
A Fuzzy Logic System Able to Detect Interesting Areas of a Video

Sequence

C. De Vleeschouwer�, X. Marichaly, T. Delmotzand B. Macq

Laboratoire de T�el�ecommunications et T�el�ed�etection

Universit�e catholique de Louvain

Bâtiment St�evin - 2, place du Levant

B-1348 Louvain-la-Neuve

Tel.: +32 10 47.41.05 - Fax: +32 10 47.20.89

E-mail: devlees@tele.ucl.ac.be

ABSTRACT

This paper introduces an automatic tool able to analyse the picture according to the semantic interest an

observer attributes to its content. Its aim is to give a "level of interest" to the distinct areas of the picture

extracted by any segmentation tool. For the purpose of dealing with semantic interpretation of images, a single

criterion is clearly insu�cient because the human brain, due to its a priori knowledge and its huge memory of

real-world concrete scenes, combines di�erent subjective criteria in order to assess its �nal decision. The developed

method permits such combination through a model using assumptions to express some general subjective criteria.

Fuzzy Logic enables to encode knowledge in a form that is very close to the way experts think about the decision

process. This fuzzy modelling is also well suited to represent multiple collaborating or even con
icting experts

opinions. Actually, the assumptions are veri�ed through a non-hierarchical strategy that considers them in a

random order, each partial result contributing to the �nal one. Presented results prove that the tool is e�ective

for a wide range of natural pictures. It is versatile and 
exible in that it can be used stand-alone or can take into

account any a priori knowledge about the scene.
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1 INTRODUCTION

Nowadays, many image processing applications require a preliminary analysis and comprehension of the con-

tent of the pictures. This need is obvious in the case of pattern recognition processes in which picture analysis is

in fact the application kernel. For medical imaging or for satellite picture interpretation, semantic analysis also

remains a major research area. In most cases, however, the e�ciency in analyzing and interpreting the picture

is directly related to the use of a model including a priori knowledge about the described scene. The greatest

di�culty encountered while developing a universal picture analysis tool arises from the unavoidable subjectivity

related to the scene observation.
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The goal of this paper is to introduce an automatic tool able to analyze the di�erent areas of a picture and to

attribute them a \level of interest". This tool is e�ective for a very large range of natural pictures. It is versatile

and 
exible in that it can be used stand-alone or can take into account an a priori knowledge about the scene.

Conceptually, there are two major approaches to image understanding1:

� Image-based methods detect and segment image regions that may correspond to real objects or to portions

of object, and eventually match them in a database. These methods are also called bottom-up methods

because they proceed from the raster image to describe it by regions.

� On the other hand, model-based methods seek to determine whether or not the image �ts the model. Two

strategies can be distinguished: the hierarchical one or the non hierarchical one. The hierarchical strategy

(also called top-down strategy) veri�es each assumption in a �xed order while the non-hierarchical one

veri�es each assumption in a random order, each partial result contributing to the elaboration of the �nal

one. It can be viewed as a cooperation of competitive techniques.

However, the best methods appear to be the ones combining both philosophies. Beginning with the segmentation

of the original picture (bottom-up approach), a non-hierarchical fuzzy model allows us to combine the results of

distinct criteria in order to increase the reliability of the system and to provide convergence to a meaningful �nal

result. The use of a Fuzzy Logic System (FLS) methodology allows the processing of semantic inference through

a mathematical formalism. Besides, some problems in object recognition have already been solved using FLS2:

image recognition using c-means clustering,3,4 recognition of moving objects5 and recognition of vegetables using

linguistic expressions6 are some interesting examples which demonstrate how fuzzy logic can deal with ambiguity

and subjective knowledge. The complete classi�cation algorithm and more details about the use of fuzzy logic

are presented in section 2. Section 3 presents some results for the region classi�cation. It is demonstrated that

the tool performs correctly even with over segmentation inherent to current available segmentation tools.

2 REGIONS CLASSIFICATION

Preliminary remark:

In this section, strong hypothesis is made that extracted regions represent meaningful objects of the

scene. Which means that the segmention process aims at dividing the picture in regions corresponding

to real objects or parts of real objects in the scene. Nevertheless, results of section 3 are obtained

with a classical segmentation algorithm extracting regions of spatial uniformity, and demonstrate the

tool e�ciency even when extracted regions do not match real objects of the scene.

