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Abstract. If a mobile robot operates within its environment, it should
take other persons into account while moving around. This work presents
an approach, which predicts the movements of persons in a very simple
way, and uses the predicted trajectories to plan a motion path for the
robot. The presented motion prediction and planning process is much
faster than real time. A potential field is applied to predict the person’s
movement trajectory, and a modified Fast Marching planner is used for
the planning process. The aim of this work is, to create an early avoiding behavior of the robot, when the robot passes a person, to signal a
”busy”’-behavior towards the person.

1

Introduction

In the near future, the application space of mobile robots will be more and more
enhanced towards home environments, public care centers, and shopping malls.
In these environments, the behavior of a robot should equal human behavior,
especially when interacting with non-expert users. In experiments [12] it could
be shown, that humans tend to observe complex technical devices, like a robot,
as social entities. This causes the user to expect human-like behavior from a
mobile robot.
When investigating human-robot interaction, the scenario of ”a robot interacting with a person” is the most common use-case. In our work, we want to
emphasize the case of human-robot interaction, when the robot does not want
to interact with a person. For example, in nursing homes or hospitals, when the
robot is on a tour to collect food orders or drives to the charging platform, an
interaction with a randomly passing persons is not wanted. Interestingly, if humans do not want to interact with each other, the spatial configuration between
these non-interaction partners signals the intention of each partner. Those spatial behavior patterns are quite complex and are profoundly investigated by psychologists. One aspect of spatial configurations and their meaning is described
in the theory of the personal space, created by Hall [4]. In our work, we use
the spatial configuration (or distance) which corresponds to ”non interaction”.
We use a simple mathematical model of the personal space, and combine this
model with the predicted motion of an observed person. With this knowledge, a
non-intrusive path towards a predefined goal, which does not touch the personal
space of a person, is planned.
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Fig. 1. The idea of the presented approach: the robot should be able to politely pass a
moving person. To do so, the person path is predicted (see a)) and the personal space
of the person is used in a spatio-temporal planning process to compute a feasible path.
In b), a planning wave is propagated from the robot origin towards the goal (cross).
This wavefront is deformed by the obstacles as well as the moving personal space from
the predicted trajectory. When the goal is reached by the wavefront, the robot path
could be extracted from calculated travel times.

Related work: A lot of work was done to investigate, if the model of the personal
space, originally created from human-human interaction patterns, is also valid for
human-robot interaction [2, 17]. Indeed, spatial configurations carry information
about the intention of interaction partners, and are similar to the findings of
Hall. The personal space is used regularly in robotic applications to solve tasks
like approaching a person [8, 16] or path planning [15].
The benefit of the method of Svenstrup[16] is, to deal with changing person positions in a reactive way, but could get stuck in local minima due to the
potential field motion control. The method of Sisbot[15] is only defined in an
static environment, and does not consider time during the planning phase, so it
could not incorporate moving persons. Anyhow, it uses the same simple personal
space model than our approach. In [10], a rule based behavior was constructed
to pass a person in a feasible distance in straight floors. Since this behavior was
completely rule-based, it only works in floor-like environments and fails in unforeseen situations or environments, where the rules are not applicable. To our
knowledge, there are no additional known publications on the topic of politely
passing a moving person. However, there are many approaches which concern
spatio-temporal path planning, which is a basic technique of our approach. The
most advanced methods operate on planning trees. For example in [13, 9], lattice
graphs are used to create a tree with spatial and temporal information, as long
as the motion prediction of the moving objects are certain. In case of uncertain
predictions, the algorithm only uses static spatial knowledge to plan further.
This algorithm is very time consuming and is not processable in real time on
a robot system. Another approach is presented by [6] and [8], where expanding
random trees are used to create an collision free path in space and time to steer
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a robot. These approaches are very powerful in terms of describing the spatiotemporal information in state space, but fail when the robot deviates from the
planned path in space or time. In such cases, large parts of the tree have to be
re-calculated. In this work, a modified version of the Fast Marching planner [14]
is used to enable the robot to find an optimal path, even when minor deviations from the optimal path occur. When incorporating moving objects into the
spatio-temporal planning process, one fundamental precondition is a sufficient
prediction of the motion trajectory of that object. It depends on the given task,
to what time interval this prediction has to be useful. In our task, the motion
trajectory is predicted in a duration of 10 seconds. A large set of prediction algorithms exist, mostly using probability densities, which are build upon a large
set of trajectory observations [7, 1]. The disadvantage of these approaches is the
need of an exhaustive data collection of trajectories over a long time. We prefer
an out-of-the-box approach, where the trajectory of a person is predicted using
the current motion direction and a potential field, presented in [6], to predict
the person movement for the next few seconds.
Presented approach: A modified version of the Fast Marching Method (see [14])
is used to propagate a virtual traveling wave into the environment. The passing
times of the wavefront through each point in space could be afterwards used
to extract an optimal path. The passing time of the wavefront is determined
by physical correct simulation of the wave. The travel speed in each point is
directly related to the maximal driving speed of the robot, and the restrictions
of traveling speed coming from the static and dynamic environment. The static
restrictions are the obstacles. The dynamic restrictions of the environment are
considered to come from the predicted motion trajectories of a person. A potential field method is used to predict the trajectory of the moving person. A
brief overview of the key idea of the presented approach is shown in figure 1.
The prediction method is described in detail in section 2, while the modified
planning algorithm is presented in section 3. The paper is concluded by a set of
experiments in section 4.

