
Image-Driven Simplification and Optimization of 
Polygonal Models 

Peter Lindstrom 
Georgia Institute of Technology 

Abstract 

Model simplification is often used in computer graphics to reduce the complexity of large 

polygonal models. For many graphics applications, the goal of this process is to produce a coarser 

model that is visually similar to the original, allowing the complex original model to be replaced 

with little or no loss in perceived quality. Existing simplification techniques, however, rely on 

geometry-based heuristics as an indirect indicator of visual similarity. We propose a novel image-

drive11 simp/ificatio11 method that uses rendered images of a model and an image metric as a means 

of measuring visual similarity. Using this approach, changes in appearance due to shape, normals, 

color, texture, and visibility can be accounted for in a more direct manner, resulting in simplified 

models of high visual quality. 

Like most contemporary simplification methods, our method relies on edge collapse to coarsen 

the model. A sequence of such operations is performed in a greedy order, as determined by the 

image metric, such that the collapsed edge is the one that has the smallest visual impact on the 

image difference. For efficiency, the vertices introduced during simplification are positioned using 

geometric heuristics. This greedy, heuristical approach is not guaranteed to lead to the best possi

ble model, however. In order to achieve maximum visual quality, the geometry and connectivity of 

the simplified model must be chosen so that each ve11ex and its neighbors are in an optimal con-

figuration with respect to each other. We propose an image-driven mesh optimizatio11 technique 

that strives to achieve this goal, and which improves the visual quality of an already simplified 

mesh of fixed complexity. This method performs continuous optimization of vertex positions and 

surface attributes, while making local discrete connectivity changes to the mesh where appropriate. 

We show that this global optimization method consistently results in an improvement in the visual 

quality of simplified models, regardless of the simplification method used to construct them. 



1 INTRODUCTION 

Polygonal meshes are the most common surface representation for three-dimensional objects, and are 

used in a wide variety of graphics applications. Such data sets are becoming increasingly easy to ac

quire and synthesize at high resolutions, in part due to improvements in accuracy and lowered costs of 

scanning equipment, as well as increases in speed and storage capacity of computers, allowing com

puter simulations that involve very large data sets to be performed more efficiently. These techniques 

often result in polygonal models that are too complex to display and interact with in real-time, and 

although the performance of graphics hardware is increasing rapidly, the complexity of 3D models 

appears to be growing even faster. Therefore, automated techniques such as model simplification are 

needed for approximating such large data sets using a smaller number of polygons with little loss in 

quality. 

By far the most common use of simplification is to produce a model that is visually similar to the 

original, yet existing simplification methods rely on geometric closeness as an indirect indicator of 

visual quality. The geometric shape of a model is unquestionably integral to its appearance, but it is 

by no means the only contributing factor. Color and texture, for example, can dramatically influence 

the appearance. Other techniques often used with polygonal meshes, such as bump, normal, and 

environment mapping, often add a great degree of realism to a model. The choice of rendering style, 

such as whether flat, Gouraud, or Phong interpolation is used to shade the model, as well as material 

properties, such as translucency, specularity, and emitted light, also define how the surface of the 

model reflects and transmits light. There are also other geometric considerations beyond the deviation 

between the two surfaces, such as whether a part of the model is likely to be on a silhouette, or whether 

it is even visible at all. In addition, geometric artifacts such as mesh folds and interpenetrations can be 

visually distracting, but are difficult to detect robustly and efficiently using geometry-based metrics. 

While some previous simplification methods incorporate basic support for preserving properties 

such as color and texture coordinates using separate metrics for color and parametric error, it is very 

difficult to design a single metric based on a set of such heuristics that robustly accounts for the com-
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plex interactions between geometry, color, shading, etc. Such heuristics alone cannot reliably be used, 

for example, to determine whether a one percent error in position has a greater impact on appearance 

than a one percent error in the texture parameterization, or whether these two errors multiply or even 

offset each other. Instead, to accurately measure the visual similarity between an original model and a 

simplified version, different inputs to the metric are needed. In this report, we describe how rendered 

images of objects and image metrics can be used to measure their visual similarity. Based on this 

framework, we describe algorithms that use image metrics to guide simplification and optimization of 

polygonal models. 

The most common approach to model simplification is to perform a sequence of local operations that 

reduce the complexity of the model. Nearly all simplification methods employ a greedy strategy for se

lecting these operations-the operation that is performed next is the one that will change the model the 

least according to some quality measure. Indeed, this is the basis for the image-driven simplification 

method described in this report, which uses the popular edge collapse operator to coarsen the model. 

Such greedy approaches greatly limit the space of models that can be reached, however, and often 

result in simplified meshes that can be substantially improved by further changes to the connectivity, 

vertex positions, and surface attributes such as texture coordinates of the model. To address this issue, 

we propose a global optimization method that improves the visual quality of an already simplified 

model. Like our image-driven simplification method, this optimization technique uses an image met

ric to determine visual similarity. However, whereas our simplification method uses geometry-based 

heuristics for placing new vertices, our optimization method makes repeated small changes to both 

connectivity and geometry until the image difference between the two models is reduced. This report 

describes both of these image-driven methods-originally published in [l, 2]-in detail. 

It is worthwhile to consider what applications might benefit from an image-based measure of visual 

similarity. A few applications, such as CAD/CAM, collision detection, and mesh signal processing, 

are likely to require a close geometric match to the original model. Visual similarity may be entirely 

inconsequential for such applications. More common, however, are applications that require the two 

models to appear similar, including vehicle simulations, architectural walk-throughs, virtual reality, 

3 



acceleration of off-line rendering, video games, movie special effects, and web-based e-commerce 

applications that make use of 3D graphics. For this set of applications, visual similarity is imperative, 

and an image-driven simplification method is appropriate. 

In the following sections, we will first review previous work in mesh simplification and optimiza

tion. In Section 4, we develop a framework for comparing the visual similarity between polygonal 

models using images. A more efficient approach to this comparison, which is essential for driving our 

algorithms, is described in Section 5. We then describe the image-driven simplification and optimiza

tion methods in Sections 6 and 7, respectively. The report is concluded in Section 8 with a summary 

of the algorithms and suggestions for future work. 
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2 PREVIOUS WORK 

In this section, we review related work in simplification and optimization of meshes, and also discuss 

image metrics for computer graphics. Mesh simplification and optimization are closely related, and we 

will not emphasize the differences between the two. Instead, we will first discuss methods specifically 

designed for approximating polygonal meshes, and then describe methods that involve optimization of 

meshes and other surfaces in a more general sense. 

2.1 Simplification 

A common theme in simplification is the use of either an explicit or an implied geometric distance 

measure between the original and the simplified model to guide the simplification process. We will 

highlight these distance measures in our overview of previous work. Because of the large number of 

published articles on simplification, our review will necessarily be incomplete. 

Several simplification approaches rely on successive vertex removal and local re-triangulation to 

create models with fewer geometric primitives. Schroeder and co-workers use such a vertex removal 

method that is guided by how far a given vertex is to a plane that is fit to neighboring points of the can

didate vertex [3]. This approach has more recently been augmented to allow changes to the topology 

of the surface [4]. Ciampalini and co-workers enhanced the decimation approach by maintaining two 

estimates of the global e1rnrs introduced by removing vertices [5]. They further improved the method 

by allowing edge swaps during simplification to better match the original surface. To guarantee a given 

distance tolerance £between the original and simplified model, Cohen and co-workers build an inter

nal and an external envelope around the given model that avoids self-intersection and that is no further 

than£ from the original surface [6]. Each vertex is tested by attempting to remove it and re-triangulate 

the hole in such a manner that the resulting surface does not intersect either envelope. Rather than 

removing one vertex at a time, Rossignac and Bon-el cluster all the vertices of a model into the cells 

of a grid of cubes and then replace all of the vertices that fall into a cell by a single representative 

vertex [7]. In this manner, they too are able to maintain an upper bound £ on the Hausdorff distance 
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between the two models, where E is the length of the diagonal of a cell. More recently, Lindstrom [8] 

proposed an extension to Rossignac and Borrel's method for performing out-of-core simplification of 

arbitrarily large models in a single pass. 

Another local operation used for simplification is edge collapse: two vertices that share an edge are 

removed and replaced by a single vertex. Hoppe and co-workers use edge collapse, edge swap, and 

edge split operations to simplify and optimize models [9]. These operations are guided by an energy 

function that measures the distance from the cmTent simplified model to a set of points in 3D that 

sample the original model. By including a term for mesh complexity in the energy function, the goal 

of their method is to find the model that is an optimal trade-off between distance and mesh complexity. 

Their approach to optimization is to select an edge at random, perform one of the three edge operations 

at random, and then solve a linear least squares problem using the conjugate gradient method to change 

the vertex positions in the neighborhood of the edge in order to improve the fit to the original model. 

A random change is accepted if it reduces the energy term. Our image-driven optimization method 

was inspired by their work, but as we shall see differs in many respects, particularly in the choice of 

error metric. In more recent work, Hoppe relies entirely on edge collapse operations [IO]. This work 

is notable in that it is one of the earliest attempts to preserve surface color as well as geometry. This 

is accomplished by including a term for color in the energy function, as well as terms for preserving 

sharp features and material boundaries. 

Ronfard and Rossignac, too, use successive edge collapse operations that are guided by a distance 

measure. Each vertex of the original model has associated with it a list of the planes of the adjacent 

faces to the vertex [l l]. The position of the new vertex from a potential edge collapse is chosen to be 

one of the two original vertices of that edge. The cost of performing the edge collapse is determined 

by the maximum distance to the set of planes associated with the edge's vertices, and a priority queue 

is used to order the edge collapse operations. The vertex associated with an edge collapse acquires the 

lists of planes from both vertices of the edge. Inspired by this technique, Garland and Heckbert convert 

a set of implicit plane equations into a symmetric 4 by 4 matrix that allows the rapid computation of 

the sum of the square of the distances between a given point and the planes [ 12]. They use this new 
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distance measure to guide a series of vertex pair contractions, a generalization of edge collapse that 

allows topological changes to a model. Kobbelt et al. use edge collapse for their simplification method 

that is guided by a weighted measure of the Hausdorff distance, the local distortion, and the local 

curvature [13]. 

Most of the simplification methods that have been published produce static models from an off-line 

simplification algorithm. A few researchers have built a sequence of progressively simplified meshes 

and have then used a run-time algorithm to selectively refine the model based on the observer's view

point. Xia and Varshney demonstrated such a run-time system that selected the triangles to display 

based on their screen-space area, whether they were on the silhouette, and if there was a specular 

highlight nearby [14]. More recently, El-Sana and Varshney have enhanced this work using a view

dependence tree to help avoid foldover and for better memory utilization [15]. Hoppe perfo1med a 

careful analysis of edge-collapse dependencies to create a view-dependent algorithm for displaying 

surfaces [16]. His approach exploits frame coherence and moves vertex positions over several frames 

to eliminate popping artifacts. Luebke and Erikson perform view-dependent simplification based on a 

hierarchical data structure that can be built off-line using vertex clustering, simplification envelopes, 

or progressive meshes [17]. Gu et al. use an off-line construction process to create a number of sil

houettes, one of which is selected at run-time to clip the silhouette of a simplified, texture-mapped 

model in order to avoid noticeable faceting [18]. All of the above view-dependent methods use ge

ometric distance measures to perform their off-line simplification preprocessing. In particular, the 

preprocessing is typically done in a view-independent manner, and it is the responsibility of the run

time system to construct a view-dependent model by choosing from a set of predefined simplification 

moves (e.g. edge collapse, vertex removal, etc.) which, if not constructed carefully, are not likely to 

optimally preserve model appearance. Because our image-driven simplification method accounts for 

model appearance during the off-line preprocessing stage, we believe that the progressive meshes it 

produces could be used more effectively in a view-dependent run-time system than those obtained via 

geometry-driven methods. 

Recently there have been a few published methods that take into account surface properties during 
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the simplification process. Garland and Heckbert have augmented their error metric to include terms 

for surface properties such as texture coordinates and color [19). Hoppe recently improved upon their 

work by proposing an alternative, more compact quadric error metric for measuring differences in ge

ometry and surface attributes, and found that the use of "memoryless" edge collapses, introduced by 

Lindstrom and Turk [20], further improved model quality [21). Erikson and Manocha use point clouds 

in color space and texture coordinate space to choose new material properties after performing a ver

tex pair contraction [22]. Cohen and co-workers describe an edge collapse algorithm that maintains a 

mapping between the original and simplified surface [23). This allows them to maintain error bounds 

for texture coordinates. Their technique was later extended to emphasize appearance preservation by 

parameterizing the surface and encapsulating surface attributes and fine details in normal and texture 

maps [24). While motivated by the same goal, their approach is quite different from ours in that they 

rely on converting the model to an alternate representation. In order to display such an augmented 

model, specialized hardware or software algorithms are needed. For textured models, previous sim

plification methods concern themselves only with the coordinates of the texture parameterization. In 

contrast to this, our own method of simplifying models with texture is sensitive to the color variations 

within the texture. 

2.2 Optimization 

As mentioned in the section above, our image-driven optimization method is most closely related to 

the work by Hoppe et al. [9]. Because of their similarities, we will make further comparisons with 

their method in Section 7. In this section, we review related work in mesh and surface optimization. 

For a more general overview of generic optimization methods, see [25). 

There are a number of related techniques for optimizing meshes in areas other than simplification. 

Hoppe et al. extended their mesh optimization scheme to subdivision surfaces [26]. This technique 

was used to fit a smooth Loop surface [27) to a dense set of points produced by range scanning. A 

different approach was taken by Halstead et al. [28) to solve essentially the same problem for interpo

lating Catmull-Clark subdivision surfaces [29). In their case, however, the number of control points 
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is assumed to be small enough that exact interpolation is possible, and they provide a closed form 

solution to the problem. Given this insurance, any additional degrees of freedom are used to minimize 

the membrane and thin-plate energies of the surface-terms that govern its smoothness. This notion 

of measuring and controlling smoothness is important in surface fairing, for which membrane and 

thin-plate energy are two important fairing functionals that measure the "wiggliness" of the surface. In 

mathematics, the study of variational calculus is devoted to finding solutions to surfaces that globally 

minimize such functionals. Being another example of surface optimization, these techniques, which 

generally yield closed form solutions, have been used to construct maximally smooth continuous sur

faces [30-32) and approximating meshes (33). 

