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Using Head Tracking Data for Robust Short Term
Path Prediction of Human Locomotion

Thomas Nescher · Andreas Kunz

May 2013

Abstract Modern interactive environments like virtual reality simulators or aug-
mented reality systems often require reliable information about a user’s future
intention in order to increase their immersion and usefulness. For many of such
systems, where human locomotion is an essential way of interaction, knowing a
user’s future walking direction provides relevant information.

This paper explains how head tracking data can be used to retrieve a person’s
intended direction of walking. The goal is to provide a reliable and stable path
prediction of human locomotion that holds for a few seconds. Using 6 degrees
of freedom head tracking data, the head orientation and the head’s movement
direction can be derived. Within a user study it is shown that such raw tracking
data provides poor prediction results mainly due to noise from gait oscillations.
Hence, smoothing filters have to be applied to the data to increase the reliability
and robustness of a predictor.

Results of the user study show that double exponential smoothing of a per-
son’s walking direction data in combination with an initialization using the head
orientation provides a reliable short term path predictor with high robustness.

Keywords prediction, human path prediction, head tracking, walking direction,
facing direction, virtual reality, augmented reality, exponential smoothing

1 Introduction

Many research fields require a forecast about future actions, which can be achieved
by prediction. For this, mathematical models exist for a projection into the future,
which are fed by observations of past and current actions. Also for the fields of
virtual and augmented reality, it is beneficial to apply such prediction for instance
to human locomotion. This would allow calculating the reaction of the computer
generated environment not only based on the current position and orientation of
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the user, but also his intended walking trajectory - predicted from past obser-
vations - could be taken into account. By this, more time exists to prepare the
system’s adequate reaction on the most probable next action of the user.

Systems that rely on human locomotion could be significantly improved by
prediction, not only regarding responsiveness, but also regarding the quality of
the displayed environment. As an example, the system could output situation-
specific information (e.g. a warning) before the user is in this situation. Moreover,
location-based information systems could be improved by displaying prediction-
based information. Thus, the system could e.g. inform a user that the subway
service is not running prior he goes down the stairs. Another example could be
a virtual environment, which could pre-calculate objects that the user will most
probably experience in the next moment.

For many years, navigating in virtual environment was only possible using a
joystick or a spacemouse, which did not address the most intuitive way of hu-
man locomotion. Thus, more recent research projects [1] also address this human
perception entity to increase immersion and to provide more natural information
e.g. about objects’ sizes and distances to each other, which also facilitates a better
and more intuitive orientation. However, today’s step-in-place solutions and tread-
mills cannot completely fulfill this requirement, and thus new systems should go
far beyond this current experience. New systems should be even more immersive,
non-obtrusive and should not hinder the user to perform his task in a virtual en-
vironment. In order to realize such systems, new tracking systems will be required
that can measure the user’s position more reliably and more precisely. Moreover,
the measured position and orientation values will be used as observation to predict
the user’s future actions.

In order to predict a user’s future plans of action when walking in a real or
virtual environment, a predictor needs to be fed by tracking data. For detecting
angular rate and acceleration, sensors with a very small form factor exist (e.g.
[2, 3]), which can be easily attached to the user, e.g. in the head-up display or
attached to AR-glasses. If the sensor signals are combined by sensor fusion, it is
possible to realize a continuous position and orientation tracking [4].

In order to realize real walking in a virtual environment, it is crucial to attach
the sensors to the visual output device, e.g. to the head-mounted display (HMD),
since this is the only position to track a user’s head orientation (i.e. gaze direction).

If real walking in a virtual environment should be realized, the problem occurs
that usually the virtual space is larger than the physical space that is equipped
with a tracking system. Thus, it is crucial to realize a so-called redirected walk-
ing, which compresses an ideally unlimited virtual space into a physically limited
real space. Such a compression can be achieved by guiding the user on a curved
or scaled path [5–7]. Such a compression takes benefit from the human rules of
cognition, which define that the visual perception overrides the haptic sensation of
walking. Thus, the user will follow a visual goal, while not taking into account the
placement and orientation of his feet anymore, resulting in the fact that he does
not note any compression. However, the compression and redirection needs to be
carefully adapted to the available physical room, which requires planning ahead
any compression procedure. For doing so, a path prediction is inevitable.