A criterion of interest is searched for. It must be able to automatically attribute a level of interest to the

various parts of a picture. As the �rst aim of the tool was to perform \subjective video coding", the semantic

interest is actually directly related to the identi�cation of the features of the scene. An area containing lots of

meaningful features (these are important features for the semantic understanding of the scene) has to be classi�ed

among interesting areas and should be treated carefully through the coding process. the remaining question is:

\How can areas with meaningful features be selected?". For the purpose of dealing with semantic interpretation

of images, a single criterion is clearly insu�cient. Obviously, the human brain, due to its a priori knowledge and

its huge memory of real-world concrete scenes, combines di�erent subjective criteria in order to assess its �nal

decision. According to this logic, it has been decided to combine several criteria in order to provide the �nal

classi�cation. In addition, the criteria combination has to be robust against noise, which may not be the case if

a single criterion is used.

The tool for classi�cation developed here uses a Fuzzy Logic System (FLS,7,8). Indeed, fuzzy sets are a

mathematical methodology that was developed in order to express the semantic ambiguity inherent in human



language. They are an e�cient tool to deal analytically with subjectivity. Subjective knowledge, in contradiction

with objective knowledge, that can be strictly formulated through mathematical models, is usually impossible to

quantify using traditional mathematics. A signi�cant bene�t of fuzzy system modeling is the ability to encode

knowledge directly in a form that is very close to the way experts themselves think about the decision process; a

fuzzy system captures expertise close to the expert's own cognitive model of the problem. Another bene�t from

FLS is that they are well suited to represent multiple cooperating, collaborating and even con
icting experts

opinions.

Moreover, it can be demonstrated7 that a FLS is a non linear system that maps a crisp input vector into a

crisp scalar output. It can also be expressed as a linear combination of fuzzy basis functions and, in this sense, can

be viewed as a universal function approximator. Working with fuzzy logic does not enforce restrictive constraints

to the problem solution domain. It is obvious that, as it consists of combining somewhat ambiguous criteria in

order to result in a single crisp output (= level of interest), the problem being considered is well suited to be

solved using FLS. The fact that the knowledge about the quality requirements can only be subjectively expressed

using human language enforces the relevance of FLS use.

2.1 Application of Fuzzy Logic for Regions Classi�cation

The aim of this section is to describe the way of attributing a level of interest (related to the required quality)

to the di�erent areas of a picture. The following steps are followed:

� The �rst step is to identify the a priori knowledge one has about \What is an interesting area?". This

knowledge is of course totally subjective.

� The second step is to express the subjective knowledge with fuzzy rules. It will also de�ne the linguistic

variables manipulated by these fuzzy rules, de�ning appropriate membership functions.

� The third and last step involves �xing the t-norm and t-conorm,9 implications rules,10 the aggregation

method, the fuzzi�er and the defuzzi�er.8 These determine how fuzzy reasoning performs.

2.1.1 Subjective Knowledge: Some Interest Criteria

As mentioned earlier, for the purpose of dealing with semantic interpretation of images, a unique criterion

appears to be insu�cient. Up to now, �ve subjective criteria have been distinguished. Three of them are designed

for intra-images while the two others take into account temporal components speci�c to moving images.

Intra-images criteria

� Interactive criterion: Its principle is to decrease interest of regions with no pixels inside a pre-de�ned

square window of the image. This criterion is the interactive criterion par excellence as the user can easily

select another \interest window".

� Image border criterion: It is based on the fact that the most important part of an image in a video

sequence is at the center of the image. It allocates low interest values to the regions with signi�cant number

of pixels on picture borders.

� Face texture criterion: It is mainly designed for video-phone or video-conference. This criterion decreases

the interest of regions whose texture components do not coincide with a set of skin samples.



Inter-images criteria

� Motion and contrast criterion: It is based on a succession of motion estimations (using11) between the

images at the highest frequency (even if the sequence is coded at 8Hz, the criterion will compute three

motion estimations between images at 25Hz), it reduces the interest of regions with no motion and a very

small activity (the Human Visual System does not focus on these areas), as well as the regions with a very

important motion and a high gradient (they are too noisy to be correctly perceived). Activity and gradient

are de�ned section 2.1.2.A.

