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Abstract We present a simple but effective method for
recovering 3D human body walking parallel to the image plane
from monocular video sequences based on 3D human body
model, using robust image matching and specific search strategy.
Monocular 3D body tracking is challenging, because of a large
number of free parameters. These parameters are reduced to 12
in this paper under the assumption of walking parallel to the
image plane. To effectively measure the matching error, a pose
evaluation function combining both boundary and region
information is provided. Simultaneously, we calculate the
physical forces that are used as heuristic information in
subsequent search. Experiments with both indoor and outdoor
scenes demonstrate that our approach has an encouraging
performance.
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Introduction

Human tracking in video sequences has many potential
applications such as visual surveillance, virtual reality,
man-machine interaction, diagnostics, etc [1].
Our goal is to acquire 3D motion parameters including
position, orientation and joint angles for gait recognition by
tracking a walking person in an image sequence. Previous work
on gait recognition mainly adopted 2D approaches [15, 16].
These methods often overlook the temporal features of joint
angles which are much more essential in human walking. To
achieve more robust and accurate results, we intend to use 3D
motion parameters or combine both 3D and 2D features for gait
recognition. As the important first step of our final goal, this
paper considers 3D dynamic data acquisition.
Due to the complex nature of human body, tracking human
in video sequences is a very difficult task [11] and involves a
number of hard issues such as occlusion, self-occlusion,
cluttered background, and high-dimensional motion parameters.
To alleviate some of the difficulties, much previous work has
used 3D human body models of various complexity to recover
the position, orientation and joint angles from 2D image
sequences (see surveys [1, 2, 8] for more information). In earlier
research, stick figure model was frequently used [3]. The stick
figure model is so simple that each human body part is
represented by a stick and the sticks are connected by joints.
More complex human models, such as cylinder [4, 9], truncated
cone [5, 10] and super quadrics [6], were used in later work.
Recently, Plankers and Fua [7] presented a hierarchical human
model, which had four levels: skeleton, ellipsoid meatballs
simulating tissues and fats, polygonal surface representing skin,
and shaded rendering, to achieve more accurate results. As a
general rule, the more complex the human body model, the more
precise the tracking results. But on the other hand, complex
human body model leads to extra computational cost. As a
trade-off, it suffices for our purposes to adopt an articulated
truncated cone human model with the head represented by a
sphere.
Besides the human body model, image information used in
pose evaluation function also varies. The most widely used
image information is perhaps the boundary because it can be
precisely localized and easily acquired [13, 4]. Another one is

the region which employs more information of the image and
therefore achieves more robust results [14]. In this paper, we
combine both boundary and region information in pose
evaluation function to achieve both precision and robustness. To
improve the speed of minimizing the pose evaluation function,
we also design a specific search strategy that includes two stages:
prediction and updating. In the prediction stage, the human
global position is roughly estimated by finding the centroid of
the human body, and the parameters of other body parts are
predicted through computing the kinematical equation in the
previous frame. In the updating stage physical forces similar to
those in [5, 10] are used as heuristic information.

2 Human body model
Our human body model, similar to [5, 9, 10], consists of
truncated cones (arms, legs, torso and neck) and a sphere (head).
In detail, the human body is composed of 14 rigid body parts,
including upper torso, lower torso, neck, two upper arms, two
lower arms, two thighs, two legs, two feet and a head. Each body
part is represented by a truncated cone except for the head which
is represented by a sphere. Because hands are very complex and
are relatively less important in human body tracking, we skip
them to reduce the DOFs. Figure 1 gives some perspective
projections of our human body model. This is a generic model
and appropriate for average persons. But in the case of tracking a
specific human, we must adjust its dimensions to individualize
the model.

Figure 1. Human body model projected into the image plane
from 5 viewing angles.
In general, a human body model has 45 DOFs: 3 DOFs for
each body part (14 × 3) and 3 DOFs for its global position. To
search robustly and quickly in the solution space with
dimensions as high as 45 is almost impossible. However, in the
case of gait recognition, human usually walks parallel to the
image plane and the movements of the head, neck and lower
torso, relative to the upper torso, are very slight. Therefore the
solution space can be reduced with some constraints. In this
paper, we assume that only the arms and legs have relative
movements when the upper torso moves from left to right or
from right to left. Furthermore, they move in the image plane, i.e.
only joints such as shoulders, elbows, hips, knees and ankles are
considered and each of them has only one DOF. Accordingly,
DOFs of the human body model can be reduced to 12: 1 DOF for
each joint mentioned above plus 2 DOFs for the global position.
So the posture of a walker can be defined by a 12-dimensional
vector P = {x, y,θ1 , θ 2 , L , θ10 } , where (x,y) is the global
position, and θ i is a joint angle. This vector describes the
relative position of different body parts.

To locate the position of each model part, a local coordinate
system is attached to it. The origin of the coordinate system at
the upper torso indicates the global position of human body. The
transformation of person coordinates into camera coordinate was
detailed in [9].

