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Abstract

This paper describes a novel fuzzy based approach to determine the complexity of an image which is independent
of a human perception criterion. The proposed method determines the complexity of an image based on the
analysis of its edge level percentages. First, the method determines the complexity class of an image from among
three classes, Little Complex, More or Less Complex, and Very Complex using centroids obtained from a fuzzy
clustering process. Second, the membership value for that class is computed by a set of interval mapping
functions. The method is very robust and consistent since it does not incorporate any a priori human evaluation of
complexity. Results of the method show a correlation with human complexity values obtained in an independent
evaluation test; however, the values obtained with our method are consistent and not subject to the viewer’s
subjectivity. The paper also shows promising results in applying the method to an application of determining the
edges of images when compared with a crisp image complexity method.
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Resumen

Este articulo describe un nuevo enfoque basado en logica difusa para determinar la complejidad de una imagen, el
cual es independiente del criterio de la percepcién humana. EI método propuesto determinar la complejidad de una
imagen mediante el andlisis de los porcentajes de niveles de bordes de la imagen. EI método determina primero la
clase de complejidad de la imagen entre tres clases, Poco Compleja, Mds o Menos Compleja 'y Muy Compleja
usando centros de grupos obtenidos mediante un proceso de agrupamiento difuso. Después, el grado de
pertenencia a esa clase es calculado mediante un conjunto de funciones de mapeo de intervalos. EI método es muy
robusto y consistente ya que no incorpora ninguna evaluacion humana a priori de la complejidad. Los resultados
del método muestran una correlacion con los valores de complejidad asignados por observadores humanaos en una
prueba de evaluacion independiente, sin embargo, los valores obtenidos con el método propuesto son consistentes
y no sujetos a la subjetividad del visor. El articulo presenta también resultados promisorios in la aplicacién del
método para la determinacion de bordes de imagenes cuando se compara con un método de complejidad rigido.
Palabras clave: Complejidad de Imagen, Légica Difusa, Procesamiento de Iméagenes.

1 Introduction

Fuzzy logic was proposed by professor Zadeh as a new paradigm to the analysis of complex systems and processes
[1]. As it is known, fuzzy logic is an extension of classic logic. In classic logic, membership of an element to a set is
defined by the characteristic function that maps the element to true or false, that is, the element is a member or it is
not a member of the set. Under this scheme, an element can only be a member of only one set, therefore, sets in
classic logic are named crisp sets. On the other hand, in fuzzy logic, an element can be a member of different sets
with different degrees of memberships. Membership of an element to the sets is determined by fuzzy membership
functions or fuzzy sets. Fuzzy sets are functions that map an element of the universe of discourse to the interval [0,
1]. The value assigned by the membership function to an element of the universe of discourse is considered as the
degree to which that element belongs to a set, 1 indicates the highest degree of membership. Membership functions
are defined by knowledge engineering techniques that represent the knowledge of an expert, by data analysis, or
using artificial neural networks. For a more complete description of fuzzy sets and fuzzy logic we encourage the
reader to read [2], [3].
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Fuzzy logic represents a new tool for solving real world problems. Real world problems in many cases are
complex systems, and their mathematical representations require of the flexibility provided by fuzzy logic. Some of
the advantages of fuzzy logic are its mathematical scheme to model subjectivity presented in real problems, and its
potential to achieve concept computation. For example, spatial primitive relationships like, “above”, “near”,
“between”, have been represented with fuzzy logic [4]. Properties of objects and spatial relations modeled with fuzzy
logic have also been investigated in the past [5]-[9]. Recently new spatial concepts like “surrounded by”, “between”,
and “among” have been represented by fuzzy relations [10], [11]. These fuzzy models may be incorporated to other
systems to achieve high level information processing. Fuzzy spatial relation models can improve the performance of
vision systems for scene analysis. In fact there exist many computer vision applications that can take advantage of
the fuzzy logic scheme [12]-[19]. A specific application is in high level image processing tasks. Image processing is
applied to many problems including automatic target recognition (ATR), image retrieval, medical applications,
image compression, remote sensing, industrial applications, surveillance, etc. and is being used to solve new and
more complex problems every day. Certain applications deal with measures of various subjective parameters and a
very important one is the complexity of an image. In this paper, our measure of image complexity is related to how
much attention is required to detect and recognize objects by a person and to set relations among them [19]-[21]. For
example, the image in Fig.la is considered as little complex because basically there is just one object in the image.
The image in Fig.1b is classified as very complex because it includes many objects. Image complexity measures
have been used to achieve image processing tasks like, ATR, pattern recognition tasks, image retrieval, image
compression, and edge detection, [22]-[27]; however, most of the image complexity measure methods are crisp
methods and do not incorporate the advantages which fuzzy schemes contain in representing imprecision and
uncertainty [1],[28],[29]. In some cases, complexity of an image is determined by human evaluation and then
incorporated into the application. But human intervention, in the process to determine image complexity, may give
misleading information. That is, the method may be affected by the subjective perception of the viewers. Therefore,
the development of an image complexity measure method based on a fuzzy scheme and free of human evaluation is
necessary and should yield more robust results.

