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Abstract

Most research on 3-D object classification and recognition
focuses on recognition of objects in 3-D scenes from a small
database of known 3-D models. Such an approach does not
scale well to large databases of objects and does not gen-
eralize well to unknown (but similar) object classification.
This paper presents two ideas to address these problems (i)
class selection, i.e., grouping similar objects into classes (ii)
class prototyping, i.e., exploiting common structure within
classes to represent the classes. At run time matching a
query against the prototypes is sufficient for classification.
This approach will not only reduce the retrieval time but
also will help increase the generalizing power of the classi-
fication algorithm. Objects are segmented into classes au-
tomatically using an agglomerative clustering algorithm.
Prototypes from these classes are extracted using one of
three class prototyping algorithms. Experimental results
demonstrate the effectiveness of the two steps in speeding
up the classification process without sacrificing accuracy.

1. Introduction

Recognition and classification of three dimensional (3-
D) objects is an area of active research in 3-D computer vi-
sion. Most research focuses on recognition of objects in 3-D
scenes from a small database of known 3-D models. Such
an approach suffers from two main limitations: first, it does
not scale well to large databases of objects, and second, it
does not support recognition of objects that are similar to,
but not identical to, models in the database. This paper ad-
dresses these problems using 3-D object classification.

A natural way to deal with large numbers of objects is
to exploit the similarity within classes of objects (many ob-
jects are similar to a generic truck) and to exploit the com-
mon structure shared by the objects in a class (pickup trucks
have similarly shaped cargo areas). The former is achieved
by segmenting the database into groups (classes) of similar
objects and the latter by representing each group by a few

representative members (prototypes). Object classification
on its own is useful for many applications, or it can be used
as an initial phase in an object recognition system. By first
identifying the object class, the search space for later phases
of recognition can be dramatically reduced, speeding up the
overall retrieval process many fold. In this work we focus
on the following two issues:

- automatic class selection – segment the database into
disjoint groups of objects (classes);

- automatic class prototyping – identify a small set of in-
stances which enable us to predict the class of a query
accurately.

Partitioning of the model database into disjoint sets can
be done manually (by a human expert) or automatically. We
exploit the shape similarity of the objects in the database,
define a measure of similarity between a pair of models
(Section 2.1) and use it to group similar models together
(Section 2.2). Besides improving the system performance,
this also helps in hierarchical representation of the database.

Class prototyping has been studied extensively by the
machine learning community to reduce storage space [4, 17,
23] and search time [3, 12] for Nearest Neighbor classifiers
without sacrificing classification accuracy. We extend one
of these techniques to nearest neighbor classifier in model
space for 3-D object databases. Prototypes are extracted
for each of the classes separately in the training phase. At
run-time (testing phase), a query is classified into one of the
predefined (manually/automatically) classes by comparing
the query to prototypes of each of the classes (prototypes
are far fewer in number than the total number of objects in
the database). Also, this classification can be used to prune
the search in later stages.

This work is part of a system for recognizing vehicles,
and our experiments use vehicle models and scenes. How-
ever, the algorithms can be applied to other types of ob-
jects. In real 3D sensing systems, the objects to be rec-
ognized are typically observed from a limited number of
viewpoints, which results in significant self occlusion. Ad-
ditionally, nearby objects can act as clutter and external oc-



clusion. In this work, a pre-processing stage automatically
identifies volumes of interest (VOIs), which are regions of
data likely to contain a vehicle. These VOIs serve as in-
put to our classification algorithm (see figure 1). Here, we
assume that only one object is present in each VOI.

Our approach to classification is based on the well-
established method of using semi-local shape signatures for
object recognition. Previous research has shown that the
shape of a 3-D object is well-represented by a collection of
shape signatures computed at basis points distributed over
the object’s surface [21, 7, 15]. A signature computed at a
basis point p summarizes object shape in a compact region
of support surroundingp. An object’s overall shape is repre-
sented by the set of signatures extracted from sample basis
points on the surface. For recognition, the signatures from
all model objects are stored in a model signature database.
At run-time, signatures are extracted from a query scene
and matched to the signatures in the model database using a
nearest neighbor classifier. The models that match the most
scene signatures are selected for verification, and the recog-
nized model (if any) is selected from this list.