Similar to the simplification algorithm by Turk [34), Witkin and Heckbert [35) simulate repulsion 

forces between "floater" particles that sample an implicit surface. While their goal is to cover the 

implicit surface with a good distribution of particles rather than constructing an optimal mesh, the 

optimization procedure they use, which includes combinatorial optimization via fusion and fission 

of particles and relaxation of particle positions, could easily be generalized to meshes. Indeed, the 

surface modeling technique in [36) also uses repulsion to move the vertices in a triangle mesh. The 

connectivity in this algorithm is implicitly defined by producing a constrained Delaunay triangulation, 

which leads to well-shaped triangles. For fusion and fission of vertices, they use edge collapse and 

edge split, respectively. Markosian et al. [37) use coarse geometry to build a "skeleton," around which 

they evolve a smooth subdivision surface that they call the "skin." Their technique allows particles to 

be positioned by the user to guide the evolution, and the geometry and connectivity of the base mesh 

for the subdivision surface are then optimized. 

Blanz and Vetter [38) have recently proposed an algorithm for morphing human faces. In some 

respects, one of the goals in their work parallels ours. They address the problem of synthesizing a 

novel 3D face, using a database of a few hundred range scanned faces, that matches the face of a 

person in a 2D photograph. This is accomplished by first parameterizing the geometry and texture 

of the faces in the database using principal component analysis, which then allows novel faces to 

be constructed using linear combinations in this parameter space, effectively providing the means of 
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combining different characteristics of human heads. In addition to these parameters, variables for 

camera position and orientation, lighting conditions, and photometric properties must be estimated 

and optimized over. For a given set of these parameters, an image of the resulting face is rendered and 

compared against the image from the photograph using the pixel-wise root mean square error. To find 

the optimal match, a stochastic gradient descent technique is used that periodically selects a random 

subset of parameters to optimize over. 

Even though the goal in [38] is very similar to ours, i.e. altering the geometry and texture of an 

object to match a given set of images, the two parameter spaces and types of models considered are 

entirely different, making it very difficult to compare the strategies employed in the two methods. 

2.3 Image Metrics 

Because both of our methods for simplification and optimization rely on image metrics for measuring 

visual similarity, we here briefly discuss related work in this area. This discussion is not intended to be 

a complete survey of existing metrics, but should provide the interested reader with enough pointers 

to relevant publications in this area. 

Because many applications require a high degree of perceived similarity, there has been much work 

recently to apply knowledge about human vision from the psychology and computer vision literature. 

We distinguish between such perceptually-based metrics and physically-based metrics. In this latter 

category, probably the most well-known metric for comparing images is the Lp pixel-wise norm, and 

in particular the d2 root mean square e1rnr. More elaborate, although not necessarily perceptually

based, metrics can be built based on filtered versions of images. Example filters include the Fourier 

transform [39], wavelet transforms (40], the Laplacian pyramid (41], and steerable pyramids (42], with 

applications described in [40, 43-45]. Steerable pyramids are useful for decomposing an image into 

different alias-free frequency bands at varying orientations. Because the human visual system performs 

a similar transform (46], this decomposition has been put to use in several perceptual metrics, including 

the well-known Sarnoff Model [47]. A simpler version of the Sarnoff Model is described by Bolin and 

Meyer [48], who use Haar wavelets instead of steerable pyramids to improve the efficiency of the 
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metric. One of the competing approaches to the Sarnoff Model is the Visible Differences Predictor, 

proposed by Daly (49], which differs most notably from (47] by operating in the frequency domain 

rather than in the spatial domain. Ramasubramanian et al. [50] describe a metric that allows many of 

the computations to be performed efficiently in the physical domain instead of transforming each image 

into the "perceptual domain," making the metric suitable for measuring small, incremental changes to 

the images. For further work on perceptual metrics and computational models of vision, we refer the 

reader to [39,51-55]. 
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3 NOTATION 

In order to most effectively communicate the ideas presented in subsequent sections, we will make 

frequent use of mathematical notation and terminology. In this section, we briefly cover some of the 

most common symbols and terms used in this report. 

An n-simplex is a topological entity defined by n + 1 vertices, e.g. a 0-simplex is a vertex, a !

simplex is an edge, a 2-simplex is a triangle, etc. The/aces of an n-simplex are the (n - 1)-simplices 

that bound it, e.g. the edges of a triangle are its faces, while the faces of an edge are its two vertices. 

The faces of a simplex s will be denoted by Ls J. Conversely, rs l denotes the set of simplices that s is 

a face of. These operators generalize to sets of simplices in the obvious way, e.g. f Sl = LJ f s 1- See 
sES 

Figure I for graphical illustrations of these operators. 

Most simplification methods make use of local connectivity operations to reduce the complexity of 

the mesh (see Figure 2). One such operation is edge collapse, which contracts an edge e = ( v1, v2 ) 

into a single vertex v. For the general edge collapse operation, the position of v can be chosen freely, 

and is not limited to one of the two endpoints of the edge. 

( 
e 

( 

fTl.eJll Llf e lJJ f1f e 1J1 

Figure I: The simplex operators Ls J and rs i. 
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Figure 2: Local connectivity operations on an edge e = (v1, v2). 

In Section 7, we will make use of two additional connectivity operations: edge swap and edge 

split (Figure 2). The edge swap operation is applicable to manifold edges, and can be used to make 

connectivity changes to a mesh without removing or adding vertices. In the edge split operation, a 

vertex is inserted at the midpoint of the edge, thereby bisecting it and its incident triangles. 
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4 OFF-LINE EVALUATION OF MODEL QUALITY 

In the following two sections, we lay the groundwork for using image metrics to evaluate the visual 

quality of a simplified model. We first describe how to perform the off-line quality evaluation, and later 

present specialized data structures and algorithms for quickly evaluating the image metric and updating 

the images after a local change to the mesh, such as en edge collapse, has been made. The term "run

time evaluation" will be used to refer to computing the metric during simplification or optimization. 

These applications demand continuous evaluation of the metric, possibly over a long period of time. 

This use of "run-time" should not be confused with evaluating a metric to manage and display level of 

detail representations in interactive graphics systems. 

An image metric is a function over pairs of images that gives a non-negative measure of the distance 

between the two images. Roughly speaking, the larger the distance, the more dissimilar the images 

appear, while a zero difference implies that the two images are identical. Such a function has to satisfy 

a list of properties to formally constitute a metric, although we here relax these requirements by leaving 

the tria11g/e i11eq11a/ity property out, since it is of little practical value for our purposes. 

While several image metrics have been proposed in the literature, some which are quite elaborate, we 

have for simplicity chosen to use a less complex metric in this section when describing the procedure 

for the quality evaluation. Without loss of generality, we use the pixel-wise mean square error (MSE) 

metric d~. This metric was chosen in part because of its efficiency and high locality. As it turns 

out, it also happens to be reasonably well suited for simplification and optimization, and most of 

the results presented in later chapters were produced using the MSE metric. Note, however, that the 

framework presented here is general enough that any image metric can be used, albeit at potentially 

lower computational efficiency. 

Even though many colored models have separate red, green, and blue components, the metrics 

discussed here all use a single luminance channel Y for each image as input, and measure only dif

ferences in luminance. This has worked well for all test models we have used. Of course, there is 

nothing inherent in this approach that precludes taking differences in hue into account, yet such a 
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metric would require additional storage and computation, and would add little other than the ability to 

distinguish variations in color between equiluminant regions-a feature that we have not found to be of 

any greater significance. To compute Y, the standardized coefficients from Recommendation 709 (56] 

(which pertains to contemporary monitors) are used to weight the RGB channels: 

Y = 0.2126R + 0. 7152G + 0.07228 

Based on this, we define the mean square difference d~ between two luminance images Y and Y' of 

dimensions m x n pixels as 

d~(Y, Y') = -
1-f t (Y;; - Y:;) 2 

mn j=l i=l 

(1) 

We now cover the general procedure for comparing models. 

4.1 Comparing Models using Multiple Views 

We cannot hope to capture the entire appearance of an object in a single image. Ideally, we wish to 

capture the set of all radiance samples that emanate from the su1face of an object under all possible 

lighting conditions. This is obviously not possible in practice. To capture a large collection of radiance 

samples of the object, we render images from a number of different camera positions around the object 

(Figure 3), and the image metric is applied to this entire set of images. These per image differences 

must then be combined into a single measure of error. The image metric itself will often suggest how 

to do this, e.g. for~ it is natural to sum the differences over all pixels in all images. Fmmally, given 

two sets of l images Y = {Yk} and Y' = {YD of dimensions m x n pixels, the mean square difference 

between two sets of images is computed as 

(2) 

The root mean square error (RMSE) d2, which will be used for quality evaluation in later sections, is 

defined similarly by taking the square root of the result. For more complex image metrics, such as the 

ones described in [39, 47-50, 52, 57], the mean or max norm can be used to consolidate the individual 

image differences. 
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/ 
Figure 3: Example of 12 camera views suJTounding an object. The viewpoints and view orientations 
are distributed uniformly. 

4.1.1 Rendering Parameters 

There are a number of choices that need to be made to produce the images used in the quality eval-

uation, including image dimensions and camera settings for each image, the choice of background to 

render the objects on, light source information, and shading parameters. For most of these parameters, 

there is no obvious best choice. While seemingly discouraging at first, this may instead be desirable 

as it gives the user freedom to choose an environment that is suitable for the application. Note that 

geometry-based metrics would not have an option to incorporate such parameters. In either case, it is 

not exceedingly difficult to come up with a set of reasonably neutral choices for these variables if so 

desired. 

In this section, we discuss the rendering parameters used in our implementation. Most of these were 

chosen with the goal of capturing a large amount of information about the models, while simultane

ously selecting a set of parameters that are representative of actual graphics applications. 

Camera and Image Parameters While the number of views required and the "optimal" place-

ment of viewpoints vary between objects, we have chosen to limit ourselves to a fixed set of viewpoints, 
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and require that they are distributed (roughly) uniformly in direction. For the many models we have 

used, a fixed set of camera positions has proven adequate, even for the less uniformly shaped objects, 

although it is possible that these viewpoints do not yield optimal or even total coverage of more com

plex surfaces. This issue has been addressed, for example, in surface reconstruction to ensure total 

coverage of a model using a minimum number of overlapping range scans (58]. Other promising 

methods are also currently being developed to address this optimization problem (59]. 

To ensure even coverage of image samples, the viewpoints are arranged so as to approximate a 

sphere of camera positions su1rnunding an object, and the viewpoints are chosen to be (near) equidis-

tant from each other. In practice, only five possible configurations-the vertices of the Platonic 

solids-exist for which the viewpoints are uniformly distributed. Other reasonable configurations 

can be obtained using subdivision of these polyhedra, or by using the vertices of the semiregular 

Archimedean solids. For off-line quality evaluation of a model, we use the 24 vertices of the small 

rlwmbicuboctahedron (Figure 4). For simplification and optimization, we use fewer viewpoints to 

make the metric more efficient to evaluate, and we have experimented with the 4, 6, 8, 12, and 20 

viewpoints associated with the Platonic solids. For the majority of results presented here, 20 view

points from the vertices of a regular dodecahedron were used during simplification. Another reason 

to use different camera positions for these two cases is to avoid too much bias towards models that 

were created using an image-driven method when comparing the results of different simplification 

methods. Also to avoid bias, we use Pixar's PhotoRealistic RenderMan [60] to produce high-quality 

512 x 512 images for off-line quality evaluation, while fast scan conversion without anti-aliasing is 

used to generate 256 x 256 images for run-time evaluation. 

In order to ensure that the model is entirely contained in each image, the minimum bounding sphere 

of its vertices is first computed. This sphere can be computed quickly in expected linear time using the 

algorithm in [61]. Assuming the images are square and that perspective projection is used, the radius r 

of the bounding sphere and a user-specified field of view cp are used to determine the shortest distance 

r' from which the object is guaranteed to be seen in each image, i.e. 

r' 
r 

sin !e 
2 
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Figure 4: The small rhombicuboctahedron. The 24 vertices of this uniform polyhedron are used as the 
viewpoints surrounding an object in the off-line quality evaluation. See also Figure 5. 

For a 60° field of view-the default setting-we haver' = 2r. The camera positions are then con-

strained to lie on this larger sphere with radius r'. 

There is no compelling reason to use perspective projection; an orthographic projection would work 

equally well, and may additionally reveal a larger part of the surface in each view. Since perspective 

projection is a more popular choice for graphics, however, it has the potential to produce images that 

better represent actual scenes in which the two objects are used. 

Given a set of fixed camera positions, the camera at each viewpoint is directed towards the center 

of the bounding sphere, and the camera up-vectors are varied roughly uniformly to avoid any bias in 

orientation. To avoid registration errors, the same set of viewpoints is used for both of the two objects 

being compared, with one object acting as the reference mesh from which the bounding sphere is 

computed. 1 

Scene Background Without any specific information about the environment in which the models 

will appear, a solid gray (50% intensity) background is used. Even though it is possible for parts of 

the surface silhouette to blend with the background, leading to an apparent loss in visual importance, 

it is highly unlikely that the same surface patch would be "camouflaged" in several views. In addition, 

silhouettes often approach tangency to the view direction, leading to a sharp intensity gradient and 

causing the silhouettes to appear dark, as relatively little light is reflected back to the viewer. Based on 

this observation, it may be possible to choose different background intensities and patterns to either 

1While this approach does not guarantee that parts of the simplified mesh do not extend outside the images, such 
geometric differences will not likely go unnoticed in all views, and we have not observed this to be a problem. 
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emphasize or downweight the importance of silhouettes. 

Lighting Rather than using a single configuration of light sources that are fixed in relation to the 

object, we have chosen to use one light source per view that is slightly offset from the viewpoint. 

Consequently, the front of the model (as seen from each viewpoint) is always illuminated. This is 

done to maximize contrast and bring out as much detail in the model as possible in each view. 

Shading Unless otherwise specified, flat (per triangle) shading is used, in part because it avoids 

construction of inherently ill-defined vertex normals, and also because the most common alternative, 

Gouraud shading, often results in meshes of poor visual quality at very low polygon counts. The loss 

in detail incurred by Gouraud shading2 and its tendency to smear dark shading samples, resulting from 

normals facing away from the light source, across the surface near silhouettes makes it less useful 

for coarse models. If no material properties accompany the models, a default white (100% intensity) 

color is used with a nearly Lambe1tian surface (a mostly diffuse surface with small ambient reflectance 

and no specular reflectance). Without the benefit of (per pixel) Phong shading, specular materials and 

flat shading of large facets do not mix well, as very small changes in geometry can lead to dramatic 

differences in reflected light. 

Using the default parameters discussed here, Figure 5 shows a uniform distribution of views of the 

Stanford bunny model. 