2

Prediction of the person’s trajectory

In this section, the prediction of the person’s trajectory is presented. A very
simple, physically inspired model, also known as potential field, is proposed. This
model is often used in robot navigation to avoid obstacles or approach a target,
but here, it is used to predict near-future person movement for the next seconds.
Note, that short time estimators, like the prediction step of a Kalman filter or
the motion model of a particle filter, are not sufficient to predict a trajectory
over several seconds. These approaches assume piecewise linear motion, like this
approach also did, but the estimation is corrected by consecutive observations
during each time step, which are not available on longer prediction periods. Our
”correction” is done by the method of potential fields. The key idea is, to model
the environment as a set of point like electric charges, which create an electrical
field. This field could affect other charges by applying a force towards them. Two
forces are modeled to predict the motion trajectory. First, the pushing force of
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obstacles is used to push a virtual person away to avoid collision. And second,
the pulling force of an infinite virtual target line in front of the person is modeled
to move the person forward. This line has a constant position, relative to the
current person position. Next, a detailed description of the potential field model
for an arbitrary configuration of charges is given.
2.1

The Potential Field

The presented approach uses two forces, which model the affected charges in
different ways. The theoretical background, how charges could create a force, is
identical in both cases. To calculate a force, coming from a generic set of charges
at different positions xi , the electric field at a position x is defined as:
E(x) =

n
X
i=0

Q−
i ·

x − xi
|x − xi |3

(1)

The resulting force on a negative charge is proportional to the vector E(x).
To compute the pushing forces of the obstacles, a grid based world representation
is used. If a cell contains an obstacle, a negative charge is defined there. A free
cell does not contain any charge. The resulting vector of the electric field could
be preprocessed in each free cell xf by evaluating the obstacle cells in a circular
neighborhood C of that cell.
E obs (xf ) =

n
X
i=0

1·

x − xi
, (xi ∈ C(xf )) ∩ (xi = obstacle)
|x − xi |3

(2)

The person itself is attracted by an infinite virtual line of positive charges.
The position of that line is constant relative to the person. An example setting is
shown in figure 2. This pulling field is defined by the infinite virtual target line L
in front of the person, consisting of an infinite number of charges. Theoretically,
the equation of the resulting vector could be formulated as:
Z ∞
x − xi
E target (xf ) =
−1 ·
dxi , xi ∈ L(xf )
(3)
|x
− xi |3
i=−∞
If the line is always tangential towards the person’s view direction, each point
at line L could be paired with a corresponding (mirrored) point, where the sum
of the corresponding field vectors directs towards the view direction. So, the
final sum is an infinite number of vectors, pointing towards the view direction.
Points, which are far away, apply nearly tangential forces, which are also very
small, and so the sum of all these forces remains a finite number. Considering
these facts, the resulting force from the tangential line could be approximated by
a constant force in view direction of the person, where the strength is a parameter
of the prediction algorithm. So, the overall resulting force is the vector sum of a
force towards the current view direction, and a disturbing force, sourced by the
obstacle configuration:
F (x) = Q− (E obs (x) + E target (x))