For classification, the process is similar, except that each
class is represented by the signatures from all objects in a
class. In algorithmic terms, the following classifier is used:

Classifier 1 (Object classification using shape signatures)
Given a database with a set of Nm models
M = {Mi}, 1 ≤ i ≤ Nm and their signature repre-
sentations, and given a query Q then

1. represent each class Ci by Si set of all signatures from
Mk, ∀Mk ∈ Ci

2. represent the query Q by a set of N s
q signatures Sq

3. use 1-Nearest Neighbor (1-NN) rule to classify signa-
ture from the query against all classes.

4. use the signature classifications in step (3) to classify
the query Q:

prob(Ci|Q) =
# of signatures from Sq labeled as Ci

total # of signatures from Q(=Ns
q )

then Q ∈ Ci if prob(Ci|Q) > prob(Cj |Q) ∀j 6= i

The remainder of this paper is organized as follows: In
Section 2 we discuss algorithms for selection of classes
from a 3-D object database. Automatic prototyping of
classes is presented in Section 3 followed by results in Sec-
tion 4 and conclusion in Section 5.

2. Automatic Class Selection

Class selection is the process of categorizing the set of
objects in the database into classes of similar objects (e.g.,
pickup truck class). When people select classes manually,

(a) (b)

Figure 1. (a) An example vehicle model from the database. (b)

A noisy query point cloud for the same object. Note the signifi-

cant self occlusion.

they naturally group objects based on their functionality
rather than on their appearance (think of the class of chairs,
for example). However, in our system, it is important to
group objects based on shape similarity, since the recogni-
tion is ultimately shape based.

The key step in automatic class selection is defining a
measure of similarity between models. We compute the
similarity between all pairs of models in the database, form-
ing a similarity matrix. Then, hierarchical clustering tech-
niques are used to group the models into classes.

2.1. Model similarity measure

Finding similarity between two 3-D objects is a difficult
problem. How similar is a bus to a car? It does not make
much sense. However, it is possible to develop a measure
which reflects some abstract notions of similarity (Ford Tau-
rus is more similar to a Honda Accord than to a Geo Metro,
for example). We propose the following similarity measure.
Given two models Mi, Mj ∈ M. Let, the number fij be
the fraction of signatures on model Mi whose best match-
ing signature comes from model Mj when the signatures of
Mi are removed from the signature database. The similarity
between the two models is now defined as,

sim(Mi, Mj) =







0.5×

(

fij + fji

)

i 6= j

1 otherwise
(1)

Sometimes, it is more convenient to to use the distance mea-
sure

dist(Mi, Mj) = 1 − sim(Mi, Mj) (2)

However, dist is not a true distance metric, since it does
not satisfy the triangle inequality. The similarity measure
defined above is symmetric and takes values between 0 and
1. This definition of similarity is consistent with the algo-
rithm used in coarse classification as it amounts to comput-
ing partial confusion matrices between all possible pairs of
models. For example, Figure 2 shows the values of simi-
larity of a model compared to all the other objects in the



Figure 2. Similarity values of an example object (left) with

models in the database. The models are sorted by order of in-

creasing similarity from left to right. The most similar object is

from the same class as the query, while the least similar object

is a bus.

database (Section 3). Our definition of similarity is not an
absolute measure of model similarity, because it depends on
the models in the database.

2.2. Model clustering

Clustering has been studied extensively in the machine
learning, statistics, and data mining communities (see [9]
for a good introduction). Clustering can be broadly cat-
egorized into partition-methods (e.g., k-means), hierarchi-
cal (e.g., agglomerative), and model-based (probabilistic)
methods. The majority of the techniques require that the
data points (models in our case) lie in a Euclidean space,
which is violated in our scenario.

