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ABSTRACT

Automatic computation of best views of objects is very useful. For example, they
can be used as the starting point of a scene exploration, or to enrich galleries of
objects available through the Internet; adding a good image to a model may give a
good idea of it before deciding to download. To select the most interesting viewpoint
of an object, we use the so-called viewpoint entropy. We assume the best view is
the one which gives the most information of the object being inspected. In this
paper we present an adaptive method to compute best views. Our adaptive scheme
allows to improve over other approaches with ratios of up to 360:1 on the selection
of best views, and therefore achieve a nearly interactive rate.
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1 Introduction

The automatic selection of best views of
objects may be very useful. Best views
can be set as the starting point of a scene
exploration, for example in medical appli-
cations. They can also be used to reduce
the time devoted to find models through
the Internet. The simple addition of infor-
mative images of models might avoid to
spend hours downloading (maybe trans-
lating) and inspecting objects. Further-
more, they can be applied to games if we
guide the best view selection by weighting

interesting polygons (such as the ones of
the main character) with importance val-
ues that favor the selection of a view that
focuses on the interesting object.

In this paper we present a new method for
the adaptive selection of best views. Our
algorithm is fast and can obtain a good
view of an object in a couple of seconds.
The rest of the paper is organized as fol-
lows. In Section 2 we analyze previous
work on good view selection. Section 3 ex-
plains the previous brute-force approach
that also uses viewpoint entropy. In Sec-



tion 4 we present our new algorithm. In
Section 5 we show the results and discuss
them, and finally, in Section 6 we conclude
and point out possible future work.

2 Previous Work

In this Section we review previous work
on viewpoint selection.

Kamada and Kawai consider a viewing di-
rection to be good if in a projection, paral-
lel line segments on a plane in 3D project
as far away from each other as possible [1].
Intuitively, the viewer should be as or-
thogonal as possible to every face of the
3D object. Of course, this is not possi-
ble, and therefore they suggest to min-
imize (over all the faces) the maximum
angle deviation between a normal to the
face and the line of sight from the viewer.
However, this method fails when compar-
ing scenes with equal number of degener-
ated faces and it does not ensure that the
user will see a large amount of details[2].

Colin [3] presents a method to select a
good view to observe a scene modeled with
an octree. This method chooses the view
which shows the highest amount of voxels,
according to two different visibility mea-
sures, one exact and another one approx-
imate.

Plemenos and Benayada [4] extend Ka-
mada’s definition. They consider a direc-
tion to be good if it minimizes the max-
imum angle deviation between a normal
to the face and the line of sight from the
viewer and it also provides a high amount
of detail. If only the first condition is
satisfied, it does not ensure that the set
of views will not hide important informa-
tion of the scene. Therefore, they add an-
other parameter to the maximizing func-
tion which accounts for the detail seen.
The parameter added is the number of vis-
ible faces from a viewpoint. Then, a func-

tion which combines both parameters is
created. Barral et al. [2] present a method
for the automatic exploration of objects or
scenes. This method is based on the good
view notion presented in [4]. In this case,
the goodness of a view is computed by
defining a new importance function that
depends on the visible pixels of each poly-
gon. An extension of this method can be
found in Dorme [5], where an extra param-
eter, the so-called exploration parameter
is added in order to avoid taking into ac-
count faces that have already been shown
to the user. However, they admit that
they have not been able to determine a
good weighting scheme for the different
factors. This causes some problems with
objects containing holes, as these are not
captured properly by the algorithm.

Marchand and Courty have presented a
general framework that allows the auto-
matic control of a camera in a dynamic
environment[6]. The proposed method
is based on the image-based control or
visual servoing approach. Bourque and
Dudek [7] describe a system for the au-
tomatic construction of image-based vir-
tual realities to represent a real environ-
ment. The criterion used to determine the
importance of a view is based on human
attention. They derive two operators (a
density estimator and an orientation esti-
mator) which are used to determine which
parts of a scene will attract the user atten-
tion.

