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Abstract
In this paper, we introduce a method for temporally synchronising image sequences of human body
movement. The idea is based on matching similar moving objects in two video sequences to synchronise
using temporal features. We describe the experiment with real-time image sequences of human movement
skills, being “summersaults” in this case study. Based on two principle motion features—the centre of
mass and the principal axis—calculated from movement sequences, we discuss a detailed implementation,
measurement of the difference between two moving objects, performance, and limitations of the proposed
algorithm. The results indicate that the temporal synchronising algorithm proposed is useful for
synchronising the movement of objects in video sequences.
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1 Introduction

Given two image sequences of an object in similar
motion, one of the most basic and useful task would
be temporally matching the videos by synchronis-
ing the object’s motion. It is even more useful
when this is applied to identifying and categorising
many patterns of human movement such as walk-
ing, running, or jumping. However, implementing
this operation which is cognitively easy for hu-
mans, on a computer system is a challenging prob-
lem. In general sequences of motion, synchronising
two similar moving objects, which are varying in
their velocities and the directions could be a diffi-
cult task, if it has to be done manually by a simple
video editing tool. Having a robust method to
automatically track objects and synchronise videos
based on some invariant features is the goal of this
research.

In computer vision literature, modelling the human
body and its motion is an area of great interest
to many researchers, as survey [1] shows. The
research can be roughly grouped into two parts:
tracking method with model reconstruction, and
movement recognition. Already impressive results
have been reported in the recognition area alone.
Yamato et al. [2] reported successful recognition of
six different tennis strokes among three subjects.
Starner and Pentland [3] also worked on hand ges-
ture system, American Sign Language, with a 99%
successful recognition rate. These are based on

use of Hidden Markov Models (HMM). Recently,
Green and Guan [4] [5], which are also based on
HMM, proposed more unified and general frame-
work for recognising human movement patterns.

For tracking the human body, a popular
method is Condensation (Conditional density
propagation) algorithm [6], or also known as
particle filter [7]. Because of multiple predictions
for each variables being tracked, it is more robust
to heavy background clutter than the traditional
Kalman filter [8].

In this paper, we demonstrate the experiment with
“salto” as our case study example, which is a som-
ersault with a full 360◦ rotation about the trans-
verse axis of the body. With video to be synchro-
nised consisting of relatively simple and elegant
movement sequences, the salto is an ideal choice for
the study of human motion in a controlled indoor
environment. This research proposes a computa-
tionally efficient temporal synchronising algorithm
using the centre of mass and principal axis calcu-
lated in real-time from a sequence of images.

2 Background

It is assumed that only one main moving object
is captured by a fixed camera environment. This
assumption is necessary to applying a Double Dif-
ference Algorithm (DDA) [9] to obtain an object
motion mask.



The entire region of the moving object (i.e., the
gymnast performing a salto) stays within the image
boundary, so that the centre of mass can be always
computed correctly.

2.1 Overview of the Procedure

An outline of the general procedure of this experi-
ment is:

1. Apply double difference algorithm (DDA) to
isolate the moving object.

2. Apply morphological closing operation to ob-
tain smoothed object [10].

3. Calculate the centre of mass and principal axis
angle.

4. Apply heuristics to adjust principal axis angle.

5. Calculate the alignment error of two salto ac-
tions frame by frame, spatially and temporally
aligned on the centre of mass.

6. Calculate the alignment error of two salto ac-
tions frame by frame, spatially aligned on the
centre of mass and temporally aligned by the
principle axis.

2.2 Kinematics of Motion

We exploit the kinematics of saltos by observing
that the following two features are the most im-
portant parameters: (1) centre of mass and (2)
principal axis.

2.2.1 Centre of Mass

According to the law of Newtonian physics, a sys-
tem of particles can be regarded as a single particle
at the position of the centre of mass rcm with
the mass M , which is the sum of all the mass
of the system of particles (M =

∑k=n
1 mk). The

following equation establishes the position of the
centre of the mass by:

Mrcm = m1r1 + m2r2 + . . . + mnrn

The path of its centre of mass can be replaced
as a single particle with the sum of mass at the
centre and determined by the initial velocity. As
shown figure 2, the green graph line represents the
vertical component of the centre of mass position
over the horizontal axis which is the timeline based
on frame index (33mS/frame @ 30fps). Like any
other object thrown into air, the familiar parabolic
path of motion is followed using a Physics based
model of flight under gravity [11].
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Figure 1: An example of parabolic flight path
of the centre of mass.

Figure 2: Plot of multiple saltos. Centre of
mass Y and principal axis angle is represented
on frame index (33mS/frame).

2.2.2 Principal Axis

The angle of the principal axis of an object is based
on the rotational inertia and is calculated as follows
using a special case equation [12] of 2D binary
image:

tan2 θ +
µ20 − µ02

µ11
tan θ − 1 = 0 (1)

where the second order of moments µ20, µ11, and
µ02 are defined as:

µ20 =
m∑

i=1

n∑
j=1

B[i, j](xij − x)2 (2)

µ11 =
m∑

i=1

n∑
j=1

B[i, j](xij − x)(yij − y) (3)

µ02 =
m∑

i=1

n∑
j=1

B[i, j](yij − y)2 (4)

and B[i, j] is intensity value (0 or 1) of an m-
by-n binary image at (i, j), xij and yij are the
vertical and horizontal coordinates of the image,
respectively. x and y are the centre of the mass
of horizontal and vertical spatial position, respec-
tively.

