fig. 1 is a diagram illustrating a configuration of an information processing apparatus according to a first
embodiment.
[Fig. 2] Fig. 2 is a flowchart illustrating information processing that is performed by the information processing
apparatus 101 in the first embodiment.
[Fig. 3] Fig. 3 include diagrams illustrating examples of gray-scale images having 128 3 128 pixels that are picked-
up and cut-out images of surfaces of rubber plates subjected to surface roughing.
[Fig. 4] Fig. 4 is a diagram illustrating a specific process of extracting a plurality of feature amounts in a second
embodiment.
[Fig. 5] Fig. 5 is a diagram illustrating a concept of calculating second evaluation values in a case of n = 2.
[Fig. 6] Fig. 6 is a diagram illustrating a concept of calculating the second evaluation values in a case of n = 3.
[Fig. 7] Fig. 7 is a diagram illustrating a flowchart of a process of calculating scores in the first embodiment.
[Fig. 8] Fig. 8 is a flowchart illustrating information processing that is performed by the information processing
apparatus 101 in the second embodiment.
[Fig. 9] Fig. 9 is a diagram illustrating a flowchart of a process of calculating scores in the second embodiment.
[Fig. 10] Fig. 10 is a flowchart illustrating information processing that is performed by the information processing
apparatus 101 in a third embodiment.
[Fig. 11] Fig. 11 is a diagram illustrating an overview of a process of calculating the second evaluation values in the
third embodiment.
[Fig. 12] Fig. 12 is a diagram illustrating a flow of a process in a fourth embodiment.
[Fig. 13] Fig. 13 is a diagram illustrating the details of a process in step 1203 in the fourth embodiment.
[Fig. 14] Fig. 14 is a diagram illustrating a feature space in which patterns belonging to one class w1 are plotted.

Best Modes for Carrying Out the Invention

First Embodiment

[0019] Hereinafter, a first embodiment will be described in detail with reference to the drawings.
[0020] Fig. 1 is a diagram illustrating a configuration of an information processing apparatus according to the first
embodiment.
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[0021] Reference numeral 101 denotes an information processing apparatus that performs information processing for
appearance inspection in the present embodiment. The information processing apparatus 101 includes a CPU (central
processing unit), an RAM (random-access memory), an HDD (hard disk drive), and so forth. The CPU executes a
computer program for appearance inspection. In the HDD and the RAM, the computer program for appearance inspection
and data items are stored.
[0022] Reference numeral 102 denotes an inspection target object that is an appearance inspection target in the
present embodiment. The inspection target object 102 is, for example, a rubber plate utilized in an industrial product.
The surfaces of the rubber plates of some inspection target objects 102 have asperities or flows. The asperities or flows
are detected by appearance inspection, and the rubber plates are classified into non-defective products and defective
products.
Reference numeral 103 denotes an image pickup apparatus for picking up images of the inspection target objects 102
in the present embodiment. The image pickup apparatus 103 is configured using a video camera capable of obtaining
a video image (image patterns) of the surfaces of the inspection target objects 102 or the like. The image pickup apparatus
103 transmits the obtained video image to the information processing apparatus 101. The information processing ap-
paratus 101 performs information processing for appearance inspection using the transmitted video image.
[0023] Reference numeral 104 denotes a display apparatus for displaying results of appearance inspection. The
display apparatus 104 is configured using a monitor or the like. The display apparatus 104 displays results of appearance
inspection that have been transmitted from the information processing apparatus 101.
[0024] Fig. 2 is a flowchart illustrating information processing that is performed by the information processing apparatus
101 in the present embodiment. In the present embodiment, appearance inspection will be described, in which deter-
mination of whether or not parts are non-defective (classification into two classes, non-defective products and defective
products) is performed using the picked-up images of the inspection target objects 102.
[0025] In appearance inspection in the present embodiment, two classes into which non-defective products and de-
fective products are classified exist. A plurality of hierarchical images are generated from input image patterns. A plurality
of feature amounts are extracted from the plurality of generated hierarchical images. Feature amounts that are suitable
for appearance inspection are selected from the plurality of extracted feature amounts.
Hereinafter, an overview of a flow illustrated in Fig. 2 will be described. Note that, each process of the flow illustrated in
Fig. 2 is performed by the information processing apparatus 101. Furthermore, the details of each process will be
described below.
[0026] (Step 201) In step 201, a plurality of feature amounts that are to be used for appearance inspection are extracted
from input image patterns that are obtained by the image pickup apparatus 103.
[0027] (Step 202) In step 202, the information processing apparatus 101 functions as generating means for generating
a plurality of combinations. The information processing apparatus 101 generates combinations of n (n ≥ 2) feature
amounts using the plurality of feature amounts that have been extracted in step 201.
[0028] (Step 203) In step 203, the information processing apparatus 101 functions as first calculating means for
calculating first evaluation values for evaluating suitabilities for classification of input image data items. A first evaluation
value is calculated for each of the plurality of combinations of n feature amounts that have been set in step 202. The
first evaluation value in the present embodiment indicates that the feature amounts are suitable for appearance inspection.
In this case, for each of the feature amounts, the combination of feature amounts (the combination of n feature amounts)
whose first evaluation value for the feature amount is most favorable is determined.
[0029] (Step 204) In step 204, the information processing apparatus 101 functions as second calculating means. The
information processing apparatus 101 compares the plurality of first evaluation values with one another, thereby calcu-
lating second evaluation values for evaluating suitabilities for classification of the input image data items.
[0030] (Step 205) In step 205, scores are calculated using the second evaluation values, and feature selection criteria
are determined.
[0031] (Step 206) In step 206, further, the feature amount whose score is most favorable and the combination of
feature amounts (the combination of n feature amounts) that has been evaluated in step 204 as a combination in which
the feature amount is included are selected. Feature selection is repeated using the feature selection criteria for the
feature amounts excluding the selected feature amounts.
[0032] Hereinafter, the details of each process illustrated in Fig. 2 will be described.

