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Abstract
This paper proposes a novel approach for multi-view
multi-pose object detection using discriminative shapebased exemplars. The key idea underlying this method is
motivated by numerous previous observations that manually clustering multi-view multi-pose training data into different categories and then combining the separately trained
two-class classifiers greatly improved the detection performance. A novel computational framework is proposed to
unify different processes of categorization, training individual classifier for each intra-class category, and training a
strong classifier combining the individual classifiers. The
individual processes employ a single objective function that
is optimized using two nested AdaBoost loops. The outer
AdaBoost loop is used to select discriminative exemplars
and the inner AdaBoost is used to select discriminative features on the selected exemplars. The proposed approach
replaces the manual time-consuming process of exemplar
selection as well as addresses the problem of labeling ambiguity inherent in this process. Also, our approach fully
complies with the standard AdaBoost-based object detection framework in terms of real-time implementation. Experiments on multi-view multi-pose people and vehicle data
demonstrate the efficacy of the proposed approach.

1. Introduction
The AdaBoost based method presented by Viola and
Jones for face detection demonstrated a novel approach to
real-time object detection. The use of AdaBoost in the traditional methodology is good at handling single view, relatively rigid objects such as frontal faces, but is inaccurate
in detecting objects such as people and vehicle in their general poses and viewing aspects. Many researchers, including Viola and Jones, have noticed that by manually clustering training data into pre-defined intra-class categories
of aspects and other variations, by training individual two-

Figure 1. How to detect object in real-time with the amount of
variability shown in this picture? Previous work using AbaBoostbased object detection algorithms required manually categorizing multi-view multi-pose training data into pre-defined categories
and combining two-class classifiers trained individually to form
a strong classifier. These work will have difficulty handling the
above training data set because manual categorization is timeconsuming and inherently ambiguous in both defining the categories and assigning samples to each category. Being able to address these issues while still comply with the real-time AdaBoost
framework is the goal of this paper.

class classifiers for each category, and combining the individual classifiers into a single strong classifier greatly helps
to improve the detection performance. However, the manual delineation of objects into training sets for various poses
etc. puts a strong limitation on the overall efficacy of this
approach. For instance, for a training set with the degree
of variability shown in Fig. 1, the manual categorization
process is inherently ambiguous, and may take significant
amount of time. Moreover, the errors caused by improperly
defined categories and incorrectly assigned labels will eventually be propagated into the final classifier and deter the

object detection performance. Addressing the automated
categorization issues during the training phase while still
meeting the real-time constraint during the detection phase
is a challenging problem.
In this paper, we propose a novel computational framework that unifies automatic categorization, through training
of a classifier for each intra-class exemplar, and the training of a strong classifier combining the individual exemplarbased classifiers with a single objective function. The function is optimized using two nested AdaBoost loops. The
outer AdaBoost loop is used to select discriminative exemplars, each of which is conceptually equivalent to a manual category, and best represents a class of training samples that are similar according to certain distance measures.
The inner AdaBoost loop is used to select discriminative
features on the selected exemplars. The latter is similar to
standard AdaBoost. The proposed approach replaces the
manual time-consuming categorization process as well as
addresses the problem of labeling ambiguity inherent in the
process. Also, since the overall framework complies with
the original AdaBoost-based object detection framework,
our approach inherits the computational advantages of the
standard approach.

2. Related Work
Multi-view multi-pose object detection is an active area
of research. Viola et. al. [18] used a decision tree structure to extended their seminal work in [17] to cope with the
detection of multi-view faces, while Li et. al. [7] proposed
a pyramid-structured multi-view face detector. Mohan et.
al. [8] and Shashua et. al. [13] proposed to construct component detectors and combine them into a single strong classifier for the detection of pedestrians with large aspect and
pose variations. Huang et. al. [4] proposed a rotation invariant multi-view face detector using vector boosting. A common problem with these approaches is that they all required
significant amount of manual categorization of the training
data. Since the training data set is large, and is usually collected in uncontrolled environments, manual categorization
can become prohibitively expensive especially with the increase in object variability and the number of object classes.
Moreover, because of the fundamental ambiguity in labeling different poses and viewing aspects, manual categorization is also an error-prone procedure that may introduce significant bias into the training process. Recently, Tu [16] proposed a decision tree-based probabilistic boosting algorithm
that naturally embedded the clustering into the learning process. This approach is designed to be a general multi-class
classifier that handles large in-class variations. However,
its success on multi-view object detection experiments is
uncertain at best. As compared with Tu’s work, our approach simulates a proven training pipeline while extending
it for exemplar selection, and hence the results are more

