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Abstract

Human action recognition has been an active research
topic in computer vision. How to model all kinds of ac-
tions, varying with time resolution, visual appearance, etc.,
is quite a challenging task for recognition. In this paper,
we propose a Boosted Exemplar Learning (BEL) approach
to recognize various actions in a weakly supervised man-
ner, i.e., only video-based labels are provided but frame-
based ones are not. First, for a given action, each video
is described as a set of similarities between its frames and
some candidate ones (called as exemplars), which are se-
lected from training videos belonging to the action. Instead
of simply using a heuristic distance measure, the similari-
ties are decided by the exemplar-based classi�ers through
the Multiple Instance Learning (MIL), in which a positive
(or negative) video is deemed as a positive (or negative) bag
and those similar frames to the given exemplar in Euclidean
Space as instances. Second, we formulate the selection of
the most discriminative exemplars into a boosted feature se-
lection framework and simultaneously obtain a video-based
action detector in the boosted learning process. Experimen-
tal results on two publicly available challenging datasets:
the KTH dataset and Weizmann dataset demonstrate the va-
lidity and effectiveness of the proposed approach.

1. Introduction

Recently, human motion analysis has attracted increas-
ing interest from computer vision researchers [1, 16]. In
particular, human action recognition has a wide range of
promising applications, e.g., video surveillance, intelligent
interface, and video retrieval. Generally, there are two im-
portant components involved in action recognition. One is
how to extract useful information from raw video data, and
the other is how to model different actions and measure their
similarities for recognition, while the latter one is just our
focus in this paper.

Varying from actors, environments or cameras, etc.,
videos from the same action may contain different frames

as well as different lengths or time resolutions (as shown
in the sequences (1) and (2) of Fig. 1). Furthermore, videos
from different actions may also include similar frames (as in
sequences (1)-(4) of Fig. 1). All these items, but not limited
to them, will increase the dif�culties to recognize various
actions from videos. To attack this, some works have been
successfully done on exemplar-based method [22, 8, 23].
This kind of method represents an action video with a set of
representative frames called as exemplars and then models
various actions into a space de�ned by distances between
these exemplars. To some extent, the representation over-
comes the above adverse effects and simultaneously simpli-
�es the recognition by removing time related information.
However, how to measure the distances between exemplars
and how to select suitable exemplars become two key issues
during action recognition via the exemplar-based method.

Traditionally, a heuristic distance metrics or a speci�ed
matching approach, such as squared Euclidean distance [22]
and HMM-based matching [23], was proposed to measure
the relation among exemplars. However, these approaches
ignore the distribution of frames in the feature space and
may fail to achieve the best discriminativity. As shown in
Fig. 2, given a frame , not all its similar frames evalu-
ated by a heuristic distance, e.g., Euclidean distance, belong
to the same action to the frame . Therefore, for every
frame, it is necessary to learn its similar frames across all
videos from the same action, instead of using a prede�ned
and heuristic distance.

(1) Walk :

(2) Walk :

(3) Skip :

(4) Run :

Figure 1. Some examples of different actions from different sub-
jects and different cameras.
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(a)

(b)

Figure 2. Learning similar frames to frame m. (a) Frame m, which
is one frame of run action video. (b) Learning a classi�er to de-
scribe the similarity of other frames to m. “ ”represents similar
frames from the same kind of action with m, and “ ”represents
unrelated frames.

Many techniques have been used in the literature to se-
lect the exemplars. For instance, some methods proposed
to sub-sample or cluster the space of exemplars [5, 20].
Such methods require nevertheless very large sets of exem-
plars. Moreover, the clustering may miss some important
exemplars [23]. Daniel and Edmond [22] and Weinland et
al. [23] select some discriminative exemplars with forward
selection, which is known to be particularly robust against
over-�tting. However, the forward selection algorithm is
slow calculation because of the repetitive learning and eval-
uation cycles.

In this paper, we propose a boosted exemplar learning
(BEL) approach (as showed in �gure 3) to recognize various
actions. For a given action, we �rst select some candidate
exemplars from videos belonging to the action and employ
the Multiple Instance Learning (MIL) to obtain a discrim-
inative similarity. Accordingly, each video is described as
a set of similarities between its frames and the candidate
exemplars. Second, we apply the algorithm of AdaBoost
to integrate the exemplar selection and action modeling to-
gether. That is, through the boosting learning, the most
discriminative exemplars are selected, and simultaneously
the similarities based on the selected exemplars as the weak
classi�er are combine to obtain a video-based action detec-
tor. Experimental results on two publicly available chal-
lenging datasets demonstrate the validity and effectiveness

of the proposed approach.
The paper is organized as follows: In Section 2 we re-

view some related work. The detail implementation of the
proposed BEL method is introduced in Section 3. In Sec-
tion 4 we evaluate our approach on two publicly available
datasets before concluding in Section 5.

