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ABSTRACT

In this paper a novel view-independent human action recogni-
tion method is proposed. A multi-camera setup is used to cap-
ture the human body from different viewing angles. Actions
are described by a novel action representation, the so-called
multi-view action image (MVAI), which effectively addresses
the camera viewpoint identification problem, i.e., the identifi-
cation of the position of each camera with respect to the per-
son’s body. Linear Discriminant Analysis is applied on the
MVAIs in order to to map actions to a discriminant feature
space where actions are classified by using a simple nearest
class centroid classification scheme. Experimental results de-
note the effectiveness of the proposed action recognition ap-
proach.

Index Terms— Human Action Recognition, Multi-
camera Setup, Multi-view Action Images, Discriminant
Learning

1. INTRODUCTION

Human action recognition is an active research field with a
wide range of applications. Some of the most important tasks
involving human action recognition include intelligent visual
surveillance, content-based video retrieval, human-computer
interaction, augmented reality and games. The term action
can be described in various and different ways. Its most
widely adopted interpretation describes actions as single pe-
riods of human motion patterns, e.g. a walking step. Action
recognition is not an easy task. Action recognition methods
should be able to address issues relating to action execu-
tion style and human body size variations appearing between
different persons. Furthermore, speed variations between
different action realizations and the relative position of the
person under consideration and the camera(s) used to capture
the needed visual information should not affect the action
recognition performance. All the previously mentioned is-
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sues result to high intra-class, and possibly low inter-class,
variations for human action classes.

Action recognition methods can be categorized depend-
ing on the number of cameras used to obtain the available
visual information in single-view and multi-view methods.
Single-view methods, utilize one camera and, usually, re-
quire the same viewing angle during both the training and
recognition phases. This angle should, ideally, be the one
that captures the most discriminant motion information and
is, usually, the side view of the human body. In different
cases their performance will, probably, decrease. In order
to overcome the known viewing angle assumption of single-
view methods, multi-view methods have been proposed. By
capturing the human body from multiple viewing angles,
a view-independent human body representation can be ob-
tained, leading to view-independent action recognition.

Most multi-view methods proposed in the literature have
focused their attention on finding a convenient multi-view hu-
man body representation. In [1] human body poses are de-
scribed by 3D skeletal and super-quadratic body models. In
[2], human body poses are described by 2D multi-view pos-
ture images, resulted by combining binary body images cor-
responding to different viewing angles. After obtaining a con-
venient human body representation, actions are described as
series of successive human body poses. Another multi-view
approach can be found in [3], where the transition between
successive human body poses is directly described by calcu-
lating the corresponding 3D optical flow.

An issue that multi-view methods should be able to ad-
dress is the camera viewpoint identification problem, which
is important since actions are quite different when observed
by different viewing angles [4] and, thus, it is possible for
the same action instance when observed from different view-
ing angles to be quite different. Taking into consideration the
high intra-class variations of action classes, as was previously
discussed, the camera viewpoint identification problem may
decrease the action recognition performance. Another impor-
tant issue that multi-view methods should be able to address
is related to the action representation dimensionality. Clearly,
the use of multi-view human body representations leads to
high dimensional action representations. Since action classi-
fication usually involves the application of statistical learning



techniques, like Linear Discriminant Analysis (LDA), the di-
mensionality of action representation may decrease the action
recognition performance. This is the well-known Small Sam-
ple Size (SSS) problem [5].

In this paper we propose a method aiming at view-
independent human action recognition utilizing a multi-
camera setup, like the one shown in Figure 2b. Binary body
images denoting the video frame locations of the person un-
der consideration during action execution are employed in
order to create a novel multi-view action representation, the
so-called multi-view action image (MVAI). The proposed
multi-view action representation implicitly addresses the
camera identification problem by exploiting the circular shift
invariance property of the 2D Discrete Fourier Transform
(2D DFT). LDA is, subsequently, applied to the MVAI-based
action representations of the training action videos in order
to determine a low-dimensional discriminant feature space,
where action classification can be performed by using a sim-
ple nearest action class centroid classification scheme. Since,
as it will be discussed in the following, the high MVAI di-
mensionality leads to low action recognition performance
in this setting, we evaluate three LDA-based dimensionality
reduction schemes aiming at overcoming the SSS problem.
The use of such dimensionality reduction schemes leads to
high action classification performance.