The aim of this paper is to present a new method to determine image complexity which is based only on
information obtained from the image independent of human evaluation. In order to generate a human independent
scheme for determining the complexity of an image which avoids giving misleading information, the authors propose
a new fuzzy image complexity measure scheme that is independent of human evaluation. The method presented is
novel and is not similar to any other known method. In this paper a fuzzy complexity measure scheme is used as a
criterion to detect image edges and the findings are compared with the results of using a crisp image complexity
measure method.

The structure of the paper is as follows: Section Il describes the general fuzzy complexity measure scheme to be
used. Class complexity determination and in-class complexity membership are defined in Section Ill. Section IV
describes an edge detection approach using the complexity measure method proposed, while Section V concludes
with the results and conclusions.

)
Fig. 1. a) Little complex image, b) Very complex image
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2 General Scheme of the Proposed Method

In a previous work [30], one of the authors described a fuzzy scheme to determine the complexity of an image. The
model started with a pre-classification of an image data base into different levels of complexity based on human
perception of the images. The performance of the model was dependent on the perception of complexity by the
human viewers. In order to design a new human independent model, it was decided to define a procedure based only
upon the image itself. The new approach consists of defining an image characteristic related to image complexity
that can be evaluated by a computer program. The characteristic selected is the percentage of edge levels presented in
the image. The level of an edge is defined as how much attention a person must use to detect the edge in an image.
For example, edge level one corresponds to the edges that are easily detected by a person, edge level two requires
more attention, and edge level » requires the most attention [31],[32]. Fig. 2a shows several objects with different
edge level classification. For example, objects in column one, from left to right, could be considered as edge level
one, objects in column two contain edge level two, etc. The image in Fig. 2b corresponds to the edges of the objects
in the image of Fig 2a. Fig. 3 shows an image and the first five of its edge level decompositions. The procedure for
decomposing an image into its different edge levels is documented in [33] and the process is totally independent of
human perception.

Based on the edge level decomposition, the computation of image complexity is achieved in two steps. The first
step consists of determining the image complexity based on three categories, Little Complex (LC), More or Less
Complex (ML), and Very complex (VC). These categories were determined by analyzing a set of sample images using
the fuzzy C-means process described in [35], [36]. It is important to remark that fuzzy membership functions, fuzzy
sets, are not defined in this work to achieve this task. That is, there are not fuzzy sets to map the characteristic of the
image into the three categories. This mapping is performed by the centroids obtained with the fuzzy C-means
algorithm. The categories were defined in a previous work [36], and were shown to be sufficient measure of
complexity. Once the image is classified into one of the three complexity classes the second step is to determine the
membership of the image for that class. The result of this two step process is the complexity class of the image and
its membership to the class. These two steps are described in further detail in the next section.

a)
Fig. 2. a) Objects with different edge levels. b) edges of a)