(Details of process in step 201 (extraction of plurality of feature amounts))

[0033] The details of a process in step 201 will be described.
[0034] Fig. 3 include diagrams illustrating examples of gray-scale images having 128 3 128 pixels that are picked-up
and cut-out images of surfaces of rubber plates subjected to surface roughing which are examples of the inspection
target objects 102.
[0035] Surfaces of normal rubber plates are illustrated in parts (a) to (e) of Fig. 3. Surfaces of abnormal rubber plates
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are illustrated in parts (f) to (j) of Fig. 3. In this case, image patterns such as image patterns illustrated in parts (a) to (e)
are considered as normal patterns. Image patterns such as image patterns illustrated in parts (f) to (j) are considered
as abnormal patterns. Next, the types of abnormal patterns are given. Parts (f) and (g) illustrate patterns in which an
inconsistency in the form of a black spot exists. Part (h) illustrates a pattern the entirety of which has a gradation.
Furthermore, part (i) illustrates a pattern in which an inconsistency in the form of a white spot exists. Part (j) illustrates
a pattern one portion of which has a low contrast. In this step, a plurality of feature amounts indicating such features of
patterns are calculated.
[0036] Fig. 4 is a diagram illustrating a specific process of extracting a plurality of feature amounts in the present
embodiment.
[0037] In the present embodiment, although pn image patterns are used as the input image patterns, wavelet trans-
formation which is a scheme for transforming a pattern into a pattern in a frequency domain, is used for the image
patterns in order to emphasize defects.
[0038] Particularly, Fig. 4 illustrates Haar wavelet transformation that is one type of wavelet transformation. First, inner
products are computed using four types of filters for an input pattern prior to being transformed. As a result, four types
of patterns, a vertical-direction high-frequency-element extraction pattern (HL), a diagonal-direction high-frequency-
element extraction pattern (HH), a horizontal-direction high-frequency-element extraction pattern (LH), and a low-fre-
quency-element extraction pattern (LL), are generated. A method for generating a vertical-direction high-frequency-
element extraction pattern will be specifically given. As illustrated in Fig. 4, for four pixels of the input pattern,

is considered as a value of a pixel of a vertical-direction high-frequency-element extraction pattern. Calculation in this
manner is performed in units of four pixels for the entire image region without performing the calculation on any pixel
that have been subjected to the calculation, thereby generating a vertical-direction high-frequency-element extraction
pattern. For a diagonal-direction high-frequency-element extraction pattern,

is used as a filter. For a horizontal-direction high-frequency-element pattern,
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is used as a filter. For a low-frequency-element extraction pattern,

is used as a filter.
[0039] Consequently, the four types of patterns are generated so that the resolution is halved. Furthermore, the next-
level Haar wavelet transformation is performed on the four types of patterns starting with the low-frequency-element
extraction pattern, thereby generating the four types of patterns so that the resolution is further halved. In this manner,
the frequency of the patterns is transformed into a lower frequency in a hierarchical manner. The pattern prior to being
transformed includes 128 3 128 pixels. Accordingly, a pattern having 64 3 64 pixels is generated by a first transformation.
A pattern having 32 3 32 pixels is generated by a second transformation. After that, a pattern having 16 3 16 pixels, a
pattern having 8 3 8 pixels, a pattern having 4 3 4 pixels, and a pattern having 2 3 2 pixels are generated. A pattern
having 1 3 1 pixel is generated by the last seventh transformation. In other words, finally, a vertical-direction high-
frequency-element extraction pattern having 1 3 1 pixel, a diagonal-direction high-frequency-element extraction pattern
having 1 3 1 pixel, a horizontal-direction high-frequency-element extraction pattern having 1 3 1 pixel, and a low-
frequency-element extraction pattern having 1 3 1 pixel are obtained. Accordingly, including the pattern prior to being
transformed, 1 + 4 3 7 = 29 types of patterns are obtained.
[0040] From each of the individual hierarchical patterns that have been obtained in this manner, six types of macroscopic
feature amounts, such as the maximum value, the mean, the variance, the kurtosis, the skewness, and the geometric
mean of all pixel values, are extracted. As the macroscopic feature amounts, the mean, the variance, the kurtosis, the
skewness, and the geometric mean of pixel values are represented by Equations 5, 6, 7, 8, and 9, respectively. Note
that each image has a size of a pixels in a vertical direction and b pixels in a horizontal direction, and a pixel value that
is an i-th pixel value in the vertical direction and a j-th pixel value in the horizontal direction of the image is denoted by
p (i, j). In a case in which a histogram of p is constructed, for each bin, a number, a value, and a frequency are denoted
by k, Xk, and Mk, respectively.
[Expression 10] 

[Expression 11] 
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[Expression 12] 

[Expression 13] 

[Expression 14]

[0041] The maximum value and the six types of feature amounts that are represented by Equations 5 to 9 are extracted
from the input pattern prior to being transformed, which has not been subjected to Haar wavelet transformation, and the
29 types of images, which are individual hierarchical images that have been subjected to Haar wavelet transformation.
In other words, the six types of macroscopic feature amounts are extracted from each of the 29 types of images in total.
Consequently, 29 3 6 = 174 (hereinafter, referred to as "N") feature amounts are extracted for each of the input patterns.
Note that N feature amounts are extracted from each of pn patterns that are used as the input patterns.
[0042] Here, a scheme using Haar wavelet transformation is described. However, other transformation schemes such
as schemes using another wavelet transformation, edge extraction, Fourier transformation, and Gabor transformation
may be used. Furthermore, other statistics such as a contrast, a value obtained by subtracting the minimum from the
maximum, and a standard deviation may be used as the macroscopic feature amounts. With the above-described
process, a plurality of feature amounts can be extracted from the input image patterns.
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(Step 202: generation of combinations of n feature amounts)

[0043] In step 202, the feature amounts are not selected on a one-by-one basis, and are selected in units of n by
generating combinations of n feature amounts. The number n of feature amounts included in each combination may be
determined in accordance with a user instruction or the like. Alternatively, the number n of feature amounts included in
each combination may be set in advance for each of the inspection target objects 102. When the number of feature
amounts that have been extracted from the input image patterns is N, combinations of n feature amounts are generated,
thereby generating NCn combinations.

(Step 203: calculation of first evaluation value for each of combinations of n feature amounts)

[0044] The details of step 203 will be described. In step 203, a first evaluation value is calculated for each of the NCn
combinations that have been generated in step 202.
[0045] The first evaluation value in the present embodiment is an evaluation value for evaluating whether or not the
combination of n feature amounts is suitable for determination for classification of the input data items. More specifically,
the first evaluation value indicates whether or not the combination of feature amounts is suitable as a combination of
feature amounts that is to be used for a case in which determination of whether the inspection target objects 102 are
non-defective products or defective products is performed.
[0046] In a case of a two-class issue regarding two classes, non-defective products and defective products, in the
present embodiment, an n-dimensional Bayes-error-probability estimation value is determined as one example of the
first evaluation value. Here, each of the two classes is denoted by a corresponding one of w1 and w2, and a vector having
n features is denoted by X = [x1, · · ·, xn]t. In this case, a distribution of a probability that x belongs to each of w1 and w2,
i.e., an n-dimensional histogram for each of w1 and w2, is generated. Each of the histograms is denoted by a corresponding
one of P(w1|x) and P(w2|x). Thus, a Bayes-error-probability estimation value is represented by the following equation.
[Expression 15] 

