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t. Intera
tivity has be
ome one of the main obje
tives of multimedia appli
ations.Texture mapping te
hniques are essential to allow its development, but they all have onepoint in 
ommon: they are not 
ontent dependent. In this paper the development of 
ontentdependent texture mapping te
hniques is studied. A 
ontent dependent sampling pro
ess,based on a referen
e image whi
h indi
ates the importan
e given to ea
h pixel of the originalimage, is proposed. Two methods of building the referen
e image by means of morphologi
altools are des
ribed. This 
ontent dependent sampling method is used to build a mipmap, a
lassi
al stru
ture used in texture mapping.Key words: image sampling, 
ontent dependent sampling, texture mapping1. Introdu
tionMultimedia intera
tive appli
ations are rapidly developing. This enhan
ed in-tera
tivity and new freedom needs to be supported by texture rendering tools.Di�erent texture mapping te
hniques exist [7℄, but, as long as we know, theyall have one point in 
ommon: they are not 
ontent dependent. This meansthat images with di�erent 
ontent will be treated the same way, and that in-side one image all pixels are also pro
essed without taking into a

ount their\meaning". For example imagine a 3D s
ene featuring a noti
e-board hangingfrom a textured wall. The wall and the text will be rendered exa
tly in thesame way. However, it 
ould be interesting to better preserve the details of thetext than the details of the wall texture, for instan
e.In this arti
le we fo
us on the downsampling problem. Note however that
ontent based upsampling algorithms have also been re
ently developed in thesame 
ontext by Albiol and Serra [1℄.In 
lassi
al 
omputer graphi
s, the treatment of a texture pixel dependsonly on its position. In the present work, we will analyze the 
ontent of thetexture image and downsample it depending on the importan
e asso
iated toea
h pixel. To this end, a 
ontent dependent sampling method based on a ref-
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e image whi
h indi
ates the importan
e given to ea
h pixel of the originalimage is presented. Two methods for building the referen
e image that makeuse of mathemati
al morphology are proposed. Moreover, we will apply thesedownsampling te
hniques to texture mapping using mipmaps.In order to test the resulting texture rendering algorithms in real time 
on-ditions, and to 
ompare them with existing te
hniques, we have 
hosen MESA,a freeware implementation of OpenGL (Open Graphi
s Library), a software in-terfa
e to graphi
s hardware. OpenGL is one of the leading produ
ts in its �eld.It is based on an open spe
i�
ation and many implementations are available.It is widely used by graphi
s software developers.2. Content dependent samplingWe refer the reader interested by a review on texture mapping te
hniques toan arti
le by He
kbert [7℄. The te
hniques des
ribed in this review do not takeinto a

ount the 
ontents of the image when downsampling.Mathemati
al 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 
ould be represented at the lower res-olution level. In that sense these non-linear approa
hes already were 
ontentdependent, but in our 
ase we want to develop tools that will enable us to pre-serve some details that are 
onsidered important, even if they are theoreti
allytoo small (the theoreti
al limit being given by the Shannon sampling theorem),while avoiding aliasing. Of 
ourse, this will only be possible if there is enoughpla
e in the image. In that sense, our work is inspired from [3, 4℄.2.1. A general framework for image samplingThe simplest downsampling method is point sampling. It 
an be analyzed inthe following way: the original image I is partitioned into regular 2� 2 squareblo
ks, and within ea
h blo
k the �rst pixel (in the video s
anning order) iskept in order to build the sampled image J . We will denote B(x; y) the blo
k
omposed of pixels f(2x; 2y); (2x + 1; 2y); (2x; 2y + 1); (2x + 1; 2y + 1)g. Thispro
edure is illustrated by �gure 1.
pixel (2,1)

B(2,1)I
JFig. 1. Point sampling



CONTENT DEPENDENT IMAGE SAMPLING 3Let R be a grey level image the same size as I , whose pixel values are de�nedby: R(x; y) = 1 if x and y are even; (1)R(x; y) = 0 otherwise: (2)Then the point sampling operator 
an be expressed as follows:J(x; y) = XP2B(x;y)R(P )I(P ): (3)But why should we 
hoose the �rst pixel in ea
h blo
k? The only reasonis that its 
oordinates are even. The question then is whether it would notbe better to keep the most interesting pixels among the four, or even betterto 
ombine the four pixels in some way. This leads us to the de�nition of ageneral sampling operator based on a referen
e image.De�nition: Referen
e sampling Let 
 be an operator whi
h takes as inputone 
olor image I of size n�m (the original image) and one grey level image R(the referen
e image) of same size and whi
h gives ba
k an image J of halftheir size (n2 � m2 ): J = 
(I; R): (4)
 is a referen
e sampling operator if and only if:J(x; y) = (
(I; R))(x; y) =8<: PP2B(x;y) R(P )I(P )PP2B(x;y) R(P ) if PP2B(x;y)R(P ) 6= 014PP2B(x;y) I(P ) otherwise (5)This means that in order to 
ompute the value of the sampled image pixelJ(x; y) we 
ompute a 
onvolution of the pixels of I belonging to B(x; y) usingas weights the respe
tive values of R.Existing downsampling methods 
an be des
ribed via referen
e sampling.For example, a 
lassi
al downsampling method based on 
onvolution 
an bewritten as: In+1(x; y) = 14 XP2B(x;y) In(P ) (6)Using the above de�nition, this 
an be expressed as a referen
e samplingwhere the referen
e image is 
onstant. The fa
t that this sampling method isnot 
ontent dependent 
learly appears here: the values of the referen
e imagedo not depend on the pixel values of the original image.Pre
isely, the main interest of referen
e sampling is that it allows the 
on-stru
tion of 
ontent dependent downsampling methods. The value in the ref-eren
e image of a pixel P indi
ates its importan
e: the higher its value, thebetter it will be represented after downsampling.



