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We prop osea mesh comparison method using a new attribute deviation metric. The con-
sidered meshes contain geometrical and appearance attributes (material color, texture,
temp erature, etc.). The prop osed deviation metric computes local di�erences between
the attributes of two meshes. A mesh comparison assessment can be done easily and
quickly using this metric. The techniques prop osed are applicable in a number of ways,
e.g. 3D matching and registration, and the example described in the paper is the simpli-
�cation of a surface by iterativ ely reducing its complexit y according to an error metric.
The results are presented showing the successof the algorithm through comparisons
with other measures and with three di�eren t simpli�cation algorithms.
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1. In tro duction

Current computer graphic tools allow for the design and visualization of increas-
ingly realistic and precise3D models. Thesemodels are numerical representations
of both the real and imaginary worlds. Acquisition and design techniques of 3D
models (modeler, scanner,sensor,etc.) usually produce huge data sets containing
geometrical and appearanceattributes. Geometrical attributes describe the shape
and dimensionsof the object and they include data relative to a point set on the
object surface. Appearanceattributes describe object surface properties such as
colors, texture coordinates, normal vectors, etc. High quality meshesusually con-
tain a high number of verticesand facesthat causenon interactiverendering or high
storage space.In recent years results have been presented in order to reduce the
meshcomplexity either by merging/collapsing elements or by re-sampling vertices.
Mesh simpli�cation algorithms usedi�eren t error criteria to measurethe �tness of
the approximated surfaces.Usually, these algorithms do not return the measures
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of the error intro duced while simplifying the mesh.Therefore, a meshcomparison
tool would be useful to characterize meshsimpli�cation algorithms.

In this paper, we present a meshcomparisonmethod basedon a new attribute
deviation metric. This assessment allows one to compute the local di�erences be-
tweenthe attributes of two meshes.The primary advantagesof our method are:

� Generality : the method managesmeshescontaining geometric features as well
as other surfaceattributes such as material colors, texture, temperature, radia-
tion, etc. Moreover the measurements are independent of the viewpoint and the
attribute type.

� Locality : assessments are done for given points on the meshsurface.Assessment
resolution can be increasedby a surfacesampling method.

� Applications: the method is suitable for numerical models from real scenesand
for synthetic models. This mesh comparison method can be used for many
applications: mesh simpli�cation, reverse engineering (comparison between a
CAD model and a numerical model of the real object), meshsegmentation, mesh
processingalgorithm characterization, etc.

In Sec.2, we review the related work on mesh di�erence metric. In Sec.3, we
present the attribute deviation metric usedfor meshcomparison.Algorithms used
for the implementation of the proposedmeshcomparisonmethod are summarized
in Sec.4. Results on meshsimpli�cation quality are presented in Sec.5.

2. Review of Related W ork

Complex meshesare expensive to store, transmit, and render. A lower level of detail
can be obtained by simplifying the mesh (reducing the number of vertices and
faces). In most cases,the simpli�ed surface is therefore di�eren t from the original
surface. Many simpli�cation algorithms use their own error metric to guide the
simpli�cation process.Cignoni et al.1 have presented an overview of the techniques
usedto evaluate the error intro duced by the meshsimpli�cation process.

2.1. Simpli�c ation algorithms and err or metrics

Many algorithms usegeometric measurements of distance or curvature. Schroeder
et al.2 usea vertex-to-plane distanceasthe decimation criterion. Reddy3 employs a
function basedon curvature to guide the simpli�cation process.Klein et al.4 apply
an error metric based on the Hausdor� distance. Ronfard et al.5 use two energy
functions: local tessellation error and local geometric error. Gu�eziec6 utilizes a tol-
erancevolume as an error bound measure.Rossignac7 usesan error bound metric
basedon distancesto supporting planes.Lindstrom et al.8 usea volume metric.

These algorithms simplify the geometry and ignore the distortion caused to
other surfaceattributes (colors, texture, normals, etc.). Figure 1 shows the results
of an example of mesh simpli�cation algorithms. Figure 1(a) shows the original
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(a) Original mesh with
attributes (18 050 faces)

(b) Simpli�ed with attribute
management (1000 faces)

(c) Simpli�ed without
attribute management
(1000 faces)

Fig. 1. Mesh simpli�cation example. The simpli�cation algorithm used in (b) manages appear-
ance attributes, and the algorithm used in (c) does not.

mesh. The algorithm used in Fig. 1(b) managesappearanceattributes, while the
algorithm usedin Fig. 1(c) doesnot. We seeclearly in the last �gure that the mesh
aspect is highly deteriorated.