� Continuity criterion: It takes into account the result obtained with the previous image in order to give

some temporal stability to the �nal evaluation of the level of interest.

2.1.2 Knowledge Formalization: Fuzzy Rules and Fuzzy Sets De�nition

A) Rules

Each criterion is expressed in terms of fuzzy rules manipulating linguistic variables. The consequence of

each rule relates to the same solution variable: the \INTEREST LEVEL". This variable is rede�ned into a

set of fuzzy regions according to the comprehension of every rule.

For the interactive criterion, the input variable of the rules is the percentage of pixels of the region

belonging to the coarsely prede�ned interest area. This variable is noted \HIT PERCENTAGE". According

to the criterion understanding, the following rules can be deduced:

� If hit percentage is HIGH then interest is VERY HIGH.

� If hit percentage is LOW then interest is LOW.

The second rule, which is the negation of the �rst one, is necessary in order to reduce the interest of a region

that is outside the prede�ned interest area.

For the image border criterion, the input variable handles the fraction of pixels of the region boundary

that belongs to the image border. Hereafter, this variable is noted \FRACTION BOUNDARY PIXELS".

The rule expressing the criterion is:

� If the fraction border pixels is HIGH then interest is LOW.

For the face texture criterion, the input variable, named \SKIN PROBABILITY", is an estimation of the

probabilityP (SKIN j Cb; Cr) that the region corresponds to skin samples knowing the region representative

point in a chrominance space. A desirable property for the used color coodinate system could be that any

unit change in the chromaticity diagram should be perceived by an observer as an equivalently noticeable

color shift. The C.I.E. Uniform Chromaticity Scale Color Coordinate System (= (L; u; v) system) is an

attempt for obtaining such a system.12 Nevertheless, as our criterion only focuses on a particular area of

the chromaticity diagram, the amount of computation to transform the available (Y;Cb; Cr) coordinates

into (L; u; v) color coordinates is not justi�ed. So, the used color space is the (Cb;Cr) space and, in this

space, each region is represented by its mean chrominance values. Using Bayes's rule, P (SKIN j Cb; Cr) is

expressed by:

P (SKIN j Cb; Cr) =
T (Cb; Cr j SKIN ) � P (SKIN )

T (Cb; Cr)
(1)

=
T (Cb; Cr j SKIN ) � P (SKIN )

T (Cb; Cr j SKIN ) � P (SKIN ) + T (Cb; Cr j SKIN ) � P (SKIN )
(2)



In this expression, P (SKIN ) is the a priori probability that a sample of the picture is a skin sample. It

depends on the type of the studied sequence, e.g. it is greater for a videoconference sequence than for a

landscape sequence. P (SKIN ) = 1 � P (SKIN ) as SKIN and SKIN are complementary events. The

conditional density probability function T (Cb; Cr j SKIN ) and T (Cb; Cr j SKIN ) have been estimated from

(Cb; Cr) histogram of a large number of SKIN or SKIN training samples. Assumption has been made that

T (Cb; Cr j SKIN ) is a gaussian density probability function, product of two independent density probability

function (one for Cb, the other for Cr). For T (Cb; Cr j SKIN ), it has been necessary to decorrelate Cb and

Cr datas. Then, the decorrelated datas (Y1; Y2) have been assumed to be independent in order to estimate

the joint density probability function by the product of two functions, T (Y1) and T (Y2). Tests have resulted

in the following density probability function:

T (Cb; Cr j SKIN ) =
exp(�(Cb�121:6)2)=1136)p

1136��
�
exp(�(Cr�133:6)2)=1132)p

1132��

T (Cb; Cr j SKIN ) = T (Y1; Y2 j SKIN ) = T (Y1 j SKIN ) � T (Y2 j SKIN )

with

Y1 = �0:595 � (Cb � 99) + 0:804 � (Cr � 160)

Y2 = �0:804 � (Cb � 99)� 0:595 � (Cr � 160)

and

T (Y1 j SKIN ) =

(
exp(�(Y1+8)2)=98)

11:5�
p
2��

if Y1 � �8
exp(�(Y1+8)2)=512)

11:5�
p
2��

if Y1 � �8

T (Y2 j SKIN ) =
exp(�Y 2

2
)=80)p

80��

(3)

The rule expressing the criterion is:

� If skin probability is HIGH then interest will be HIGH.

