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Abstract

Marker-less human motion analysis is currently a hot topic in the research com-
munity. In this study three dimensional motion of a human limb is estimated
using a large number of matched skin texture image patches. These two dimen-
sional matches are triangulated and also matched to the next time frame. With
these matched three dimensional points a Least Squares estimate of the rigid
body motion obtained using standard methods. This motion estimate is sub-
sequently compared to a marker based estimate acquired from a synchronized
marker system.

The results show that this approach can be used for motion estimation but
with less accurate results than the marker based system that is to be considered
as the clinically used standard. However, the correlation surfaces indicate that
the method has potential if for example subpixel correlation algorithms were to
be employed.

1 Introduction

The motivation for this paper can be found in the well investigated problem
of human motion analysis. Estimating human motion in a non-invasive way
is basically trying to estimate the motion of skeletal segments that are com-
pletely encapsulated in soft tissue. This soft tissue effectively acts as a noise
barrier making accurate measurement of, at least, small motion very hard. The
standard systems used in clinical practice, to this date, are marker-based [11].
By marker-based is meant that reflective markers are attached to the subject
under study and then the motion of these markers are captured and used for
motion estimation. It has been shown [10, 5] that these marker-based methods
have severe drawbacks in the form of sensitivity to soft tissue movement, marker
placement etc.

Marker free motion analysis is a natural candidate to remove the problems
associated with markers. The difficulties with marker-based motion estimation
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are partly related to using too little information in the image material rather
than the actual usage of markers. If an estimate of the actual skin surface
motion, using e.g marker free methods, could be achieved in an accurate way
then, models for the soft tissue motion [2] could be employed and hence reduce
the effect on the estimated skeletal motion. Some promising attempts has been
made using this approach [3] and the image quality in modern video systems
make it plausible as a way forward.

In the present work the focus is on investigating if skin texture can be used
as a base for estimating three-dimensional motion of human limbs. In previous
work [9, 8] in our group it has been shown that two-dimensional motion esti-
mation is possible. With these results as a starting point the next natural step
is 3D analysis. Recent developments in the motion analysis scene with the new
motion capture venture MaMoCa1 sprung from the BioMotion Lab2 at Stanford
enhance the focus on this field.

The results reached here suggest that it is possible to use this type of input
with the purpose to estimate human limb motion, but with much less accuracy
than using marker based methods. There are only one ”stereo head” camera
setup and because of this the motion estimation is rather noise sensitive in the
plane orthogonal to the main motion. This suggests that the method could
benefit from some type of constraint e.g. contour data. A fusion between
contour data an this type of point matching algorithm would be very interesting
for the future.

The organization of this paper is: First the image material and capturing
conditions are discussed, then the matching and triangulation methods produc-
ing the 3D estimates are described. Here, the rigid body transform estimation
is also briefly discussed. In the last part the results are presented followed by a
discussion of these.

2 Material

The capturing setup and the calibration of this is essential for three dimensional
motion estimation. This is described below with some illustrations for easy
understanding.

Figure 1 show three typical images from one of the two video cameras. The
leftmost image contain an extracted patch that is later to be registered to the
next image from the same camera. This patch is a good example of the 100
patches extracted in each matching step.

2.1 Capturing setup

The camera system used in the study was a four camera setup, as depicted in
Figures 3 and 2. The cameras are four megapixel ”Oqus R© 500” high speed
cameras produced by Qualisys R© Inc. They can be configured for marker track-
ing or for high speed video. The cameras are daisy chained in a loop which
also provides the synchronization. If configured for high speed video there is an
on-camera memory used to store the video sequences. Image resolution for this

1www.mamoca.com
2www.stanford.edu/group/biomotion/
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Figure 1: An example of typical images from one of the video cameras. In the
leftmost image there is an example of an extracted skin texture patch that is to
be registered to the next image in the series. In the rightmost image a white
line surrounds the area where skin patches were extracted.

model is 2352 × 1728 pixels. The cameras can be run at a speed of 200 fps but
in this case we used 100 fps. The exposure time was set to 1/2000 s.