3 Class and In-class Complexity

3.1 Class Complexity
Assume that an image /(x,y) is processed by a fuzzy edge level decomposition algorithm yielding three
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images, / ., (x,v) i=1,2,3 which contain the edge levels 1 to 3, [33]. In this work only levels one through three

are used since they have been shown to contain most of the information of the image [36]. Each image is then
represented by a vector, Ey, as follows

Ei=|e )

where k is the number of images in the data base, 150 for our example. The elementse,, i =1,2,3 represent the

percentage of edge levels 1, 2 and 3 contained in the image. Each image in the database is thus represented by a three
dimensional vector as shown in Fig. 4, and groups of samples represent different levels of overall complexity.

e) f)
Fig. 3. a) Original image, edge level b) 1,¢)2,d) 3,e)4,1) 5

Computacion y Sistemas Vol. 10 No. 3, 2007, pp 268-284
ISSN 1405-5546



272 Mario Ignacio Chacon Murguia, Alma Delia Corral Sdenz and Rafael Sandoval Rodriguez

Vectors close to the origin have little complexity while those positioned further from the origin are more
complex. A fuzzy C-means algorithm [33] is applied to the data vectors which results in three centroids defined as

the representative vectors: V,.,V,, , and V. , corresponding to the three complexity classes LC, ML, and V'C.

The values of these vectors for our database are given in Table I. These centroids can be considered as the mapping
function of the image into its class complexity, instead using fuzzy sets.

The complexity of an image can be now determined by using the metric distance between two vectors E and V
defined as

@

An image represented by E, has a complexity ;j if the distances between Ey and the representative
centroids, V, ., V,,, ,and V. satisfy the following

dE, V,)<d(E,,V,) i=#j i j={LC,ML,VC} (3)

The complexity class of the image is thus determined; however, to generate useful information for future
processing, it is also necessary to determine the membership of the image to this class. A description of this in-class
value computation is described in the following section.

0. [ S

03—

Ww—o® < D~

Level 2 Level 1

Fig. 4. Image complexity in the edge level domain

3.2 In-Class Complexity

In real image processing applications determination of the complexity class of an image may not be enough. In some
cases it is required to obtain the complexity membership value of the image to a specific class. The in-class
complexity is mapped into three regions corresponding to the classes, LC, MC, and VC, Fig 5.
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Table 1. Representative vectors of complexity class

Class Vectors
€ € €3
V. . Little comple
e plex 0.044742 | 0.059438 | 0.11335
V/,,, More or less complex 0.082103 | 0.15336 | 0.26409
V, . V I
ye VEry complex 019526 | 0.27483 | 0.28762
Complexity regions
| I I
0 1/3 2/3 1

Fig. 5. Complexity region mapping

The three regions are shown in Table II.

Table 2. Complexity region mapping

Subintervals

Complexity class

Little complex

More or less complex

Very complex

To obtain membership values each of the three regions, 7, 11, and 111, is divided into two subintervals, A and B, as
shown in Fig 6. Where region A is to the left of the middle point of the subinterval, and region B is to the right of the

middle point of the subinterval. For example if the distance from £, to a class centroid is zero the in-class
complexity equals the middle point of the region. If it is not zero then the procedure for determining the in-class

membership is described in the following paragraph.

We remember again that the in-class complexity membership is determined not by fuzzy sets, but using the
centroids of each class obtained with the fuzzy C-means algorithm. The in-class complexity value ¥ and its limits
in the subintervals, A and B, are defined for this work as equally spaced, however they can be assigned in a different
form if a different meaning is desired for the data clusters. The in-class complexity value ¥ and its limits of the
subintervals for Little Complex ( LC), More or Less Complex ( MC), and Very Complex ( VC) are defined next.