predictable.
The proposed approach is closely related to the shape
exemplar-based methods for object classification and tracking. A representative is that of Gavrila et. al. [3], where
a hierarchy of edge maps are used to model the different
viewing aspects of pedestrian and road sign shapes. Toyama
et. al. [14] used edge-based shape exemplars as the centers
of a Gaussian mixture model, coined as the Metric Mixture
Model, for pedestrian tracking. Song et. al. [15] used edgebased vehicle exemplars for vehicle segmentation and tracking. The shape exemplar methods have successfully demonstrated that the shape exemplar-based approach, combined
with carefully selected match measures, is able to model
pose and aspect changes, and is resilient to scene clutter and
illumination changes. A key issue in the exemplar-based approach is the optimal selection of exemplars. Previous approaches addressed this problem by employing hierarchical
clustering [3], the EM algorithm [14], and nearest neighbor representations [15]. For the object detection tasks, the
exemplars thus selected are not discriminative. Specifically,
the exemplar selection is not designed to select exemplars to
maximize the discrimination between the objects of interest
and the background (or other classes). A major contribution of this paper is the integration of exemplar selection
within the training process of the classifier, where both object samples and background samples compete with each
other to maximize the classification performance. This is
in spirit similar to the idea of Learning Vector Quantization
(LVQ) [6] proposed by Kohonen. Unlike LVQ, for which
there is no proof of the convergence, our training process
is based on the computational framework of AdaBoost, and
therefore the convergence is guaranteed.
Other related works include Wu et. al.’s statistical field
model [19] where object model and background model are
trained separately and applied to pedestrian detection using
mean field approximation. Similar to [19, 3, 14, 15], our
approach also uses edge maps during the exemplar selection
stage. Many previous works use clean edge maps for at
least one of the edge maps. Truncated Chamfer distance [5]
or robust Hausdorff distance [9] may work for these cases,
but are less effective for the cases when both edge maps
are not clean and there is significant clutter in the scene.
Our approach uses the robust edge-based distance proposed
in [12] that has been proved to work with the cases when
both query and model are not clean.

3. Problem Statement and Notations
Let B = {(I1 , y1 ), · · · , (Il , yl )} be a set of training samples, where Ii is the ith sample image, yi = {−1, 1} is the
class label of the image, and l = m + n is the number of
training samples including m positives and n negatives. We
want to find an optimal classifier by minimizing an expo-
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nential loss function L over the training set B,
min

{αt ,Θt }T
1

l
X


L yi , F (Ii ; {αt , Θt }T1 ) ,

(1)

i=1

where the additive model
F (I; {αt , Θt }T1 )

≡

T
X

αt f (I; Θt ),

(2)

t=1

is used to map an image I to its corresponding class label,
and the exponential loss function L is defined as
L(y, F (I)) = exp(−y F (I)).

(3)

The parameter αt in (1) is the weight of the tth basis function F , and Θt is defined as
Θt ≡ {Et , St , Γt , Λt },

where Et is the t exemplar - a representative training image, St is the set of features selected from Et , Γt is the set of
weights corresponding to each feature in St , and Λt is the
set of the parameters for each classifier constructed based
on corresponding features in St . The function f in (2) is
defined as
Tt
X

γτt g(I; stτ , λtτ ),

4.1. Learning Strong Classifier and Discriminative
Exemplars

(4)

th

f (I; Θt ) ≡

Following the problem formulation in Sec. 3, the goal
of the training process is to determine the optimal parameter set {αt , Θt }T1 . Since the objective function in (1) contains two nested additive models F and f , the problem
can be naturally solved with two nested AdaBoost procedures. More specifically, we use the outer AdaBoost to select discriminative exemplars and combine them into the final strong classifier F as in (1), and use the inner AdaBoost
to select image features for each exemplar and combine
them into an exemplar-based classifier f as in (5). In the
following discussion, we will refer to the outer AdaBoost
(detailed in Algorithm 1) as the “strong classifier”, and the
inner AdaBoost (detailed in Algorithm 2) the “exemplarbased weak classifier” or simply the “weak classifier”.