2.2 Calibration

The calibration of all four cameras in the camera system was performed with
a vendor3 specific fixed length ”wand” algorithm. This calibration provides
estimates of the distortions present in the camera which can be used to ap-
proximately linearize the cameras. This linearisation was applied to all data
points retrieved in the images. The calibration parameters are the same as the
ones described in the well known Camera Calibration Toolbox [4]. For reference
Table 1 give the actual internal and external calibration parameters. The high
speed video cameras were placed approximately 0.6 meters apart and approxi-
mately 1.7 m from a supporting plane used to guide the subject movement. The
capturing setup is illustrated in Figure 2. The supporting plane is visible in the
background of Figure 2. The function of the plane is to limit subject motion to
planar motion.

The camera rotation matrices representing the camera axes orientation as
compared to the lab reference coordinate system in Figure 2 are represented by
matrices R1 and R2.

R1 =




0.989 0.022 0.142
0.144 −0.180 −0.972
0.003 0.983 −0.182


 (1)

R2 =




0.978 −0.025 −0.204
−0.205 −0.189 −0.960
−0.014 0.981 −0.190


 (2)

The interpretation of these matrices are that the X axis of the cameras are in,
roughly, the X direction of the lab frame. The camera Y axis is in the lab frame

3www.qualisys.com
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Figure 2: A graphical presentation of the capturing conditions is presented
here. The two images in front of the cameras are the images of the subject in
the cameras. The two front cameras are set in video capture mode as described
before. The labels of the cameras match those used in Figure 3.

Z axis direction and the camera Z axis is looking down the negative lab frame
Y axis.

The angular separation of the view axes in the cameras were approximately
40 degrees.

3 Methods

This section deal with the methods for inter frame matching between images
from the same camera and also between images from the two different cameras.
The method can be summarized as follows: First extract N patches from image
frame k in camera 1 and use correlation to match these N patches to a location
in image frame k of camera 2. After triangulation this yields a set of three
dimensional points. Next, match the initial patches from frame k in camera 1 to
frame k+1 in the same camera. Use these new registration points and correlate
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Figure 3: The real camera system as seen from the front is depicted. The two
cameras in front are the ones set for video capture and the ones in the back for
capturing the marker positions.

with image frame k + 1 in camera 2 and get another set of three dimensional
points in frame 2. Iterate this for the whole image sequence. Figure 1 show
a typical image series in one camera. The patches are all extracted within the
marker defined area, within the white lines in Figures 1 and 2, this to ensure
that the results would not use other information than skin texture, and yield
an unfair comparison with the marker-based motion estimate.

3.1 Matching through 2D correlation

The matching of the patches to some location in another image is determined
by the two dimensional correlation value of that patch with the reference im-
age. The two dimensional correlation value between two matrices A and B is
calculated in a standard way [1] as

Corrval(A,B) =

∑
m

∑
n

(Amn − Ā)(Bmn − B̄)

√
(
∑
m

∑
n

(Amn − Ā)2(
∑
m

∑
n

(Bmn − B̄)2))

(3)

where Ā and B̄ are the total matrix means. Amn is the element on row m and
column n in A.
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Camera 1 Position X -210(mm) Y 1445(mm) Z 425(mm)
fc [3578 3578] pixels
cc [1232 872] pixels
kc [-9.72e-002] [7.79e-002] [-3.38e-004] [9.23e-004]

alphac 0
Camera 2 Position X 413(mm) Y 1429(mm) Z 446(mm)

fc [3546 3546] pixels
cc [1225 873] pixels
kc [-1.00e-001] [8.56e-002] [5.59e-005] [3.12e-004]

alphac 0

Table 1: Table of the camera center positions and the internal calibration pa-
rameters. The calibration parameters are described in detail in [4].

The size of the extracted image patches were chosen to be 100 by 100 pixels
or approximately 50 by 50 mm [9] on the skin surface. The search area is
also defined as a square of 100 by 100 pixels making the effective search area
approximately 50 by 50 mm. There is a need here to establish an initial search
position, or a center point for the search window. In this study this problem
was solved by using the initial mean difference in image position of the marker
centroids seen in both the left and right cameras. Our aim here is to evaluate
whether skin texture can be used for matching and motion estimation in three
dimensions, not to build an automatic system hence this simplification is no
problem. An automatic initialization idea would be to use the limb contour to
get a reasonable estimate for this image frame position difference.