2. Related Work

Exemplar based embedding methods have already been
proposed, e.g. [5, 14]. In [5] Athitsos and Sclaroff presented
an approach for hand pose estimation based on Lipschitz
embeddings. Guo et al. [14] used an exemplar-base embed-
ding approach to match images of cars over different view-
points. In these approaches complex distances between sig-
nals are approximated in a Euclidean embedding space that
is spanned by a set of distances to exemplar measures.

Recently, some attempts has been made to apply such
exemplar-based approaches to action recognition. In the
work of Carlsson and Sullivan [8], class representative
silhouettes were matched against video frames to recog-
nize forehand and backhand strokes in tennis recordings.
Dedeoglu et al. [9] proposed a real-time system for action
recognition based on key-poses and histograms. Daniel
and Edmond [22] adopted the exemplar-based approach
to transform length-variant orderless feature set of action
videos into matching distances to exemplars, and then a
classi�er was trained based on this �xed length represen-
tation. To select the discriminative exemplars, Daniel and
Edmond [22] and Weinland et al. [23] used the forward
selection algorithm. Other exemplar based approaches,
e.g. [11, 12, 20, 23], attempted to learn HMMs with ob-
servation probabilities based on matching distances to ex-
emplars. However, the similarities between frames and ex-
emplars are measured using heuristic distance. This may be
not true (as shown in �gure 2). What’s more, it is necessary
that an ef�cient approach is adopted to select the discrimi-
native exemplars.

3. Boosted Exemplar Learning for Action
Modeling

In this section, we explain how to select a set of dis-
criminative exemplars for action modeling. There are three
primary challenges to come up with our discriminative
exemplar-based action model. The �rst is how to describe
each frame. The second is how to learn the similarity mea-
sure between frames when only an action video label is
given and measure action videos based on the similarities
of frames. Finally, given similarities for action videos, how
to explore them into an overall classi�er for the action of
interest. In this work we present a uni�ed and effective so-
lution to these challenges.
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Figure 3. The structure of our approach.

Our approach proceeds as illustrated in Figure 3. Each
cropped frame centered on the human �gure is described us-
ing histogram of silhouette. Based on this description, for
each kind of action, some candidate frames (exemplars) are
randomly selected and their corresponding classi�ers are
trained via MIL. Based on the classi�er of each candidate
frame, similarities between the candidate frame and frames
in an action video can be obtained. Then, the action video
can be described using the similarities as its features. Con-
sidering the large intra-class variation of different actions,
AdaBoost is employed to select the most discriminative fea-
tures to form a strong classi�er. We begin by introducing
frame description in Sec. 3.1, then we will present the MIL
for video description in Sec. 3.2, and the AdaBoost based
action classi�er in Sec. 3.3.

3.1. Frame Description

Static visual information gives very strong cues on ac-
tivities (see for instance Figure 4(a)). A set of key frames
can represent an action, and the sets of key frames show
differences from action to action, though with possible par-
tial overlap among activities. Therefore, Daniel Weinland
and Edmond Boyer [22] have successfully recognized dif-
ferent actions using key frames. Considering the effective-
ness of silhouettes, we adopt them to describe frames of
video sequences. They can be obtained for instance with
background subtraction. When silhouettes are not available,
edges can also be considered.

The input to our action recognition algorithm is a sta-
bilized sequence of cropped frames, which are centered on
the human �gure. For each cropped frame, a template im-
age as in [6] with similar size is adopted to describe the
silhouette. The Fig. 4(b) shows an example of the template
image, which is divided into many pie slices covering some
degrees each. The maximum distance between the pixels
and the center in each cropped frame is quantized into
bins, which makes the description insensitive to the scale

Bend Pjump Skip Jack Walk Jump Wave1 Wave2 Run Side

(a)

silhouette Template 417 dimensional histogram

PCA

60 dimensional histogram

Silhouette

(b)

Figure 4. (a) Sample images from the Weizmann dataset [7]. (b)
Feature Extraction.

variance. For the bin, each pie slice covers degrees
without overlaps. In our experiments, is 30 , and

is 8. Then
bin

=1

360 bins is used to generate a histogram-

based descriptor. The value of each bin is integrated over
the domain of every slice. Since the cropped frame is not
a circle, the histogram is only 417 dimensions, as showed
in Fig. 4(b). To obtain compact description and ef�cient
computation, the dimension of the feature is further reduced
using PCA.