4 ETIENNE DECENCIERE FERRANDIERE ET AL.The next step is the 
onstru
tion of the referen
e image R. Here is wheremorphologi
al tools 
ome into play. They will allow us to identify interestingpixels.2.2. From the morphologi
al gradient to the morphologi
al Lapla-
ianFrom now on, for the sake of 
larity, we will only 
onsider grey level images.The generalization to 
olor images is easy thanks to the fa
t that we will onlyuse morphologi
al operators to 
ompute the referen
e image, and not to pro
essthe texture image itself. When applying these operators to a 
olor image, wewill in fa
t apply them to its luminan
e.Interesting points in an image (maxima and minima, 
rest points) belong tohigh gradient regions. This is why we �rst tested the morphologi
al gradientas referen
e image. However the gradient proved to be insatisfa
tory for thisappli
ation for one main reason: not all high gradient points are interesting(for example slanted planes or noise produ
e high gradients).Therefore we looked for an operator with a higher dis
rimination fa
tor,and we found the morphologi
al Lapla
ian, de�ned as:LS(I) = ÆS(I) + �S(I)� 2I; (7)where ÆS and �S respe
tively denote the morphologi
al dilation and erosion,and S denotes the used stru
turing element.Contrary to the gradient, the Lapla
ian may have negative values, whi
hare as meaningful as positive ones. In order to build the referen
e image wetake the absolute value of the Lapla
ian. Hen
e the sampling operator 
an bewritten: J = 
(I; jLS(I)j); (8)where j:j denotes the absolute value operator. The se
ond 
olumn of �gure 3shows two downsampling steps using this method. The original image is givenby �gure 2. In smooth areas the result is pra
ti
ally the same as the 
lassi
alsampling method based on 
onvolution (
onstant referen
e image), but in high
ontrasted areas 
ontrast is preserved without introdu
ing any aliasing.2.3. Using the morphologi
al tophat to dete
t detailsNow we are going to dete
t details in a more expli
it way using the tophattransform [9℄.However, we 
annot dire
tly use the result of the tophat as a referen
eimage; by doing so we would favor noise. We have to �lter the tophat imagesin order to extra
t only the meaningful details. To this aim we use a hysteresisthreshold followed by an area �lter in order to obtain a binary image indi
atinginteresting details. Finally we take the interse
tion between this binary imageand the original tophat image in order to re
over the grey levels of the details.After applying this �ltering step to the white tophat and the bla
k tophat ofthe original image, we obtain two referen
e images. The �rst Rw 
orresponds



CONTENT DEPENDENT IMAGE SAMPLING 5to the light details in the original image, and the se
ond Rb to the dark details.The �nal referen
e image is built by taking the supremum of both images:R = RwWRb.The resulting downsamplig operator has been applied to our test image in�gure 3 (third 
olumn). Note that preserved details are proportionally largerthan in the original image, whi
h might not be 
onvenient for all appli
ations,but in many 
ases this feature is be interesting.2.4. Comparison and 
ommentsWe have presented two methods for 
omputing referen
e images. We haveapplied them to one test image, showing text and ri
h textures. Figure 3 sum-marizes the results and allows to 
ompare them with the 
lassi
al downsamplingmethod based on 
onvolution.

Fig. 2. Test 2: Original image (256 � 256).Note that the three sampling methods perform similarly in smooth regions.Di�eren
es appear in non-smooth areas like texture ri
h regions and near bor-ders. Despite the fa
t that the representation of these images in this do
ument
annot allow detailed viewing, it 
an be appre
iated that images sampled withthe Lapla
ian method are slightly less blurred than the images obtained withthe 
lassi
al 
onvolution method. As noted previously, this has been a
hievedwithout introdu
ing any visible aliasing. The improvement brought by thetophat method is more visible. More details are preserved from one downsam-pling level to the next. For example text in images downsampled with thetophat method is easier to read.