Thus, more complete algorithms are neededto managemeshattributes during
the simpli�cation process.Hoppe9 usesthree energy functions to preserve surface
geometry, scalarattributes and discontinuit y curves.Instead of using an error mea-
sure, Cohen et al.10 propose a geometric construction, called the simpli�cation
envelopes, to minimize the surfacedeviation. Garland et al.11;12 use a quadric er-
ror metric basedon the computation of vertex-to-plane distances.Hoppe13;14 has
improved the last technique for meshesfor appearanceattributes.

Toubin et al.15;16 have presented a method for analysis and simpli�cation of
numerical modelsfrom real sceneswith several appearanceattributes (temperature,
luminance, etc.). The analysis of these models is done with the quincunx wavelet
transform. This technique allows the extraction of geometric and appearancedata
which areconsideredasimportant information. Thus the original model is simpli�ed
in order to conserve thesedata. After what havebeendeveloped by Toubin, we have
looked for an error metric to assessthe conservation of the important information.
Currently there is no tool to assessthe simpli�cation error intro ducedon appearance
attributes. We have previously presented a simpli�cation quality assessment for
appearanceattribute. 17;18

2.2. Geometric err or

Cignoni's et al. \Metro tool" 19 allows the measurement of meshsimpli�cation algo-
rithm quality as a geometric error betweenthe original and the simpli�ed meshes.
This error is reported directly on the mesh, which allows the visualization of the
local error. The software also returns numerical valuessuch as the meanerror. The
quality measurement is basedon the point-to-surface distance.
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Given a point p and a surfaceS, the point-to-surface distance e(p;S) is de�ned
as:

e(p;S) = min
p02 S

d(p;p0) ; (1)

where d(p;p0) is the Euclidian distance betweentwo points in R3. The Metro tool
is commonly used.However it can only measurethe geometric error and doesnot
managemesheswith appearanceattributes.

2.3. Textur e deviation

Geometric data simpli�cation intro duces a modi�cation of texture coordinates.
Thus, the texture is applied di�eren tly on the simpli�ed meshthan on the original
one, which generatesa modi�cation of the texture aspect on the simpli�ed sur-
face. This alteration of aspect is called: texture deviation. Cohen et al.20 proposed
a measurement of this deviation to guide the simpli�cation process.

Cohen de�nes an application Fi (p) = (u; v) that allows the texture coordinates
(u; v) to be associated to the point p on the surface Si . This application allows
one to travel from geometric spaceto parametric space.The inverse application
F � 1

i (u; v) = p that givesthe point p on the surfaceSi with the texture coordinates
(u; v) is also de�ned. Given two meshesM a and M b, their respective surfacesSa

and Sb, and a point pi � Sa , the texture deviation T(pi ; Sb) betweenpi and Sb is
de�ned as:

T(pi ; Sb) = d(pi ; F � 1
b (Fa (pi ))) : (2)

The texture deviation is the distance between a given point on Sa and the point
on Sb with the same texture coordinates. The measurement of texture deviation
is suitable to guide a simpli�cation process,but results have shown that it is not
suitable for assessingthe simpli�cation quality (seeSec.5).

3. Mesh Comparison

Di�eren t shape matching methods have beenproposedin the literature. 21{ 24 The
most famousmeshcomparisonmetric is the Hausdor� distance,which givesa global
comparison between two meshes.This method is not suitable in our casebecause
we desireto highlight meshregionssensitive to the simpli�cation process.Thus, we
needto develop a local comparisonassessment.

Attributes are consideredasvectors in the Euclidian spacede�ned on all points
of the mesh.Therefore a point is represented as an array composedof n attribute
vectors(a1 ; : : : ; an ) with ai asan attribute vector. We de�ne an application f i (p) =
ai such that the attribute vector ai of attribute i is associated with the point p.
The mesh comparison method proposed in this paper is based on the di�erence
assessment betweenthe meshattributes.
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Fig. 2. Attribute deviation metric. The deviation di (p; S) is the distance of the attributes i
between a point p and a surface S. The point p0 is the nearest point to p on the surface S.

3.1. A ttribute deviation metric

Given a surfaceS and a point p 2 R3, the deviation di (p;S) betweenthe attribute
i of the point p and the surfaceS is de�ned as:

di (p;S) = kf i (p) � f i (NS (p))k ; (3)

with NS (p) = p0 the nearest point to p on the surfaceS. The attribute deviation
di (p;S) is the distance from the attribute i of the point p to the attribute i of the
nearest point to p on the surfaceS. In the caseof several points on the surfaceS
having the samedistance to the point p, the attribute deviation is the minimum
distance betweenthe attribute i of p to the attributes i of the nearestpoints to p
on S. The attribute deviation metric schemeis presented in Fig. 2.