3.2 Triangulation method

When the correlation method has been applied to the image material in cam-
era one and two as described above there are a large number of matched two
dimensional points. Starting with these set of two dimensional points and a
good model of the cameras used it is possible to estimate the position of the
three dimensional point corresponding to each pair of matched points. This is
done using the method: stereo triangulation implemented in [4]. This method
basically calculates the rays representing each of these image points and then es-
timates the three dimensional position to be the intersection point of these rays.
There is no imposing of epipolar constraints [7] here so the rays will generally
not intersect exactly instead the mid point of the shortest straight line between
the two rays is used as the estimate. Figure 4 show a graphical representation
of the triangulation method.

3.3 Motion estimation

The method chosen for estimation of the three dimensional motion of the trian-
gulated points is described in [12]. The method uses the singular value decompo-
sition and the assumption of rigid segment motion to estimate a transformation
matrix

T = [R|t] (4)
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Figure 4: The triangulation method depicted schematically. The three dimen-
sional object is seen in both cameras. Correlation matching has yielded two
matched points and the three dimensional rays associated with those are pro-
jected forward. The resulting three dimensional point estimate is seen as the
middle point between where these two rays are closest to each other.

where R is a proper rotation matrix and t is a translation vector. The trans-
formation T takes triangulated points in frame k to points in frame k + 1 in a
way that minimizes the least squares error.

3.4 Removing outliers

Because of the rigid body assumption in the transform estimation method [12]
outliers can be quite a problem and affect the solution to a large degree. An
attempt was made to remove such outliers by simply calculating the maximum
inter-frame displacement on any of the markers and then not allowing any trian-
gulated points with larger displacement in the motion estimation. This method
would not be usable in a fully marker-free system but as stated previously the
aim here is to investigate whether skin texture can be used for this purpose,
and not to design a automatic system marker-free system.
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4 Results

The results from the matching of the image patches as described in Section
3 are exemplified in the first three figures in this section. Figure 5 show the
registration of an image patch to the image it was taken from, i.e the image
noise is the same in the two images. Here a very sharp correlation peak is
the result, indicating that there is a well defined match between the image
patch and the reference image. This correlation plot is shown as a reference for
interpretation of the other correlation plots, since this is basically as good as it
can get for the current image data.
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Figure 5: This Figure show a , 100 by 100, floating patch correlated over a 200
by 200 reference image that contain the actual patch location. There is a very
clear peak at the ”true” position. This means that there is a well defined ”best”
match at a certain position.

Figure 6 show the correlation of a patch taken from image k in camera 1 and
correlated to a reference image in the same camera at time k + 1, i.e the next
frame. This means that the image noise realization is not the same and the result
is also a slightly less peaky correlation surface. The results however indicate the
there is a clear registration point match to one specific pixel location.

The most interesting part of these image patch matchings is where an image
patch taken from image k in camera 1 is to be registered to a reference image
taken from image k in camera 2 as seen in Figure 7. Comparing this correlation
surface to the ones previously seen it is evident that the peak is much more
rounded and hence give a less accurate registration or matching. It is however
clear that there is a well defined match to be made in this 100 by 100 pixel
search area and even though the peak is less sharp than the previous ones it is
still rather well defined.
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Figure 6: This Figure show the same thing as in 5 with the difference that the
reference is the next image in that same camera. Also here there is a very clear
correlation peak, a little less peaky but very clear. This basically indicate that
it is possible to match images patches from the same camera in different frames.

The correlation surface plots shown here are examples randomly taken from
one of the correlations used in the motion estimation. This means that the
floating image patches are taken from within the marker defined area as shown
in Figures 1 and 2. There is of course variations in the quality of these correlation
based matchings that depend on different parameters such as lighting and local
texture of the skin.