4.1.2 Comparison to Light Fields 

The rendering community has recently devoted attention to the idea of capturing a large portion of 

the light field or plenoptic function of a given scene. A light field is a 5D function that represents the 

radiance at a given 3D point in a given direction. Several groups of researchers have used sampled 

representations of a light field for image-based rendering [62-66]. Recognizing that in free space the 

radiance does not change along a ray, the dimension of the light field around an object can be reduced to 

2This is due to the fact that in an average mesh there are twice as many triangles as there are vertices, and consequently 
twice as many shading samples in flat shading. 
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Figure 5: The twenty-four different views of an object used during off-line quality evaluation. The 
viewpoint distribution corresponds to the vertices of the small rhombicuboctahedron. 
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4D. One such representation of the light field, used in [63,64], is a collection of images taken from a 2D 

array of camera positions on a flat surface. The sphere of camera positions that we use for comparing 

models is also a 4D representation of the radiance of an object. Two of the dimensions are from the 

pixel position in an image; the other two are from the camera position on the sphere surrounding the 

object, similar to the parameterizations used in [62]. At the limit, an infinitely dense set of camera 

positions on the sphere and infinite image resolution would give a complete representation of the free

space light field for an object. This assumes that the camera viewing direction and the field of view are 

set so that no part of the model lies outside the image, as is the case for the images used in our model 

comparison framework. 

One difference between our approach and most image-based rendering (IBR) techniques based on 

light fields is the lighting of the object. Most IBR methods assume fixed lighting for a given object or 

scene, whereas we have chosen to position the light differently for each camera position, fixed to the 

viewer, in order to bring out a large amount of detail in each image. The space of radiance samples 

under all possible lighting conditions is an infinite dimensional space, therefore compromises must be 

made in order to sample this space using finite computational resources and memory. 
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5 RUN-TIME EVALUATION OF MODEL QUALITY 

The image comparison framework discussed in the previous section is a very natural approach to 

measuring the visual quality of simplified models. We are not only interested in evaluating the results 

of different simplification algorithms, however, but would also prefer to put image metrics to use 

directly in simplification and optimization methods. For example, we would like to use an image 

metric to measure the visual impact of collapsing an edge, and use this error measure to order the 

sequence of edge collapses. The method in Section 4, as stated, is unfortunately far too inefficient to 

be of practical use in such applications. In the most naive approach, the cost of collapsing an edge 

would have to be evaluated by attempting the collapse, rendering the resulting mesh from scratch from 

several viewpoints, and then evaluating the image metric over all pixels in these images. Even using 

high-end graphics hardware to render the images and using the fast MSE image metric to compare 

them, it may take as much as a second per edge cost evaluation to clear the frame buffer, render the 

views, read back the pixels, and evaluate the metric. Clearly, such a method would be prohibitively 

slow. 

A key observation will allow us to greatly improve the running time of these proposed methods: 

the operations needed to perf01m simplification and optimization are local in nature--each operation 

affects only a very small portion of the mesh. For simplification, the edge collapse operator moves 

only a few ttiangles. Similarly, the optimization method described in Section 7 improves the mesh by 

using local connectivity operations and making small perturbations to just a handful of nearby vertices. 

Consequently, these operations exhibit high spatial locality and "temporal" coherence in the sense that 

consecutive meshes are nearly identical. We can take advantage of this fact in the following two ways. 

First, assuming that we have already produced images of the model before the operation is made, 

updating these images requires only rerendering a small part of the mesh. Second, since only a fraction 

of pixels are affected by the operation, the image difference can be evaluated more efficiently knowing 

that the remaining pixels will not change. In this section, we describe how to perform these two 

steps-quickly updating the images and evaluating the image metric incrementally-using efficient 
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data structures and algorithms. In Section 5.2.1, we discuss a method for updating images based on 

hardware graphics acceleration. First, we will briefly revisit the image comparison method that is 

the basis for the error metric used in our image-driven simplification and optimization methods. By 

making a few modifications, we show how this metric can be evaluated more efficiently. 

5.1 Fast Evaluation of Metric 

Our image-driven simplification and optimization algorithms both make use of local operations to 

change the mesh. These operations, whether they involve changes to the connectivity or the geometry, 

can be described in terms of replacing a set of triangles T with another set T'. (These sets may be 

topologically equivalent, but their geometric extents may differ whenever their supporting vertices are 

moved.) As an example, consider collapsing an edge e to a vertex ii. For this operation, T = ff leJll 
is replaced by T' = ffvll, while the remaining triangles in the mesh are unaffected. In this section, 

we consider the general case of substituting a set of triangles, regardless of whether the operation is 

for simplification or optimization. We will refer to such an operation as a move. Later, in Section 7, 

we will distinguish between connectivity moves, e.g. edge collapse, swap, and split, and geometry 

moves, e.g. changing the position of a vertex. In both simplification and optimization, we need to 

consider the original or target model M that we wish to replicate, the current model M to which the 

triangles T belong, and the model M' obtained by replacing T with T'. For each of these models, we 

have associated sets of images Y. Y. and Y'. 

Similar to the memoryless metric [20,67] for simplification, our image-based error metric is defined 

as a relative quantity. That is, the cost t:i.d associated with a move is defined to be the change in image 

difference: 

t:i.d(Y,Y',Y) = d(Y',Y)- d(Y,Y) (3) 

In simplification, t:i.d is typically positive, although occasional negative t:i.d are possible whenever an 

edge collapse improves the mesh quality, such as when straightening out a visually distracting fold in 

the mesh. For optimization, we are generally interested only in moves that reduce the total error, i.e. 

t:i.d < 0. 
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Given the general definition for 6.d from Equation 3, we now narrow our focus by considering a 

specific metric: the mean square error d~. We have purposely chosen this simple metric because it 

makes the discussion below easy to follow, but it should be relatively straightforward to extend these 

principles to more complex metrics. We can define the incremental mean square error as 

(4) 

Note that any pixel satisfying Yiik = y;ik makes no contribution to 6.d~. In fact, this holds for the 

majority of pixels due to the spatial locality of the moves-the only pixels that can differ between the 

images Y and Y' are the ones covered by the ttiangles TUT'. By computing a screen space axis

aligned bounding box Rk = h x Jk for each view k around these triangles, we obtain a conservative 

estimate of the affected pixels. Visiting only this smaller set of pixels results in an expression for 6.~ 

that is faster to evaluate: 

(5) 

For some metrics, pixel-wise cancellation of differences may not be possible, and d(Y', Y) must be 

computed explicitly. A simple example is the root mean square error, for which the square root prevents 

the cancellation. However, the computation of d(Y', Y) can often be accelerated by reusing partial 

information from the previous evaluation of d(Y, Y). 

5.2 Fast Image Updates 

So far, we have described how to evaluate 6.d given sets of images Y. Y', and y, We now explain how 

these images are generated. The images Y of the original model M need of course be rendered only 

once, at startup, after which M is no longer needed. As for Y and Y', the basic approach in both of 

our image-driven methods is to maintain images Y of the "current" model, i.e. the partially simplified 

model or the most optimal mesh found so far, and, for each move considered, make incremental 

updates to these images to produce Y'. After a move is accepted, Y is replaced with Y'. As pointed 

out in the previous section, only parts of Y' need to be generated in general, and we will in this section 
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a. The mesh M . b. Afler unrendering. c. The mesh M '. 

Figure 6: The "unrendering" operation for collapsing an edge. The triangles T, highlighted in red 
in 6a, are unrendered, leaving a hole in the model that exposes the model interior (6b), which is then 
covered by rendering the replacement ttiangles T', as seen in 6c. 

describe data structures and algorithms for efficiently querying what portions of the mesh to render in 

order to produce the necessary subimages. 

The goal of the process described here is to replace a small set of triangles T in the cuITent model 

with T' without having to rerender the entire mesh from scratch. On average, these sets each contain 

less than a dozen triangles, which is small compared to the thousands or even millions of triangles 
..--.. 

in the original model /Ill. Therefore, we can gain significant time savings by reusing the images Y 

that have already been rendered, and doing the minimal amount of rendering to swap out T with T' . 

Conceptually, the substitution of triangles can be done by "unrendering" T, revealing any obscured 

parts of the surface, and then rendering the replacement triangles T' (Figure 6). Unfortunately, few 

rendering systems, whether implemented in software or in hardware, support such an unrendering 

operation. In the following subsection, we describe how to efficiently implement unrendering using 

graphics hardware. 

5.2.1 Unrendering using Spatial Subdivision of Images 

When unrendering a set of triangles T, we must ensure that parts of the surface previously occluded 

by these triangles reappear. Frame buffers in conventional rende1ing systems record only the color and 

depth of the top, visible layer of a model, and are therefore inadequate for this task. In this section, 
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we describe a fast method for updating images that uses conventional graphics hardware to do the 

rendering. Our implementation is based on OpenGL [ 68] and uses pixel buffers [ 69] for hardware

assisted off-screen rendering. Pixel buffers are used in order to avoid occupying the entire screen. For 

our purposes, they otherwise behave like a standard displayed frame buffer. 

Even though unrendering is not supported in hardware, it is possible to limit the number of triangles 

that have to be rendered to produce Y'. Using the rectangular bounds { Rk} on affected pixels from 

Section 5.1, we can for each view k determine which triangles of M' would be needed to rerender the 

region Rk from scratch. That is, we can produce Y~ from Yk by clearing the subimage Rk> querying 

what triangles TRk of M' intersect this region, rendering these triangles, and reading back the pixels 

contained in Rk. All of these steps are trivial, except for the two-dimensional range query that returns 

the triangles TRk in Rk. 

There are many well-known data structures for performing fast range queries, including quadtrees [70] 

and k-d trees [71]. The approach taken here uses a somewhat different subdivision of the search space 

(the images) and is a bit more fine-grained. In our implementation, a triangle "bucket" is maintained 

for each row and column of pixels (Figure 7). The buckets are implemented as hash tables that are 

indexed by the triangle identifiers. This subdivision allows us to efficiently cull away most triangles 

that do not intersect the rectangular region Rk = h x Jk in each view k, leaving the set TRk. Since 

the procedure is the same for all views k, we will omit the subscript k in the next paragraph for the 

sake of readability. 

The range query is accomplished by computing the union of the vertical buckets Tr = U;Er T; and 

the horizontal buckets TJ = U;EJT; spanned by R, and then letting TR = Tr n TJ be a conservative 

(but generally tight) estimate of the set of triangles contained in R. Because the triangle buckets 

extend across the image, each hash table T; can get quite large. To avoid having to merge several 

large hash tables, the computation of unions is accelerated by maintaining an additional set of tables 

6.T; = T; \ T;_1 that are the set differences between consecutive pixel columns (and similarly for 

the horizontal buckets). That is, 6.T; contains the triangles whose left-most vertex is in column i. In 
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Figure 7: The triangle bucket data structure. The triangles of the model are projected onto the two 
image axes and are maintained in hash tables for all pixel rows and columns. This data structure 
allows for all triangles TR (shown in violet) that intersect the rectangular region R su1rnunding the 
triangles T' (red) to be accessed quickly. TR is found by computing the intersection of the triangles T1 

(magenta) and the triangles T1 (blue-green). 

general, the hash tables b..Ti are considerably smaller than the tables~. We can then rewrite T1 as 

T1 = T.nin I U 6.T(min /)+1 U · · · U 6.T.nnx I 

with the property that the sets in this union are pair-wise disjoint. Given T1 and T1 , the intersection Tn 

can be computed in linear time by associating a "time stamp" with each triangle. Prior to computing 

Tn, a unique time stamp is chosen for this range query. While building the set Tl> all triangles encoun

tered are marked with the new time stamp. As T1 is traversed, only the triangles with the given time 

stamp are added to Tn. 

Even though the sets T1 and T1 may be much larger than their intersection, this simple image 

partitioning scheme has proven very efficient in practice. Compared to an implementation that uses 

a k-d tree partitioning of each image, the bucket-based implementation described in this section runs 

two to three times faster. 

To summarize, the unrendering step can be implemented using common graphics hardware as fol-
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lows. To replace T with T', each region Rk in which these sets of triangles are contained is cleared. 

The triangles TR,\ Tare then rendered, i.e. all triangles (both visible and occluded) in Rk except those 

that we wish to unrender. The operation is completed by rendering the set of replacement triangles T', 

which results in the set of requested images Y'. 
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6 IMAGE-DRIVEN SIMPLIFICATION 

Equipped with the tools developed in Sections 4 and 5 for using image metrics to evaluate the visual 

quality of a model, we now describe an image-driven simplification (IDS) method that uses visual 

similarity as the main criterion for decimating a mesh. This method was first published in [I]. We 

have already given plenty of motivation in previous sections for why such a method is important in 

graphics, and we will focus mainly on the algorithm itself in this section. 

Similar to the memoryless method by Lindstrom and Turk [20), IDS uses edge collapse to coarsen 

a model (see Figure 2). In fact, these two methods are identical with one exception-the choice of 

en-or metric used to order the sequence of edge collapses. Whereas the memoryless method uses a 

geometry-based metric, our image-driven method relies on rendered images and an image metric to 

measure the cost of collapsing an edge. This metric is based on the framework developed in Section 5. 

Using this image metric, edges are ordered such that the one that yields the smallest visual difference 

is the next edge collapsed. 

In addition to ordering edge collapses, most e1rnr metrics implicitly provide for each edge collapse 

the optimal position of the replacement vertex, i.e. the position at which the en-or is minimized. Con

trary to the memoryless method, for which a closed fmm expression exists for the optimum, it is 

virtually impossible to directly find the new vertex position that minimizes the image difference. In 

addition to the intricacies of the image metric itself, there are simply too many factors and complex 

interactions between them that influence the pixel values, including lighting, shading, surface proper

ties, visibility, and so on. Therefore, the simple memoryless heuristic [20) is used to position vertices 

in IDS. This heuristic has proven successful both in conjunction with the image-based edge cost and 

in the original geometry-based scheme. 

After describing the simplification algorithm in more detail, we will in Section 6.2 present numerical 

results and images of simplified models to show how the image-driven method does not only produce 

high quality simplifications for simple organic models like the Stanford bunny, but also performs better 

than most geometry-based methods by taking into account what parts of a model are visible, the type 
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of shading model used, the content and parameterization of one or more textures, and whether artifacts 

such as cracks and interpenetrations are visible. In particular, we show that IDS consistently produces 

high quality results for models of very low complexity, for which traditional simplification methods 

often have difficulties. 