(5)

τ =1

where Tt is the number of features in Et , g is the classifier constructed from each feature stτ ∈ Et , γτt ∈ Γt is
the weight of g, and λtτ ∈ Λt is the set of parameters for
g. From (5) it is clear that function f (I; Θt ) is indeed an
exemplar-based classifier that combines features selected
from the exemplar as a weak classifiers. This is different
from Viola’s original work [17] where each weak classifier
f is computed from a single Haar feature.
The rationale for using the exponential loss function
in (1) and the additive model for classification is wellestablished in the AdaBoost literatures such as [10] and [2].
The basis function f , defined later, is called a “weak classifier” in this context. As compared with other state-of-art
classification algorithms such as SVM, Viola et. al.’s work
in [17] demonstrated additional advantages of using AdaBoost for object detection, i.e., effective feature selection
and real time classification.
The key contribution in the above formulation is to introduce the concept of exemplar Et - the equivalence of
manual category - and integrate it into a unified computational framework so that the categorization process can be
automated.

Algorithm 1 Learning Strong Classifier and Discriminative
Exemplars
Input: Candidate exemplar set Bc = {(Ijc , yjc )}, and sample set Bs = {(Iis , yis )}, where Bc ∪ Bs = B.
1
1: Initialize sample weights w1,i = 2m
, 1 , for yjs =
s 2ns
0, 1 respectively, where ms and ns are the number of
positives and negatives respectively.
2: for t = 1, · · · , T do
P
3:
Normalize the weights: wt,i ← wt,i / lj=1 wt,j
4:
for each candidate exemplar c = 1, · · · , lc do
5:
Train an exemplar-based classifier f (I; Θc ) as in
Algorithm 2.
P
6:
Compute error rate ǫc = i wt,i |f (I; Θc ) − yis |.
7:
end for
8:
Choose f (I; Θt ) to be the classifier with the lowest
error ǫt
9:
Update the weights: wt+1,i ← wt,i βt1−ei , where
ǫt
βt = 1−ǫ
, and ei = 0, 1 for incorrect classification
t
and correct classification respectively.
10: end for
Output: The set of discriminative exemplars E = {Et }T1 ,
P
and the strong classifier Tt=1 αt f (I; Θt ), where αt =
log β1t .
As shown in Algorithm 1, the input of the outer AdaBoost is a candidate exemplar set Bc and a sample set Bs .
The samples in Bc are randomly selected and removed from
the original sample set B, and Bs contains the remaining
samples. The output of this algorithm is the strong classifier as in (1) and the discriminative exemplar set E, which is
a subset of Bc .
Steps from 1 to 3 and 8 to 10 are the standard AdaBoost
steps initializing and updating sample weights, and combin-

ing the weak classifiers into a strong classifier according to
the training error of the best weak classifier f at each iteration t. Steps from 4 to 7 iterate through all the candidate exemplars, compute a weak classifier based on each exemplar,
and compute the training error rate for each weak classifier.
It is clear from Algorithm 1 how the parameters αt in (1)
are computed, and hypothetical exemplars in (4) are generated and selected. The remaining parameters in Θt are related to individual image features of each exemplar, and are
computed with the inner AdaBoost detailed in Algorithm 2.

4.2. Learning Exemplars-Based Weak Classifier
Algorithm 2 builds a weak classifier with the image features in the cth candidate exemplar Ec in the 4th step of Algorithm 1. Note here the slight notation change of an exemplar. We use Ec , which is a hypothetical exemplar, instead
of Et in the precious section, which is the optimal exemplar
selected at the tth iteration in Algorithm 1. Algorithm 2 is
similar in formality to the standard AdaBoost approach proposed in [17], except one major difference. In the standard
AdaBoost algorithm, the weak classifier is trained based on
image features extracted from each individual training image. Instead, the classification function g in our approach
is trained based on the distances db between features on the
exemplar and their corresponding features on the training
samples. The output of this process is the exemplar-based
classifier f (I; Θc ) for the hypothetical Ec .