We have experimented with a variety of clustering tech-
niques [20]. In this paper, we focus on hierarchical cluster-
ing methods, which do not have strict rules on the similarity
measure or requirements of the data being in a Euclidean
space. Hierarchical clustering builds a tree of clusters called
a dendogram. The children of each node in the tree parti-
tion the node’s objects into sub-clusters. Hierarchical clus-
tering methods are categorized into agglomerative and divi-
sive [13]. The former starts with one-point clusters and re-
cursively merges two most similar clusters, while the latter
starts with one cluster of all points and recursively splits the
most appropriate cluster. In both the cases, the process con-
tinues until a stopping criterion is met (e.g., target number
of clusters obtained). Here, we use agglomerative clustering
to group similar models into classes.

In agglomerative clustering, each object is initially
placed in a separate cluster. At each iteration, the two
most similar clusters are merged. To compute similarity
between clusters, we generalize the similarity measure in
Section 2.1. How similar is a group of cars to a group of
trucks? There is no easy answer to this question, and nu-
merous heuristics (called linkage methods) have been pro-

posed [18]. In this work, we used the average linkage
heuristic. That is, the distance between two groups is de-
fined as the average distance between all pairs of objects in
different groups. Algorithm 1 gives the steps in our agglom-
erative clustering procedure.

Algorithm 1 agglomerative clustering (M, S, k)

Require: M = {Mi : 1 ≤ i ≤ Nm}, a database of objects
and
S, an Nm × Nm matrix with similarity between every
pair of models and
k, the number of desired classes

1: Ci ⇐ Mi

2: num classes = Nm

3: while num classes > k do
4: find the nearest pair of distinct clusters Ci and Cj

using S and average link heuristic.
5: Ci ⇐ Ci ∪ Cj

6: Delete Cj

7: num classes ⇐ num classes− 1
8: end while

3. Automatic Class Prototyping

Class Prototyping is the process of extracting represen-
tatives, i.e., prototypes, for a class. By comparing a query
object to class prototypes (which are fewer in number than
the class cardinality) one can achieve a significant speed-
up in matching performance. The classes may be generated
automatically (as described in the previous section), or they
may be manually specified by a human expert.

Classification using nearest neighbor (NN) algorithms
has shown to perform very well in practice [9]. The naive
approach of exhaustively searching for the minimum dis-
tance to a query becomes impractical for large databases.
Improved efficiency can be achieved through data structures
such as k-d trees [2], projection [3], and bucketing [22].
Other methods achieve efficiency by only finding approxi-
mate nearest neighbors [12][19]. Besides the retrieval time,
the second problem that NN classification techniques suffer
from is the indiscriminate storage of all presented training
data [9].

Both the above problems can be solved by reducing the
large training set to a small, representative prototype set,
while minimizing the cost in classification accuracy. Two
popular approaches to learning prototypes from training
data are instance filtering and instance abstraction [16, 17].

Instance filtering methods reduce data set by remov-
ing the superfluous instances, retaining only the representa-
tive/critical instances from the original data set [5, 17]. This
is usually done using editing rules to pick the unnecessary
instances from the training data and remove them from the



training set. Hart proposed the Condensed Nearest Neigh-
bor (CNN) algorithm [11], which starts by randomly storing
one instance for each class as the initial subset and stores in-
stances mis-classified by the current subset. Gates proposed
the Reduced Nearest Neighbor (RNN) algorithm [10], a top
down version of CNN, which removes an instance from the
training data only if the removal does not cause any mis-
classification of other instances. Both CNN and RNN were
defined for 1-NN classification. Many similar editing rules
have been proposed in the literature, variants of CNN like
IB1 through IB3 [1]. Martinez et al propose instance prun-
ing techniques RT1 through RT3 [23], which are similar to
RNN, but use k-NN rules. They remove an instance if most
of the other instances are classified correctly without it. [17]
and [5] give a more comprehensive list of previous work.
The filtering methods are typically simpler and faster. The
underlying assumption of all the filtering techniques is that
ideal examples are present in the original (training) data set,
which limits the generalization capability.

