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Abstract

In this paper, we propose a video-based full-body
gesture recognition system independent of the view an-
gle of the cameras. We performed multilinear analy-
sis on the silhouette images of the static poses making
up the gestures by tensor decomposition and projection.
Each pair of silhouette images is projected to a view-
invariant low dimensional pose coefficient vector space.
These pose vectors are then used as input vectors in hid-
den Markov model (HMM) for gesture recognition. This
system worked effectively in our experiments using real
videos.

1. Introduction

Gesture-driven human computer interaction (HCI)
has been an active topic in recent years. The key com-
ponent of gesture-driven HCI is a gesture recognition
system, which identifies the gestures to provide input to
the decision system of HCI. Many methods have been
developed for both hand gesture and full body gesture
recognition [7]. These recognition tasks are challenging
because both human hand and body are highly articu-
lated.

In order to develop an efficient gesture recogni-
tion system, an important issue is to extract fea-
tures to describe the highly articulated body. As one
solution, marker positions extracted using infrared-
reflective marker systems are utilized in many inter-
active environments, such as in [10]. Marker-based
systems can reliably capture the 3D coordinates of the
markers placed on bony landmarks of the body. How-
ever, wearing markers is cumbersome to the subject us-
ing the system. Additionally, commercial marker-based
motion capture systems are very expensive. Therefore,

a video-based gesture recognition system is preferred
for non-intrusive and low cost sensing.

In existing video-based gesture recognition systems,
tracking certain “landmarks” in the motion images is
a widely applied strategy to extract motion features. In
[8], human hands and head are tracked using skin detec-
tor and face detector. In [16] and [4], some “visual inter-
esting points” or “visual cues” are used to describe the
motion in each image frame. Landmark-based feature
extraction is prone to tracking failure in many cases, es-
pecially when the view angle of the camera changes, or
equivalently the body orientation (facing direction) of
the subject changes. In such cases, many landmarks
could be occluded. The system described in [6] is
landmark-free, but it is a view dependent system. There
are some systems that perform view-invariant gesture
recognition, such as in [2] and [15], but these systems
mainly rely on obtaining 3D information of the subject
using more complicated camera systems.

In this paper, we present a view-invariant video
based full-body gesture recognition system that applies
a simple camera system. Based on our previous work
[9], we use multilinear analysis on the silhouette im-
age of each captured video frame in order to obtain
view-independent feature vectors for the static poses.
Then these feature vectors are fed into a hidden Markov
model (HMM) to perform gesture recognition. We have
performed experiments on real video sequences to ver-
ify the efficacy of the system.

2. Overview of the Proposed System

In this paper, we propose a view-invariant video
based full-body gesture recognition system which can
be applied in gesture-driven HCI. To the best of our
knowledge, our system is the first one addressing full-
body human gesture recognition from video without the



recovery of body kinematics or the 3D volumetric re-
construction. In our system, the subject can preform the
gestures in any body orientation (rotation angle about
the axis perpendicular to the ground plane).

The system applies two uncalibrated wide baseline
video cameras for image acquisition. These cameras are
mounted at approximately half body height. Their look-
ing directions are roughly parallel to the ground plane
and orthogonal to each other.

The two cameras capture videos continuously. For
each frame, a pair of images are acquired and their
silhouettes are extracted. The pair of silhouettes are
then analyzed in the multilinear framework, and a view-
invariant pose coefficient vector can be calculated for
each image frame. Using these pose coefficients as fea-
ture vectors, we apply HMM to perform gesture recog-
nition. A block diagram of the proposed system is
shown in Figure 1.

Figure 1. An overview of proposed ges-
ture recognition system.

3. Acquiring View-invariant Pose Vectors
via Multilinear Analysis

A gesture is made up of a series of static poses (ar-
ticulated body shapes). In order to perform effective
recognition of gestures, it is important to find a good de-
scriptor of each static pose. The descriptor should be in-
dependent of the view angle of the camera. In our case,
when cameras are fixed, the pose descriptor should be
independent of the body orientation, as defined in Sec-
tion 2. This descriptor can be obtained by performing
multilinear analysis on a pair of silhouette images of the
pose.

3.1. A Brief Introduction to Multilinear Analy-
sis

Multilinear factorization has been used successfully
in decomposing ensembles of static data such as im-

Figure 2. The Structure of TensorPose.

age and 3D volumetric data, into perceptually indepen-
dent sources of variations. Previous successful appli-
cations include multifactor face image representation in
the form of TensorFace [12], modeling of 3D face ge-
ometry [14], texture and reflectance [13], and image
synthesis for articulated movement tracking[5]. The
TensorFace framework [12] is a well known framework,
which incorporates many factors that affect the resulting
face image, such as facial geometry (different person),
head pose, and illumination. With mutilinear analysis
by tensor decomposition, each of these affecting factors
can be analyzed separately.

