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a b s t r a c t

We propose a motion recognition strategy that represents each videoclip by a set of filtered images, each
of which corresponds to a frame. Using a filtered-image classifier based on support vector machines, we
classify a videoclip by applying majority voting over the predicted labels of its filtered images and, for
online classification, we identify the most likely type of action at any moment by applying majority vot-
ing over the predicted labels of the filtered images within a sliding window. We also define a classifica-
tion confidence and the associated threshold in both cases, which enable us to identify the existence of an
unknown type of motion and, together with the proposed recognition strategy, make it possible to build a
real-time motion recognition system that cannot only make classifications in real-time, but also learn
new types of motions and recognize them in the future. The proposed strategy is demonstrated on real
datasets.

� 2009 Elsevier Inc. All rights reserved.
1. Introduction

The purpose of human motion recognition is to assign a specific
label to a motion. Recognition can be offline or online based on the
requirements of the specific application. In offline recognition, an
entire videoclip is available and the goal is to identify the type of
motion recorded in the videoclip. In online recognition, the goal
is to identify the motion type with only a portion of a videoclip,
while it is in progress. Furthermore, motivated by the need to de-
tect suspicious behavior in security monitoring, it is desirable for a
motion recognition system to detect unknown human behaviors,
which are the motion types not available when the system was
built. In this paper, we propose a strategy that is applicable to both
offline and online recognition, and is capable of not only recogniz-
ing known motion types but also detecting unknown motion types.

Generally, there are two tightly related steps in building a mo-
tion recognition system, i.e., extracting motion features and train-
ing a classifier using these features. The majority of relevant work
in motion recognition focuses on motion feature selection, includ-
ing extracting features from 2D tracking data [1–7] or 3D tracking
information [8,9], or extracting motion information directly from
images [10–14]. In particular, Ref. [14] proposed a new feature
extracting algorithm called motion history histogram, which is
an improvement over the motion history image [12] in terms of
encoding the time span of movement, and provided an FPGA
implementation. Given a set of features that is believed to be able
to characterize the motion of interest, most recognition algorithms
ll rights reserved.
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are based on either template matching [12,13] or state-space
matching that usually uses Hidden Markov Models (HMM) [11].
Other recognition algorithms employ neural networks [2]. The per-
formance of these recognition algorithms, especially the ones
based on template matching, is highly dependent on the quality
of the extracted motion features, which in general should reflect
the nonlinear nature of human motions.

The basic idea behind the motion recognition strategy proposed
in this paper is called frame grouping, where we first classify every
frame of a videoclip separately, then use majority voting over the
resulting labels to determine the motion type of the videoclip. Each
frame is represented by a filtered image, which is constructed using
recursive filtering (RF) proposed by Masoud and Papanikolopoulos
[15] and encodes both the spatial layout of the scene in the current
frame and the temporal relationship between the current frame
and previous frames, i.e., the temporal continuity of a videoclip.
The filtered image method is similar to the motion history image
(MHI) and the motion history histogram (MHH). However, both
MHI and MHH need some kind of video segmentation such that
the video clip contains roughly one cycle of the motion, while
the filtered image approach [15] requires no video segmentation
and the motion information is encoded by a set of images. Given
a set of labeled filtered images, the filtered-image classifier is built
using a support vector machine (SVM) [16]. The reason for choos-
ing the support vector machine is that, through an implicit map-
ping based on a Mercer kernel [16], some nonlinear features are
extracted automatically and used for classification, and it is ex-
pected that these nonlinear features encode sufficient information
to discriminate different motion types. In other words, the difficult
task of feature selection in motion recognition is done implicitly. A
practical reason for choosing the support vector machine to
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classify filtered images is that it has been shown to be very effec-
tive on image classification tasks like handwritten digits recogni-
tion [17], which is similar in many ways to the filtered-image
classification problem encountered here.

There have been some works on using SVM to perform human
motion recognition [18,19], which differ from the current paper
mainly on the motion representation strategy. The strategy in
[18] is based on local spatial–temporal features and uses k-means
clustering algorithm to extract a set of primitive events, which are
fed into an SVM. In [19], a 3D spatial–temporal description of the
motion is required as an input to an SVM. Compared with
[18,19], the representation strategy in the current paper is simpler
and easier to apply, while still achieving good performance.

Compared with [15], the motion recognition strategy proposed
here has the following advantages: (i) for the same dataset under
the same experimental setting, the strategy proposed here gives
improved performance in terms of accuracy, training time, and
classification time and (ii) for a videoclip with unknown motion
type, which did not appear in the training dataset, the strategy in
[15] will classify it into the ‘‘closest” known type among those ap-
peared in the training dataset. This is undesirable for a recognition
system since there are many ways a person or object can move and
it is very difficult, or sometimes impossible, to have a training data-
set that contains all possible types of motion. In other words, it was
expected that some new type of motion might appear in the future,
which are the motion types not represented by the training data
when the system was built. The proposed strategy can identify
the existence of a new motion type.

It is assumed in this paper that the camera axis is perpendicular
to the direction of motion, which may be violated in real-world
examples. There are undergoing works in our lab that try to relax
it. In particular, Ref. [20] proposed a method to reconstructed a vid-
eoclip satisfying the assumption from videoclips that are recorded
by several cameras whose optical axes are not perpendicular to the
motion direction. The motion strategy proposed here can be ap-
plied to the re-constructed videoclips.

The rest of this paper is organized as follows: Section 2 briefly
introduces the support vector machine, with emphasis on the
classification confidence that can be used to identify unknown
motion types. In Section 3, we describe the proposed strategy
(RF-SVM) for offline and online recognition. Section 4 presents a
series of experiments on offline recognition and online recogni-
tion, including discriminating known motion types and detecting
unknown motion types. Section 5 concludes the paper with future
research topics.
2. Support vector machine

In this section, we first give a brief introduction to the support
vector machine (SVM) for binary classification, then describe how
to assign a confidence to a classification. Since there are usually
more than two types of motion, we also describe how to perform
multi-class classification by combining several support vector
machines.