Instance abstraction approaches reduce the data set
by generating artificial prototypes (instances that are not
present in the original data), summarizing representative
characteristics of similar instances [17]. Chang’s algorithm
[6] is one of the earliest instance abstraction schemes. The
method initializes every point to be a prototype and recur-
sively attempts to merge two closest prototypes (irrespec-
tive of the class they belong to) into a new one, which is
a weighted mean of the two merged prototypes. Bezdek
et al modify Chang’s method into one which averages in-
stances using simple mean and merges prototypes belong-
ing to the same class only [4]. A non-exhaustive list of these
techniques includes sequential competitive learning mod-
els such as k-means [9], learning vector quantization (LVQ)
and its variants [4], and the Deer-Rabbit model [4]. None of
these techniques use labels from the training data. [4] gives
a very good comparison of these techniques and also shows
that instance abstraction can perform better than filtering.
[17] has a list of some of the existing abstraction methods.
The prototypes obtained by abstraction can be more repre-
sentative than those obtained from filtering and have more
generalizing power.

We have developed two main approaches for selecting
prototypes. A prototype point can be a point in model space
(e.g., a pickup truck model) or a point in feature space (e.g.,
a shape signature extracted from a pickup truck model). We
use a filtering approach to extract prototypes in object space
(Section 3.1), and an abstraction approach for extracting
prototypes in feature space (Section 3.2). In practice, the
abstraction and filtering methods can be effectively inter-
leaved using different strategies; this is the approach used
for extracting mixed prototypes (Section 3.3).

Algorithm 2 Filtering (M, {Ci})

Require: M = {Mi : 1 ≤ i ≤ Nm}, a database of ob-
jects;
Ci, the set of disjoint classes

1: P m
k,0 ⇐ Ck, ∀1 ≤ k ≤ N c

2: t ⇐ 1
3: repeat
4: for all k ∈ {1, 2, . . . , N c} do
5: P m

k,t ⇐ P m
k,t−1

6: for all model L ∈ P m
k,t do

7: create a new set of prototypes, ˆP m
k,t = P m

k,t − L

8: P m ⇐
⋃Nc

j=1,j 6=k P m
j,t−1

9: P m ⇐ P m ∪ ˆP m
k,t

10: num misclass =
find misclassification(Ck, P

m)
11: if num misclass == 0 then
12: P m

k,t ⇐
ˆP m
k,t

/*Remove L from the list P m
k,t*/

13: end if
14: end for
15: end for
16: P m ⇐

⋃Nc

j=1 P m
j,t

17: for all k ∈ {1, 2, . . . , N c} do
18: P m

k,t ⇐ test classification(Ck, P
m)

19: end for
20: until no model can be removed from P m

k,t, ∀1 ≤ k ≤
N c

3.1. Prototypes in Object space

In this case, the objective of prototyping is to extract a
subset of models, called prototype models, P m

k from each
class Ck. At run-time, the signatures from the input scene
are matched against the signatures of all the prototype mod-
els of all classes. As long as, |P m

k | 1 � |Ck|, for all the
classes, the desired saving in classification time is achieved.
This approach implements instance filtering – the intuitive
notion of prototype objects as objects which are most rep-
resentative of a class. Matching with small subset of pro-
totype models is sufficient to establish class identity. The
general framework, developed originally in the context of
nearest-neighbor classification, maps directly to our prob-
lem. The data points are objects in the database and the
corresponding labels are the ids of the classes to which they
belong.

