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Abstract—The optical tracking is well studied in the field of computer
vision, and the optical motion tracking is commonly achieved by a serial
position tracking in time. In this paper, we look into the optical motion
tracking at the perspective of spatio-temporal signal processing. We reveal
possible sources that may affect the signal acquisition and estimation. We
also introduce a general method for studying the characteristics of the
spatio-temporal signals acquired from the optical tracking system, which
is the first step that leads to better representation and acquisition of the
spatio-temporal signal.
Index Terms—spatio-temporal, optical motion tracking

I. I NTRODUCTION
Motion tracking is the process of obtaining the spatial information
of moving objects in time. For computer processing, we address
motion tracking as essentially a 3D time sampling problem (higher
dimensional extensions such as sampling of orientation notwithstanding). This is obviously different from spatial sampling which
normally refers to the sampling of space, e.g., the required pixel
resolution, or the spacing between microphones in microphone arrays.
In general, each sample data should have four elements: three for
the spatial coordinates and one for the temporal information. Thus,
the spatio-temporal data acquired by motion tracking contain the
corresponding locations in time, and are expected to provide us
with the necessary information to reconstruct the tracked motion,
or trajectories. For a simple one dimensional signal as a function
of time, it is well known that signals above the Nyquist frequency
cannot be recovered from the samples. What is then the equivalent
of the Nyquist Sampling Theorem for spatio-temporal signals?
In this paper, we study and report the characteristics of spatiotemporal data acquired through use of an existing motion tracking
system. The characteristics include the accuracy and deviation (or
noise) of the acquired data, as well as their behaviors. With the
understanding of the characteristics, we discuss some important
considerations in answering the above question about the sampling
theorem.
There are several technologies for motion tracking, such as opticalsensing, inertial-sensing, and magnetic-sensing [1]. These sensing
technologies have their individual influence on the sampling rate,
spatial resolution, and spatio-temporal accuracy in implementation.
Among them, optical sensing has gained increasing popularity because generally it can provide accurate estimation at relatively high
speed with small and untethered user-worn components. The tracking
targets can be either active/reflective markers or features extracted
from frames by the vision-based techniques. The primary disadvantage of all optical systems is that there must be a clear line of sight
between the tracking targets and the optical sensor, and at least two
pairs of the tracker-sensor relationships are needed for valid tracking.
Optical motion tracking utilizes data captured from image sensors to
triangulate the 3D position of the marker. Technically speaking, the
optical tracking system doesn’t really measure the marker’s position

but converts measurements in 2D images to estimates of 3D data.
We are especially interested in the properties of the spatio-temporal
signal derived from a series of images over time.
The outline of the paper is as follows. In the next section we
explain the process of spatio-temporal data acquisition and the
sources or factors of uncertainty related to optical tracking. After
we discuss different aspects of the signal, experiments and results
are given.
II. O PTICAL M OTION T RACKING S IGNALS
A. Spatial Signal Acquisition
First, we briefly discuss the principles of optical tracking. An optical tracking system employs a multiplicity of synchorized cameras,
which simultaneously capture 2D snapshots of the tracking targets
from various perspectives. The 2D positions of the targets appearing
in individual cameras can be extracted by feature detection. This can
be simplified as blob detection if the cameras are only responsive to
a specific wavelength, usually infrared, emitted or reflected by the
tracking targets. After finding the targets, the system performs stereo
matching - finding the spatial correspondence of each marker across
camera views. Epipolar constraints plus some spatial clues can be
helpful in this regard. The calibration process produces a projection
matrix for each camera; a projection or camera matrix defines a
projective transformation as xi ≡ Pi X, where Pi is the 3 × 4 camera
matrix for cami , X is a 4-dimentional vector that represents the 3D
point in homogeneous coordinates, xi is the projected 2D point in
homogeneous coordinates viewed by cami , and ≡ implies equility
up to a non-zero scalar multiplication. Given the camera matrices and
the point correspondence, each camera matrix Pi imposes constraints
that have to be satisfied by X and xi , and the estimated position X
is the solution to a multi-view triangulation problem [2], [3].
B. From Spatial to Spatio-Temporal
When motion comes into play, the temporal dimension needs to be
added. Current 3D motion tracking utilizes a set of video cameras to
grab multiple individual streams of images at a constant rate. At any
moment a frame is captured, the system performs stereo matching of
the set of multi-view snapshots and triangulation to estimate the 3D
positions of the markers. To link the spatial information at each time
step, temporal tracking - finding motion correspondences to identify
the moving markers in time - is needed. Ambiguities occur when the
image projections of several markers overlap or become very close,
and the motion cue helps resolve ambiguities in both stereo matching
and temporal tracking [4]. The frame rate of the video cameras thus
defines the sampling rate of the spatio-temporal data, which imposes
the frequency constraint of the motion that the system is able to track.
After all, the output spatial-temporal data define the performance and
accuracy of the tracking system.

