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Abstract
We present an approach that utilizes ef cient geometric feature extraction and a
matching method that takes articulation into account. It is primarily applicable
for man-made objects. First the object is analyzed to extract geometric features,
dimensions and rotation are estimated and typical parts, so-called functional
parts, are identi ed. Examples of functional parts are a box�s lid, a building�s
chimney, or a battle tank�s barrel. We assume a model library with full annota-
tion. The geometric features are matched with the model descriptors, to gain
fast and early rejection of non-relevant models. After this pruning the object
is matched with relevant, usually few, library models. We propose a sequential
matching, where the number of functional parts increases in each iteration. The
division into parts increases the possibility for correct matching result when sev-
eral similar models are available. The approach is exempli�ed with an vehicle
recognition application, where some vehicles have functional parts.

Keywords: geometric features, early rejection, content-based matching,
least squares
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We present an approach that utilizes ef�cient geometric
feature extraction and a matching method that takes articu-
lation into account. It is primarily applicable for man-made
objects. First the object is analyzed to extract geometric
features, dimensions and rotation are estimated and typi-
cal parts, so-called functional parts, are identi�ed. Exam-
ples of functional parts are a box's lid, a building's chim-
ney, or a battle tank's barrel. We assume a model library
with full annotation. The geometric features are matched
with the model descriptors, to gain fast and early rejec-
tion of non-relevant models. After this pruning the object
is matched with relevant, usually few, library models. We
propose a sequential matching, where the number of func-
tional parts increases in each iteration. The division into
parts increases the possibility for correct matching result
when several similar models are available. The approach is
exempli�ed with an vehicle recognition application, where
some vehicles have functional parts.
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1 Introduction
A common problem in computer vision is to �nd whether an
unknown man-made object matches a model in a model li-
brary. The object is registered with a sensor system and the
data set describing the object is contaminated with noise
and other uncertainties. The object's pose cannot be con-
trolled during the registration and the object may contain
articulated parts. For example, vehicles can easily change
appearance by opening of a door, adding of load etc., and
boxes may have the lid in various positions. Buildings may
be of complex shape and contain a chimney or a tower. In
these cases, it is important that the object and model are
placed in the same pose before matching to avoid that sev-
eral poses have to be tested for each object-model combina-
tion. Applications where this occur are in traf�c monitor-
ing, industrial applications, urban structure modelling and
military target recognition.

One approach is to analyze data before querying the
model library. This can both reduce the number of poses
that need to be tested for each object-model combination
and the number of models that are relevant for matching.
We present an approach, primarily applicable for man-made
objects, that utilizes ef�cient geometric feature extraction of
the object and a matching method that takes articulation into
account.

First the object is analyzed to extract geometric features.
Its dimensions (length, width and height) and rotation are
estimated and typical parts, here called functional parts, are
identi�ed. Examples of functional parts are a box's lid,
a building's chimney, a vehicle's door, or the barrel of a
battle tank. We assume a model library with full annota-
tion. The geometric features are matched with the model
descriptors, to have fast and early rejection of non-relevant
models. In the next step the object is matched with relevant
library models, usually a low number of models. The esti-
mation of dimensions and rotations of each part simpli�es
the model matching as the degrees of freedom reduce. The
distance between the object and the model is minimized in
least squares (LS) sense. Functional parts may be subject
to articulation and this is taken into account in the match-
ing. We propose a sequential matching, where the number
of functional parts increases in each iteration. The division
into parts increases the possibility for correct matching re-
sult, when several similar models are available.

In this paper, the object data is a 3D point scatter re-
trieved with a sensor system. The paper focuses on the in-
teraction with the model data base, i.e., the model selection
using model descriptors and model matching of articulated
objects. The extraction of geometric features is described
shortly. In Section 2 we survey previous work. In Section
3, we describe an approach to least squares �tting of two
point scatters including articulation and in Section 4 this is
applied to �tting of a point scatter with a wire-frame model.
The proposed approach is applied to vehicle recognition in
Section 5. A discussion is found in Section 6 and in Section
7 the paper is summarized and concluded.
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2 Previous Work