We implemented a variation of RNN [10] and RT2[23]
algorithms. Our implementation uses the following basic
rule to decide if it is safe to remove an instance from the in-
stance set P m

k (where P m
k = Ck initially). The editing rule

“remove an instance from the current set of prototypes

1|A| = the number of elements in set A



P m
k if none of the elements in the class Ck are mis-

classified without it” ensures that the mis-classification
rate is zero on the training set. Also, this rule is sensitive
to the order of presentation of training instances in Ck. Our
algorithm orders the instances in class Ck using the rule,
The element most similar to all the other elements in
the class Ck first. We use the definition of similarity de-
scribed in Section 2.1. The detailed steps in finding the pro-
totypes in model space are shown as Algorithm 2. In this
algorithm, the mis-classifications in Line 10 are found us-
ing the following classifier:

Classifier 2 (Classification using model prototypes)
Given the set of prototype models(for all classes);
P m

i ⊂ Ci is the set of prototypes for class Ci and
Np =

∑Nc

i=1 |P
m
i |, and given a query Q then

1. represent each class Ci by a set of signatures, Si from
all the prototype models |P m

i |

2. steps 2, 3 and 4 from Classifier 1

The order in which the models are presented in step
6 of Algorithm 2 is implemented by picking the model
from P m

k , which is most similar to others in the class Ck.
The procedure find misclassification evaluates the classi-
fication performance using the updated prototypes for all
the classes. Procedure test classification is the same as
find misclassification except that the evaluation is done on
all the models from all the classes and that the prototype
list is the list updated for all the classes after an iteration of
filtering (as mentioned in line 16).

3.2. Prototypes in feature space

The goal of prototyping in feature space is to find a re-
duced set of signatures (called prototype signatures P s

k ) for
each class Ck that are representative of that class while en-
suring that matching with this reduced set suffices for iden-
tifying the class of a query. We implemented a batch pro-
totyping algorithm which creates a set T

′

of prototype sig-
natures formed from the original signatures, T . Unlike the
set of prototypes in object space, T ′ 6⊆ T . The training data
in model space (the classes are specified in terms of which
model belongs to which class), T m is converted to training
data in the feature space, T s, where all signatures from a
model Mi in a class Ck are labeled as being in that class.

Given this training data, The algorithm for prototyping
in feature space can be summarized as follows: For each
class Ci, divide the set of N s

i signatures Si ⊂ <d into
a fixed number K of clusters. Record the K cluster
centers in <d as the prototypes in feature space, P s

i ,
for class Ci.

The k-means clustering algorithm [9] is used in cluster-
ing the signatures into a pre-specified number K of clusters.

We use the Euclidean distance to measure the dis-similarity
between two signatures. The steps in finding the prototypes
are described in Algorithm 3.

Algorithm 3 Abstraction(M, {Ci})

Require: M = {Mi : 1 ≤ i ≤ Nm}, a database of ob-
jects;
Ci, the set of disjoint classes

1: P m
k,0 ⇐ Ck, ∀1 ≤ k ≤ N c

2: K ⇐ 300
3: for all k ∈ {1, 2, . . . , N c} do
4: P s

k ⇐ k means(Sk, K)
Sk is the set of signatures (features) from class Ck

5: end for

Once we have the set of prototype features for all classes,
the following rule is used to classify query signatures.

Classifier 3 ( Nearest Prototype Classifier) Given the set
of P s

i set of prototype signatures for class Ci and a query Q

1. represent class Ci by a set of signatures, Si = P s
i

2. steps 2, 3 and 4 from Classifier 1

Classifier 3 simply states that, a query signature should
be assigned a class label of the nearest prototype. One can
extend this to k-nearest prototype classification, which is
similar to k-NN. Classification of a query object Q follows
in the same lines as the classification described in Classifier
3.

