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Abstract

The recovery of three-dimensional (3D) information
from range images is the major issue in the ex-
traction and recognition of 3D objects from sensory
data. 3D objects can be recognized by fitting prede-
fined fixed models to the data and minimizing the
fit error. Other techniques identify these objects by
matching generic, relational and functional models
to detected features in the data. Certain applica-
tions favor one approach over the other. However,
the wider variety of real-world situations, which typ-
ically involve noisy data, require generic models.

Presently, it is easy to obtain edges from images,
height from depth maps, but it is knowledge and
constraints which are needed from a 3D scene inter-
pretation system. This paper presents a mechanism
- for 3D object modeling and recognition from dense
range images. We first extract symbolic information
from a triangular mesh model surface approxima-
tion of the raw sensory range data. Aggregates of
these features define generic object models used to
abstract relevant scene information into a compact
symbolic form suitable for analysis and reasoning.
These resulting models are then effectively used for
fast 3D object recognition. Examples of the per-
formance of our approach are presented using both
simulated and real-world data.

1 Introduction

Computer aided design (CAD) produces models
which can be used for object recognition in range
images. However, since the manual generation of
CAD models is a laborious and expensive task, only
a limited variety of complex and interesting real-
world objects have CAD models. Therefore, there
is a need to automatically generate CAD models of
complex 3D object. Although extensive work has
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been done in 3D modeling, a small fraction of it is
dedicated to CAD model reverse engineering from
sensory information of existing objects. This is the
inverse of the CAD model design problem. Recent
advances in range sensing facilitate the acquisition
of dense range maps providing a wealth of 3D in-
formation. Meanwhile, the rapid growth in com- -
puting capabilities made available encourages the
use of such rich data. In this paper, we present a
3D data compression mechanism to abstract the ac-
quired sensory data into CAD models. This is a key
component in object recognition systems.

We have developed a framework for 3D model-
ing using a hierarchy of multiresolution triangular
meshes [7]. From these meshes, we detect curva-
ture discontinuity edges and points of curvature
extrema. Coarser mesh approximations are con-
structed by preserving these features and remov-
ing redundant sensory data. Our technique exploits
these 3D topographic features to generate 3D mod-
els of controlled accuracy. This feature-based mod-
eling technique is adequate for converting dense and
noisy range data into compact symbolic information
suitable for reasoning. It is particularly useful for
several difficult reasoning tasks (e.g., visual navi-
gation of autonomous vehicles in outdoor terrain,
replicating museum artifacts and reverse engineer-
ing of CAD models). Figure 1 gives a breakdown of
the general 3D sensing, object modeling and object
recognition tasks. We will illustrate the advantage
of our technique for these different subtasks.

A feature in a range image of a 3D object con-
sists of measurable properties characteristic of that
object. The aggregate of the object’s features forms
its model. Most of feature extraction techniques are
based on finding the edges bounding surface patches
in the range images. Once these edge are found,
the descriptors of their interior surface are readily
measurable. This approach tends to be extremely
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Figure 1: Sensing, modeling and recognition process
and its components.

expensive when dealing with dense range images.
Under these conditions (e.g., a noisy range image
of an indoor scene or a textured region in an out-
door scene), it may be more efficient to proceed in
the opposite way: first use a region growing rou-
tine to detect a feature region and then extract its
bounding edges. Edges in range images are clas-
sified into two basic types: jump edges, where the
range is discontinuous, and convez edges or concave
edges, where the range gradient is discontinuous.

Feature-based 3D object modeling [14] suffers
from complexities due to the size and errors of real-
world sensory data. Traditionally, 3D objects were
often modeled by polyhedra. These are easy to an-
alyze, are basic components of many man-made ob-
jects and can be used to approximate curved or ir-
regular objects. Nonetheless, range images do not
provide information on the internal sections of the
objects; i.e., they are only 2%D in nature. The new
contribution of this work is the application of un-
. structured triangular meshes in synthesizing com-
pact and generic feature-based object models suit-
able for reasoning applications. Most triangular
mesh applications for solid modeling [9, 17, 21] were
limited to visualization and rendering.