The paper is structured as follows. Section 2 describes
the proposed action recognition method. Section 3 illustrates
experimental results conducted in order to evaluate its perfor-
mance. Finally, conclusions are drawn in Section 4.

2. PROPOSED METHOD

As it was already mentioned, the proposed method operates
on binary videos depicting a person performing an action.
Such binary videos can be efficiently obtained by applying
image segmentation techniques on the camera frames. In
the preprocessing phase, videos depicting multiple action
instances are manually segmented to smaller ones depicting
one action instance only, e.g., a walking step. In the case
of continuous action recognition, i.e., recognition in videos
containing multiple action instances, smaller videos are au-
tomatically produced by using a sliding window consisting
of Ntw video frames, in both the training and recognition
phases.

2.1. Multi-view Action Images creation

The video frames of each binary video are centered to the hu-
man body center of mass, cropped and resized in order to pro-
duce binary images of fixed (H×W pixels) size, the so-called
posture images. Posture images are concatenated with respect
to time and resized to fixed (H×W×Nt pixels) size volumes
using linear interpolation. In the experiments presented in this
paper the values H = W = 16 and Nt = 13 have been used.

The resulting volumes are, subsequently, split in order to pro-
duce single-view action images. This procedure is illustrated
in Figure 1. Single-view action images corresponding to all
the cameras forming the camera setup are, finally, concate-
nated using the cameras ID information in order to produce
the MVAIs, as illustrated in Figure 2a.

Fig. 1. Single-view action image creation.

Since the person under consideration is free to move, the
cameras observation angle with respect to the human body
orientation is not a priori known. Furthermore, since actions
are usually periodic, they can be described by using different
starting human body poses and they may have different dura-
tions. For example, in a 20fps video, a walking step may be
depicted in 10−20 video frames, while a bend sequence may
be depicted in 30−70 video frames. Two walking steps start-
ing from different human body poses and consisting of dif-
ferent numbers of human body poses are illustrated in Figure
3. As can be observed in Figures 1,2a, the obtained MVAIs
are time invariant in the sense that all the action instances are
represented as fixed size images. In order to ignore any tem-
poral information relating to the starting human body pose of
actions and in order to obtain a view-independent action rep-
resentation, we exploit the circular shift invariance property
of the 2D DFT. Let Qj ∈ RNCH×NtW denote the i-th MVAI
and [Qi]n1,n2 denote the grayscale value of pixel (n1, n2).
By applying 2D DFT on Qi, we obtain:

[P̃i]k1,k2 =

NCH−1∑
n1=0

NtW−1∑
n2=0

[Qi]n1,n2e

(−2πn1k1
NCH

−2πn2k2
NtW

)
. (1)

where P̃i ∈ CNCH×NtW is a matrix containing the (com-

(a) (b)

Fig. 2. a) A multi-view action image resulted by concatenat-
ing single-view images corresponding to eight cameras and
b) An eight-view camera setup (NC = 8).



plex) DFT coefficients corresponding to MVAI i. After
P̃i calculation, MVAI i is represented by a matrix Pi ∈
RNCH×NtW containing the magnitudes of P̃i.

Fig. 3. Two walking steps starting from different human body
poses.

2.2. Multi-view Action Images classification

Let U be a video database containing NT videos depicting
persons performing actions belonging to an action class set
A captured by NC viewing angles. These videos are prepro-
cessed following the above described procedure and NI =
NT

NC
training MVAIs are obtained, which are represented by

the corresponding matrices Pi, i = 1, ..., NI . Pi are vec-
torized column-wise in order to produce the so-called action
vectors pi ∈ RD, D = H ·W ·NC ·Nt.

