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ABSTRACT

This work shows a human maneuvering intention
estimation system for autonomous robots. Multiple
routes are obtained towards local semantic goal
locations, including explicit collision avoidance
routes. These routes are validated real-time in
order to define free space for autonomous robots
around humans.

I. INTRODUCTION

Robots show potential to perform many physical
tasks that humans perform right now. There is a
transition in robotics from robots in a standardised
closed world to an open world where humans are
around. This transition is currently active through
a semi open world, where human-robot collabora-
tion is introduced, for example with cobots. Some
examples towards open world robotics are project
SPENCER [1], an airport guiding assistance robot,
the ROPOD project [2], a logistic hospital robot
or human following robots, summarized in [3] for
indoor, outdoor, maritime and aerial scenarios.

Traditional systems without a specific navigation
system for humans are able to navigate around
humans. However, they are either backed up by a
human controller, with autonomous features within
the automotive sector for example, or show con-
servative behaviour being either waiting or driving
slowly.

In order to successfully navigate around humans,
first it is important to avoid collision. Secondly,
if possible, leave space for progression of humans
towards their individual goal location and finally
also making progression towards the goal location
as robot.

Navigation from autonomous guided vehicles
(AGVs) around humans consists out of multiple
parts. Among others, detection of humans, in-
tention estimation of human maneuvering actions
and reasoning about different motion plans. While
detection and tracking has been research a lot,
such as in [4][5][6], this research focuses on the
next step, which is intention estimation of human
maneuvering actions.

In state of the art research, there are multiple
paradigms in which human intention estimation
is researched, which is elaborated in Section I-A.
The studies show solutions with different levels
of complexity with a different amount of obtained
information. In this research existing concepts are
combined and extended to obtain a novel approach
for human intention estimation. In Section II-E the
proposed method is described in more detail. This

method is validated with experiments, which are
presented in Section III. Finally, the conclusion
and follow up suggestions are described in the last
section.

A. Related Work

A prediction model for human walking beha-
viour is beneficial for reducing conservatism in
navigation, while a robot can make plans com-
pliant to future persons’ actions [7]. There are
roughly three paradigms to consider [8] regarding
modelling human walking behavior, being: Deep
Learning (DL), Planning-Based Modeling (PBM)
and Dynamic Motion Modeling (DMM). Within all
paradigms it is important to have a clear indication
of the reserved space by humans to reason about
the free space of a robot.

First, there are the methods from DL. For ex-
ample, Long Short-Term Memory (LSTM) as pro-
posed in [9]. By using LSTM not only data points,
but data sequences, such as time series of traffic
or walking patterns, can be processed. In [9] the
LSTM method is coupled to other humans in the
detected video stream, making it possible to learn
interactions. Within the DL paradigm availability
of large dynamic labelled data sets to learn specific
human motion features is assumed. DL, therefore,
offers a decent solution for surveillance cameras for
example as done in [10], which scan the same area
over time. However, this method fails when ap-
plied to different scenarios, which will be the case
for robots driving through different environments.
Within DL there are studies performed to more
scalable methods, by making use of identification
of generic walking patterns, which are related to
certain actions as crossing a road, avoiding an
obstacle or passing through a door. For example, in
[11] cyclists’ intentions is defined in terms of going
left, right or straight. The intention is determined
by derivation of a detected arm reaching pose,
which for cyclists is a generic feature applicable
to many situations.

Secondly, the paradigm of PBM uses methods
to predict maneuvering actions with respect to
a goal location. In [12] short term movements,
within order size of seconds, are predicted by
making use of popular goal locations based on
map specific data. In [13] a navigational map is
obtained from previous paths and a goal loca-
tion. These two methods are however dependent
on learning based on previously detected paths
towards a goal location. In [12] it is therefore
suggested to use semantically labeled targets to

Human Maneuvering Intention Estimation 1



create a generic applicable method. By explicitly
defining hypothesis on semantic map features PBM
will also be scalable to other environments. One
of the main advantages of PBM methods is that
the goal of a human typically remains the same
[7]. Passing an object is a sub-task of reaching
the final goal. Therefore, these methods are useful
for making short-term maneuver predictions based
on a long term plan. In [14], traffic rules between
humans are introduced based on a certain task
in robot navigation, defining semantic short-term
movements. However, a dense discretization of the
world is suggested, which is often suggested for
creating a cost map for navigation. For scalability
it is important to keep discretization of the order
size hallway crossings and objects and only in the
proximity of the robot, as done in [15] for example.
Multiple hypotheses about occupied areas in the
map are created and the robot reasons accordingly
to multiple future situations. It assumes only the
robot or human can be in the same discretized area
of the hallway. This method can be improved by
including explicit short term maneuvers such as
passing the robot, resulting in a discretisation of
the map where only the area next to the robot is
occupied, instead of the entire corridor.