2.1. Support vector machine

In a two-class classification problem, we are given a training
dataset Dk of size nk

Dk ¼ ðxi; yiÞjxi 2 RN; yi 2 f1;�1g
� �

; ð1Þ

where N is the dimension of xi; yi is the label of xi, and
i ¼ 1;2; . . . ;nk. The support vector machine (SVM) fkðx0Þ is defined
as [16]
fkðx0Þ ¼ signðdkðx0ÞÞ ¼
1 : dkðx0ÞP 0;
�1 : dkðx0Þ < 0;

�
ð2Þ

where x0 2 RN is a test datum. Here, the term dk is called functional
margin and is defined as

dkðx0Þ ¼ hw;/ðx0ÞiS þ h; ð3Þ

where / : RN ! S is a (usually nonlinear) mapping from RN to a
Hilbert space S equipped with dot product h�; �iS, and h is the bias
term. The optimal w and h are obtained by solving the following
optimization problem [16]:

Minimize : gðw; hÞ ¼ 1
2
kwk2

S þ C
Xnk

i¼1

ni ð4aÞ

Subject to : yi hw;/ðxiÞiS þ h
� �

P 1� ni; ð4bÞ
ni P 0; i ¼ 1;2; . . . ; nk;

where k � kS is the norm induced by the inner product h�; �iS, and
C > 0 is the regularization parameter and needs to be specified a
priori. The value of C controls the trade-off between the complexity
of a classifier (through the term 1

2kwk
2
S) and the accuracy of a clas-

sifier on the training dataset (through the term
Pnk

i¼1ni). Usually, the
mapping / is specified implicitly by choosing a Mercer kernel
K : RN � RN ! R, which, for any xi;xj 2 RN , has the following
property:

Kðxi;xjÞ ¼ h/ðxiÞ;/ðxjÞiS: ð5Þ

With the help of Lagrange multipliers, the optimal weight vector w
has the following expansion:

w ¼
Xnk

i¼1

aiyi/ðxiÞ; ð6Þ

where the expansion coefficients a1; . . . ;an are the solution of the
Wolfe dual of the optimization problem (4) [16]. There have been
many efforts to develop efficient algorithms to solve the dual prob-
lem, for example, in [21–27], and an SVM can be trained quickly
even if there are hundreds of thousands training data. Using Eq.
(5), the functional margin dkðxÞ for a test datum x0 can be computed
as follows:

dkðx0Þ ¼
Xnk

i¼1

aiyih/ðxiÞ;/ðx0ÞiS þ h ¼
Xnk

i¼1

aiyiKðxi;x0Þ þ h: ð7Þ

The training data whose have non-zero a are called support vectors.
With reference to Eq. (7), the functional margin can be computed
using support vectors only. In other words, the support vectors
can be seen as the most discriminative data, and functional margin
is a weighted sum of these discriminative data. Putting in the con-
text of this paper, we will have ‘‘support filtered images” and their
corresponding coefficient a is a measure of their importance.

In summary, to build a support vector machine, one only needs
to specify the kernel K and the penalizing coefficient C a priori. A
commonly used technique to select the optimal kernel K and reg-
ularization coefficient C is cross validation [28], which is also used
in this paper.

2.2. Classification confidence

In order identify unknown motion types, which do not appear in
the training dataset, we use a rejection-based strategy. For each
classification, we assign a confidence and reject this classification
if its confidence is less than a prespecified threshold. A datum
whose classification is rejected is believed to come from some un-
known motion types. A traditional choice for such confidence is the
posterior probability of the classification. However, the support
vector machine has been criticized by its inability to provide such
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a posterior probability. There are some efforts to compensate for
this as shown, for example, in [29]. Nevertheless, we argue that,
no matter how the classification confidence is defined, the perfor-
mance of this rejection-based strategy (in terms of identifying un-
known motion types) depends heavily on how the confidence
threshold is chosen. In other words, the availability of the posterior
probability of a classification is not the critical problem here.

For these reasons, we use the following strategy to identify un-
known motion types. We define the classification confidence
CFðx0Þ for a test datum x0 in terms of its functional margin dkðx0Þ
and let the classification threshold TCF be 1, i.e.,

CFðx0Þ ¼ jdyðx0Þj; ð8aÞ
TCF ¼ 1; ð8bÞ

where j � j denotes absolute value.
To illustrate the meaning of these definitions, we recall the opti-

mization problem in Eq. (4). As we mentioned before, the termPnk
i¼1ni in Eq. (4a) measures the accuracy of a classifier on the train-

ing dataset Dk. For i ¼ 1;2; . . . ;nk, the term ni corresponds to the ith
training data ðxi; yiÞ and can be written explicitly as

ni ¼maxð0;1� yidkðxiÞÞ; ð9Þ

which means that ni > 0 if and only if yidkðxiÞ < 1. In other words,
for a training datum ðxi; yiÞwith yidkðxiÞ < 1, the classification based
on signðdkðxiÞÞwill be considered as an error and, by minimizing the
objective function g in Eq. (4a), we penalize this error by Cni.

For a test datum x0, let y0 denote the predicted label given by
the SVM classifier fk, i.e.,

y0 ¼ fkðx0Þ ¼ signðdkðx0ÞÞ: ð10Þ

According to Eq. (9), such a prediction will be considered as error if

y0dkðx0Þ < 1; ð11Þ

which is equivalent to the following condition:

jdkðx0Þj < 1; ð12Þ

since y0 2 f�1;1g and y0dkðx0Þ > 0 according to Eq. (10). Thus,
using the classification confidence and threshold defined in Eq.
(8), we will reject a classification if it is considered to be an error.