[0047] Calculation of a probability estimation value in this manner is performed for each of the combinations of n
feature amounts. Here, regarding the calculated Bayes-error-probability estimation value, as in the one-dimensional
case, it can be considered that the lower the value of a combination is, the more suitable for classification into non-
defective products or defective products the combination is.
[0048] Note that, although a case of a two-class issue is described in the above description, the Bayes-error-probability
estimation value can be applied for multiple classes.
[0049] Next, as another example of the first evaluation value, a case will also be described, in which a ratio of a within-
class variance to a between-class variance is used instead of the Bayes-error-probability estimation value. For example,
in a case of a two-class issue, when two classes are denoted by w1 and w2 and features that are observed are denoted
by X = [x1, · · ·, xn]t, a ratio of a within-class variance to a between-class variance associated with the feature vector x
is determined. Here, a set of patterns belonging to the class w1 is denoted by Ai. The number of patterns included in Ai
is denoted by pni. The mean of x of the patterns belonging to the class w1 is denoted by mi. Furthermore, the number
of all patterns is denoted by pn, and the mean vector of x of all of the patterns is denoted by m. Accordingly,
[Expression 16] a within-class variance (σ2

W) and a between-class variance (σ2
B)

can be represented by the following equations.
[Expression 17] 

[Expression 18]
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[0050] Thus, a ratio of the within-class variance to the between-class variance can be represented by the following
expression.

[0051] In this manner, a ratio of a within-class variance to a between-class variance is determined, and considered
as the first evaluation value.
[0052] Note that, although a case of a two-class issue is described in the above description, the ratio of the within-
class variance to the between-class variance can be applied for multiple classes. In the present embodiment, a Bayes-
error-probability estimation value or a ratio of a within-class variance to a between-class variance, with which a degree
of separation of classes from each other can be evaluated, is used as the first evaluation value. However, any evaluation
value with which a suitability for classification can be evaluated may be used.

(Step 204: calculation of second evaluation values from results (determination results) of comparison among first eval-
uation values)

[0053] In step 204, the first evaluation values of the combinations of the plurality of feature amounts are compared
with one another, thereby calculating, for each of the plurality of feature amounts, a second evaluation value for evaluating
whether or not the feature amount is suitable for classification of the input data items.
[0054] Hereinafter, calculation of the second evaluation values will be described in detail.
[0055] First, one feature amount is focused on. Among the combinations in which the feature amount is included, the
combination whose first evaluation value is most favorable is determined. When the Bayes-error-probability estimation
values are used as the first evaluation values, the combination of feature amounts whose Bayes-error-probability esti-
mation value is lowest is determined.
[0056] Then, a predetermined value is added to a second evaluation value of each of the feature amounts included
in the combination whose first evaluation value is most favorable. Then, the other feature amounts are sequentially
focused on, and the predetermined value is added to a second evaluation value of each of the feature amounts. In this
manner, all of the feature amounts are focused on, and the second evaluation value, to which the predetermined value
has been added, is calculated as a sum for each of the feature amounts.
[0057] Fig. 5 is a diagram illustrating a concept of calculating the second evaluation values in a case of n = 2.
[0058] Fig. 6 is a diagram illustrating a concept of calculating the second evaluation values in a case of n = 3.
[0059] First, the concept of calculating the second evaluation values in a case of n = 2 will be described with reference
to Fig. 5. In Fig. 5, a case in which there are four types of feature amounts, feature amounts A, B, C, and D, is described
as an example.
[0060] First, when the feature amount A is focused on, among combinations of the feature amount A and one of the
other feature amounts, i.e., among a combination of the feature amounts A and B, a combination of the feature amounts
A and C, and a combination of the feature amounts A and D, a feature amount included in the combination whose first
evaluation value is lowest (Bayes = 0.08) (a feature amount that is suitable for classification into non-defective products
and defective products) is the feature amount B. Accordingly, it is considered that, the feature amount B is more suitable
for classification into non-defective products or defective products than the other feature amounts included in the com-
binations of the feature amount A and one of the other feature amounts. Thus, a value of one is added to a second
evaluation value of the feature amount B.
[0061] Similarly, when the feature amount B is focused on, it is considered that, the feature amount C is more suitable
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for classification into non-defective products or defective products than the other feature amounts among the feature
amounts included in combinations of the feature amount B and one of the other feature amounts (Bayes = 0.003). Thus,
the value of one is added to a second evaluation value of the feature amount C.
[0062] When a process similar to the above-described process is performed for the feature amount C, the value of
one is added to the second evaluation value of the feature amount B. Finally, when the feature amount D is focused on,
the first evaluation value of a combination of the feature amounts D and B and the first evaluation value of a combination
of the feature amounts D and C are lowest (Bayes = 0.05). In other words, regarding the feature amount D, there are
two types of combinations that are most suitable for classification into non-defective products or defective products, the
combination of the feature amounts D and B and the combination of the feature amounts D and C. Accordingly, a value
of 0.5 is added to each of the second evaluation values of the feature amounts B and C. Furthermore, a combination of
three feature amounts may be generated by selecting the feature amounts B and C in combination with the feature
amount D. With the above-described process, the second evaluation values of the feature amounts A, B, C and D
become 0, 2.5, 1.5, and 0, respectively. In other words, the largest the number of times a feature amount is determined
as a feature amount that is most suitable for classification, the higher the second value.
[0063] Next, the concept of calculating the second evaluation values in a case of n = 3 will be described with reference
to Fig. 6. Basically, a process similar to the process that is performed in a case of n = 2 is performed. When the feature
amount A is focused on, as illustrated in Fig. 6, feature amounts included in the combinations that are most suitable for
classification into non-defective products or defective products) among combinations of the feature amount A and two
of the other feature amounts are the feature amount D and a feature amount F (Bayes = 0.001). Accordingly, the value
of one is added to a second evaluation value of the feature amount D, and the value of one is added to a second
evaluation value of the feature amount F. A process similar to the above-described process is performed for all combi-
nations of the feature amounts, thereby calculating second evaluation values of all of the feature amounts.

(Step 205: calculation of scores using function based on second evaluation value, and determination of selection criteria)

[0064] In step 205, scores to be used as criteria for selecting the feature amounts are determined using a function
based on a second evaluation value (referred to as "Ln"). In this case, in the present embodiment, scores are calculated
using a function such as the following equation. 

However, any function in which the score increases with the second evaluation value may be used. Note that, regarding
calculation of scores, a score is determined for each of the N (the types of feature amounts that are targets to be selected)
feature amounts.

