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Abstract - An information fusion system is pro-

posed in this paper in order to segment seismic im-

ages in geological regions. The fusion of the at-

tributes considered is made according to image in-

terpreter knowledge, coded in the fuzzy subset theory

formalism. The focus is on the problem of a quan-

titative performance evaluation of the fusion system

according to the interpreter qualitative assessment,

which has been translated into three main proper-

ties. The Baddeley distance is a potential operator

for such a performance evaluation and the interest-

ing results obtained with it are presented. But fur-

ther developments are needed to calibrate the Badde-

ley distance more precisely with interpreter behavior

and thus to optimize the fuzzy fusion system in an

automatic way.

Keywords: Information fusion, fuzzy set theory, perfor-

mance evaluation, Baddeley distance.

1 Introduction

A recent information fusion de�nition was proposed
in [1]:

\data fusion is a formal framework in
which are expressed means and tools for the
alliance of data originating from di�erent
sources. It aims at obtaining information of
greater quality; the exact de�nition of `greater
quality' will depend upon the application".

This de�nition seems to us to be interesting because of
its general avor independent of a speci�c �eld. It em-
phasizes, through the notion of \information of greater
quality", the importance of fusion goals and perfor-
mances in relation with the considered application.
This also means that the result quality must be de-
�ned for each application in order to assess the fusion
system.

In this view, the objective of this paper is to evalu-
ate the performance of a fusion system which performs
a classi�cation of the subsoil in view of petroleum ex-
ploration. This segmentation is obtained by the fu-
sion of attributes computed from a seismic bloc. The
\formal framework" that the de�nition deals with, is
herein the fuzzy set theory. It provides an e�cient

tool both to represent heterogeneous data and to ag-
gregate them. The aggregated information obtained
is qualitatively interesting and represents information
of greater interest than all the attributes studied sep-
arately. The main advantage lies in the semantics of
the obtained information. The fact of obtaining im-
ages with classi�ed and labeled regions is important for
interpreters. Thus, the information abstraction level
is increased while input dimensionality is reduced. A
quantitative evaluation of the results requires to state
the quality de�nition. The above information fusion
de�nition is interesting on this point because the no-
tion of quality is directly dependent on the application
and on the �xed objective. Here interpreters are able
to de�ne what a correct detection is. Moreover, they
can assess a segmentation of a section with regard to
a reference section. Evaluating the quality consists in
this application in choosing a distance operator which
has the same behavior as interpreters, i.e. which re-
spects a few main properties deduced from interpreter
knowledge. The distance given by this operator repre-
sents the gap between the reference and the obtained
result and is aimed at being used for a feedback on the
fuzzy fusion system. The proposed distance presented
here is the Baddeley distance.

The paper is organized as follows. Section 2 presents
the context of petroleum exploration by seismic images
and the fuzzy fusion system proposed. In section 3, the
performance of the segmentation obtained is de�ned by
properties according to the interpreter behavior. The
Baddeley distance is presented and applied to exper-
imental images. Finally, comments on the interesting
results obtained are drawn, and some perspectives are
presented in order to have an automatic optimization
of the fuzzy fusion system developped.

2 Fuzzy fusion of seismic image

attributes

2.1 Context of petroleum exploration

Petroleum exploration is composed of a very large
number of operations. At �rst, geologists observe, ex-
plore and record any clues to the possible presence
of hydrocarbons below ground. In addition, the use
of aerial and satellite photographs allows geologists



to formulate initial hypotheses. According to their
point of view, a second step consists in studying the
physical properties of the subsoil. This is the part of
geophysicists. A variety of methods are used at this
stage (gravimetry, magnetometry, seismic reection,
. . . ). Finally, geologists, geophysicists, petroleum ar-
chitects, engineers, �nancial planners, . . . aggregate all
their results. They decide to explore or not and seek
to work out a possible strategy for developing the oil
reservoir. Seismic images used in this paper have been
acquired by seismic the reection method: a surface
shock generates sound waves which are reected under-
ground. With a highly-sensitive geophone, geophysi-
cists record wave echoes. Then, powerful computers
generate tri-dimensional images representing the un-
derground strata. Figure 1 shows an original section
of a tri-dimensional bloc. This image is a sample and
has the following actual size: about 2.6km in length
and 1.9km in width.

chaotic zone

Figure 1: Original seismic bloc.

