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Abstract

We present in this talk several applications of In-
formation Theory concepts to Computer Graphics.
Mutual information will be applied to Radiosity to
obtain the better scene discretization. The concept
of entropy will be applied to adaptive pixel super-
sampling, to Random Walk Radiosity, and to selec-
tion of best view points. Best view point selection
has applications to scene exploration, image based
rendering and molecular visualization.

1 Introduction

We present in this talk several applications of In-
formation Theory to Computer Graphics devel-
opped over the last four years at the Girona Graph-
ics Group from the University of Girona.

In section 2, we introduce complexity measures,
quantifying how difficult it is to compute with ac-
curacy the visibility and radiosity in a scene. The
quantities we propose can be interpreted as the de-
gree of correlation or dependence between all the
points or patches of a scene.

The study of 3D scene visibility, in which only
the mutual visibility of surfaces in the scene is con-
sidered, is a first step towards the study of 3D ra-
diosity complexity, in which also the illumination
on the surfaces is taken into account.

Potential applications of the complexity study
include cost prediction for radiosity computations
and the development of meshing strategies that are
optimal in the sense that they will allow lowest

computational error for a given amount of work.
We apply later the concept of entropy to adaptive

pixel supersampling for global illumination (sec-
tion 3) by defining entropy-based contrast mea-
sures, noise reduction in random walk radiosity
(section 4) and best view point selection (section
5). Best view point selection has applications
to scene exploration, image based rendering and
molecular visualization.

2 Scene complexity

In this section we study the complexity of a scene
from the point of view of visibility and radiosity
[1], applying the most basic definitions of Infor-
mation Theory [2].

2.1 Visibility complexity

2.1.1 Discrete mutual information

We can consider a random walk in a discretised
into patches scene as a Markov chain where tran-
sition probabilities are the form factors��� , num-
ber of states is the number of patches,�� , and
the stationary distribution corresponds to relative
area of patches,�	�
 . � ,� are dependent ran-
dom variables taking values over the set of patches � ��� � � � � � � �� � with

� � 	�
 � as probability dis-
tribution. Thus, we define thescene visibility en-
tropy rate, or simplyscene visibility entropy, as�� � � �� �� �
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� � ����� �
 � ! ���� � � ��� "#$ ��� (1)

It is important to emphasize thata scene can be
considered as a channel with input (source) � and
output (destination) � , where � and � take val-
ues over the set of patches with

� �	�
 � as probabil-
ity distribution and the channel transition matrix
is the form factor matrix. Thus,

��
measures the

average uncertainty that remains about the destina-
tion patch when the source patch is known.

The Bayes theorem can be expressed by the
property of the form factors � ! ��� �  � ! �� � (2)

and from this we obtain
� �� �� � � � �� �� �, and

thus the symmetry or reversibility of the channel is
shown. Also, we define thepositional entropy as�� � � �� � � � �� �� � ����� �

 � ! "#$  � ! (3)

and may be interpreted as the uncertainty on the
position (patch) of a particle travelling an infinite
random walk.

Thediscrete scene visibility mutual information
is defined as%� � % �� � � � � � �� � � � �� �� �� ����� � ����� �

 �� �� ! "#$ ���  ! � (4)

and can be interpreted as the amount of informa-
tion that the destination patch conveys about the
source patch, and vice versa. Consequently,

%�
is

a measure of the average information transfer in a
scene.

Frequently, the concept of entropy has been
used as a starting point in order to study com-
plexity [3, 4]. But, from the viewpoint of statis-
tical complexity, entropy, although related to com-
plexity, is not accepted as an adequate measure of

the complexity of a system [3]: “it has become
more broadly understood that a system’s random-
ness and unpredictability fail to capture its patterns
and correlational structure” [4].

Otherwise, mutual information has been fre-
quently proposed [3, 4] as a complexity measure
and, according to W. Li [5], is considered as a cor-
relation measure of a system. Thus, mutual infor-
mation can be considered as a complexity measure
of scene visibility.

2.1.2 Discussion

In a 3D scene context, it is especially interest-
ing to ask about the extremal cases of maximum
and minimum visibility entropy, which correspond
to the maximum disorder (unpredictability or ran-
domness in the ray path) and the maximum or-
der (predictability), respectively. We must remark
here that the concepts of order and disorder are
not directly referred to the collocation of objects in
space, but to visibility criteria. Maximum unpre-
dictability is obtained in scenes with no privileged
visibility directions, and maximum predictability
in the contrary case.