When using a Gaussian kernel, motion samples with low classi-
fication confidence include not only those samples lying ‘‘in be-
tween” the known motion types, but also most samples which
are far away from the known motion types in any direction in
RN . Fig. 1 demonstrates this effect using the following Gaussian
kernel and penalizing coefficient C:

Kðxi;xjÞ ¼ expð�rkxi � xjk2Þ with r ¼ 0:2 and C ¼ 0:125:

ð13Þ
−2 0 2

−2

0

2

Fig. 1. Illustration of the rejection criterion defined in Eq. (8) with a Gaussian
kernel. Any point outside the thick-solid curve will be rejected, i.e., treated as
representing unknown types of motions.
In Fig. 1, the dashed circles enclose the regions within three stan-
dard deviations of the center of each class, the two vertical thin-so-
lid lines enclose the ‘‘fuzzy” area in which there is at least a 10%
chance of finding points from either class, and the thick-solid curves
enclose the points whose classification confidence CF exceeds the
threshold TCF . Thus the thick-solid curves exclude both outliers
(points far away in any direction) and fuzzy points (points between
the two classes which are hard to classify), both of which are as-
sumed to represent the unknown type of motion.

Thus, using the classification confidence and confidence thresh-
old defined in Eq. (8), we assume that the unknown motion types
will lie either ‘‘between” or ‘‘far away from” the known motion
types. Furthermore, since the model parameter r in the Gaussian
kernel is tuned to achieve good classification performance, this
strategy of detecting unknown motion types also assumes that a
good value of the model parameter for classification will also be
good for detecting unknown motion types. More specifically, the
value of r in the Gaussian kernel specifies the scale under which
two objects should be compared and our assumption means that
a good scale for classification is also a good scale for novelty detec-
tion. The unknown motion types could also be detected using one-
class SVM with Gaussian kernel [30], or k-means clustering with a
bound on the maximum acceptable distance from the clusters’ cen-
ters. However, we would need to tune an additional set of model
parameters, which is the r of the Gaussian kernel if one-class
SVM is used, and the maximum acceptable distance if k-means is
used. One may also argue that the optimal parameter value for
classification is not necessarily optimal for identifying outliers,
which means we still need to tune a separate value for r for nov-
elty detection. However, as mentioned above, the value of r in the
Gaussian kernel specifies an optimal scale under which two objects
should be compared, which should not vary between classification
and novelty detection. Another advantage of the proposed strategy
over the one-class-SVM approach and the k-means clustering ap-
proach, is that, like most novelty detection algorithms, it is hard
for them to detect unknown motion types that lie between known
motion types (cf. Fig. 1. The points between two closed curves can-
not be identified by these two approaches).

To see that the proposed strategy can identify outliers detect-
able by algorithms like the one-class-SVM, we have been following
an upper bound on the confidence dðx0Þ when the Gaussian kernel
is used

CFðx0Þ ¼ jdyðx0Þj; ð14aÞ

¼
Xnk

i¼1

aiyiKðxi;x0Þ þ h

�����
�����; ð14bÞ

6

Xnk

i¼1

jaiyiKðxi; x0Þj þ jhj; ð14cÞ

6 nkCKðxi;x0Þ þ jhj; ð14dÞ
< 1: ð14eÞ

The last inequality follows from the fact that jhj < 1 and, when
x0 is sufficiently far from all training data, the Gaussian kernel va-
lue Kðxi;x0Þ approaches zero. If jhjP 1, according to Eq. (8), all data
that are sufficiently far from all training data will be classified into
the same class. Thus, using the confidence CF and the threshold TCF

will guarantee to identify the outliers, which are far away from all
training data.

2.3. Multi-class classification

In motion recognition, there are typically more than two candi-
date motion types and, to deal with the resulting multi-class clas-
sification problem, we use a traditional strategy called one-versus-
the-rest [31]. Assuming that there are L different candidate motion



D. Cao et al. / Computer Vision and Image Understanding 113 (2009) 1064–1075 1067
types, the idea of one-versus-the-rest is to train L support vector
machines, each of which discriminates one motion type from all
the others. For example, the kth support vector machine fkðxÞ dis-
criminates motions of type k, which is treated as class 1, from all
the other types of motions, which are treated together as a single
class �1. Using L support vector machines, the membership y0 of
a test datum x0 can be obtained using the following equation:

y0 ¼ argmax
k2f1;2;���;Lg

dkðx0Þ; ð15Þ

where dkðx0Þ is the functional margin given by the kth support vec-
tor machine (7). Given the label y0 predicted by Eq. (15), we define
the classification confidence CFðx0Þ corresponding to this classifica-
tion as

CFðx0Þ ¼ dy0
ðx0Þ; ð16Þ

that is, the functional margin given by the support vector machine
corresponding to the winning class y0.

3. Motion recognition

In this section, we describe the proposed motion recognition
strategy (RF-SVM) in two steps. We first describe how to construct
the filtered image using recursive filtering (RF) and, given a set of
training videoclips, how to construct the filtered-image classifier
using the support vector machine (SVM). Then, we describe how
to perform offline classification and online classification using
RF-SVM.

3.1. Recursive filtering

In this paper, we use the recursive filtering proposed by [15] to
encode motion information. The idea of recursive filtering is to en-
code both the spatial layout of the scene in the current frame and
the temporal relationship between the current frame and previous
frames. According to [15], for the frame It at time t, the filtered im-
age Ft at time t is defined as

Ft ¼ jIt �Mtj; ð17aÞ
Mt ¼ ð1� bÞMt�1 þ bIt�1; ð17bÞ
M0 ¼ I0 ¼ Background; ð17cÞ

where t ¼ 1;2; . . ., and j � j denotes absolute value. The coefficient b is
a pre-specified constant. If b ¼ 0, the filtered image Ft will be the
foreground and, if b ¼ 1; Ft will be equivalent to image differencing.
In the current study, a b ¼ 0:5 was used, which was suggested in [15].