Experimented geophysicists try to interpret the im-
age by detecting and isolating the typical subsoil struc-
ture like horizons, faults, facies with �ne or coarse tex-
tures . . . This work requires time and knowledge from
geophysicists.

2.2 Problem presentation

The problem of seismic image segmentation is a com-
plex one. Finding a unique entity (attributes, mea-
sures, . . . ) to solve it, is utopic. Therefore, an ap-
proach based on information fusion [2, 3] is used, as
shown in �gure 2. It consists in merging data in-

Original three-dimensionnal
seismic bloc with only

one section represented

3D segmented bloc

Chaotic region

Fine zone

energy
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set of rules

Interpreter Knowledge

Fuzzy Fusion
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Figure 2: Fuzzy fusion principle.

puts in order to obtain a classi�ed bloc using expert
knowledge. Two attributes are currently used by inter-
preters. The �rst one is a measure of direction irregu-

larities called isotropy [4]. If structures are well orga-
nized in the image (parallel lines), it is an anisotropic
zone. Conversely, the chaotic zone presented in Fig-
ure 1 is a very disordered zone without any principal
orientation. The second one is the energy. The latter
represents amplitude variations of the waves reected
in the subsoil. In the image, zones with high energy
are characterized by very clear and very dark adjacent
zones. These two notions have been chosen because
interpreters in seismic images handle these attributes
in their interpretation.

Attributes are obtained by a tri-dimensional calcula-
tion on seismic blocs. For each voxel, gradient vectors
are computed in order to represent the local orienta-
tion. To measure locally the degree of organization, the
principal component analysis of gradient vector �elds
yields three eigen vectors. They are sorted in decreas-
ing order according to their respective eigen values:
�1 > �2 > �3. Thus �2 + �3 is a measurement of
isotropy and represents the notion of direction irregu-
larities.

P
�i represents the total energy and consti-

tutes the second attribute.

2.3 Fuzzy fusion system

The fusion system role is to aggregate the attributes
described above in order to classify each voxel. In this
application, fusion is based on interpreter knowledge.
Here the tool performing the fusion must be able to
code the interpreter reasoning. The fuzzy subset the-
ory provides appropriate tools to deal with this kind of
data (interpreter evaluation and reasoning [5, 6]). The
principle and the justi�cation of all choices and param-
eters of this fusion system were largely described in [7].
A brief recall is presented below.

Each attribute is described by a set of words. The
larger the number of words is, the �ner the description
is. For each word, the associated membership func-
tion is de�ned according to interpreters' evaluations.
Figure 3 shows the meanings of terms corresponding
to the isotropy attribute. The energy attribute is also
described in the same fashion.

S1 S2 S3 S4

small medium large very large
1

Isotropy

0
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x
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Figure 3: Fuzzy meaning of words.

Once the fuzzy linguistic descriptions of the in-
puts are established, the next step consists in merging
them to obtain information regarding region belong-
ing. For this purpose, interpreter reasoning is coded
in a database as a set of \IF-THEN" rules. For exam-
ple a rule which allows to detect chaotic zones is the
following:



...

IF anisotropy IS large AND IF energy IS large

THEN voxel BELONGS TO chaotic region.
...

In our case, the set of rules can be summarized in a
simple table since only two inputs are used. Figure 4
summarizes rules given by interpreters which allow to
detect chaotic zones and inferior chaotic zones (called
�ne zones) in a seismic bloc. White squares mean that
the activated class is not relevant for interpreters who
can shade the di�erent boxes. Thus, the system is
interactive with experts.
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Figure 4: Fuzzy rules coding interpreter knowledge.

