
Prog Artif Intell (2012) 1:215–222
DOI 10.1007/s13748-012-0020-z

REGULAR PAPER

Region selection and image classification methodology
using a non-conformity measure

S. González · J. Vega · A. Pereira · I. Pastor

Received: 10 November 2011 / Accepted: 3 June 2012 / Published online: 20 June 2012
© Springer-Verlag 2012

Abstract All the pixels of an image do not contain the same
amount of information. Typically, the borders of an image
contain less information than the centre. This paper intro-
duces a methodology to locate the most relevant regions in
images. A relevant region is a set of pixels that contains suit-
able information to recognise an image class versus the rest.
To perform a detailed analysis of images, they are divided into
regions and for each region a conformal predictor is trained.
The values of the non-conformity measure are used, on the
one hand, to hedge the classifier outputs with confidence and
credibility measures and, on the other hand, to choose the
most relevant regions. The combination of the best regions
and their predictors (one per each class) is used to classify
new images. The dimensionality of the original images is
reduced to the dimension of the regions combination. This
technique has been applied to the classification of images in
the Thomson scattering diagnostic of a nuclear fusion device:
the TJ-II stellarator. There are five different types of images.
A database of more than 1,200 TJ-II Thomson scattering
images has been analyzed.

Keywords Images · Non-conformity measure ·
Classification · Conformal predictors · Region · SVM
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1 Introduction

Nuclear fusion is a promising source of clean energy. In
fusion by magnetic confinement, the plasma is trapped inside
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a magnetic field created by a set of magnetic coils. To achieve
fusion, the plasma is heated until it reaches thermonuclear
conditions. Physical plasma properties (temperature, density
and confinement time among others) are measured at any
time by a wide range of plasma diagnostics. Plasma diagnos-
tics include visible and infrared cameras as powerful tools
for data analysis. However, the analysis, interpretation and
validation of images are more complex than the same tasks
performed with waveforms generated by other diagnostics.

This paper introduces a novel methodology for image
processing and classification using a non-conformity mea-
sure [1]. The technique has been applied to the analysis of
images generated in the Thomson scattering diagnostic [2,3]
of the TJ-II fusion device [4]. The Thomson scattering images
are 2-D spectra, with the horizontal and vertical axes display-
ing, respectively, scattered wavelength and position along a
plasma chord, which allows determining both plasma density
and plasma temperature profiles. In the TJ-II case, each image
belongs to one of five possible classes. These classes cor-
respond, respectively, to CCD camera background (BCK),
measurement of stray light without plasma or in a collapsed
discharge (STR), image during ECH phase (ECH), image
during NBI phase (NBI) and image after reaching the cut-off
density during ECH heating (CFF).

So far, different alternatives to solve the Thomson scat-
tering image classification problem have been carried out:
support vector machines (SVM) [5,6], neural networks [7]
and conformal predictors [8,9]. In all cases, very high suc-
cess rates were obtained in the classification process. Also,
in all the previous works, to avoid the large sizes of the orig-
inal images, they were reduced using a 2-D wavelet trans-
form [10] (Haar family).

In an image, not all the pixels contain the same amount of
information. Typically, the borders of an image contain less
information than the centre. One of the contributions of this
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paper is just to identify image zones with relevant information
to solve a classification problem. Both the identification of
the most relevant areas and the classification of images are
carried out using a non-conformity measure. All the men-
tioned works about the classification of Thomson scattering
images have used the full images regardless of the different
amount of information provided by the different regions.

As explained, the Thomson scattering diagnostic gener-
ates five different types of images. To solve this multi-class
classification problem, the one-versus-rest approach can be
used. This strategy consists of the creation of k (5 in this case)
different classifiers to distinguish a class c from the other k−1
classes. It is possible that the features (image pixels) that
allow the recognition of the class c differ from the features
that allow the recognition of other class d. Therefore, the most
suitable region for the recognition of a class c can be different
from the best region to recognize the class d. The developed
technique identifies each one of these k regions and uses the
combination of the regions to classify new images.