(A) For the LC case

if Bl <|V,c| then ¥, €A, (4)
if |E,>Vye| then ¥, €B,. ®)

The in-class complexity limits are

. 1
if d(ELCk’VLC):O then ¥, = 6

(6)
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1 1 ™
if d(E,,.V,c)> 5 the limit of ¥, = 3
. 1 - ®)
if d(E,q.V,0)< 5 the limit of ¥,. =0
The membership value is computed by (9)
©
1 &L cpVic)-0
6
max(0, % - ) AND Eral<[Vid]
¥, =
LC 1
max@; s E)
1
max(—, Y on ) AND
6
1 Eral>Mid
min( Y1 on 5)
Where ¥, . is the z-scores normalization of the complexity inside the subinterval defined by
_ i d(E Leko Vie )_ HaE o Ve) (10)

LCN — 6 o
d(ELcVic)

Where £, . v,.) IS the mean of the distances between the samples E, and the centroid V,., and

O4(E,..v,.) IS the standard deviation.

Complexity regions

0 1/3 2/3 1

Centroid Centroid Centroid

Fig. 6. Image complexity mapping into the interval [0,1]
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(B) For the MC case
i |Eyal<Viel then ¥, € Aye (11)

if |Eyel > Vel then ¥y, € By (12)

The complexity limits are

. 1 (13)
if d(EMCk’VMC) =0 then ¥,y = E

14
if d(EMCk’VMc)>; the limit of ¥, :§ (14)

1 1 (15)

if d(EMCk’VMC)S > the limit of ¥,y = 3

The membership value is computed by (16)

(16)
1 d (EMCk’ Vume )=0
2
1 Exeil<Mac
max(—, WMCN) AND MCk MC
3
mc = L
max( ¥ MCN'E)
1
max(—, SUMCN) AND
2
) Ercal>Vard
mln(‘PMCN, 5)
and ¥, is the z-scores normalization of the complexity inside the subinterval.
@ _ 1 d(E mekr Ve )_ Ha(Eye Vi) an
MCN —
6 O d(Enor Vuc)
(C) In the VC case
if |Eyol <|\Vie| then ¥, € Ay (18)
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i |Eye|>Vye| then Wy, € B, (19)

The complexity limits are

. 5 (20)
if d(EVCk’VVC): 0 then ¥, = 6

. 5 . (21)
if d(EVCk,VVC)>E the limit of ¥, =1
(22)
: 5 . 2
if d(Eye, Ve )< 5 the limit of ¥, = 3
The membership value computation is
(23)
5 d(EVCk’VVC) =0
6
max (2%, ) AND ‘EVCk‘ < ‘VVC‘
3 VCN
Pye = .
max(‘PVCN,E)
(5 ' ) AND
max (—
" VCN
8 ‘EVCk‘> Vire]
mm(&”VCN,l)
and ¥, is the z-scores normalization of the complexity inside the subinterval.
w o 1 d(EVCk’VVC)_ HaEye Vi) (24)
VCN
6 Gd(EV(?k'VVC)

The value of 1/6 in Equations (10), (17) and (24) is a scale factor used because the interval [0,1] is divided into
6 subintervals, and each subinterval is 1/6 .

The final complexity value is obtained by adding an offset accordingly to the image complexity class shown in
Table I11. The mapping of some of the E, vectors in our database is shown in Figures 7a-c. Figure 7d corresponds to

the complete mapping.

The method just described is human criterion free, that is, there is no human intervention in the method. The
procedure can be applied to new images other than those originally in the data base to determine the complexity of
those images based only on the information of the images. Thus no subjectivity is incorporated in the method in
contrast to a procedure based on human perception criteria.
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Table 3. Offset by class subinterval

Subinterval Offset
Class
Little A, 0
complex B, 1/6
M. or L A, 1/3
complex B, 1/2
Very Az 2/3
complex B; 5/6
Little Complex More or Less Complex
1 - . 1 - - .
0.8 1 0.8
0.6 4 0.6
0.4 1 0.4
0.2 1 0.2
0 E 0 [e] O @a»® O 0000 O o OO @O
0.2 4 0.2
0.4 1 -0.4
0.6 1 0.6
0.8 4 0.8
1 . . . . . . 4 . . . . . . .
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 03 04 045 05 055 06 065 0.7
Complexity Complexity
a) b)
Very Complex
1 0.02
08 0.015}
0.6
0.01}
0.4
02 0.005-
OF + +h+ + + I = A = o ©  OOD® GO O CUODME# k-4 ok ok 4
02 -0.005
0.4
-0.01+
0.6
08 0.015F
4 . . . . . . 0.02 . . . . . . . . .
0.65 07 0.75 08 0.85 0.9 0.95 1 0 o1 02 03 04 05 06 07 08 09 1
Complexity Complexity
0) d)