3.3. Mixed prototypes

Classes that are constructed manually often contain ob-
jects that do not group well together. For example, a truck
class may contain a few objects that are much larger than
all the other objects in the class, which cannot be clustered
in with the rest of the class. In such cases, it is beneficial
to combine the feature space and object space approach by
first doing the feature based prototyping as in Section 3.2
and to augment the representation by the objects near the
border of the class boundaries; namely the models that are
mis-classified by the feature space prototypes. At run-time,
the signatures from an input scene are compared not only to
the cluster centers as before, but also to the signatures from
the individual prototype objects from each class. The signa-
tures from clusters represent the average shape in the class,
while the signatures from the extra object prototypes rep-
resent the outlier shapes in the class. This provides an ap-
proach to prototyping that is robust to outliers in the classes.

There are many ways to inter-leave the abstraction and
filtering phase [17]. In our case, these are the steps we take
to find the mixed prototypes described as Algorithm 4:



Algorithm 4 MixedPrototypes(M, {Ci})

Require: M = {Mi}, a database of objects and
Ci, the set of disjoint classes

1: find prototypes in feature space, P s
i for each class Ci

using the algorithm 3
2: test the classification on a set of query scenes using the

steps in Classifier 3
3: if any scene Q, corresponding to model Mk ∈ Ci, is

mis-classified, then update P s
i using the rule (add all the

signatures from the model Mk to the list of prototype
signatures for the corresponding class):
P s

i = P s
i ∪ {all signatures from Mk}

Classifier 4 (classification using mixed prototypes) :
Given the set of prototypes in feature space, P s

i which also
includes signatures from prototypes in model space P m

i

for class Ci (Algorithm 4), and given a query Q, then use
Classifier 3 and {P s

i } to classify the query Q.

Classification algorithm 4 is used in classifying a query
object using mixed prototypes. All three prototype algo-
rithms improved the speed of classification; results are pre-
sented in Section 4.

4. Results

In our experiments, we use a database of 107 vehicle
models from the commercially available D’Espona model
library [8] re-scaled to their actual size. Our implementa-
tion is based on 3-D point clouds of data rather than on 3-D
surfaces (e.g., surface meshes). Working with point clouds,
the default output of many 3-D sensors, allows classification
of query scenes containing large levels of noise typical of
the aforementioned scenarios without solving the difficult
problem of surface reconstruction from noisy point data.

The models and scenes in our experiments were gener-
ated using a laser scanner simulator, which models impor-
tant characteristics of a 3D sensor, such as self-occlusion
and the effect of the laser footprint. Using a synthetic allows
us to control various aspects of the data, such as viewing
angle and noise level. The model point clouds were con-
structed from eight views of the object, equally spaced over
a 360 degree circle around the object, with a 45 degree dec-
lination angle (see figure 1 a). Query scenes were formed in
a similar manner, except that only two views with 45 degree
spacing were used. Gaussian random noise with a standard
deviation of 5 cm was injected along the sensor’s line of
sight. Consequently, each scene is only a partial view of
the object, with typical self occlusion of 50% of the surface
(see figure 1 b). Two random query scenes were generated
for each object in the database.

Signatures for the models are computed uniformly at 20
cm intervals over the occupied volume of each point cloud.

(a) Class 1

(b) Class 2

(c) Class 3

(d) Class 4

(e) Class 5 (f) Class 6

(g) Class 7 (h) Class 8

(i) Class 9 (j) Class 10

Figure 3. Partitioning the database into 10 classes automat-

ically using agglomerative clustering. Objects in black squares

are the prototypes selected by Algorithm 2.



Figure 4. Confusion matrices for Classifiers 2, 3 and 4 re-

spectively on automatic classes from Figure 3. Each row cor-

responds to a noisy scene while each column corresponds to

a class. Rows corresponding to models in the same class are

stacked together which gives rise to that pattern in the matrices.

In the picture, dark blue = 0 and dark red = 1.0

When comparing a query to a model, only one of the two
point clouds needs to be sampled densely, so a set of 200 ba-
sis points is selected randomly from each scene point cloud
for computing the signatures. The signatures we use are
spin-images [15], which are computed using 15 × 15 bins
and a cylindrical support region with radius and height of
2.5 m.

