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Abstract. Interactivity has become one of the main objectives of multimedia applications.
Texture mapping techniques are essential to allow its development, but they all have one
point in common: they are not content dependent. In this paper the development of content
dependent texture mapping techniques is studied. A content dependent sampling process,
based on a reference image which indicates the importance given to each pixel of the original
image, is proposed. Two methods of building the reference image by means of morphological
tools are described. This content dependent sampling method is used to build a mipmap, a
classical structure used in texture mapping.
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1. Introduction

Multimedia interactive applications are rapidly developing. This enhanced in-
teractivity and new freedom needs to be supported by texture rendering tools.
Different texture mapping techniques exist [7], but, as long as we know, they
all have one point in common: they are not content dependent. This means
that images with different content will be treated the same way, and that in-
side one image all pixels are also processed without taking into account their
“meaning”. For example imagine a 3D scene featuring a notice-board hanging
from a textured wall. The wall and the text will be rendered exactly in the
same way. However, it could be interesting to better preserve the details of the
text than the details of the wall texture, for instance.

In this article we focus on the downsampling problem. Note however that
content based upsampling algorithms have also been recently developed in the
same context by Albiol and Serra [1].

In classical computer graphics, the treatment of a texture pixel depends
only on its position. In the present work, we will analyze the content of the
texture image and downsample it depending on the importance associated to
each pixel. To this end, a content dependent sampling method based on a ref-



2 ETIENNE DECENCIERE FERRANDIERE ET AL.

erence image which indicates the importance given to each pixel of the original
image is presented. Two methods for building the reference image that make
use of mathematical morphology are proposed. Moreover, we will apply these
downsampling techniques to texture mapping using mipmaps.

In order to test the resulting texture rendering algorithms in real time con-
ditions, and to compare them with existing techniques, we have chosen MESA,
a freeware implementation of OpenGL (Open Graphics Library), a software in-
terface to graphics hardware. OpenGL is one of the leading products in its field.
It is based on an open specification and many implementations are available.
It is widely used by graphics software developers.

2. Content dependent sampling

We refer the reader interested by a review on texture mapping techniques to
an article by Heckbert [7]. The techniques described in this review do not take
into account the contents of the image when downsampling.

Mathematical morphology has already been applied to image sampling [5,
6, 8, 10]. In these works the aim was to simplify the image before sampling,
in order to keep only those details that could be represented at the lower res-
olution level. In that sense these non-linear approaches already were content
dependent, but in our case we want to develop tools that will enable us to pre-
serve some details that are considered important, even if they are theoretically
too small (the theoretical limit being given by the Shannon sampling theorem),
while avoiding aliasing. Of course, this will only be possible if there is enough
place in the image. In that sense, our work is inspired from [3, 4].

2.1. A GENERAL FRAMEWORK FOR IMAGE SAMPLING

The simplest downsampling method is point sampling. It can be analyzed in
the following way: the original image I is partitioned into regular 2 x 2 square
blocks, and within each block the first pixel (in the video scanning order) is
kept in order to build the sampled image J. We will denote B(z,y) the block
composed of pixels {(2z,2y), (2z + 1,2y), (2z,2y + 1), (22 + 1,2y + 1)}. This
procedure is illustrated by figure 1.

~—  pixel (2,1)

J
l S B(2,1)

Fig. 1. Point sampling
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Let R be a grey level image the same size as I, whose pixel values are defined
by:

R(z,y) = 1 if x and y are even, (1)
R(z,y) = 0 otherwise. (2)

Then the point sampling operator can be expressed as follows:

J@y) = 3 RPIP) (3)

PeB(z,y)

But why should we choose the first pixel in each block? The only reason
is that its coordinates are even. The question then is whether it would not
be better to keep the most interesting pixels among the four, or even better
to combine the four pixels in some way. This leads us to the definition of a
general sampling operator based on a reference image.