(4)
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Fig. 2. This image shows the
resulting vector field E obs (x),
which is sourced by the negative charges of the obstacle
cells. The resulting force on
the moving person is defined
by two components. The pushing field Eobs of the obstacles
and the pulling force Etarget
of the virtual target line. This
results in a field vector Eres ,
which is proportional to the
applied force.
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Since the vector field E obs (x) is only determined by the obstacle configuration, it could be processed off line. In such a way, the calculation of the resulting
force F (x) is a very efficient operation.
2.2

Motion Prediction

The idea of predicting the trajectory is simply, to simulate the movement of
a zero-mass, charged particle by considering the force F (xj ) in the currently
predicted position xj , applied to the particle. Here, only the preprocessed static
electric field is needed and a valid person position and walking direction of the
person. A sufficient prediction of the person’s trajectory for the next ten seconds
could be provided by calculating the motion of the charged ”person particle”.
If the motion of a charged particle within the resulting force field should be
processed, the well known momentum equation could be used for that:
m · v t+1 = m · v t + F · ∆t
v t+1 = v t + F /m · ∆t

(5)

Here, m denotes the mass of the charged particle, v n denotes the speed at
time n, and ∆t is the time interval for one simulation step. It could be seen,
that the mass influences the update of the speed. With a huge mass, the speed
update is fairly slow and could lead to collisions. This changes, when the mass
tends to small values, since than the speed tends to infinity and the speed vector
tends to follow only the force vector F . Since a collision free path of the person
should be constructed, the particle should mainly react on the resulting force
F , and only an approximation of the momentum equation is used to update the
current person speed:
F
v t+1 = 0 + |v t | ·
· ∆t
(6)
|F |
It could be seen, that the mass of the particle is defined by m = |F |/|v t | and
the speed direction of the previous motion step is not used. This assumption differs from a physical plausible approach. By re-defining the momentum equation,
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Fig. 3. In image a), the details of the interpolation of one cell element of the wavefront
are shown. They are described in detail in the text. On the right side b) a full simulation
step is shown, where the personal space intersects the wavefront. Note, that only the
marked elements of the wavefront are investigated for the current speed configuration.
The wavefront is only updated with the current configuration until the elements reach
the simulation time t + ∆t, shown in b1). Afterwards, the personal space configuration
is updated to t + ∆t and the propagation of the wave is executed, until t + 2∆t is
reached (see b2)).

only the direction of the person prediction is influenced by the potential field
and the absolute value of the person speed is left constant. The trajectory of the
moving person is calculated by sequentially applying equation 6. The predicted
person’s path is used for the robot’s motion planning.

3

The Adapted Fast Marching Planner

The most common planning approaches [3, 5] use only binary values to encode
cell traversability and have to create graphs from these binary information to
compute optimal paths. In our approach, the Fast Marching Method from Setian
[14] is used for robot path planning. It also operates on a regular grid. Each
grid cell contains a cost value, that reflects the speed a wavefront is able to
travel through this cell. Small values are assigned to cells, which should not be
penetrated by the wavefront, like obstacles, whereas high values are assigned to
free space and the wave can travel freely. Anyhow, all positive real values can be
applied to the map cells, which is the major advantage of this planning method.
Fast Marching computes to which time the wavefront crosses a cell. Our main
idea is to calculate the cell crossing speed at the time, the cell is reached by the
wavefront. This is the main difference to other approaches (e.g. E* [11]), where
the travel speed of each cell is constant all the time. The benefit of the Fast
Marching Method is the ability, to construct monotonical raising functions with
any configuration of positive speed values, which is essential for a path planning
algorithm to apply gradient descent for path following.
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3.1