6.1 Simplification Algorithm 

As in any simplification method based on edge collapse, our image-driven method requires two funda

mental decisions to be made: where to place the new vertex following an edge collapse, and choosing 

the order in which the edges are collapsed. These two components will be described in the following 

two sections. In addition to the acceleration techniques described in Section 5 for comparing images, 

we will make use of lazy evaluation of edge costs and fast pre-simplification to further improve the 

overall speed of the algorithm. These features are described in Sections 6.1.3 and 6.1.4. Because the 

image-driven method is identical in all other respects to the memoryless simplification method, we 

refer the reader to (20, 57, 67] for more detailed explanations of the general edge collapse scheme. We 

conclude this section with a discussion of different image metrics that we have used in our simplifica

tion method. 

6.1.1 Vertex Placement 

Vertex placement is implicitly an optimization problem; given an edge e to collapse, the goal is to 

choose the position x" of the new vertex v such that the associated error functional is minimized. In 

IDS, the error functional is expressed in terms of rendered images of an object, and cannot as such 

be written as a simple function of x". Several global optimization methods exist for solving such 

problems, and we will see in Section 7 how such an approach can be used to produce a near optimal 

mesh from an already simplified model. Instead of employing an expensive optimization procedure for 

each edge collapse, however, we have opted to use the fast memoryless method (20] for placing new 

vertices, which is based on minimizing the tetrahedral volumes swept out by the triangles that shift 

during an edge collapse. While any vertex placement method may be used in conjunction with IDS, we 
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use the memoryless method because it makes reasonable placement choices and is fast and memory 

efficient. In addition, it is easy to extend the memoryless method to handle surface attributes (57] 

without having to maintain any information about the original model. As we shall see in Section 6.2, 

another benefit of using the memoryless vertex placement method is that it also leads to models of 

high geometric quality. 

6.1.2 Edge Collapse Priorities 

The most novel aspect of this simplification algorithm is the use of images to measure visual similarity. 

In Sections 4 and 5, we developed a framework for making such comparisons based on collections of 

images sun-ounding the model (Figure 3). Using images Y. Y. and y; of the original model, the 

partially simplified model, and the model after an additional edge e is collapsed, respectively, we 

earlier defined an en-or metric Ll.d(Y,Y;,Y) (Equation 3). This metric deten-nines the cost C(e) of 

collapsing an edge e. In each iteration of the alg01ithm, the goal is to find the edge e that minimizes 

the loss in visual quality, and then collapse it, i.e. 

e = argminC(e) = argminil.d(Y,Y;,Y) 
e e 

To produce y;, the triangles T = ffleJll are unrendered and replaced with T' = ff vll, where vis 

the substitute vertex, using the procedure in Section 5.2. For a mesh with an average vertex valence of 

six, we can expect ITI = 10 and IT'I = 8. Because of the small number of triangles involved in this 

process, relatively little work is needed to update the images, as compared to rerendering the entire 

mesh from scratch. Once the images y; have been rendered, the metric Ll.d is evaluated incrementally 

using the method described in Section 5.1. 

6.1.3 Evaluation of Edge Cost 

In theory, the edge cost C( e) would have to be evaluated in each iteration for the entire set of remaining 

edges. Contrary to most geometry-based edge collapse methods, for which the edge cost does not 

change over time, except for a small set of edges near the previously collapsed edge, an edge collapse 
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in IDS could in principle affect the cost of any remaining edge. Even geometrically and topologically 

distant edges may be arbitrarily near in some views. However, since only a fraction of pixels generally 

change between iterations, collapsing an edge typically does not alter the edge costs for most of the 

other edges. While the number of affected edge costs depends on the locality of the image metric, it is 

generally small for most metrics. For a pixel-wise metric like d~, we can say with certainty that Li~ 

does not change for an edge e between iterations as long as all changes to the images take place outside 

e's associated bounding box in each view (see Equation 5), which eliminates the need to constantly 

update each edge cost. Therefore, instead of attempting to identify all affected edges, it often suffices 

to update a small set of edges around a collapsed edge. By default, we use the same set of edges 

rLrvlJl as in the memoryless method. These are generally the only edges whose cost terms change in 

more than one view. To validate this assumption, we recorded the actual rank of the collapsed edges 

among all valid candidates over a large number of iterations. For the Stanford bunny model, the cost 

of the collapsed edge was on average in the lowest 0.05% using ~-

As in most edge collapse algorithms, collapsing an edge generally leads to an increase in the cost 

of collapsing any of the nearby affected edges. This suggests that the algorithm is amenable to lazy 

evaluation, that is, instead of updating the cost of an affected edge, the edge is marked as "dirty" 

and the evaluation is defe1Ted until the edge reaches the front of the queue [23). It is also possible 

to mix direct and lazy evaluation, e.g. by updating a smaller set of edges, say rvl' and marking a 

larger sun-ounding set of edges, say rLrvlJl \ rvl, as dirty. When a dirty edge is removed from 

the queue, its edge cost is re-evaluated, and the edge is re-inserted into the queue. Without lazy 

evaluation, each edge generally has its cost updated several times before it reaches the front of the 

queue. By employing lazy evaluation, many of these extraneous evaluations are eliminated. Lazy 

evaluation generally reduces the number of edge cost evaluations by a factor of five (depending on the 

degree of simplification), without significantly compromising model quality. For the same test case as 

above using d~, lazy evaluation degraded the average percentile of the collapsed edges from 0.05% to 

5%. This lazy evaluation scheme, for which the edges rLrvlJl were marked as dirty, was used in our 

image-driven algorithm for all results below, except for the frog model which used mixed evaluation. 
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6.1.4 A Hybrid Method 

Most geometry-based simplification methods perform well up until a certain point. After all the redun

dant geometry and fine details have been removed, the model quality tends to decrease exponentially. 

Until that point is reached, however, geometry-based simplification can often produce models of high 

visual quality. In fact, the quality difference between geometry- and image-driven simplification is 

not very noticeable until the final stages of simplification, when only a small percentage of triangles 

remain. Meanwhile, our geometry-based memoryless algorithm is roughly fifty times faster than the 

image-driven method. Therefore, one can save much time by using a fast geometry-based method to 

pre-simplify the model, and then switch over to image-driven simplification in the final stage to "fine

tune" the model. In addition to speeding up the effective edge collapse rate, this strategy also cuts the 

overhead of evaluating the image metric for every single edge in the model at startup, since the image

driven method would be started with a much coarser model. This hybrid approach to simplification 

was used exclusively to produce the results below, for which memoryless simplification was used until 

4-8 times the target complexity was reached. 

Somewhat surprising, the hybrid method often performed slightly better than image-driven simpli

fication alone. A possible reason for this is that edges in the original model are so short that collapsing 

them has no visual impact unless the image resolution is sufficiently high. Therefore, the image-driven 

method initially produces a near random, suboptimal sequence of edge collapses that has long-term 

adverse consequences. 

6.1.5 Image Metrics 

Perhaps the most important component of IDS is the choice of image metric. Ideally, the metric 

should be a good indicator of visual similarity, but should also be efficient to evaluate. Not surprising, 

these two goals are generally in conflict with each other, so a compromise is needed. Because the 

image-driven method is rather slow to begin with, we are somewhat limited in our choice of image 

metric. The complex Sarnoff Model [47], for example, may take several seconds per image pair 

to evaluate, and so is not a viable alternative. This issue of efficiency is of course not limited to 
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simplification, and recent work has been done to improve the speed of these complex metrics for 

other graphics applications, e.g. (48, SO]. Even so, most of these metrics are not easy to implement 

efficiently, and the need for fast incremental evaluation following an image update adds complexity to 

the implementation. Therefore, we have so far considered only a few different metrics, including the 

mean square error d§, our own perceptual metric, described in (57, §6.3], and an implementation of 

Bolin and Meyer's metric (48]. These metrics have been used to simplify a wide variety of models, 

with and without surface properties. We found that Bolin and Meyer's metric, while based on rigorous 

perceptual models of human vision, rarely performs better qualitatively than the mean square error 

metric. On the contrary, it often produces less appealing simplified models than d§. This conclusion is, 

of course, based on our own subjective preferences. However, even those models simplified using [ 48] 

generally yield lower quality results, as determined by an off-line evaluation using the very same 

metric. More research is needed to identify the reason for this surprising result. 

Our own perceptually motivated metric, on the other hand, typically results in models at least as 

good as those produced by d§, and sometimes noticeably outperforms d§ on textured models. (See (57] 

for results of using this perceptual metric during simplification.) Note that perceptual metrics are most 

useful for exploiting differences that are near the threshold of detection. While there are also important 

perceptual factors at play at suprathreshold levels, these are significantly more difficult to account for 

in a computational model. Factors such as illusions, symmetry, and context sensitive semantics, such 

as the importance of the face of a model compared to its feet, are associated with higher level vision 

processing. Short of emulating the brain neuron by neuron, it is exceedingly difficult to model such 

high level behavior. 

One might ask why a simple image metric like d§ performs as well as it does for simplification-it 

is quite easy to construct pathological cases for which such pixel-wise metrics fail (see, for exam

ple, (54]), and many authors make it a point to illustrate how inadequate d§ is for estimating visual 

similarity. Many of these shortcomings are, however, due to situations that in all but a few cases do not 

arise in simplification. Examples include image distortion (e.g. noise, superimposed intensity patterns, 

compression artifacts, etc.) and affine transfmmations (e.g. translations, rotations, and scaling of the 
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image contents). Because the two objects are registered in 3D, so are the resulting images, and since 

the images are synthetic, there is no potential for noise or similar artifacts. 

As a potential problem, one might suspect that the mean square metric d~ would overemphasize 

image differences due to minor shifts in the texture parameterization of a model, particularly if the 

texture is rich in high frequency content. However, as shown in Section 6.2, using this metric to 

guide simplification leads to results that are substantial improvements over those obtained without an 

image metric. The mean square error also has the virtue of being fast to compute, which is important 

for guiding simplification. Finally, as mentioned before, our image-driven simplification framework 

easily allows other image metrics to be used, should d~ prove inadequate. 

6.2 Results 

In this section we present several models that have been simplified using our image-driven technique. 

All of these models were simplified on a one-processor 250 MHz R!OOOO Silicon Graphics Octane 

workstation with 256 MB of RAM and Maximum Impact graphics. As mentioned in Section 6.1.4, 

the models were pre-simplified using the memoryless method from (20], and the image-based cost 

measure was used for the remainder of the simplification. Fast image updates were achieved using 

the graphics hardware-based approach described in Section 5.2.1. Unless otherwise stated, the mean 

square error metric d~ was used in the image-driven simplification method. 

Table I contains the number of triangles eliminated and the time spent in this pre-simplification step. 

This table also provides data for the image-driven step, as well as total simplification time and effective 

triangle reduction rates. While the image-driven algorithm is slow in comparison with the fastest 

geometry-based simplification methods cmTently available, it still produces acceptable reduction rates3 

(roughly in the range of 100 to 300 triangles per second) when pre-simplification is used. Since the 

edge collapse algorithm can produce a progressive mesh (10], allowing any intermediate level of detail 

to be extracted, the expense of simplification needs only be paid once. 

3 As described below, different options were used for the frog model, resulting in a much slower simplification. 
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model optio11s 
tria11gles si111p/ificatio11 ti111e (h:m:s) 

trils 
origi11al i111en11ediate final MS IDS total 

30,254 2,899 0:47 28:56 29:43 37 
14,535 1,333 0:57 11:18 12:15 93 

bunny 69,451 6,444 654 1:01 4:38 5:39 203 
2,918 304 1:04 2:20 3:24 339 
1,336 143 1:05 1:28 2:33 453 

turbine 
20/20 32,767 8,191 26:45 3:28:10 3:54:55 125 

blade 10/20 1,765,388 32,767 8,191 26:45 1:06:49 1:33:34 313 
20/20 8,191 2,046 27:06 23:25 50:31 582 

dragon 
Hat 

871,306 
32,768 8,191 12:15 38:24 50:39 284 

smooth 32,768 8,191 12:15 1:14:12 1:26:27 166 

salamander 
orange 

71,312 
16,384 2,047 1:21 15:52 17:13 67 

green 16,384 2,047 1:21 16:09 17:30 66 
frog 47,028 4,096 1,024 0:45 3:17:01 3:17:46 4 

4,095 511 1: 14 2:53 4:07 235 
zebra 58,503 2,047 384 1:16 1:24 2:40 363 

2,047 256 1:16 1:29 2:45 353 

Table 1: Simplification results for the image-driven method. For the turbine blade model, the "options" 
column indicates the ratio of the number of exterior views to the total number of views used during 
simplification. For the dragon model, the options indicate the choice of shading interpolation, while 
the choice of texture used during simplification is given for the salamander model. The "intermediate" 
column indicates the number of triangles after pre-simplification. The simplification time is given 
in number of wall clock hours, minutes, and seconds, and is shown separately for the memoryless 
pre-simplification (MS) and the final image-driven phase (IDS). The last column gives the effective 
number of triangles eliminated per second, i.e. the difference in number of triangles in the original and 
final model over the total simplification time. 

6.2.1 Image- versus Geometry-Driven Simplification 

Because the idea of using images rather than geometry to guide simplification is such a large departure 

from mainstream simplification methods, we will first compare objects created by this new method 

against those of two other simplification techniques, namely our memoryless method and Garland and 

Heckbert's QSlim software (12, 19).4 We used these three methods to create several levels of detail of 

the Stanford bunny. 

Figure 8 shows two views of the original bunny model, a memoryless simplification model, and an 

image-driven model. The bunny models produced by these two methods are comparable in terms of 

4For untextured models, QSlim v2.0 was used with the options -B 10, while PropSlim vl.2 was used for the textured 
models. 
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a. Memoryless simplification. 
T = J.336. time= 1:05. d2 = 4.10. 

d. Memoryless simplification. 
42 boundary edges. 

b. Original model. 
T = 69.451. 

e. Original model. 
223 boundary edges. 

c. Image-driven simplification. 
T = 1.333. time= 12:15. d2 = 3.75. 

f. Image-driven simplification. 
59 boundary edges. 