6 ETIENNE DECENCIERE FERRANDIERE ET AL.

Fig. 3. Comparison of sampling results; the �rst line 
orresponds to the �rst downsamplingstep (image sizes are 128�128), and the se
ond line to the se
ond downsampling ( image sizesare 64 � 64). First 
olumn: 
onstant referen
e image. Se
ond 
olumn: Lapla
ian sampling.Third 
olumn: Tophat samplingBefore 
on
luding, we explain how to apply these 
ontent dependent sam-pling methods to texture mapping.3. Appli
ation to texture mapping3.1. MipmappingA 
lassi
al 
lass of texture mapping methods is based on the pre-
al
ulation ofa set of smaller versions of the original texture image I0. If I0 is of size n�m,then a pyramid is built with images Ii of size n2i � m2i . This pyramid is 
alleda MIP map (MIP stands for the Latin phrase Multum In Parvo whi
h meansmany things in a small pla
e). These stru
tures were �rst applied to texturemapping in [2℄. They 
an be built and used in di�erent ways.3.2. Constru
tionA possible way of building a mipmap is re
ursively. Let Ii be the i-th level ofthe mipmap. Ii is thus an image of size n2i � m2i . With a referen
e samplingoperator 
 we 
an re
ursively 
ompute the pyramid using the rule:Ii+1 = 
(Ii; Ri): (9)However if we pro
eed this way, in some 
ases image details 
ould survivealong several mipmap levels, whi
h 
ould be annoying for some appli
ations.We propose here an alternate mipmap 
onstru
tion method whi
h uses 
ontentdependent operators but that ensures that small details will be kept only inone mipmap level.



CONTENT DEPENDENT IMAGE SAMPLING 7Let I0 be the original texture image, 
 be the referen
e sampling operator,and g be the fun
tion that 
omputes the referen
e image from a texture image.We want to build a mipmap starting from I0: (I0; I1; I2; : : :). Let Kn be a
onstant referen
e image the same size as In. Then the re
ursive pro
edure tobuild a mipmap whi
h only preserves small details during one mipmap level isde�ned by: Ismooth0 = I0; (10)Ismoothn+1 = 
(Ismoothn ;Kn); (11)In+1 = 
(Ismoothn ; g(Ismoothn ):) (12)This means that we build a parallel smooth mipmap stru
ture(Ismooth0 ; Ismooth1 ; Ismooth2 ; : : :) and that we apply a 
ontent dependent samplingoperator to 
ompute In+1 from Ismoothn .3.3. ImplementationWe have implemented the general referen
e downsampling method, as wellas the two referen
e image 
onstru
tion methods (Lapla
ian method, tophatsampling) using XLIM3D, a mathemati
al morphology library developed at theCenter of Mathemati
al Morphology.The referen
e sampling pro
edure itself is very fast. The 
omputation ofthe referen
e image may be slower, depending on the 
hosen method. Forinstan
e the Lapla
ian method is very fast, requiring only the 
omputation ofone dilation and one erosion, but the tophat method 
an take longer. It is notthe 
omputation of the tophat that takes most time, but the �ltering step: there
onstru
tion used in the hysteresis threshold, as well as the area �ltering, mayrequire many iterations. However, thanks to the algorithms used in XLIM3D,whi
h are based on hierar
hi
al queues, we 
an now use these operators in realtime. Finally, note that the 
onstru
tion of the mipmap is not as 
riti
al as itsuse during the rendering pro
ess.The resulting mipmaps have been used within MESA, an implementationof OpenGL. The resulting texture mappings preserve the details better thanthe 
lassi
al methods.4. Con
lusionA general sampling method, 
alled referen
e sampling, has been de�ned. Itgeneralizes some 
lassi
al downsampling strategies and moreover it allows the
onstru
tion of 
ontent dependent downsampling operators.Using the morphologi
al Lapla
ian and the tophat operator two 
ontentdependent downsampling operators, whi
h aim at keeping meaningful imagedetails, have been proposed.Finally, it has been explained how to build and use mipmaps based on these
ontent dependent sampling operators. Their implementation under MESAgives interesting results.A 
ertain number of questions remain. What sampling method should weuse? What values should we give to the parameters? The sampling method
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an be 
hosen a

ording to the original texture image. If it is very smooth,then the Lapla
ian method should be used. Otherwise, the tophat method ismore interesting. The parameters used by the tophat algorithm 
an also beadapted to the image: the higher their values, the less the details that will bekept.These 
hoi
es 
an be made on the spot, after analyzing the image, or besomehow in
luded with the image. For example the 
omposer of the 3D s
ene
ould 
hoose the sampling te
hnique for the textures he uses.Finally, note that MPEG-4 provides a very interesting framework for theappli
ation of these new texture mapping te
hniques: ea
h Video Obje
t 
ouldbe asso
iated to one of these sampling te
hniques.Referen
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