Freeman has exploited the generic view-
point assumption to address shape from
shading problems. The generic view-
point assumption states that an observer
is not in a special position relative to the
scene [8, 9, 10]. It is commonly used to
disqualify scene interpretations that as-
sume special viewpoints, thus, it can be
used to avoid ambiguities [11]. The De-
sign Galleries”™ (DG) system is a method
to automatically set parameters for com-
puter graphics and animation. The pa-



rameters studied are: light selection and
placement for image rendering; opacity
and colour transfer-function specification
for volume rendering; and motion control
for particle-system and articulated-figure
animation [12]. In Vizquez et al. [13]
have presented a measure based on Infor-
mation Theory. It is dubbed wiewpoint
entropy and is based on Shannon’s en-
tropy [14]. Gumbhold [15] has presented
a method for the automatic light source
placement which also uses an entropy-
based function. The function is intended
to measure the information coming from
the illumination of a scene. Some exper-
iments with users have been carried out
in order to improve the measure with per-
ceptual information. An adaptive method
for the automatic light positioning is also
presented.

3 Brute-Force Method

As introduced in Vazquez et al. [13], given
a certain viewpoint, the goodness can be
evaluated by using the wviewpoint entropy
function, that is:

I(S,p)=— zn:pi log p; (1)

=1

where the logarithms are taken in base
two, and p; is the relative projected area
(A;/A;) of face i. The best view of
an object will be the most informative
one, the one with maximum viewpoint en-
tropy. Determining the best view is not
easy. A first approach presented in [13]
uses a brute-force algorithm that analyzes
the entropy for a dense set of viewpoints
placed all around the object. The view
with maximum entropy is selected as the
best view.

The use of a brute-force method is jus-
tified by the essence of the entropy func-
tion. It is not continuous and makes there-
fore difficult to predict maximum reach-
able entropy values in the neighborhood of

Algorithm 1 Computes the view with
the highest entropy of an object.

Select a set of points placed in regular
positions all around the object
maxl <+ 0; viewpoint<— 0
for all the points do
aux < Compute viewpoint entropy
if aux> maxI then
maxl < aux
viewpoint < current point
end if
end for
Write maxI and viewpoint

already analyzed points. The denser the
set, of views, the smaller the probability of
missing important views. This brute-force
method is depicted in Algorithm 1.

This method ensures that the best view
is not missed. More concretely, it makes
sure that the possible error committed is
under an user-defined threshold, as the
user decides the number of views to an-
alyze. However, this algorithm is very
demanding, as every time the OpenGL
buffer must be read back and processed.
In order to accelerate the computation of
best views, an adaptive method is com-
pulsory.

4 Adaptive Best View Selection

In [15] an adaptive method that predicts
the best position for an entropy-based
measure is developed. The authors define
the lighting entropy as a method to mea-
sure the information captured from view-
point coming from a lit scene. In order
to use a global optimization method, the
authors assume that the lighting entropy
function at the resolution they use is Lip-
schitz continuous. We address the prob-
lem by a totally different perspective. Al-
though the visibility of two different close
positions may vary, this does not hap-
pen very often. Two nearby positions



usually see similar sets of polygons. We
will take advantage of this fact to esti-
mate entropy values of new positions by
using the information on visibility of faces
and already computed entropy of neigh-
bor points. We have successfully applied
our method for single objects but a sim-
ilar adaptive scheme can be designed for
indoor scenes.

Initially, six cameras are placed around
the object in orthogonal positions (see
Figure 1). At these positions the entropy
is measured and stored, together with a
bitmap that encodes the visibility of each
face from the camera position. Once these
six views are calculated, the set of points
is triangulated and we predict the entropy
at the middle points of the edges using a
conservative estimator. To build this esti-
mator we make the following assumptions:

e The set of visible faces from the new
position is the union of faces that can
be seen from the two endpoints of the
edge.

e We see the faces at a better projec-
tion than from the two endpoints of
the edge.

e BEach predicted position sees all the
faces under the same projected area.