The tracking data of a person, i.e. his position and orientation, are the pre-
requisite for realizing a feasible prediction about the user’s future path. This is in
particular challenging since the user could make decisions in the virtual environ-
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ment regarding the path he wants to go. While many publications (e.g. [8]) predict
pedestrians’ movements from an exocentric point of view, this paper approaches
the problem from egocentric perspective.

There are three different time intervals for which a path prediction could be
done. The shortest prediction interval for human locomotion is in the range of
milliseconds and is physically limited by the human’s abilities of movement like
e.g. maximum acceleration. Short term prediction as the next time interval is in
the range of some seconds and is determined by human way finding abilities and
the decided direction in which a human wants to walk. This short term prediction
is not influenced by any environmental constraints like obstacles, but just depends
on the intended walk direction of the user. The third time interval is the long term
path prediction and ranges from seconds to minutes. Obviously, the long term path
prediction has to take into account the environment, while it is also influenced by
a person’s cognitive map of the environment and the planned destination he wants
to reach.

The focus of this paper is on the short term prediction of human locomotion
and how navigation or direction decisions are related to head tracking data that
can be acquired by an inside-out tracking system. It shows a user study, in which
participants have to walk in a maze-like environment and make decisions for dif-
ferent walking directions. The walking trajectories are recorded and analyzed, and
show the challenges when trying to make a robust short term walking prediction.
For this prediction, different approaches are introduced and discussed, while the
remainder of this paper gives an evaluation of these different approaches.

2 Background

If locomotion interfaces such as treadmills should be replaced by real walking,
prediction becomes especially important. Such a real locomotion interface was e.g.
introduced by Peck et al., by which users could experience a virtual environment
that is larger as the available and tracked physical space [9]. The system benefits
from the psychological effect that vision dominates the proprioceptive sensation
of walking. Thus, it was possible to slowly rotate the virtual environment around
the user without noticing this [10]. This results in an imperceptible redirection of
user, which keeps him the physically limited real space. However, in order to plan
this redirection properly, it is crucial to have knowledge about the user’s future
path.

A very similar locomotion interface was proposed by Nitzsche et al., but with
two different path prediction approaches [6]. One approach does not base on any
targets and derives the user’s future walking direction simply from the head orien-
tation, assuming that the user always walks in the direction he looks. However, if
specific targets can be identified in a virtual environment, the approach from the
above can be further detailed. Every target or potential goal in the virtual envi-
ronment is provided with a so-called weight coefficient. If an object or a target is in
the user’s field of view, the weight factor will be increased as long as the user looks
at it, otherwise the value will be decreased. Now, the predicted walking direction
of the user is simply towards the target with the highest weighting coefficient.
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Another approach for the user’s future path was introduced by [11]. Here, the
future walking direction is simply determined by a linear extrapolation of the
user’s previous path.

Another hybrid approach for predicting the user’s future path was proposed
by Interrante et al. [12]. They used the past n seconds of a person’s locomotion
and calculate the average direction in this time interval for a prediction. If person
is not moving, the facing direction is used instead. The influence of the facing
direction on the predicted direction is decreased when a user starts walking, while
on the other hand the influence of the averaged walking direction becomes more
significant for the prediction.

Walking and facing direction were also used in a hybrid approach by Steinicke
et al. [7]. Here, the prediction bases on the walking direction, while the facing
direction is used for verification. Steinicke et al. consider that walking and facing
direction are not consistent all the time. The walking direction is only used as
prediction, if the angle between walking and facing direction is smaller than 45
degrees. In all other cases, no reliable prediction is possible.

Although many different approaches exist for a short-term path prediction
in virtual environments, so far no evaluation and comparison was done of the
proposed methods.

Research results from psychology or neuroscience provide insights how gaze
behavior is related to the walking direction. Grasso et al. studied how individu-
als make eye and head movements to align with their future walking trajectory
during walking around corners [13]. Furthermore, Hollands et al. analyzed how
human gaze behavior is associated with maintaining and changing the direction of
locomotion [14].

Knowing a person’s intended action by using motion prediction is of partic-
ular interest in the research field of human-robot interaction. In order to derive
a human’s intentional actions from the relative movements between human and
robot, Koo et al. used machine learning algorithms [15]. However, the prediction is
regarded from an exocentric perspective, as interactions between the human and
the robot are analyzed by the robot’s artificial intelligence software.