Thirdly, DMM is suggested to predict future
dynamic behavior considering online parameter
estimation, such as velocity and direction, with
for example constant velocity and turn-rate as-
sumptions, as proposed in [16]. However, these
maneuvers are not correlated to a task performed in
an specific environment and therefore do often not
hold. Increasing a constant uncertainty is therefore
often suggested, possibly resulting in the freezing
robot problem [7]. Moreover, a specific path es-
timation for humans limits the solution space to
reach the destination to one. From the point of
view of the robot it is better to have a larger area,
which is reserved by a human with a high certainty
compared to an exact path with a low certainty.
For robot navigation this concept is shown in [17].
Most methods within DMM use sensor data as
foundation of the world interpretation. Therefore,
correct data is often assumed within this paradigm,
for example by propagation of constant velocities.

The parameter identification concepts within
DMM are useful for validation of walking patterns
generated by task and map specific features. Model
based filters as (Extended and Unscented) Kalman
Filtering, Particle Filtering and interacting multiple
models [16] are among others used within DMM.

B. Contribution

A combination of methods in different
paradigms show potential to create a robust
human maneuvering intention estimation system.
This research will focus on defining semantically
obtained routes towards multiple goal locations.
Validation of the human’s current navigational
maneuver is applied with DMM methods, to
define reserved routes towards possibly multiple
goal locations. The world discretization should
hereby be dense around the robot and at regions
with multiple goal locations and sparse otherwise.
Moreover, these goals should be semantically
defined to create a scalable framework for other
environments.

II. METHODS

In this section, the methods applied are de-
scribed. First, the general approach of this method
is elaborated. This approach is based on defining
free navigational space for the robot by making
use of goal locations. In the second subsection
the process of discretizing a map based on goal
locations is discussed. Thirdly, the mathematical
approach of discretizing a map is discussed. Then
the framework is extended by adding obstacles. At
the end of the section, it is explained how the robot
reasons about free navigational space by validation
of the human maneuvering intention.

A. General Approach

It should be prevented that the robot collides
with or moves in the way of the human. The
starting point therefore is that the robot has no
available space and the human reserves the entire
area, as shown by the dashed area in the top left in
Figure 1. From this point constraints and progres-
sion measures are applied to the human in order to
reason about the available space for the robot over
time, in order of magnitude seconds. Persons are
constraint in space by both static obstacles, such
as walls, tables and closets, and velocity over time,
visualised in the top right of Figure 1.

In order to reason about more available space
for the robot, it is assumed that a human has an
intention towards a goal location. If all stored goal
locations are considered, the amount of hypothesis
would not be scalable to for example an entire
hospital. Moreover, for the robot not all goal loc-
ations are relevant, some could be combined. For
example, in a hallway, the goal locations within a
specific room could be combined in the hypothesis
that the human walks towards that room. In order
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Figure 1: Reducing conservatism steps for the robot, by reasoning about reserved space of a detected
human.

to retain a scalable solution, the hypotheses should
be relevant and low in amount. This is done by
generating only hypotheses towards goal locations
around the robot and human. Goal locations further
away are summarized in the hypothesis at the end
of the hallway. For example, the dashed green line
in the lower left of Figure 1 contains all possible
goal locations underneath the dashed green line,
such as closets, rooms or coffee machines. In the
lower left of Figure 1, a reserved area towards
a goal location is created. There are multiple
alternatives of areas towards a goal location. In
most cases humans are avoiding collision with each
other, which is explicitly modelled for the robot.
As shown in the lower right of Figure 1, both a
collision (in red) and avoidance model (in blue) is
introduced.