The fuzzy representation of this set of rules is
made by a symbolic conjunctive view of the rules [8].
The rules are represented by a relation R such that
�R(L1; L2; S) is equal to one if the rule is activated,
to zero otherwise. The aggregation of the input at-
tributes by this relation R is obtained by means of
the combination-projection principle applied to the lin-
guistic descriptions:

�(S) = ?8L1;L22L1;L2
>
�

>(�I(L1); �E(L2));

�R(L1; L2; S)
�

(1)

In this formula, the > norm is a combination opera-
tor and ? co-norm is a projection operator. There are
a lot of > and ? operators [9]. The following ones, are
used in this application:

� >(a; b) = a � b

� ?(a; b) = min(a+ b; 1)

They allow to have a fuzzy classi�cation with the sum
of all membership degrees to all classes equal to one as
explained in [7]. This is due to interpreters who make
the symbolic classi�cation in a probabilistic way.

2.4 Experimental examples

The �rst result presented in �gure 5 corresponds to
the original section of �gure 1. The segmentation by
fuzzy rules gives a fuzzy classi�cation. To visualize
the results in the same format as the results given by

interpreters, a decision is taken for each voxel. The
class having the highest membership degree is selected.
Black pixels on presented results correspond to the
chaotic zone and the grey level region to the �ne zone.
On this section, two chaotic zones are detected and            

Figure 5: Automatic classi�cation of the original sec-
tion of �gure 1.

seem to correspond visually to what a non expert per-
son is able to identify on the original section. Con-
cerning the �ne zone, the detection is more expanded.
Figure 6b presents classi�cation of another seismic sec-
tion (�g 6a) belonging to the same bloc. Fusion system
adjustments have not been changed. As above, some
conclusions can be made : the two chaotic zones are
detected and �ne regions around them appear under
the chaotic region. Detection of �ne zones is less ho-
mogeneous and �ne regions appear in an uninteresting
part of the image. Note that this evaluation is qualita-
tive and not deeply formalized. Detailed interpretation
depends on each person.            

(a) Original seismic section            

(b) segmented section

Figure 6: Automatic classi�cation of another section.



3 Performance evaluation

3.1 Performance de�nition

Results presented in the previous section show the need
of a quantitative evaluation of the performance of the
fusion system. A means is the comparison of the re-
sults to a reference given by an expert. The latter
selects, on a seismic section the regions corresponding
to chaotic zones and �ne texture zones. The choice of
this reference sections in the bloc is realized by the ex-
pert. He can choose the one where he sees the di�erent
image structures better. Figure 7 presents an expert
model corresponding to the original seismic section of
�gure 1.

Chaotic zone

Fine zone

Figure 7: Interpreters detection

The problem is now to �nd an operator which char-
acterizes the di�erence between the segmentation ob-
tained by the fuzzy fusion system and the reference
segmentation, according to expert evaluation. At this
stage the problem is twofold. The �rst part concerns
the good detection rate. The results must contain the
same number of regions as expected by experts. The
second part is about the good position of the detected
region contour. Voxels identi�ed as belonging to a
chaotic region for example should be as close as possi-
ble to the chaotic reference region. In this paper, the
performance in detection is not considered. Indeed,
results presented in the above section visually show a
good region detection. Therefore, only the assessment
of the shape and contour of regions is tackled.

In this view, discussions with seismic image inter-
preters allow to characterize some aspects of the re-
sults. They judge the segmentation according to sev-
eral criteria :

� A shift of the detected region in relation to the
reference is considered as bad (see �g 8).

� A detected region containing some holes is also
bad, as well as a group of small pieces close to
each other (see �g 9).

� A small variation of the detected border in relation
to the reference is also considered by experts, but
as less important than the preceding aspects (see
�g 10).