We review earlier work concerning size and orientation esti-
mation, segmentation of complex shapes and functional part
identi�cation, LS �tting of 3D point scatters and, �nally,
matching of wire-frame models with 3D point scatters.
The orientation of objects, registered in 2D by passive

imaging or projections of 3D data, can be estimated by
rectangle �tting. An iterative approach is proposed in [3]
and in [2, 8, 13, 16] non-iterative approaches are described.
The objects being characterized are asteroids [16], build-
ings [13] and vehicles [2, 8], respectively. Eigenvalue cal-
culations are used to estimate the orientation of the object
[13, 16]. After that, a rectangle that bounds the object sam-
ples [16] or is optimal in second order moment [13] is cal-
culated. In [2], a rectangle that bounds the object data is
estimated and in [8] the orientation is given by the direction
of point pairs and the dimensions by density calculations.
Segmentation of complex shapes into rectangular func-

tional parts is treated in [5, 13]. The segmentation [13] is
based on interval division, maximizing of each rectangle,
and minimization of overlap between rectangles. In [5], the
segmentation is based on search for rectangles similar to the
searched functional parts. The search is constrained on the
data noise and number of samples.
The problem with articulated functional parts of vehi-

cles and vehicle recognition is treated in a general way in
[5, 8, 10, 12, 14]. In [5, 8, 10] the functional parts are
identi�ed and the model is oriented according to the es-
timated orientations of the functional parts. In [14], each
model is stored with several articulations and fast matching
(geometric hashing) is used. The functional parts are iden-
ti�ed using combinations of geometric rules and cuboid �t-
ting [8], rectangle �tting [5], a hypothesis testing [10], or
division into surface patches [14]. The dimension estimate
and functional part identi�cation is used for retrieval of rel-
evant models in the model library [14]. In [12], the func-
tional parts are identi�ed using spin image technique where
the functional parts are stored in a library of spin images.
The problem of relating two three-dimensional data sets

under the presence of noise has been subject to much atten-
tion [1, 4, 6, 9, 11]. The �absolute orientation problem� of
�nding the least squares solution of a rotation and transla-
tion rigid body transformation is addressed in [1]. A re�ne-
ment of [1], that avoids the re�ections problems in [1] and
also handles scaling transformation, is presented in [11]. In
[9], a method based on a mixed least squares - total least
squares solution is proposed, assuming noise to be present
in both point sets to be �tted. The methods in [1, 9, 11] all
have the disadvantage of requiring both data sets to have the
same number of points, and that the point correspondence
between the sets is known a priori. By contrast, [4] solve the
�approximate geometric pattern matching problem�, based

on approximately minimizing the directed Hausdorff dis-
tance from the pattern set to the background set using rigid
body transformations. The points sets can be of different
sizes and point correspondence is not assumed. An ap-
proach to �t a 3D point scatter to a face model using projec-
tions of the point scatter is presented in [6].
We will extend the work in [6] to a general case with sev-

eral functional parts and a model library containing several
models. The initial estimate of the object's dimensions, ro-
tation and identi�cation of functional parts will follow [5].

3 Matching articulated point sets

We �rst present the global LS �tting problem for two point
scatters with point correspondences, earlier presented in [1,
9, 11]. The problem is then extended to modular LS �tting
where the object's articulation is treated. Modular �tting for
two parts is earlier presented in [6].

3.1 Global LS �tting

Assume that we have two 3D point sets P =
(p1; p2; :::; pN )

t (N � 3) and Q = (q1; q2; :::; qN )
t (N �

3) that are related by Q = (PR+ T ) + E, where R
is a rotation matrix, T is a translation vector and E =
(e1; e2; :::; eN )

t is noise. The (noise free) model is repre-
sented by Q and the noisy object by P . We assume that
ei; i = 1; :::N , has zero mean, equal variance and that the
elements in E are independently and identically distributed
(iid). We will �nd R and T that in least squares sense mini-
mize the estimation error

V = min
R;T

kQ� (PR+ T )k22 (1a)

subject to RRt = I (1b)
detR = 1; (1c)

where V is the mean square error (MSE), k�k2 is the Euclid-
ian norm, (�)t is matrix transpose, and I is the identity ma-
trix. De�ne the regressor � and the parameter vector �

�t =
�
P 1N�1

�
� =

�
Rt T

�t
;

where 1N�1 = (1; 1; :::; 1)t. The minimization problem (1)
can then be written

V = min
R;T

Q� �t�2
2

(2a)

subject to RRt = I (2b)
detR = 1: (2c)
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3.2 Modular LS �tting
Suppose that we have a method to identify the functional
parts of the object, that we can divide the data set into these
parts and that it is possible to do the same division with
the model data. Let us assume that the object has a main
part and on that part, an articulated part is placed and on
that second part a third, articulated part is placed, etc. The
general �tting problem, with model and object data divided
into J parts, can be expressed