Urban planning and transportation is another research field, in which the move-
ment patterns of pedestrians are analyzed, see e.g. [16]. These complex models also
take into account the interactions among pedestrians e.g. for collision avoidance,
and are typically used for large scale simulations of pedestrian flow. It is obvious
that these models are more suited for a long-term path prediction.

For tracking users, various systems were proposed, as for example shoe-mounted
inertial sensors [17] or ultrasound-aided systems [18]. The focus of these systems
is on providing a stable and accurate determination of the user’s position. For the
estimation of a user’s position, typically a Kalman Filter (KF) is used, which can
also be seen as some kind of predictive tracking. Such a KF was e.g. used by Kir-
uluta et al. [19], who proposed a method for predictive head movement tracking.
Double exponential smoothing was used by LaViola [20], while Rhijn [21] gives a
comparison of different filtering and prediction methods.

Predictive tracking algorithms like those mentioned in the above typically pro-
vide prediction times of several milliseconds up to one second and are thus often
used to compensate for system latencies. These predictive tracking algorithms typ-
ically use a movement and noise model that fits such very short prediction times,
e.g. 100 ms in [20].
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Unlike the approaches in the above, the goal of this paper is not to make a
robust estimation of the head position, but reliably predict the intended walking
direction. The goal is to realize a prediction for several seconds rather than the
very short-term prediction in the range of milliseconds.

3 Formal Derivation of Short Term Path Prediction from Tracking
Data

A portable tracking system that is carried by a user typically provides 6 DOF data,
i.e. position and orientation, at discrete time steps. Given a known and constant
update rate, an approximation of the derivative from the discrete time samples
gives information about the current speed and acceleration.

In our test setup, we attached the camera of the inside-out tracking system
to the user’s head and applied a static coordinate transformation to achieve the
center of the user’s head. Having this, the facing direction can be determined as the
axis from this head center to the nose tip. For predicting a user’s future direction
of movement, tracking data can be interpreted and extrapolated in different ways
as presented in the following.

For normal walking in a virtual environment, the problem can be reduced to
3 DOF in the walking plane: 2 dimensions for position, while the orientation is a
rotation around the normal of the walking plane. The position data at time t is
referred to as xt where x denotes the 2-dimensional position vector and t is the
discrete time index starting at time 0.

3.1 Facing Direction

The facing direction can be expressed as a 2-dimensional direction vector (in the
reference frame of the user’s head), which can be calculated from the orientation
data. The normalized facing vector is denoted as f .

It is assumed that a user’s facing direction indicates his intended direction of
movement and thus can be used for prediction. This is in particular relevant if
the user stands still, i.e. the recorded position data is constant. In this case, the
orientation data from the head tracker is the only relevant data that can be used
for prediction.

If the virtual environment has known targets, f can be used for prediction. For
doing so, this target at position p is chosen that has the smallest angular deviation
from the current facing direction f t. Using the scalar product, the angle between
a target and the facing direction can be calculated as:

θt = arccos

(
f t · (p− xt)

|f t||(p− xt)|

)
(1)

However, the facing direction of a user does not necessarily correspond to
his gaze direction, which could result in major problems when using the facing
direction for the prediction. Humans often only move their eyes instead of their
complete head, in particular if two targets are close to each other. This problem
could only be solved, if an additional eye tracker would also be employed for the
tracking system.
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3.2 Walking Direction and Speed

A person’s current and past movement can be derived from the change of the
position x over time. This results in a displacement vector wt that is defined as
follows:

wt = xt − xt−1 (2)

The displacement vector gives the direction of movement between two time
steps t-1 to t. If the data is acquired with a constant sampling interval τ , the
user’s current speed is given by |wt|/τ .

Following the above definition of short term path prediction, the goal is to only
predict the user’s path for a short time horizon, and thus we assume to have no
further information about the virtual environment. Hence, we can further assume
that due to energy minimization the user will approach the target on a straight
line. A user’s future path can therefore be intuitively predicted from the current
walking direction. This means in other words that we will use linear extrapolation
of the current walking direction to predict a user’s future path.

Like for the facing direction above, w can be used to determine the chosen
target in a virtual environment using the angular deviation.