Fig. 2 shows the representative frames for eight types of actions
and the corresponding filtered images. It can be seen from Fig. 2
that the temporal relationship among consecutive frames is en-
coded in the filtered images and, from the ‘‘tail” of the filtered
images, we can easily tell the direction of motion, the recent trajec-
Fig. 2. Examples of frames (top row) and the corresponding filtered images (bot
tories of the parts of a person such as legs, and even the relative
speed of different parts of the person’s body. In other words, each
filtered image encodes the motion information from a very recent
past to now.

The filtered image Ft given by (17) is further thresholded to re-
move the noise and down-sampled to a lower resolution having
width w and height h. Thus, each filtered image is represented by
a matrix of size w� h. Concatenating columns of this matrix, we
obtain the representation as a vector x of dimension w� h.

3.2. Filtered-image classifier

Without losing generality, we assume that there are L candidate
motion types and there are m training videoclips. We denote the
ith training videoclip as Xi and denote the label of Xi as yi, where
yi 2 f1;2; . . . ; Lg. We also assume that there are mi frames in Xi. As
described in Section 3.1, each frame corresponds to one filtered im-
age and is represented by a vector of length w� h. Specifically, the
jth frame ðj ¼ 1;2; . . . ;miÞ of the ith videoclip Xi ði ¼ 1;2; . . . ;mÞ is
represented by a vector xij 2 Rw�h. Using the idea of frame grouping,
the ith videoclip Xi is represented by mi points in Rw�h, all of which
have the same label as Xi. Thus, the training dataset D correspond-
ing to the m training videoclips can be written as

D ¼
[m
i¼1

[mi

j¼1

fðxij; yijÞjxij 2 RN ; yij ¼ yig; ð18Þ

where yij is the label of xij. Using D, we can build a filtered-image
classifier C using support vector machines. As shown in Section 2,
there are L support vector machines in classifier C. In the rest of this
section, we will describe how to make offline and online classifica-
tions using this classifier, together with how to assign a classifica-
tion confidence to these classifications.

3.3. Offline classification

Using the filtered-image classifier C built using the training
dataset D, the offline classification is performed as follows: let
X0 be a test videoclip having m0 frames. After constructing a fil-
tered image for each frame according to Eq. (17), the videoclip
X0 is represented by

D0 ¼ x0jjx0j 2 Rw�h; j ¼ 1;2; . . . ;m0
� �

: ð19Þ

For j ¼ 1;2; . . . ;m0, let y0j be the label of x0j predicted by the classi-
fier C (cf. Eq. (15)). Then, the label y0 of the videoclip X0 is deter-
mined using majority voting as follows:

y0 ¼ argmax
k2f1;2;...;Lg

card jjy0j ¼ k; j ¼ 1;2; . . . ;m0
� �� �

; ð20Þ

where cardð�Þ means the cardinality of a set. This procedure is de-
tailed in Algorithm 1.
tom row) of eight types of actions. The coefficient b in Eq. (17) is set to 0.5.
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In order to identify the videoclip that represents an unknown
type of motion, we need a confidence CFðy0Þ for the classification
y0 and the corresponding threshold TCF . For j ¼ 1;2; . . . ;m0, let
CF0j be the classification confidence corresponding to y0j given by
Eq. (16). With reference to Section 2.2, the confidence CFðy0Þ and
the threshold TCF are defined as

CFðy0Þ ¼
1

m0

X
y0j¼y0

jCF0jj �
X

y0j–y0

jCF0jj

0
@

1
A; ð21aÞ

TCF ¼ 1; ð21bÞ

where the summation index j runs over 1;2; . . . ;m0 (cf. Eq. (19)).
This definition can be seen as an average confidence penalized by
the ‘‘misclassified” filtered images. We will reject a classification
y0 if CFðy0Þ < TCF and claim that the motion recorded in the video-
clip X0 is unknown to the classifier.

Algorithm 1. Offline recognition

Require: A set of training videoclips Dvideoclip; A test videoclip X0 with
m0 frames.
1: Apply recursive filtering to each frame of each videoclip in

Dvideoclip and represent the resulting filtered image as a
point in Rw�h, resulting in a training dataset D as defined
in Eq. (18)

2: Build a filtered-image classifier C using support vector
machines, with D as training dataset

3: Apply recursive filtering to each frame of the test videoclip
X0 and represent the resulting filtered image as a point in
Rw�h, resulting in a set D0 of size m0 as defined in Eq. (19)

4: Classify all points in D0 using C (cf. Eq. (15))
5: The label of videoclip X0 is obtained by applying majority

voting over the labels of points in D0 (cf. Eq. (20))
3.4. Online classification

There are two desired properties for an online motion recogni-
tion system:

� It should be able to recognize the most probable type of motion
at each moment based only on the video presented so far.

� When the type of action changes, it should be able to detect such
a change in a timely manner.

Here, we adopt the strategy of a sliding window. Denoting the
width of the sliding window as b, the most probable type of motion
at time t is determined using frames within the sliding window,
which are frames from time t � bþ 1 to time t. After constructing
a filtered image for each frame within the sliding window using
recursive filtering, the b frames within the sliding window are rep-
resented by the set Db

t defined as

Db
t ¼ xjjxj 2 Rw�h; j ¼ t � bþ 1; t � bþ 2; . . . ; t � 1; t

� �
: ð22Þ

For j ¼ t � bþ 1; t � bþ 2; . . . ; t, let yj be the label of xj predicted by
the classifier C (cf. Eq. (15)). Similar to offline recognition in Section
3.3, the most probable type of motion yt at time t is determined
using majority voting, i.e.,

yt ¼ argmax
k2f1;2;...;Lg

card jjyj ¼ k; j ¼ t � bþ 1; t � bþ 2; . . . ; t
� �� �

;

ð23Þ

where cardð�Þ means the cardinality of a set. This procedure is de-
tailed in Algorithm 2.