Q1 = P1R1 + T1 + E1

Q2 = (P2R1 + T1)R2 + T2 + E2

...
QJ = PJRJ + TJ + EJ

RJ = R1R2 � � �RJ�2RJ�1
TJ = TJ�2RJ�1 + TJ�1;

where the elements in E = [ E1 E2 � � � EJ ]
t are iid

with zero mean and equal variance. Part Pj contains Nj
samples, N1 +N2 + � � �+NJ = N . De�ne �t and � as

�t =

0BB@
P1 0 0 0 1 0 � � � 0
0 P2 0 0 0 1 � � � 0
� � � � � � � � � � � � � � � � � � � � � � � �
0 0 � � � PJ 0 0 � � � 1

1CCA ;
� =

�
Rt1 � � � RtJ T1 � � � TJ

�t
;

and the minimization problem can again be written

V = min
R1;��� ;RJ ;T1;��� ;TJ

Q� �t�2
2

(3a)
subject to RjR

t
j = I; j = 1; :::; J (3b)

detRj = 1; j = 1; :::; J (3c)

4 Fitting point set with face model
In most cases, two point sets with point correspondence are
not available [4, 6]. Instead we have a point scatter describ-
ing the object and the model is a face model, denotedM. It
is then possible to �t the object samples with their projec-
tions on the closest facets. After initial projection and �t, a
new projection and �t can be performed and the iterations
continue until the MSE varies only slightly.
De�ne P as the point set describing the object and Q as

the point set describing the model, whereQ is the projection
of the elements in P to the closest model facet, i.e.,

P = Proj (QjM) :

If the orthogonal projection of an element in P is not on a
facet, the projected sample is set to the closest facet edge.

An outlier rejection is also necessary; elements in Q that
have too long distances to the corresponding samples in P
will be rejected. The outlier distance is user de�ned. The
iterative algorithm for �tting of a 3D point set with a face
model, when the number of functional parts is �xed, is sum-
marized in Algorithm 1.

Algorithm 1 (Fitting of point scatter and facets)

1. Estimate the object's orientation, including orientation
of functional parts, and place the model in similar po-
sition. This gives the initial rotations R01; � � � ; R0J and
translations T 01 ; � � � ; T 0J .

2. For iteration k, calculate the projected samples of
P kj ; j = 1; :::; J on the modelM, Qkj =Proj

�
P kj jM

�
,

to get point correspondences.

3. Reject outlier elements in Qkj and their corresponding
elements in P kj ; j = 1; :::; J .

4. Estimate rotations Rk1 ; � � � ; RkJ and translations
T k1 ; � � � ; T kJ and calculate the MSE of the estimation
error, V k (M), see (3).

5. If � < V k (M) =V k�1 (M) � 1 , terminate. Other-
wise, continue to iteration k + 1. The threshold � is
user-de�ned.

In the general case we have a model library withM face
models Mm;m = 1; :::;M . The problem of �nding the
correct model for the object can be expressed

argmin
Mm

V (Mm; J) : (4)

This is a nonlinear optimization problem, due to the projec-
tions, which means that good initialization is necessary. The
initialization gives us the initial rotation R0 and the initial
translation T0. The separation into functional parts is con-
trolled by the model with which the object is matched. If
the model contains one or more parts, the matching will be
performed with the parts articulated according to estimates
from data.

4.1 Penalty on number of functional parts
There is a trade-off between the number of samples, un-
certainties in measurement data and the model complexity.
The fundamental cost of parameters can be expressed by the
�nal prediction-error criterion (FPE) [7]:

F (M; J) =
1 + dM=N

1� dM=N
V (M; J) ; (5)

where the object and model is divided into J parts and
dM = dim �M. Note the (obvious) criterion of number of
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samples: N > dM, which prevents over-�tting. F (M; J)
decreases as N increases. A lower �tting error V (M; J)
gives a lower F (M; J), thus, good initial �t of Q and P
and a low noise level in the measurement data P gives a
lower F (M; J).

4.2 Modular matching algorithm
We propose a sequential approach for inclusion of func-
tional parts. The separation of the object and the model into
main part (P1; Q1) and subparts (P2; :::; PJ ; Q2; :::; QJ) is
application dependent. This sequential �tting can be used
for selection of correct model when several similar models
are available. The �tting at iteration j gives good initializa-
tion for iteration j + 1. The algorithm for model matching
for articulated objects is summarized in Algorithm 2.