In a sequence of videophone or video-conference, it may be interesting to go further by reducing the interest

of areas whose texture are not face texture. So, a second rule could be added:

� If skin probability is LOW then interest is (SOMEWHAT) LOW.

For the motion criterion, there are three input variables. The �rst one is a measure of the motion of the

studied area. The corresponding variable is denoted \MOTION". This motion value is normalized by the

maximum motion value (�xed by the search window size that has been chosen for the motion estimation).

It is also interesting to note that the motion measure uncertainty could be considered thanks to the fuzzy

numbers. This is similar to the use of a non-singleton fuzzi�er.8

The second variable is the mean value of the picture gradient. This gradient is expressed in each pixel

and is the mean of the absolute di�erence of the pixel with its neighbours. The linguistic variable is called

\GRADIENT". This value does not take into account the gradient distribution over the region and does

not make any di�erence between an area covered by high spatial frequency texture and a region containing

a small, high-contrasted object. Yet, it is highly probable that, while displaying the scene, the rendering of

the small, high contrasted object is more important than the rendering of a random texture for the semantic

understanding of the scene.

So, a third variable, named \ACTIVITY", denotes this notion. It is a value resulting from a morphological

treatment of the gradient picture. Actually, the activity picture is deduced from the comparison of the

closing of the gradient picture and of the opening of this closing. The activity value is equal to the gradient



value in the position where the di�erence between the di�erence between the closing and the opening of the

closing is above a chosen treshold (2 has been chosen). Activity has high values for isolated high gradient

values, corresponding in general to the border between contrasted areas.

Having de�ned the input variables, �ve rules express the motion and contrast criterion:

� If motion is HIGH then interest is HIGH.

� If motion is SMALL and activity is SMALL then interest is LOW.

� If activity is VERY HIGH then interest is SOMEWHAT HIGH.

� If motion is MEDIUM and activity is HIGH then interest is VERY HIGH.

� If motion is (VERY) HIGH and gradient is (SOMEWHAT) HIGH then interest is LOW.

The continuity criterion aims at keeping a constant interest level for an object during the whole sequence.

Of course, the correspondence between the regions detected at two di�erent times would require a tracking

procedure, and the level of interest of a region of the �rst image can be projected to the second image

only if the tracking of the region is reliable enough. The linguistic variable involved in this criterion is the

\TRACKING RELIABILITY" and the rule can be expressed as follows:

� If tracking reliability is HIGH then interest is AROUND previous value.

The previous value corresponds to the interest value of the region at time t� 1 associated to the considered

region at time t. In the �rst tests presented hereafter, the tracking is based on the improbable hypothesis

that there is no motion. The correspondence between regions of pictures at time t and t�1 is thus immediate

and the evaluation of its reliability is based on the computation of the pixel by pixel di�erence between the

two pictures.

B) Fuzzy Sets De�nition

Despite the fact that the rules can be clearly formulated, their interpretation still remains largely subjective.

This subjectivity will be formalized through the following fuzzy sets de�nition. Fuzzy membership functions

can have di�erent shapes depending on the preference or experience of the designer. In practice, however,

the most usual fuzzy systems shapes are the triangular and the trapezoidal ones. They simplify the required

computation and are su�cient to help capture the modeler sense of fuzzy number. Such shapes are thus

used in the present formalization. Let us now enumerate the involved variables and the attached fuzzy sets

de�nitions:

(a) \INTEREST" The universe of discourse of the variable is [0,1]. Each term of this variable is a fuzzy

set whose membership function is de�ned on the universe of discourse. The terms are HIGH, LOW

and AROUND (a given value). Their membership functions are triangular and illustrated on �gures 1

(a.1) and (a.2).

(b) \HIT PERCENTAGE" The universe of discourse of the variable is [0,1] (it is a percentage). The

terms are HIGH and LOW. They are de�ned by membership functions of �gure 1 (b).

(c) \FRACTION BOUNDARY PIXELS" The universe of discourse of the variable is [0,1]. The only

term is HIGH and it is also de�ned by a triangular shape function (�gure 1 (c)).

(d) \SKIN PROBABILITY" Its universe of discourse is also [0,1]. The terms are LOW and HIGH.

Figure 1 (d) illustrates them.