In order to detect the appearance of an unknown type of action,
we need a measure of confidence CFðytÞ for the classification and
the corresponding threshold TCF . Such confidence measure can be
defined in terms of the classification confidence levels obtained
for the individual frames within the sliding window. For
j ¼ t � bþ 1; t � bþ 2; . . . ; t, let CFj be the classification confidence
corresponding to yj given by Eq. (16). With reference to Section 2.2,
the confidence CFðytÞ and the threshold TCF are defined as

CFðytÞ ¼ 1
b

X
yj¼yt

jCFjj �
X
yj–yt

jCFjj

0
@

1
A; ð24aÞ

TCF ¼ 1; ð24bÞ

where the summation index j runs over t � bþ 1; t � bþ 2; . . . ; t (cf.
Eq. (22)). We will reject the classification at time t if its confidence
CFðytÞ < TCF . If, in a video stream, many consecutive classifications
are rejected, we can conclude that an unknown type of motion
has happened, provided that the noise level in the video stream is
not dominant.

The width b of the sliding window controls the trade-off be-
tween the sensitivity of the recognition system to the transition
between different types of motions, and the robustness of the rec-
ognition system to noisy frames. The effects of different values of b
will be studied in Section 4.

Algorithm 2. Online recognition

Require: A set of training videoclips Dvideoclip; The width b of the sliding
window; A sequence of frames Itðt ¼ 1;2; . . .Þ
1: Apply recursive filtering to each frame of each videoclip in

Dvideoclip and represent the resulting filtered image as a
point in Rw�h, resulting in a training dataset D as defined
in Eq. (18)

2: Build a filtered-image classifier C using support vector
machines, with D as training dataset

3: For t ¼ 1;2; . . . ; b� 1, apply recursive filtering to frame It

and represent the resulting filtered image as a point
xt 2 Rw�h

4: for allt ¼ b; bþ 1; . . . do
5: Apply recursive filtering to the frame at time t and rep-

resent the resulting filtered image as a point xt 2 Rw�h. Let
Db

t be the set of filtered images corresponding to the slid-
ing window from t � bþ 1 to t

6: Classify all points in Dt
b using the classifier C, and the

most probable type of motion yt at time t is obtained by
applying majority voting over the resulting labels

7: end for
4. Experimental results

In this section, we demonstrate the effectiveness of the pro-
posed motion recognition strategy (RF-SVM) over real datasets.
This section consists of three parts. First, Section 4.1 summarizes
the dataset used in the experiments. In Section 4.2, we show the
experimental results on offline recognition, and compare the
proposed recognition strategy with the one proposed in [15].
Finally, Section 4.3 shows the results on online recognition. The
capability of detecting unknown types of motions is also shown
for both offline recognition (Section 4.2) and online recognition
(Section 4.3).

4.1. Datasets and experimental setup

The data were collected by letting each of 29 individuals per-
form eight types of actions once, namely walk (W), run (R), skip
(S), march (M), line walk (LW), hop (H), side walk (SW) and side



Table 1
Offline recognition: comparison between RF-NN and RF-SVM.

Proposed RF-SVM RF-NN in [15]

Training time (s) 304 447
Classification time (s) 1.4 13.6
ERaction (%) 6.0 7.8
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Fig. 3. Offline recognition: comparison of image error rate and action error rate
over 29-fold LOOCV-Person. The average of action error rate over 29 cross
validations is 6.0% and it is significantly smaller than the average of image error
rate, which is 19.7%.

Table 2
Offline recognition: typical example of a confusion matrix for one cross validation.
There is 1 (out of 8) action being misclassified and the action error rate is 12.5%. The
image error rate is 21.1%. An empty entry means zero.

True label Predicted label

W R S M LW H SW SS

W 1
R 1
S 1
M 1
LW 1
H 1
SW 1
SS 1
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skip (SS). This resulted in 232 videoclips. We denote this set of vid-
eoclips as Dall. Each videoclip has various numbers of frames and
there are a total of 8741 frames in Dall. Each frame is represented
by a filtered image that has width w ¼ 25 and height h ¼ 31, i.e.,
its representation xt given in Section 3.2 is a vector of dimension
w� h ¼ 775. It should be noted that some of these eight motion
types may sound not familiar, such as line walk, which is similar
to walk except that, when touching the ground, the front foot’s
heel always touch the back foot’s toe and both feet lie on the same
line. One reason for using these motion types is to demonstrate the
effectiveness of the proposed algorithm in discriminating different
types of human motion, some of which may be similar to each
other.

In order to build the filtered-image classifier C, we need to train
several support vector machines. According to Section 2.1, we need
to specify the appropriate kernel K and penalizing coefficient C a
priori for each support vector machine. Ideally, we should choose
the optimal K and C for each SVM separately by cross validation.
For simplicity, after some initial experiments, we use the following
kernel K in all support vector machines throughout this paper:

Kðxi;xjÞ ¼ exp � kxi � xjk2

0:1� 775

 !
: ð25Þ

For the penalizing coefficient C, we choose two values, which are
used for the multi-class classifier in Section 4.2.1 and the two-class
classifiers in Sections 4.2.2 and 4.3, respectively, i.e.,

C ¼ 1:5; Multi-class classifier in Section 4:2:1; ð26aÞ
C ¼ 10; Two-class classifiers in Sections 4:2:2 and 4:3: ð26bÞ

A more careful choice of K and C would definitely be beneficial.

4.2. Offline recognition

We show the experimental results on offline recognition in this
section.

4.2.1. Recognition of known type of motion
In [15], after representing each frame using recursive filtering, a

template for each type of motion is extracted using principal com-
ponent analysis, and a new videoclip is classified using the nearest
neighbor method based on the Hausdorff distance. We call this
strategy ‘‘RF-NN”, where RF stands for recursive filtering and NN
stands for nearest neighbor. In this section, we will compare RF-
NN with the proposed RF-SVM.