By creating multiple goal locations and areas
towards these goal locations, multiple hypotheses
are defined by the robot when detecting a human.
By validation of the current goal location, the robot
can detect free space for navigational purposes.
Validation of a current goal location contains meas-
uring progression towards a specific goal within the
reserved area. The method to define a static map
with discretized areas is described in the following
subsection.

B. Creating Static Map

At the left of Figure 2 one can see a map dis-
played. In order to define different walking patterns
the map is discretized. Discretization is done by

semantically labelling regions where a human can
choose different routes. For example, T-junctions,
crossings, passages such as doors and connected
areas such as corridors and corners. In Figure 2,
these areas are split by so called waylines, which
represent a line which should be crossed in order
to reach a (sub)target.

At the right of this figure an abstraction of the
map is represented as graph. An initial state is
introduced in node C, representing a first detection
of a human in area C. There are three exit man-
euvering actions, namely: moving towards area A,
B or D, and staying in area C. Passing each node
includes moving by a certain distance. By moving
through the graph, starting in the initial node, over
edges and through nodes, one can determine the
distance and route to multiple areas of interest. By
defining a region of interest and making use of this
approach, all areas of interest in the region of in-
terest are extracted. These areas of interest form the
foundation of the hypotheses created by the robot
when detecting a person. The next step from the
point of view of the robot is determining towards
which area of interested a human is moving in
order to be able to reason about reserved space. The
definition of progression and the reserved areas in
mathematical models is elaborated in the following
subsection. Then, by making use of mathematical
models, the framework is extended by addition of
dynamic obstacles.

Human Maneuvering Intention Estimation 3
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A

Figure 2: Left: Static map with areas A, B, C and D, connected by blue lines. Right: abstraction
represented as a graph

C. Mathematical Approach

Determining the progression of a human within
an area, towards a goal requires a measure for pro-
gression towards a goal location. In this subsection
a mathematical approach is presented to define an
area and progression within this area. In order to
make progression at a certain position towards a
goal, there should be movement towards the goal
location. In order to relate geometric properties
to progression, a field is used. Within a field the
progression direction is modelled by a streamline,
which is a constant value in a field in possibly
multiple dimensions. Within the bounds of the field
there are an infinite amount of streamlines, all rep-
resenting the progression direction towards a goal.
A field with dimensions x and y, which represents
the dimensions of a flat surface, is defined by

ψ(x, y) = C (1)

with C being a constant value representing a
streamline. The vector field is then defined as

u = −dψ
dy

(2)

the x-direction component of the vector and

v =
dψ

dx
(3)

the y-direction component of the vector. By making
use of an example the correlation between geo-
metric constraints and the definition of the field
equations and the vector fields is explained.

In Figure 3, an example situation is shown.
The black lines indicate the walls, the dashed
lines represent the waylines and the fat black lines
represent the gradient constraints at the edges of
the waylines. The blue lines and arrows show

the transformation of nominal fields and the four
waylines distinguish three areas. First, area I is
considered. The last two waylines, which describe
the end and start of area I , are parallel. Therefore,
a nominal straight field, consisting of straight and
parallel lines, is initialised. This field is described
as

ψi(x, y) = pi⊥(x, y) = zi (4)

with pi⊥ being perpendicular to the progression
direction pi(x, y) and zi the constant value of a
streamline.

I

II IIIp2 p3

p1

x
y

z2;min

z2;max

z1;maxz1;min

z3;max

z3;min

z0
2;max z0

3;max

dwp3;e;1

dwp2;e;1dp2;?
dp2 @p2;s;1

p3?

p2?

p1?

Figure 3: Usecase map, with waylines in black
dashed lines, walls in black lines and blue explan-
ation lines for nominal field transformations.

Note that the transformation of x and y coordin-
ates to the progression variables pi and pi⊥ is
explained in Appendix B. While the edges of the
field are indeed straight and parallel lines, the field
is described by a nominal field with respect to pi
and pi,⊥.
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Secondly, area II is considered. Again, the
waylines are parallel and thus a straight field is ini-
tialised with (4). The nominal field yields straight
and parallel upper and lower edges, which would
result in z = z′2,max and z = z2,min respectively,
as shown in Figure 3. However, due to the given
waylines, a rotation and shift should be applied to
the nominal straight field of area II , shifting the
upper edge to z = z2,max.