(Step 206: selection of feature amounts in units of n)

[0065] In step 206, n feature amounts are selected using the feature amount whose score, which has been determined
in step 205, is most favorable, i.e., whose score is highest, and the combination of feature amounts that has been
evaluated in step 204 as a combination in which the feature amount is included.
Feature selection is repeated using the above-described feature selection criteria for the feature amounts excluding the
selected feature amounts.
[0066] For example, in the example illustrated in Fig. 5, the second evaluation values of the feature amounts A, B, C,
and D are 0, 2.5, 1.5, and 0, respectively. Accordingly, the feature amount B whose second evaluation value is highest
is selected first.
[0067] Furthermore, when combinations of the feature amount B and one of the other feature amounts are generated,
the feature amount C in the combination whose first evaluation value is most favorable is selected at the same time.
[0068] Next, the feature amount C whose second evaluation value is second highest is selected. However, because
the feature amount C has already been selected, the next feature amount is selected. When combinations of the feature
amount C and one of the other feature amounts are generated, the feature amount B in the combination whose first
evaluation value is most favorable is selected. However, because the feature amount B has already been selected, the
next feature amount is selected. Because the next highest second evaluation value is zero, the feature amounts are
selected in ascending order of the first evaluation values, i.e., the Bayes-error-probability estimation values. When the
feature amount A is focused on, the lowest first evaluation value is 0.08 that is the first evaluation value of the combination
of the feature amounts A and B. Furthermore, when the feature amount D is focused on, the lowest first evaluation value
is 0.05 that is each of the first evaluation value of the combination of the feature amounts D and B and the first evaluation
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value of the combination of the feature amounts D and C. The first evaluation value in a case in which the feature amount
A is focused on is lower than the first evaluation value in a case in which the feature amount D is focused on. Accordingly,
the feature amount A is selected first, and, then, the feature amount D is selected.
[0069] In this manner, finally, m, which is predetermined, feature amounts are selected in accordance with the favorable
combinations.
[0070] Extraction of N features from the input patterns can be performed in an off-line state because the extraction is
performed using training patterns. In an on-line process, it is only necessary to perform extraction of m feature amounts
from test patterns. Accordingly, the speed of arithmetic processing can be increased. Furthermore, because m feature
amounts are selected in consideration of the combinations of feature amounts, the number m of feature amounts that
are finally selected can be decreased, compared with the number of feature amounts in a feature selection scheme of
the related art in which only the first evaluation values are considered, and performance equivalent to that of the feature
selection scheme of the related art can be maintained.
[0071] With the above-described method for calculating scores, feature amounts can be selected from a group of
various feature amounts in consideration of combinations of feature amounts in an off-line state. As a result, a problem
that occurs in a particular dimension can be prevented from easily occurring, and the speed of arithmetic processing
can be increased.
[0072] Finally, a process of calculating scores in the present embodiment that has been described so far will be
described. Fig. 7 is a diagram illustrating a flowchart of the process of calculating scores in the present embodiment.
Regarding the process illustrated in Fig. 7, a case is described, in which feature amounts are selected in units of two
from the N (the types of feature amounts that are targets to be selected) feature amounts.

(Step 701: Calculation of Bayesij, Lni = 0 (i = 1, · · ·, N, J = i + 1, · · ·, N))

[0073] First, in step 701, the first evaluation values, i.e., Bayes-error-probability estimation values Bayes, of all of the
combinations are determined. Feature amounts are selected from the N feature amounts in units of two. Regarding a
Bayes-error-probability estimation value Bayesij, i denotes a first feature amount, and j denotes a second feature amount.
i is changed from 1 to N, and j is changed between i+1 and N in such a manner that a feature amount which has been
selected by i is not selected by j. Accordingly, NC2 combinations are generated. Furthermore, in this case, as initialization
values of all of the second evaluation values, Lni (i = 1, · · ·, N) are set to zero.

(Step 702: setting of initialization value of i)

[0074] In step 702, the first feature amount i is set to one, and the value thereof is gradually changed, thereby changing
the feature amount.

(Step 703: calculation of

[0075]

and k)
[0076] In step 703, the feature amount i is considered as a fixed number, and the feature amount j is considered as
a variable number. The minimum value of the first evaluation value, i.e., of the Bayes-error-probability estimation value,
and j in a case in which the Bayes-error-probability estimation value is the minimum are determined. j in this case is set
as k. Here, the feature amounts i and k are considered as a set of two feature amounts.

(Step 704: Lnk = Lnk + 1)

[0077] In step 704, one is added to the second evaluation value Lnk of the feature amount k.
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(Step 705: i = N, step S16: i = i + 1)

[0078] When the value of i becomes N, the process proceeds to step 707. When the value of i is smaller than N, the
process proceeds to step S706.

(Step 706: i = i + 1)

[0079] In step 706, one is added to i, and the process returns to step 703.

(Step 707: scorei = Lni (i = 1, · · ·, N))

[0080] In step 707, the second evaluation value Ln of each of the features is determined as a score. On the basis of
the scores, the feature amounts are selected in accordance with each of the sets that have been determined in step S13.

Second Embodiment

[0081] A flow of a process in the present embodiment will be described with reference to Fig. 8. The difference between
the present embodiment and the first embodiment is that step 205 illustrated in Fig. 2 in the first embodiment is changed
to step 805 illustrated in Fig. 8. Accordingly, only a process in step 805, which is the difference between the present
embodiment and the first embodiment, will be described. Note that, as in the first embodiment, the process in the present
embodiment is performed by the information processing apparatus 101 illustrated in Fig. 1.

(Step 805: calculation of scores based on first evaluation values and second evaluation values, and determination of 
feature selection criteria)

[0082] In step 805, differently from the first embodiment, not only on the basis of the second evaluation values, but
on the basis of both the first evaluation values and the second evaluation values, feature selection criteria are determined.
Scores are determined using a function based on a first evaluation value and a second evaluation value, and feature
selection criteria are determined. In this case, the scores are calculated using a function such as Equation 14 given
below. However, any other function in which the score decreases with the Bayes-error-probability estimation value, and
in which the score increases with the second evaluation value may be used.
[Expression 21]

[0083] There is a case in which the Bayes-error-probability estimation value Bayes, which is the first evaluation value,
becomes zero, and in which the second evaluation value Ln becomes zero. Accordingly, a and b that are values which
are not zero are added in Equation 14. For example, if 1000 feature amounts exist, the minimum of the first evaluation
value Bayes for each of the feature amounts is zero, and the maximum is one. Furthermore, the minimum of the second
evaluation value Ln is zero, and the maximum is 1000. In this case, an appropriate value of a is approximately 1, and
an appropriate value of b is approximately 0.001.
[0084] With the function for calculating a score in the present embodiment, feature selection can be performed in
consideration of evaluations of feature amounts and evaluations of combinations of the feature amounts. Accordingly,
only necessary feature amounts can be selected. A problem that occurs in a particular dimension can be prevented from
easily occurring, and the speed of arithmetic processing can be increased.
[0085] Finally, an algorithm for calculating a score in the present embodiment that has been described so far is
illustrated in Fig. 9. As in the case illustrated in Fig. 7, Fig. 9 illustrates a case in which feature amounts are selected in
units of two from the N feature amounts. Step 908 that is the difference between a flowchart illustrated in Fig. 9 and the
flowchart illustrated in Fig. 7 is as follows.
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(Step 908:

[0086]

)
[0087] Scores are calculated using a function using the first evaluation value Bayes, which has been calculated in
step 903, and the second evaluation value Ln. As in the first embodiment, the feature amounts are selected for each of
sets of the feature amounts that have been determined in step 903.

