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Abstract 

A next critical advancement in human motion capture is the development of 
a non-invasive and marker-free system. In this study a marker-free 
approach based on an articulated iterative closest point (ICP) algorithm 
with soft joint constraints was evaluated using the HumanEva dataset. Our 
tracked results accurately overlay the visual data. As the ground truth 
marker placement and methodology for calculating joint centers is not 
sufficiently documented, accurate quantitative comparison of error is 
impossible. Nevertheless, average difference and standard deviation 
between corresponding joints are reported to give an “upper bound” to the 
error of the proposed algorithm. The standard deviation for most joints is 
around 1 to 2 cm. 

1 Introduct ion 

Human motion capture is a well established paradigm for the diagnosis of the patho-
mechanics related to musculoskeletal diseases, the development and evaluation of 
rehabilitative treatments and preventive interventions for musculoskeletal diseases. At 
present, the most common methods for accurate capture of three-dimensional human 
movement require a laboratory environment and the attachment of markers, fixtures or 
sensors on the skin’s surface of the body segment being analyzed. These laboratory 
conditions can cause experimental artifacts. Comparisons of bone orientation from true bone 
embedded markers versus clusters of three skin-based markers indicate a worst-case root 
mean square artifact of 7° [1, 2]. 

A next critical advancement in human motion capture is the development of a non-invasive 
and marker-free system [3]. A technique for human body kinematics estimation that does not 
require markers or fixtures placed on the body would greatly expand the applicability of 
human motion capture. To date, markerless methods are not widely available because the 
accurate capture of human movement without markers is technically challenging yet recent 
technical developments in computer vision provide the potential for markerless human 
motion capture for biomechanical and clinical applications [3, 4]. Our current approach 
employs an articulated iterative closest point (ICP) algorithm with soft joint constraints [5] 



 

for tracking human body segments in visual hull sequences (a standard 3D representation of 
dynamic sequences from multiple images) [3]. The soft joint constraints approach extends 
previous approaches [6, 7] for tracking articulated models that enforced hard constraints on 
the joints of the articulated body. Two adjacent body segments each predict the location of 
the common joint center. The deviation between the two predictions is penalized in least-
squares terms. 

The purpose of this study was to evaluate the performance of our markerless motion capture 
approach using the HumanEva dataset [8]. 

2 Methods 

The subject was separated from the background in the image sequence of all cameras using 
an intensity threshold for the grayscale cameras, and an intensity and color threshold for the 
color cameras [9]. The 3D representation was achieved through visual hull construction from 
multiple 2D camera views [10-12]. 

A 3D articulated body was tracked in the 3D representations using an articulated body from 
a repository of subject-specific articulated bodies [13] that would match the subject closest 
based on a volume and height evaluation (Figure 1). The lack in detailed knowledge of the 
morphology and kinematic chain of the tracked subjects was adjusted by allowing larger 
inconsistencies at the joints. The articulated body consisted of 15 body segments (head, 
trunk, pelvis, and left and right arm, forearm, hand, thigh, shank and foot) and 14 joints 
connecting these segments. 

a) b) 

  

Figure 1: a) Selected bodies from repository of subject-specific articulated bodies. b) 
Articulated body consisting of 15 body segments and 14 joint for subject S1. 

The subject’s pose was roughly matched based on a motion trajectory to the first valid frame 
in the motion sequence and subsequently tracked automatically over the gait cycle. The 
motion trajectory was calculated as a trajectory of center of volumes obtained from the 3D 
representations for each frame throughout the captured motion. 

3 Resul ts 

The quality of visual hulls depends on numerous aspects including camera calibration, 
number of cameras, camera configuration, imager resolution and the accurate 
fore/background segmentation in the image sequences [14, 15]. Accurate background 
segmentation in the greyscale cameras is challenging (Figure 2). Difficulties in the accurate 
fore/background separation in the grayscale cameras BW1 and BW4 prevented the use of all 
cameras. As a result, visual hulls were created using only five cameras (BW2, BW3, C1, C2, 
and C3) resulting in a rather crude approximation (Figure 2). 
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Figure 2: a) Selected foreground (red) in grayscale cameras (top row) and color cameras 
(bottom row). b) Visual hulls for selected frames (54, 104, 154, 204 and 254) of image 
sequence S1\Walking_1. 

The articulated body was tracked successfully through individual video sequences. Our 
tracked results (red, Figures 3 and 4) accurately overlays the visual data. 

a) Frame 72 b) Frame 224 c) Frame 860 

   

Figure 3: Selected frames of camera BW3 of trial S1\Walking_1 with overlaid marker-based 
data (blue) and our markerless tracking results (red). 

a) Frame 254 b) Frame 370 c) Frame 458 

   

Figure 4: Selected frames of camera BW3 of trial S1\Boxing_1 with overlaid marker-based 
data (blue) and our markerless tracking results (red). 

Comparison between the joints provided by the marker-based system and calculated by our 
approach yielded truthful overlay, but differences in defining joint centers in the kinematic 
chain in the selected articulated model and marker-based system cause an offset among 
corresponding joints. As the ground truth marker placement and methodology for calculating 
joint centers is not sufficiently documented, accurate quantitative comparison of error is 
impossible. 

Nevertheless, average difference and standard deviation calculated from the Euclidian 
distances between corresponding joints are reported to give an upper bound to the error of 
the proposed algorithm (Figure 5, Table 1). However, the results do not reflect the true 
potential of the proposed algorithm due to differences in defining joint centers.  
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Figure 5: Euclidian distance between corresponding joints from the marker-based and 
markerless information. a) S1\Walking_1. b) S1\Boxing_1. 

Table 1: Average difference (avg) and standard deviation (stdev) calculated from the 
Euclidian distances between corresponding joints of the marker-based and markerless 
information. 
 S1\Walking_1 S1\Boxing_1 
 avg [m] stdev [m] avg [m] stdev[m] 
RShldr 0.069 0.02 0.051 0.009 
RElbow 0.053 0.023 0.062 0.025 
RWrist 0.047 0.025 0.054 0.028 
RKnee 0.034 0.016 0.027 0.011 
RAnkle 0.04 0.017 0.015 0.009 
LShldr 0.058 0.014 0.058 0.017 
LElbow 0.087 0.02 0.082 0.022 
LWrist 0.064 0.037 0.045 0.022 
LKnee 0.046 0.017 0.035 0.016 
LAnkle 0.033 0.02 0.025 0.009 

4 Discussion 

The results presented here demonstrate the feasibility of measuring 3D human body 
kinematics using a markerless motion capture system on the basis of visual hulls. The 
employed algorithm yields great potential for accurately tracking human body segments. The 
algorithm does not enforce hard constraints for tracking articulated models. The employed 
cost function consists of two terms, which ensure that corresponding points align and joint 
are approximately preserved. The emphasis on either term can be chosen globally and/or 
individually, and thus yields more anatomically correct models. Moreover, the presented 
algorithm can be employed by either fitting the articulated model to the visual hull or the 
visual hull to the articulated model. Both scenarios will provide identical results in an ideal 
case. However, fitting data to the model is likely to be more robust in an experimental 
environment where visual hull only provide partial information due to calibration and/or 
segmentation errors. 

The presented approach has been successfully applied to simple walking and running 
sequences and more complex motion sequences such as a cricket bowl, handball throw and 
cart wheel. The obtained accuracy compared to marker-based systems [3]. 

Utilizing more cameras to enhance the quality of the visual hulls and a better knowledge of 
the morphology and kinematic chain of the tracked subjects allowing stronger consistencies 
at the joints would improve the accuracy. 
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