As mentioned before, there are two components in RF-SVM, one
is filtered images classification using SVM and the other is majority
voting. We will show in this section that majority voting is critical
for the performance of the RF-SVM. It would also be interesting to
show the importance of the SVM on the performance of the RF-
SVM. This can be done by showing the performance of a strategy,
which is denoted as ‘‘NN-MajorityVoting”, that applies majority
voting over labels of filtered images given by a nearest neighbor
classifier using Euclidean distance, which is abbreviated as NN-
Euclidean here. Although the relative performance between SVM
and NN-Euclidean varies from one problem to another, SVM is ex-
pected to perform better than NN-Euclidean over image classifica-
tion problems, which include the problem of filtered-image
classification. The reason is that an image is usually represented
by a high-dimensional vector in the Euclidean space, and SVM is
more suitable than NN-Euclidean for a high dimensional problem
as SVM’s performance does not depend on the dimensionality of
the data [32]. Experimentally, the superior performance of SVM
over NN-Euclidean has been observed for the problem of recogniz-
ing hand-written digits [33]. Thus, we will not show the experi-
mental results of ‘‘NN-MajorityVoting” in this paper.
The comparison between RF-NN and RF-SVM is performed
using a modified cross validation, which is ‘‘Leave One Person
Out Cross Validation” (LOOCV-Person). In each fold of the
LOOCV-Person, all videoclips performed by one person are kept
as test videoclips and the classifier is built using the other videoc-
lips. In other words, there are 8 (=1 � 8) test videoclips and 224
(=28 � 8) training videoclips in each cross validation.

The comparison is shown in Table 1, where we can see that the
RF-SVM proposed in this paper outperforms the RF-NN proposed in
[15] in terms of training time, classification time, and classification
accuracy. More specifically, the training time for RF-NN is the time
to compute principal directions, averaged over 29 cross valida-
tions. The training time for the RF-SVM is the total time to train
eight support vector machines (each discriminates one motion
type from all the others), averaged over 29 cross validations. For
both RF-NN and RF-SVM, the classification time is the average time
to classify one videoclip. This average is taken over 232 test videoc-



Table 3
Offline recognition: experimental results on detecting unknown types of motion. A
recognition system is built to recognize two types of motions and tested on all three
types of motions. The unknown motion type is written in bold font. See text for
explanation.

Truth Predictions

Walk (W) Run (R) Rejected

Case A: hop is unknown
Walk (W) 19 0 10
Run (R) 0 20 9
Hop (H) 2 2 25

Walk (W) Rejected Hop (H)

Case B: run is unknown
Walk (W) 24 5 0
Run (R) 8 18 3
Hop (H) 0 0 29

Rejected Run (R) Hop (H)

Case C: walk is unknown
Walk (W) 26 3 0
Run (R) 1 22 6
Hop (H) 0 6 23

Walk (W) Run (R) Hop (H)

Case D: baseline
Walk (W) 28 0 1
Run (R) 0 28 1
Hop (H) 0 0 29
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lips, since there are 29 cross validations and each cross validation
has eight test videoclips. The action error rate ERaction quantifies the
accuracy of RF-SVM and RF-NN, and it is defined as
Walk

Run

← Recognition begins

M
ot

io
n 

ty
pe

0 0.033 3.567
−1

0

1

2

3

C
on

fid
en

ce
 (C

F)

→ Time (Unit: seconds)

Predicted motion type
Confidence (CF)
Confidence threshold TCF

Walk

Run

← Recognition begins

M
ot

io
n 

ty
pe

0 0.4 3.567
−1

0

1

2

3

C
on

fid
en

ce
 (C

F)

→ Time (Unit: seconds)

Predicted motion type
Confidence (CF)
Confidence threshold TCF

Fig. 4. Online classification for a videoclip of pure walking by the system that can recog
window.
ERaction ¼
1

29

X29

i¼1

ERaction;i ¼
1

29

X29

i¼1

NVmisclassified;i

NV test;i
; ð27Þ

where ERaction;i is the fraction of misclassified test video clips in the
ith cross validation, NVmisclassified;i is the number of misclassified test
videoclips in the ith cross validation, and NV test;i is the number of
test videoclips in the ith cross validation.

For the proposed RF-SVM, Fig. 3 compares the action error
rate ERaction;i versus the image error rate ERimage;i over 29 folds
cross validations. The image error rate ERimage;i is the fraction
of misclassified filtered images in the ith cross validation, and
it is defined as

ERimage;i ¼
NFmisclassified;i

NFtest;i
; ð28Þ

where NFmisclassified;i is the number of misclassified filtered images of
all test video clips in the ith cross validation, and NFtest;i is the num-
ber of filtered images of all test video clips in the ith cross valida-
tion. The image error rate is calculated based on the labels of
filtered images and is given by step 4 in Algorithm 1. It can be seen
from Fig. 3 that ERaction;i < ERimage;i in all cross validations. This
means that majority voting is important for the effectiveness of
RF-SVM and it makes RF-SVM robust to ambiguous frames in a vid-
eoclip. In the ideal case, we can correctly classify an action as long
as more than half of its filtered images are classified correctly. This
observation is especially important when there are similar gestures
or gaits between different types of actions. For example, walking
and marching have similarities after both feet touch the ground
and the rear leg begins to retract. For completeness, the confusion
matrix for a typical cross validation is shown in Table 2.
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4.2.2. Recognition of unknown types of motion
Here, we show how the proposed motion recognition strategy,

together with the proposed classification confidence, can identify
the motion types that are not present in the training dataset. For
this purpose, we choose three types of motions, which are walk
(W), run (R), and hop (H). We built a recognition system that can
recognize two types of motions, and tested the system using a test
dataset that contains videoclips of all three types. We expect that
the videoclips of two known types, which are present in the train-
ing dataset, will be recognized correctly with confidence larger
than the threshold (cf. Eq. (21)). At the same time, we expect that
the videoclips whose classifications are rejected will be the videoc-
lips corresponding to the unknown motion type. The experiment
proceeds in a way similiar to cross validation by repeating Algo-
rithm 3 three times and, in each time, one motion type is assumed
to be unknown and the other two motion types are assumed to be
known. For clarity, we assume that walk and run are known and
hop is unknown in Algorithm 3.
Algorithm 3. Experimental setup for
offline recognition
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For example, entry a21 is the number of videoclips of run that are
predicted as walk