If a person is standing still, w equals zero and no prediction can be made.
This means that the displacement vector could give significantly wrong results for
the predictor in case of slow movements. This is in particular the case if |w| is
of the same magnitude or even smaller than tracking system’s noise. Thus, the
lower limit for the displacement vector must be carefully chosen depending on the
characteristics of the tracking system (update rate, noise, etc.).

3.3 Smoothing and Robustness

Since tracking data is typically noisy, some data smoothing is required to reduce
the effect of noise on the path prediction. Too much noise will make the path
prediction unstable and thus worthless. A further disturbing effect for prediction
is that the movement of the body during walking is not necessarily aligned with
the intended walking direction. A tracking system that is mounted on the user’s
head, will also measure movements to the side as well as up and down due to
the mechanisms of the human gait [22, 23]. Thus, the effects of noise and gait
oscillations have to be filtered out in order to achieve a reliable prediction of the
intended walking direction.

In the following section, various approaches for data smoothing are presented.
These smoothers could be applied to the f t or the wt vectors. However, it was
shown in Sect. 5 that smoothing is in particular important for predicting the
walking direction. Hence, the equations are presented for the wt vectors. st denotes
the smoothed path prediction at time t.

3.3.1 Unweighted Moving Average

The moving average method is one of the simplest methods to smooth data. It is
given by:

st =
1

k

k−1∑
i=0

wt−i (3)
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Here, k is the time horizon over which the arithmetic mean is calculated. Thus,
st is the average displacement of the past k time steps.

Latency is one of the major problems of the unweighted moving average, mean-
ing that at least k samples must be recorded before a prediction can be made.
Another problem is given by the fact that the wt are displacement vectors. Thus,
the moving average rewritten using (2), reduces to

st =
1

k

k−1∑
i=0

(xt−i − xt−i−1) =
1

k
(xt − xt−k) (4)

As a result, all position samples in the time interval between t-1 and t-k+1 are
actually ignored by the smoother. Thus, the prediction will become unstable e.g.
due to noise, if the time horizon is not chosen properly.

3.3.2 Exponential Smoothing

When using a simple moving average smoother, all k past measurements will have
the same weight, which might not be feasible since older values are of less impor-
tance than newer ones. Thus, an exponential smoothing can be used which weighs
past measurements with an exponentially decaying factor.

s0 = w0 (5)

st = αwt + (1− α)st−1 (6)

st can be rewritten as

st = αwt + α

t−1∑
i=1

(1− α)iwt−i + (1− α)tw0 (7)

With exponential smoothing, all past measurements are included into the cur-
rent prediction (infinite impulse response filter). The efficiency of the smoothing
can be controlled with the factor α ∈ (0, 1). If α is chosen close to 1, there is only a
little smoothing since new measurements are weighted higher. On the other hand,
if α is chosen close to 0, there is a high level of smoothing.

Choosing the correct value of α for exponential smoothing is a delicate task.
If α is chosen too high, the smoothing is low, and noise will influence the cor-
rect prediction. If α is chosen too low, the latency of the smoother increases and
real changes in the walk direction might be detected too late. In order to set a
mathematical basis for the correct adjustment of α, the following limit case can be
regarded. It is assumed that the measurements were constant with the value vo,
while the smoothed value was stable at so = vo. At the time t-k, the measurement
abruptly changes to a new constant value vn. Now, the question is how many time
steps k it will take until st reaches the factor q of the new measurement value vn.
Hence st becomes

st = αvn + αvn

k∑
i=1

(1− α)i + αvo

t−1∑
i=k+1

(1− α)i + (1− α)tvo (8)

Now the factor of change from the old to the new measurement is given as
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q =
st − v0
vn − vo

(9)

= 1− (1− α)k+1 (10)

α = 1− (1− q)1/k+1 (11)

Using the equations for the summation of geometric series on (8) and inserting in
(9) gives an equation for determining α. For instance, if the smoother is to follow
a step function to 80% (q = 0.8) within the next k = 180 measuring time steps, α
should be about 0.009.

3.3.3 Double Exponential Smoothing

Exponential smoothing can be improved if there is a trend in the data like the
change of the walking direction. This so-called double exponential smoothing is
given by

s0 = w0 (12)

st = αwt + (1− α)(st−1 + bt−1) (13)

bt = β(st − st−1) + (1− β)bt−1 (14)

The bt vectors represent the current trend in the data. Like in the normal expo-
nential smoothing, α is the data smoothing factor. β ∈ (0, 1) is the so-called trend
smoothing factor, which controls how much the current trend is influenced by the
change in the smoothed prediction output over time. b0 defines the initial trend
in the data.

