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ABSTRACT 
 
Modern biomechanical and clinical applications require the accurate capture of normal and pathological human 
movement without the artifacts associated with standard marker-based motion capture techniques such as soft tissue 
artifacts and the risk of artificial stimulus of taped-on or strapped-on markers. In this study, the need for new markerless 
human motion capture methods is discussed in view of biomechanical applications. Three different approaches for 
estimating human movement from multiple image sequences were explored. The first two approaches tracked a 3D 
articulated model in 3D representations constructed from the image sequences, while the third approach tracked a 3D 
articulated model in multiple 2D image planes. The three methods are systematically evaluated and results for real data 
are presented. The role of choosing appropriate technical equipment and algorithms for accurate markerless motion 
capture is critical. The implementation of this new methodology offers the promise for simple, time-efficient, and 
potentially more meaningful assessments of human movement in research and clinical practice. 
 
Keywords:  Motion capture, movement analysis, markerless, articulated model, visual hull, iterative closest point, 

simulated annealing, optical flow 
 

1. INTRODUCTION 
 
Human movement analysis spans many different fields such as kinesiology, physiotherapy, orthopedic surgery, 
ergonomics, etc [1-7]. Moreover, 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. Over the last several centuries our understanding of human 
locomotion has been a function of the methods to capture human movement that were available at the time. The Weber 
brothers (1836) reported one of the first quantitative studies of the temporal and distance parameters during human 
locomotion [8]. The works of two contemporaries, Marey (1873) and Muybridge (1878), were among the first to 
quantify patterns of human movement using photographic techniques [9, 10]. 
 
In many cases the expanded need for enhancing our understanding of normal and pathological human movement drove 
the introduction of new methods to capture human movement. 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 to body segments. The constraints of the laboratory environment as well as the markers placed on the 
subjects can mask subtle but important changes to the patterns of locomotion. Previous experience has demonstrated 
that minor changes in patterns of locomotion can have a profound impact on the outcome of treatment or progression of 
musculoskeletal pathology. For example, it has been shown that the mechanics of walking was changed in patients with 
anterior cruciate ligament deficiency of the knee [11]; functional loading influenced the outcome of high tibial 
osteotomy [12]; functional performance of patients with total knee replacement was influenced by the design of the 
implant [13], and the mechanics of walking influenced the progression of osteoarthritis of the knee [14]. Each of the 
clinical examples referenced above were associated with subtle but important changes to the mechanics of walking. In 



general, human movement analysis refers to studies on whole-body human motion with applications to posture studies, 
human identification, and detection of abnormal gait. For example, precise characterization and diagnosis of movement 
disorders is possible using stereophotogrammetry which records movement with small adhesive markers placed on body 
segments. However, widespread use in the medical setting is severely limited by the cumbersome, time-consuming and 
invasive nature of marker-based systems. Thus, the ability to measure patterns of locomotion without the risk of an 
artificial stimulus producing unwanted artifacts that could mask the natural patterns of motion is an important need for 
emerging health care applications. Ideally, the measurement system/protocol should be neither invasive nor harmful and 
only minimally encumber the subject. Furthermore, it should allow measuring subjects in their natural environment such 
as their work place, home, or on sport fields and be capable of measuring natural activities/motion over a sufficiently 
large field of view. 
 
Our understanding of normal and pathological human movement would be enhanced by a method that allows the 
capture of human movement without the constraint of markers or fixtures placed on the body. 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. The purpose of this study was to evaluate the accuracy of human 
body kinematics extracted through a markerless motion capture system in view of biomechanical applications. Several 
approaches for tracking human body segments for determining human body kinematics are discussed and evaluated. 
The principal goal of this collaborative research effort is to design, develop and evaluate novel systems using multiple 
optical sensors that will efficiently and accurately provide 3D measurements of human movement. The availability of 
such systems offer the promise of expanding the applicability of methods for diagnosis and treatment of movement-
related disorders, minimizing patient preparation time, and reducing experimental artifacts caused by, for instance, 
inter-observer variability. Thus, the implementation of this new technology will allow for simple, time-efficient, and 
potentially more meaningful assessments of gait in research and clinical practice. 
 