In scenes with the same discretisation (as in fig-
ure 1, where we have a cubical enclosure with 512
interior cubes), and consequently with the same�� , we can observe (table 1) that the increase of��

remains compensated by a decrease of
%�

, and
vice versa.

(a) (b)

Figure 1: Random (a) and clustered configurations
(b) with 512 cubes.



Scene Lines &' (' ) *+ ,) -
Fig.1a ./0 6.370 5.171 1284.6

Fig.1a ./1 6.761 4.779 1286.7

Fig.1b ./0 4.674 6.867 898.8

Fig.1b ./1 4.849 6.692 900.9

Table 1: Results for the three cubical enclosures
with 512 small cubes (figures 1a and 1b). The2 �3 2 � is normalized to a single line. For each
scene,

�� � ���45 �
and

�67
and

�68
lines have

been cast to compute the form factors.

The error in the experimental results, which is
manifested when the number of casting lines is in-
creased (see table 1) , is directly related to error
in form factor computation. The form factors have
been computed with the Monte Carlo method de-
scribed in [6, 7]. If we study [8] the relationship
between the entropy

��
and the mean square error

of all form factors
2 �3 2 �:2 �3 2 � � �9 ��� � �� �� � :�� � (5)

where
9

is the total number of lines cast, we can
observe (table 1) that the larger the entropy the
larger the error in form factor computation. This
means that, for a given computational error, we
need to cast more lines for a scene with more en-
tropy. Also, the increase in the number of lines
increases the entropy estimation and, logically, de-
creases the mutual information estimation.

2.1.3 Continuous mutual information

By discretising a scene into patches, a distortion or
error is introduced. Obviously, the maximum ac-
curacy of the discretisation is accomplished when
the number of patches tends to infinity. How does
mutual information behave in that limit case?

According to information theory [2], mutual in-
formation between two continuous random vari-

ables� and � is the limit of the mutual infor-
mation between their discretised versions. Thus,
in our case, discrete mutual information

%�
con-

verges to continuous mutual information
% ;�

when
the number of patches tends to infinity:

% ;� �"<=��>? %�
.

We can obtain the continuous expression for the
mutual information using the following substitu-
tions:@ Each summatory by an integral.@ � 	�
 by ��
 . This means to substitute the dis-

crete probability of taking patchA by the con-
tinuous probability of selecting any point.@ ��� by � �B � C �. This means to substitute a
patch-to-patch form factor by a point-to-point
one. Remember that the value of� �B � C �
is
;D�EF ;D�EGH I JK LM NO for mutually visible points, zero

otherwise, beingPK and PM the angles which
the normals atB,

C
form with the segment

joining B and
C
, andQ �B � C � the distance be-

tweenB and
C
.

Thus, the discrete visibility mutual information
converts into the continuous visibility mutual in-
formation:

% ;� � "#$  ! RSKTU SM TU � �B � C � "#$ � �B � C � ! QBQC� SKTU SM TU � �B � C � "#$ � ! � �B � C �� ! QBQC (6)

In the particular case of a sphere, as any pair�B � C � fulfills � �B � C � � ��
 , the result obtained is% ;� � 6
.

The continuous mutual information integral can
be easily solved by Monte Carlo integration. Let
us reparametrize the integral:% ;� � SKTU SM TU � �B � C � "#$ � ! � �B � C �� ! QBQC� SKTU SV TW XYZPK [Y\ � ! � �B � C �B � ] ���^ ! QBQ]

(7)



where
C �B � ] � is the point visible fromB in the

]
direction. We will use now �H�
 XYZPK as probabil-
ity density function (we are considering here as in-
tegration variablesB and

]
). It is easy to check that_K TU _V TW �H�
 XYZPKQBQ] � �

. Drawing samples
according to this distribution means simply select-
ing first a random point in the scene upon the area
and a direction upon the form factor distribution.
This can be achieved with[YX`[ lines or, easier,
with \ [Ya`[ lines. This is because the global lines
are naturally distributed upon areas and form fac-
tors. The result obtained is% ;� b �9 c�d�� "#$ � ! � �Bd � Cd �Bd � ]d ��� �9 c�d�� "#$ �

 ! XYZPK XYZPM^ Q �B � C �: � (8)

In the global line case,
9

stands for the total num-
ber of pairs of points considered, which is the total
number of intersections with the scene divided by
two.