3.2. The TensorPose Framework
A set of silhouette images of a pose is mainly af-

fected by three factors: body model of the subject (dif-
ferent subject), joint angle configuration of the sub-
ject (different poses) and the subject’s body orientation
about the camera system. The influence of body model
to the images are comparatively small, and we can
incorporate these differences by using different body
models in training. In the proposed system, we mainly
concentrate on the factors of pose and orientation. We
developed a TensorPose framework which is similar to
TensorFace.

In the TensorPose framework, the input data are pairs
of silhouette images of the poses. Each image is nor-
malized, and a pair of normalized images are then vec-
torized and concatenated to form a complete input vec-
tor. As shown in Figure 2, these input vectors span
along the orientation mode and pose mode to form the
training tensor.

3.3. Tensor Decomposition Using HOSVD

As in [1], we perform high order singular value de-
composition (HOSVD) on the 3-mode training tensor.



In our TensorPose framework, we do not conduct di-
mension reduction in any of the modes. The tensor
A ∈ RNi×No×Np can be decomposed into:

A = D ×1 Ui ×2 Uo ×3 Up, (1)

in which S is the core tensor of the same size as A.
Ui ∈ RNi×Ni , Uo ∈ RNo×No , Up ∈ RNp×Np are or-
thogonal matrices representing respectively the image
pixel mode, orientation mode and pose mode. Ni, No

and Np are respectively the dimensionalities in the three
modes. In our approach, tensor decomposition is per-
formed only in the second and third modes, and Ui is
an Ni ×Ni identity matrix. Hence

A = D ×2 Uo ×3 Up. (2)

The decomposed tensor possesses the property as
follows:

A(:, i, j) = D ×2 uo,i ×3 up,j , (3)

where A(:, i, j) stands for a vector in a tensor that con-
tains the pixels of a pair of image of pose j in orientation
i. uo,i and up,j are respectively the i’th row of Uo and
the j’th row of Up. Alternatively speaking, uo,i is the
coefficient vector representing the i’th orientation, and
up,j is the coefficient vector representing the j’th pose.

3.4. Projection of an Input Vector Using Core
Tensor

Based on the property defined in (3), a new input
vector z can be projected to the pose coefficient space
and orientation coefficient space by solving the bilinear
problem defined as follows:

z = D ×2 vo ×3 vp, (4)

where vo is the orientation coefficient vector and vp is
the pose coefficient vector.

This problem can be solved using the iterative alter-
nating least square (ALS) algorithm [3] as follows. Let
the previous estimate of the orientation coefficient vec-
tor be v̂(n)

o , and

C(n)
o = D ×2 v̂(n)

o , (5)

whereD is degenerated into a matrix C(n)
o by multiply-

ing a row vector. Inserting (5) into (4) we can get

z = C(n)
o vp. (6)

Thus, the current estimate of the pose coefficient vector
v(n+1)

p can be easily obtained by solving a linear equa-
tion (6).

Similarly, if the pose coefficient is known to be v̂(n)
p ,

we can update the estimate of the orientation coefficient
vector vo by solving the following equation.

z = C(n)
p vo, (C(n)

p = D ×3 v̂(n)
p ). (7)

Given initial values of v(0)
p or v(0)

o , we can solve both
vectors by solving (6) and (7) alternately until the solu-
tion converges.

When applying ALS, different initial values of v(0)
p

or v(0)
o may converge to different solutions. Since the

ground truth of the body orientation angle should be
close to one of the standard angles (e.g. when the num-
ber of orientations No = 16, the maximum deviation
is 360/(16 × 2) = 11.25◦), one possible way to find a
stable solution is to use each row vector in Uo (standard
orientation vectors) as the initial value of vo and obtain
a set of candidate solutions. We can then choose our fi-
nal solution to be the one with minimum reconstruction
error.

However, applying multiple initial values is compu-
tationally expensive because the ALS procedure needs
to be performed multiple times. In order to improve
computational efficiency while maintaining the stability
of the solution, we have developed an improved initial-
ization method as follows. Firstly, we use all the row
vectors {uo,i}No

i=1 of Uo as the initial values for vo. For
each uo,i, we find the corresponding pose vector vp,i by
solving (6) only once. Then among {vp,i}No

i=1, the pose
vector that is the most similar to one of the standard
poses {up,i}Np

i=1 is chosen as the initial pose coefficient
vector v(0)

p to initialize ALS.

v(0)
p = arg max

vp,i, j

vp,i · up,j

‖vp,i‖ · ‖up,j‖ . (8)

where i = 1, . . . , No is the orientation index, and
j = 1, . . . , Np the pose index. Since we choose only
one initial value v(0)

p to solve (4), the computational ef-
ficiency is high. The solutions obtained using this ini-
tialization method performed stably in the experiments.