(e) \GRADIENT" The mean value used as the input value is divided by a value supposed to be higher

than nearly all gradient values (30 has been used). Then it is truncated to reduce its universe of

discourse to [0,1]. The terms HIGH and LOW are de�ned by the triangular shapes of �gure 1 (e.1).

(f) \ACTIVITY" The mean value used as the input value is divided by a value supposed to be higher

than nearly all activity values (30 has been used). Then it is truncated to reduce its universe of

discourse to [0,1]. The terms HIGH and LOW are de�ned by the triangular shapes of �gure 1 (e.2).
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Figure 1: Representation of the membership functions de�ning fuzzy sets for each used linguistic variable.

(g) \MOTION" The universe of discourse is [0,1]. The three terms are SMALL, MEDIUM and HIGH.

They are de�ned by the trapezoidal or triangular membership functions drawn on �gure 1 (f).

(h) \TRACKING RELIABILITY" The summation of the pixel by pixel di�erence is divided by the

number of pixels and by the maximal possible di�erence. So, the universe of discourse of the tracking

reliability variable is also [0,1]. The term HIGH is represented on �gure 1 (g).

The hedges used to transform the surfaces of these membership function are VERY or SOMEWHAT. VERY

corresponds to the square operator while SOMEWHAT is de�ned by the square root operator.

2.1.3 FLS Implementation

In the �rst implementation, "max" and "min" have been chosen as the t-norm and t-conorm operators while

the minimum implication rule was chosen for fuzzy reasoning.7 The chosen fuzzi�er transforms a crisp number

into a fuzzy number whose membership function is a triangular function centered upon the crisp value. In the
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Figure 2: Fuzzy Logic System Architecture. The rules work in parallel. As the used defuzzi�er is the height

defuzzi�er, there is no real distinction between the summation stage and the defuzzi�cation stage. Both actions

act at the same stage.

application, the fuzzi�er has been used to fuzzify the motion estimated value. It would of course be more e�cient

to bind the triangle width to the uncertainty of motion estimation but this would require an accurate estimator

of the motion reliability. The noise perturbing the motion estimation is just taken into account by a constant

spreading of the triangular function. For the aggregation process, it seems obvious that the additive aggregation

technique will be more e�ective than the maximum combination technique.7,8 Indeed, the maximumcombination

does not allow an e�ective cooperation of the rules because rules with a low output would have no incidence on the

result. Moreover it can be demonstrated13 that, as the number of combined fuzzy sets increases, this combination

technique tends to produce a uniform distribution for the resulting fuzzy set. For computation simpli�cation

purpose, the height defuzzi�er
7 was chosen to combine the defuzzi�ed values of each rule output subset. There

was thus no need to perform a real aggregation of the output fuzzy sets, each set being defuzzi�ed independently

from the others. Moreover, such a defuzzi�cation procedure permits to easily take into account the con�dence the

designer has about each rule, by allocating an adequate weight to each of them. The defuzzi�ed value of each set

is provided by the maximum defuzzi�er.8 In case of several maximums, the lefter, righter or median one is chosen

if the fuzzy membership function is respectively monotonic increasing, monotonic decreasing or non-monotonic.

As a conclusion, with wi the weight of each rule Ri, Bi the output fuzzy set of rule Ri and yi the value

defuzzi�ed from Bi, the �nal result y is computed by:

y =

PM

i=1wi�Bi (yi)yiPM

i=1wi�Bi (yi)
(4)

The resulting system architecture is depicted on �gure 2. The example of �gure 3 illustrates how a peculiar

rule is treated.



3 RESULTS

Before studying their interest, extraction of picture regions is requested. As told in section 2, the segmentation

should correspond to an image-based picture understanding method and should aim at dividing the picture in

regions corresponding to parts of real objects in the scene. For the following analysis purposes, the extracted

areas should satisfy two main constraints. First, they should be as large as possible because the larger the amount

of data taken into account for making the decision, the more the analysis will be e�cient. Secondly, data used for

a region have to be related to a single real object. Regions have thus to follow the real objects edges and must

not be shared by two distinct real objects. Practically, for the results presented hereunder, regions of uniform

spatial features are extracted. This is achieved in two steps:

� First, a watershed algorithm based on immersion simulations14 divides the image in small regions whose

edges include real objects edges. Oversegmentation inherent to this approach (see �gure 4: Oversegmen-

tation) can be reduced by tresholding the gradient used for the immersion process and by merging, during

the 
ooding step, the neighbouring regions having areas lower than a particular treshold. Nevertheless, ob-

tained results show that these tresholds have to be kept at a rather low value if one wants to avoid merging

parts of distinct real objects in a unique region. Another way to reduce oversegmentation is to make use of

markers.15,16 This approach, usefull to generate large regions, remains very sensitive to the markers choice.