In Figure 8 a plot of the three dimensional triangulated correlation points is
shown. These points are shown as the point cloud of stars in the middle. The
points in frame k are shown in green and the points in frame k + 1 are shown
in blue. It is clear from Figure 8 and 9 that the triangulated points mostly fall
inside the marker defined skin area. In Figure 9 where this point cloud is seen
from the top it is clear that some of the points are estimated to lay at positions
in front of and behind the marker defined surface.

Figures 10 and 11 show the measured markers position as green circles.
These figures also show the marker position from frame 1 transformed through-
out the whole image sequence using first the marker based transform as blue
circles, and then using the texture based transform as red stars. Figure 10 show
these plots as seen from the cameras. It is apparent that the texture based
approach yield an overestimate of the motion in this dimension. But the shape
of the motion is very similar to that achieved using the marker based approach.

Looking at Figure 11 it seems that the rather noisy triangulated position es-
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Figure 7: This Figure show the floating patch taken from the left camera and
searched for in the right camera reference image, for the same time frame k.
Here as well there is a clear peak but with a much more rounded shape, i.e. the
estimate is not as accurate but still well defined on a pixel level. This correlation
show that there is just a few pixels wide area possible in the matching.

timates affect the motion estimate more in the dimension with the least motion,
i.e in the plane normal to the marker defined plane. The shape of the motion
curves are much more erratic in this case.

The average euclidian distance between the measured markers and the marker
positions from the first frame propagated using the marker and texture based
transform is shown in Figure 12. This figure show that the average euclidian
distance to the measurements is consistently much larger when using the texture
based approach. If Figure 10 and 11 are considered again it is apparent that
this larger error comes from both an overestimation of the motion in the marker
plane and also from an erratic motion in the plane orthogonal to the motion
plane.

5 Conclusions and future work

The work presented here does today not present an alternative to marker based
motion estimation. The performance is simply not good enough, yet. This does
not mean that there is not a potential in the usage of skin texture for estimation
of human motion. The correlation plots presented in Figure 5,6 and especially 7
show that clear matchings are possible between cameras with this large angular
separation. The correlation used here is discrete, i.e only integer pixel steps
are allowed. Marker center estimates in modern systems take advantage of the
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Figure 8: The point cloud of triangulated points seen from the side. The starred
points are triangulated texture points, and the markers are represented by cir-
cles. Markers in frame k is displayed in green and markers in frame k+1 in
blue. The same goes for the texture points. It is clear that the some triangu-
lated points should be considered outliers since they are not located within the
marker defined area depicted in Figure 2.

whole gray scale image and hence yield very high accuracy. If the correlation
method was instead used in combination with rotations, scalings and also sub
pixel displacements the results might be enhanced.

The main potential that usage of this skin texture based estimates has is
to enhance the type of contour based methods dominating this field today.
Estimation of internal/external rotation could benefit much from a less sensitive
measure than contour data.

Many interesting possibilities open up in the wake of this work and a lot of
work also has to be done to investigate if texture matching is a viable alternative
or complement to the marker-free methods used today. Future interesting work
would be:

• Usage of aligned cameras, i.e without angular separation and also less
translational separation. This would yield less projective distortion be-
tween the images and hence make correlation easier and also faster due to
smaller search area.

• Using more cameras of the type used here, capturing all sides of the subject
under study. This would yield data usable for visual hull construction and
then also for enhancement using the texture surface exemplified in Figures
8 and 9.
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Figure 9: The point cloud of triangulated points seen from above. Starred points
are triangulated texture and circles are markers, points in frame k are displayed
in green and points in frame k+1 in blue.

• Building a particle filter [6] implementation with both contour and texture
points as measurements.

• Estimating the error in the skin texture matching by using some type of
3D scanner that can estimate a detailed surface with high accuracy. Using
such a scanner synchronized with a stereo head setup as the one used here
would give a good indication of both bias and variance of the stereo based
surface estimate.

• In this work 100 skin patches were used as a base for the motion estimation.
It is clear that this is not the limit of the number of patches possible. It
would be interesting to see how much improvement increasing the number
of patches with one order of magnitude would yield.
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