Solving equation 1 yields:

θ =
1
2

arctan
( 2µ11

µ20 − µ02

)
(5)



Calculating the angle of the principal axis has an
number of issues. Unless it is masked out, the
motion of the trampoline bed can generate hori-
zontal noise as a part of the moving object causing
errors of the angle as high as 90◦ , even though the
body posture on the bed is close to straight upright
position.

Another problem is the range of the angle θ (0◦

< θ ≤ 180◦ ) from equation 5, which corresponds
to the upper or lower half of the full circle. This
causes a 180◦ ambiguity of upside-down between
the two videos. To solve this problem, a constant
angular velocity is assumed (or at least the con-
servation of angular momentum) so any sudden
change of angle greater than 90◦ is assumed to be
a shifting to the upper or lower range of circle.

Figure 3: An example of principal axis angular
velocity flipping 180◦ angle. The dotted-line
represent the projection of expected angle.

Finally, a tucked body shape in the salto action
can cause the minimum and maximum axes to have
similar values, which results in a poor estimate of
the principal axis. As shown in figure 3, at the
fourth peak of parabolic graph, the angle begins to
decrease. This eventually loses the tracking angle
and can flip to an opposite angle causing an error
of 180◦ . The conservation of angular momentum
L can be described as:

L = Iω = a constant, (6)

or
Iiωi = Ifωf . (7)

where I is the rotational inertia and ω is the an-
gular velocity.

While an object in flight may change the rotational
inertia from its initial value Ii to a smaller or larger
value If , the rotational inertia cannot become neg-
ative value. Therefore, while the angular speed can
be increased or decreased, the direction of rotation
cannot reverse while in flight.

In other words, the sign of the angular velocity
(i.e. the tangent of the upper graph in figure 3)
cannot be changed, and the angle should be ei-
ther monotonously increasing or decreasing. The
change of angular velocity direction is allowed to

change only at the lowest point of the centre of
mass while in contact with the trampoline bed.

This problem is solved by (1) maintaining the sign
of angular velocity until next landing, or by (2)
calculating the angular momentum, when the ro-
tational momentum becomes as small as a certain
threshold value, we interpolate the angle based on
current angular velocity.

3 Results

3.1 Performance

Intel OpenCV Library and Microsoft MFC were
used on a 2GHz PC with 512MB memory. The
30fps video clips were adjusted below 20 frames
per second to avoid dropped frames returned by a
slow OpenCV frame grabbing function.

3.2 Experimental Result

Figure 4: Tracking of centre of mass and
principal axis through two video sequences.

Figure 5 shows a number of features of the given
frame that may be useful for synchronisation. The
blue histogram on right and the green histogram on
top is the projection of image onto a line obtained
by summing rows of pixels and summing columns
of pixels. The yellow horizontal line inside the
circle is a visual cue for 0◦ . From the two line seg-
ments in the circle, one can see the principal axis.
A projection image histogram is used to identify
sudden noise increases such as movement of the
trampoline bed.

The box represents the maximum and the mini-
mum centre of mass over all the frames. To com-
pute these values, all frames need to passed once.
During the first pass, the frame indices of the local
extremum–the highest and the lowest point–of the
centre of mass, are calculated.



Figure 5: An analytical version including: the
maximum and the minimum centre of mass,
principal axis, and histograms of projection.

Figure 6 shows the two gymnasts overlapped at the
centre of mass. One can easily see the difference of
the principal axes.

Figure 6: An image with two gymnasts over-
lapped.

3.3 Measurement of Difference

In this experiment, the measure of how closely
the two human body images match is calculated
as the ratio of the number of pixels overlapped
(intersection) to the number of total number of
non-zero intensity valued pixels (union). In fig-
ure 7, the last third column images show overlap
of the first and the second column images. The first
row is overlapped at the centre of mass, while the
second row images are also aligned on the principal
axis as well. Clearly, in this synchronisation, the
overlapped image with both centre of mass and
the principal axes aligned together produce better
match by 45% than that without alignment the
principal axis 30% by 15% improvement. How-
ever, in other cases, alignment of principal axis
sometimes produced worse results. Surprisingly,

the alignment of the principal axes of the two im-
ages do not always produce better synchronisation
results.

Figure 7: The first row illustrates the align-
ment error using centre of mass synchronisation.
The second row illustrates the alignment error
using principal axis synchronisation.

4 Conclusion

The experiment demonstrates the detailed discus-
sion of computing kinematics features of motion
in image sequences. The results indicate that the
proposed algorithm is a useful method for match-
ing two different motion sequences for comparison
and analysis.

We have introduced solutions to the problems of
calculating principal axis angles, and a set of novel
methods to measure the difference (or distant) of
two image sequences. This temporal synchronisa-
tion algorithm could also be applied to a number
of other applications such as video retrieval.

However, the lack of an explicit human model in-
creases the alignment error since an articulated
body model is required for more accurate body
alignment.

In future work, this method will be extended to
include particle filter [7] based approaches with an
articulated human body model [13][14].
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