Based on this description, for an action video , it can
be represented as a set of histogram features. The formal
de�nition of is as follows:

= i = 1 2 0

, where i is the histogram feature of the frame in the
video , and 0 is the number of frames extracted from .

540



3.2. Multiple Instance Learning for Video Descrip-
tion

Each video is described as a set of similarities between
its frames and some candidate ones (called as exemplars),
which are all frames from positive action videos in the train-
ing set, or a sub-sampled set of these frames. We assume
that exemplars from positive action videos are obtained:

= 1 , where represents the histogram of
silhouette for the exemplar. For exemplar in the
video of category , it is possible that some frames from
the same action to are less similar than the ones from
other actions when a uniform distance metric is adopted (as
showed in Fig. 2). To attack it, we attempt a discrimina-
tive solution to get truly similar frames by learning some
exemplar-based classi�ers. Here, we formulate the simi-
larity measure learning as a problem of Multiple Instance
Learning (MIL) [10] and mi-SVM [4] is employed to solve
the problem.

We will introduce how to train an exemplar-based classi-
�er for the action video of category . This process can be
repeated for training all exemplar-based classi�ers for dif-
ferent kinds of action videos. For an exemplar ( =
1 ) from the action video of category , a cor-
responding mi-SVM classi�er is trained and denoted by

. The training samples are the videos in de-
noted as positive bags and those in other categories denoted
as negative ones. To reduce the computational burden and
learn some ef�cient classi�ers, we adopt an ef�cient strat-
egy to obtain video bags by �ltering out the frames which
are very different from for each video. This strategy
enables the classi�er to be learned only in the local fea-
ture space. Speci�cally, mi-SVM classi�er is trained in the
hyper-sphere centered at with radius of in the feature
space (as showed in Fig. 5). De�ne the distance from frame

to video as i = min i , where

represents L2-norm. In practice, it is found quite robust and
in majority cases the positive instance in the positive video

is just

i = arg min i

Based on this observation, is set as follows:

=
i

( i ) +
i

( i )

, where is a trade-off between ef�ciency and accuracy.
The larger , the less probability that one positive instance
will be �ltered out before training, and the more frames will
be involved during solving the mi-SVM.

It is observed in experiments that there may be too many
frames falling into the hyper-sphere. To be more ef�cient,
within the hyper-sphere, at most nearest frames to

v i

1I

mI

MI

Figure 5. Video vi and its corresponding video bag for each exem-
plar.

are selected for each positive action video, and for each
negative action video. Figure 5 shows an example for each
exemplar and its corresponding video bag of video . Ex-
periments demonstrate that this strategy can greatly reduce
the computational burden and has no signi�cant impact on
the �nal results.

Denote i to be the instance label of frame i and

i the label of video bag , where i is the feature of
the frame in the video bag . mi-SVM is formulated as
follows:

min
vi,j

min
1
2

2 +
i

i

i + 1
2

1 i = 1

y
i

= 1 i = 1

: y
i

( i + ) 1 i i 0

y
i

1 1

For the classi�er , a video can be
projected to real value with a function. For simplicity, The
project function is de�ned as follows:

( ) =
max

j
mi SV Mm(Ivi,j) Ivi,j , s.t. Ivi,j Im rm

1 otherwise

, where ( i ) R is the output of
with the input i .

In this way, we can obtain ( ) as the similarity for
video with the learned classi�er of exemplar . If we
have randomly selected exemplars for a kind of action
in training dataset, we can get classi�ers trained using
mi-SVM respectively. Based on the classi�ers, each
video can be measured using dimensional features
( 1( )) ( )) ( )) .
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3.3. AdaBoost Classi�er

To learn a diverse collection of features we turn to boost-
ing [13]. In boosting, multiple weak learners, each of which
may have fairly high error, are combined into a single strong
classi�er with a low overall error. Weak classi�ers are
trained sequentially with the weights of the training sam-
ples adjusted so that incorrectly classi�ed examples receive
more weight. Boosting is ideally suited for combining di-
verse classi�ers into an overall classi�er.