As we can see in table 2, corresponding to figure
1(a), the computation cost of

% ;�
is much lower than

the one of
%�

: with few lines
% ;�

can be computed
with enough precision,unlike

%�
which needs a lot

of lines to get a precise measurement.

Lines ./e ./f ./0 ./1(' 8.773 6.398 5.171 4.779( g' 5.650 5.636 5.631 5.632

Table 2: Results for the random configuration with
512 cubes (figure 1a).

From the previous definitions, it can be shown
that the continuous scene visibility mutual infor-
mation

% ;�
is the least upper bound to the discrete

scene visibility mutual information
%�

. Thus, con-
tinuous mutual information

% ;�
, which is indepen-

dent of the discretisation, expresses with maxi-
mum accuracy the information transfer or corre-
lation in a scene. This is anabsolute measure of

the complexity of scene visibility. On the other
hand, discrete mutual information

%�
expresses the

complexity of a discretised scene, which is always
lower than the corresponding

% ;�
.

In table 3, we show the complexity for the
scenes of figure 2. In figure 2a, an object formed
by a table and four chairs is situated in the mid-
dle of a room. In figures 2b, 2c and 2d arrays of
such objects have been situated in the middle of the
same room. We can see that the introduction of ob-
jects increases the complexity and that the scenes
with the same objects (2c, 2d) show similar com-
plexities. In this case, the increase of complexity
is produced when there are objects near the walls
because this fact increases correlation in the scene.

(a) (b)

(c) (d)

Figure 2: An object formed by a table and four
chairs (a) and an array of 2x2 objects with the same
composition (b) have been situated in the middle
of a room. Also, the same 16 objects have been
distributed in two different ways (c, d).

Scenes 2a 2b 2c 2d( g' 3.837 4.102 5.023 5.089

Table 3: Continuous mutual information for the
scenes of figure 2. For each scene,

�67
lines have

been cast.



2.1.4 Discretisation accuracy

The previous discussion suggests that the ratio of
continuous and discrete mutual information may
yield information about the error which occurs in
the discretisation process and the difficulty in get-
ting a precise discretisation. We make two funda-
mental proposals:@ From the fact that the ideal discretisation, rep-

resented by
% ;�

, is the one that captures all the
information transfer in a scene, we can con-
firm that between different discretisations of
the same scene the most precise one will be
the one that has a higher

%�
, i.e., the one that

best captures information transfer. From this
statement, we express thediscretisation accu-
racy as the quotienthih ji and thediscretisation

relative error as the quotienth ji khih ji .@ % ;�
expresses the difficulty of discretisation.

The higher the
% ;�

, i.e., when there is more
information transfer in a scene, the more dif-
ficult it is to obtain an accurate discretisation
and probably more refinements will be neces-
sary to achieve a given precision. According
to this, the difficulty in discretising a sphere is
null.

Discretisation accuracy may be used to choose a
better discretisation from several alternatives and,
while computational error is deeply related to en-
tropy, discretisation error is related to mutual in-
formation.

2.2 Radiosity complexity

So far, we have only considered visibility of a
scene. In this section we will make a leap forward
and will set the basis for the study of radiosity com-
plexity.

2.2.1 Transition matrix for radiosity

The research on visibility presented in the previ-
ous section has been based on the existence of a

Markov chain (form factors) and the knowledge
of its equilibrium distribution. Thus, to study the
complexity of a scenewith illumination, we need
to find an analog of the form factor matrix for the
radiosity setting. This analog appears naturally
when the null variance probability transition ma-
trix l � m� � n���� o�o � � 2�
is considered [9]. This matrix corresponds to the
transition probabilities that lead to null variance
estimators. The null variance matrix must have a
preferred position between the different possible
transition matrices. To obtain the equilibrium dis-
tribution is not difficult. Using the left eigenvalue
property [10], we obtain (without normalization)l � �  � �o � � 2 � �n � o � �  �o ��� o Dpq� (9)

whereo ��� � Jr	 ks	 Nt 	 is incoming radiosity ando Dpq� � o � is the outgoing one. It is immediate to
check that these probabilities fulfill

l �l � m� � l �l � m� ,
this is  � �o � � 2 � �n � o � n �� �� o�o � � 2 ��  � �o� � 2� �n� o� n� �� �o �o� � 2� (10)

which is an extended reciprocity relation (see
equation (2)). Thus, the analogy is complete.