Figure 8: Views showing the front and underside of the Stanford bunny model. 



visual quality. There are, however, some subtle differences between the results of these two methods 

that we have observed for a variety of flat shaded models. First, the image-driven method generally 

pays more attention to preserving the shape of silhouettes and sharp edges (see, for example, the shape 

of the bunny ears and the rounding along and across the edges of the feet). Second, soft interior 

edges with small intensity gradients, such as small bumps and furrows, are typically smoothed out 

and replaced with larger triangles by the image-driven method (e.g. the chest and the back of the 

bunny). As a rule of thumb, the image-driven method spends relatively more detail preserving the 

sharp intensity boundaries in an image, which convey most of the large-scale shape of an object. This 

is typically the relevant information one seeks to retain in a highly simplified model. Third, the image

driven method better balances the ratio of boundary edges to interior edges of a model by using a 

single unified error metric, as evidenced by Figures Sd, Se, and Sf. Most geometry-based algorithms 

have difficulties choosing an appropriate level of boundary fidelity without explicit user intervention, 

e.g. via a parameter that allows boundary and interior edges to be weighted differently. The image

driven method, on the other hand, accounts for the visual impact due to boundary changes directly. 

Finally, the image-driven method often produces better shaped triangulations that more closely follow 

the inllinsic geometry of a surface, with few sliver triangles and other artifacts such as folds in the 

mesh. Such degeneracies are visually disturbing and are easily caught by the image metric. 

1\vo quantitative measurements were made of the levels of detail that were produced. First, the 

geometric tool Metro was used to calculate the mean geometric error between each of the simplified 

models and the original [72].5 Figure 9 is a graph of the results, where the errors are expressed in 

units of 1/5o0• of the bounding box diagonal of the original model. The memoryless method produces 

models that have the least geometric error, followed closely by the image-driven method, and then 

QSlim. Using the image-based cost produces models that are surprisingly close to the original models 

geometrically. We attribute this result to three factors: (1) the use of the high quality memoryless algo

rithm to pre-simplify the models and as the method of positioning vertices in the image-driven method, 

(2) the indirect effects of preserving the shading of a model, which depends directly on the model's 

5Metro v2.5 was used with the options -s -t. 
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Figure 9: Mean geometric e1rnrs for the bunny model. 

geometric shape, and, more important, (3) the sensitivity of the mean square image metric to silhou

ette discrepancies. For progressively coarser models, the likelihood of an edge being on a silhouette 

increases (see Figure 10). Thus, given a large number of views, we expect the majority of edges to be 

silhouette edges from several viewpoints, which limits the amount of geometric degradation. 

The second form of evaluation perfmmed used an image metric. Each model was rendered from 24 

camera positions, as described in Section 4.1, and the RMS error d2 between the original and simplified 

model's images was calculated. These errors are the same as the d2 values provided in the captions. 

Figure 11 shows the results of this evaluation. As expected, the image-driven method consistently 

produced models of higher quality than the two other methods with respect to this measure. Note 

that there are at least three ways in which this image metric differs in detail from the actual metric 

used during the simplification process. First, the simplification method relies on rendering hardware 

without anti-aliasing to perform polygon scan conversion. In contrast, the images that were used in 

the off-line evaluation (Figure 11) were created by RenderMan and were anti-aliased. Second, the 

dimensions of the images used during simplification were 256 x 256 pixels, while the final images 

have dimensions 512 x 512. Finally, and most importantly, the distribution and number of camera 
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Figure 10: Silhouette edge histograms for the bunny model. For each of the five levels of detail, each 
histogram column corresponds to a certain number of views between zero (leftmost, shaded column) 
and twenty. The height of the i'h column gives the percentage of edges that are silhouette edges in 
exactly i views. Thus the shaded columns c01Tespond to the percentage of edges that are not on the 
silhouette in any view. For each level of detail, the expectation value (x) gives the expected number 
of views in which an edge is a silhouette edge. 

positions on the sphere were different during simplification than evaluation (20 versus 24). 

Is it a tautology that a model produced by image-driven simplification is a close match to the original 

model when evaluated using an image metric? No more so, we argue, than using geometric proximity 

to guide simplification and then measuring geometric differences. More important is the decision of 

what result is desired-geometric similarity or visual similarity. Because visual similarity is often the 

goal of simplification, we believe that we should try to achieve this goal in a direct manner, using 

images. 

6.2.2 Simplification of Hidden Interiors 

Image-driven simplification removes detail that has little effect on rendered images of a model. Con

sequently, if a portion of a model is completely invisible in all views, it will be radically simplified. 

Figures 12 and 13 provide an example of this. The original model (12a) is a turbine blade that has 
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Figure 11: Root mean square image differences for the bunny model. Due to the severe degree of 
simplification, the coarsest two levels of detail for all three methods are of very poor visual quality, 
which explains the convergence of image differences among the methods. 

a complex arrangement of internal cavities that accounts for much of the model's 1,765,388 polygon 

complexity. Figure 13a shows the same model for which the surface has been made semi-translucent 

to reveal this interior detail. When simplified using a geometry-driven method all of this interior de

tail is retained, yet none of it contributes to opaque images of the model (Figures 12b and 13b). The 

image-driven method, on the other hand, produces a model that has a more detailed exterior and a 

greatly simplified interior (Figures 12c and 13c). Removing all of the internal detail allowed a sub

stantially higher polygon budget to represent the visible portions of the model, such as the numerous 

holes on the left side of the blade, as illustrated by the close-ups in Figure 12. Due to the topological 

complexity of this model, both methods were allowed to simplify the surface topology by placing no 

restrictions on what edges could be collapsed. This is the reason why many of the smaller holes were 

closed by the memoryless method. 

Figure 14 shows a coarser version of the same model, simplified using the three different methods. 

These images clearly demonstrate the advantage of not being constrained to preserve the interior, 

invisible parts of the model. As can be seen, both QS!im and the memoryless method had great 
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a. Original model. 
T = l,765,388. 

c. Image-driven simplification. 
T = 8,191. time= 3:54:55. d2 = 1.57. 

b. Memoryless simplification. 
T = 8,191. time= 27:06. d2 = 2.16. 

d. Jm;ige-driven simplification using 
front-face culling in IO of 20 views. 
T= 8,191. time= 1:33:34. d2 = 2.10. 

Figure 12: Exterior views of turbine blade model. 

difficulties preserving the shape of the exterior. 

The improvement in exterior appearance provided by the image-driven method clearly comes at the 

expense of drastically eliminating interior detail. This tradeoff is desirable if the model is only to be 

viewed from the outside. There are applications, however, that require more control over the tradeoff 

between interior and exterior quality such that hidden parts, while being greatly simplified, at least 

retain their basic shape. For models with low depth complexity, we have devised a partial solution 
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a. Original model. 

c. Image-driven simplification. 

b. Memoryless simplification. 

d. lmage-dri\'en simplification using 
front-face culling. 

Figure 13: Interior views of turbine blade model. 

by allowing the exterior surface to be removed in a subset of the views during simplification. This 

is achieved by enabling front-face culling in OpenGL, which comes at no additional computational 

expense. Figures 12d and 13d show the same blade model for which the interior was revealed in half 

of the 20 views used <luting simplification. Consequently, the interior of this model is much better 

retained, while the exte1ior quality suffered slightly. In this manner, the user is given smooth control 

over the balance between interior and exterior detail by choosing the number of interior and exterior 
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a. Original model. b. QSlim. 
T = 1,765,388. T = 2,048, time= 12:47. d2 = 4.10. 

c. Memoryless simplification. d. Image-dri\•cn simplification. 
T = 2,048. time= 26:59. d2 = 3.31. T = 2,046. time= 50:31. d2 = 2.50. 

Figure 14: Coarse levels of detail of turbine blade model. 

views appropriately. While acceptable for this particular model, we acknowledge that this solution is 

not universal. There are models for which additional steps may have to be taken to preserve fully or 

partially hidden details. Possible alternative approaches include the use of translucency, cutting planes, 

model segmentation into independent parts, and optimal view coverage (such as camera positions in

side the model). We see this issue is secondary, however, and return our focus to the goal of producing 
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high quality simplifications of the visible parts of a model. 

6.2.3 Flat versus Gouraud Shading 

Geometric simplification methods do not take into account the type of shading interpolation that will 

be used when a model is rendered. None of the published methods make a distinction between objects 

that will be flat shaded (constant shading over each face) and those that will be rendered with Gouraud 

interpolation (linear interpolation of the vertex intensities). Image-driven simplification, on the other 

hand, can account for these differences during simplification. 

We chose to compare flat and Gouraud shading since these are the two shading models most com-

monly supported in both software and hardware. While Phong interpolation usually yields higher 

quality shading, it is seldom available in graphics hardware, and is rarely applied to coarse polygonal 

objects as its high computational expense would offset any performance gains attained by the use of 

simplified models. 

Figure IS shows a dragon model that was simplified twice with the image-driven method. The first 

simplified model was guided by images in which the intermediate models were rendered using diffuse 

flat shading of the faces (Figures lSa and !Sd). The second simplification was guided by images 

for which specular reflection and Gouraud interpolation of the intensities calculated at the polygon 

vertices were used (Figures !Sc and ISf). For the Gouraud shaded models, the vertex normals were 

computed as the area-weighted sum of incident face normals.6 

Figure IS shows each of these two simplified models and the original model rendered with flat 

and with Gouraud interpolation. The model produced with flat shading is the better of the two when 

viewed with flat shading, and the Gouraud-image-driven model retains much more of the detail in the 

Gouraud-rendered image. The dragon in Figure !Sf retains details better in many places, including the 

front scales, the face, the feet, the hind leg, and the ridge along the back. The reason this detail is kept 

is because the simplification process takes into account the effect of all the various surface attributes 

during the simplification process. The quality tradeoff between polygon size, vertex positions, and 

6Note that since the normals for the vertices lf v lJ depend on the position of v, so does the shading of the triangles 
f flf v lJll- Thus, for Gouraud shading, the sets T and T' must be expanded accordingly (see Section 6.1.2). 
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a. Optimized for flat shading. 
T = 8.191. time= 50:39. d2 = 2.67. 

d. Optimized for flat shading. 
d2 = 3.46. 

b. Original model. 
T=871306. 

e. Original model. 

c. Optimized for Gow-aud shading. 
T = 8.19 1. time= 1:26:27. d2 = 3.36 . 

f. Optimized for Gouraud shading. 
d2 =2.86. 

Figure 15: Dragon model rendered using flat (top) and Gouraud (bottom) shading. The results reflect the use of fiat (left) and Gouraud 
(right) shading during image-driven simplification. 



variation in surface normals across triangles are all handled by the image metric. 

If the rendering parameters are not known beforehand, one might suspect that the models produced 

by the image-driven method would be greatly suboptimal when displayed using a different set of 

rendering parameters. In practice, however, we have found that the image-driven method usually 

outperforms the geometry-driven methods even when the rendering parameters do not match. To 

optimize the model for a variety of rendering conditions, one could alternatively vary the parameters 

between views during simplification (cf. Section 6.2.2), and thus produce an "average" model that is 

not tailored to a particular set of rendering or surface parameters. 

6.2.4 Texture-Sensitive Simplification 

Published methods for simplifying textured models have concentrated on avoiding shifts in the texture 

parameterization across the entire surface of the model. Many textures, however, vary in the amount 

of color variation over different portions of a model. Texture of a human face is nearly uniform over 

much of the skin, but varies greatly near the eyes, and a map of the Earth is detailed on the continents, 

but is uniform over the oceans. These differences in color detail provide an opportunity for heavier 

simplification in the regions of nearly uniform color. 

The image-driven simplification method easily recognizes and exploits the opportunity of varying 

texture detail. Figures 16c and l 7c show two different views of two textured versions of the same 

geometric salamander model, one with thin black spots on orange and another with large black spots 

on green. The underlying polygon model and the texture coordinates are the same for both original 

models. This model was simplified once with QSlim and the memoryless geometric method, which 

both ignore the actual texture image used, and twice with the image-driven method, once with each 

texture. When the image-driven models are rendered with the same texture used during simplification, 

they closely match the originals. When the textures are swapped, however, the spots shift and change 

shape. This can be seen in the close-ups and difference images with respect to the original model 

that are given for each simplified salamander.7 This indicates that the simplified models devoted only 

7 All difference images presented here were produced by the perceptual metric described in [571. The differences are 
color coded, and range from no difference, indicated by black, to increasing differences from red to white. 
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a. QSlim. 
T=2,048. 
1ime =0:28. 
d2 = 1.29. 

b. Memoryless 
simplificalion. 
T =2,047. 
time= 1:2 1. 
d2 =0.96. 

c. Original model. 
T = 71,312. 

d. IDS wilh orange 
lexlure. 
T=2,047. 
lime= 17:13. 
d 2 = 0.92. 

e . IDS wilh green 
lexrure. 
T=2,047. 
lime= 17:30. 
d2 = 1.00. 

Figure 16: Top view of salamander model rendered with orange texture map. The results demonstrate 
the image-driven simplification (IDS) method 's sensitivity to the contents of the texture image. 
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a. QSlim. 
T = 2,048. 
lime= 0:28. 
d2 = 2.48. 

b. Memoryless 
simplifica1ion. 
T=2,047. 
lime= 1:21. 
d2 = 1.18. 

c. Original model. 
T=71,312. 

d. IDS wi1h orange 
tcxlure. 
T= 2,047. 
time= 17:13. 
d2 = 1.10. 

e. IDS with green 
texlure. 
T= 2,047. 
time= 17:30. 
d2 = 0.90. 

Figure 17: Bottom view of salamander model rendered with green texture map. 
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those polygons necessary to maintain the texture detail, and did not expend additional polygons in 

the uniformly colored regions of the texture. The geometrically simplified salamanders have texture 

distortions with either texture. In particular, both of the geometry-driven algorithms had great diffi-

culties preserving the texture along the underside of the salamander, where the texture wraps around 

and meets itself along a jagged seam (see Figure 17).8 The image-driven method, on the other hand, 

had no difficulties accounting for distortion along the seam, and consequently produced more visually 

pleasing results. 

Just as geometric fidelity of a simplified model depends on the methods used for placing new vertices 

and ordering edge collapses, the visual quality of a texture parameterization over a simplified surface 

is determined by two factors: the method for computing per-vertex texture coordinates, and the order 

in which edges are collapsed. We have found that our memoryless approach to computing texture 

coordinates is a good alternative for the first of these two components. Even when the edge collapses 

are ordered without regard to texture quality, as in our geometry-based method, the results are generally 

better than those produced by QSlim. When texture appearance is additionally accounted for in the 

edge cost, as in our image-driven algorithm, the increase in visual quality can be quite dramatic. 

6.2.5 Sensitivity to Degeneracies 

A common problem in geometry-based simplification is how to handle and avoid geometric and topo

logical degeneracies in the mesh. These artifacts may either be present in the input mesh, or may 

inadvertently be created during simplification. Some example problems include: 

• T-vertices and topological boundaries. A surface may be geometrically continuous but topo-

logically disjoint, such as at the interface between mesh parts of different resolution, or along 

material or texture boundaries for which vertices may have to be duplicated (see Figure 18a). 