4.3. Insights behind the Algorithm
We now do a simple thought experiment to see why the
proposed algorithm is simulating the manual categorization
process as in [18, 8, 13, 4]. Suppose that our training set
consists of {Ff ∪ Fs , N }, where Ff and Fs are the positive face samples for frontal view and side view, respectively, and N is the non-face background samples. To train
a face detector, the manual approaches will essentially train
a frontal face detector with {Ff , N } and a side face detector separately with {Fs , N }, and then combine them into a
single detector. With our approach, a set of exemplars will
be automatically selected. Suppose that one exemplar is selected for the frontal faces. Any effective features on this
exemplar will have relatively small distances db to the corresponding features on the frontal faces, while having large
distances to those on the side faces and background images.
As a result, when training the classifier based on the frontal
exemplar features, the side view faces will act like background images. The classifier thus trained is then similar to
the frontal face detector computed by the manual approach,
except that the training set becomes {Ff , Fs ∪ N }, i.e.,
the background sample set is now augmented with the side
view face sample set. Similar reasoning also applies to the
training of the side view face detector. The exemplars may
not have explicit semantic significance as for the manually
selected categories, but they are meaningful from the viewpoint of classification - they are selected by minimizing the
loss function in (1). Consequently, one of the major advantages of our approach is to replace the inherently ambiguous
and error-prone manual categorization with a principled and
automated categorization process.

Algorithm 2 Learning Exemplar-based Classifier
Input: Exemplar Ec selected in the 4th step of Algorithm 1, and the sample set Bs = {(Iis , yis )}.
1
′
1: Initialize sample weights w1,i
= 2m
, 1 .
s 2ns
2: for τ = 1, · · · , Tc do
Pl
′
′
′
3:
Normalize the weights: wτ,i
← wτ,i
/ j=1 wτ,j
4:
for each feature b = 1, · · · , Oc of the exemplar do
5:
Train a classifier g(I; scb , λcb ) based on the distances db from the exemplar feature scb to the corresponding features
all the samples in Bs .
P of
′
6:
Compute ǫ′b = i wτ,i
|g(I; scb , λcb ) − yis |.
7:
end for
8:
Choose g(I; scτ , λcτ ) to be the classifier with the lowest error ǫ′τ .
′
′
9:
Update the weights: wτ′ +1,i ← wτ,i
βt1−ei , where
ǫ′

τ
βτ′ = 1−ǫ
′ .
τ
10: end for
Output:
classifier for Ec as in (5):
PTc Thec exemplar-based
1
c
c
τ =1 γτ g(I; sτ , λτ ), where γτ = log β ′ .

5. Implementation Details
Depending on the applications, the general framework
provided by the proposed approach can be customized by
changing features, distance measures, and different design
philosophies. We present in this section two representative
approaches and discuss their pros and cons from a practical viewpoint. These two approaches differ in the training
of the exemplar-based classifier. The first approach follows
the design philosophy of using a single strong classifier for
each exemplar, while the second uses multiple weak features. The first approach is flexible in choosing different
distance measures but is computationally expensive. The
second approach has computational cost as in the original
AdaBoost approach, but is less flexible in selecting the types
of features.

5.1. Classification Using Exemplars with Single
Strong Feature

τ

During the past several decades, the object and pattern
recognition community has successfully developed several

features and associated distance measures such as SIFT,
Earth Mover’s Distance (EMD), shape context, and Chamfer distance. When integrated with our approach, these provide a powerful classification mechanism in the presence of
illumination changes, local deformations, and scene clutter. Our implementation specifically uses edge map as the
single “super feature” for each exemplar, and computes distance d = 1−γ between an exemplar and a training sample.
The scalar score γ is defined as:
P
h(dp , δ)h(ap , α) + B7→A h(dp , δ)h(ap , α)
,
γ=
N (A) + N (B)
(6)
where N (A) and N (B) are the numbers of edge pixels of
the edge maps A and B, γ ≡ γA,B , h(x, c) = (1 − |x|/c)
for |x| < c, h(x, c) = ρ for |x| ≥ c, ρ is a small positive
number, and dp and ap are the pixel-wise distance and angle difference between a pair of closest points from A and
B. The constants δ and α can either be predefined or statistically computed from the training databy estimating the
inlier and outlier processes as in [12].
The exemplar-based classifier f (I; Θ) is a simple
“stump” trained based on the distances between the exemplar and the training samples. The threshold for f is also
automatically determined from the training data. The final
output of the training process is a classifier combining the
discriminative edge-based classifier and its corresponding
exemplars, which are in concept similar to the manual categories. This approach is in some degrees similar to [3, 14].
The major difference is that our exemplars are selected to
minimize the classification error and are therefore more
“discriminative”. With the help of the distance transform,
the computation of robust distance measure as in (6) can
be accelerated. Given a hypothesized region of a target object, computing distances against multiple exemplars in the
classifier can be accelerated by pre-aligning exemplar edgemaps and performing a batch matching process as in [11].
Following the idea in [13], a focus of attention component is
used to speed up the overall object detection process while
taking the advantage of the discriminative power provided
by the proposed approach.
P