Entropy, mutual information and other quanti-
ties can be defined straightforwardly for the radios-
ity setting using this analogy. We defineu � �  � �o � � 2� �n � o � (11)u! � �� u � (12)

v �� � n ���� o�o � � 2� (13)

These definitions can be interpreted as a mapping
of a given scene into a new (imaginary) scene,
transforming the areas and the visibility channels



according to previous formulae. As in expression
(4), the discrete radiosity mutual information is
given by

w � � ����� � ���� � �
u �v ��u! "#$ x 	y 	zx 
x 	xzx O


(14)

Using the discretization error{ ji k{ i{ ji we can de-
fine oracles for Hierarchical Radiosity (see Fig.3).

Figure 3: Hierarchical Radiosity discretization
based on a radiosity mutual information oracle.

3 Contrast Measures for Super-
sampling

In this section we present the entropy based con-
trast measures for supersampling, described in
[11].

3.1 Pixel quality

Here we introduce a pixel quality measure, the
pixel entropy.

This measure will be defined from the informa-
tion provided by the rays through a pixel. Let us
consider that each pixel ray that hits a scene point
gives us information about the distance and ori-
entation of the hit surface with respect to the eye

point and the colour of the hit point. From these in-
formations, two different quality measures are de-
fined, pixel colour entropy and pixel geometric en-
tropy, based on the colour and geometry (distance
and orientation) respectively.

3.1.1 Pixel colour entropy

Our main objective is to define pixel colour en-
tropy. We consider that each colour consists of
different components or channels, and each one
ranges from 0 to 1. Without loss of generality, in
the majority of cases our colour measures will refer
to a single component of the spectrum.

Let us consider the probability of each pixel ray
as its colour fraction with respect to the sum of
the colours of all the rays through the pixel.pixel
colour entropy is defined by

� ; � � c���� �
l � "#$ l � (15)

where

l � represents the colour fraction of rayA with
respect to the sum of the colours of all the rays
passing through the pixel. Obviously, pixel en-
tropy ranges from

6
to "#$ 9� , and maximum pixel

entropy is obtained when the colour of all the pixel
rays is the same.

We can observe that the entropy increases with
the number of rays. In order to give a pixel quality
measure between 0 and 1, the pixel entropy can be
normalized with"#$ 9� . Thus,pixel colour quality
of a colour component can be defined by|; � � ;"#$ 9� (16)

If we consider all the colour components, thepixel
colour quality can be given by}; � ~��� � |;�� (17)

where � is the number of colour components.
Thus, pixel colour quality can be interpreted as a
measure of the colourhomogeneity or uniformity



of the rays passing through the pixel. This mea-
sure will enable us to define, in the next section,
a new colour contrast measure for pixel supersam-
pling. Note that the larger the number of rays the
more accurate the quality measure.

3.1.2 Pixel geometric entropy

Similar concepts introduced in the above section
can be defined with respect to a geometric mea-
sure.

The geometric information of each ray is given
by the angleP which the normal forms at the hit
point with the ray and by the distanceQ between
this point and the eye. We take��� EIO as a geometric
factor of a ray [12]. This value provides a geo-
metric quality measure of a scene point from the
observer point of view, allowing to define pixel ge-
ometric quality

|�
[13].

3.2 Pixel contrast measures

In this section we present pixel contrast measures
based on pixel entropy. As the entropy represents
the homogeneity of the information brought back
by the rays crossing a pixel, we can define a simple
measure which expresses the diversity or contrast
of a pixel.

3.2.1 Pixel colour contrast

As we have seen,
� ;� represents the entropy or the

degree of colour homogeneity of pixelA. From this
measure,pixel colour contrast is defined by� ; � � � |; � � � � ;"#$ 9� (18)

and represents the colour diversity or contrast of a
pixel. Obviously,

� ;
ranges from 0 to 1.