Fig. 7. Image to image complexity mapping. a) Little complex images, b) More or less complex images, ¢) Very complex images,
and d) All together

In order to further illustrate the method, several images of the data base, with their respective complexity class,
Little Complex, More or Less Complex, and Very Complex, and image complexity values in the interval (0,1),
generated by the proposed method are shown in Fig. 8.

An experimental exercise that compares the performance of the method described in this paper against the
performance of human viewers is illustrated next. This experiment was designed and performed since no previous
work similar to the one described in this paper has been found in the literature so that we can offer comparative
studies. The experiment consisted on the following steps. A subset of the image data base was selected. This subset
included images with different complexity. Each image of the subset was presented to ten viewers. The image was
exposed to the viewer during 5 seconds. After this time, the viewer had to assign the complexity class, Little
Complex, More or Less Complex, and Very Complex of the image, and the membership to that class. The viewer
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determines the class complexity and membership accordingly to the criteria defined in this paper. These steps were
repeated until the complete subset of images was analyzed by the ten viewers. Table IV shows a comparison between
the results of the proposed method and the results

Little Complex

0.8439 1
n) 0)

Fig. 8. Some images of the data base, their complexity class and complexity value
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generated by the ten viewers on the computation of image complexity class, and image complexity values.
According to Table IV there is some degree of correlation between the complexity classes obtained with the
proposed method and the complexity classes assigned by human observers in some cases, see columns 4 and 6.
However, it should be noticed from column three, that different human observers have different perception of the
complexity class even the same subjective criterion of complexity was used by all the observers. This can be verified
because only in two images, Fig.8.b and Fig.80, did the observers assign the same class. An important advantage of
the proposed method is that the complexity class assigned to the image is determined analytically and will not
change since there is no human observer involved. The complexity value computed by our procedure is shown in
Table 1V column 4. Comparing these values with the values in the columns 5 to 7 we can see again the inherent
variability of human perception.

While the procedure always computes the same complexity value of the image, the human observers have
different perceptions of the complexity of the image. What is important to notice from Table IV is that the
complexity values computed by the procedure are, in most cases, close to the average of the complexity values
assigned by the observers. This finding assures us that the proposed method is simulating the human perception of
image complexity with the advantage of discarding human subjectivity. This issue is very important in some
industrial applications where human visual perception tasks are simulated by vision systems based on the model of
human perception and yet requiring a system free of human criterions and decisions. The proposed method is highly
recommended for this last type of applications.

4 Edge Detection Based on Complexity Measure

Finally, an image edge detection algorithm based in the complexity measure method proposed is described. This
method was developed in order to demonstrate the applicability of our method in real applications. Fig. 9 illustrates
the application of the described method in an edge detection algorithm. The edge detection algorithm determines the
edges of images based on the computation of image complexity. Fig. 9a corresponds to edges obtained under a crisp
image complexity measure.

The crisp method determines the crisp image complexity, equation (25), based only on the percentage of image
pixels that are defined as edges by a gradient operator [33].

Si _ _ (25)
crips = |lei|| Sive = {IIVG :"IIVG ” > 0}

Where |S;y| is the cardinality of the set S, that s the set of pixels obtained
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Table 4. Comparison between the proposed method and human criterions