Algorithm 2 (General modular matching)

1. Estimate the object's orientation, including orientation
of functional parts, and place the model in similar po-
sition.

2. For iteration j = 1; 2; :::, separate the object data set
and the model into the main parts and subparts accord-
ing to de�nitions applicable for the current problem.

3. Calculate the best �t for j articulations according to
(4) using Algorithm 1.

4. Calculate the FPE, F (M; j), according to (5).

5. If F (M; j) � F (M; j � 1), terminate. Otherwise,
continue to iteration j + 1.

6. If F (M; j) � F (M; j � 1), the correct division into
parts is found for J = j � 1. The estimates of rotation
and translation for each parts are found.

5 Case study: vehicle recognition

5.1 Introduction
We exemplify the approach for an application on recogni-
tion of military vehicles, where some have functional parts.
In this case we have a 3D registration of a vehicle and the
problem is to recognize the correct model in the data base.
In the data base, the models are stored as wire-frame face
models, which come from CAD libraries or are generated
from earlier registrations. The number of data base mod-
els selected for matching with the object, i.e., the probe, is
reduced sequentially, see Algorithm 3.

Algorithm 3 (Model association)

1. Estimate the object's dimensions and orientations in
3D. Select models of the library where the dimensions
are correct, within a tolerance.

2. Identify the object's functional parts, their dimensions
and orientations. Select the models from the previous
step that contain those functional parts.

3. For each model remaining after step 2, perform match-
ing using Algorithm 2. First global matching will be
performed (j = 1) and the modular matching up to
j = J , where there are J � 1 functional parts.

4. The model that �ts best to the object is the model
with lowest value on V (M; j) and where F (M; j) <
F (M; j � 1).

The method used for dimension and orientation estimate
and functional parts identi�cation is described shortly in
Section 5.3 and further in [5]. The results of steps 1-2 in
Algorithm 3, the selection of relevant models, are shown
in Section 5.4 and the results of the model matching (steps
3-4 in Algorithm 3) are shown in Section 5.5.
The goal with identi�cation and �tting of functional

parts for vehicles is to simplify the model matching. If the
parts are identi�ed we can match with libraries regardless of
the relative position of the functional parts. Different con-
�gurations of a vehicle can be handled in a structural way.
If the functional parts of a tank (the barrel and turret) can be
extracted, the hypothesis that the object is a tank is strength-
ened. When the object's functional parts can be identi�ed,
the recognition can be simpli�ed as the degrees of freedom
reduce. Further, for a tank the orientation of the barrel indi-
cates the tank's intention, which can be useful in security or
military applications.

5.2 Data sets and data base contents
Wewill use data sets from four types of vehicles to illustrate
the early rejection and the ef�ciency of modular matching.
In this case the objects are registered with a scanning laser
radar, although other 3D registering systems are applica-
ble. The data set consists of two tanks (one T72 and one
M60), one anti-aircraft gun (ZSU23) and one armored per-
sonal carrier (MTLB). The estimated dimensions and the
identi�ed functional parts are shown in Table 1. The un-
certainties in dimension estimates are based on estimates of
measurement noise variance, the number of samples and the
performance of the dimension and orientation estimator.
In the model library, i.e., the data base, there are 16 mod-

els of common tanks, an anti-aircraft gun, howitzers, ar-
mored personal carriers and smaller personal carriers. All
models are represented by wire-frame face models of low
resolution, typically there are 500-800 facets. We assume
that the model's properties are stored for all models, i.e.,
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Object Dimension estimates Part id.

Length Width Height Turret Barrel

T72 9.07�0.60 3.55�0.75 2.42�0.75 Y Y

M60 9.52�0.90 3.56�1.35 3.09�1.35 Y Y

ZSU23 5.53�0.90 3.00�1.35 3.37�1.35 Y N

MTLB 6.44�0.60 3.07�0.75 2.00�0.75 N N

Table 1: Estimated dimensions (in meters) and identi�ed
functional parts of the four objects. The estimated three
standard deviation distances are given as dimension uncer-
tainties.
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Figure 1: The models in low resolution, axes in meters.

we assume full annotation. The descriptors are dimen-
sions (length, width and height), allowed orientations, and
presence of functional parts (barrel and turret). The T72
and M60 models contain both turret and barrel, the ZSU23
model contains a turret but not a barrel and the MTLB
model has neither a turret nor a barrel, see Figure 1.