This paper is structured as follows: Sect. 2 includes a
review of the conformal predictors technique. The region
selection and image classification methodology is described
in Sect. 3. Section 4 contains the experimental results
obtained using the Thomson scattering images. Finally,
Sect. 5 includes a discussion of the methodology introduced.

2 Summary on conformal predictors

Conformal predictors [11] are predictive models that hedge
the output labels with values of credibility and confidence.
Confidence indicates how sure we are on the classification
given by the predictor. On the other hand, credibility indicates
the quality of the data on which we base our decision [12]
(how representative is the training dataset to perform the clas-
sification of a test sample). Conformal predictors have been
applied to wide variety of techniques, such as SVM [12], neu-
ral networks [13], nearest neighbour [14] or regression [15].

There are many variants of conformal predictors. In this
paper, we use the inductive conformal predictors (ICPs). The
main advantage of the ICPs versus the transductive confor-
mal predictors is its computational efficiency: the bulk of the
computations is performed only once no matter the number
of the samples to classify [1].

Let’s assume a training set, S = {x p
1 , . . . , x p

m, xc
1, . . . , xc

n},
composed by the union of a proper training set, S p =
{x p

1 , . . . , x p
m}, and a calibration set, Sc = {xc

1, . . . , xc
n}. The

proper training set is used to compute a predictive model. The
calibration set, together with new samples, is used to com-
pute the conformal measures (confidence and credibility). In
the on-line version of the ICPs algorithm, the new samples
classified by the predictors are added to the calibration set,
together with their predicted labels. In contrast, in the off-line

version, the new classified samples are not included in the
calibration set and it remains unchanged [12].

Different techniques can be applied in order to build a
model using the proper training set (e.g. neural networks,
nearest neighbour, etc). In this paper, SVM [12] is used to
build the models. In the case of a binary classification prob-
lem, SVM generates a separating hyperplane H that divides
the feature space into two different regions (one per each
class).

The conformal measures are computed using a non-
conformity measure (a measure of the supportiveness of a
sample). For every sample in the calibration set, its non-con-
formity value (α) is computed. The non-conformity measure
used in this paper is:

αx =
{−|dist(x, H)|, if the sample is properly classified

|dist(x, H)|, if the sample is misclassified

(2.1)

On classifying a new sample, the non-conformity values
themselves do not characterise how different this sample is
for a given calibration set SC . It is necessary to compare the
α value computed for the new sample with the α values of
the samples in SC . This value is called pvalue and it is given
by [11]:

pvalue = # {i : αi ≥ αnew}
n + 1

(2.2)

where n is the number of samples in SC .
In order to obtain the credibility and confidence values for

a new sample, it is necessary to compute a pvalue per each
different class in the problem: assuming that the new sample
belongs to one class x , a new αx value and the corresponding
pvalue_x is computed. For a n-class classification problem, n
different pvalues are computed.

The values of confidence and credibility for a new sample
are computed as [11]:

Credibility = p1 (2.3)

Confidence = 1 − p2 (2.4)

where p1 is the largest pvalue and p2 is the second largest
pvalue computed for that sample.

3 Region selection and image classification methodology

Firstly, it is important to define what an image region is. In
this paper, a region is a set of connected pixels in the image.
The minimum size of a region is 1 × 1 (1 pixel) and the
maximum size of a region is the full image. A single image
contains several different regions. Some of them can be over-
lapped, and thus, an image pixel can belong to many regions.
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The goal of the region selection and image classification
(RSIC) methodology is to locate the most relevant regions
of a set of images in a classification problem. These regions
are the ones that allow a predictor to properly distinguish
between different classes. In multi-class problems, it is pos-
sible that the region that allows the recognition of a specific
class could not be the same than the one that allows the rec-
ognition of another class. Therefore, different image regions
could be necessary in a multi-class classification problem.

The RSIC methodology is made up of five different steps:
image division, models building, region evaluation, region
selection and, finally, image classification. The following
subsections describe these steps.