Following the definition of wt in (2), it becomes obvious that w0 is not defined
by the data. In order to apply the smoothing methods, prediction thus either has
to start at time t=1 or some initial value for w0 is required. The following method
is proposed for a path prediction with a double exponential smoothing. Under the
assumption that a person starts moving at the time t=0, the facing direction at
time 0 is used to set w0 = cf0. This approach is similar to the one proposed by [12],
but is more explicitly formalized here. It is now further assumed that the initial
facing direction is the most likely direction of movement, which allows setting the
initial trend to b0 = (0, 0). The magnitude of w0 influences how much impact it
has on the smoothed output. Therefore the constant c should be chosen so that
it reflects a reasonable speed. As an example, c could be defined by taking into
account the averaged speed of human walk v̄ together with the given update rate
r as c = v̄/r.

4 User Study

Within the user study we conducted, participants had to walk inside a simple
maze-like environment. There were different possible paths through this maze, all
of them with the same complexity. Thus, the participants were forced to make a
choice which way to go. During the study, users wore a head-mounted tracking
system (inside-out system) in order to record to walking trajectory. The goal of
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Fig. 1 Layout of the symmetric T-maze. Walls are in black and the four blue bars mark the
position of the calendar pictures. The decision region and the targets (left, right) are only used
for the analysis and are not visible for participants.

the study was to measure head position and orientation while users had to make
a choice, and how this choice of a direction relates to the recorded data. Using the
set of recorded user paths, a comparison of different path prediction approaches
and the adjustment of smoothing parameters was possible.

4.1 Experimental Setup

Movable walls were installed in 5m x 7m room to realize a T-shaped maze. The
design and the dimensions of this shape are shown in Fig. 1. The maze had an
obstacle in its center in order to force subjects to decide whether they want to go
left or right, see Fig. 2. At both ends of the maze, for different calendar pictures
were attached (see Fig. 1). In order to avoid any biasing, the maze was perfectly
symmetric (left, right) and no distractions were present except for the calendar
pictures. However, these pictures could not influence the user during his decision
phase whether to move left or right, since they were not visible at the beginning.
The participants started the user study in the center of the maze’s lower end.

Paper markers for the the Intersense IS-1200 tracking system [24] were attached
to the ceiling of the room, in which the T-maze was installed. The sensor of the
IS-1200 tracking system (inside-out tracking system) can be easily attached to
an HMD. It allows tracking 6 degrees of freedom, i.e. the user’s position and
orientation, at an update rate of 180 Hz. Since the user should not be irritated by
any wire connections, a notebook for recording data was mounted in a backpack
the user had to wear during the study. The tracking system was attached to
a Triviso Scout HMD. Since we built a real maze, the HMD was only used to
mount the tracking system properly on a subject’s head, while we did not use
the HMD’s visualization capabilities. The maze environment and user wearing
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obstacle

center mark

Fig. 2 Left: a typical walk path through the T-maze. Right: a subject during the user study.
The subject wears the backpack with the notebook and the HMD with the tracking system.
The obstacle forces participants to either walk left or right. The center mark is used for the
initial calibration of the facing direction.

the notebook and the tracking system are shown in Fig. 2. As mentioned before,
a static coordinate transformation was applied to the achieved tracking data in
order to actually determine the approximate center of a participant’s head.

In order to avoid any deficiencies of a virtual environment, a physical maze
environment was constructed deliberately instead of a virtual environment. Thus,
the HMD was not used even though the hardware would allow visiting a virtual
environment. By this, we avoid any biasing due to the HMD’s limited field of view
(FOV) or due to simulator latencies.

4.2 Participants

In total, 11 participants took part in the experiment (7 male and 4 female, median
age 31). The participants came from the institute and included students, senior
researchers, as well as administrative staff. None of the participants was aware of
the purpose of the user study.