5.3 Initialization and functional part identi�-
cation

Approached for separation of complex objects and func-
tional part identi�cation have been presented earlier in the
literature [5, 8, 10, 12, 13, 14]. The method used in this case
study is further described in [5]. The method handles gen-
eral 3D scattered data. It takes advantage of the 3D structure
and that the dimensions are known in laser radar data. The
estimation of initial position and segmentation into func-
tional parts is based on the assumption that man-made ob-
jects, like vehicles and buildings, in certain projections are
of rectangular shape. A man-made object of complex shape
can be decomposed into a set of rectangles and in some
views the rectangles will describe the functional parts of
the object. When an object is measured with a laser radar,
we can derive a 3D view of the object. This means that data
can be projected to an arbitrary view. On the other hand,
a laser beam does not penetrate dense materials like metal
surfaces. Thus, we only collect data from the parts of the
object that are visible from the laser radar's perspective (so-
called self-occlusion). Further, in this application we cannot
assume that the object is placed in a certain pose relative to
the sensor and we cannot assume any certain orientation or
articulation of the object.
The initialization algorithm consists of three steps; 1) Es-

timate the object's 3D size and orientation using the rectan-
gle estimation. 2) Segment the object data into parts of ap-
proximately rectangular shape. The functional parts can be
found in some of the rectangles. 3) Identify the functional
parts by simple geometric comparisons and estimate their
dimensions and orientations. An example of initialization
and identi�cation of functional parts for the T72 object is
shown in Figure 2.

5.4 Model pruning using descriptor match
We �rst compare the estimated features of the objects with
the model's descriptors. In Table 2 the impact of comparing
estimated object features with models' descriptors is shown.
The number of models subject to model matching reduces
vastly in this step. The remaining model for the T72 object
is the T72 model, for the M60 object the remaining models
areM60, T72, Leclerc andM1A1. For the ZSU23 object the
remaining models are ZSU23 and T72 and for the MTLB
object the remaining models are MTLB and BMP1.

5
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Figure 2: Initialization of the T72 object. The rectangles
show the dimensions and orientation estimate. The identi-
�ed functional parts are turret (x) and barrel (o). Axes in
meters.

Object No. of correct dim. Incl. part id.
� 1 � 2 3 � 2 � 3

T72 14 3 2 2 1
M60 15 13 4 7 4
ZSU23 16 14 5 7 2
MTLB 13 6 2 - -

Table 2: The number of remaining models after compari-
sion of object features and model descriptors.
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Figure 3: Matching sequence for the T72 object, axes in
meters. Top: J=1, MSE=6.73, 15 iterations in Algorithm 1,
FPE=6.80. Middle: J=2, MSE=4.41, 8 iterations in Algo-
rithm 1, FPE=4.51. Bottom: J=3, MSE=4.21, 3 iterations
in Algorithm 1, FPE=4.34.

5.5 Modular matching
We continue with matching for the M60, ZSU23 andMTLB
objects using Algorithm 2, as more than one model turned
out to be relevant for these objects. In Algorithm 1 (called
by Algorithm 2), we set the outlier distance to 1.5 meters
and threshold � = 0:99. In the �rst iteration of Algorithm
2 global �tting is performed and in the second and third it-
eration modular �tting is performed. In the second iteration
we set the chassis to the main part and the articulated part
contains turret and barrel (when applicable). For the tank
objects there is a third iteration, where the chassis is de�ned
as the main part, the turret is the �rst articulated part and the
barrel is the second articulated part. The �tting sequence for
the T72 object is shown in Figure 3.
For M60, ZSU23 and MTLB objects we show the itera-

tions of Algorithm 2 in Tables 3-5. The tables show the ben-
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Object Model
M60 T72 Leclerc M1A1

J=1, V 3.61 (20) 3.96 (13) 3.48 (10) 4.45 (8)
J=1, F 3.76 4.12 3.62 4.62
J=2, V 3.25 (3) 3.69 (3) 3.27 (3) 4.03 (3)
J=2, F 3.51 3.99 3.48 4.36
J=3, V 3.00 (3) 3.48 (2) 3.11 (3) 3.87 (2)
J=3, F 3.39 3.92 3.50 4.35

Table 3: Match results for the M60 object, separation into J
parts. MSE, with the number of iterations in Algorithm 1 in
parenthesis, and FPE are shown.