The information provided by range sensors is typ-
ically not acquired by direct measurements, but is
rather computed by stereo-matching of intensity im-
ages. This introduces high noise levels. Therefore,
many researchers [8, 11, 13, 19, 20] opt to use in-
tensity information to interpret such scenes. These
techniques attempt to solve two difficult problems
simultaneously; (i) the mathematical projection
models of 3D structures onto the captured 2D im-
ages and (7:) the interpretation of the 3D scene.
When range information is available, an image in-
terpretation system based on 3D information is
far less complex. Many surface modeling tech-
niques produce 3D surfaces from spatial data [1, 9].
While some systems interpret range sensory data di-
rectly [5, 12, 15], they are limited to clean surfaces
of controlled indoor scenes. Our 3D surface model,
however, lends itself for reasoning about complex,
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noisy 3D scenes. Its strength stems from the effi-
cient compression of raw range data into triangular
meshes and their intelligent conversion into topo-
graphic surface features suitable for generic model
matching. We will illustrate the advantage of our
approach in automating the four basic modeling
subtasks of Figure 1, namely, (i) data compression,
(ii) feature extraction, (i) feature abstraction and
(iv) model generation. Finally, we demonstrate its
experimental application to simulated and real sen-
sory range data and demonstrate its functionality in
recognizing man-made structures from aerial satel-
lite images.

2 3D Range Data Compres-
sion by Hierarchical Trian-
gular Meshes

The large amounts of data available from practical
range sensors make it infeasible to use uniform sam- -
pling for large regions of the whole images. There-
fore, a feature-based model is of essence. The vari-
ability of certain application-dependent relevance
measures, or discriminant properties, in the sensory
data can be used to identify important scene fea-
tures and foci of interest. Qur model relies on the
efficient representation of such 3D surface features.
This allows the segmentation of the data into high-
interest and low-interest regions depending on the
spatial distribution of the 3D features in the scene.
High data compression ratios can be achieved by a
triangular mesh representation of the data. This
is due to the fact that a 3D surface described by
3D points can be approximated by a smaller number
of surface elements. Computationally extensive sur-
face manipulations become more feasible through
the triangular representation.

We adopt a 3D topographic model based on
the notion of unstructured, irregular triangular
3D meshes [10]. These meshes are sets of 3D points,
not necessarily regularly spaced, with piecewise lin-
ear patches (i.e., planar segments) approximating
the actual 3D surface. The data structures de-
scribing the triangles contain attributes about the
available intensity, and possibly chromatic, informa-
tion. Although triangular meshes have been used
to model complex 3D scenes [2], they have not been
exploited to support symbolic reasoning and recog-
nition operations. Various well-known triangular
mesh generation criteria (3, 4, 16, 18] optimize dif-
ferent mesh properties. Unlike these methods, we
construct our triangular meshes using topographic
surface features [6].



Surface topographic features are automatically
extracted from the meshes to form coarser trian-
gular meshes. The iterative application of this to-
pographic coarsening at desired resolution levels re-
peatedly reduces the number of points and edges
not contributing to scene features. The incremen-
tal compression ratio can be subjectively controlled.
The process runs until all remaining mesh elements
belong to scene features, thus, achieving maximum
intelligible compression. The final resulting mesh
resembles a wire-frame model of the scene. Due
to the irregular distribution of interesting features
in a typical range data set, our irregular triangular
meshes provide the desired non-uniform sampling
across the covered scene. It yields lower points den-
sity in regions with little changes and higher points
density in high relief areas. This model is, therefore,
particularly compact, while, allowing scene analysis
at different granularity levels [7].

3 Automated Feature Extrac-
tion and Abstraction

A brute force approach to feature extraction from
range images would simply apply a certain opera-
tor over the whole image, thus, identifying all oc-
currences of a particular feature. Together with the
computational cost of the subsequent analysis of the
resulting features, this approach suffers from sev-
eral problems related to fine tuning of the feature
- detection process (e.g., thresholds, singularities and
lack of context information). Coupling the feature
extraction and feature interpretation efficiently (as
in Figure 1) yields substantially better results [14].
One such approach uses several detected features to
find large subsets of mutually consistent features.
While our feature-based irregular triangular mesh
generation is data-driven, their interpretation is
context-dependent. At the highest resolution level,
we use all the raw data to approximate the per-
ceived surface of the 3D scene. A mesh coarsening
algorithm extracts primitive topographic features
and preserves them in subsequent lower-resolution,
compressed meshes. The surface features are topo-
graphically invariant points and edge segments in
the triangular mesh approximation (e.g., peak and
pit points, ridge and ravine edges). Neighboring
features are grouped and analyzed. Simple relations
such as connectivity and continuity are studied in
the local neighborhood of each feature and used to
support the extraction of adjacent ones. Small iso-
lated features usually contribute negligible global
information, and overlooking them would not sub-
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stantially affect the subsequent object recognition
process. The detected surface features determine
the induced symbolic scene features in the coarser
meshes, hence the generality of this model. The in-
teresting scene features are context-dependent and
have semantic content; that is, they are subjectively
defined for certain applications.