4.3 Tasks and Conditions

In order to analyze if there is a difference regarding the walking direction, the facing
direction or the whole user trajectory between a known and unknown environment,
both cases were investigated. It might happen for instance that in an unknown
environment users will decide later whether they want to go left or right, or their
facing direction might change more often due to orientation behavior.
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4.3.1 Explore Condition (EX)

Within the first task, the subjects were new to the environment and had no infor-
mation about the maze. Their task was to walk through all corridors in the maze
and to return to the starting point afterwards. The calendar pictures in the maze
were of no relevance for this task.

4.3.2 Count Task Condition (CO)

For the second task, the calendar pictures at the ends of the T-maze became
relevant (see Fig. 1). Within this task, participants had to count the total number
of Sundays on all 4 calendar pictures, and then had to return to their starting
position. For this second condition, all participants were already familiar with the
maze and knew where to find the targets.

4.4 Procedure

Prior to the study, all participants got oral explanations about the task and pro-
cedure. The participants were prepared in a separate room, where the HMD and
the backpack were mounted. Then they were guided blindfolded to the starting
position, so that they had no prior knowledge about the T-maze. After placing
themselves properly at the start position, they were instructed to look at the center
mark for 4 seconds for calibration before starting to walk (see Fig. 2). This initial
calibration of the facing direction was performed to align the orientation of the
tracking system with a participant’s facing direction. Once a participant finished
the first task (EX condition), the second task (CO condition) was explained to
him.

5 Results and Discussion

The tasks of the user study were finished by 10 out of 11 participants. Although
one participant did not properly finish the task in the EX condition, he could
participate again in the CO condition. This results in 10 correct paths for the
explore task (EX), and in 11 for the count task (CO).

In the following plots, the analysis of the tracking data is limited to the so-
called decision region, which is within the first 4 m from the start position towards
the obstacle. This direction is referred to as y-axis and the value y indicates the
position in meters from 0 at the start position. Within this region, all participants
had to decide whether they want to go left or right. Within the T-maze, two targets
- i.e. the passage ways - were defined at a distance of y = 5 from the starting point.
These targets were named ’left’ and ’right’ and are thus located in the centers of
the possible paths around the obstacle, see Fig. 1.

As suggested in Sect. 3.1, the angular deviation of the prediction from the
targets is used for the evaluation of the path prediction. Next, the hit rate r ∈ [0, 1]
is calculated, which is the relative amount of time that a predictor predicts the
correct target that a subject finally walked to. As shown in Fig. 3, all participants
had already decided for a specific target until y = 3. Based on these results, the
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Fig. 3 All user paths from the study. Only the lower part of the T-maze is shown. (a) EX
condition paths and (b) CO condition paths.

calculation of the hit rate is limited to the first 3 m (y ∈ [0, 3]), which is referred
to as the evaluation area.

In Fig. 3, all paths that were recorded during the user study are shown. For
most paths, the gait oscillations of the user’s head are clearly visible. The paths
also show that most of subjects decided very early, i.e. y ≤ 1, for left or right. This
is in particular the case for the CO condition, in which only one of 11 subjects
changed the initially chosen direction after y ≈ 1.4. During the EX condition,
three to four of 10 subjects decided later at y ≈ 2.5. This indicates that an early
path prediction is more difficult if an environment is unknown to the user.

The average walk speed in the decision area for both conditions was 0.95 m/sec,
with a standard deviation of 0.22 m/sec.

5.1 Facing Direction

5.1.1 Results

The angular deviation of the facing direction from the targets is shown in Fig.
4. Three different subjects are represented by three plots while they moved from
y = 0 to y = 4.
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Fig. 4 Angular deviation of the facing direction from the two targets while a subject is moving
from y=0 to y=4. (a), (b) were recorded during the EX condition and (c) was recorded during
the CO condition. A solid blue line shows the deviation from the chosen target direction and
the dashed red line the deviation from the other target, see (d). The angular deviation is
positive for rotations from the targets towards the center of the obstacle.

Table 1 Relative hit rate of the facing direction predictor averaged over all participants within
the evaluation area y ∈ [0, 3]

EX CO both

mean 0.91 0.95 0.93
standard deviation 0.09 0.06 0.08

Based on the facing direction, a predictor would thus predict the target which
is closer 0 degree. In Fig. 4(c) for instance, the predictor would choose the wrong
target for y ∈ [0.6, 1], while its prediction would be correct for y > 1.

Table 1 shows the relative hit rate r within the evaluation area.