Definition: Reference sampling Let Q) be an operator which takes as input
one color image I of size n x m (the original image) and one grey level image R
(the reference image) of same size and which gives back an image J of half
their size (§ x 3):

J=Q(I,R). (4)

2 is a reference sampling operator if and only if:

ZPGB(m.y) R(P)I(P) S R(P) 40
J(z,y) = (UL, R))(z,y) = > renie.y, BP) PEB(z.y)
% ZPGB(x7y) I(P) otherwise

(5)

This means that in order to compute the value of the sampled image pixel
J(x,y) we compute a convolution of the pixels of I belonging to B(z,y) using
as weights the respective values of R.

Existing downsampling methods can be described via reference sampling.
For example, a classical downsampling method based on convolution can be
written as: )

L@y =7 3 Tu(P) (6)

PeB(z,y)

Using the above definition, this can be expressed as a reference sampling
where the reference image is constant. The fact that this sampling method is
not content dependent clearly appears here: the values of the reference image
do not depend on the pixel values of the original image.

Precisely, the main interest of reference sampling is that it allows the con-
struction of content dependent downsampling methods. The value in the ref-
erence image of a pixel P indicates its importance: the higher its value, the
better it will be represented after downsampling.
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The next step is the construction of the reference image R. Here is where
morphological tools come into play. They will allow us to identify interesting
pixels.

2.2. FROM THE MORPHOLOGICAL GRADIENT TO THE MORPHOLOGICAL LAPLA-
CIAN

From now on, for the sake of clarity, we will only consider grey level images.
The generalization to color images is easy thanks to the fact that we will only
use morphological operators to compute the reference image, and not to process
the texture image itself. When applying these operators to a color image, we
will in fact apply them to its luminance.

Interesting points in an image (maxima and minima, crest points) belong to
high gradient regions. This is why we first tested the morphological gradient
as reference image. However the gradient proved to be insatisfactory for this
application for one main reason: not all high gradient points are interesting
(for example slanted planes or noise produce high gradients).

Therefore we looked for an operator with a higher discrimination factor,
and we found the morphological Laplacian, defined as:

Ls(I) = 6s(I) + es(I) — 21, (7)

where dg and eg respectively denote the morphological dilation and erosion,
and S denotes the used structuring element.

Contrary to the gradient, the Laplacian may have negative values, which
are as meaningful as positive ones. In order to build the reference image we
take the absolute value of the Laplacian. Hence the sampling operator can be
written:

J =Q(I,|Ls(I)]), (8)

where |.| denotes the absolute value operator. The second column of figure 3
shows two downsampling steps using this method. The original image is given
by figure 2. In smooth areas the result is practically the same as the classical
sampling method based on convolution (constant reference image), but in high
contrasted areas contrast is preserved without introducing any aliasing.

2.3. USING THE MORPHOLOGICAL TOPHAT TO DETECT DETAILS

Now we are going to detect details in a more explicit way using the tophat
transform [9].

However, we cannot directly use the result of the tophat as a reference
image; by doing so we would favor noise. We have to filter the tophat images
in order to extract only the meaningful details. To this aim we use a hysteresis
threshold followed by an area filter in order to obtain a binary image indicating
interesting details. Finally we take the intersection between this binary image
and the original tophat image in order to recover the grey levels of the details.

After applying this filtering step to the white tophat and the black tophat of
the original image, we obtain two reference images. The first R,, corresponds
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to the light details in the original image, and the second R} to the dark details.
The final reference image is built by taking the supremum of both images:
R =R, \ Ry.

The resulting downsamplig operator has been applied to our test image in
figure 3 (third column). Note that preserved details are proportionally larger
than in the original image, which might not be convenient for all applications,
but in many cases this feature is be interesting.

2.4. COMPARISON AND COMMENTS

We have presented two methods for computing reference images. We have
applied them to one test image, showing text and rich textures. Figure 3 sum-
marizes the results and allows to compare them with the classical downsampling
method based on convolution.

12 13 14 15

Fig. 2. Test 2: Original image (256 X 256).