2: Initialize A by setting aij ¼ 0 8 i; j ¼ 1;2;3
3: for all i ¼ 1;2; . . . ;29
4: Let the set of testing videoclips Dtest consist of 3 videoclips (walk, run,

march) performed by the ith person
5: Train a motion classifier C that can discriminate two known motion

types, i.e., walk and run, using 56 training videoclips, which correspond
to the walk and run videoclips performed by the other 28 persons

6: Classify Dtest using C, and let the resulting confusion matrix be A0

7: Update A by setting A ¼ Aþ A0

8 end for
9 Return the confusion matrix A

Table 3 shows the experimental results in terms of four confu-
sion matrices, three of which (case A–C) are given by the above
procedure with one type of motion being unknown and the other
one (Case D) is obtained in a similar way but assuming all three
types of motion are known, i.e., the motion classifier is trained
using data from all three motion types. Thus, the confusion matrix
in case D can be used as a basis to check the quality of confusion
matrices in case A–C. In case A–C, the row corresponding to the un-
known type of motion is written in bold font and the videoclips of
the unknown type should appear in the column Rejected, since
their classification confidence should be less than the threshold.
The close similarity between the confusion matrices in case A–C
and the confusion matrix in case D shows that the proposed strat-
the sliding



1072 D. Cao et al. / Computer Vision and Image Understanding 113 (2009) 1064–1075
egy is quite effective in identifying unknown types of motion. We
will demonstrate this fact further in the next section for online
recognition.

4.3. Online recognition

In this section, we demonstrate the performance of the
proposed strategy RF-SVM on online motion recognition from
two aspects. First, we show that the proposed strategy can reliably
recognize known types of motions and quickly detect transitions
between two different types of motions. The effects of the width
b of the sliding window are also examined. Second, we show that
the proposed strategy can identify the existence of unknown types
of motions effectively.

To carry out our experiments, we build a system that can recog-
nize walk and run. The set of training videoclips consists of walking
and running sequences performed by 28 persons (from the 1st per-
son to the 28th person) and it is a subset of the dataset used in off-
line recognition. There are 56 videoclips. Each videoclip has various
numbers of frames and there are a total of 1841 frames. Each frame
corresponds to one filtered image, which is represented by a ma-
trix of size 25� 31, i.e., a vector of dimension 775. Since there
are only walking and running sequences in the training dataset,
this system can only recognize walk and run, and any other motion
type, like march, is unknown to this system. An unknown type of
motion will be identified by a low classification confidence (cf.
Eq. (24)). The set of test videoclips consists of the videoclips per-
formed by the 29th person and another person, which is denoted
as person 30.
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Fig. 6. Online classification for a videoclip having an artificial transition from walking to
values for the width b of the sliding window. The vertical dash–dot line indicates the ti
The experimental results are summarized in Figs. 4–10. Unless
noted otherwise, the following is true in all these figures: (i) The
video is recorded at a rate of 30 frames per second; (ii) With refer-
ence to the left Y-axis, the line with circles shows the classifica-
tions as a function of time. This line is drawn based on the
predictions at all instances, i.e., all frames, which include both
odd-numbered frames and even-numbered frames. However, for
clarity purposes, only the even-numbered frames are indicated
with circles in the figure; and (iii) With reference to the right Y-
axis, the line with squares shows the confidence for the classifica-
tion as a function of time, and the horizontal dashed thick-solid
line shows the confidence threshold defined in Eq. (24). The line
with squares is drawn based on the confidences at all instances,
i.e., all frames, which include both odd-numbered frames and
even-numbered frames. However, for clarity purposes, only the
even-numbered frames are indicated with squares in the figure.

4.3.1. Recognition of a known type of motion
We first show the online recognition results for videoclips con-

taining only one type of action. The videoclips used here are the
walking and running sequences performed by the 30th person.
Figs. 4 and 5 show the classification performance for walking and
running with four different values for the width b of the sliding
window, which are 1, 6, 12, and 24. Since all videos were recorded
at a rate of 30 frames per second, the recognition begins 0.033, 0.2,
0.4, and 0.8 s after the video begins, respectively.

With reference to Fig. 4, we can see that the sliding window has
the effect of making the recognition robust to noisy frames, i.e., fil-
tered images. Fig. 4(a) shows the results for b ¼ 1, which is essen-
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running by the system that can recognize walking and running using four different
me of transition.
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tially the label and confidence for each individual frame. Although
all frames are correctly classified as ‘‘walk”, as indicated by the var-
iation of the confidence over time, we can see that some frames are
pretty noisy. As b grows larger, the confidence changes more
slowly over time. Similar observation can be made by looking at
Fig. 5, which shows the classification results on a videoclip of run-
ning. Thus, a large sliding window is preferred in terms of the
robustness of the recognition system to noisy frames. However, a
large sliding window has its own disadvantages when we want
to detect the transition between different types of motions, as
shown in Figs. 6 and 7.

Figs. 6 and 7 show the ability of the proposed strategy in detect-
ing transitions between different known types of motions. These
test videoclips are obtained by manually concatenating a walking
videoclip and a running videoclip of the 29th person. The advan-
tage of these ‘‘artificial” transitions over the ‘‘real” transitions,
which are performed by a person, is that the exact time when
the transition occurs is known, and it corresponds to the position
where two videoclips are concatenated. With reference to Figs. 6
and 7, we can see that the transition between walking and running
can be identified and the delay, which is the time elapsed from
when a transition happens until such a transition is identified by
the system, depends on the size of the sliding window. A large slid-
ing window will give a long delay. For example, when b ¼ 24, the
delay is more than 0.5 s according to Figs. 6(d) and 7(d). Thus, in
terms of prompt identification of motion change, we would prefer
a small sliding window. However, as we mentioned in the last par-
agraph, a recognition system with a small sliding window has the
disadvantage of being non-robust to noisy frames. This non-
robustness is exemplified in Figs. 7(a) ðb ¼ 1Þ and 7(b) ðb ¼ 6Þ,
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Fig. 7. Online classification for a videoclip having an artificial transition from running to
values for the width b of the sliding window. The vertical dash–dot line indicates the ti
where we can see the degraded performance in the beginning of
the video.