3.1 Image division

The image division is the first step of the RSIC methodology.
In this step, images are divided into regions. Figure 1 shows
an example of the division of images into four regions.

Expert knowledge can be used to identify the most accu-
rate and efficient image division according to image char-
acteristics. These regions contain the most relevant a priori
information and help the system to select the most suitable
ones to better identify each class.

3.2 Models building

In the previous step of the RSIC methodology, images have
been divided into regions. Each one of these regions is a com-
pletely independent system and must be able to classify an
image using only the information of the pixels contained in
the region.

One versus rest SVM (OVR-SVM) has been chosen to
solve the multi-class classification problem. In a k-class prob-

lem, k binary SVM classifiers are built. Each classifier gen-
erates a separation hyperplane between a class and the other
k −1 classes. A new sample is assigned to the class for which
the positive distance from the hyperplane is maximal [16].

In this case, one OVR-SVM system (containing k binary
SVM classifiers) is trained per each image region. Each OVR-
SVM system uses only the information in the region where
it has been trained. To classify a new image, it uses only that
region. The same proper training set (S P ) and calibration
set (SC ) are used to train all the binary classifiers in all the
OVR-SVM.

Figure 1 shows an example of a 3-class classification prob-
lem where the images have been divided into four regions.
Each image colour represents one different class (each class
contains one or more images). 4 OVR-SVM systems are
trained and a total of 4 × 3 = 12 binary SVM classifiers
are needed (3 binary SVM classifiers per each image region
to classify one class versus the rest).

3.3 Region evaluation

After the generation of models on each image’s region, it is
necessary to select those ones that better distinguish between
classes. Since it is a multi-class classifier, it is possible that
a region that properly identifies a class does not work for
another class. Therefore, the quality of a region is computed
for each class separately (e.g. in the previous example, four
quality measures are obtained for each region, one per each
class).

The quality of a region r in the classification of a
given class t is computed using the non-conformity values
(α) (Eq. 2.1) of the calibration set (SC ) corresponding to the
binary classifier that distinguishes the class t from the rest
of the classes (αr t ). Using the non-conformity measure in

Fig. 1 Example of a 3-class
classification problem and the
division of the images into four
regions
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Eq. (2.1), the α values of the properly classified samples
(True Positive, TP, and True Negative, TN) are negative.
In contrast, the α values of the misclassified samples (False
Positive, FP, and False Negative, FN) are positive. On the
one hand, in the regions on which the αr t values are positive,
it has not been possible to build a good separating hyperplane
between the class t and the other classes. It means that the
samples of different classes are very close one to the others
in the transformed feature space, and thus, it is more likely to
make a mistake in the classification. On the other hand, if the
αr t values are negative, it means that the hyperplane built by
the binary SVM classifiers accurately defines the separation
between classes reducing the probability of making an error.
Quality is computed as:

q(r, t)

=
(∑#FN

i=1 αr t
FN,i + ∑#FP

j=1 αr t
FP, j

)
× PF + ∑#TP

k=1 αr t
TP,k

#FN + #FP + #TP
(3.1)

where #FN, #FP, #TP are, respectively, the number of false
negatives, false positives and true positives, and PF is a
penalty factor.

Equation (3.1) composed of two different terms:
Positive terms α values of FP and FN samples in the cali-

bration set. Their sum is multiplied by a penalty factor (PF).
The aim of the PF (PF ∈ [1,∞)) is to penalize the classifiers
that make classification errors.