Object Model
ZSU23 T72

J=1, V 4.29 (15) 7.77 (13)
J=1, F 4.47 8.09
J=2, V 4.00 (7) 9.53 (4)
J=2, F 4.33 10.31

Table 4: Match results for the ZSU23 object, object sepa-
ration into J parts. MSE, with the number of iterations in
Algorithm 1 in parenthesis, and FPE are shown.

e�t of sequential matching and of the MSE value to identify
the correct model. Further, the tables show that the FPE in-
dicates the level articulation that is applicable in the �tting.
The level of �t is represented by the MSE (V ) and the level
of split into part by the FPE (F ). In Table 3-5 the values are
normalized [5].
The M60 object is matched with four models that are

fairly similar in shape, see Table 3. For the global match
(J = 1) the Leclerc is the best �t and the M60 is second
best. For modular match (J = 2; 3), the hypothesis that the
object is a M60 is strengthened. For the other models there
is less, or none, improvement when the match is performed
for three parts. Even if the MSE is lower, the FPE value in-
dicates that the current split of model and data is expensive.
In Table 4, the match results for the ZSU23 object are

shown. In this case the hypothesis that the object is a ZSU23
is strengthened in the modular match, while the T72 hypoth-
esis is attenuated. When the ZSU23 object is matched with
the T72 model we can clearly see that the FPE value indi-
cates the level articulation that is applicable. For the MTLB
object a correct match was received, see Table 5.

6 Discussion
The proposed approach is based on a quadratic minimum
criteria, which makes it sensitive to outliers. Some robust-

Object Model
MTLB BMP1

J=1, V 1.54 (14) 3.40 (13)
J=1, F 1.57 3.46

Table 5: Match results for the MTLB object, global �tting
(J=1). MSE, with the number of iterations in Algorithm 1
in parenthesis, and FPE are shown.

ness to outliers exists due to the outlier rejection in Algo-
rithm 1. However, the approach presented here gives best
results when outliers are not present in object data. This
implies careful preprocessing of data where most outliers
are rejected.
We use the threshold � to decrease the number of itera-

tions in Algorithm 1. This can be replaced by the expression
V k (M) � V k�1 (M), with the risk of introducing many
iterations with small �tting adjustments.
The de�nitions of turret and barrel used in this case study

are general and apply for several vehicle types in the data
base. The geometric rules are described in [5]. These de�n-
itions can be replaced by type-speci�c de�nitions retrieved
from the models, this will increase the number of matches
in the �rst step.
The �rst step in this approach, the model pruning based

on estimated object features, is fast. The estimation of di-
mensions and rotations, and the identi�cation of functional
parts is also fast [5]. The modular matching step is more
time consuming and it is necessary to have early rejection
of uninteresting models.
In the sequential �ne tuning, the level of detail in the

models can increase (i.e., increase of the number of facets)
as the model is �ne tuned. For example, after a few itera-
tions in Algorithm 2, the low-resolution model is replaced
by a high-resolution model.
Future work includes to compare this LS �tting approach

with the more common iterative closest point (ICP) �tting
method.

7 Conclusions
We presented an approach, primary applicable for man-
made objects, that contains ef�cient geometric feature ex-
traction of the object and matching that takes articulation
into account. First the object's dimensions and rotation
are estimated and the functional parts are identi�ed. This
careful analysis is used for early rejection of non-relevant
model. In the next step the object is matched with rele-
vant library models, usually only a few models remain. The
distance between the object samples and the model is min-
imized in least squares sense. If functional parts have been

7



identi�ed, this and their articulations are taken into account
in the matching. We proposed a sequential matching, where
the number of functional parts increases in each iteration.
The impact of comparing estimated object features with

models descriptors is shown. The number of models subject
to model matching reduces vastly in this step.
To match with articulation, good initial �t is needed, this

is acquired by the sequential process. The division into parts
increases the possibility for correct matching result, when
several similar models are available. After a few iterations
the correct hypothesis is strengthened. For the other mod-
els there is less, or none, improvement when the match is
performed for three parts.
The �rst step in this approach, the model pruning based

on estimated object features, is fast. The estimation of di-
mensions and rotations, and the identi�cation of functional
parts is also fast. The matching is more time consuming, it
is necessary to have early rejection of uninteresting models.
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