3.2. Deviation assessment

Given two meshesM a and M b, their respective surfacesSa and Sb, and a set P of
points f pj jpj � Sa and j = 1; : : : ; mg, the deviation D i (M a jP ; M b) of the attribute
i betweenM a jP and M b is de�ned as:

D i (M a jP ; M b) = f di (pj ; Sb)jj = 1; : : : ; mg: (4)

The deviation between two meshesusesthe attribute deviation metric [Eq. (3)].
Mesh M a is called the reference mesh and it is restricted to a point set taken
on its surface. These points constitute the measurement points for the attribute
deviation metric.

3.3. Discussion

Attribute deviation assessments allow one to highlight local di�erences between
two meshes.Note that this assessment is guided by the geometricalcorrespondence
betweenthe meshes(the nearestpoint on a surfaceto a point on the other surface).
Also note that the attribute deviation assessment is not symmetric. It is computed
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from a point setde�ned on the referencemeshsurface.If the meshesareinverted, the
results may be di�eren t. In practice, the averageof both deviations D i (M a jPa ; M b)
and D i (M bjPb ; M a) is considered.The results are often di�eren t but are relatively
close.

As part of meshsimpli�cation algorithm quality assessment, the geometric de-
viation assessment is the main measurement, sincemeshsimpli�cation is essentially
geometric.The deviation assessment of the other attributes can be usedto quantify
aspect modi�cations due to the simpli�cation process.After an important simpli�-
cation (90% or more reducedfaces),we usually note the important local deviations
of appearanceattributes.

Note that Eq. (4) requires two mesheswhere one is sampled with a point set
taken on its surface.Therefore we may take points only in the regionsof interest.
The measurement points may be vertices of the referencemeshor points taken on
the mesh surface. The measurement resolution can be increasedusing a surface
sampling algorithm (for example to compute deviation inside faces).

4. Algorithm Summary

Our meshcomparisonmethod is basedon the attribute deviation metric. For each
point on the �rst surface,the nearestneighborson the secondsurfaceare found, and
deviations between them are measured.The performancesof this method depend
on algorithms implied in the di�eren t operations (nearest neighbor search, face
sampling, etc.).

For a given point, the nearest point is computed e�cien tly by evaluating the
point-to-surface distances.A regular grid of squarecellsis built, covering the bound-
ing box of both meshes.25;26 Each cell contains a list of all vertices included in the
cell aswell asall the facesintersecting the cell. This technique allows oneto quickly
�nd the nearest point on a surface for a given point. Note that the nearest point
could be a vertex or a point on an edgeor a point on a face.

We have developed a fast algorithm to samplea triangular face.This algorithm
is basedon the scanconversion algorithm. 27;28 The face sampling is performed in
3D space.In order to maintain the best accuracy, there is no 2D projection. This
algorithm allows the generationof uniformly distributed points on a triangle in 3D
space(seeFig. 3).

Given a face f = (A; B ; C), we de�ne a local reference(~u; ~v) as:

~u =
��!
AB

k
��!
AB k

� � ~v =
� !
AC

k
� !
AC k

� � ; (5)

where � is the sampling step. The reference(~u; ~v) is de�ned on the plane formed
by the face f . We generatethe horizontal scan lines parallel to ~u and the vertical
scan lines parallel to ~v. The scanline numbers are de�ned as:

nu =
k
��!
AB k
�

; nv =
k
� !
AC k
�

: (6)
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Fig. 3. Face sampling scheme.

The number of points per horizontal scanline can be determined by incremental
computation using the slope of edgeB C. With this sampling method, attributes
can be easily computed for all samplesusing the Phong interpolation.27 In order
to obtain visual results of measureddeviations on these points, a deviation image
is created for every face.Deviation valuesare coded according to a color scaleand
imagesbuilt for every face are packed in a standard, regular texture. We use the
packing algorithm proposedby Cignoni29 to build this texture.

5. Exp erimen tal Results

We have developed a mesh comparison software called MeshDev basedon the at-
tribute deviation metric presented above. This software is freely available online.a

It requires two meshesas input, and returns numerical and visual comparison re-
sults. Numerical results contain characteristics of both meshesand statistics of the
assesseddeviation, and visual results allow one to highlight high deviation regions.

Table 1 shows an example of numerical results returned by the MeshDev
software. The left box shows the mesh characteristics, the right box shows the
statistics related to the measureddeviation. More other statistical results can be
given by MeshDev software.

Table 1. Example of numerical results returned by MeshDev software.

Mesh M a Mesh M b

Vertices 46,870 2,806
Faces 93,752 5,624
Area 22,090 22,124

Deviation

Minim um 0.00013
Maxim um 0.4933

Mean 0.0398
Variance 0.00085

ahttp://meshdev.sourceforge.net
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Fig. 4. Color scale used for visual representation of measured deviation.