The notions of markerless motion capture have already appeared in computer vision and biomechanical literature. 
Following their review (Section 2), we outline our approaches (Section 3). In Section 4, we present results. We 
conclude the paper with a discussion of the results, and problems open for further research (Section 5). 
 

2. BACKGROUND 
 
The development of markerless motion capture systems did not originate from the clinical perspective but within the 
fields of computer vision and machine learning, where the analysis of human actions by a computer is gaining 
increasing interest. Potential applications of human motion capture are the driving force of system development, and the 
major application areas are: smart surveillance, control, perceptual interface, virtual reality, view interpolation, and 
motion analysis. One of the key challenges in a markerless system is the acquisition and representation of human 
movement. Vision systems are typically divided into two categories, namely active and passive vision system. Active 
systems emit light-information in the visible or infrared light spectrum, while passive systems rely purely on capturing 
images. The main focus on the development of vision systems for markerless motion capture for biomechanical 
applications currently lies on employing passive systems. Passive systems are advantageous as they only rely on 
capturing images and thus provide an ideal framework for capturing subject in their natural environment. 
 
Over the past two decades, the field of registering human body motion using computer vision has grown substantially. 
Many examples of tracking and estimating human motion using models of different kinds have been proposed [15-35]. 
These are typically classified into model-based and model-free approaches. For example, model-based involve an a 
priori model which has relevant anatomic and kinematic information and is tracked or matched to 2D images [17, 19] or 
3D shapes [20]. Moreover, several surveys concerned with computer-vision approaches have been published in recent 
years, each classifying existing methods into different categories [36-40]. For instance, Moeslund et al. [39] reviewed 
more than 130 human motion capture papers published between 1980 and 2000. The field was not categorized by 
approaches or techniques used, but rather by the stages necessary to solve the general problem of motion capture. 
Moeslund et al. categorized motion capture approaches into: initialization, tracking, pose estimation, and recognition. 
Wang et. al [40] provided a similar survey of human motion capture approaches in the field of computer vision ranging 
mainly from 1997 to 2001 and including a wider review of motion segmentation and object classification. 
 



The majority of research on human motion capture in the field of computer vision and machine learning has 
concentrated on tracking, estimation and recognition of human motion for surveillance purposes. In addition, much of 
the work reported in the literature on the above has been developed for the case when a single camera is available. 
Single image stream based methods suffer from poor performance for accurate movement analysis due to the severe ill-
posed nature of motion recovery. Furthermore, simplistic models of a human body with either fewer joints or reduced 
number of degrees of freedom are often utilized for enhancing computational performance. Existing methods for gait-
based human identification in surveillance applications use mostly 2D appearance models and measurements such as 
height, extracted from the side view. However, biomechanical and, in particular, clinical applications typically require 
knowledge of detailed and accurate representation of 3D joint mechanics. Some of the most challenging issues in 
whole-body movement capture are due to the complexity and variability of the appearance of the human body, the 
nonlinear and non-rigid nature of human motion, a lack of sufficient image cues about 3D body pose, including self-
occlusion as well as the presence of other occluding objects, and exploitation of multiple image streams. Human body 
self-occlusion is a major cause of ambiguities in body part tracking using a single camera. The self-occlusion is 
addressed when multiple cameras are used, since the appearance of a human body from multiple viewpoints is available. 
 
While existing computer vision approaches offer great potential for markerless motion capture for biomechanical 
applications, these approaches have not been developed or tested for biomechanical applications. To date, qualitative 
tests and visual inspections are most frequently used for assessing approaches introduced in the field of computer vision 
and machine learning. Thus, evaluating existing approaches within a framework focused on addressing biomechanical 
applications is critical. Quantitative measurements of movement and continuous tracking of humans using multiple 
image streams is crucial for 3D gait studies. Thus, our emphasis currently focuses on the development of motion capture 
methods for use with multiple synchronized cameras. To critically analyze the effectiveness of markerless motion 
capture in the biomechanical/clinical environment, we quantitatively evaluated it using comparison with real data 
obtained from marker-based motion capture. In addition, realistic biomechanical models were used for identifying 
human body kinematics. 
 