Third Embodiment

[0088] A process in the present embodiment will be described with reference to a flowchart illustrated in Fig. 10. The
difference between the present embodiment and the second embodiment is that step 804 illustrated in Fig. 8 in the
second embodiment is changed to step 1004. Accordingly, only step 10004, which is the difference between the present
embodiment and the second embodiment, will be described. Furthermore, although a scheme in the third embodiment
can be applied to the first embodiment, here, a description thereof is omitted. Note that, as in the second embodiment,
the process in the present embodiment is performed by the information processing apparatus 101 illustrated in Fig. 1.

(Step 1004)

[0089] In the present embodiment, a degree of suitability for an evaluation criterion that is set in advance is determined
for each of the plurality of first evaluation values. Then, a predetermined value is added more times to the second
evaluation value of each feature amount constituting the combination whose first evaluation value corresponds to a
higher degree of suitability, thereby calculating the second evaluation values.
[0090] In the present embodiment, a degree of suitability for an evaluation criterion that is set in advance is determined
for each of the plurality of first evaluation values. Then, a predetermined value is added more times to the second
evaluation value of each feature amount constituting the combination whose first evaluation value corresponds to a
higher degree of suitability, thereby calculating the second evaluation values.
[0091] In the present embodiment, as in the first and second embodiments, the first evaluation values (here, the Bayes-
error-probability estimation values) are determined for all of the combinations of feature amounts.
[0092] For example, as in the case illustrated in Fig. 5 in the first embodiment, in a case in which the feature amounts
A, B, C, and D exist, combinations of feature amounts are generated by selecting at least two feature amounts at the
same time. For each of the feature amounts A to D, the value of one is added to the second evaluation value of the
feature amount included in the combination whose first evaluation value is most favorable. When the feature amount A
is focused on, a feature amount included in the combination whose first evaluation value is most favorable, i.e., whose
Bayes-error-probability estimation value is the lowest (Bayes = 0.08), among the combinations of the feature amount A
and one of the other feature amounts is the feature amount B. Thus, the value of one is added to the second evaluation
value of the feature amount B. As in the first and second embodiments, the above-described process is performed for
all of the feature amounts.
[0093] In the present embodiment, differently from the first and second embodiments, for each of the feature amounts
A to D, a value of w (0 < w < 1) is added to the second evaluation value of the feature amount included in the combination
whose first evaluation value is second most favorable. When the feature amount A is focused on, a feature amount
included in the combination whose first evaluation value for the feature amount A is second most favorable, i.e., whose
Bayes-error-probability estimation value is second lowest (Bayes = 0.1), among the combinations in which the feature
amount A is included is the feature amount C. Thus, the value of w is added to the second evaluation value of the feature
amount C. As the first evaluation value becomes more unfavorable, a smaller value may be added to the second
evaluation value. In Fig. 11, the value is added to the second evaluation value of the feature amount that is second most
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favorable. Next, when the feature amount B is focused on, a feature amount included in the combination whose first
evaluation value for the feature amount B is second most favorable, i.e., whose Bayes-error-probability estimation value
is second lowest (Bayes = 0.05), among the combinations in which the feature amount B is included is the feature amount
D. Thus, the value of w is added to the second evaluation value of the feature amount D. Furthermore, when the feature
amount C is focused on, a feature amount included in the combination whose first evaluation value for the feature amount
C is second most favorable, i.e., whose Bayes-error-probability estimation value is second lowest (Bayes = 0.05), among
the combinations in which the feature amount C is included is the feature amount D. Thus, the value of w is added to
the second evaluation value of the feature amount D. Note that, when the feature amount D is focused on, regarding a
feature amount whose first evaluation value is most favorable, i.e., whose Bayes-error-probability estimation value is
lowest (Bayes = 0.05), among the combinations in the feature amount D is included, there are two feature amounts, the
feature amounts B and C. Thus, the predetermined value is not added to the second evaluation value of the feature
amount in included in the combination whose first evaluation value is second most favorable. Consequently, when the
second evaluation values to which the predetermined value has been added are calculated as sums, the second eval-
uation values of the feature amounts A, B, C and D are 0, 2.5, 1.5 + w, and 2w, respectively. In this manner, more
accurate second evaluation values can be calculated.
[0094] As described above, more accurate evaluation values can be calculated using the method for calculating second
evaluation values in the present embodiment, and features having a better compatibility within a combination can be
selected. Only necessary feature amounts can be selected. As a result, a problem that occurs in a particular dimension
can be prevented from easily occurring, and the speed of arithmetic processing can be increased.