Negative terms α values of TP samples.
Using Eq. (3.1), the smaller (negative) q value the better

is the region to classify a class t .
TN samples have not been included in Eq. (3.1). The rea-

son is that since the number of TN samples is usually much
larger than the number of TP samples, the statistical weight
of the TN samples is much higher. It can force classifiers to
obtain large distances from the TN samples to the hyperplane
rather than properly classify both the TN and the TP sam-
ples. For example, let’s assume a 10 class problem with 10
images per class. On evaluating a classifier of the first class,
in the optimum case (a perfect classifier), the number of TN
is 90 (9 classes times 10 samples per class) and the number
of True Positive (TP) is 10 (1 class times 10 samples). Thus,
the statistical weight of the TN is 9 times the weight of the
TP. Using the TN samples in Eq. (3.1), a classifier without TP
(and False Negatives instead) but with high distances from
the TN samples to the separation hyperplane can get a better
evaluation than a classifier with 10 TP and 90 TN but with
short distances. To solve this problem, the TN samples are
not included in Eq. (3.1) and penalty factor (PF) is added to
penalise the systems with errors.

An alternative to Eq. (3.1) can be a weighted average qual-
ity measured using the PF factor:

q(r, t)

=
(∑#FN

i=1 αr t
FN,i + ∑#FP

j=1 αr t
FP, j

)
× P F + ∑#TP

k=1 αr t
TP,k

(#FN + #FP) × PF + #TP
(3.2)

3.4 Region selection

The objective of this step is the selection of the most suitable
regions for the classification of each class.

The q values of the regions computed using Eq. (3.1) are
sorted and the smallest value of each class is selected as the
best region to classify that class. It is possible that the same
region would be the best one to classify all the different clas-
ses of the k-class classification problem or, in contrast, k
different regions would be the best ones. These k regions can
overlap or they can use different image pixels.

The result of the region selection is an OVR-SVM system
containing the k best binary classifiers, one per each class.
Figure 2 shows an example of the selection of the best binary
classifiers for the image division in Fig. 1. One binary clas-
sifier has been selected from the top-right region (class A),
one from the down-right region (class B) and one from the
down-left region (class C). The top-left region is not suitable
enough to classify any class (there are no differences between
the classes) and thus, no classifiers have been selected.

3.5 Image classification

On classifying a new image, it is divided into regions and
these regions are classified by their corresponding binary
classifiers (in a k-class classification problem only k regions
are analyzed). The image is assigned to the class of the clas-
sifier with the largest pvalue. The credibility measure of the
classification is equal to the largest pvalue and confidence is
equal to 1 minus the second largest pvalue.

4 Classification of the Thomson scattering images

As it was mentioned previously, the TJ-II Thomson scattering
CCD camera generates 2-D images from which to compute
the plasma temperature and plasma density profiles. Each one
of the images belongs to only one of five different categories.
The class of the image depends on the experiment carried out
in the TJ-II fusion device. As a consequence, the number of
images available of each class is different: 42 CFF, 517 ECH,
124 BCK, 366 NBI and 223 STR for a total of 1,272 differ-
ent images. Figure 3 shows an example of each one of the
Thomson scattering categories.

The resolution of the images is 576×385 pixels. To speed
up the region selection process, the images have been reduced
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Fig. 2 Example of the region
selection in a 3-class
classification problem

Fig. 3 Selected region of each class and the total region used by all the classes

to 144 × 97 pixels using the approximation wavelet coeffi-
cients of level 2 (Haar family) [17].

Since no expert knowledge has been used, it was not pos-
sible to divide the images using information about the prob-
lem. As an alternative, the images have been divided into
rectangular regions. The height and the width of the images
have been divided from 2 to 8 regions, testing all the possible
combinations. A total number of 1,225 different regions have
been created. Some examples of the image division can be
found in Fig. 4.

The binary SVM classifiers of the OVR-SVM systems
have been trained using radial-basis function (rbf) ker-
nels [18]. The epsilon SVM parameter has been set to
1×10−7. The values of the SVM complexity parameter C and
the rbf kernel parameter σ are based on the problem being
solved. Since the regions size and the information contained
on each region are not the same, it is not possible to set and
unique value of these parameters for all the regions. There-
fore, five values of C ({800, 900, 1,000, 1,100, 1,200}) and

five different values of σ ({8, 9, 10, 11, 12})—25 different
combinations—have been tested for each region.