The first assumption is used to ensure that
we are not going to miss any face from the
new view. For nearby points, a new view
placed in the middle of them is likely go-
ing to see the same set of faces seen by
two already computed points. The second
assumption is justified by the fact that
in some situations, the number of visible
faces does not increase but the amount of
projected area of those faces does grow.
The third assumption allows to cheaply
estimate the total entropy from the pre-
dicted view. These conditions make our
estimation conservative in the sense that

the error committed will be positive, that
is we may predict a higher entropy than
the real one but not otherwise. This helps
not to miss important views. Because es-
timated entropy could be always higher
than the entropy of the two nearby points,
we avoid the selection of infinite in be-
tween views by adding a constraint: a
new view will be analyzed only if the an-
gle between the new view and the already
computed ones is larger than a threshold,
for example five degrees. The algorithm
stops when none of the estimated values
is higher than the values of entropy cor-
rectly computed.

Camera
positions ﬁ

Figure 1: The six initial camera po-
sitions around an object.

4.1 Entropy estimation

For every initial camera position, we com-
pute its entropy value (I) with equation 1.
We also code and store in a bitmap the
visibility of the faces from the camera po-
sition. To evaluate the entropy from each
new view we need to know:

e The set of visible faces.

e How much area they project.

Both values are unknown, the unique data
that we know from the new position is the



distance that separates it from the two ini-
tial views. As these data are very difficult
to obtain, we assume that each predicted
position shows the faces under the same
projected area, and that a view placed in
the middle of an edge sees all the faces
seen by the two endpoints but at a bet-
ter angle. As the solid angle depends on
the rotation angle between the initial po-
sitions and the currently estimated view-
point, we will use this angle to estimate
the new projected areas.

Working under the assumption that the
initial viewpoints show all the visible faces
with the same projection area, we can sim-
plify equation 1 to: H(X) = —N;p;logp;,
where Ny is the number of faces visible
from the viewpoint!', and p; is the pro-
jected area of each face. As we are see-
ing all the faces with the same projection
area, p; = 1/Ny.

So for each viewpoint we know now what
the projected area of each face would be if
all the faces were seen under the same pro-
jected area. Now we want to estimate the
entropy that the same visible faces would
yield if the model is rotated a certain « ra-
dians. As we have made the assumption
that with the rotation all the visible faces
will increase their projected area, we in-
crease their probability proportionally to
the rotation angle. To make the estima-

tion conservative the predicted entropy H,
will be:

Hy, = Ny, ((1 + [sina] /2) [Ny)

«log((1 + |sinal /2)/Nf)  (2)

where Ny, is the estimated number of faces
seen from the new position. However, this
results in a too pessimistic estimator. The
values of the predicted entropy are low
enough to allow missing important points.

L As the entropy takes into account the contri-
bution to entropy of the background, the actual
value of Ny is the number of visible faces plus
one.

We have found empirically that the follow-
ing one is better:

H, = Ny, (1 4+ |sina| /2)*
«log((1 + |sinal /2)/Ny)  (3)
Although strictly speaking this value can-
not be considered an entropy, it is a good
conservative estimator of viewpoint en-
tropy value. The points where we pre-
dict the entropy are the middle points of
the edges that connect neighboring cam-
era positions. This prediction is calcu-
lated two times, each one taking into ac-
count the actual entropy of each of the
correctly computed viewpoints. To build
the final entropy estimation, we apply the
following heuristic formula to these values:
M)
Nf1 + Nfg —1
where H, is the total estimated entropy
and H,, and H, are the predicted values
of the two neighbors. Ny, is the estimated
number of visible faces from the predicted
view. Ny and Ny, the number of faces
of the endpoints of the edge. Remember
that the estimated number of views visi-
ble from the predicted point (Ny) is the
union of the sets of visible faces from the
neighbors.