Fourth Embodiment

[0095] In the above-described embodiments, for a two-class issue in which the values of the patterns belonging to the
classes w1 and w2 are known, the evaluation values with which the classes w1 and w2 can be separated from each other
are selected.
[0096] However, in reality, a case is considered, in which only the values of the patterns belonging to the class w1 are
known, and in which the values of the patterns belonging to the class w2 are unknown. An example of the case includes
a case in which, in inspection for non-defective products, the values of patterns belonging to defective products are
unknown, and in which only the values of patterns belonging to non-defective products are known. For this reason, in
the present embodiment, a process using evaluation values indicating degrees of separation that can be calculated
using only the patterns belonging to the class w1 is performed.
[0097] Hereinafter, evaluation values that can be calculated using only the patterns belonging to the class w1 will be
described.
[0098] The distribution density of the class w1 can be considered as an evaluation value indicating a degree of separation
of the class w1 from the class w2. Supposing that the distribution density of the class w1 is high, a range in which the
distribution of the class w1 diverges in a feature space becomes narrow, so that a probability that the distribution of the
class w1 and the distribution of the class w2 overlap each other becomes low. In contrast, the range in which the distribution
of the class w1 diverges in the feature space becomes wide, so that the probability that the distribution of the class w1
and the distribution of the class w2 overlap each other becomes high. As described above, the number of patterns that
overlap one another changes in accordance with the distribution density of w1. However, even in a case in which the
distribution density of the class w1 is high, when there are overlaps, a large number of patterns in the distribution overlap
one another because the distribution density of the class w1 is high. Furthermore, even in a case in which the distribution
density of the class w1 is low, if there are overlaps, the number of patterns that overlap one another is small because
the distribution density of the class w1 is low.
[0099] However, typically, the higher the distribution density of w1, the smaller the number of patterns that overlap
one another between the classes w1 and w2. Accordingly, feature amounts with which the distribution density of the
class w1 becomes higher are better to be used as feature amounts for separating the classes w1 and w2 from each other.
[0100] In the present embodiment, a Euclidean distance between a centroid of the patterns belonging to the class w1
and the pattern that is farthest from the centroid is used as an evaluation value indicating the distribution of the patterns
belonging to the class w1. Furthermore, a standard deviation of Euclidean distances between the centroid and all of the
patterns can be used as an evaluation value. Alternatively, concepts of other distances including a Manhattan distance
and so forth may be used.
[0101] Hereinafter, a flow of a process in the present embodiment will be described.
[0102] Fig. 12 is a diagram illustrating the flow of the process in the present embodiment. The difference between the
present embodiment and the second embodiment is that step 803 illustrated in Fig. 8 in the second embodiment is
changed to step 1203. Accordingly, only step 1203, which is the difference between the present embodiment and the
second embodiment, will be described. Note that, as in the second embodiment, the process in the present embodiment
is performed by the information processing apparatus 101 illustrated in Fig. 1.
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[0103] Fig. 13 is a diagram illustrating the details of a process in step 1203 in the present embodiment. Hereinafter,
the details of the process in step 1203 will be described with reference to Fig. 13. Note that, because step 1301 corresponds
to step 1202, a description thereof is omitted.

(Step 1302: normalization of only all of patterns belonging to predetermined class w1 for each of feature amounts)

[0104] In step 1302, all of the patterns belonging to the class w1 are normalized for each of the feature amounts using
a standard deviation of the feature amount. The reason for this is that, in the present embodiment, it is necessary to
evaluate the feature amounts using Euclidean distances in an n-dimensional feature space.

(Step 1303: plotting of only patterns belonging to one predetermined class w1 for each of combinations of n feature 
amounts in n-dimensional feature space)

[0105] Next, in step 1303, the patterns belonging to the one class w1 are plotted in the n-dimensional feature space
for each of the combinations of n feature amounts that have been generated.
[0106] Fig. 14 is a diagram illustrating the feature space in which the patterns belonging to the one class w1 are plotted
in a case of n = 2.

(Step 1304: calculation of centroid of patterns belonging to one predetermined class w1)

[0107] In step 1304, a centroid G of the patterns that have been plotted in the feature space is calculated.

(Step 1305: considering degree of divergence as first evaluation value, calculation of first evaluation value also for each 
of combinations of n feature amounts)

[0108] In step 1305, in the n-dimensional feature space, a Euclidean distance dmax between the centroid G, which
has been determined in step 1304, and the pattern that is farthest from the centroid G is determined. The Euclidean
distance is considered as a degree of divergence. Alternatively, regarding Euclidean distances di between the centroid
G and the individual patterns, a standard deviation of di between the centroid G and all of the patterns is considered as
a degree of divergence. The degree of divergence that has been calculated using the above-described process is
considered as the first evaluation value as in the above-described embodiments.
[0109] Note that, as in the case of the Bayes-error-probability estimation value, a lower degree of divergence indicates
that it is better to be used as a feature amount for separating classes. Accordingly, the Euclidean distance in the n-
dimensional feature space can be considered as the degree of divergence, and the degree of divergence can be used
as the first evaluation value as in the case of the Bayes-error-probability estimation value. According to the present
embodiment, feature amounts can be selected using only data items concerning one class.
[0110] Note that, although a one-class issue is described in the above description, the present embodiment can also
be applied to a multiple-class issue. In order to express a degree of separation of a certain class from another class, a
Euclidean distance between a centroid and a pattern that is farthest from the centroid in the n-dimensional feature space
can be utilized as the degree of divergence.

(Other Embodiments)

[0111] In the above-described embodiments, utilization in appearance inspection is described. However, the present
invention can also be used for a case in which feature amounts to be used in face recognition or in an issue of classification
of patterns, such as multimodal multidimensional data items including moving images, are selected from various feature
amounts. Note that the present invention can also be used in other pattern recognition or in a field of data mining.
[0112] Furthermore, in the above-described embodiments, each of the feature amounts is evaluated using the Bayes-
error-probability estimation value, and the feature amounts are selected. A scheme in which feature amounts are eval-
uated in advance before a classifier performs classification using the feature amounts is called a filter scheme. On the
other hand, a scheme in which a classifier that classifies nondefective products, defective products, and so forth performs
classification using feature amounts in reality to evaluate the performance of the classifier, and in which whether or not
the feature amounts are to be used is determined is called a wrapper scheme. Because classification results are con-
sidered in the wrapper scheme, the performance of the wrapper scheme is higher than that of the filter scheme. However,
the wrapper scheme has a disadvantage that an enormous amount of calculation time is necessary. For this reason, in
order to effectively perform the wrapper scheme for an enormous number of feature amounts, a scheme has been
proposed, in which feature amounts are narrowed down using the filter scheme in which calculation can be performed
at a high speed. The calculation time can be reduced by narrowing down feature amounts, compared with the calculation
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time in a case in which only the wrapper scheme is used. The schemes in the above-described embodiments can be
performed in combination with the wrapper scheme that is used as second selection means.
[0113] Moreover, the processes in the above-described embodiments can be realized by processing, with a computer,
a computer program that is recorded in a recording medium such as a CD-ROM.

Industrial Applicability

[0114] The present invention can be applied to an information processing apparatus that performs appearance in-
spection on industrial products.

Reference Numerals

[0115]

101 information processing apparatus
102 inspection target object
103 image pickup apparatus

Claims

1. An information processing apparatus for selecting, from a plurality of features, for each of which a feature value is
calculated, wherein said features are extracted from input data items, one or more features that are to be used to
classify the input data items, the information processing apparatus comprising:

generating means for generating (S202) a plurality of combinations each having a predetermined number of
features by selecting the predetermined number of features from the plurality of features for each of the plurality
of combinations;
first calculating means for calculating (S203), for each of the plurality of combinations, a first evaluation value
for evaluating a suitability for classification of the input data items based on the corresponding feature values
of said extracted features; and
characterized by further comprising:

second calculating means for generating a plurality of groups of combinations, the combinations in each
group including a respective one common feature, selecting the best combination with respect to the first
evaluation value from combinations in each of the plurality of groups, adding a predetermined value to a
second evaluation value of each feature other than the respective one common feature in the selected
combination in each group and obtaining the second evaluation values for respective features by accumu-
lating the second evaluation value in each group with respect to the plurality of groups of combinations
(S204); and
selection means for selecting, on the basis of the second evaluation values for respective features, from
the plurality of features, the one or more features that are to be used to classify the input data item (S205,
S206).