The total set of 1,272 images has been randomly divided
into a proper training set (25 % of each class), a calibration
set (25 % of each class) and a test set (50 % of each class).
Therefore, the proper training set and the calibration set con-
tain 11 CFF images, 129 ECH images, 31 BCK images, 92
NBI images and 56 STR images (319 images each one). The
test set contains 20 CFF images, 259 ECH images, 62 BCK
images, 182 NBI images and 111 STR images (634 images).

According to the above paragraphs, 1,225 different regions
have been trained using 25 different combinations of the
SVM parameters, making a total of 30,625 systems. For each
class, the systems have been evaluated using Eq. (3.1), obtain-
ing the results in Fig. 5. It is important to note that the q
values of the systems have been ordered independently for
each class.

Figure 5 shows the size of the selected regions as a per-
centage of the total image size for different penalty factor
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Fig. 4 Examples of the
division of the Thomson
scattering images in regions

Fig. 5 Performance of the
30,625 systems trained in the
experiment (a) and size of
the selected regions for different
penalty factors (b)

values. Large values of the penalty factor force the selected
region not to make errors. It is possible to reduce the number
of errors increasing the information on the selected regions
and it is possible in two ways: selecting a region with more
information and if it is not possible, increasing the size of
the selected regions. Therefore, bigger regions are selected
for larger values of the penalty factor. It is important to take
into consideration that the images are divided from 2 to 8
columns/rows. Then, the maximum size of a region is 25 %
(a region of an image divided into 2 columns and 2 rows)
and the minimum size is 1.5625 % (8 rows and 8 columns).
For large values of PF, the ECH region selected is the biggest
region available.

Using PF = 3, the q value of the best systems are: CFF,
−0.673; ECH, −1.0524; BCK, −1.0392; NBI, −3.1756; and
STR, −1.1793. Figure 3 shows the region selected by the
best systems of each class and the total area needed for all
the classifiers. The total area is only a 16.49 % of the original
size of the images (note that some regions are overlapped and
thus the size of the total area selected is not the sum of the
areas of the different classes). The success rates of the clas-
sification of the test images are CFF 15.00 %, ECH 96.53 %,

BCK 100 %, NBI 98.80 %, STR 98.20 % and the total clas-
sification success rate taking into consideration the different
number of test images on each class is 95.27 %. The reason
of the low classification success rates of the CFF class is the
small number of training examples: only 11 images.

The results obtained using the regions selected by the
RSIC methodology have been compared to the ones obtained
by 5 SVM one versus rest systems trained using the full
images. The same proper training set, calibration set and test
set described above have been used to train and test these
systems. As it was mentioned previously, the full images
contain more information than the regions selected by the
RSIC methodology. Therefore, it is possible to obtain better
classification rates than using only the RSIC regions. In this
case, the total success rate using the full images is 96.37 %,
slightly higher than using the RSIC regions (95.27 %). It is
important to note that the RSIC regions are using only the
16.49 % of the size of the full images. Table 1 contains the
detailed results obtained using both methods for each one of
the image classes.

The CPU times used by the RSIC regions and the full
images have been measured to quantify the reduction of
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Table 1 Comparison of the classification results obtained using the
RSIC regions versus the full images