3 Posture estimation
In our approach, the main task of model-based tracking is to
relate the image data to the posture vector defined in Section 2.
The general method to this problem is known as
analysis-by-synthesis, and is used in predict-match-update
fashion [1]. The philosophy, in detail, is to predict the most
possible posture of the human body model in the next frame.
Then the human model in predicted posture is projected into the
image plane. We match the projected model to the edge image
acquired by Sobel operator and measure the match error by a
specific pose evaluation function. The remaining task is to find
an optimal posture to minimize the match error with a specific
search strategy to update the predicted posture according to
previous match errors and previous frames. So the pose
evaluation function and the search strategy play a vital role in the
model based tracking. They are detailed in the following
subsections.

where N is the same as that in (1).
3.1.2 region match
Generally, the pose evaluation function defined in (1) can be
used suitably to measure the similarity between the model part
and image data, but it is insufficient under certain circumstances.
A typical example is given in Figure 3(a), where a model part
falls into the gap between two body parts in the edge image.
Although it is obviously badly fitted, the model part may have a
high matching score under the standard of the pose evaluation
function (1). To avoid such ambiguities, region information is
considered in our approach. Figure 3(b) illustrates the matching
process. Here the region of a model body part, which is fitted
into the image data, is divided into two parts: P1 is the region
overlapped with the image data and P2 stands for the rest region.
Then the match error with respect to the region information is
defined by
E r = P2 P1 + P2
(3)

(

)

where Pi is the area, i.e. the number of pixels in the
corresponding region.

3.1 Measuring boundary and region match
3.1.1 Boundary match
To make it easier, we match each body part independently at
edge level, i.e. matching each body part of the projected model
to the edge image acquired by Sobel operator. Figure 2 shows
the matching procedure. For each pixel pi in the boundary of
the model part, we search the corresponding pixel in the edge
image along the gradient direction at pixel pi . In other words,
the pixel, nearest to pi and along that direction, is what we
want. Assuming that qi is the corresponding pixel and that Fi
stands for the vector pi qi , we can measure the match error of
pixel pi to qi as the norm Fi . By averaging the match
error of every pixel in boundary of the model part, the boundary
match error is obtained

Eb =
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Figure 3. (a) A typical ambiguity: a model part falls into the gap
between two body parts in the image. (b) Measuring region
match and its physical force.
Similarly, another physical force is also defined. Supposing
c1 and c2 are the centroids of the regions P1 and P2
respectively, we define the vector c1c 2 as the physical force
Fr = c1c 2
(4)
resulting from region matching. This physical force pulls the
model part to overlap the corresponding image part as greatly as
possible.

where N is the number of the pixels in that model part.

Figure 2. Measuring the boundary match and physical forces.

To provide the search procedure with heuristic information,
we adopt the well-known idea of spring forces [5,10], which will
be used in the next subsection but can be easily calculated here.
With this idea, each Fi described above is viewed as a spring
with its end points attached to pi and qi , and each spring
gives a physical force in proportion to

Fi , pulling pi to qi .

Then the combination of all the physical forces, i.e. Fb in
Figure 2, pulls the model part to the corresponding image part.
The resultant physical force is given by
Fb =

1
N

N
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i

i =1

(2)

Figure 4. The curve of the pose evaluation function with the
global position x and the joint angle of the left thigh changing
smoothly and other parameters remaining constant. Also shown
is the contour of the function.

To achieve a more proper measurement than (1) or (3) alone,
both boundary and region match errors are combined, and so do
the two physical forces. A factor α is used to adjust their
weights.
E = α × Eb + (1 − α ) × E r
(5)
F =α × Fb + (1 − α )× Fr
(6)
How to determine the factor α is challenging. Enough
experiments are needed to find an appropriate value of α . In
our system, α is selected as 0.8 to improve the weight of

boundary match. Figure 4 shows the effectiveness of our pose
evaluation function (5). Its curve is basically smooth and has no
local minima at the neighborhood of the global minimum.
Furthermore, according to the contour of the pose evaluation
function and also other experiments, we can conclude that the
human global position (x,y) is much more significant than other
joint angles with respect to the match error. Also, this is the
reason why the global position is first predicted without
considering the change of other parameters, which will be
detailed in our search strategy in the next section.

where β is a scale factor determined by experiment. We update
the rotating angle of each body part by adding the change in (10)
to the predicted value or the last updated value.
To solve the problem of self-occlusion, we firstly locate the
body parts near the camera (we know which body parts are near
the camera if we know the walking direction) and save their
projected image. Then when projecting the body parts far from
the camera, we eliminate the occluded region according to the
saved image. The method is particularly useful in the case of
walking parallel to the image plane.