3. METHODOLOGY 
 
Subjects performed walking trials at a self-selected normal speed while being recorded simultaneously using a markered 
and a markerless motion capture system. The marker-based system consisted of an eight-Qualisys camera optoelectronic 
system monitoring 3D marker positions for the hip, knees and ankles at 120 fps. The markerless motion capture system 
consisted of eight Basler CCD color cameras synchronously capturing images at 75 fps. Similar to 
stereophotogrammetry, the configuration of the technical equipment and calibration is critical. A most favorable camera 
arrangement for a 3 x 1.5 x 2m viewing volume was used to provide optimal visual construction [41]. This viewing 
volume is sufficiently large enough to capture an entire gait cycle. Internal and external camera parameters and a 
common global frame of reference are obtained through offline calibration. Images from all cameras were streamed in 
their uncompressed form to several computers during acquisition (Figure 1). 
 

 
Figure 1: Selected views of 4 of the 8 Basler CCD color cameras. 
 
In this study, three different approaches for estimating human movement from multiple image sequences for 
biomechanical applications were explored. The first two approaches tracked a 3D articulated model in 3D 
representations constructed from the image sequences, while the third approach tracked a 3D articulated model in 
multiple 2D image planes. The articulated model is typically derived from a morphological description of the human 
body’s anatomy plus a set of information regarding the kinematic chain and joint centers. The morphological 
information of the human body can be a general approximation (cylinders, super quadrics, etc.) or an estimation of the 



actual subject’s outer surface. Ideally, an articulated model is subject-specific and created from a direct measurement of 
the subject’s outer surface. The kinematic chain underneath an anatomic model can be manually set or estimated 
through either functional [16, 18] or anthropometric methods [42]. The more complex the kinematic description of the 
body the more information can be obtained from the 3D representation matched by the model. In the current protocol, a 
detailed articulated body is created from a full body laser scan with markers affixed to the subject’s joints (Figure 2). 
The articulated body consisted of 15 body segments and 14 joints connecting these segments. 
 
a) b) c) 

   
Figure 2: a) 3D surface from laser scan. b) Body segments. c) Articulated model. 
 
Tracking a 3D articulated model in 3D representations 
 
In the first two approaches movement was determined by first constructing 3D representations of the subject in the form 
of visual hulls and subsequently labeling individual body segments for extracting human body kinematics. The subject 
was separated from the background in the image sequence of all cameras using intensity and color thresholding [43] 
compared to background images (Figure 3). Segmentation is a challenging task as changes in illumination and shadow 
make quick and reliable processing difficult. Numerous approaches for segmentation have been used in indoor and 
outdoor settings. Most current segmentation methods use either temporal or spatial information of images including 
background subtraction, statistical methods, temporal differencing, and optical flow (see Wang [40] for review). 
Background subtraction is most frequently used for segmentation in situations with a relatively static background, and 
thus seems promising for a laboratory setting. However, this approach is very sensitive to changes in the background 
image such as illumination and may not be appropriate for all targeted applications. 
 

 

 
Figure 3: Selected background images (top) and separated subject data (bottom). 
 
A standard way of capturing dynamic 3D sequences from images is visual hull construction which produces surfaces of 
lesser quality. The 3D representation was achieved through visual hull construction from multiple 2D camera views [44-
46]. The number of cameras used for visual hull construction greatly affects the accuracy of visual hulls [41]. Visual 
hulls were created with voxel edges of λ = 10 mm (Figure 4), which is sufficiently small enough for these camera 
configurations [47]. The representation of the subject in the form of visual hulls offers an advantageous suitability for 



numerous estimation approaches. For example, the 3D surfaces can also be utilized for anthropometric measurements 
such as body segment volumes [47]. 
 

 
Figure 4: Sequence of visual hulls constructed using a passive vision system. 
 