A7→BI

5.2. Classification Using Exemplars with Multiple
Weak Features
This approach is designed to comply with the original
AdaBoost algorithm [17]. For each exemplar, we partition
it into a grid of regions, and compute the average gradient direction as in [19, 1] over each region as a feature.
Only those features whose corresponding regions contain
strong edges are retained for feature selection in the inner loop. The exemplar-based classifier f (I; Θ) combines
feature-based weak classifiers g, which are trained based

on the distance between the exemplar and the training samples for each feature. The threshold for each “stump” g is
learned from the train data. The major advantage of this
approach is that computationally it is comparable with the
original AdaBoost approach since run-time feature extraction is similar. Moreover, the increase in the total number
of features is limited due to the fact that the use of exemplar reduces the complexity of the each individual classifier
f (I; Θ) and hence reduces the number of features needed
for each exemplar-based classifier. Note that other features
such as in [16] can also be integrated within our approach,
and computed quickly during run-time since they comply
with the integral image structure proposed in the original
AdaBoost approach. As compared with the single feature
approach, the selection of feature type is not as flexible as
in the previous approach.

6. Experiments
The algorithm proposed in this paper is tested with
different data sets with large in-class variations, and is
compared with some existing AdaBoost-based algorithms.
Since auto-categorization with discriminative exemplars
idea is the key claim of the paper, our effort has been focused on just proofing the efficacy of this idea using a single Nested Adaboost, instead of cascading it into a full system. For a fair comparison, the two competing algorithms
in our experiments are set to be single-layered. The standard AdaBoost uses OpenCV implementation, and the BPT
algorithm uses the original implementation from the inventor. Ideally, we need to compare our results with manually
categorization-based AdaBoost algorithms. However, it is
hard to justify the label correctness for the databases with
the amount of variability.
The people database is publicly downloadable from an
MIT site1 , and the vehicle database is our private collection. Since end-to-end comparison was not the goal, these
databases were sufficient to achieve our goals. In order for
the training results to be meaningful also to real applications, all the negative samples are selected from a focus of
attention mechanism. As in [13], the focus of attention algorithm is a classifier based on simple image features and
other domain knowledge to generate target object hypotheses. The typical number of hypotheses generated is in the
range of 50-100 for each image. In the following discussion, we will refer to the approach discussed in 5.1 as the
single feature exemplar-based classifier, denoted as SFEC.
The approach given in 5.2 as the multiple feature exemplarbased classifier, denoted as MFEC. The standard AdaBoost
algorithm will be denoted as SADB, and Tu’s approach [16]
is denoted as PBT, i.e., probabilistic boosting tree.
1 http://cbcl.mit.edu/cbcl/software-datasets/PedestrianData.html

6.1. People Classification
Our people database contains 2000 standing people images with various aspects, poses, and illumination conditions. The resolution of each image is 64 × 128. To clearly
illustrate the idea of the exemplar-based approach, we use
the SFEC implementation discussed in Sec. 5.1 to start with.
Since the edge map is the only one feature for SFEC and the
feature selection process in Algorithm 1 is not invoked, any
performance gain demonstrated by this approach can be attributed to the success of the exemplar-based idea, which
is one of the main contributions of this paper. The people database B is separated into three groups of positive
samples, where the random exemplar candidate set has 200
samples, the training set has 1000 samples, and the test set
has 800 samples. The number of negative samples for training and test are 1000 and 800, respectively. These are the
background samples selected from the focus of attention
output.

Figure 3. Discriminative exemplars automatically selected with the
SFEC algorithm. Only 18 out of 20 exemplars are displayed for
better layout of the images. Also note that the actual exemplar
representation is edge map. The original images are presented here
for the illustration purpose.