C. Signal Uncertainty and Tracking performance

A. Static Aspects:

Possible distortion and uncertainty in the spatio-temporal data
acquired by an optics-based tracking system may come from the
imagery data itself and/or the triangulation process. The lens distortion, mostly radial, skews the spatial coordinates viewed by the
camera. Radial distortion can be modeled by a polynomial of the
radial distance to the center. In a finely calibrated system, the lens
distortion of a camera can be corrected, and the camera matrix can
be improved as a result, thereby reducing the possible error in the
triangulation process. The cameras also need to be synchronized
by an external signal to ensure that every camera takes snapshots
simultaneously.
The degree of distortion or uncertainty from the system itself can
be minimized with careful calibration, but the coordinates of the
image points cannot be measured with arbitrary accuracy due to the
finite pixel resolution and sensing noise of optical cells. In most cases,
a Gaussian noise model for perturbation of the image coordinates may
be assumed, and the triangulation process is formulated as a leastsquares minimization problem [5]. The Gaussian noise assumption
may not hold true when the tracking targets are moving. Each 2D
imagery sample must be captured with a certain amount of exposure
time, within which the tracking targets might have moved. Too fast
the shutter speed may lead to insufficient exposure for optical sensors
and increase the uncertainty in the 2D measurement; too slow the
shutter speed can cause “motion blur” for moving objects [6]. In
practice, the exposure time cannot be infinitely short, so the effect of
motion blur is inevitable. The camera artifacts caused by interlaced
scan or rolling shutter (only in CMOS cameras) may distort the
blob of the marker and make the motion blur problem even worse.
Apparently, the uncertainty of 2D image coordinates introduced by
motion is beyond Gaussian noise, which impacts the accuracy of the
3D estimation.
The tracking accuracy is usually measured by distortion and jitter
in the spatial domain. Some spatial distortions may be reproducible
in the tracking volume, particularly those caused by the camera
setup, calibration, and other environmental factors, such as lighting
conditions. Theoretically, these spatial distortions can be minimized if
we conduct the calibration process carefully. The spatial jitter, on the
other hand, is the uncertainty due to the noise of signal measurement
from sources we discuss above. In the temporal domain, latency and
latency jitter are common factors for consideration. In this study, the
sampling instances are controled by an external signal and constantly
regular in time. Thus, we do not discuss the temporal performance
of the acquisition system.
In [7], a top level study of the spatial jitter on object movement is
done while it mainly focuses on the relationship between spatial jitter
and latency. In [8], a stochastic steady-state approach for the tracking
performance is discussed at the system level. The optimization of the
sampling time for the motion tracking system is considered at the
measurement level in [6]. In this paper, we would like to understand
the characteristics of the spatial-temporal signals and focus especially
on how motion affects the tracking results.