The discrete version of AdaBoost [13] de�nes a strong
binary classi�er

( ) = sgn(
=1

( ( )))

using a weighted combination of weak learners with
weights . Each weak learner

( ( )) =
1 ( )

1
(1)

may explore any feature ( ) of the action video data .
Based on the features of action videos, the optimal

threshold in Eq. 1 is determined and weak learners are
trained and combined to get a strong classi�er for action
video recognition, In fact, because each feature corresponds
to an exemplar, the discriminative exemplars from the can-
didate frames are selected during the AdaBoost learning
process. For details, please see the proposed BEL algo-
rithm 1.

4. Experimental Results

We have tested our algorithm on two datasets: Weizmann
human action dataset [7], KTH human motion dataset [19].
The default experiment settings are as follows. Histogram
of silhouette on Weizmann dataset and histogram of edge
on KTH dataset are adopted to describe each frame and val-
idate the effectiveness of our method. All of our experi-
ments are done on a server with 4 Quad-Core Intel Xeon
E7320 (2.13GHz) processors and 16GB memory. And in
all experiments is set 2 5.

4.1. Weizmann Dataset

The Weizmann dataset [7] (see Figure 6 ) contains 10
actions: bend (bend), jumping-jack (jack), jump-in-place
(pjump), jump-forward (jump), run (run), gallop-sideways
(side), jump-forward-one-leg (skip), walk (walk), wave one
hand (wave1), wave two hands (wave2), performed by 9 ac-
tors. In these experiments, the background-subtracted sil-
houettes which are provided with the Weizmann dataset are

(1) Bend (2) Wave1 (3) Walk (4) Run (5) Skip

(6) Pjump (7) Jack (8) Side (9) Wave2 (10) Jump

Figure 6. Example actions from the Weizman dataset.

used. All recognition rates are computed with the leave-
one-out cross-validation. Details are as follows. 8 out of
the 9 actors in the database are used to select the discrim-
inative exemplars and train the adaBoost classi�er, the 9
is used for the evaluation. This is repeated for all 9 actors
and the rates are averaged. The discriminative exemplars
are constantly selected from all 8 actors, but never from the
9 that is used for the evaluation.

Considering the temporal correlation, we �rst uniformly
subsample the sequences by a factor 1 2 and perform the
selection on the remaining set of approximately 200 exem-
plars. To train each exemplar-based classi�er, = 10 and

= 20 are adopted to obtain some training samples . It
takes about 98 ms to train an mi-SVM for one exemplar us-
ing a single core. Finally some most discriminative exem-
plars are selected by AdaBoost to form a strong classi�er.

Experimental results show our approach can reach
recognition rates up to 100% with approximately 13 dis-
criminative exemplars. In �gure 6 we have shown some
sample frames of the Weizmann dataset. In Figure 7(a),
we show recognition rates for the individual classes. The
average recognition rate on the test set and with respect to
the number of weak learners is shown in Figure 7(b). The
confusion matrix of our result is shown in Figure 7(c). In
comparison, the space-time volume approach proposed by
Blank et al. [7] has a recognition rate of 99 61%. Wang
and Suter [21] report a recognition rate of 97 78% with an
approach that uses kernel-PCA for dimensional reduction
and factorial conditional random �elds to model motion dy-
namics. The work of Ali et al. [2] uses a motion representa-
tion based on chaotic invariants and reports 92 6%. Daniel
and Edmond [22] report a recognition rate of 100% with
approximately 120 exemplars. Note, however, that a pre-
cise comparison between the approaches is dif�cult, since
experimental setups, e.g. number of actions and length of
segments, slightly differ with each approach.

In Fig. 8, we show the selected discriminative exemplars
in the �rst six iterations of AdaBoost for 10 different actions
on Weizman dataset just using histogram of silhouette. It is
observed that all these exemplars are representative. This
phenomenon partly proves that our algorithm is capable
of discovering some intrinsic characteristics of the videos
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1: Given: N labeled training examples ( ) with 1 1 and = i 1 i , and initial distribution of
weights = 1 = 1 .

2: Select candidate frames (exemplars) and train their corresponding classi�ers using mi-SVM to obtain ( ) =
1 = 1 for action video description. The ( ) can be viewed as the feature of video .

3: for = 1 : do
4: Train: Find hypotheses , by training the base learner on each feature of the given training set, using current

weighting .
Calculate: the weighted training error for each hypothesis

=
=1

1( = ( ( )))

5: Select: hypothesis with the lowest , set = and = .
6: Calculate: hypothesis coef�cient = 1

2 log(1 t

t
).

7: Update: sample weights +1 = 1
t

exp( ( )), where is a normalization coef�cient such that
( +1 ) = 1.