H, = (Hy + Hpp) *

4.2 Algorithm

We have designed an algorithm that com-
putes quickly the best view of an object.
It performs basically three steps:

1. Evaluate the viewpoint entropy of
the initial views. Build a triangular
mesh with the views as its vertices.

2. Predict the entropy of the middle
points of each edge, according to
equation 1.

3. If the highest estimated value is
higher than the already computed
values add the new view and go to
step 2.



We have chosen a set of six initial views,
placed on the intersecting points of the
X, Y, and Z axis with a bounding sphere
that contains the object (see Figure 1).
Furthermore, instead of using a triangular
mesh, we use a mesh of spherical triangles,
as we want all the views to be placed at
the same distance from the object. The
edges will be arcs, and the middle points
of the edges are the views whose entropy
is estimated adaptively. This method is
sketched in Algorithm 2.

Algorithm 2 Adaptive computation of
the best view of an object.

Select the initial six points

Evaluate the entropy on these points

Triangulate the set of points

Predict the entropy on the middle point

of all edges

maxPred<— maximum of predicted en-

tropies

while maxPred > maximum of com-

puted entropies do
Insert new view at the point of maxi-
mum predicted entropy and compute
its real entropy
Estimate the entropy on the middle
point of the new edges (when the
middle point is not too close)
maxPred<— maximum of predicted
entropies

end while

Select the view with maximum entropy

The estimation of entropy is only per-
formed for edges whose endpoints are
placed at a distance over a threshold (we
have used an angle of five degrees). The
algorithm stops when none of the pre-
dicted values is higher than the already
computed ones. After choosing the point
with maximum entropy, we subdivide the
edges where it belongs and capture the
corresponding views. We do this only
once, in order to detect any possible max-
imum that might be close to our detected
maximum and that was missed. In Fig-

ure 2 we can see how the viewpoints are
progressively inspected. In Figure 2a we
see the initial mesh, and in Figures 2b to
d we see how the views are inserted.

o ()

New View—>"_,'

Figure 2: The four initial steps of
the best view selection for the scene
of the cube. In a the initial six views
are shown. (b) to d show the initial
three selected points.

4.3 Improving performance

The performance of our algorithm
strongly depends on the amount of views
that have to be analyzed, that is, the
number of viewpoints from which we have
to correctly compute viewpoint entropy.
This is due to the fact that view analysis
requires reading back the colour and
the depth buffer to main memory and
then inspecting it. The complexity of
both operations depends on the size of
the image. In order to accelerate the
computation of the viewpoint entropy
some improvements can be introduced:

e Reduce the size of the image.

e Reduce the amount of pixels that
have to be read and analyzed.



The first solution can be achieved by re-
ducing the size of the window. Unfor-
tunately, this would cause to worsen the
precision of the entropy computation. Al-
though the loss in precision could be unim-
portant, (only very small faces would dis-
appear), we have decided to use the sec-
ond strategy.

A safe effective way to reduce the amount
of pixels to be read back to main memory
consists in predicting how much of the ob-
ject really projects to the resulting image.
An easy manner of computing such area
is by using a bounding box of the object.
Hence, our algorithm is improved in the
following way:

e Compute a bounding box of the ob-
ject when it is being loaded.

e For every view computation, project
the points of the bounding box to the
viewing plane.

e Read and analyze only the pixels
where the bounding box is projected.

This process is depicted in Figure 3. The
region to analyze corresponds to the pro-
jection of the bounding box of the object
on the viewing plane (dashed line). This
way we avoid reading all the pixels of the
rendered view, which is a slow operation,
and we also analyze a smaller image. This
method dramatically improves the perfor-
mance of each entropy evaluation thus re-
ducing the time of the overall algorithm
up to a 80%, as it is shown in the follow-
ing Section.

5 Results

The method presented above adequately
computes the best views of objects in less
than one second, while the brute-force

Image Pla:n/

Bounding Box

L
"
L

Region to Analyze

Figure 3: Projection of the bound-
ing box of a mug. The dashed line
denotes the region that will be read
to main memory and then analyzed.

method needs one or two minutes depend-
ing on the model and the number of views
analyzed. In general the views selected
by both methods are the same. Figure 4
shows the views analyzed for a set of ob-
jects: a cube, a martini cup, a mug, and
a candlestick.