We can also introduce the pixel binary contrast
from minimum and maximum colour probabilities
captured by this pixel. This measure is obtained
from the binary entropy

� ;� of these values. So,
pixel colour binary contrast is defined by� ;� � � � � ;� (19)

where
� ;� � � � � � ��� � ������� � � ���� � ���� ��� � and

l � ��
,l ���

represent the probabilities corresponding to
the minimum and maximum colours respectively.
Obviously,

� ;� and
� ;� range between 0 and 1. This

is a particular case of
� ;

because binary contrast
only takes into account the minimum and maxi-
mum values. As we will see in our experiments,
this binary measure yields a more radical contrast
than

� ;
.

Similarly to [14, 15, 16], we can obtain the
global colour contrast of a pixel by averaging
all the colour component contrasts weighted by
their respective importances (colour average). This
avoids oversampling on the areas with small colour
values.

Considering all the colour components, we de-
fine theglobal pixel colour contrast�; � ~��� � ��� ;� X�~��� � �� (20)

and theglobal pixel colour binary contrast�;� � ~��� � ��� ;� �X�~��� � �� (21)

where the coefficients�� weigh their respective
colour component andX� is the colour average (of
componentA) of all the pixel rays. In an RGB
system, the colour contrast measures (

�t�r
and�t�r� ) have three components with coefficients�� , �� and ��. As in [14, 16], all the contrast

measures used here take�� � 6 �5
, �� � 6 ��

and�� � 6 ��
.

In figure 4 we show different colour contrast
temperature maps. We can observe that these mea-
sures present very good behaviour in critical areas
(represented by warm colours) like object edges
and shadow contours.

3.2.2 Pixel colour–geometry contrast

Analogous to pixel colour contrast, we define the
pixel geometric contrast by� � � � � |� � � � � �"#$ 9� (22)



(a) Reference image (b) Pixel colour contrast
�;

(c) Pixel colour binary contrast
�;�

Figure 4: The reference image (a) has been obtained with 8 rays per pixel. Temperature maps correspond
to
�;

(b) and
�;� (c).

Thus, a combination of colour and geometric
contrasts is considered. This combination enables
us to graduate, with a coefficient� between 0 and
1, the influence of both measures and is given by� � ��; R �� � � �� � (23)

This combination can be made with any type of
pixel colour contrast and geometric contrast. In
general, good behaviour has been shown with bi-
nary contrasts (colour and geometric), and� �6 ��

. We show an example in figure 5. our mea-
sures.

Figure 5: Temperature map of
� ;� and

� �
with � �6 ��

. The reference image has been obtained with
only 4 rays per pixel.

3.3 Supersampling

We apply now the above defined contrast measures
to supersampling in stochastic ray tracing. A very
simple supersampling technique, proportional to

the respective temperature map, is used to show
the behaviour of these measures.

In figure 6(a) we show a supersampling image
obtained with an average of 32 rays per pixel in
the following way. First, a uniform sampling with
8 rays per pixel has been made in order to obtain
the temperature map of figure 6(b). And second,
this map has been used in the supersampling pro-
cess with an average of 24 rays per pixel. The con-
trast measure used is a colour and geometry combi-
nation based on binary contrasts. This means that
the more critical the area, the more supersampled
it is (warm colours), and the less critical, the more
undersampled (cool colours, with a minimum of 8
rays per pixel). Two detail regions are compared
from the supersampling image in figure 6(a) and a
similar image obtained by uniform sampling with
32 rays per pixel: supersampling (figures 6(c,e))
and uniform sampling (figures 6(d,f)) images. We
can observe a noise diminution in the supersam-
pled regions, and a better representation of shadow
contour and edges.

4 Fuzzy random walk

Fuzzy random walk is presented in [17]. Radios-
ity random walks distribute the power between the
patches in a scene using random lines. Each ran-
dom line carries some amount of power from the
patch where the line originated to the hit patch.
Random walk algorithms for radiosity are de-



(a) Supersampling image (c) Region from (a) (e) Region from (a)

(b) Supersampling used in (a) (d) Uniform sampling region (f) Uniform sampling region

Figure 6: Supersampling image (a) with an average of 32 rays per pixel, obtained using the temperature
map in (b), calculated with the first 8 rays. Detail regions from (a) are shown in (c) and (e). They are
compared with the same regions, (d) and (f) respectively, taken from an uniform sampling image with
32 rays per pixel.

scribed in [18].