The resulting hierarchy of triangular meshes, each
having a coarser representation of the scene, can
be used to segment more abstract scene features
(e.g., flat surface patches, inclined patches, ver-
tical patches, etc.) from the background at de-
sired resolutions. This is performed by incremen-
tally growing nearly-planar regions in the trian-
gular meshes into patches with consistent quan-
titative attributes. These, in turn, are grouped
into more complex, application-dependent symbolic
primitives suitable for analytical reasoning and ob-
ject recognition. This grouping is both a require-
ment and a merit of this model over other 3D mod-
els. We generate these nearly-planar patches by a -
local, incremental region-growing algorithm to limit
the computational complexity.

Each unprocessed triangle in the mesh is con-
sidered as a planar patch seed. By examining its
edges (and its adjacent triangles), we incremen-
tally expand it radially outwards. If these trian-
gles meet one of several stopping conditions, their
shared patch boundary edges are “frozen” and ex-
pansion resumes elsewhere. A patch ceases to ex-
pand at a certain edge if its corresponding trian-
gle makes a large dihedral angle with its average
plane or if the edge has already been marked as a
topographic feature edge. After the expansion of
an edge, the patch is augmented with the corre-
sponding exterior triangle and its average plane is
accordingly adjusted. Figure 2 shows the initial and
final states of such a patch. For each triangle t;,
the boundary 7 of the patch P; is minimally set to
the edges of tx). The edges of 7 are ordered such
that 7 = {u; | wiui41 €7, 1< i< n, upp1 = w1}
Then, we incrementally expand 7 until it reaches
its maximal state. If the edge to expand w;u;41
of the patch P; is a feature edge, it is included in
the maximal enclosing cycle and is not expanded
further. Otherwise, if the unprocessed triangle t;
exterior to that edge meets the co-planarity crite-
rion, it is added to P;. When P; cannot be expanded
any further, its boundary edges are marked as fea-
ture edges and a new unprocessed seed triangle #;
is used to grow a new patch. This process contin-
ues until all triangles are grouped into contiguous
patches. Ultimately, the scene is totally tessellated
with nearly-planar patches.
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Figure 2: Growing a triangle ¢; into a nearly-planar
patch m: (a) initial patch, (b) final patch.

The planar patch generation exploits the detected
surface features and abstracts them into more sym-
bolic scene features. This synthesis of simple local
features into global ones facilitates model building
for object recognition. It effectively bridges the gap
between sensory data and symbolic models. The re-
sulting patches and their relations are the building
blocks of generic 3D object models.

4 Object Model Generation

The general situation in 3D object recognition in-
volves the attempt to match an existing object
model with certain subsets of the acquired data.
This problem heavily depends on the data format
and on the expressiveness and complexity of the
model to be matched. In order to reduce the re-
quired computational effort, the data can be ab-
stracted and synthesized into symbolic entities, as
described above. In this section, we concentrate on
the generation of 3D object models suitable for the
recognition process. A certain level of compatibility
must be ensured between the model and the syn-
thesized knowledge about the scene to facilitate the
successful identification of objects. The automatic
generation of CAD models, also known as reverse
engineering of CAD models, is therefore a vital step
towards object recognition.

The most straightforward fashion to formulate
3D object models is the use of wire-frames. The
3D edges in such models correspond to characteris-
tic edges on the surface boundary of the 3D object.
Wire-frame models tend to be precise, and there-
fore, they are suitable for the recognition of simple
objects in accurate sensory data. Nonetheless, sen-
sory information is invariably corrupt with errors
and noise which cannot be accounted for by simple
filtering. In such cases, precise models fail to detect
the required objects. A more generic dual of wire-
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frame models is based on the faces of the object.
These are the surface patches bounded by closed
cycles of wire-frame edge segments. The collection
of such faces form a complete 3D surface boundary
model of the object. Using faces to model an ob-
ject has several advantages among which we cite:
(i) fewer faces than edges are usually required to
describe the object, (#i) a face description captures
much more information than an edge description
and (#4i) more generic models can be built in terms
of faces than in terms of edges.

In view of the above arguments, we use our trian-
gular mesh 3D surface model to generate 3D object
models. The nearly-planar patches form the faces of
the objects of interest. If a wire-frame model is pre-
ferred, the boundaries of these patches can be used
instead. After the initial triangulation is obtained,
and its topographic surface features identified, it
is iteratively coarsened. A compact model can be
then defined by the patches and edges of the final
coarse mesh. It includes information on the actual
faces, their boundaries and their mutual geomet-
ric and topologic relations. These relations can be
symbolically expressed as rules or constraints net-
works. Such a generic model would be suitable for
subsequent object recognition tasks.