3.2 Search strategy

4 Experiments

Locating an optimal posture in a high-dimensional body
configuration space, e.g. 12 DOFs in our problem, is intrinsically
difficult. To make it easier, a specific search strategy is designed
to find a suboptimal posture. The search strategy includes two
stages: prediction and updating. We describe them separately as
follows.
In the prediction stage, the posture of the moving human in
current frame is roughly estimated according to previous frames.
To roughly estimate the global position, it is assumed that
change of the centroid of the human body between consecutive
frames is equal to the change of its global position
X c − X p = Cc − C p , or
(7)
X c = Cc − C p + X p
where the subscripts c and p indicate the current frame and the
previous frame respectively, and X and C mean the global
position and the center of gravity respectively. So predicting the
global position of moving human in the current frame can be
viewed as the problem of approximately calculating the center of
gravity. To roughly predict the joint angles, we calculate their
rotating velocities according to the previous frames and apply
them to the kinematical equation
θ ic =θ ip + θ&ip × ∆t
(8)

To verify the effectiveness of our approach, we have carried
out a large number of experiments on video sequences with both
indoor and outdoor scenes.

where θ i is the ith angle joint and the subscripts c and p
indicate the current frame and previous frame respectively, and
θ&ip stands for the rotating velocity of that joint in the previous
frame. Then θ ic is the predicted value of that joint angle.
In the updating stage, we adopt the divide and conquer
strategy to reduce the search space, i.e. we first update the global
position of the human body in the current frame, and then update
the joint angle of each body part one by one. The reason why we
can update the global position and the joint angles separately is
given in the previous subsection. To update the global position,
we simply search at the neighborhood of the predicted global
position to minimize the pose evaluation function. After the
global position is determined, the positions of the shoulder and
the hip are also fixed. So the movements of the upper arms and
thighs can be considered as rotating around the fixed ends
(shoulder or hip) in the image plane. So do the lower arms and
legs after the upper arms and thighs fixed. We regard the
physical force F described in (6) as the strength that acts on the
centroid of the body part and pulls it to rotate. According to the
rotating kinematical equation, we have
Iθ&& = rF
(9)
where I and θ&& are the moment of inertia and the joint angle
acceleration respectively and r is the moment. But I ∝ L2 and
r ∝ L , where L is the length of the projected model part. So the
joint angle acceleration θ&& is proportioned to F/L. After several
steps of deduction using kinematical equations, the relationship
between the change of the rotating angle and the physical force
can be represented by
∆θ = βF / L
(10)

4.1 Data acquisition
For the indoor scene, we use the gait database SOTON from
University of Southampton, UK, including seven subjects and
four sequences for each subject. These sequences were captured
by a camera with a stationary indoor background, at a rate of 25
frames per second, and the original resolution is 384 × 288 .
The sequences with outdoor scene with diffusing lightness
was captured by a digital camera (Panasonic Nv-Dx100EN)
fixed on the tripod at a rate of 25 frames per second. The original
resolution of the images is 352 × 240 . These sequences form a
portion of our NLPR gait database.

4.2 Results
We fit the human model to the image in the first frame
manually and then the program tracks it automatically. Here we
show two sequences as the tracking results (see Figure 5 and
Figure 6). Due to the space constraint, only the human areas
clipped from the original image sequences are shown. The most
difficult part of the data, which verifies the effectiveness of our
approach, is that the sequences include the configuration in
which the two legs and thighs occlude each other severely (e.g.
frame 11 in Figure 5 and frame 25 in Figure 6), causing most
part of one leg or thigh is unseen. Other challenges include:
images that have shadow under the feet; and the arm and the
torso have the same color. It is worthwhile to mention that the
arms far from the camera in both sequences were lost for the
severe occlusion by the torso.
However, in our earlier experiments, region information is
not considered. So when the human legs are in the special
posture showed in Figure 7, the model part of right leg falls into
the gap between the two legs and the tracking fails. By contrast,
through the combination of the two match errors, the tracking
results are much more robust (see frame 13 in Figure 5). This
example clearly illustrates the effectiveness of our pose
evaluation function.
Our purpose of the 3D model based tracking is to acquire
3D data of walking, such as joint angles and velocity, for gait
recognition. We hope to find distinguishable characteristics of
individual gait from those posture vectors of the tracking results.
Figure 8 shows the temporal curves of hip and knee angles
corresponding to the sequence in Figure 5 and Figure 6.
Carefully inspection reveals that the periods in both sequences
are about 34 frames. Further research on the analysis of 3D data
of walking is an important part of our future work.
Although the proposed approach provides encouraging
results, the work of this paper still has two considerable
limitations. One is that our approach can hardly be applied to
unconstrained movements because that the calculation and
application of physical forces is based on the assumption that
human walks parallel to the image plane. Another one is that we
have to initialize the tracking process manually. To provide a
general and really automatic approach to human motion
capturing in any unconstrained environments, much work still

locating the global position and other body parts separately and
using physical forces as heuristic information. The limitations of
our approach were also discussed. The experiments on real
sequences of both indoor and outdoor scenes show the
effectiveness of our method.

remains open.
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Figure 5. Tracking results of indoor walking.
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