5.1.2 Discussion

The data shown in Fig. 4 is the raw data from the tracking system. It only contains
little noise and thus the plots represent quite well a subject’s head orientation.
For this case, smoothing cannot further improve the prediction. In Fig. 4(c) at
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position y = 0.7 for example, the participant turned his head to look towards
another target.

Generally spoken, the facing direction should be used with care for a predic-
tion. This is mainly because of two reasons. First, the head orientation does not
necessarily correspond to a person’s actual gaze, since a person might just turn his
eyes instead of the whole head. Second, the facing direction is not always aligned
with the walking path, but can be highly influenced by visual distractions in the
environment. Although the performed user study was designed to have no visual
distractions, any picture on the wall would have, however, made a subject looking
at it while walking towards the target. Thus, the average facing direction would
have been biased by the picture and thus would not point to the target.

For the user study mentioned in the above, it can be assumed that the high hit
rate is mainly due to the experimental design. Nevertheless, [14] shows that most
of the time the gaze direction is aligned with the walking path. This could also
explain the high hit rate, but does not imply that the facing direction is a stable
predictor in a general environment.

Because of the user study’s design (see Sect. 4.4), an analysis of the initial
facing direction when a person just starts walking, is not possible and is omitted.

5.2 Walking Direction and Smoothing

5.2.1 Results

The angular deviation of the walking direction from the targets for the EX and
CO condition are shown in Fig. 6. The four plots represent four different subjects
while they moved from y = 0 to y = 4. The walking direction is calculated as
given in Sect. 3.2. The angular deviation from the chosen target (out of two) is
represented by the solid line, while the dashed line shows the deviation from the
other target. Gray lines show the raw measurement data without any smoothing.
See Fig. 5 for an explanation.

Fig. 5 Definition of the deviation angles for the walking direction analysis (see Fig. 6)
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Table 2 Relative hit rate of the walking direction predictor averaged over all participants
within the evaluation area y ∈ [0, 3]. The standard deviation is denoted by sd. The relative
robustness shows the improvement of the smoothing on the prediction relative to the raw walk
direction prediction.

EX CO both

raw walk direction
mean 0.81 0.87 0.84
sd 0.13 0.10 0.12
rel. robustness 1 1 1

exp. smoothed
mean 0.85 0.85 0.85
sd 0.16 0.16 0.16
rel. robustness 2.0 1.8 1.9

double exp. smoothed
mean 0.86 0.86 0.86
sd 0.16 0.16 0.16
rel. robustness 2.0 2.1 2.0

As for the facing direction above, the relative hit rate r is calculated within
the evaluation area, see Table 2. Further, an additional robustness factor is intro-
duced in order to demonstrate how smoothing could improve the robustness of the
prediction.

As it could be seen from the above analysis, the predictor could switch between
the two targets depending on smallest angle between the facing direction and one
of the given targets. Any switch, however, is counterproductive to the robustness
of a predictor and should be avoided. Thus, the relative robustness measures the
average reduction in the number of prediction switches between the two predefined
targets for a smoothed prediction in relation to the raw walking direction data. A
relative robustness of 2 for the exponential smoother for example means that the
exponentially smoothed predictor makes only half as many switches between left
and right target as the raw walk direction predictor.

5.2.2 Discussion

In all plots, gait oscillations are clearly visible. These gait oscillations are the
largest and most challenging disturbance when using walking direction data for
prediction. Compared to the magnitude of gait oscillations, tracking noise is neg-
ligible. In order to overcome disturbances from gait oscillations, it is essential to
apply smoothing. In Fig. 6, the colored lines represent smoothed values using either
exponential or double exponential smoothing. The initial value of w0 is chosen as
suggested in Sect. 3.3 (f0 points to the center of the obstacle). Compared to this,
smoothing with a moving average performs worst due to the problems mentioned
in the above. Hence, the results are not presented here.

Like for the facing direction, a predictor based on the walking direction also
predicts that target which is closer to 0 degree in the plot. This means in other
words that a wrong target is predicted if the dashed line is closer to 0 than its
solid counterpart.