In order to satisfy the gradient and position
constraints given by the first two waylines, the
outer streamline of the field is shifted and rotated
with respect to the straight field by a polynomial,
as shown by the blue arrows in area II in Figure 3.
This shift and rotation yields two gradient and one
position constraint. Therefore, the shift and rotation
at the edges of the field is defined with a third order
polynomial with respect to pi(x, y) by

Fin(p) = cin1p
3
i + cin2p

2
i + cin3pi (5)

with cinj the constants from the top n = 0 at zi,max
and bottom edge n = 1 at zi,min with constant
index j in field i. Note that Fin(p) now represents
the shift of the field at the outer edges zi,min and
zi,max. The coefficients are calculated by using two
gradient and one position constraints and solving


dpi⊥
dpi pi,se,n
dpi⊥
dpi pi,se,n

dwpi,se,n

 =

3p2i,s 2pi,s 1
3p2i,e 2pi,e 1
p3i,e p2i,e pi,e

cin1cin2
cin3


(6)

where dwpi,se,n is the shift in width compared
to the nominal field and dpi⊥

dpi pi,se,n
is the delta

gradient, at the top n = 1 or bottom n = 0 and
start se = s and end se = e of field i.

Between the outer streamlines zi,max and zi,min,
the field shift and rotation is interpolated linearly.
Interpolating the shift and rotation manipulations
Fi0 and Fi1 of the field, results in the field equation

ψi(x, y) = −z′i + Fi0(Ci1 − ziCi3)+
Fi1(Ci2 − ziCi4) = zi

(7)

with z′i being the streamline value of nominal field
II , zi the streamline value of the modified field and
interpolation constants Cij in field i. By definition
the field should represent a constant value, which
is not dependent of x and y. Therefore the field
equation is rewritten as

ψi(x, y) =
−z′i + Fi0Ci1 + Fi1Ci2
Fi0Ci3 + Fi1Ci4 + 1

= zi (8)

Let the upper and lower edges be defined with
zi,min and zi,max respectively, then the interpolation
constants are determined by solving the interpola-
tion constraints at the edges of the field by

1
0
0
1

 =


1 0 zi,min 0
0 1 0 zi,min
1 0 zi,max 0
0 1 0 zi,max



Ci1
Ci2
Ci3
Ci4

 (9)

Note that the field is limited by the area in the
domain of pi,s < pi < pi,e and zi,min < z < zi,max.

The vector field of area III should rotate around
a pivot point. A circular field, which is at least
second order in both x as y, has the degrees of
freedom to rotate around a point, which is not the
case for a straight field. The process of defining
field III is similar to defining field II , except
for the fact that field III has polar coordinates
as progression variables p2 and p2⊥, as elaborated
in Appendix B. Checking if the waylines are par-
allel and determining the pivot point is shown in
Appendix A.

The numeric solution of the constants from the
discussed fields are presented in Appendix C. The
static map from Figure 2 is extended by adding
obstacles.

D. Dynamic Manipulation Static Map

In Figure 2, a static map is presented. In this
section this map is extended with explicit collision
avoidance fields. In Figure 4, the same map is
presented with a robot added. Around the robot a
rectangular box is drawn, representing the reserved
area of the robot. The human is at the T-junction,
also defined as area C, as shown in Figure 2.
Therefore, the field manipulation is applied to all
elements at the T-junction. When an obstacle is
inside a field there are three situations taken into
account, if applicable. First alternative, the human
collides with the reserved area of the robot. Second
alternative, the human passes the robot on the top
of the field and finally the human passes on the
bottom of the field.

In this case there is no passage possible below
the robot. Therefore, the collision avoidance model
is only applicable to the top passage. The avoidance
model at the top should at least avoid the highest
point in the field. In other words the corner point
of the reserved area of the robot with the highest
zi value, represented by the filled square in Fig-
ure 4. Waylines are made within the three fields,
between the filled square and the bottom of the
field, represented by a colored cross.

Human Maneuvering Intention Estimation 5
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Figure 4: Addition of obstacles to static map. Waylines (colored dashed lines) defined with respect to
wayline indicator (WLI) points. Areas A, B, C and D are as defined in Figure 2

The avoidance angle with respect to the nominal
field to avoid an object is a configurable variable.
This value is typically different for the front and the
back of the robot. Avoiding an obstacle at the front
is initialised earlier compared to changing back to
the original streamline.