The distribution of noise, i.e., the spatial jitter, should be investigated in both 2D (image) coordinates and 3D coordinates (computed
via optimization of triangulation). We shall verify the validity of
the Gaussian distribution for the spatial jitter in 2D measurements.
Assuming that the correctable distortions as mentioned above are
kept to a minimum, the mean of the measured 2D coordinates can be
considered as the true 2D position of the target. Nevertheless, even
if Gaussian noise may be a valid model for the image acquisition for
the camera, the determined positions by the blobbing algorithm may
not inherit the Gaussian characteristics. The estimated 3D position
is computed from either linear or iterative (nonlinear) optimization.
The model to describe the noise of the 3D estimation is unknown and
needs to be studied. Both the spatial jitter and the spatial distortion
over the tracking volume should be measured to represent the static
accuracy of the system.

III. A SPECTS W E S HOULD L OOK AT -

THE

M ETHODOLOGY

For an optical tracking system, we should measure the spatiotemporal signals in two phases. The first step is to measure the signals
in the static case in which we can decouple the temporal correlation
from the spatial information. After that we measure the dynamic
tracking results to understand how the motion affects the signals.

B. Dynamic Aspects:
As described in the previous section, the movement of objects can
introduce different sources of noise to the spatio-temporal signal. The
spatial jitter will be measured again but under the condition that the
tracker moves in a controlled motion. We shall change the speed
and direction of the motion during the measurement since they lead
to different degrees of motion blur. In order to have a meaningful
comparison to the static case, the blob detection algorithm remains
the same, and no filtering or prediction techniques shall be used.
The controlled motion should be simple and predictable, preferably
a physics-defined movement. It is also desirable that the motion
incurs a varying speed during the measurement, e.g., free fall or
pendulum motions. The separation of the “ground truth” and the noise
component is much more complex in the dynamic case than in the
static case. It would be naively inaccurate to assume that the ground
truth of the motion can be obtained by low-pass filtering the raw data
and that the spatial jitter only contains high frequency components.
Here we propose a “Fitting” method other than filtering to analyze
the signals. This method works for any motion that has a realistic,
physics-defined model. The concept is to optimize the parameters of
the motion model to achieve the optimal fitting to the acquired data,
and then use the model to compute the ground truth of the motion.
More details are given in the next section.
IV. E XPERIMENTS AND R ESULTS
In this section, we first list the hardware specification for the optical
tracking system. Next, experiments to measure the spatio-temporal
signals and the results will be presented in static and dynamic cases
respectively.
A. Hardware Specification:
We use WorldViz PPT-X4 [9] as our optical tracking system. Four
CCD cameras are mounted on the top four corners of the tracking
volume which is approximately 3.5 × 3.5 × 2m. The cameras are
responsive to active infrared LEDs and are synchronized using 60 Hz
AC power. The resolution is 640 × 480 with interlaced scan at rate
60 Hz. We cannot set the exposure time externally because it is
controlled by an automatic electric light control system which is
equivalent to continuous variable shutter speed between 1/60s and
1/10000s. Instead, we maintain the indoor light condition constant
and assume the shutter speed is uniform through the experiments.
The lens distortion of the cameras is corrected internally before
the triangulation process. PPT outputs the positions of the LED
markers in both the 2D camera coordinates (without correction of
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lens distortion) and the 3D coordinates without any filtering. The
kernels for 2D blob detection and 3D triangulation are not revealed
by WorldViz.
Fig. 3.