The Fast Marching Method

In the standard case, static velocity values are assigned for each cell, where
free space is set to vmax , and near zero values are assigned to obstacle cells.
The Fast Marching Method tries to find a numeric solution of the so called
Eikonal equation v(x) · |∆T (x)| = 1. The solution of this equation describes the
evolution of a closed curve in time T , reacting on the different speeds v(x) at
the positions x. At most speed configurations, the solution could not be found
in closed form. Fast Marching proposes a very simple numeric solution to solve
this problem by sequntially interpolating small parts of the current wavefront to
the next timestep. The ”oldest” parts of the wavefront are propagated first. An
expansion step is done by interpolating the wavefront for the current cell element
xi with the two neighboring elements with the smallest traveling times. For the
interpolation of the cell element, the traveling times T0 , T1 and positions x0 , x1
of the two neighboring elements are considered. Also the current valid speed
of that cell v(xi ) has to be known and is static for the standard case. In the
first step, the positions s0 , s1 of possible sources of the wavefront are calculated.
Details of the geometric interpretation of the used values are sketched in figure
3 a):
r0 = v(xi ) ∗ T0
r1 = v(xi ) ∗ T1
sx = (d2 + r02 − r12 )/2d
q
sy = ± r02 − s2x
s0 = hsx ; +sy i
s1 = hsx ; −sy i
Here, d is the distance between x0 and x1 and defines the X-axis of the
solution. As seen in figure 3a), there exist two possible sources s0 , s1 of the wave
origin to reach x0 in T0 and x1 in T1 . The most distance source to our point xi
is chosen, since the point xi would already have been interpolated if the nearest
source is the correct one. With the correct source sj , the interpolation of the
wave crossing time at position xi is easy:
|xi − sj |
(7)
v(xi )
Note, that for very small values of the traveling speed, the passing time Ti will
become very large and such elements are expanded very late in the propagation
process. This is the case when the wave hits an obstacle cell, or the inner part
of the personal space in our case.
Ti =

3.2

Adaptation for Predicted Motions

To adapt the described interpolation method to time variant traveling speeds
of v(xi , t), a number of changes are necessary. First, the planning direction is
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reversed. In our case, the traveling times of the wave have the physical meaning,
that the robot could actually cross that cell at the calculated passing time. So,
the current robot position is the source of the wavefront. Setting the wave source
to the initial robot position also helps to fuse the motion prediction with the
planning process, since it is also known, at which time the person is at which
position, and therefor the planning has to be applied forward in time.
Second, the fusion process is the fundamental change in wavefront propagation. The system starts from a time t0 and updates the prediction of the person
movement as well as the propagation of the wavefront in time intervals ∆t. This
means for the n-th planning step, that only those elements from the open list
are expanded, whose travel times are smaller than t0 + n · ∆t and only for the
expanded elements, the dynamic speed function v(xi , t0 + n · ∆t) is evaluated.
The dynamic speed function consists of two parts: the static part vst (xi )
from the obstacle configuration, where the robot could drive in free space at a
predefined speed (defined within each cell), and a dynamic part vdyn (xi , t0 +
n · ∆t), coming from the predicted motion trajectory of the person and their
corresponding personal space:
i )−dmin
vmax · d(x
dmax −dmin , if d(xi ) ≤ dmax
vmax , else


|xi − xp (t0 + n · ∆t)|2
vdyn (xi , t0 + n · ∆t) = 1 − exp
2πσp2



vst (xi ) =

(8)
(9)

Here, d(xi ) is the distance to the next obstacle cell, and xp (t0 + n · ∆t) is the
predicted position of the person at the current simulation time. The personal
space was defined by Hall [4] to be above 2.6 meters to symbolize non-interaction,
and so, the value of σp is set to 2.6 meters. The fusion is done by a simple
minimum operation:
v(xi , t0 + n · ∆t) = min(vst (xi ), vdyn (xi , t0 + n · ∆t))

(10)

Note, that high values of the personal space have not the same influence on
the wavefront like obstacles, since the wave could travel very slowly through
these cells. In this way, the wavefront travels around a person without touching
the personal space, when enough free space is available. If the environments gets
more narrow, the wave starts to travel through the personal space and the robot
is allowed to penetrate that space without changing the algorithm.
3.3

Following the Calculated Path

The planning is complete, if the wavefront has reached the predefined target
cell. Now, each cell passed by the wavefront contains a passing time, where the
resulting driving path is calculated by gradient descent from the target towards
the robot’s original position. The robot has to follow this path as good as possible
with the defined speeds, also calculated during the planning process. If the person
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deviates to much from the predicted path in space or time, a replanning has to
pred
be performed. This is done, if the Euclidean distance |(xpred
− xobs
−
p
p ), (yp
obs
pred
obs
yp ), (t
− t )| is above a certain threshold.

4

Experiments and Results

a)

b)

Fig. 4. In a), an example of the force field is shown, which is used for motion prediction.
In b) the navigation function of the passing times of the wave from the wide space
scenario is shown. The traveling time raises, when the wavefront hits the personal
space of the person during planning. A detailed view of that part of the function is
shown on the right.