Figure 4: The different analyzed
views for each of the objects. The
colour of the viewpoint encodes the
entropy, the lighter the colour the
higher the entropy.



The results of the new method are com-
pared with the brute-force method in Ta-
ble 1.

Model Brute-Force | Adaptive
Time (ms) | Time (ms)
Cube 47.54 0.13
Marting 60.35 0.94
Mug 59.69 1.09
Candlestick 61.28 0.75

Table 1: Comparison of results of
the adaptive method and the brute-
force method.

The first column contains the name of
the model analyzed. The second column
shows the computation time for the brute-
force method and the last one the tim-
ings for the adaptive strategy. To achieve
a similar result than with the adaptive
method, the brute-force method needs to
analyze about 1500 views. In this case we
obtain speed-ups of up to 365:1 for the
case of the cube. In Table 2 we can see
the improvement that is achieved thanks
to the bounding boxes strategy.

Model Adaptive B. Bozxes
Time (ms) | Time (ms)
Cube 660 130
Martini 1400 940
Mug 1780 1090
Candlestick 1690 750

Table 2: Acceleration due to the
use of bounding boxes. The results
obtained with the simple adaptive
method are in the middle column,
and the last column shows the tim-
ings obtained with the strategy that
uses bounding boxes.

Other examples are shown in Figure 5.
In 5a we see the best view of the airplane
computed with the brute-force method,
and in 5b the best view has been com-
puted with the adaptive method. Note
that these views are the same.

(a) Brute-force (b) Adaptive

Figure 5: The best views selected
by our two algorithms.

Another example gives more curious re-
sults. In Figure 6a we can see the best
view of a lorry selected with the brute-
force method. Its entropy is 0.191855. On
the other hand, the best view using the
adaptive method is the one that appears
in 60, whose entropy is 0.1957 slightly
higher. As the lorry is practically symmet-
ric the views are very similar. However,
with the adaptive method even the second
best view is better (it has exactly an en-
tropy of 0.1948) than the brute-force one.
In this case its position is very close to the
one of the best view as selected with the
previous algorithm. This view is shown
in 6c.

Although throughout the calculation pro-
cess we use a conservative estimator, the
resulting values of estimated entropy are
in a feasible range (we do not generate
estimated values which are very high in
comparison with the real values of entropy
captured), and consequently, the system
performs very well, only a small number
of images has to be actually analyzed. We
obtain the same best view positions than
with the brute force method, and some-
times some views that the previous algo-
rithm had missed. Moreover we reduce
the time of computation from one or two
minutes to less than one second in most
cases. As this estimation is conservative,
in the sense that the predicted value will
be slightly higher than the resulting en-
tropy, the probability of missing impor-



Brute-force

(a) I(S,p) =0.191855
Adaptive

(b) 1(S,p) = 0.1957 (c) I(S,p) = 0.1948

Figure 6: The best views selected by
our two algorithms. Note that the
two first views chosen by the adap-
tive method ((b) and (¢)) are better
than (a).

tant positions will be low.

Although we have not been able to find
any particular case, our system could fail
if the object had such a shape that some
of the faces were only visible from a spe-
cial point, and this was the point of maxi-
mum entropy. If the positions close to this
point saw a small number of faces and had
a low entropy value, we could miss this po-
sition. However, this is not likely to hap-
pen, as some faces that are only visible
from a very concrete region will project to
a small area and therefore will have a low
entropy rate.

6 Conclusions and Future Work

In this paper we have presented a new
method for the automatic selection of best
views of objects. Best views can be used
as a technique to improve galleries of ob-

jects providing images of the models that
help the user decide which of those are in-
teresting. Moreover, they can be used as
starting points for navigation systems.

In the future we want to address the prob-
lem of view selection using perceptual is-
sues. Instead of taking into account only
the geometry of the scene, best views
could also be selected according to the il-
lumination of a scene. This can help in au-
tomatic camera positioning for video cap-
ture or automatic navigation in realistic
rendering systemes.
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