This may cause cracks to be introduced between the pieces during simplification. 

8In contrast to our geometry- and image-driven algorithms, QSlim does not support multiple texture coordinate pairs 
per vertex, and so had additional problems dealing with the texture seams. 
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a. Texture boundaries. b. lnterpenctrating pans. 

Figure 18: Common artifacts in polygon meshes. The boundaries between different texture regions 
are shown on the frog. Because vertices are duplicated on these boundaries, the different body parts 
are disjoint. The limbs on the model on the right are also topologically disjoint, but are closed and 
interpenetrating. 

• Non-manifold surfaces. Computing vertex normals and determining the surface orientation for 

culling and shading calculations are both ill-defined operations on a non-manifold mesh. 

• Folded geometry. The edge collapse operation can introduce folds in the mesh if the substitute 

vertex is displaced too far laterally. This may flip the orientation of one or more triangles, leading 

to shading artifacts. 

• Interpenetrations. Without any constraints on the geometry of the surface, self-intersections 

may already exist or may be introduced during simplification, potentially causing visual artifacts. 

Figure 18b shows an example of a model that by design has intersecting geometry. The zebra 

model in Figure 20 similarly is made up of separate intersecting body parts. 

The simplification process can sometimes avoid introducing artifacts like these. For example, one may 

prohibit edge collapses that create non-manifold simplices [9], and one can similarly test for folds in 

the mesh [11, 12, 23, 73] introduced by an edge collapse (but a cascading sequence of edge collapses 

may also lead to folds). Interpenetrations are particularly difficult to test for, and usually require 

extensive computation to avoid or even detect. To our knowledge, the only published simplification 

algorithm that correctly handles self-intersections is the one by Cohen et al. [6]. While some of these 
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a. Original model. 
T= 47,028. 

b. Memoryless simplification. c. Image-driven simplification. 
T = 1,023. time= 0:48. d2 = 3.24. T = l,024. time= 3:17:01. d2 = 2.50. 

Figure 19: Frog model. Notice the self-intersecting geometry near the eyes and the cracks between the 
legs and the torso in 19b. The perceptual metdc from [57] was used in the image-driven method. 

artifacts can be eliminated as a preprocessing step (cf, [74]), it can be difficult to detect if degeneracies 

are introduced during simplification, and if so whether they affect the visual quality of the model. 

When images are used to drive simplification, however, such artifacts are automatically penalized, and 

can easily be avoided. 

To illustrate how unwanted self-intersections and gaps can be avoided, the frog model from Fig

ure !Sa was simplified using the image-driven and the memoryless method. This model, shown with 

texture in Figure l 9a, is composed of several connected components, with different components for 

the body, the legs, and the eyes. Such pieced together models are commonly used in video games 
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and in feature film special effects. Figure l 9b is a simplified frog model produced by the memoryless 

method. 1\vo problems are evident: One of the eyeballs is poking through a part of the head and shows 

up as a white blotch. There is also cracking evident between the legs and the body because these com

ponents were never joined in the first place, and edge collapses around the places where they join have 

caused a mismatch between components. Conventional simplification methods are not often used on 

such models because few geometric quality measures recognize these problems. Using an image met

ric, these potential problems are avoided, resulting in the simplified model shown in Figure l 9c. Note 

that the image-driven method used the perceptual metric from [57], which paid more attention to gaps 

and other visual artifacts than the mean square metric on this model. In addition, a different edge cost 

update policy was used, for which the edges rLrvlJl were updated directly and rLrLrvlJlJl \ rLrvlJl 
were marked as dirty. These two factors slowed down the simplification speed considerably. 

6.2.6 Extreme Simplification 

Based on the argument in Section 6.1.4, image-driven simplification is most valuable when very coarse 

models are needed. For these models, it often pays off to expend more computational effort, especially 

in the final stage, as the improvement in quality can sometimes be substantial. We have already seen 

a few examples where using the image-driven method to produce low-complexity models resulted in 

higher quality, such as the coarsest versions of the turbine blade model (Figure 14). In this section, we 

provide a few more examples. 

Figure 20 shows several levels of detail of a zebra model (see Figure 2la for the original model), 

simplified using each of the three methods. There are a number of apparent problems with the memo

ryless simplified models (Figures 20b, 20e, and 20h), such as the distorted ears, muzzle, and hooves. 

In fact, the ears and the hooves are all but eliminated in Figure 20h, because they were never joined 

topologically to the rest of the body in the first place. These problems are less pronounced in the mod

els produced by QSlim (Figures 20a, 20d, and 20g), although other artifacts can be seen, such as severe 

distortion along the forehead with several polygons jutting out, and a poorly approximated back with 

noticeable texture distortion. These artifacts are either absent or much less noticeable in the models 
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simplified by the image-driven method (Figures 20c, 20f, and 20i). Note that this view is particularly 

favorable for the zebra models produced by QSlim. When seen from other viewpoints, the mismatch 

in texture becomes more apparent, which is reflected in the numerical image differences included in 

the captions. Figure 21 shows difference images for the models in Figure 20. From these, it is evident 

that the memoryless method had great difficulties preserving the geometry, whereas QSlim was less 

successful in preserving the texture parameterization. 

In this section, we have shown how image-driven simplification generally produces models of higher 

visual quality than state-of-the-art geometry-driven methods. These results span a large class of mod

els, including simple "organic" models, topologically complex mechanical parts, models rendered 

using different shading techniques, and several textured models with greatly varying texture content. 

These results suggest that using images, even if only during the last few percent of the reduction pro

cess, can lead to a substantial improvement in quality, and is particularly useful for producing very 

coarse models. This is an important result because it allows many models to be simplified using an 

automated method, for which tedious manual simplification and modeling were previously needed. 

Image-driven simplification by no means replaces such manual tasks, but is a powerful tool that makes 

producing high quality levels of detail easier for applications that demand visual similarity. We will 

see in the next section how using mesh optimization can take us yet another step closer to producing 

the best possible model for any given model complexity. 
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a. QSlim b. Memoryless simplification. c. Image-driven simplification. 
T = 511. time= 1:03. d2 = 5.02. T = 511. time= 1:19. d2 = 3.72. T = 511. time= 4:07. d2 = 3.31. 

d. QS!im e. Memoryless simplification. f. Image-driven simplification. 
T = 383. time= 1:04. d2 = 5.65. T = 383. time= 1:18. d2 = 4.15. T = 384. time = 2:40. d2 = 3. 79. 

g. QS!im h. Memoryless simplification. i. Image-driven simplification. 
T = 256. time= 1:03. d2 = 6.57. T = 256. time= 1:07. d2 = 4.98. T = 256. time= 2:45. d2 = 4.51. 

Figure 20: Zebra model. These images illustrate how the image-driven method excels at very coarse 
levels of detail. 

55 



a. Original mo<lcl. 
T= 58,503. 

b. QS!im. c. Memoryless simplification. d. Image-driven simplification. 

Figure 21: Difference images for zebra model. 
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7 IMAGE-DRIVEN MESH OPTIMIZATION 

The most common approach to mesh simplification is to perform a sequence of local operations that 

reduce the complexity of the model. We have already presented such an algorithm in Section 6, and 

discussed several others in Section 2. Nearly all such methods use a greedy approach to selecting 

coarsening operations-the operation that is performed next is the one that will change the model the 

least according to some quality measure. Even though the greedy order is not guaranteed to be optimal, 

it is, by definition, the best we can do without the benefit of foresight. Other than choosing the order 

of operations, many simplification methods also introduce new vertices in the simplified mesh that 

must be positioned, preferably in a manner that minimizes the error measure. Because of the locality 

of the coarsening operations, most simplification methods limit this optimization to a single vertex 

in each step, and generally avoid making changes to the connectivity other than what is necessary to 

coarsen the mesh. As a consequence, these greedy methods often result in simplified meshes that can 

be substantially improved by making further changes to the connectivity, vertex positions, and surface 

attributes (if present) of the model. 

Why is the greedy approach to simplification not optimal? A typical greedy simplification algorithm 

uses an operation-edge collapse, for instance-to reduce the complexity of the model. Usually a 

priority queue is used to order the potential edges to collapse according to the estimated change in 

quality that each edge collapse would make. At each step, the edge with the lowest cost is collapsed, 

and affected neighboring edges are then re-evaluated and re-inserted into the priority queue. Such 

algorithms essentially create a path M 0 
_, M 1 _, · · · -> M" through the space M of all possible 

meshes, where each new node in the path is a mesh that has one fewer vertex than the preceding node. 

Previous decisions in the selection of earlier meshes in this path severely restrict the later meshes that 

can be reached. Consider the analogous problem in 2D of simplifying a single (possibly many-sided) 

polygon by performing edge collapses. If the original polygon is a detailed approximation of a circle, 

then the best (in the mean error sense) five-sided simplification is a regular pentagon. A single edge 

collapse (the greedy step) cannot produce the best four-sided model, which is a square, without moving 
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several vertices at once. This same problem occurs frequently in 3D simplification. For example, by 

extruding the circle and pentagon to cylinders, we are faced with a similar problem in 3D, where no 

combination of two edge collapses yields an optimal model. Not only do such greedy algorithms 

produce suboptimal geometry, but the mesh connectivity can often be improved as well. 

In this chapter, we describe a method for improving the appearance of an already simplified model 

by making a series of changes to its geometry and connectivity. This optimization method, which is 

also described in [2, 57], is an extension of the image-driven simplification (IDS) method described in 

the previous section. Similar to IDS, the optimization algorithm uses rendered images of the simplified 

and original, detailed mesh to help guide the changes. As a consequence, the combined effects on 

visual appearance due to geometry, surface attributes, shading, visibility, and potential artifacts such 

as cracks and interpenetrations are automatically taken into account in the optimization process. The 

mesh optimization algorithm differs from IDS, however, in that the mesh is modified so as to directly 

minimize the image-based error measure. (Recall that IDS uses the geometry-based heuristic from [20] 

to position vertices.) In addition, the optimization method does not perform simplification-the vertex 

count remains the same throughout the process. The main approach of the optimization algorithm 

is to make edge swaps and vertex teleports to alter the mesh connectivity, and to use the downhill 

simplex method to simultaneously improve vertex positions and surface attributes. These steps will be 

described in more detail in the following sections. 

7.1 Optimization Algorithm 

The optimization algorithm described in this section was in part inspired by the work of Hoppe et 

al. [9], who used a nested optimization procedure based on random descent to minimize the geometric 

deviation between two meshes. Our optimization algorithm is also a logical extension to our image

driven simplification method (Section 6). By combining optimization with an image-based measure 

of visual similarity, this approach has the potential to produce approximating meshes of higher visual 

quality than previous methods. Before describing the algorithm itself, we will first cover some of the 

preliminaries. The algorithm relies heavily on the techniques developed in Sections 4, 5, and 6, which 
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will be reviewed only briefly here. Before going any further, we first discuss what it is that we are 

trying to optimize. We then give a brief overview of the algorithm, followed by a bottom-up detailed 

description of the different components of the method. 

7 .1.1 Energy Function 

In the context of optimization, we will refer to the image-based quality measure d presented in Sec

tion 4 as the energy fu11ctio11 E (cf. [9]). That is, E measures the difference between the rendered 

images Y of some ideal model M that we wish to reproduce, and images Y of the current model M 

being optimized. Whenever a new mesh M' is produced by making an optimization move, i.e. moving 

some of the vertices in M or changing its connectivity, we must conceptually use the image compar

ison procedure from Section 4, which requires rendering the entire model from multiple viewpoints, 

capturing the images, and applying the image metric to each image to measure the visual quality of 

the mesh. As in the case of image-driven simplification, we can accelerate this process by updat

ing the images incrementally and evaluating the image metric over the affected pixels only, assuming 

the difference between consecutive meshes is small. Using these techniques, the overall speed of the 

optimization algorithm was increased by a factor of six for the bunny model in Figure 23a. 

For efficiency reasons, instead of computing the actual energy E, the change in energy 6.E = 

E( M') - E( M) can be used to determine whether a move is beneficial or not, i.e. a move improves 

the mesh quality if 6.E < 0 since a low-energy state is preferred. The motivation for computing the 

change in image quality-instead of the absolute image quality-is that it allows exploiting coherence 

between meshes, thereby reducing the computation time. For the hardware described in Section 7 .2, 

roughly 100 evaluations of 6.E can be made per second using 20 views and 256 x 256 images. 

7.1.2 Overview 

The optimization algorithm begins with two input meshes; the original detailed mesh and a simplified 

version of this mesh that has the desired number of vertices. It is not critical what method is used to 

create the simplified mesh, and results from several methods will be shown later. The user picks the 
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number of viewpoints to use (from six to twenty-four is typical), and the algorithm creates this number 

of rendered images of both the original and the simplified mesh. Then, using a method described in 

detail later, an edge in the simplified mesh is selected for improvement. The algorithm then attempts 

a number of changes to the mesh at and around this edge to create a mesh whose rendered images 

are closer to those of the original mesh. Possible changes to the mesh include moving two or more 

vertices, swapping an edge, or even teleporting a vertex (moving a vertex between entirely different 

portions of the mesh). Which of these changes are tried is based on how costly each attempt will be 

relative to the likely improvement each change will yield. When the method is done considering a 

particular edge, a new edge is selected and the process repeats. 

Mesh optimization can be described as a process of searching the space M of all possible meshes 

for the mesh that minimizes some given metric subject to a set of constraints. In our algorithm, the goal 

of optimization is to produce a model with a few number of triangles that is visually similar to a target 

model with a larger number of triangles. In contrast to mesh simplification algorithms such as the one 

in Section 6 and the method by Hoppe et al. [9], which are also driven by this goal, we assume that an 

already simplified mesh is provided, which is used as a starting point in our optimization method, and 

which is to be improved with respect to some measure of visual quality. Given this coarse input mesh, 

the optimization is constrained by fixing its number of vertices, although the vertices are allowed to 

move, and changes may be made to the mesh connectivity. 