2. The information processing apparatus according to Claim 1, further comprising obtaining means for obtaining scores
for respective features, on the basis of the second evaluation values, wherein the selection means is configured to
select the one or more features that are to be used to classify the input data items from the plurality of features
based on the obtained scores.

3. The information processing apparatus according to any one of Claims 1 to 2,
wherein the input data items are input image data items of picked-up images of inspection target objects that are
appearance inspection targets, and
wherein the first evaluation values and the second evaluation values are evaluation values for evaluating whether
or not the inspection target objects are nondefective products.

4. The information processing apparatus according to Claim 1, wherein the first evaluation values are evaluation values
for evaluating degrees of separation for classification of the input data items.
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5. The information processing apparatus according to Claim 4, wherein the first evaluation values are Bayes-error-
probability estimation values for classification of the input data items.

6. The information processing apparatus according to any one of Claims 1 to 5,
wherein the second calculating means calculates,
by comparing the first evaluation values with one another, each of the first evaluation value being calculated for a
corresponding one of the plurality of combinations,
the second evaluation values, each of the second evaluation values being used to evaluate a suitability of a corre-
sponding one of the plurality of features for classification of the input data items.

7. The information processing apparatus according to Claim 4, wherein the first evaluation values are ratios of within-
class variances to between-class variances for classification of the input data items.

8. The information processing apparatus according to Claim 1,
wherein the second calculating means
selects, on the basis of the first evaluation values, for each group of the combinations, a feature that is suitable for
classification of the input data items, and
calculates each of the second evaluation values for a corresponding one of the plurality of features on the basis of
the number of times that the feature has been extracted.

9. The information processing apparatus according to Claim 2, wherein the setting means sets the selection criteria
on the basis of the first evaluation values and the second evaluation values.

10. The information processing apparatus according to Claim 1, wherein the second calculating means
determines a degree of suitability of each of the first evaluation values for an evaluation criterion that is set in
advance, and calculates the second evaluation values on the basis of results of determination of the degrees of
suitability.

Patentansprüche

1. Informationsverarbeitungsvorrichtung zum Auswählen aus mehreren Merkmalen, von denen für jedes ein Merk-
malswert berechnet wird, wobei die Merkmale aus Eingabedatenelementen extrahiert werden, von einem oder mehr
Merkmalen, die zum Klassifizieren der Eingabedatenelemente verwendet werden sollen, wobei die Informations-
verarbeitungsvorrichtung umfasst:

eine Erzeugungseinrichtung zum Erzeugen (S202) mehrerer Kombinationen, von denen jede eine vorbestimmte
Anzahl Merkmale aufweist, durch Auswählen der vorbestimmten Anzahl Merkmale aus den mehreren Merk-
malen für jede der mehreren Kombinationen;
eine erste Berechnungseinrichtung zum Berechnen (S203) für jede der mehreren Kombinationen einen ersten
Beurteilungswert zum Beurteilen einer Eignung zur Klassifikation der Eingabedatenelemente basierend auf den
entsprechenden Merkmalswerten der extrahierten Merkmale; und
dadurch gekennzeichnet ist, dass die Informationsverarbeitungsvorrichtung weiterhin umfasst:

eine zweite Berechnungseinrichtung zum Erzeugen mehrerer Gruppen von Kombinationen, wobei die Kom-
binationen in jeder Gruppe ein jeweiliges gemeinsames Merkmal enthalten, Auswählen der besten Kom-
bination bezüglich des ersten Beurteilungswertes aus Kombinationen in jeder der mehreren Gruppen,
Addieren eines vorbestimmten Wertes zu einem zweiten Beurteilungswert jedes Merkmals, das nicht das
jeweilige gemeinsame Merkmal in der ausgewählten Kombination in jeder Gruppe ist, und Erhalten der
zweiten Beurteilungswerte für jeweilige Merkmale durch Akkumulieren des zweiten Beurteilungswertes in
jeder Gruppe bezüglich der mehreren Gruppen von Kombinationen (S204); und
eine Auswahleinrichtung zum Auswählen, auf Grundlage der zweiten Beurteilungswerte für jeweilige Merk-
male, des einen oder mehr Merkmalen, die zum Klassifizieren der Eingabedatenelemente (S205, S206)
verwendet werden sollen, aus den mehreren Merkmalen.

2. Informationsverarbeitungsvorrichtung nach Anspruch 1, weiterhin umfassend eine Erhalteeinrichtung zum Erhalten
von Kennwerten für jeweilige Merkmale auf der Grundlage der zweiten Beurteilungswerte, wobei die Auswahlein-
richtung konfiguriert ist, das eine oder mehr Merkmale, die zum Klassifizieren der Eingabedatenelemente verwendet
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werden sollen, aus den mehreren Merkmalen basierend auf den erhaltenen Kennwerten auszuwählen.

3. Informationsverarbeitungsvorrichtung nach einem der Ansprüche 1 bis 2,

wobei die Eingabedatenelemente Eingabebilddatenelemente von aufgenommenen Bildern von Inspektions-
zielobjekten, die Erscheinungsinspektionsziele sind, sind, und
wobei die ersten Beurteilungswerte und die zweiten Beurteilungswerte Beurteilungswerte zum Beurteilen, ob
die Inspektionszielobjekte nicht fehlerhafte Produkte sind oder nicht, sind.

4. Informationsverarbeitungsvorrichtung nach Anspruch 1, wobei die ersten Beurteilungswerte Beurteilungswerte zum
Beurteilen von Trennungsgraden zur Klassifikation der Eingabedatenelemente sind.

5. Informationsverarbeitungsvorrichtung nach Anspruch 4, wobei die ersten Beurteilungswerte Bayes-
Fehlerwahrscheinlichkeitsbeurteilungswerte zur Klassifikation der Eingabedatenelemente sind.

6. Informationsverarbeitungsvorrichtung nach einem der Ansprüche 1 bis 5, wobei die zweite Berechnungseinrichtung
durch Vergleichen der ersten Beurteilungswerte miteinander, von denen jeder der ersten Beurteilungswerte für eine
entsprechende eine der mehreren Kombinationen berechnet wird, die zweiten Beurteilungswerte, von denen jeder
der zweiten Beurteilungswerte verwendet wird, um eine Eignung eines entsprechenden einen der mehreren Merk-
male zu beurteilen, zur Klassifikation der Eingabedatenelemente berechnet.