An articulated model (Figure 2) was roughly matched to a 3D representation in the motion sequence (Figure 4) and 
subsequently tracked automatically. Two different approaches were evaluated. The first approach is a gradient based 
articulated iterative closest point (ICP) algorithm with soft joint constraints [48]. This algorithm is a generalization of 
the standard ICP algorithm [49] to articulated models. The second approach is an adapted fast simulated annealing 
algorithm running on an exponential maps geometry formulation [42, 50]. This algorithm is a statistical computational 
method based on Boltzmann Sampling and the Metropolis Monte Carlo method. Joint angles for the sagittal and frontal 
plane for the knee calculated as angles between corresponding axes of neighboring segments were used as preliminary 
basis of comparison between the marker-based and markerless systems. 
 
Tracking a 3D articulated model in multiple 2D image planes 
 
The third approach extracted structure and motion through optical flow. The underlying algorithm as proposed in [33] 
combines multiple cues, such as pixel displacements, silhouettes and “motion residues” to track the pose. The objective 
was to estimate the pose at the current time instant t, given the pose at the previous time instant t-1, and the images at 
the previous and current time instants. The approach used motion information measured as pixel displacements and 
spatial information that included “motion residues” which described the boundary of the body segments as well as 2D 
image silhouettes in the tracking algorithm. Motion and spatial cues are complementary to each other. The 2D pixel 
displacement between frames was computed for each body segment and each image. The pixel displacement is a 
function of the change in pose, and can be used to predict the pose at the current time instant given the pose at the 
previous time instant. Using only the motion information in the tracking causes the tracking error to accumulate over 
time and leads to drift. Therefore, the pose was corrected at each time instant using the spatial cues. This method thus 
combines motion and spatial cues in a predictor-corrector framework. 
 
The pose at the current time instant was estimated by first projecting the pose at the previous time instant onto each 
image (Figure 5). Pixels in each image were registered to the corresponding body segment, while the corresponding 
body segments provide 3D coordinate for some pixels in the image planes. The 3D coordinates for the remaining pixels 
were obtained through interpolation. 
 
a) b) c) d) 

    
Figure 5: The 3D model of the object projected onto the image. Each pixel is registered to a body segment. 
 
Next, pixel displacement between the previous and current time instants for all pixels in the mask for each body 
segment and each image was estimated. The pixel displacement was computed using optical flow at multiple scales and 
a rigid body model for the pixel displacement. The image at the previous time instant can be warped according to the 



estimated motion and the difference between the current image and the warped previous image is the motion residue 
(Figure 6). The pose at current time instant was predicted using pixel displacement of pixels belonging to all body 
segments and in all images. The pixel velocity is a linear function of the pose [32] and the change in body pose can be 
estimated iteratively using the measured pixel displacement. 
 
(a) Image at t-1 (b) Image at t (c) Mask (d) Pixel displacement (e) Motion residue 

     
Figure 6: Computing pixel displacement and “motion residue”. 
 
Finally, silhouette and “motion residue” (Figure 7) are combined for each body segment into an “energy image” for 
each body segment and each image. An error function of the pose at time t is computed using these energy images. The 
pose is refined by minimizing the error function which is dependent on the pose. The predicted pose is corrected at time 
t using the “energy image” (Figure 7) obtained in previous step using optimization. 
 
a) Silhouette of subject b) Silhouette c) Motion residue d) Energy image 

    
Figure 7: Combining spatial cues to obtain spatial energy image. 
 

4. RESULTS 
 
For the first two approaches, the 3D representation was achieved through visual hull construction from multiple 2D 
camera views. The number of cameras used for visual hull construction greatly affects the accuracy of visual hulls [41]. 
Surface comparison between visual hulls and the original human form revealed under-approximated and over-
approximated regions. Under-approximated regions result from discretization errors in the image plane, which can be 
reduced with higher imager resolution [47]. However, greater error arises from over-approximated regions, which are 
characteristic to visual hull construction. The size of over-approximated regions and the maximum surface deviations 
decreases with increasing number of cameras. The accuracy of visual hulls also depends on the human subject’s 
position and pose within an investigated/observed viewing volume [41]. Simultaneous changes in position and pose 
result in decreased accuracy of visual hull construction. Increasing the number of cameras leads to decreased variations 
across the viewing volume and a better approximation of the true volume value. 
 