In our experiments two typical scenarios with different characteristics where
evaluated. At the one hand, we evaluated the planning and prediction process
regarding the quality of the path, and at the other hand, we evaluated the
processing time, needed to create the path. The scenarios should only present
a preliminary test of the feasibility of our method and do not present a full
experimental coverage.
The first scenario tests a passage with narrow space in our living lab. Here,
a person moves on a straight line, and the robot has to cross this line by taking
into account the currently measured walking speed of the person. In the second
scenario, the person meets the robot in a wide corridor. The person moves also
in a straight line and the robot should approach a goal behind the person by
driving in the opposite direction. Here, the person should move directly towards
the robots original position and the robot has to avoid the person. Both scenarios
use the map of our lab for planning. The map has a resolution of 10cm per cell.
The resulting planning function and the associated cell speeds, which correspond
to the passing time of the wavefront, are shown in figure 5 for the narrow space
scenario and figure 6 for the wider space passing scenario. It can be seen, that
in both cases the personal space of the moving person slows down the wavefront
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Fig. 5. In part a): snapshots of the propagation of the wavefront in a narrow passage.
The robot starts on the left side and has to reach the goal on the lower right. The
person is located at the bottom (circles) and crosses the path of the robot. Note, that
every second in simulation time the color of the wavefront changes from red to green
to visualize the form of the wavefront. Part b) shows the calculated travel speed, the
robot should drive upon traveling through each cell. Dark blue values mean very slow
speeds while light red values indicate the maximal allowed speed. In part c) the final
path with avoiding behavior is shown as a dashed line, while the original path, without
a person being present, is shown as a solid line.

and guides the wavefront around the person. When the goal is reached by the
wavefront, gradient descent is used to extract the optimal path. Figures 6 c) and
5 c) also show the planning results, when no person is present.
To enable the robot to react on person movement, it should be able to plan
the path much faster than real time. In fact, it must be possible to plan the
path in a fraction of a second for multiple seconds beforehand. If not, the person
has moved already when the path is calculated, and the estimation is not valid
anymore at the time the robot starts moving.
We measure the average runtime of the algorithm with different prediction
intervals ∆t for a total prediction period of 10 seconds. Smaller time intervals
∆t mean more accurate motion prediction and wave propagation. Table 1 shows
the results of the runtime investigation. In average, the method is capable of
predicting and planning 13 times faster than real time. We chose a simulation
interval of 0.5 seconds for the motion prediction and the update of the planning
function, since this time provides good accuracy by providing still good performance. The prediction and planning of ten seconds of motion can be done in 770
milliseconds.
The calculation of the force field E obs is constant for the given map and is
done once before the algorithm starts. Since this is a time consuming operation,
it took 10.3 seconds for the given map of the lab to build the vector field. For
the experiments a standard dual core mobile processor with 2.1 GHz was used.
Only one core does the wavefront propagation since this is a highly sequential
task and it is hard to parallelize this algorithm.

in: Proc. 35th German Conference on Artificial Intelligence (KI 2012), Saarbrücken, Germany, LNCS 7526, pp. 85-96, Springer 2012

target
robot
person
t=1s

t=3s

a)

b)

t=5s

t=7s

c)

Fig. 6. Here, the wide space scenario is shown, where the person heads directly towards
the robot original position and the robot has to avoid the person, since the robot’s
target lies behind the person. For a full description of a), b), and c), please refer to
figure 5.

Simulation Step ∆t=3s ∆t=1.5s ∆t=0.5s ∆t=0.2s
tavg 75ms
75ms
75ms
89.2ms
tσ 72ms
35ms
18ms
13.4ms
Speed factor
13
13
13
11
Table 1. Overview of the resulting computation times for different prediction intervals
∆t for the person’s trajectory prediction and wave propagation. Here, tavg is the average
computation time, while tσ is the variance of the computation time per iteration step.
On prediction steps up to 0.5 seconds, the system is able to predict and plan 13 times
faster than real time. Only on small simulation steps, this factor begins to fall. In our
scenario tests, a simulation time step of 0.5 seconds is chosen.

5

Conclusion and future work

In this work, an approach for spatio-temporal path planning with regard of one
moving person is shown. The main benefit is the possibility to create a path
under all circumstances. If possible, the robot avoids the personal space of a
person, when there is enough space. If not, the robot at least slows down. At
the one hand, this behavior of the robot has to be investigated in further experiments. At the other hand, an investigation has to be done, what happens if the
robot could not keep track of the planned path and planned time and deviates
from the given task.
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