By solving the bilinear equation (4), each input pair
of images can be projected to a pose coefficient vector
vp which is independent of body orientation. We use
these view-invariant pose vectors as the feature vectors
for gesture recognition.

4. Gesture Recognition using HMM

In our system, a 12-state left-to-right HMM is used
for gesture recognition. As is typically done with
HMMs in the context of gesture recognition, we train
the model using the expectation maximization (EM) al-
gorithm, but with one slight modification. A traditional



training approach would construct a probability distri-
bution for each state that represents the set of obser-
vations (feature vectors) associated with it. The prob-
ability distribution would then be used in the inference
phase to determine the probability that an observation of
an unclassified gesture has been generated by the state.
In our case, however, instead of using the associated
feature vectors to train a probability distribution, we
simply record the feature vectors with the state. Then,
in the inference phase, instead of using the probabil-
ity of a particular observation vo being generated by a
state sj , we utilize a similarity metric between the state
and the observation. This similarity metric is based on
a similarity metric between two feature vectors, whose
definition follows.

We define the similarity metric between two feature
vectors as

s =
aT b

‖a‖ ‖b‖ , (9)

and the similarity metric between an observation and a
state was calculated as the maximum similarity between
the observation and the feature vectors stored in a state.
Therefore we can denote

p(vo|sj) = max
xi∈sj

vo
T xi

‖vo‖ ‖xi‖ , (10)

The full implementation of the described approach
is released under an open source license in the AME
Patterns library [11].

5. Experiments

5.1. The Gesture Set and Key Poses

Table 1. The list of 6 gestures used in the
experiment.

Gesture No. Description
1 Pushing
2 Spreading right arm
3 Enclosing arms and crouch
4 Doing “cactus”
5 Retreating right arm from side
6 Lifting left arm

In this paper, the gesture set we applied consists of
six gestures choreographed by a professional dancer for
an interactive environment. These gestures are listed in
Table 1. We manually selected 28 key poses from the
starting stages, ending stages and important intermedi-
ate stages of these gestures. The key poses are shown in
Figure 3.

Figure 3. The key poses selected from the
gestures.

Table 2. Gesture recognition results.
Gesture No. Ne Rr Rfa

1 0 100% 0.31%
2 0 100% 0%
3 0 100% 0%
4 2 96.87% 0%
5 0 100% 0%
6 0 100% 0.31%

Overall 2 99.48% 0.12%

5.2. Formation of the Training Tensor

In order to form the training tensor of our framework,
the silhouette images of each key pose performed in 16
orientations (evenly divided in a circle) are synthesized
using Maya. Each image is normalize, resized to 50 by
50 and then vectorized to form the input vectors in the
training tensor.

5.3. Gesture Recognition Results

In our experiment, each gesture in the set defined
above was performed in two slightly different versions
to train and test the proposed system. Each version
was performed 40 times and the subject is free to ro-
tate about the axis perpendicular to the ground before
performing each trial to verify the view-invariance of
the system. We took the video data of the first 16 trails
of each gesture, 8 in each version, as training set. The
data of remaining 64 trails of each gesture were used as
testing data. The testing results are shown in Table 2, in
which Ne is the number of missed gesture samples, Rr

is the recognition rate and Rfa the false alarm rate.



5.4. Comparison with Existing Gesture Recog-
nition Systems

To the best of our knowledge, there are very few ex-
isting video based systems that perform view-invariant
full body gesture recognition. We have compared our
system with some existing systems performing view-
dependent gesture recognition [4, 6, 16], partial-body
gesture recognition [2] or performing full body gesture
using 5 calibrated cameras [15]. The comparison of
recognition rates Rr and false alarm rates Rfa is listed
in Table 3. It can be shown that our system outperforms
the existing systems.

Table 3. Comparison of performance with
existing gesture recognition systems.

System Rr RfaHighest Lowest Overall
Kirishima
[4]

100% 60% 83% N.A.

Ye [16] 96.8% 86.8% 92.6% N.A.
Lee [6] 100% 90% 97.4% N.A.
Holte [2] 88.3% 78.3% 82.9% 2.08%
Weinland
[15]

100% 80% 93.3% N.A

The Pro-
posed
System

100% 96.87% 99.48% 0.12%

6. Conclusion and Future Work

In this paper, a video based full body gesture recog-
nition system is presented. By applying view-invariant
pose coefficient vectors as feature vectors, this system is
independent of the body orientation of the subject per-
forming the gesture with respect to the camera system.
Experiments has shown promising performance of our
system.

In the future, we can apply this system in many in-
teractive environments which uses full body gestures as
control signals. Since our system requires only a simple
set of video cameras for motion capture, it can greatly
reduce the cost of such systems.
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