By making use of this variable, the static field
is bend. For example, adding the robot to the
hypothesis that the human walks from B towards
D, results in bending the straight field in section C
by making use of the two dashed green waylines,
as shown in the left of Figure 4.

Shifted waylines due to objects are calculated
by making use of the constraints applied to the
static field. Namely, no shift in gradient at the
filled box, no shift in gradient at the edge of the
field and a shifted outer streamline of ziT , which
is the streamline value of field i at the corner of
the robot’s tube. The constraints are described by 0

0
−ziT

 =

 0 0 1
3d2max 2dmax 1
d3max d2max dmax

cji1cji2
cji3

 (10)

where dmax is the distance a person starts avoid-
ing an obstacle and constants cjiz of field i and
obstacle j. Finding the streamline value in field i
of the lower point of the wayline is done by solving

z =
[
d3 d2 d

] cji1cji2
cji3

+ ziT (11)

The gradient of the lower point of the wayline is
then obtained by

dp⊥
dp

=
[
3d2 2d 1

] cji1cji2
cji3

+

dp⊥
dp @pI=pd,zi=ziT

(12)

which is described as the gradient due to avoiding
an obstacle plus the gradient which is in the static
field at that point.

The points of the waylines are then determined
by calculation of the distance over a streamline
from the filled box to the static discretization lines
and dmax, resulting in all waylines in the left
of Figure 4. These waylines form new collision
avoidance fields. At the right of Figure 4, one
can see the resulting outer streamlines due to the
dynamic manipulation.

E. Hypothesis validation

The final step is to validate which hypothesis
is currently the most likely. In Figure 5, a human
velocity vector ~vH is presented at a T-junction.
There are three vector fields, representing two
cornering and one straight walking action. While
these fields are bilateral and thus someone can
walk in both directions of the field, there are six
walking patterns k for these three fields. Note that a
hypothesis H0 representing standing still and none
of the above (NOTA) HNOTA are also in the system.

Given the set of hypotheses Hk towards area
of interest k a probabilistic model is defined with
Bayes’ rule, given by

pk(Hk|~vH) =
pk(~vH |Hk)pk(Hk)

pk(~vH)
(13)

where pk(Hk|~vH) is the probability of a hypothesis
given the observed velocity, pk(~vH |Hk) the proof
for a hypothesis and pk(Hk) the prior knowledge
about the hypothesis. The prior knowledge is in-
terpreted as an estimation in advance of the prob-
ability a human follows a defined walking pattern.
While it is assumed that there is a finite set of
hypothesis, the law of total probability is applied.
This results in

pk(Hk|~vH) =
pk(~vH |Hk)pk(Hk)∑
pk(~vH |Hk)pk(Hk)

(14)

6 Human Maneuvering Intention Estimation
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Figure 5: Comparison multiple vector fields (in red, green and blue dashed lines) and human velocity
~vH at T-junction.

In order to validate the different hypotheses, a
validation model based on dynamic information is
defined. The magnitude of the human velocity vec-
tor |~vH | representing the speed, makes a distinction
between standing still and walking. The proof of
standing still is direction independent and should
be high if the person has a low velocity, defined as
a piecewise linear function by

p0(~vH |H0) =

{
0 if |~vH | > vmin

1− |~vH |vmin
else

(15)

The likelihood pk(~vH |Hk) of a velocity vector
of a human ~vH given the hypothesis Hk corres-
ponding to walking pattern k should be high if the
human follows the field well and stays within the
boundaries of the field. Following a walking pattern
k is indicated by the alignment of both the human
velocity vector ~vH and the progression vector ~vFk

,
by

pk(~vH |Hk) = max(0,
~vH · ~vFk

|~vH ||~vFk
|
)fc (16)

while |~vF | = 1, the model is reduced to

pk(~vH |Hk) = max(0, cos(θ))fc (17)

Note that the max(0, ·) function states that there
has to be a positive progression towards the goal
location in order to have a likelihood higher than
zero.