The idea involved in fuzzy random walk is the
distribution (splatting) of part of incoming power
to the neighbour patches of the hit patch, obtaining
a reduction of the noise in the resulting image.

We have to determine the percentage of incom-
ing power that has to be splatted. A first naive idea
could be the distribution of a fixed percentage, but
it is not difficult to see that there are some situa-
tions in which it seems more natural to splat part
of the power to the neighbours, for instance when
the area of the receiver patch is small in relation
with the distance from the origin.

To deal with a more accurate distribution, we
borrow from Information Theory the concept of
uncertainty. In the case of the radiosity random
walk, we consider the probability of a line exiting
from a pointA to hit patch� . This is the fraction of
visibility of patch� from point A (without consider-
ing any occlusion). If we consider the hemisphere
of radiusn (beingn the distance between pointA

and patch� ) and centered in pointA, the probability
can be seen as the ratio of the projection of patch� over the hemisphere and the area of the hemi-
sphere:  � XYZP�^n : (24)

whereP is the angle between the normal of patch�
and the line (Fig.8(a)). The idea of how much ac-
cidental is a patch intersection matches completely
with the concept of uncertainty. So it is natural to
consider the uncertainty of every intersection in the
determination of the percentage of power that has
to be splatted. � "#$:  � XYZP�^n : (25)

This value will be high if the intersection is un-
likely (i.e. if the projection of patch� is small in
relation with the distance to the intersection). Con-
versely, if it is very probable to reach patch� with
a random line originated inA, the uncertainty will



be lower. In this last case, we consider that the dis-
tribution of power that carries out the line is more
accurate than in the first case. So, the uncertainty
is a good measure of how accurate the distribution
of power is: the lower the uncertainty, the higher
the accuracy. Then it is reasonable to establish the
percentage of power that has to be splatted to the
neighbour patches in function of the uncertainty.
We map the uncertainty to a value between 0 and
1 that corresponds to the fraction of power that
should be splatted.

patch j

point i

Nj
θ

r

patch 1 patch 2 patch 3

patch 4

patch 5patch 6patch 7

patch 8

d1 d2
d3

d4

d5
d6

d7

d8

(a) (b)

Figure 7: (a) Projection of patch � on the hemi-
sphere of radius R centered in patch A. (b) The
distribution of power to the neighbour patches is
related to the position of the intersection point.

We also have to distribute the splatted power be-
tween the neighbour patches. We distribute power
to the eight coplanar neighbour patches (if they
exist). The amount of power that is distributed
to each neighbour corresponds to the naive idea
of distributing more power to the patches that are
closer to the intersection point, as seen in Fig. 7
(b).

We can see the notable reduction of the aliasing
in the resulting images (Fig. 8). Note also that the
increase of cost due to fuzzy random walk is very
small.

5 Viewpoint Entropy

We present here a measure that can be used to eval-
uate the amount of information of a scene captured
from a certain point. This measure is calledview-

(a) (b)

Figure 8: Scene OFFICE. (a) Classic random
walk. Number of lines: 514000. Execution time:
27 sec. (b) Fuzzy random walk. Number of lines:
511000. Execution time: 30 sec.

point entropy. To define the viewpoint entropy we
use as probability distribution the relative area of
the projected faces over the sphere of directions
centered in the viewpoint (see Figure 9). Thus, the
viewpoint entropy is defined [19] as

�� �� � � � c�����
 � q "#$  � q � (26)

where
9�

is the number of faces of the scene, � is the projected area of faceA,  q is the total
area covered over the sphere, and

 � represents the
projected area of background in open scenes. In a
closed scene, or if the point does notsee the back-
ground, the whole sphere is covered by the pro-
jected areas and consequently

 � � 6
. Hence, �� q represents thevisibility of face A with re-

spect to the point

l
. It is important to remark that

the area
 �� q is proportional to the cosine of the

angle between the normal of the surface and the
line from the point of view to the object, and it is
inversely proportional to the square distance from
the point of view to the face. Therefore,

 �� q
grows when the face is seen at a better angle and at
a shorter distance.