7. Informationsverarbeitungsvorrichtung nach Anspruch 4, wobei die ersten Beurteilungswerte Verhältnisse von Ab-
weichungen innerhalb der Klassen zu Abweichungen zwischen den Klassen zur Klassifikation der Eingabedaten-
elemente sind.

8. Informationsverarbeitungsvorrichtung nach Anspruch 1, wobei die zweite Berechnungseinrichtung

auf der Grundlage der ersten Beurteilungswerte ein Merkmal, das für eine Klassifikation der Eingabedatenele-
mente geeignet ist, für jede Gruppe von Kombinationen auswählt, und
jeden der zweiten Beurteilungswerte für ein entsprechendes eines der mehreren Merkmale auf der Grundlage
der Anzahl Male, wie oft das Merkmal extrahiert worden ist, berechnet.

9. Informationsverarbeitungsvorrichtung nach Anspruch 2, wobei die Einstelleinrichtung die Auswahlkriterien auf der
Grundlage der ersten Beurteilungswerte und der zweiten Beurteilungswerte einstellt.

10. Informationsverarbeitungsvorrichtung nach Anspruch 1, wobei die zweite Berechnungseinrichtung den Eignungs-
grad jedes der ersten Beurteilungswerte für ein Beurteilungskriterium, das im Voraus eingestellt wird, bestimmt und
die zweiten Beurteilungswerte auf der Grundlage von Ergebnissen der Bestimmung der Eignungsgrade berechnet.

Revendications

1. Appareil de traitement d’informations destiné à sélectionner, à partir d’une pluralité de caractéristiques, pour chacune
desquelles une valeur de caractéristique est calculée, dans lequel lesdites caractéristiques sont extraites d’éléments
de données d’entrée, une ou plusieurs caractéristiques à utiliser pour classifier les éléments de données d’entrée,
l’appareil de traitement d’informations comprenant :

un moyen de génération destiné à générer (S202) une pluralité de combinaisons ayant individuellement un
nombre prédéterminé de caractéristiques par une sélection du nombre prédéterminé de caractéristiques parmi
la pluralité de caractéristiques pour chacune de la pluralité de combinaisons ;
un premier moyen de calcul destiné à calculer (S203), pour chacune de la pluralité de combinaisons, une
première valeur d’évaluation permettant d’évaluer une pertinence de classification des éléments de données
d’entrée sur la base des valeurs de caractéristiques correspondantes desdites caractéristiques extraites ; et
caractérisé en ce qu’il comprend en outre :

un second moyen de calcul destiné à générer une pluralité de groupes de combinaisons, les combinaisons
dans chaque groupe comprenant une caractéristique commune respective, à sélectionner la meilleure
combinaison par rapport à la première valeur d’évaluation parmi des combinaisons de chacun de la pluralité
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de groupes, à ajouter une valeur prédéterminée à une seconde valeur d’évaluation de chaque caractéristique
autre que la caractéristique commune respective de la combinaison sélectionnée dans chaque groupe et
à obtenir les secondes valeurs d’évaluation de caractéristiques respectives par un cumul de la seconde
valeur d’évaluation dans chaque groupe par rapport à la pluralité de groupes de combinaisons (S204) ; et
un moyen de sélection destiné à sélectionner, sur la base des secondes valeurs d’évaluation des carac-
téristiques respectif, parmi la pluralité de caractéristiques, les une ou plusieurs caractéristiques à utiliser
pour classifier l’élément de données d’entrée (S205, S206).

2. Appareil de traitement d’informations selon la revendication 1, comprenant en outre un moyen d’obtention destiné
à obtenir des scores de caractéristiques respectives, sur la base des secondes valeurs d’évaluation, dans lequel
le moyen de sélection est configuré pour sélectionner les une ou plusieurs caractéristiques à utiliser pour classifier
les éléments de données d’entrée parmi la pluralité de caractéristiques sur la base des scores obtenus.

3. Appareil de traitement d’informations selon l’une quelconque des revendications 1 et 2,
dans lequel les éléments de données d’entrée sont des éléments de données d’images d’entrée d’images acquises
d’objets cibles d’inspection qui sont des cibles d’inspection d’apparence, et
dans lequel les premières valeurs d’évaluation et les secondes valeurs d’évaluation sont des valeurs d’évaluation
permettant d’évaluer si les objets cibles d’inspection sont, ou non, des produits exempts de défaut.

4. Appareil de traitement d’informations selon la revendication 1, dans lequel les premières valeurs d’évaluation sont
des valeurs d’évaluation permettant d’évaluer des degrés de séparation de classification des éléments de données
d’entrée.

5. Appareil de traitement d’informations selon la revendication 4, dans lequel les premières valeurs d’évaluation sont
des valeurs d’estimation de probabilité d’erreur de Bayes de classification des éléments de données d’entrée.

6. Appareil de traitement d’informations selon l’une quelconque des revendications 1 à 5,
dans lequel le second moyen de calcul calcule, par une comparaison, les unes aux autres, des premières valeurs
d’évaluation, chacune des premières valeurs d’évaluation étant calculée pour l’une correspondante de la pluralité
de combinaisons, des secondes valeurs d’évaluation, chacune des secondes valeurs d’évaluation étant utilisée
pour évaluer une pertinence de l’une correspondante de la pluralité de caractéristiques de classification des éléments
de données d’entrée.

7. Appareil de traitement d’informations selon la revendication 4, dans lequel les premières valeurs d’évaluation sont
des rapports de variances au sein d’une classe à des variances entre classes de classification des éléments de
données d’entrée.

8. Appareil de traitement d’informations selon la revendication 1,
dans lequel le second moyen de calcul sélectionne, sur la base des premières valeurs d’évaluation, pour chaque
groupe des combinaisons, une caractéristique qui est pertinente pour une classification des éléments de données
d’entrée, et
calcule chacune des secondes valeurs d’évaluation d’une caractéristique correspondante de la pluralité de carac-
téristiques sur la base du nombre d’extractions de la caractéristique.

9. Appareil de traitement d’informations selon la revendication 2, dans lequel le moyen de définition définit les critères
de sélection sur la base des premières valeurs d’évaluation et des secondes valeurs d’évaluation.

10. Appareil de traitement d’informations selon la revendication 1, dans lequel le second moyen de calcul détermine
un degré de pertinence de chacune des premières valeurs d’évaluation concernant un critère d’évaluation qui a été
défini à l’avance, et calcule les secondes valeurs d’évaluation sur la base de résultats de détermination des degrés
de pertinence.
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