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Abstract

We propose a 2D model-based approach for tracking hu-
man body parts during articulated motion. A human is mod-
eled as a stick figure with thirteen landmarks, and an action
is a sequence of these stick figures. Given the locations of
these joints in a model video and only the first frame of a
test video, the joint locations are automatically estimated
throughout the test video using two geometric constraints.
The first constraint is based on the invariance of the ratio
of areas under an affine transformation, and provides ini-
tial estimates. The second one is based on the fundamen-
tal matrix, defined by the corresponding landmarks of the
two actors, and refines the initial estimates. Using these
estimated locations, the tracking algorithm determines the
exact location of each joint in the test video. The novelty
of our approach lies in the geometric formulation of human
actions and the use of geometric constraints for body joints
estimation. The approach is able to handle variations in an-
thropometry of individuals, viewpoints, execution rate, and
style of action execution. Experimental results provide en-
couraging quantitative and qualitative performance analy-
Sis.

1 Introduction

The analysis of human motion and activities by a ma-
chine has attracted the attention of many researchers. De-
tection and tracking of different body parts (arms, legs,
torso etc.) or landmark points (elbows, knees, shoulders
etc.) provides important low level information for surveil-
lance, human-computer interaction, action recognition, ath-
lete performance analysis, etc. The success of the above
mentioned applications strongly relies on the accuracy of
body joint detection and tracking.

Since a general solution to body part tracking is con-
sidered difficult to find, approaches encapsulate constraints.
These approaches are classified into model-free and model-
based due to these constraints [1]. Model-free approaches
do not rely on any prior knowledge about human pose or
structure. Several bottom up detection approaches were
proposed [3, 4, 5]. In these approaches body parts were de-
tected using AdaBoost [3], 2D shapes [5], and local appear-
ance models [4]. Model-free approaches may suffer from
long computational time due to the need to prune wrong
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detections and human configuration [7]. Model-based ap-
proaches make use of the prior 2D and(or) 3D information
about the structure and/or kinematics of human body. There
were shape based approaches [2], motion based approaches
[8, 10], and a combination of both types [9, 11]. Large
databases of shapes and motion patterns [9, 6] increase ro-
bustness to viewpoint change. The analysis of a complex
human motion requires features, which were extracted from
the shape and the motion of human body [12, 6]. [13] pro-
poses an approach motivated by the laws of physics, and
presents a kinematic model. [14] presents a new approach,
which is based on hierarchical learning of appearance fea-
tures using an extensive training data set.

The proposed method explores underlying geometrical
similarity between the model and test actions. The nov-
elty of the method is the unique geometrical formulation of
human action, and the combination of the two geometric
constraints for estimation of the joint locations in the test
video. One advantage of this work is the avoidance of er-
ror propagation from frame to frame in the estimation pro-
cess, because each joint estimate is computed based on cor-
respondence between first frame of the model and the test
videos. Another advantage is that unlike most of the pre-
vious approaches, our approach separates spatial and tem-
poral information, which allows for the recovery of spatial
search space as soon as the human model is initialized in
the first frame of the test video. The third advantage is a
robustness to variations in anthropometry, execution rate,
viewpoint and execution style. Another advantage is that
the estimation phase helps detecting the cases of self occlu-
sions. This is not computationally expensive and does not
require extensive training.

2 Estimating Joint Locations

A human body is modeled by a stick figure, which con-
nects 13 landmarks (head, neck, two shoulders, two elbows,
two hands, belly button, two knees, and two feet). We
assume that all the landmarks are available for the entire
model video and only the first frame of the test video. With-
out loss of generality, the action execution rate in model and
test video is assumed to be the same. This assumption will
be relaxed in tracking phase.
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Figure 5. Joint estimation. (a) Trajectories corresponding to the model action. (b-g) show the trajectories of estimated joint
locations of four different actors with significant changes in the anthropometric measurements.

Figure 6. The output of tracking on 285 frames sequence is shown here. The tracking output was observed to be accurate.
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Figure 7. Output of the tracking phase on the video shown in Fig. 5(c). The test video is 476 frames long with articulated motion
or arms. The arm undergoes full (frame 80) and partial occlusion (frame 400).
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Figure 8. Plot shows mean of tracking error in the thir-
teen landmark locations. Each curve corresponds to a video
shown in Fig. 5(c-f). Video (c) is also shown in Fig. 7
and the two peaks correspond to the instances with severe
occlusion of arms.
affine constraint and affine with epipolar constraint. The
first row of Fig. 4 shows the plot of maximum error in each
frame. In this case the epipolar constraint reduces the error
significantly. The second row of Fig. 4 shows the frames
with the largest error. The results demonstrated here show
the robustness to the viewpoint changes. Fig. 5 shows more
estimation results on six videos with the predicted trajecto-
ries superimposed on a keyframe.

The results of the tracking phase are presented for two
different actions. The results of the first action are shown in
Fig. 6. This video contains 285 frames and the body parts
were tracked correctly throughout all frames. The second
action was more challenging as it contained larger varia-
tions in the viewpoint, anthropometry of individuals and the
execution rate. In addition, there is large out of body plane
motion and self occlusion. Fig. 5 shows the estimation re-
sults for this action and Fig.7 shows the tracking results for
the video in Fig. 5(c). Fig. 8 presents a graph of the track-
ing errors from the four videos shown in Fig. 5(c-f). The
peaks in error are at the point of self-occlusion.

5 Conclusion

We have proposed a novel 2D model-based approach for
human body joint estimation and tracking. It can have vari-
ety of applications in the area of action and activity analysis.
The formulation of the geometric constraints on the geome-

try of human action is novel. Compared to other approaches
that use either linear or non-linear filters for human motion
modeling, the proposed approach is easier to adapt to any
model, more robust to viewpoint changes, and does not re-
quire extensive training. The experiments support the thesis
that the proposed approach can handle significant variations
in the anthropometry and execution rate. This research was
funded by the US Government VACE program.
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