In general, body segments were tracked accurately with both approaches (Figure 8). The accuracy of sagittal and frontal 
plane knee joint angles calculated from experiments was similar to the accuracy estimated from theoretical calculations 
[51, 52] (Table 1) and match the accuracy of marker-based systems [53]. 
 
Table 1: Accuracy of sagittal and frontal plane kinematics for the knee of the right leg. 
 theoretical experimental 
 sagittal plane frontal plane sagittal plane frontal plane 
articulated ICP 2.1 ± 0.9° 0.4 ± 0.7° 2.3 ± 1.0° 1.6 ± 0.9° 
simulated annealing 1.5 ± 3.9° 2.0 ± 2.3° 1.4 ± 4.3° 3.2 ± 6.0° 



 
 

  
Figure 8: (left) Visual hulls. (right) Articulated body matched to visual hulls. 
 
For the third approach, image sequences were tracked using both spatial and motion cues. Two sequences of a subject 
performing different activities were tracked. The length of the first sequence is 10 seconds (300 frames), during which 
there is considerable movement and bending of the arms and occlusions at various times in different cameras. The 
second sequence is that of the subject walking and is approximately 3 seconds long. The use of motion cues only 
resulted in poor pose estimation. The algorithm ultimately lost track due to error accumulation. This underlines the need 
for “correcting” the pose estimated using only motion cues. It was observed that the “correction” step of the algorithm 
prevented drift in the tracking. The body parts were successfully tracked in both cases. Figure 9 shows results in which 
the model assuming the estimated pose was superimposed over the images for two cameras. 
 
a)                                                                                                                        b) 

 
Figure 9: Tracking results for two sequences. 
 

5. DISCUSSION 
 
The development of markerless motion capture methods presented in this document was motivated by the need to 
address contemporary needs to understand normal and pathological human movement without the encumbrance of 
markers or fixtures placed on the subject, while achieving the quantitative accuracy of marker based systems. 
Markerless motion capture has been widely used for a range of applications in the surveillance, film and game 
industries. However, the biomechanical, medical, and sports applications of markerless capture have been limited by the 
accuracy of current methods for markerless motions capture. Previous experience has demonstrated that minor changes 
in patterns of locomotion can have a profound impact on the outcome of treatment or progression of musculoskeletal 
pathology. The ability to address emerging clinical questions on problems that influence normal patterns of locomotion 
requires new methods that would limit the risk of producing artifact due to markers or the constraints of the testing 
methods. 
 



This study demonstrates the feasibility of accurately and precisely measuring 3D human body kinematics using a 
markerless motion capture system. The human body kinematics from the markerless and marker-based system produced 
comparable results. The errors affecting the accuracy of a markerless motion capture system can be classified into errors 
due to limitations of the technical equipment and errors due to the shape and/or size of the object or body under 
investigation. Another limitation of current methodology is its limited ability to resolve skeletal motions from markers 
placed on the skin. A better understanding of skeletal motion is required for the next productive step toward 
understanding musculoskeletal function. Current marker-based systems sample the motions of relatively few points 
located on the surface of the skin, or worse, use fixtures tightly strapped around the segment to estimate its motion. The 
approaches offer the possibility of reducing error by measuring the motion and shape of the entire limb segment. 
 
Accuracy of markerless methods based on visual hulls is dependent on the number of cameras. In general, 
configurations with fewer than 8 cameras yielded two main drawbacks. First, different camera placements yielded 
different results for volume estimations and coefficient of variation. Second, volume estimations greatly deviated from 
original values and fluctuated enormously for different poses and positions across the viewing volume. Thus, 
configurations with less than 8 cameras will not capture human movement using visual hulls with sufficient accuracy 
for most biomechanical applications. However, configurations with 8 and more cameras provided good volume 
estimations and consistent results for different poses and positions across the viewing volume. 
 
The markerless framework established in this work can serve as a basis for developing the broader application of 
markerless motion capture. Each of the modules can be independently evaluated and modified as newer methods 
become available. Markerless motion capture systems offer the promise of expanding the applicability of human 
movement capture, minimizing patient preparation time, and reducing experimental artifacts caused by inter-operator 
variability in marker placement, skin deformation, and the sensation of the applied markers. 
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