In order to discriminate action classes, the labeling infor-
mation available in the training phase can be exploited. We
employ LDA [6] in order to map action vectors pi to a low-
dimensional discriminant space. LDA specifies an optimal
discriminant subspace by minimizing:

Wopt = argmin
W

trace{WTSwW}
trace{WTSbW}

. (2)

The matrix Wopt ∈ RD×d, d = NA − 1, where NA is
the number of action classes forming A, represents a lin-
ear transformation and Sb, Sw are the between-class and
within-class scatter matrices of the training action vectors
pi. Wopt is formed by the eigenvectors corresponding to
the NA − 1 highest eigenvalues of S−1

w Sb in the case where
Sw is non-singular, or the NA − 1 lowest eigenvalues of
S−1
b Sw in the case where Sb is non-singular. After obtaining

Wopt, discriminant action vectors zi ∈ Rd are obtained by
zi = WT

optpi.
However, since pi dimensionality is high (D = 16 · 16 ·

13 · 8 = 26624 in our experiments), an enormous training
set should be used in order to avoid singularity of Sb, Sw. In
order to address this issue three approaches have been pro-
posed. The first one, is regularized LDA (RLDA) [6] which
employs a regularized version of the within scatter matrix,
i.e., S̃w = Sw + rI, where r is a small positive value and
I is the identity matrix. The second one involves a Principal
Component Analysis (PCA) based dimensionality reduction
step in order to determine a low-dimensional feature space
where the corresponding within-class scatter matrix is non-
singular. Finally, the third one is Weighted Piecewise LDA
(WPLDA) [7], which involves the creation of multiple LDA
based projection problems formed by subspaces of the action
vector feature space.

Fig. 4. Action classification rates on the i3DPost database.

Fig. 5. Action classification rates on the i3DPost database.

After obtaining the discriminant feature space resulted by
the LDA projection, a test action vector ptest is mapped to the
corresponding discriminant action vector ztest by applying
ztest = WT

optptest and is assigned the label of the closest
action class centroid using the Euclidean distance.

3. EXPERIMENTAL RESULTS

In this section we present experiments conducted on the
i3DPost [8] multi-view action recognition database in order
to evaluate the performance of the proposed action recogni-
tion method. The database camera setup consists of eight
cameras (Figure 2b). Eight persons have been captured dur-
ing the execution of eight actions: walk, run, jump in place,
jump forward, bend, sit, fall and wave one hand. Example
video frames depicting a person from all the eight viewing
angles are illustrated in Figure 4. The Leave-One-Person-Out
cross-validation procedure has been performed in order to
evaluate the performance of the proposed method to general-
ize on data that it was not trained on. That is, the algorithms
have been trained multiple times (folds) using the MVAIs de-
picting seven of the persons in the database and tested on the
MVAIs depicting the remaining one. Multiple folds, one for
each test person, have been performed in order to complete
an experiment.

Multiple experiments have been performed by employing
all the three LDA variants discussed in Section 2.2. In the
cases of WPLDA, multiple experiments have been conducted,
using 2, 4, 8, 16, and 32 pieces. In the case of PCA dimen-
sionality reduction, the dimensionality of the resulted feature
space was equal to 14, 28, 56, 112 and 224, in order to directly
compare its performance with that of WPLDA. By using the
regularized LDA algorithm an action classification rate equal
to 74.39% has been obtained. PCA followed by LDA based



Fig. 6. Confusion matrix on the i3DPost database.

Table 1. Comparison results.
Method [2] Method [9] Method [3]
94.34% 94.87% 95%

Method [10] Method [11] proposed method
95.5% 98.44% 99.22%

action classification resulted to a best action classification rate
equal to 97.56%. As can be seen in Figure 5, the use of a high
number of PCA dimensions results in a drop of the obtained
action classification rate. This is due to the fact that, in this
case, both the within- and between-class scatter matrices in
(2) are singular. WPLDA is the overall winner providing a
best action classification rate equal to 99.22%. The action
classification rate of all the conducted experiments are illus-
trated in Figure 5. The confusion matrix corresponding to the
best obtained action classification rate is illustrated in Figure
6. Finally, in Table 1 we compare the performance of the pro-
posed method with that of other multi-view methods recently
proposed in the literature evaluating their performance on the
i3DPost database. As it can be seen, the proposed method
provides state of the art performance, outperforming all the
other methods.

4. CONCLUSION

In this paper we presented a multi-view action recognition
method employing a novel multi-view action representation.
The proposed action representation implicitly addresses the
camera viewpoint identification problem by exploiting the
circular shift invariance property of the 2D Discrete Fourier
Transform. Action classification is performed by mapping
the proposed action representation to a discriminant subspace
by applying Weighted Piecewise Linear Discriminant Anal-
ysis and following the nearest class centroid classification
rule. Experimental results indicate the effectiveness of the
proposed action recognition approach.
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