The maximum entropy is obtained when a cer-
tain point cansee all the faces with the same rel-
ative projected area

 �� q . We define thebest
viewpoint as the one that has maximum entropy,



sphere of directions

viewpoint

Figure 9: Viewpoint entropy is measured by pro-
jecting all the polygons in a bounding sphere cen-
tered in the viewpoint. The projected areas of ev-
ery polygon are used as probability distribution of
the entropy function.

i.e. maximum geometric information captured.
The computation of the viewpoint entropy can

be done with the aid of graphics hardware using
OpenGL. The projected area of each face is com-
puted by summing up all the pixels that belong to
that face, weighted by the solid angle subtended
by the pixel. To distinguish between the differ-
ent polygons, the faces are colour-coded in an item
buffer, and to cover all the surrounding of a view-
point six different views are used.

Equivalent measures can be obtained for a per-
spective frustum and an orthogonal image.

5.1 Applications

5.1.1 Best View Selection

The selection of the best view of a scene can be
computed by measuring the viewpoint entropy of
a set of points placed over a sphere that bounds
the scene. Then, the point of maximum viewpoint
entropy is chosen as the best one. For complex
scenes we sometimes have to select more than a
single view. This can be achieved using viewpoint
entropy measure and a simple algorithm which en-
codes in a bitmap the visited faces of each view.
Selecting a group of good views which show dif-
ferent faces than the already selected is straightfor-

ward [19].
In Figures 10a and 10b we can see the points

of maximum viewpoint entropy computed around
a torus and a desk. In Figure 11 we show the four
initial views of a set of eight which covers all the
faces of the desk scene.

(a) (b)

Figure 10: The points of maximum viewpoint en-
tropy of a torus and a desk.

Figure 11: The initial four view points obtained for
a desk.

5.1.2 View Selection for IBR

Image-Based Rendering (IBR) [20, 21] has re-
ceived a great interest since the last decade. It al-
lows to compute realistic images at low cost thanks



to the use of precomputed ones. However, most
of the research has been focused on finding fast
and reliable reconstruction algorithms instead of
dealing with the important issue of correctly sam-
pling the scene with the minimum number of im-
ages. We use viewpoint entropy to select a set of
views which can be used as an Image-Based rep-
resentation (in this case a LDI) of the scene [22].
In order to properly account for textured faces we
segment the texture using a region growing algo-
rithm [23] and then colour code it. This results in a
polygon that can be added to the rest of the scene.
The selection of views is performed in an incre-
mental way: First, the best view is selected and
then the entropy is recomputed accounting only for
the faces not yet visited. This algorithm improves
over other methods which only use the number of
faces as a basis for the selection of new views [24].
In our case the viewing region is restricted to a
bounded zone.

Figure 12: Examples of the classroom. The LDIs
representation was created using the views selected
with our method.

5.1.3 Molecular Visualization

Visualization of molecules is relevant for molecu-
lar science, a discipline which falls in several ar-
eas such as Crystallography, Chemistry, and Biol-
ogy. Obtaining such views is time consuming for
molecular scientists. We use here [25] the orthog-
onal viewpoint entropy, as scientists mainly use
these kind of projections for their visualizations.
It is important to notice that in this case two kind
of views are important: for a set of molecules, the
ones with low entropy, and for single molecules,
the views with high entropy. In the first case the
views allow to see how the molecule arranges in
space and thus to infer physical properties of the
molecule. The second case shows how the atoms in
the molecule are arranged and thus, allow to guess
chemical properties of the molecule. The results
obtained by the algorithm are a set of views which
fulfill the requirements of molecular visualization:
they reveal most of the detail of the molecule, and
show how a set of them is ordered in space. In
most cases the views generated by our application
can completely replace human involvement, other-
wise, for highly complex compounds, they are a
good starting point. Our method also provides sev-
eral views that could be missed by scientists and
it has proven to greatly simplify the chemist work.
In Figure 13 we can see a typical example, two el-
ements of Carbon: graphite and diamond. From
these views molecular scientists can infer the re-
sistance to physical pressure. While diamond is
very strong due to the bonds in three directions,
graphite’s layered structure makes the molecule
easily exfoliable.

6 Conclusions

We have presented in this talk several applica-
tions of Information Theory concepts to Computer
Graphics. The wide spectrum of the applications
show that these concepts can play a key transver-
sal role in Computer Graphics.



(a) (b)

Figure 13: Figures (a) and (b) show the minimum
entropy views of the molecular representations of
two Carbon forms, graphite and diamond respec-
tively.
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Tapestry: A dynamic mesh-based display
representation for interactive rendering. In
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