Note that the three sampling methods perform similarly in smooth regions.
Differences appear in non-smooth areas like texture rich regions and near bor-
ders. Despite the fact that the representation of these images in this document
cannot allow detailed viewing, it can be appreciated that images sampled with
the Laplacian method are slightly less blurred than the images obtained with
the classical convolution method. As noted previously, this has been achieved
without introducing any visible aliasing. The improvement brought by the
tophat method is more visible. More details are preserved from one downsam-
pling level to the next. For example text in images downsampled with the
tophat method is easier to read.
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Fig. 3. Comparison of sampling results; the first line corresponds to the first downsampling
step (image sizes are 128 x 128), and the second line to the second downsampling ( image sizes
are 64 x 64). First column: constant reference image. Second column: Laplacian sampling.
Third column: Tophat sampling

Before concluding, we explain how to apply these content dependent sam-
pling methods to texture mapping.

3. Application to texture mapping

3.1. MIPMAPPING

A classical class of texture mapping methods is based on the pre-calculation of
a set of smaller versions of the original texture image Iy. If Iy is of size n x m,
then a pyramid is built with images I; of size 5z x §z. This pyramid is called
a MIP map (MIP stands for the Latin phrase Multum In Parvo which means
many things in a small place). These structures were first applied to texture

mapping in [2]. They can be built and used in different ways.

3.2. CONSTRUCTION

A possible way of building a mipmap is recursively. Let I; be the i-th level of
the mipmap. I; is thus an image of size gr x 57. With a reference sampling
operator 2 we can recursively compute the pyramid using the rule:

Iy = Q(I;, Ry). 9)

However if we proceed this way, in some cases image details could survive
along several mipmap levels, which could be annoying for some applications.
We propose here an alternate mipmap construction method which uses content
dependent operators but that ensures that small details will be kept only in
one mipmap level.
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Let Iy be the original texture image, Q2 be the reference sampling operator,
and g be the function that computes the reference image from a texture image.
We want to build a mipmap starting from Iy: (Iy,I1,I2,...). Let K, be a
constant reference image the same size as I,,. Then the recursive procedure to
build a mipmap which only preserves small details during one mipmap level is
defined by:

Igmooth — IO, (10)
IvsszOth — Q(Irslmooth,Kn), (11)
Togr = QMoo g(T;meotm) ) (12

This means that we build a parallel smooth mipmap structure
(Igmooth  [pmooth [smooth 'y and that we apply a content dependent sampling
operator to compute I,,;1 from I5meoth,

3.3. IMPLEMENTATION

We have implemented the general reference downsampling method, as well
as the two reference image construction methods (Laplacian method, tophat
sampling) using XLIM3D, a mathematical morphology library developed at the
Center of Mathematical Morphology.

The reference sampling procedure itself is very fast. The computation of
the reference image may be slower, depending on the chosen method. For
instance the Laplacian method is very fast, requiring only the computation of
one dilation and one erosion, but the tophat method can take longer. It is not
the computation of the tophat that takes most time, but the filtering step: the
reconstruction used in the hysteresis threshold, as well as the area filtering, may
require many iterations. However, thanks to the algorithms used in XLIM3D,
which are based on hierarchical queues, we can now use these operators in real
time. Finally, note that the construction of the mipmap is not as critical as its
use during the rendering process.

The resulting mipmaps have been used within MESA, an implementation
of OpenGL. The resulting texture mappings preserve the details better than
the classical methods.

4. Conclusion

A general sampling method, called reference sampling, has been defined. Tt
generalizes some classical downsampling strategies and moreover it allows the
construction of content dependent downsampling operators.

Using the morphological Laplacian and the tophat operator two content
dependent downsampling operators, which aim at keeping meaningful image
details, have been proposed.

Finally, it has been explained how to build and use mipmaps based on these
content dependent sampling operators. Their implementation under MESA
gives interesting results.

A certain number of questions remain. What sampling method should we
use? What values should we give to the parameters? The sampling method
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can be chosen according to the original texture image. If it is very smooth,
then the Laplacian method should be used. Otherwise, the tophat method is
more interesting. The parameters used by the tophat algorithm can also be
adapted to the image: the higher their values, the less the details that will be
kept.

These choices can be made on the spot, after analyzing the image, or be
somehow included with the image. For example the composer of the 3D scene
could choose the sampling technique for the textures he uses.

Finally, note that MPEG-4 provides a very interesting framework for the
application of these new texture mapping techniques: each Video Object could
be associated to one of these sampling techniques.
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