Image class Rates Full image RSIC

CFF 20 images Success 11, 55.00 % 3, 15.00 %

Errors 4, 20.00 % 5, 25.00 %

Unknowns 5, 25.00 % 12, 60.00 %

Region size 100 % 4.17 %

ECH 259 images Success 246, 94.98 % 250, 96.53 %

Errors 6, 2.32 % 6, 2.32 %

Unknowns 7, 2.70 % 3, 1.16 %

Region size 100 % 8.33 %

BCK 62 images Success 62, 100 % 62, 100 %

Errors 0, 0 % 0, 0 %

Unknowns 0, 0 % 0, 0 %

Region size 100 % 3.13 %

NBI 182 images Success 181, 99.45 % 180, 98.80 %

Errors 1, 0.55 % 0, 0 %

Unknowns 0, 0 % 2, 1.1 %

Region size 100 % 2.04 %

STR 111 images Success 111, 100 % 109, 98.20 %

Errors 0, 0 % 2, 1.80 %

Unknowns 0, 0 % 0, 0 %

Region size 100 % 6.25 %

TOTAL 634 images Success 611, 96.37 % 604, 95.27 %

Errors 11, 1.74 % 13, 2.05 %

Unknowns 12, 1.89 % 17, 2.68 %

Region size 100 % 16.49 %

the models complexity. 100 runs have been performed for
each one of the systems. Table 2 summarizes the mean
times obtained using a Intel® Core™ 2 Quad CPU Q9300
2.50 GHz, 1.95 GB RAM. Since the times of the different
runs are very similar, the standard deviation values (SD) are
small. The differences of the times on training the models
of each class are due to the different number of images in
each class. Using the RSIC regions, the proper training is
94.49 % faster than using the full images. The calibration is
reduced 81.13 %. The time to complete the set is also reduced
81.83 %. The mean time to classify an image using the RSIC
regions is 0.025 s versus 0.137 s using the systems trained
with the full images.

Some other techniques have been previously applied to
classify the Thomson scattering images. For example, [7]
uses neural networks obtaining a success rate of 90.89 %.
In [8], images are classified using nearest neighbours and
only one image per class in the training set. It obtains a suc-
cess rate of 96.87 % in a set of 165 Thomson scattering
images.

Table 2 Comparison of the computation times using the RSIC regions
versus the full images

Full image RSIC

Time (s) SD (s) Time (s) SD (s)

Training

CFF 11 images

Proper training 1.206 0.026 0.075 0.001

Calibration 6.325 0.029 1.456 0.005

ECH 129 images

Proper training 2.301 0.048 0.200 0.003

Calibration 14.398 0.071 2.024 0.004

BCK 31 images

Proper training 1.097 0.012 0.033 0.001

Calibration 5.228 0.037 1.318 0.006

NBI 92 images

Proper training 1.400 0.012 0.034 0.001

Calibration 8.029 0.045 1.323 0.008

STR images

Proper training 1.712 0.012 0.124 0.001

Calibration 10.257 0.056 1.600 0.074

TEST—634 images 86.937 0.696 15.802 0.6958

5 Discussion

A new methodology for region selection and image classi-
fication has been introduced. Using this methodology, it is
possible to locate the most significant regions in images for
a classification problem (the regions that allow a predictor to
classify a new image, i.e. the regions with unique informa-
tion of each class) and to classify new image using only a
small percentage of the original images size obtaining high
success classification rates. The methodology is based on
a novel interpretation of the non-conformity measure that
allows identification of the best region to distinguish a class
versus the rest of classes of a multi-class classification prob-
lem. It has been applied to the identification of the most
important regions of the images generated by a diagnostic of
a fusion device. High classification success rates, a signifi-
cant reduction of the original image sizes and a reduction in
the training and test CPU times have been obtained.

In this approach, only one region per class is selected as
the most suitable one to classify that class. It is possible that,
for very complex classification problems, several regions
would be needed. On classifying a new image using several
regions per class, some different approaches can be used, for
example:

• The new image is assign to the class of the region with
the largest pvalue. This option is similar to the one in this
paper but using more regions and thus more pvalues.
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Fig. 6 Example of a
classification with multiple
regions and a voting schema

• Implementing a voting scheme for the regions of the same
class and then use the output of the voting schemes as the
pvalues of each class. Figure 6 shows an example of this
alternative using a 2-class classification problem and 9
regions. Three regions have been selected to classify each
class. In order to select a pvalue for each class, a voting
scheme is used. Then, the resulting pvalues are compared
as described in Sect. 3.5. In this case, the predicted class
is 2, the credibility is 0.6 and the confidence is 0.8. It is
important to note that although the largest pvalue is the one
of the region 4 of class 1, since the pvalues of the regions 7
and 8 are low, the voting scheme has obtained a low pvalue.
If there would not be a voting scheme, the predicted class
would be 1.
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