One way to visualize the classification results is with a
confusion matrix (see figure 4). Each row of the matrix
corresponds to a single query, and each column corresponds
to an object class. Cell i, j in a confusion matrix contains
the fraction of signatures from query i that matched class j

best. The queries are sorted in the same order as the classes
so that the ground truth falls in blocks along the diagonal.
Another evaluation method is the rank-k curve, which plots
the fraction of correct queries that fall in the top K classes
as a function of K (see figure 5).

Figure 3 shows 10 classes obtained for the 107 model
database using the automatic class selection algorithm de-
scribed in section 2.2. Notice that the class formation makes
intuitive sense in that objects within each class have similar
shapes.

The black squares in figure 3 indicate the object space
prototypes selected by the algorithm in section 3.1. The
proportion of object prototypes in each class is smaller for
larger classes: class-1 with 38 objects has only 5 prototypes.
The selection of prototypes seems to cover the range of
shapes within the class. We noticed that the number of pro-
totypes for automatically selected classes (27 prototypes,
75% reduction) is far fewer than hand-picked classes2 (59
prototypes, 45% reduction).

2Five classes were manually selected by their functionality from the
object database

Figure 5. Rank-k curve curve comparing performance of all

the three prototype selection algorithms on a set of 107 scenes.

Mixed prototypes performs better than the other two.

When the object prototypes are used in classifying query
scenes (noisy partial views of models), we get 85.5% classi-
fication rate (31 wrong out of 214 scenes). Figure 4a shows
the confusion matrix for classification using object proto-
types (Classifier-2). For the same 10 classes, we computed
prototypes in feature space (Section 3.2). Classification rate
when tested on 214 scenes (2 per object) using the pro-
totypes is 97.66%. Figure 4b shows the confusion matrix
for this experiment. The savings in terms of time in this
method are higher than the object space method. For each
class, we have only 300 representative prototype signatures
(compared to an average of 2500 signatures per prototype in
the object space method). We also applied Algorithm 4 to
find the mixed prototypes for the 10 classes. Our approach
merely adds the models corresponding to the scenes mis-
classified by the feature space prototype classifier to the list
of prototype models. Also, we used only one scene per ob-
ject in the training phase. Figure 4c shows the confusion
matrix for mixed prototypes. The performance improved,
compared to classifiers 2 and 3. The rank-k curve for the
three classifiers is shown in Figure 5. The mixed prototype
classifier outperforms the other two, as expected.

Table 1 shows the performance comparison of vari-
ous combinations of algorithms. Automatic-class-selection
with mixed-prototypes has a good trade-off between classi-
fication accuracy and speed.

5. Conclusion

The results in table 1 show that one can achieve sig-
nificant increase in speed of classification without sacri-
ficing classification accuracy by using prototypes to rep-
resent classes of 3-D objects. Also, we conclude that us-
ing classes automatically generated using shape similarity



classes prototype
space

#sigs classification
accuracy

reduction
in time

both (classi-
fier 1)

- 304524 100 % 0 %

hand picked object 169084 90.2 % #pro-
totypes = 59)

44.5 %

hand picked feature 1500 88.32 % 99.5 %
hand picked mixed 79016 91.59 % 74.0 %
automatic object 75755 85.5 % (#pro-

totypes = 27)
75.1 %

automatic feature 3000 97.66 % 99.0 %
automatic mixed 14654 99.06 % 95.2 %

Table 1. Comparison of performance of various classifiers

and class selection methods. Column 2 shows the number of

signatures in the database for each of the classifiers. The last

column gives the reduction in classification (testing phase) time

compared to the first row. Classification accuracy reported for

the Mixed prototype classifiers is only on 107 scenes, while the

rest are on 214 scenes.

measure improve classification accuracy compared to hand
picked classes. The similarity measure defined is analo-
gous to the classification algorithm(s) used. While the con-
cepts were primarily tested in low-noise clutter-free envi-
ronments, the work will be extended to handle cluttered
scenes in the future.
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