8: end for

9: Output: the BEL classi�er ( ) = (
=1

( ))

Algorithm 1: The proposed BEL algorithm.
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(c) Confusion matrix for action recognition.

Figure 7. The experimental results on Weizman dataset.

belonging to the same category. When speci�cally look-
ing into “walk”and “run”, “wave2”and “jack”, one might
note that they may have some similar exemplars. However,
these actions are distinguished by AdaBoost classi�er via a
weighted combination of these exemplars.

4.2. KTH Dataset

The KTH human motion dataset (see Fig 9) contains six
types of human actions (walking, jogging, running, boxing,
hand waving and hand clapping). Each action is performed
several times by 25 subjects in four different conditions:
outdoors, outdoors with scale variation, outdoors with dif-
ferent clothes and indoors. In this experiment, we use edge
�ltered sequences instead of background subtracted silhou-
ettes. Edges are detected independently using a Canny edge
detector. Based on the locations of people detected by using
the method in Sabzmeydani and Mori [18], the histogram of

Figure 9. Example actions from the KTH data set.

edge for each cropped frame can be extracted.

Because this dataset contains tens of thousands of
cropped frames, we �rst uniformly subsample the se-
quences by a factor of 1 40 in training dataset and obtain
approximately 1000 exemplars for each kind of action. For
each exemplar, = 3 and = 3 are adopted to obtain
some training samples for training an mi-SVM classi�er.
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(a) bend (b) jack (c) wave1 (d) wave2 (e) pjump

(f) side (g) jump (h) skip (i) walk (j) run

Figure 8. The discriminative exemplars are selected for different actions by the �nal AdaBoost classi�ers for the Weizmann dataset.
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Figure 10. The experimental results on KTH dataset.

After obtaining all mi-SVM classi�ers, each action video
can be described and the discriminative exemplars are se-
lected by AdaBoost for action video classi�cation. We use
videos of 24 actors as training dataset and the rest as testing
videos, and the results are reported as the average accuracy
of 25 runs.

In Figure 10(a), we show recognition rates for the indi-
vidual classes. The average recognition rate on the test set
and with respect to the number of weak learners is shown in
Figure 10(b). From the �gure 10(b), we can see our recog-
nition rate is about 94 33% with only 43 exemplars. The
confusion matrix for this experiment is shown in Fig 10(c)
and the average accuracy is 94 33%. In Fig. 11, we show
the selected discriminative exemplars in the �rst six itera-
tions of AdaBoost for 6 different actions on KTH dataset
just using histograms of edge. From this �gure, we can see
our approach is effective to select discriminative exemplars.
What is more, one might note that “jogging ”and “running

Methods Mean Accuracy Feature
Schuldt et.al. [19] 71 71% spatio-temporal interest points
Niebles and Li [17] 81 50% spatio-temporal interest points

Saad and Mubarak [3] 87 70% Optical Flow
Liu and Mubarak [15] 94 15% 3D interest points

Our method 94 33% Histogram of edge

Table 1. The comparison of different methods about mean accu-
racy on KTH dataset.

”have some similar exemplars. That is because the two ac-
tions are very similar just using histogram of edge.

We also compare our performance with other state-of-art
algorithm on KTH dataset. The performance is reported in
Table 1. It can be seen that performance using our proposed
BEL approach exceeds other methods. We believe the im-
provement attributes to that the similarity measure learn-
ing is ef�cient and the discriminative exemplars are effec-
tively selected and combined via BEL approach. The results
demonstrate the effectiveness of our method for recognizing
different actions.
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(a) boxing (b) handclapping (c) handwaving (d) jogging (e) running (f) walking

Figure 11. The discriminative exemplars are selected for different actions by the �nal AdaBoost classi�ers for the KTH dataset.

5. Conclusion

We presented a discriminative Boosted Exemplar Learn-
ing (BEL) approach for action recognition. Each cropped
frame centered on the human �gure is described using his-
togram of silhouette or edge. Based on this description,
the Multiple Instance Learning (MIL) is employed to learn
the similarities between frames. Based on the learned
exemplar-based classi�ers, each video can be described,
then AdaBoost is employed to select the most discrimina-
tive features to form a strong classi�er. Experimental re-
sults illustrate the effectiveness and ef�ciency of the pro-
posed method. However, it should be noticed that not all
actions can be discriminated with the exemplar-based ap-
proach. A typical example is an action and its reversal, e.g.
sit-down and get-up. Without taking temporal ordering into
account, it will be very dif�cult to discriminate them. In the
future, we will adopt some motion information to improve
our approach.
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