(a) Original mesh (b) Simpli�ed
(low deviation)

(c) Simpli�ed
(high deviation)

(d) Geometric
deviation

(e) Cohen's
deviation for (b)

(f ) Attribute
deviation for (b)

(g) Cohen's
deviation for (c)

(h) Attribute
deviation for (c)

Fig. 5. Comparison between Cohen's measurement in (e) and (g) and the attribute deviation
metric in (f ) and (h) (the considered attribute is the texture coordinate).

Visual results are constructed by coloring the referencemesh according to the
measured deviation. Figure 4 shows the color scale used: the left end is blue,
representing minimum deviation, in the center is green which represents medium
deviation, and red at the right end shows maximum deviation.

Figure 5 showsthe visual resultsof geometricand attribute deviations computed
using the MeshDevsoftware. In this �gure we comparethe attribute deviation met-
ric to Cohen's texture deviation measurement (seeSec.2.3). Figure 5(a) shows the
original mesh (3,972 faces). Figure 5(b) represents the simpli�ed mesh (69 faces)
with low texture distortion. Figure 5(c) represents the simpli�ed mesh on which
we have applied high texture distortion. Figure 5(d) shows the geometricdeviation
measuredbetweenthe original and the simpli�ed mesh.With low texture distortion,
Cohen's measurement gives the samevisual result as the geometric deviation (see
Figs. 5(d) and 5(e)). Nevertheless,both measurements cannot be numerically com-
pared. The attribute deviation metric returns only the e�ectiv e texture deviation
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(seeFigs. 5(e) and 5(f)). With high texture distortion, Cohen's measurement re-
turns deviation values in regions where there is no distortion (see Fig. 5(g)).
Attribute deviation metric gives more precise results than Cohen's measurement
(seeFig. 5(h)). If there is no texture distortion, Cohen's measurement indicates a
deviation coming from strictly geometrical distortion.

In our experiments, we usedthree simpli�cation software programs:

� QSlimb : software developed by Michael Garland based on a quadratic error
measurement.11;12

� Jadec: software developed by Italian Visual Computing Group basedon a global
error measurement.30

� ProgMeshd : software developed by Paralelo basedon the progressivemeshesfrom
HughesHoppe.9

(a) QSlim (b) Jade (c) ProgMesh

Fig. 6. Geometric deviation assessment for three di�eren t simpli�cation algorithms.

(a) QSlim (b) Jade (c) ProgMesh

Fig. 7. Attribute deviation assessment for three di�eren t simpli�cation algorithms (the consi-
dered attribute is the surface normal).

b http://graphics.cs.uiuc.edu/ � garland
chttp://v cg.iei.cnr.it/enhadecimation.h tml
d http://www.paralelo.com.br
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Fig. 8. Comparison between three mesh simpli�cation algorithms.



August 13, 2003 9:21 WSPC/164-IJIG 00132

Mesh Comparison Using Attribute Deviation Metric 11

Figures 6 and 7 show the visual results obtained with MeshDev software on
a mesh simpli�ed by these three simpli�cation software programs. The deviation
representation is normalized for each mesh,so the visual comparisonsare not pos-
sible. We have chosenthe normalized representation of deviations to highlight all
measuredvalues for each simpli�cation algorithm. Figure 6 shows results of the
geometricdeviation and Fig. 7 shows the results of the attribute deviation in which
the attribute considered is the surface normal (vertex normals are estimated by
simply averaging facenormals in the vertex neighborhood). QSlim generatesa low
deviation on the entire mesh but we �nd that there are some regions with high
deviation (seeFigs. 6(a) and 7(a)). Jade generatesmedium deviation on the entire
mesh (see Figs. 6(b) and 7(b)). This algorithm simpli�es the mesh by bounding
the global error, while ProgMeshgenerateslow and medium deviation on the entire
mesh(seeFigs. 6(c) and 7(c)).

Figure 8 represents the graphsof numerical results obtained from the simpli�ed
forms of the previous mesh.Simpli�ed meshesare madeusing the three above cited
software packages.Figure 8(a) shows the mean geometric deviation. Figure 8(b)
shows the mean attribute deviation where the consideredattribute is the normal.
Thesegraphs con�rm the remarks made above. QSlim software obtained the low-
est mean deviation in all cases.This software perfectly managesthe appearance
attributes during the simpli�cation processand generateslow deviation.

6. Conclusion and Future W ork

Wehavepresented the attribute deviation metric for approximating local di�erences
between two meshes.This metric was used to build a mesh comparison program.
The local measurement allows one to precisely view regions with high deviations.
This is a great advantagecomparedto other methods that return global comparison.
Geometric deviation is useful to assessshape di�erences. The deviation assessment
of other attributes is e�cien t in assessingappearancemodi�cations.

Since the attributes are considered as vectors in the Euclidian space, mea-
surements in the real attribute space (such as RGB space for colors) would be
more appropriate. Other metrics can be added to the attribute deviation metric
(e.g. tesselationquality) in order to get a more generalmeshcomparisontool.
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