Several main properties have to be de�ned according
to these observations in order to build a distance which

has the same behavior as the interpreter. Let I be a
binary image and � a di�erence image operator. Here-
after are listed the properties that � must satisfy.

Property 1 T�
k (I) represents a shift of the image I

in the direction �, with a step equal to k.
8k1 > k2 =) �(I; T�

k1
(I)) > �(I; T�

k2
(I))

The following �gure presents an illustration of a shift
image. The black pixels are the original region, while
grey pixels are the corresponding shifted region.

k

α

Figure 8: Translation description.

Property 2 When the detected region in image I1
contains more holes or is formed of more sub-regions
than the segmentation of image I2, then �(I; I1) >

�(I; I2).

Some illustrations of this e�ect is presented in the fol-
lowing �gure. This result aspect can be evaluated both
by the number and the areas of the holes, and by the
number of the sub-detections according to their area.
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Figure 9: Hole and fragmented detection illustrations.

Property 3 When contour pixels in image I1 are
nearer the reference R than contour pixels in image
I2, then �(R; I1) > �(R; I2)

The above illustration shows the reference contour in
black. A possibly acceptable result is shown below
in dash lines. This situation is considered, by in-
terpreters, as better than those described in �gure 9
and 10.

Figure 10: Contour variation.

3.2 Performance evaluation by Badde-

ley distance

The Baddeley distance [10] is proposed in this appli-
cation in order to assess the segmentation. It is a nu-
merical measure of the discrepancy between two binary
images. It was created for studying the performance
of image processing algorithms such as edge detection
in computer vision, or classi�cation, or segmentation.
This error metric is de�ned as the p-th order mean dif-
ference between threshold distance transforms of the



                                    

(a) expert model of chaotic zones (b) contour extraction (c) corresponding distance image

Figure 11: Computed image by Baddeley evaluation.

two images. The general formulation of the Baddeley
distance is de�ned as follow :

�B(I; R) =

"
1

n(R)

X
x2X

jd(x;R)� d(x; I)jp

# 1

p

With I the result image to be compared with R, the
expert reference binary image; d(x; I) and d(x;R) re-
spectively, the distances between pixel x and its nearest
region contours in image I and R. And at last, n(I)
is the number of pixels of image I . Obviously, I and
R must have the same size, thus n(I) = n(R). For
each voxel, the shortest distance to the object border
is computed using the Chamfer distance, which is the
best approximation of the Euclidean distance [11].

This distance between two binary images must sat-
isfy the properties 1, 2 and 3 mentioned above, in order
to be validated for the considered application. When
the segmentation is shifted according to the reference,
the pixel distance to the regions is changed. Thus in
the arithmetic mean values used to compute the dif-
ferences between distances, the di�erences will adding,
thus increasing �. Therefore property 1 is satis�ed.
Concerning the second property, holes in the detected
region will create additional contours during the con-
tour extraction step and this will generate supplemen-
tary distances d which will increase �. Finally, the
case of small contour variations creates small di�erent
distances which generate a small increase of the Bad-
deley distance.

3.3 Experiments

This section is devoted to illustrations by experiments
that the Baddeley distance respects the imposed prop-
erties. In order to compute the Baddeley distance on
segmented seismic images, several steps are necessary.
They are illustrated by �gure 12. The �rst one consists
in extracting contours respectively from the reference
segmentation and from the computed segmentation. In
case of binary images, this step is straightforward and
consists in selecting voxels which are on the limit be-
tween the region and the background. Then, distance
images respectively for the reference border image and
for the result border image are computed. Each voxel
takes the value of the distance from the nearest voxel
contour. Finally, the arithmetic averages of the dif-
ferences between the two pixels corresponding to the

two distance images give us a quantitative evaluation
of the results, according to the reference.

∆
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Figure 12: Comparison steps

Figure 11 gives an overview of the images obtained
at each stage of the Baddeley distance values for the
expert model. The distance image (�g 11c) must be
understood in the following manner: in white pixels
the contour model is redrawn. Then dark pixels corre-
spond to pixels near this contour and light ones are fur-
ther. As the Baddeley distance is computed on binary
images, it is applied, in this application, on chaotic
regions in order to be validated.