As shown in the above, the efficiency of the smoothers strongly depends on
the correct setting of the smoothing factors α and β. For the given experiment,
a smoothing factor of α = 0.004 (for normal and double exponential smoothing)
and a trend smoothing factor of β = 0.004 turned out to work best. These factors
provide a stable prediction, while the smoothers still react in a reasonable time to
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(d)

Fig. 6 Angular deviation of the walking direction from the two targets while a subject is
moving from y=0 to y=4. (a) and (b) are from the EX condition, (c) and (d) from the CO
condition. A solid line represents the deviation from the chosen target and a dashed line the
deviation from the other target. The gray line is the raw data, red is the exponentially smoothed
data and green is the double exponentially smoothed data.

changes in the intended direction of movement. Using (9) and the given update
rate of 180 Hz, the percentage of change can be estimated. One second after a
change in the walking direction, roughly 50% of that change will be included into
the smoothed walking direction and roughly 75% after two seconds.

As it can be seen from Table 2, the relative hit rate is not significantly higher for
a smoothed predictor in relation to an unsmoothed predictor. However, there is a
significant improvement in the robustness of the prediction. Regarding robustness,
the double exponentially smoothed predictor performs best.

Figure 6(a) and (b) both show data from subjects who did not decide right
away for a target and first walked roughly straight forward. As it can be seen in Fig.
6(b) for instance, the double exponential smoother is slightly faster in detecting
the decision and outruns the exponential smoother by y ≈ 2.2. Figure 6(d) shows
the extreme case, in which a participant changed his decision and turned around
(see also Fig. 3). Similarly, the double exponential smoother is faster in detecting
this change. Figure 6(c) shows a typical plot of a subject who walked straight
to the chosen target. In such cases, both smoothers provide reliable and robust
predictions.
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6 Conclusion

In this paper it is analyzed how head tracking data can be used to retrieve a
person’s intended direction of travel. A tracking system mounted on a person’s
head provides position and orientation data. As it is shown in this paper, this
data suffices to make a robust and reliable short term path prediction that holds
for a few seconds.

Using head position data, a displacement vector can be calculated to retrieve
the head’s movement direction. Intuitively, one would use this direction to ex-
trapolate the person’s intended direction of travel. However, as it is shown in the
conducted user study, raw position data from the tracking data gives quite poor
prediction results. In fact due to the mechanics of human gait, a person’s head
movement is not nicely aligned with the intended direction of travel.

Hence, in order to increase the reliability and the robustness of the prediction,
a smoothing of the tracking data is required. Different smoothing methods are
introduced that are suitable for path prediction. Especially double exponential
smoothing turns out to work best and doubles the robustness of the prediction
compared to using raw tracking data.

Nevertheless, using smoothing increases the latency of the path prediction.
Hence, a suitable trade-off has to be found between robustness and latency. For
this purpose, an equation is derived that allows choosing the proper smoothing
factor depending on the requirements.

Head orientation data actually is a person’s facing direction, which provides
another approach for path prediction. However, it is problematic to use only the
facing direction for prediction, since a person might move the eyes instead of the
head. This could happen in particular if some targets or close to each other and
thus making it obsolete to turn the head. Nevertheless, if a person is not moving
or just starts to walk, the facing direction can be used as an initialization value
for the walking direction smoother.

7 Future Work

To overcome the problem with the facing direction, eye trackers could be used
together with a regular tracking system in order to correctly identify the user’s gaze
direction. Even though Hollands et al. [14] thoroughly studied how gaze behavior
and walking direction are related to each other, it requires further research to
answer the question how gaze behavior could be used for prediction.

The conducted user study has shown that the major problem for path predic-
tion from head tracking data is “gait noise”. So far, this problem has been solved
with generic smoothing approaches while in fact this noise is partially system-
atic. It depends on the mechanics of human gait, the step length, person specific
walking patterns, and so forth. Hence, these patterns instead could be learned
from the data to better filter the data. E.g. a physical gait model together with
a Kalman filter could provide far better smoothing with low latency than expo-
nential smoothing. Similar approaches used for so-called walk-in-place interaction
devices might be adapted for this purpose [25].

Additional sensors could also be used to get more data for better prediction.
For instance, accelerometers might be used to detect steps and thus learn the step
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length from the user data. Knowing the step length for example would allow an
automatic adaptation to a person in order to improve the prediction. Other ap-
proaches could be more suitable for pocket worn mobile phones. In such a scenario,
the displacement of the pelvis while walking might give additional information for
path prediction [26].
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