Since models constructed in this fashion are not
particularly accurate, they are generic and flexible
in nature. They can be used to identify objects us-
ing low-resolution, compressed triangular meshes.
Once the object of interest is identified by fitting
a coarse model to its corresponding region in the
data set, more details can be extracted from the
data using higher-resolution meshes. This scenario
is particularly useful with the typically large sets
of range sensory information. It amounts to the
compression of the data, searching the compressed
data for object occurrences, then, locally expand-
ing data in the region of interest to reconstruct the
object more accurately. The main strength of this
approach, and the key factor in making it feasible,
is our topography-preserving 3D data compression.

5 Experiments with Simulated
Objects

We illustrate the behavior of our automated 3D ob-
ject model generation by applying it to a set of
simulated range readings. We arbitrarily define a
certain 3D scene with one or more objects and po-
sition the simulated range sensor at an arbitrary lo-
cation. The simulator produces values correspond-
ing to those which a range finder would provide.



Although we do not add any type of noise to the
data, the discrete measurements of such a simula-
tion reflect the real-world situation. Figure 3 shows
a perspective view of such a simulated scene and the
resulting 3D model. For clarity, only the wire-frame
format of the model is shown. The original version
of the scene consists of 961 vertices corresponding to
the discrete range measurements covering a region
with two polyhedral objects on a flat background.
The final model of the scene consists of 31 vertices
only. This is to be contrasted with the minimal
number of vertices (24) which defines the simulated
scene. This demonstrates that the compression of
the simulated data was possible within the limit of
the digitization and the sampling interval.

Figure 3: A simulated 3D scene of two polyhedral
objects: (top) the detected feature edges of the orig-
inal dense simulated range data, (bottom) the result-
ing wire-frame models of the objects.

6 Application to the Detection
of Man-Made Structures

The versatility of our hierarchical triangular mesh
model is demonstrated by its use in a wide variety of
applications (e.g., modeling rugged natural terrain
scenes to assist autonomous vehicle navigation, au-
tomatically building CAD models of 3D objects and
cartography). In this section, we demonstrate its
applicability to the problem of aerial range image in-
terpretation. This application deals with assigning
meaning to certain regions of the images and seg-
menting its various interesting objects. Our model
can be easily used both for automatic object recog-
nition, and automatic object reconstruction of man-
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made structures in real-world sensory range images.

Such unstructured environments require model-
driven, seed-growing object recognition. The data is
segmented into meaningful regions varying in their
discriminant properties. Tentative model match-
ing is constrained to locations where a seed region
is identified. Subsequently the seed-growing phase
identifies the remaining model features and recog-
nizes any existing objects. In general, this strat-
egy is suitable for scenes with moderate complexity,
both in data and in semantics. The local nearly-
planar patch generator provides the initial set of
regions which can be studied quickly and reliably
using semantic representations of the domain knowl-
edge. The reliability of the intermediate-level patch
representation prevents excessive backtracking [22].

In order to recognize large classes of objects, we
use generic models [8, 12, 15]. . We use a single
generic model covering houses, apartment buildings
and large hangars. When such a structure is rec-
ognized, a set of derived parameters are computed
(e.g., height, area of floor plan, volume, area of
enclosing surface). They are used to distinguish
the different objects using domain-specific knowl-
edge and to reconstruct the detected objects’ ge-
ometry. Our building model is expressed in terms
of a set of nearly-planar patches and their mutual
topologic and structural relations. While we use
some constrains on the object’s dimensions to ex-
clude spurious matches, we allow for partial model
matching. If we were to recognize outdoor vehi-
cles using this generic model, only the thresholds of
these constraints need to be changed.

We applied our technique to real geographic el-
evation data captured by satellite aerial imaging.
The data covers an area of roughly 240 x 240 square
meters with a 1 m resolution. The region, shown
in perspective in Figure 4, features a plain with
17 buildings of similar heights. The corresponding
mesh consists of 120x120 points Digital Elevation
Map (DEM) regularly sampled at 2 m intervals.
The detected houses’ walls and roofs, shown in grey,
are formed by adjacent nearly-planar patches satis-
fying our generic model. For each patch, in addition
to its location, the process also computes its total
surface, its normal vector (i.e., its 3D orientation),
its boundary and its neighboring patches. Together,
these are used to reconstruct the geometry of the ex-
tracted objects if needed. Table 1 gives the results
of these computed parameters. For each house, they
include the number of patches forming it, the area
of the total surface enclosing it, its floor area and
its center of gravity (C.0.G.). All dimensions are
in meters in a right-hand coordinate system.
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Figure 4: Extraction of houses in a suburban area
[120x120 points, sampled at 2 m.]: range im-
age data in grey-scale format (left), original dense
triangular mesh (higher right mesh) and detected
houses (lower right mesh).
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# | Pat- | Outside | Floor C.0.G.
ches | surface area