The space of all meshes M that we seek to explore can be parameterized in terms of the mesh 

connectivity, geometry, and surface attributes (e.g. colors, normals, and texture coordinates). Formally, 

a mesh M = (K, X, S) is a triplet consisting of a simplicial complex]( that defines the connectivity, a 

set of vertex positions X that define the geometry, and a set of surface attributes S. We will distinguish 

between the topological entity v E V and the con-esponding geometric realization x" E X c ~3 of 

a vertex. Each attribute is bound to a vertex v, a triangle t, or a comer (v, t) formed by v and one 

of its incident triangles t. While the geometry and surface attributes considered here are continuous 

parameters, the mesh connectivity is discrete. To optimize both, we take an approach similar to that 

of Hoppe et al. [9] by using a two-level nested optimization: an inner, continuous optimization in 

60 



which vertices and surface atttibutes are modified while fixing the connectivity, and an outer, discrete 

optimization in which simple, atomic changes to the connectivity are made. The general approach in 

our method is to select a set of edges in the mesh to improve, as suggested by an oracle, interleaved 

with a sequence of randomly chosen edges. This oracle (described in detail later) identifies edges that 

may be the cause of large differences between the images of the original and current mesh. For each 

chosen edge, a sequence of connectivity moves of varying complexity are attempted, and a small set of 

vertices in the neighborhood of the edge are optimized until the connectivity move results in a decrease 

in the energy function. 

In addition to the use of an oracle to guide the optimization, versus random descent, our optimiza

tion method differs from Hoppe et al.'s [9] in several ways. First, whereas their method is used both 

to simplify and optimize a mesh, our technique assumes that an independent simplification step has 

already been performed, after which the complexity of the mesh is never changed. Second, our opti

mization method is not guided by a geometric measure of distances, but rather by image differences. 

By using an image metric to guide optimization, all of the relevant factors that make up the appear

ance of a mesh can be captured without explicitly creating an energy term for each one. Therefore, 

the difficult issue of how to balance such factors as geometric distance, color, and texture against one 

another is avoided. Third, the method used to optimize vertex positions is entirely different from the 

conjugate gradient approach used by Hoppe et al. Finally, the selection of which operation to perform 

on an edge is not random in our algorithm, but is decided based on which operation would result in a 

non-negligible improvement to the mesh. 

In the remainder of this section, we first describe the low level details of the continuous and discrete 

optimization, and then conclude by discussing the strategy for choosing connectivity moves and the 

set of edges to optimize. 

7.1.3 Continuous Optimization of Mesh Geometry 

In this section we explain how to optimize the geometry of a small portion of a mesh. The goal of this 

optimization is to improve the visual appearance of the mesh by making a series of small adjustments 
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to the vertex positions, such as lengthening a protrusion, smoothing out undesired wrinkles and bumps 

on the mesh, enhancing creases and other fine details, etc. Specifically, given a mesh with a fixed 

connectivity and a subset V of its vertices, the vertex positions xv are moved simultaneously until a 

local optimum in the visual quality of the mesh is found. We can generalize this procedure to include 

(continuous) surface attributes simply by concatenating vertex positions and attributes to form a single 

higher dimensional parameter vector. For simplicity, however, we will restrict this discussion to vertex 

positions only. 

Multidimensional methods for continuous optimization problems fall into one of two categories: 

methods that make use of derivative information of the objective function in order to make an edu

cated guess about where, or at least in what direction, the minimum lies, and slower methods that 

rely on function evaluations only. Unlike in [9], where the energy function is a closed form quadratic 

expression, the energy function E is in our case given by discrete image differences that depend non

trivially (although generally smoothly) on the input parameters (the vertex positions and attributes). 

Therefore, we must use an optimization procedure that relies only on sampling the energy function 

itself. We have chosen to use the downhill simplex method for this task, because it is easy to im

plement and generally requires only a small number of function evaluations before converging on a 

minimum (25]. This method takes as input n+ 1 vectors that specify the vertices of an n-simplex, eval

uates the function at these vertices, and proceeds by making a sequence of moves, such as reflections, 

contractions, and expansions, which are chosen based on the current function values at the vertices of 

the simplex. The energy function is then evaluated whenever a vertex in the simplex is moved. Near a 

local minimum, the simplex contracts until the function values at its vertices become sufficiently close 

to one another. Thus, by tracking the hyper-volume of the simplex, which always expands or contracts 

by a power of two, we can estimate when a minimum has been found. 

To apply the downhill simplex method to the mesh optimization problem, a basis is first constructed 

for the set ofm mesh vertices V, with positions xv= {x"}vEV = {x;}J=l• that are to be optimized. 

Even though these vertices need not be related geometrically or topologically whatsoever, we will 

assume that they are confined to a small neighborhood in the mesh. For example, if m = 4 (a number 
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of vertices frequently optimized at a time in our algorithm), then n = 3m = 12 linearly independent 

12-dimensional vectors (the :iyz-coordinates for the four vertices) need to be produced. The current 

vertex positions xv in M collectively make up an n-vector 

Po= 

for one of the vertices in the initial simplex. The remaining n vertices {p;}f=1 of the simplex can be 

computed by choosing the unit coordinate axes in IR" as a basis, and displacing these vertices a small 

distance c5; from p0 along each cmrnsponding basis vector, i.e. Pi = p 0 + c5;ei> 1 $ i $ n. Each such 

Pi naturally constitutes an initial estimate of the location of the optimal xv, and it is important that 

these estimates are reasonably close to the expected minimum for fast convergence. Consequently, the 

magnitude of the displacement c5; is based on the local geometry around the vertex set V. In our current 

implementation, c5; is set on a per vertex basis to the average length of the vertex's incident edges. One 

might suspect that using local coordinate frames derived from the geometry of the mesh (as opposed 

to using the arbitrary canonical basis in IR") would produce better and less biased offsets. However, 

we have not found this to be true in practice. 

Once the initial simplex has been formed, the continuous optimization of xv is performed by mak

ing repeated evaluations of the energy function until the process converges or a predefined limit on 

the number of evaluations is exceeded. In the current implementation, a limit of 32n evaluations is 

imposed to avoid spending too much effort on one small region of the mesh. 

So far we have not discussed how to choose the set of vertices V to optimize, as this decision is 

tightly linked to the outer, discrete optimization, which will be discussed in the following subsection. 

7.1.4 Discrete Optimization of Mesh Connectivity 

Most simplified meshes can be improved greatly by optimizing the positions of their vertices alone. 

After a while, however, a point of diminishing returns will be reached as changes to the connectivity 
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are needed to further improve the mesh. This is generally required for one of two reasons: either the 

local mesh connectivity is not appropriate for its given geometry, which can be handled by making 

one or more edge swaps; or the mesh tessellation is too fine or too coarse in relation to the geometric 

complexity, which is addressed by transferring vertices from one area to another using a vertex teleport 

operation. These two connectivity moves are described in the remainder of this section. 

To explore the entire space of all meshes, we need a way of generating all possible mesh connec

tivities J( for a given set of vertices V. While the number of meshes with a fixed number of vertices 

is finite, the vast majority of these meshes are not useful to us. Rather than generating the complexes 

from scratch, this type of combinatorial optimization is often done by making incremental changes to 

a good initial estimate of the optimal connectivity. Most simplification methods produce mesh con

nectivities that are at least reasonably good starting points. For manifold meshes of fixed topological 

type, it can be shown that the edge swap operator (Figure 2) is sufficient to produce any desired (man

ifold) connectivity. While this operation is useful for making local changes to the connectivity, it is 

not practical for distributing vertices over the mesh, as a long chain of edge swaps in conjunction with 

geometry optimization might be required to transfer a single vertex from one area to another. Instead, 

vertices are transferred using a more global and atomic operation. In essence, two atomic operations 

are needed to keep the vertex count fixed; one for vertex removal, and one for adding a vertex to the 

mesh. To remove a single vertex, we use edge collapse, while edge split is used to introduce a vertex 

(Figure 2). These two operations, when used together, make up the vertex teleport operation. We chose 

to use edge split instead of vertex split-the dual of edge collapse-for two reasons: The edge split 

results both in a uniquely defined connectivity and a unique position for the new vertex (assuming the 

edge is split at its midpoint), whereas vertex split requires not only the specification of which edges 

to "pull apart" but also how to assign coordinates and surface attributes to the new vertex. Second, by 

using edge split, the discrete optimization can be treated as a sequence of improvements made to the 

edges of the mesh via a small set of well-defined atomic operations. 

Recall that the discrete optimization is wrapped around an inner continuous optimization. When

ever a connectivity move is made, the geometry of the nearby vertices is optimized, and the move is 
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connectivity optimization level 
111ove 0 I 2 3 

no-op [ej [[felJJ lf[eJlJ 
swap l e'J llfe'lJJ lf[e'JlJ 
split {v} lfvlJ {v} U [f[eJlJ 
collapse {v} {v} {v} U llfelJJ \ [ej lf vlJ 

Table 2: Vertex sets optimized for each connectivity move and optimization level. Examples of e, e', 
and v are shown in Figure 2. For the edge split and collapse operations, v is initially placed at the edge 
midpoint. Geometry optimization is performed on levels 1-3, but not on level 0, e.g. the position of v 
is optimized on level I in the edge collapse operation, but remains at the edge midpoint on level 0. 

accepted if it leads to a decrease in the energy function. We will discuss how to choose what moves 

to make on what edges in the following sections, and focus the remainder of this section on providing 

the final details of how to perform each move. 

Since the initial connectivity might be far from optimal, one should avoid expending too much effort 

optimizing the geometry during the early stages. Therefore, we have chosen to associate multiple 

levels of geometry optimization with each connectivity move, ranging from simple vertex placement 

heuristics to optimizing successively larger sets of vertices. The idea is to allow an efficient but less 

accurate optimization strategy as long as the mesh quality can be improved, and to employ higher 

degrees of optimization to fine-tune the mesh near an optimum. Since the expected number of function 

evaluations is roughly linear in the number of vertices to be optimized, small sets of vertices are favored 

for optimization, which can then be expanded whenever insufficient progress is made. Table 2 contains 

the vertex set optimized for each connectivity move. In addition to the edge swap, split, and collapse 

operations, a "no-op" move is included that con-esponds to optimizing the local geometry without 

making any changes to the connectivity. 

While the set of connectivity operations used in our algorithm allows a large space of meshes to 

be explored, it is not complete, i.e. it is not possible to construct all meshes with a fixed number of 

vertices from a given initial mesh. For example, there is no way to merge two disjoint components or 

to change the genus of the mesh. Nor is it possible to open a hole in the mesh or to split a boundary 

loop in two. In order to keep the algorithm simple, the optimization method relies on starting from a 

good initial model that has the appropriate topology, but not necessarily the optimal connectivity. 
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7.1.5 Choosing Connectivity Moves 

After developing the necessary tools for locally optimizing the geometry and connectivity of the mesh, 

we now tum our attention to the issue of how to intelligently choose what parts of the mesh to optimize 

and what operations to use in order to most efficiently reduce the mesh energy. In this section, we 

assume that we are given an edge e to optimize, but are left with the decision as to what connectivity 

moves to attempt and what vertices around e to optimize. Because we can expect some moves to be 

more efficient at lowering the energy than others, but also require a healthy mix of moves, we would 

like to balance the use of different moves so as to reduce the energy as quickly as possible. Below we 

present a statistical argument for making the decision when to attempt a move. 

As mentioned in the previous section, there are multiple nested sets of vertices to optimize associ

ated with each connectivity move. For flexibility, we will treat the different optimization levels with 

each move as independent operations. (There are thus 13 possible moves.) By keeping a history of 

the performance of each operation, we can choose whether to attempt a move on an edge based on 

its efficiency, i.e. the expected reduction in energy per time unit. For each connectivity move and 

optimization level, statistics are maintained for the average change in energy !:>.E and its standard de

viation rJ, the average completion time9 t, as well as the frequency of utilization f. These averages are 

all computed using a nonuniform weighting function that exponentially attenuates the statistics over 

time. Adopting the conventions used in statistics, we use x = -!:>.E below to denote the random 

variable associated with the energy reduction, andµ to denote its (weighted) average. 

Following the goal to make quick downhill moves in the energy function whenever possible, the 

algorithm generally attempts only the most efficient connectivity move on an edge. However, in order 

to keep the statistics up to date, less efficient operations must sometimes be attempted. This choice 

is balanced using statistical probabilities by computing a confidence interval for the expected energy 

reduction. Let the variables (µ*, t*, J*) refer to the currently most efficient operation O*, i.e. the one 

with the largest ratio 'f. For large enough samples, we can assume that x follows a normal distribution. 

9The time is rneasured in number of energy evaluations instead of seconds to ensure that the optimization is detennin
istic and reproducible. 
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We can estimate the odds that an operation 0 is more efficient than the currently best operation 0' as 

follows. First, find the n that satisfies 
µ+ na µ' 

t t• 

The probability P(f > r;.) that 0 is more efficient than 0' is then P = 1 - erf( )2). where erf is the 

error function 

2 r , 
erf(x) = Vii Jo e-t dt 

This follows from the assumption that the distribution of x is normal. Given this probability P of 

success, i.e. of outperforming the best known move in efficiency, when should 0 be attempted? A 

reasonable choice is to use 0 in proportion to its probability of success. Thus, when P is small, 0 

is used less often, and vice versa. More precisely, 0 is attempted if its cmTent relative frequency of 

utilization is lower than the probability of success, i.e. if Jfr < P. 

By consolidating the equations above, we can rewrite the condition for attempting 0 as a single 

inequality: 

µ>max { t:µ• - v'2erf-
1 (J ~·f') a, Xmin} (6) 

where Xmin is the total change in energy accumulated from previous operations, which is reset to zero 

each time an edge is optimized. This te1m is included to avoid attempting a new, possibly expensive 

move when significant progress has already been made optimizing the current edge. 

By using a probabilistic algorithm to determine if a move should be performed, several moves per 

edge may be attempted in addition to 0'. We have chosen to use a predetermined order of operations, 

and optimization levels are ordered from lowest to highest within each move. The simplest move

the no-op--is attempted first. For each of its three optimization levels, Inequality 6 is evaluated, 

and the corresponding operation is attempted if the condition is satisfied. If insufficient progress 

is made (or if none of these operations is efficient enough to attempt), we may conclude that the 

geometry is locally optimal for the given connectivity, but we must allow for the possibility that the 

connectivity is not optimal with respect to the geometry of the target model. Consequently, the next 

cheaper move is attempted; the edge swap. Note that this move is only defined if e is manifold and 

does not form a surface attribute boundary (e.g. between two textures). If the edge swap optimization 

67 



does not significantly reduce the energy either, we need to investigate whether the surface is locally 

undersampled by attempting a vertex teleport. 