The sensitivity of the Baddeley distance to a shift
or a small fragmentation result is considered on test
images. To illustrate the property 1, an original refer-
ence image is used. Some shifts are realized and the
Baddeley distance is computed between the original
image and the translated image: �B(R; T

�
k (R)). Fig-

ure 13 presents results obtained for two directions �
and several values of k.
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Figure 13: Baddeley distance for a translation trans-
formation.

The interpretation of these graphs shows that the



Baddeley distance is sensitive to the translation. More-
over, the variation between the value of k and the dis-
tance is quite linear. This property is not always sat-
is�ed with a slope of one because this will depend on
the shape of the objet in relation to the image size.
Note that for k = 0, the distance is also null. This
result means that the Baddeley distance qualitatively
has the same behavior as experts concerning a shift of
the detection.

            

(a) �B(R; I) = 3:8            

(b) �B(R; I) = 4:7            

(c) �B(R; I) = 6:72

Figure 14: Test on fragmentation results.

The second property that the distance must satisfy,
concerns its sensitivity to the fragmentation aspect of
the detected region. Results appear with di�erent per-
formances in the detection. Figure 14 presents three
images obtained with di�erent adjustments of the fu-
sion system and the corresponding Baddeley distances
(�gure 11a). These images are classi�ed visually by
experts from the more performant result to the less
(from the top down). The corresponding distances are
also increasing in the same way. So the sensitivity of
the Baddeley distance according to the fragmentation

aspect qualitatively corresponds to what is expected.

Finally, tests on segmentation contours close to the
interpreter reference are presented. On �gure 15b, the
detected region has a small contour variation accord-
ing to the model (�g 15a) and on �gure 15c, it has a
stronger variation. These results are centred on the
expert reference and don't have any holes. The cor-
responding Baddeley distance stays weak and is not
much sensitive to these variations.

All these experiments show that the Baddeley dis-
tance seems to react correctly to the main properties.
However, the problem of the di�erent distance scales
listed in relation to each criterion appears. Indeed, a
Baddeley distance due to a shift has not the same im-
portance as the same distance due to holes. This prob-
lem of calibration will be considered in further studies.

            

(a) interpreter reference            

(b) �B(R; I) = 3:3            

(c) �B(R; I) = 3:8

Figure 15: Tests on contour variations.



4 Conclusion

The problem tackled in this paper is the choice of an
adequate distance to assess a seismic image classi�ca-
tion obtained by a fuzzy fusion system with the aim
of adjusting the latter. In order to quantitatively eval-
uate the result quality, the comparison of a reference
given by an interpreter on a seismic section with the
obtained result has been considered. The method con-
sists in de�ning the notion of quality of the result in
the context of this application and then to de�ne an
adequate operator. Interpreters are able to judge the
detected zones and gave us a description of what an ac-
ceptable result was. For example, when a detected re-
gion is shifted according to the reference, it represents
a non-valuable result. The quality results is coded by
means of properties to be respected by an operator.
Herein, the Baddeley distance operator is proposed.
This operator, based on the distance of each pixel to
the nearest region border, respects the stated proper-
ties with a di�erent sensitivity for each of them. This
has been illustrated using di�erent tests on seismic im-
ages.

In perspective, the sensitivity variation of the Bad-
deley distance to di�erent situations considered show
the need of distance calibrating. Thus, with bounded
distances, the interpreter can �x boundaries for which
the result is acceptable (For example �B(R; I) 2 [0; 3]
is a satisfactory result). The following step of this
study concerns the adjustment of the fusion system
parameters (rules, meaning of terms, . . . ) in order to
minimize the distance of the results to the reference.
When optimum parameters are found for the reference
section, calculations will be applied to the entire bloc.
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