Thus, as a trade-off, we use a sliding window of width b ¼ 12 in
the rest of this paper. As shown by Figs. 4(c), 5(c), 6(c), and 7(c),
with b ¼ 12, all known motion types are correctly classified and,
except around the transition point, the classification confidence
is above the threshold at almost every instance, which demon-
strate the effectiveness of the proposed strategy for online motion
recognition.

4.3.2. Recognition of unknown types of motion
Here, we show the ability of the proposed strategy in detecting

unknown types of actions. Following the discussion in Section
4.3.1, a sliding window of width b ¼ 12 is used in this section,
which means that the recognition begins 0.4 s after the video be-
gins. The unknown type of action in this experiment is marching.

Fig. 8 shows the classification results for a marching sequence
performed by the 30th person. It can be seen that the classification
confidence CF < TCF at almost every instance. This means that an
action of unknown type has been detected and, in this case, this
is marching.

Fig. 9 shows the classification results for the videoclip having a
real transition from walking to marching, which was performed by
the 30th person. It should be pointed out that, in real life, a transi-
tion between different types of actions happens gradually and the
exact time when such a transition occurs is not available. Thus, a
transition period is manually labeled here, that is, the time when
the subject stops walking (thin vertical dash-dot line) and the time
when it is obvious that the subject is marching (thin vertical dash
line) are both labeled. It can be seen from Fig. 9 that, from the
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walking by the system that can recognize walking and running using four different
me of transition.
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Fig. 8. Online classification for a videoclip of pure marching by the system that can
recognize walking and running only. Notice that the low confidence of the
classification makes the classification at almost all instances to be rejected.
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Fig. 9. Online classification for a videoclip having a real transition from walking to
marching by the system that can recognize walking and running only. The time when
the subject stops walking is indicated by a vertical dash–dot line, and the time
when it is obvious that the subject is marching is indicated by a vertical dash line.
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Fig. 10. Online classification for a videoclip having a real transition from walking to
marching by the system that can recognize walking and marching only. The time
when the subject stops walking is indicated by a vertical dash–dot line and the
time when it is obvious that the subject is marching is indicated by a vertical dash
line.

Table 4
Online recognition: time needed to determine the most probable type of motion at an
instance.

No. Steps Time (s)

1. Recursive filtering 0.0109
2. Classifying filtered images 0.0182
3. Majority voting <0.00005

Total 0.0291
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beginning of walking to the finish of walking, all the classifications
are correct and most of the corresponding confidences CF are larger
than the threshold TCF . During the transition period, that is, from
the finish of walking to the beginning of marching, the confidence
drops significantly. After the beginning of marching, almost all
classifications’ confidences are smaller than the threshold TCF ,
based on which we can tell the existence of an unknown type of
motion.

As a comparison, we build another classifier that is capable of
recognizing walking and marching. The training dataset consists
of walking and marching sequences performed by the same 28 per-
sons. Fig. 10 shows the classification results. We can see that, ex-
cept during the transition period, both the walking part and the
marching part are classified correctly with confidence CF being lar-
ger than the threshold TCF at most instances.

Combining Figs. 8–10, we can see that the proposed online rec-
ognition strategy is capable of not only recognizing known motion
types but also detecting the existence of unknown motion types.
5. Discussion and future work

A novel human motion recognition strategy is proposed in this
paper, which combines the technique of recursive filtering and
frame grouping and uses the powerful classification algorithm of
the support vector machine. This strategy solves the problem of
motion recognition by classifying filtered images using support
vector machines and applying majority voting over the resulting
labels. The effectiveness of the proposed strategy is demonstrated
using real datasets for both the offline recognition and the online
recognition. The performance of offline recognition is shown to
be superior to a strategy based on PCA and Hausdorff distance in
terms of training time, classification time, and classification accu-
racy. In online recognition, the proposed strategy can identify ac-
tions of known types and the transitions between different types
of actions. For both offline and online recognitions, actions of un-
known types can also be identified reliably.

The current research can be extended in the following direc-
tions. The first direction is to build an adaptive online recognition
system that can update itself after detecting actions of unknown
types. The challenges here include how to pick up the data repre-
senting the unknown types of motions, how to separate more than
two unknown motion types, and how to update the system
efficiently.

The ability of real-time recognition is critical in many applica-
tions and, thus, the second direction is to implement a real-time
recognition system. The rationality of this direction is demon-
strated in Table 4, which shows the average time to decide the type
of motion at an instance. Knowing the fact that a videoclip is re-
corded at a rate of 30 frames per second, which is 0.033 s per
frame, the proposed strategy is fast enough for real-time classifica-
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tion. It should be noted that the time for tracking is not included in
Table 4 since tracking was run on a different computer separately.
In addition, it is well-known that the classification time of SVM is
roughly proportional to the number of support vectors and, when
the number of training data is large, the number of support vectors
usually turns out to be large. Thus, when we have huge numbers of
labeled videoclips, the time to classify filtered images may be
longer than that presented in Table 4. Fortunately, as shown in
[34], the classification speed illustrated in Table 4 can be further
improved with little influence to the accuracy.

Third, it is assumed in the current study that the subject per-
forming the motion is located in the center of the filtered image.
This is accomplished through tracking and it may be violated
when, for example, we try to speed up the classification process
by using a less accurate tracking algorithm. When the subject is
not always located in the center of the image, we need to build a
translation invariant filtered-image classifier. Techniques that will
be explored include using virtual support vector machines and
using tangent distance based kernels [31].
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