The vertex teleport operation begins by splitting e via insertion of a vertex v at its midpoint. In 

order for the edge split to be accepted, it must lower the energy enough to offset the expected increase 

in energy associated with the "cheapest" edge collapse. While the exact value for the lowest collapse 

energy is not always known ahead of time, it can be estimated using the lowest energy known when 

the previous edge collapse was completed. This energy is attenuated over time to ensure that one bad 

estimate does not entirely inhibit future teleport attempts. If the edge split does not meet this energy 

constraint, the operation is undone and the next optimization level is attempted. Otherwise, we must 

find an edge to collapse commensurate with the decrease in energy provided by splitting e, 

Similar to many simplification algorithms, our optimization method maintains a priority queue of 

edges, sorted by estimates of the edge collapse energies. As with other operations, an optimization 

level l is associated with each estimate. Initially, each collapse candidate is set to a default state of 

zero energy and an optimization level of zero. After a set of vertices V is optimized, the state of the 

edges LffVllJ is reset to this default state, likely placing the edges at the front of the queue, which is 

an indirect request that their energy estimates be updated since they are likely to have changed. When 

an edge collapse is requested, the lowest energy edge is dequeued. If its estimated energy is lower than 

the threshold given by the previous edge split, the estimate is verified by collapsing and optimizing the 

edge at its given optimization level. If, on the other hand, the threshold is exceeded, the optimization 

level is incremented and a (hopefully) lower collapse energy is obtained. If the edge collapse is still 

not acceptable, the edge is either reinserted into the queue, if the optimization level is lower than the 

maximum, or is temporarily set aside as its energy cannot be lowered, allowing other edge collapses 

to be considered, and the procedure is repeated. 

In each iteration of this search for a valid edge collapse, the edge with the lowest collapse energy and 

whose optimization level has not reached the maximum is dequeued. Due to this search order, from 

lowest to highest collapse energy, the likelihood of finding a valid edge collapse decreases rapidly 

over time, and the search is terminated if the probability of success is lower than 0.3%, i.e. using a 30' 
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confidence interval. This often preempts a futile search early, which might otherwise take a long time 

to complete. 

If an edge is found whose collapse energy is lower than the threshold, the teleport operation com

pletes successfully. Otherwise, the most likely conclusion is that there is no edge collapse compatible 

with the previous edge split. Instead of undoing the split, however, the method proceeds by collapsing 

the cheapest edge. While this will result in an energy increase, it is a rare occurrence, but not nec

essarily a bad one as it allows for occasional uphill moves that may get the optimization out of local 

minima. Also note that since the edges created in the previous edge split are candidates for collapse, 

we should always in theory be able to collapse one of these edges to revert back to the mesh as it was 

before the edge split. 

7.1.6 Choosing Edges to Optimize 

The outermost loop in the optimization method consists of choosing a set of edges to optimize. Quite 

naturally, some edges are better candidates than others, yet it is not immediately obvious how to rank 

them to maximize the reduction in energy. We can, however, order the edges by their potential for 

improvement by making use of difference images. That is, for a given choice of image metric and 

associated difference images, an oracle determines which areas of the mesh are high in energy, and 

which have a potential for large improvement. We have found this oracle to be useful for detecting 

artifacts in the mesh that can quickly be improved, which is an advantage over methods like [9] that 

rely solely on random descent. 

Periodically, the potential energy for each edge is computed by projecting its vertices onto the screen 

and summing up the pixel differences from blurred versions of the difference images, similar to (45] 

(see Figure 22). The blurring is performed efficiently by using a separable 5 x 5 Gaussian convolution 

kernel and the down and upsampling operations from [41], which results in an effective kernel size 

of 9 x 9. The edges are then sorted by their potential energy, and the oracle recommends a small 

set of the highest energy edges for optimization. The difference images are also used to measure the 

overall mesh energy, which is useful for monitoring the progress of the optimization. The user can 
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a. Original mesh (M). b. Mesh to be optimized (1\1). 

c. Vertex projections onto difference image. d. Mesh energy. 

Figure 22: The edge selection oracle. Bluffed difference images between the two models are computed 
periodically for all views. The vertices of the coarse mesh (shown in green in 22c) are then projected 
onto each difference image, and energy is collected for these vertices, resulting in the color-coded 
mesh in 22d. The vertex energies are then distributed to the edges of the model, which are ranked by 
decreasing energy. This allows the oracle to suggest which edges have the highest potential to reduce 
the total mesh energy. 

then tenninate the optimization when a satisfactory energy level has been reached. 

As alluded to above, the oracle does not always produce edges that can be improved greatly, and 

sometimes outputs roughly the same set of edges twice in a row. For this reason, the set of edges 

suggested by the oracle is interleaved with a batch of randomly chosen edges. At the beginning of each 

iteration, in which a total of 64 edges is optimized, these two sets are balanced based on the amount 

of progress made in the previous iteration. The resulting optimization procedure is very flexible and 

adjusts quickly to changes in the mesh that are either beneficial or detrimental. 
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7.2 Results 

The models discussed in this section were optimized on a one-processor 250 MHz RIOOOO Silicon 

Graphics Octane with Maximum Impact graphics and 256 MB of RAM. We include examples of 

models that were optimized between a few minutes and up to six hours using the mean square metric 

d~. Other parameters to the optimization algorithm, such as number of views and image dimensions, 

were the same as for the image-driven simplification algorithm (see Section 6.2). 

The first example of mesh optimization is for a bunny model that has been simplified using a variant 

of Rossignac and Borrel's vertex clustering method [7], for which all double-sided faces that were 

introduced during simplification have been removed, thus creating a few holes in the mesh. Figure 23a 

shows the cluster-simplified model, and Figures 23b through 23e show successively improved models 

using the image-guided optimization. In addition to smoothing out the rough surface, the optimization 

is able to close holes in the mesh through properly chosen edge collapses. The percentages in the 

captions correspond to the mesh energies relative to the input model in Figure 23a. 

Our mesh optimization method is also able to improve models that were simplified using higher 

quality simplification methods. Figures 23f and 23i show two models that were produced by memo

ryless simplification. Figures 23g and 23j show the results after optimization. Notice that the shapes 

of the ears are better captured by the optimized meshes, and the dark sliver triangles created by the 

memoryless method are gone. Figure 23h shows the original bunny model for comparison. 

Figure 24 shows the mesh energy as a function of time for three different versions of the Stanford 

bunny model, which are shown in Figures Sc, 23a, and 23i. These graphs are proof that the optimiza

tion algorithm indeed has the capability of greatly reducing the image-based energy measure. Not 

only did it yield a 25% improvement over image-driven simplification, which already produces mod

els of very high visual quality, but also reduced the energy for the models simplified using the two 

geometry-based methods below the energy of the image-driven simplified model. After a rapid initial 

reduction in energy, the curves eventually level off as the optimum is approached. Ideally, the curves 

would converge as time approaches infinity. Figure 24 shows that, while they all do approach a lowest 

level of energy, they may settle at slightly different levels. This may be due to the optimization getting 
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a. Venex clustering (V = 769) b. Optimized (1:49. 75.3%) c. Optimized (11:36. 51.5%) cl. Optimized (1:02:14. 36.5%) e. Optimized (6:00:19. 25.3%) 

f. Memoryless simplification (V = 341) g. Optimized (E = 59.7%) h. Original model (V = 34.834) i. Memoryless simplification (V = 693) j. Optimized (E = 58.8%) 

Figure 23: Optimized bunnies. The captions indicate the number of vertices (V), the energy in relation to the input model (E), and the 
time spent optimizing (hours:minutes:seconds). 



-Image-driven slmplif1Calion · • · · · ·memoryless slmplificatJon --vertex cluslerlng 

150 

145 
140 

135 
130 

125 

l 120 

~ 116 
B 110 
" 105 

100 

95 
90 
95 
BO 

75 

0 

\ 

\ 
.. 

\ 

' 

\ 
\ 

' '--

·- .. _ ., -,. ..___ 

\ 
"--

' '--. 

'--

------ ---
-- -----·- ---·--- --

2 3 4 5 

time (hours) 

6 

Figure 24: Mesh energy as a function of time for various bunny models. Each curve con-esponds to a 
different initial model, produced by the image-driven (693 vertices), memoryless (686 vertices), and 
vertex clustering [7] (769 vertices) simplification algorithms. The energy, which is based on mean 
square image differences, is here expressed as a percentage relative to the model produced by the 
image-driven simplification method, and starts at 380% for vertex clustering. 

stuck in local minima, and that the operations used in the optimization may be too localized to allow 

breaking out of these minima. 

Figure 25 shows the (final) mesh energies for several levels of detail of the bunny. These energies 

were computed using the 24 views described in Section 4. Notice that the optimization method always 

outperforms the image-driven simplification method using this quality measure, regardless of which 

model is used as input to the optimization. In fact, we have found that using the memoryless method 

followed by optimization takes less time than using image-driven simplification to reach the same 

energy level. However, the best meshes are obtained when the two image-driven methods are used 

together. Note that our image-driven optimization method has the potential to degrade the geometric 

accuracy of a simplified model. If both visual and geometric quality are desired, then image-driven 

simplification alone should be used. For these reasons, the image-driven techniques are both valuable, 

whether used together or not. 

To demonstrate how the quality of a Gouraud shaded mesh can be improved by making changes 

to its normals, we used the dragon model in Figure 26b. A memoryless simplified version (26a) was 
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Figure 25: Mesh energy for bunny models at different levels of detail. The lower two curves cor
respond to the final, optimized models, whereas the upper curves conespond to the models before 
optimization. 

a. Memoryless s implificalion (V = 4,095) b. Original model (V = 435,545) c. Op1imized (E = 33.5%) 

Figure 26: Gouraud shaded dragon model. Both geometry and vertex normals were optimized. 

improved by optimizing both geometry and vertex normals (26c). By not constraining the normals 

to unit length, the algorithm was sometimes able to artificially darken or brighten regions without 

changing the surface normal direction. As a result, details near the head, legs, and chest have been 

recovered in the optimized model. 

Figure 27 illustrates how the texture of a model can be improved. This torus-like object was created 
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a. Memoryless simplification (V = 580) b. Original model (V = 33,173) c. Optimized (E = 51.0%) 

Figure 27: Textured torus model. 

by spinning and sweeping an ellipse around a circle, and has a highly non-linear texture parameteri

zation. The texture image consists of several black numbers on a white background, with a number 

of colored squares and lines. Distortion to such simple geometric shapes should easily be recognized. 

Shown in this figure is a memoryless simplification, the original, and an optimized version of the torus 

for which both geometry and texture coordinates were modified. Notice that the large black zeros are 

better placed after optimization, and that the long curved lines are better matched. 

The final example is a textured frog model, shown in Figure 28a. This is the same model as the one 

shown in Figure 19a, and is composed of several topologically disconnected body parts. Figure 28b 

shows the frog model simplified by the memoryless algorithm, and several problems are evident. The 

front right foot has been entirely eliminated, and the remaining feet are also poorly preserved. One 

striking artifact is the distorted eye shape, caused by severe texture stretch and interpenetrating ge

ometry. There is also cracking evident between the legs and the body. Image-driven simplification 

produces a considerably better looking model, shown in Figure 28c. However, several artifacts re

main, mainly because this method does not optimize the vertex positions with respect to the image 

metric. The image-driven optimization method, on the other hand, not only recognizes all these prob

lems, but successfully "repairs" the damaged parts. Figure 28d shows the result of optimizing the 

vertex and texture coordinates of the model from Figure 28c. Optimization has fixed the cracks and 

improved both geometry and texture, resulting in a model of substantially higher visual quality. 

The results above show how our image-driven optimization method is able to improve the visual 
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a. Original model (V = 24,070) b. Memoryless simplification (V = 333) 

c. Image-driven simplification (V = 309) d. Optimized(E=60.1%) 

Figure 28: Optimized frog model. Notice the improvement in both geometry and texture after opti
mization. 

quality of a variety of models, including models with surface properties such as nmmals and texture. 

Because the method uses images to directly measure visual similarity, it accounts for and repairs vi

sually distracting artifacts, such as cracks in the mesh, which are common in drastically simplified 

models produced by geometry-based methods. Indeed, our optimization method is very well suited for 

improving such coarse models, and provides an automatic approach for this task that otherwise may 

require tedious editing by hand. Of particular value is the fact that our optimization technique is not 

constrained by what simplification method was used to produce the input model. As shown above, the 

optimization method is able to improve the visual quality of the input model even when supplied with 
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very low quality simplifications. Consequently, efficient simplification schemes such as the memory

less method [20] can be used to rapidly simplify very complex models to a few hundred triangles, after 

which optimization is used to fine-tune the mesh, resulting in a higher quality approximation of the 

same complexity. 
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8 CONCLUSIONS AND FUTURE WORK 

We have presented two methods for approximating an original, detailed polygonal model with fewer 

polygons in a manner that preserves the visual appearance of the original model. Both methods rely on 

the use of rendered images of the two models and an image metric to determine their visual similarity. 

The first of these methods-image-driven simplification-makes use of fast geometric heuristics and 

a sequence of edge collapses to reduce the complexity of a model. The edge collapse sequence is 

ordered by increasing visual difference, as measured by the image metric. The second method

image-driven mesh optimization-accepts a model that has already been simplified, and then seeks to 

improve the appearance of this model by perfmming a sequence of perturbations to the vertices and the 

connectivity of the mesh. For the framework used in both of these methods, we proposed efficient data 

structures and algorithms for quickly updating the necessary images and evaluating the image metric 

following a local change to the (partially) simplified model. We showed that our methods often lead 

to simplified models of substantially higher visual quality than those obtained using geometry-based 

methods. In particular, our methods explicitly account for the complex interactions between surface 

shape and attributes, texture image content, visibility, rendering styles, and geometric degeneracies 

such as mesh folds, cracks, and interpenetrations. 

One exciting direction for future work is the exploration of image metrics that are better tuned to 

the human visual system. Preliminary work in this area is presented in [57], although more research is 

needed to fully exploit the benefits of perceptual metrics. A natural extension to our image-driven sim

plification method is to improve the strategy for positioning vertices introduced during simplification 

by using image-based instead of geometry-based heuristics, in essence creating a hybrid between our 

simplification and optimization methods, without having to resort to an expensive global optimization 

of the entire mesh. A perhaps more challenging problem is to develop automated or semi-automated 

techniques for selecting parameters such as number of views, viewpoint placement, image dimensions, 

background image, lighting, etc. While the user has considerable freedom to specify these parameters 

in a manner suitable for the application, finding a good set of parameters may be a tedious process. Fi-
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nally, we envision many novel applications of our image-driven mesh optimization method, including 

remeshing for subdivision, lossy geometry compression, and design and parameterization of bump or 

displacement maps. 
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