Pendulum Orientation Setting

B. Static Aspects:
According to the specifications provided by WorldViz, the PPT
system has an accuracy within ±5mm and a precision within ±1mm
over a 3 × 3 × 3m tracking volume. The spatial jitter of both 2D
and 3D signals are measured within the volume of interest, which
is roughly 1.5 × 1.5 × 1.5m in the center of the tracking volume
where the marker is always in the field of view of all cameras. Since
the tracking target remains static during the measurement, we use the
mean as the ground truth to compute the spatial jitter and distortion.
Without loss of generality, we show the results of a static marker that
is placed near the center of the tracking volume. In Fig. 1, we plot
the 2D spatial jitter from each camera view and the corresponding
histograms. It is obvious that the 2D spatial jitter is not Gaussian
distributed. We exclude the interlaced scan from the cause of such
spatial noise because the distribution remains almost the same after
we split the interlaced samples to the top and the bottom fields. The
static spatial jitter of the 3D signals and its corresponding histograms
are shown in Fig. 2. It is not surprising that the 3D spatial jitter in
each axis doesn’t follow a Gaussian distribution since the 3D signals
are estimated from the 2D data via an optimization process. The radial
jitter (the bottom rightmost in Fig. 2) with a standard deviation of
0.173mm doesn’t follow the chi distribution either. The standard
deviation of the y axis is about half of those of the x axis and z
axis, which are less than 0.3mm. To measure the spatial distortion
of the signal, we took measurement on 10 points at a fixed interval
of 5” along a straight line. We measured four different lines for each
direction of the x, y, or z axis. We used least squares fitting to find the
points that fall on a straight line at a fixed interval and compute the
radial distortion which is within 1.5mm along the straight lines we
measured. We also computed the distance between measurements and
then subtracted the known physical distancne, i.e. 5”, to measure the
spatial accuracy. The standard deviation of the difference is roughly
0.5mm in x, y, and z axes. The distortion is too random to model,
but it is small enough, relatively, that we continue the dynamic
measurements without correction.

C. Dynamic Aspects:
For the study of dynamic measurements, we opt for the pendulum
motion. A pendulum motion has a well-defined physical model,
characterized by a second order ordinary differential equation θ00 =
−α1 sinθ − α2 θ0 , where α1 relates to the length of the pendulum, α2
is the damping factor, and θ is the angle between the pendulum and
the vertical equilibrium line. We build a compound pendulum with a
steel rod and a pulley as the pivot, and attach the LED marker at the
end of the rod. The pendulum is located in the volume of interest,
and the marker can be seen by four cameras at all times. We let the
pendulum swing in two different orientations as shown as bird’s-eye
view in Fig. 3 to see the effect of motion blur in different projective
views. In Setting 1, the projective motions seen by four cameras are
almost of the same degree; in Setting 2, the projective motions seen
by the cameras on the diagonal line parallel to the swinging plane are
minimized while the projective motions seen by the remaining two
cameras are maximized. For each setting, we release the pendulum
at a fixed position and repeat the process for 10 times. The 10 sets of
data form a 3D point cloud, which ideally should fall on a plane and
belongs to an arc of a circle. We use singular value decomposition to
find the total least squares fitting plane S first and project the 3D point
cloud onto it to get a 2D point set C. We define the vertical direction
on the plane S as u axis and the horizontal one as v axis, and then
find the least squares fitting circle (i.e., the center and radius of the
arc). There is irregular wobbling motion along the normal direction
of the swinging plane due to the non-ideal construction of the pulley
and its axis. The maximum wobbling distance toward the plane S is
less than 10mm. Comparing to the estimated radius, 908mm, the
wobbling distance has little effect on the estimated results on the
plane S. Therefore, it is reasonable to only look at the projected
point set C. We summarize two approaches to analyzing the signal
as follows:
1) Filtering: The frequency of the pendulum is about 0.6 Hz,
so the frequency of the vertical component is roughly 1.2 Hz.
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Thus, we choose the cutoff frequency of a high-pass filter at 5
Hz. We consider the sampling rate is fixed at 60 Hz and filter
the point set C to get the spatial jitter on the plane S.
2) Fitting: The u and v coordinates of the pendulum motion are
first convert to θ, which is zero at the equilibrium position.
We assume the damping factor α2 to be a constant within the
time period when measurements are taken, even though it varies
over a long time. The time stamp attached to each sample is
generated by the CPU clock with a precision of nano second,
and we use exactly the time stamp for the fitting method. We
start from a sample with a local maximum amplitude of θ at
time t0 . Even though θ(t0 ) may not correspond to θmax and t0
may deviate by ±1/120s, half of the frame interval, this can
be corrected by the offset of θ0 (t0 ). By tuning the parameters
α1 , α2 , and θ0 (t0 ), we can find the least squares fitting curve
e
to θ(t) over 10 seconds and compute the estimated θ(t).
We
e
e and
then convert θ back to the estimated pendulum motion C
the spatial jitter on the projected plane S. The pendulum speed
e
can also be inferred from the estimated radius and θ(t).
In general, the standard deviation of the dynamic distortion from
the “fitting” method is slightly greater than that from the “filtering”
method. This is because the noise introduced by the imperfect
physical setup cannot be cleaned up by the fitting model. However,
both methods show that the spatial jitter grows larger when the
pendulum is close to the equilibrium position, at which the speed
attains its maximum. It thus indicates that speed has a strong impact
on the spatio-temporal signal. We group the speed data for every
50mm/s and plot the mean and the standard deviation of each group.
The results in the u axis are similar to those in the v axis except a
smaller range of speed. Thus, we only show the standard deviation of
jitter versus speed in the v axis in Fig. 4. The results from setting 1
and 2 show too minor a difference to conclude whether the orientation
of the pendulum, which implies the projective direction of the motion,
has effects on the spatio-temporal signal.
V. S AMPLE AND R ECONSTRUCT S PATIO -T EMPORAL S IGNAL
The 3D spatio-temporal signal X(t) can be viewed as a composition of three temporal signals that are spatially orthogonal, e.g., x(t),
y(t), and z(t). If X(t) is band limited, its projection must also be
band limited. Assume the Nyquist rates of x(t), y(t), and z(t) are fx ,
fy , and fz respectively. The Nyquist rate of X(t) is max(fx , fy , fz ).
Theoretically, the spatio-temporal signal can be perfectly reconstruct
if it is band limited and the sampling rate is higher than its Nyquist
rate. However, these conditions for perfect signal reconstruction