Figure 2 shows the training error rate and testing error rate with respect to the number of selected exemplars,
which is the number of iterations T of the outer AdaBoost.
It can be seen that as T increases, the training errors (both
miss detection and false alarm) decrease. The test errors
also decrease when T increases from 5 to 20, but the miss
detection does not decrease beyond T = 20. Figure 3
shows 18 out of the 20 exemplars selected by the SFEC
algorithm. Visually, these exemplars nicely cover different
aspects such as frontal, back, left and right sides, different
poses, and different aspect ratios. Without automatic exemplar selection, it would be very difficult to perform manual

categorization at this level of detail.
Table 1 compares the training and test errors for different
approaches applied to exactly the same data set. The SFEC
numbers are based on the results with 30 exemplars. Since
candidate exemplars are part of the training data, we include them into the training data for other approaches for a
fair comparison. As compared with the standard AdaBoost,
SFEC algorithm has over 4 times less miss detections, and
has comparable false alarm rate. The SFEC algorithm also
outperforms Tu’s PBT [16] by around 2 times less miss detection and false alarm rates.
Approach
MD
FA

SFEC
2.50
2.0

SADB
10.125
1.75

PBT
5.25
3.75

MFEC
2.0
1.25

Table 1. Test errors with different approaches. The SFEC results
are based on 30 exemplars. The MFEC uses 25 exemplars, and
each exemplar uses 30 features. The miss detection rate, denoted
as MD, and the false alarm rate, denoted as FA, are all in percentages.

To test the limit of the SFEC algorithm, we applied a
classifier with 20 exemplars trained based on the previous
database to a difficult data set. Figure 4 show some examples of this dataset. These image samples are cropped
out from the bounding boxes provided by a tracking algorithm. Regardless of heavy shadows, significant amount of
shape distortion, and backgrounds never seen before, both
the miss detection and false alarm rates increase only about
7%. This demonstrates the superior generalization capability of our approach.
The last column in Table 1 shows the error rates for the
MFEC approach, which is slightly better than the SFEC
approach. This is encouraging since the MFEC algorithm
complies with the infrastructure for real-time object detection, and there are still a lot of rooms to improve the algorithm by properly selecting the type of features and refine
the implementation details. The MFEC algorithm uses 25
exemplars , and each exemplar uses about 30 features on
average.

6.2. Vehicle Classification
Our vehicle database contains 1000 vehicle images, of
which some examples are shown in Figure 5. The resolution
of each image is 128 × 64. As compared with people, vehicle is rigid, but has more variabilities of types and viewing
aspects. We split the database into three groups, where the
random exemplar candidate set has 200 samples, the training set and the test set both have 400 samples. The number of negative samples for training and test are both 800.
Figure 6 shows 20 exemplars selected automatically by the
algorithm. Note here the number of iterations T is actually
30, but 10 of the exemplars selected at different iterations
are repeated twice. It can be seen that the exemplars nicely
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Figure 2. Training error rates (left plot) and test error rates (right plot) vs. the number of selected discriminative exemplars used in the
SFEC algorithm. Note that the scales of the vertical axes are different.

Figure 5. Examples from the database with 1000 vehicle images
showing large variations of vehicle types and viewing aspects.

Figure 4. A difficult test set with inaccurate target bounding boxes,
large distortion, and heavy shadows.

cover different poses and viewing aspects. Table 2 compares the results of different algorithms. As in the people
case, our algorithms consistently outperform the other two
approaches.

Approach
MD
FA

SFEC
2.25
4.25

SADB
6.5
4.25

PBT
4.0
5.75

MFEC
2.0
3.5

Table 2. Test errors with different approaches. The SFEC results
are based on 35 exemplars. The MFEC uses 30 exemplars, and
each exemplar uses 25 features. The miss detection rate, denoted
as MD, and the false alarm rate, denoted as FA, are all in percentages.

Figure 6. Discriminative exemplars automatically selected with the
MFEC algorithm.

7. Conclusion and Future Work
We have developed a unified computational framework
for detecting multi-view multi-pose objects without manual categorization for the training data. We have demon-

strated the efficacy of the proposed approach with both people and vehicle objects with large intra-class variations of
pose, view aspects, scene clutter, and illumination conditions. Depending on features, distance measures, and different design philosophies, the proposed approach can be
customized to work with focus of attention or run end-toend by cascading the same type of detectors but in a coarseto-fine fashion.
In our experiments, we observed that choosing the initial
candidate exemplar set does have an impact on the performance. In the future, we will explore different approaches
for a better selection of the candidate set. We will extend
this approach to handle multiple classes and investigate the
possibility of sharing features and exemplars by multiple
classes. We will look into the feasibility of applying a hierarchical exemplar representation so that only a small portion
of the exemplars needs to be compared during the run time.
We will also study the impact of different kind of features
and examine the potential of improving the classification
performance on the feature level.
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