Besides the progression indication, a constraint
function fc is added to monitor if someone is about
to exit a field. The constraint function monitors
if the human remains within a given field for
an analysis time t. To satisfy this criterion, the

perpendicular velocity component ~vH⊥ should be
smaller than the distance towards the edge of the
field def divided by t. When someone comes close
to this criteria the likelihood of being inside a field
is scaled down, while someone is about to exit the
field in the given analysis time t. The constraint
multiplication factor fc states a piecewise linear
function given by

fc =


1 if vpi⊥ < def

t − α
0 if vpi⊥ > def

t
−1(vpi⊥−

def
t )

α else

(18)

where α is a velocity safety margin between instant
transition from fc = 0 to fc = 1 at vpi⊥ = def

t ,
with α = 0 and instant lowering the likelihood
when vpi⊥ > 0 to zero likelihood at vpi⊥ = def

t

with SM = def
t . The probability for a hypothesis is

updated with the proof model in (17) by the defined
Bayes’ rule (14) given a velocity estimation. As
stated before, the prior knowledge in (14) is inter-
preted as an estimation in advance of the probab-
ility a human follows a defined walking pattern.
In this implementation the prior knowledge in (14)
is equal for each hypothesis. Following a walking
pattern holds starting from an area and walking
towards another one. Therefore, the prior could be
extended with proof about the area a human comes
from. Moreover, the prior model could be extended
with a traffic analysis. For example, there is more
traffic from area A to B in comparison to area C,
which makes walking pattern k = 2 more likely
than pattern k = 1.

Human Maneuvering Intention Estimation 7



Uncertainty of the model is introduced by a
hypothesis none of the above HNOTA. This hypo-
thesis should have a high probability if the other
hypothesis are low in likelihood and thus there is
no modelled situation which is likely. Therefore,
the proof p(~vH |HNOTA) is chosen independent of
~vH and is thus a constant value. If there are more
likely hypothesis, the none of the above hypothesis
lowers in probability due to the normalization term
in (14).

In case of Figure 5, the results of the described
validation method are shown in Table I. The highest
probability states that the human walks from A to
C, followed by walking from B to C and walking
from A to B. The probability of walking to C is
the summation of hypotheses k = 1 and k = 3
resulting in p = 0.68 versus p = 0.22 for area B
and p = 0 for area A.

Table I: Results of example shown in Figure 5

pk(~vH |Hk) pk(Hk|~vH)
H0 0.00 0.00
H1 0.78 0.40
H2 0.41 0.22
H3 0.53 0.28
H4 0.00 0.00
H5 0.00 0.00
H6 0.00 0.00

HNOTA 0.20 0.10

III. EXPERIMENTS

In order to validate the methods multiple exper-
iments are performed at a crossing in a hallway.
Discretization of the hallway is done to distinguish
different navigational options. In Figure 6, a top
view picture of the hallway is shown and a distinc-
tion is made between the crossing, door B, corridor
A, C and D, and the corridor with the robot. A

picture from the point of view of the robot is shown
in Appendix D in Figure 15.

Position and velocity estimation of a human is
applied with a Kinect v2 3D camera, the Openpose
human detection algorithm [4] and Kalman Filter-
ing. The settings of the algorithm are presented
in Appendix E. In total, four experiments are
performed.

First, the hypotheses generation and validation
around the robot is tested. The experiment consists
of validation of the hypothesis that a human walks
from corridor C, taking a left on the crossing, past
the robot towards corridor D. The visualisation of
this hypothesis is shown with blue visualisation
streamlines in two timestamps, as visualised in
Figure 7. In Appendix D, the pictures taken by
the robot corresponding to these timestamps are
shown.

At the left of Figure 7, the hypothesis of passing
the robot on the left starts at the crossing. When
the human takes a left at the crossing, towards
the corridor, the corresponding field of passing
the robot left, is narrowed to the corridor, as
shown in the right of Figure 7. In Table II, the
probabilities corresponding to walking towards an
area of interest, passing or colliding with the robot,
standing still and none of the above are presented.
Note that the hypotheses towards A, B and C have
zero likelihood when the human is walking away
from the crossing in the corridor. Also note that
that the hypothesis of passing the robot on the left
increases probability between both timestamps.