are sufficient but not necessary. The real world motion may have
constraints on continuity in spatial trajectory, curvature, speed, and
even acceleration. Therefore, it is possible to exploit the sparsity of
the spatio-temporal signal to achieve better representation with lower
sampling rate.
As regards the signal reconstruction for the frame-based tracking
system, we can always interpolate the samples to approximate the
trajectory. The most naive approach is to connect sample points
with straight lines, i.e., linear interpolation. Cubic spline is a good
candidate for spatial interpolation because its first and second derivatives are continuous, which is usually the case of real world motion.
However, spatial interpolation doesn’t take the temporal information
into consideration and treats every sample equally. Assume there
are two objects travel along the same path with different speed.
The interpolated trajectories may be different for these two spatiotemporal signals. With fixed sampling rate, the fast moving object
will have spatially sparser samples than the slow one. Therefore, the
sampling rate should be adaptive to the motion speed. The denoise
techniques should also take the motion issue into consideration since
the spatial jitter is larger for fast moving objects.
VI. C ONCLUSION
In our attempts to analyze the characteristics of the signals acquired
by the optical tracking system, we show that the motion speed is a
key factor in the tracking accuracy. The “filtering” method requires
the sampling rate to be constant, but the “fitting” method is also
applicable when the sampling process suffers from temporal jitter.
We can view the frame acquisition and blob detection as a process
that samples 3D motion as 2D spatio-temporal signals. Unlike the
A-to-D sampling in audio processing which can be done almost
instantaneously, the exposure time of cameras confines a sampling
window which causes motion blur and introduces extra measurement
noise to the 2D signal. The noise propagates through the triangulation
process to the 3D signal. For motion tracking based on other sensing
technologies, the sampling window varies, and the motion speed
may or may not be the dominating factor to the spatial-temporal
signals. Our future goal is to derive a proper spatio-temporal sampling
scheme that is suitable for motion tracking and perfect trajectory
reconstruction.
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