A bad choice can lead to the loss of some edges between real objects. As the loss of some signi�cant edges

is worst than oversegmentation for the analysis purpose, markers will not be used.

� The second step tries to reduce the unavoidable oversegmentation due to the �rst step. It consits in merging

adjacent regions having near spatial features. In practice, regions having near luminance and chrominance

mean values are merged. This treatment permits to generate larger regions from the result of the �rst

oversegmentation (�gure 4: Segmentation after merging).

Figure 4 presents the results obtained for some MPEG4 sequences. In these pictures, darkness corresponds

to interest. For each criterion, a �gure illustrates the defuzzi�cation output obtained from the aggregation of the

rules of the studied criterion. It is noticeable that the combination of several criteria permits to strongly reduce

erroneous interpretations. As an example, the \texture face criterion" is mislead by the color of Akiyo's jacket.

Nevertheless, in the global result, other criteria are strong enough to overcome this local error.

4 CONCLUSION AND PERSPECTIVES

This paper has presented a way to allocate a \level of interest" to regions of coherent features extracted in a

video sequence. In a �rst step, the picture has to be segmented in a way that should match as much as possible

the \real" objects as detected by a human viewer. Then a procedure to quantify the subjective interest of the

di�erent image areas has been introduced through the implementation of a Fuzzy Logic System. Fuzzy logic

has been chosen because of its ability to deal with the human subjectivity and to combine di�erent cooperative

opinions. Up to now, �ve criteria re
ecting di�erent pieces of subjective knowledge about \What is an area of

interest?" are used.

First results are very promising. This tool is really able to distinguish interesting areas from less important

ones in a wide range of video sequences. This result could be useful for very low bitrate video coding for example.

Indeed, to achieve VLBR video coding, signi�cant compression is required. In this context, an interesting approach

is to extract the subjectively important areas of a scene and to allocate more bits to these areas than to other

parts of the scene. This allows reduction of the amount of information to be transmitted, while keeping good

subjective quality of images. Such a content-based bitrate allocation is now facilitated by to the new scope of



MPEG-4,17 that includes a representation based on Video Object Planes (VOP) in its Veri�cation Model.18 In

this context, the tool could permit to control an adaptative bit allocation by coding more coarsely the region that

are of rather low interest.19 Such a tool can also allow a major step in the direction of image comprehension;

this is important because a semantic understanding of pictures could be useful for applications involving the

extraction and manipulation of objects in a scene.

Nevertheless, signi�cant improvements are still foreseenable. One improvement could be the re�nement and

completion of the criteria. As explained earlier, the motion and continuity criteria could be improved by an

evaluation of the motion estimation reliability.

Another improvement to the �nal result could be brought by taking into account the neighboring relationships

between regions. This would permit to have a spatially more coherent distribution of the levels of interest.

This problem is obviously related to the segmentation one. In other words, research towards a more e�ective

segmentation including both spatial �lters and tracking informationwould permit to have spatially and temporally

more coherent decision about the interest values to attach to the regions of the picture.

Although we have chosen the FLS rules according to the subjective knowledge, it could be interesting to

identify FLS rules in a more objective way. Clustering methods for instance allow such identi�cation from pairs

of (input; output) vectors.20 The de�nition of such pairs requires to be able to attribute a reliable level of interest

to the regions of a training picture. Some research based on the ocular motionmeasurement have already produced

results21 and would probably be an interesting way to objectively match a level of interest to the training data.
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Figure 3: Example of the way rules are working. Motion rule: \If motion is HIGH and gradient is HIGH then

interest is LOW".
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Figure 4: Results of a �rst implementation. Sequences \Akiyo" and \Table Tennis". The darkest regions are the

most interesting ones. The results obtained for each criterion illustrate the defuzzi�cation output obtained from

the aggregation of the rules of the studied criterion.