A

C

B
D

Corridor

Crossing

Reserved Area
Robot

Walls

Areas of
Interest

Figure 6: Discretized map from experiment
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B

A

C

D

Streamlines field Walls
Human with
velocity vector

Reserved area
Robot

Area of
Interest

B

A

C

D

Figure 7: Visualised hypothesis of coming from corridor C, taking a left at the crossing, passing the
robot on the left from corridor towards corridor D (in RVIZ). Note that the transparency of the area of
interest (green) correlates to the probability of moving towards this area.

Table II: Resulting probabilities of experiment in
Figure 7.

p (left Fig 7) p (right Fig 7)
pass robot left 0.34 0.44

pass robot right 0.08 0.00
collide with robot 0.29 0.26
walk to corridor A 0.12 0.00
walk to corridor B 0.05 0.00

stand still 0.00 0.00
NOTA 0.12 0.30

To visualise hypotheses over time, experiment
two is performed. In Figure 8, the map with a
human’s measured path is visualised, where the
human walks from door B towards corridor C.

In Figure 9, the different probabilities corres-
ponding to the hypotheses from Figure 8 are shown
over time. The robot starts with confirming the
hypothesis of walking towards corridor D behind
the robot and switches to the confirmation of the
human walking towards corridor C.

Note that there is no prior knowledge included in
the current implementation. It is recommended to
analyse typical traffic patterns throughout the map

in order to have a better estimate on beforehand.
For example, after analysis it is concluded that
there is more traffic from from door B to corridor
C in comparison to corridor A. Then it would be
possible to state a preference beforehand for the
robot, for example leaving space at the blue dashed
line.

The third experiment shows a human which is
not instantly choosing one area over another. In
Figure 10, the map is shown and in Figure 11
the probabilities connected to the hypotheses are
shown over time. Note that the algorithm shows
more uncertainty in the none of the above (NOTA)
hypothesis with respect to experiment two in Fig-
ure 9. Moreover, the algorithm changes the prob-
able area of interest as soon as movements are
made towards another area.

The final experiment shows a human on collision
course with the robot. In Figure 12, the map and
in Figure 13 the probabilities over time are shown.
Note that the hypotheses passing right, passing left
and collision are, in this case, sub hypotheses of
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Figure 8: Human walking from door B to
corridor C.
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Figure 9: Human walking from door B to
corridor C, as shown in Figure 8.
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Figure 10: Human searching for target in front
of robot.
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Figure 11: Human searching for target, as
shown in Figure 10.
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Figure 12: Human walking from corridor C
towards the robot.
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Figure 13: Validation of collision course of the
human.

walking towards corridor D.
The current implementation lacks a dedicated

walking pattern analysis and optimization. In order
to improve on generic walking patterns, such as
collision avoidance or cornering, optimization is
recommended on a semantic level. For example,
learning features as a typical distance from the hu-
man to the robot to start avoiding each other. These
optimizations would improve the vector fields and
thus distinction between collision and passing on
the left or right of the robot.

IV. CONCLUSIONS AND RECOMMENDATIONS

This work shows a human maneuvering inten-
tion estimation system based on local hypothesis
creation towards semantic goal locations. This re-
search shows the potential of estimating the human
maneuvering intention on a semantic level. By
explicitly using collision avoidance hypotheses, the
robot is able to validate if a human avoids the
robot. A graph based abstraction of the discretized
map makes it possible to define multiple local

(combinations of) areas of interest within a given
distance from both human and robot.

This method deals with not defined walking
patterns with explicitly showing more uncertainty
and recovers when progression is again made to-
wards a modelled area of interest. Improvements
are suggested for multiple areas.

First, it is recommended to combine this research
with motion planning. While this method validates
different local semantic hypotheses, it is possible
to reason about multiple motion planning actions.
For example, if a human passes on the right, the
robot could give space by moving to the left. Or
if the human passes in front of the robot towards
a door, the robot could wait and continue up until
the human reached his target. This would extend
the research done in [17], which would create a
robust method to moving humans.

Secondly, optimization of generic walking pat-
terns. By learning generic walking patters, such as
collision avoidance or cornering improves the cur-
rent vector fields. This results in a better validation

10 Human Maneuvering Intention Estimation



of the given hypotheses.
Thirdly, adding traffic information of the world

is suggested as prior knowledge. By increasing
the amount of prior knowledge, the robot is more
robust for detection of common walking routes. For
example, the robot could conclude about more free
space in front of non-used doors.