Image Class Class Complexity Complexity Assigned by Human
Assigned by | Assigned by computed by the Perception
the Human Proposed Method
Proposed Observers
Method
Minimum | Average Maximum
value value value
Fig.8a LC LC,MC 0.0081 0 0.25 0.6666
Fig.8b LC LC 0.1654 0 0.12 0.3333
Fig.8c LC LC,MC,VC 0.1707 0.25 0.34 0.6666
Fig.8d LC LC, MC 0.1712 0 0.33 0.3333
Fig.8e LC LC, MC 0.3333 0 0.37 0.35
Fig. 8f MC LC,MC,VC 0.3333 0.175 0.52 0.9
Fig.8g MC LC,MC,VC 0.3588 0.3 0.51 0.8
Fig.8h MC LC,MC 0.3965 0.225 0.43 0.6666
Fig. 8i MC LC,MC 0.5346 0.3 0.37 0.6666
Fig. 8j MC LC,MC,VC 0.6218 0.3333 0.58 0.8
Fig.8k VC MC,vC 0.6666 0.42 0.77 1
Fig. 8l VC MC,vC 0.7346 0.3333 0.67 0.9
Fig.8m VC LC,MC,VC 0.8132 0.25 0.53 0.7
Fig. 8n VC LC,vC 0.8439 0.275 0.75 1
Fig. 80 VC VC 1 0.9 0.99

from the original image after a gradient operator. Fig. 9b shows the edges obtained under the fuzzy complexity
measure described in this paper. Once the image complexity is determined in both methods, the edges of the image
are determined by the following four rules [33].
RI: Ifthe image is LC then include border levels one, two, and three J-IE
i=1,2,3

i(x,y)

R2: Ifthe image is VC then include border levels one, and two IIE
i=1,2

i(x,)

Where /E,  , are the edge level images.

When an image is MC, we consider two possibilities. First, if the image is MC but closer to the LC interval then
the rule is

Ive

— 7 < or iy.€el
max(]Es) Hie Je VG E3

R3: Apply rule I and reduce edge level 3of edges that hold

Second, if the image is MC but closer to the VC interval then the rule is
R4: Apply rule 2 and include edge level 3of edges that hold
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Ivg

—— < (1- or iy.€l
max(IEa) ( IUVC) Je VG E3

It can be noticed from Fig. 9 that the crisp approach tends to discard more information, whereas the fuzzy
approach tends to preserve more. For example, the edges obtained by the proposed method in the first image in Fig.9
show edges in the back, neck and arm of the woman, that are easily perceived by a person. In the second image,
Fig.9, the horizontal edge on the top, and the circular edge are preserved with the proposed method. These results are
a consequence of the hard and soft modeling of information of the crisp and fuzzy approaches respectively.

5 Results and Conclusions

Fuzzy logic theory represents a new alternative to model human vision perception tasks. The flexibility of the fuzzy
logic scheme to model visual perception concepts allows to image processing researchers to face new complex real
world tasks. The work described in this paper represents and additional attempt to model visual perception concepts
aimed to generate more human like systems. In this paper a new fuzzy image complexity measure, for the purpose of
providing a human criterion free method, was described. The concept of fuzzy sets is substituted by centroids
generated by the fuzzy C-means algorithm. That is, the method does not include definitions of fuzzy set to map an
image into its complexity class and membership, instead the fuzzy centroids are used.

The fuzzy image complexity measure method has been implemented and tested on a variety of real images from
a data base of 150 images. The method generates two partial results, first the "complexity class" of the image, Little
Complex, More or Less Complex, or Very Complex, and second the membership value to that class. Based on these
two results, the method provides the final complexity value of the image.

The main advantage of the method is that the model described does not include uncertainty generated by human
perception of complexity. Therefore, the image complexity measure provided by the procedure is very consistent.
The method developed is based on fuzzy image edge level analysis that is related to the overall image information
content. Comparing the results of our method with that from human observers shows some correlation but at the
same time the method is free of the variability and subjectivity which is always present when human observers are
used. Based on our results our procedure is highly recommended in applications where a human independent
complexity measure is required. The paper also demonstrated the applicability of the proposed method to an image
edge detection task. Comparison of the results of the proposed method with a method based on a crisp measure of
complexity illustrated the advantage of using the fuzzy method.
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Fig. 9. Edge detection based on image complexity. a) Original, b) crisp complexity, b) proposed method
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