1 51 618.9 409.9 60.8,110.8,103.3

2 59 825.7 512.5 111.3,64.5,104.1

3 57 818.9 511.6 86.7,103.1,104.7

4 76 835.0 514.0 65.0,137.6,104.7

5 47 860.1 535.1 42.4,176.8,105.2

6 78 929.3 596.1 97.1,164.9,105.1

i 80 932.6 634.2 125.0,180.5,105.0
8 90 895.4 590.0 150.8,198.7,105.0
9 85 821.3 534.7 128.0,220.5,105.1
10 T 915.7 604.4 | 183.8,217.1,105.1
11 63 885.7 588.4 | 209.3,179.0,105.3
12 58 631.2 436.3 | 229.5,141.9,105.4
13 98 609.7 400.3 212.1,10]:.7,103.6
14 91 617.3 415.9 181.8,83.3,103.7
15 | 165 1510.9 997.7 149.7,79.7,104.4
16 | 218 1599.0 1065.8 | 183.7,111.2,104.5
17 81 533.6 366.2 218.0,9.1,101.4

Table 1: Numerical results of house extraction in a
suburban area.

The advantage of using generic models becomes
more evident in enabling the matching and object
recognition at various resolution levels. Our build-
ing 3D model can be applied to coarsened topo-
graphic meshes rather than the full data sets. Fig-
ure 5 depicts a subset of the original test region fea-
turing two houses. The mesh consists of raw data
given in a 40x40 DEM sampled at 2 m intervals.
It was coarsened several times reducing the number
of vertices from 1600 to 283 (over 82% saving). The
numeric results of the house detection in this coarser
mesh are almost identical to those obtained using
the high resolution mesh in the previous example.
These two houses correspond to houses 10 and 11 in
Figure 4. Their shape and properties are preserved
despite the mesh coarsening.

These results show that our hierarchical triangu-
lar meshes, together with the generic model of man-
made structures, can successfully handle real world
sensory data. Range data in general, and in remote
sensing and photogrammetry in particular, is typi-
cally imperfect. Our approach reduces the 3D ob-
ject recognition complexity through intelligent data
compression and filtering by triangular mesh topo-
graphic coarsening. While object identification is
performed with the compressed data, object recon-
struction can be subsequently done at any desired
resolution level. For accurate object recognition,
the high resolution meshes are used. The obtained
results provide good initial guesses for techniques
combining range and intensity data.



# | Pat- | Outside | Floor C.0.G.

ches | surface area
1 83 915.9 603.5 | (183.8,217.1,105.1)
2 62 884.3 592.1 (209.3,178.9,105.3)

Figure 5: Extraction of houses: original triangu-
lar mesh (top mesh) and the detected houses in a
coarser mesh with 82% less vertices (bottom mesh).

7 Conclusion

We described a mechanism for the automated gen-
eration of triangular mesh models for 3D objects
from real-world sensory data. Such models can be
generally expressed in terms of the objects’ corre-
sponding wire-frames or their surface patches. Our
3D scene model provides support for symbolic anal-
ysis and interpretation of complex real-world scenes
such as outdoor aerial range images. The range
data is approximated by a hierarchy of irregular
triangular meshes of decreasing resolutions. From
these, the scene features are represented by collec-
tions of neighboring nearly-planar patches which are
grouped into more complex symbolic scene entities
(man-made structures in this case) suitable for an-
alytical reasoning. The attributes of these patches
are used to accurately reconstruct the identified ob-
jects. They can also be expressed at various reso-
lution levels allowing a symbolic generic description
of the objects’ characteristic features.

Our feature-based model has the advantage of
allowing the recognition to be performed using
the compressed data, thus, substantially reducing
the model matching complexity. Furthermore, sig-
nificant storage savings are made possible by its
3D data compression. After the initial object iden-
tification is done, more accurate 3D object recon-
struction can be performed, if required, using the
uncompressed original data, or any intermediate
compressed levels.
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Future efforts will concentrate on extending the
current system with more complex symbolic manip-
ulations of the extracted nearly-planar patches in
order to support more intricate scenes. The generic
object models used thus far can be slightly modified
to detect classes of similar objects. More generic
models will be built to deal with substantially dif-
ferent scenarios. Additionally, the raw data used
thus far only considers 3D range information. Vari-
ous physical surface properties can also be obtained
and used to enrich the models.
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