Finally, this method is suggested to be exten-
ded with multiple persons. Data association should
be applied to track multiple humans. While this
method suggests more computational effort in local
walking patterns, large groups of persons could
reduce scalability. Therefore, it is recommended to
monitor groups, instead of individual humans in
case of group walking behaviour.
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APPENDIX

A. Pivot point

The pivot point of a curved vector field is
determined by the intersection of the waylines. If
two waylines, labelled by i = 1 and i = 2 and
defined by

aix+ biy + ci = 0 (19)

are not parallel and thus have an intersection point,
the inequality

a1b2 − a2b1 6= 0 (20)

should hold. If (20) holds, the x-coordinate of the
intersection point is calculated using

x =
b1c2 − b2c1
a1b2 − a2b1

(21)

and the y-coordinate by

y =
a2c1 − a1c2
a1b2 − a2b1

(22)

B. Position to progression transform

In order to define progression of tube elements,
the x and y coordinates are mapped to p and p⊥.
For straight elements this transform is a shift and
rotation defined as

 pp⊥
1

 =

c(θT ) −s(θT )
s(θT ) c(θT )
0 0

(s(θT )− c(θT ))xT
−(s(θT ) + c(θT ))yT

1

xy
1

 (23)

where c(·) and s(·) are the cosine and sine
function respectively, and xT , yT and θT the trans-
formation variables.

For curved fields the transformation is defined
with shifted polar coordinates as[

p
p⊥

]
=

[
tan( y−yTx−xT

)− θT√
(x− xT )2 + (y − yT )2

]
(24)

C. Solution tube example

In Table III the solution of the example used in
Figure 3 is shown.

Table III: Solution of solved variables of usecase

I II III
xt 0 4.0 4.0
yt 0 0.0 0.0
θT 0 π

2
−π

2
C1 1.0 1.0 1.0
C2 0.0 0.0 0.0
C3 -0.5 -0.25 − 1

3

C4 0.5 0.25 1
3

c01 0.0 0.0 0.0
c02 0.0 0.0 0.0
c03 0.0 0.0 0.0
c11 0.0 -0.52 0.0
c12 -0.125 -1.22 0.0
c13 1.0 0.00 0.0

In Figure 14 five streamlines, including the
edges, of the solution are visualised in black. The
red lines indicate the waylines.

0 1 2 3 4 5 6 7

-3

-2

-1

0

1

2

3

4

5

Figure 14: Solution of the usecase, visualised in
five streamlines

D. Hallway experiment

In Figure 15, a picture is shown of the crossing
from the experiment.

Figure 15: Picture of hallway taken by robot
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The human detection algorithm used is Open-
pose [4]. This algorithm detects multiple human
key-points in a picture and detects body-parts
between them, as shown in the colored lines over
the human in Figure 16 and 17. At these key-points
distance measurements are performed and averaged
to obtain a 3D representation of the human. In
Figure 16 and 17, the two timestamps related to
Figure 7 are shown.

Figure 16: Picture related to timestamp at left of
Figure 7.

Figure 17: Picture related to timestamp at right of
Figure 7.

E. Settings algorithm experiments

In Table IV, the settings of the algorithm are
presented. The robot is placed in a hallway with
a crossing in order to have multiple hypotheses to
validate. The reserved area around the not moving
robot yields a safety margin around the setup. The
search and consideration area, side margins of the
field and time constraint of remaining inside a
field, is chosen in such a way that the analysis is
valid for the order size of seconds, at a typical
walking speed of 1.3ms−1. NOTA is chosen in the
lower segment, while it is assumed most situations
are modelled in this hallway situation. The slope
avoiding collision is determined based on manual
observations of humans avoiding each other in a
hallway.

Table IV: Used settings algorithm

setting value
position robot x 1.5 [-]
position robot y 4.5 [-]

length reserved area robot 1.2 [m]
width reserved area robot 0.75 [m]
slope avoiding collision 1.0 [-] (45◦)
search area around robot 3.0 [m]

search area around human 4.0 [m]
likelihood NOTA 0.3 [-]

consider human distance 5.0 [m]
minimum walking speed human 0.1 [ms−1]

time constraint remaining in field 1 [s]
sideMargin constraint field 0.4 [m−1]
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