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Abstract—In this paper, we consider the problem of mo-
bile robots navigating in environments with non-rigid objects.
Whereas robots can plan their paths more effectively when
they utilize the information about the deformability of objects, ; '
they also need to consider the inuence of the interaction o . Can | pass
with the deformable objects on their measurements during the al - throught
execution of their navigation task. In this paper, we present a .
probabilistic approach to identify the measurements in uenced
by the deformable objects. Based on a learned statistics about
the in uence of the deformable objects on the measurements,
the robot is able to perform a sensor-based collision avoidance
of unforeseen objects. We present experiments carried out with
a real robot that illustrate the practicability of our approach.

. INTRODUCTION

The ability to safely navigate in their environment is one
of the fundamental tasks of mobile robots. Accordingly,
the problem of safe navigation has received considerable
attention in the past. The majority of approaches for nav-

igation, however, has been developed for environments lec} identify the measurements that do not correspond to the

rigid obstacles [17, 13] and does not consider the potenti . . -
. . . . .ﬁeformable object and come from other, possibly even rigid
deformations imposed on the corresponding objects whi acts

the robot navigates through the environment. In the reS”

world, however, not all obstacles are rigid and taking this |n this paper, we present a probabilistic approach that
knowledge into account can enable a robot to accomplisiliows a mobile robot to distinguish measurements caused
navigation tasks that otherwise cannot be carried out. Fel deformable objects it is interacting with from ordinary
example, in our everyday life we often deal with deformableneasurements. This allows the robot to utilize standard re-
objects such as plants, curtains, or cloth and we are algetive collision avoidance techniques like potential ®[d2]
able to utilize the information about the deformability bBt  or dynamic window techniques [4, 3, 14] simply by ltering
corresponding objects. Consider, for example, the s@nati out measurements that are caused by the objects the robot is
in which a curtain blocks a potential path of the robot asteracting with. Additionally, the ability to reliably &htify
depicted in Fig. 1. Without the knowledge that the curtaim cameasurements not perceiving parts of the deformable object
be deformed, the robot would always have to take a detownables the robot to correctly interpret them also for the sa
Precise information about the cost of potential defornmetio of collision avoidance. Our approach has been implemented
however, allows the robot to plan cost-optimal paths thhougon a real robot and evaluated in a collision avoidance task
the corridor, thereby deforming the curtain at minimal costcarried out while the robot interacts with a curtain. The re-
For robots that operate in environments with deformablgults demonstrate that our approach allows the robot tdysafe
objects, two tasks are essential. First, the robot needs 4Qoid obstacles while it is interacting with a deformable
be able to take the cost of deformations resulting from itgbject.
interaction with deformable objects into account during th
path planning process. Furthermore, the robot needs to pelhis paper is organized as follows. After discussing relate
able to appropriately interpret its sensory input during thwork in the following section, we present in Section Ill an
interaction with the deformable objects. For example, myri overview of our current navigation system for robots operat
the interaction, the robot necessarily gets close to the d#d in environments with deformable objects. In Section IV,
formable object so that its eld of view might get obstructed W€ describe how our robot estimates the cost of deforming

However, for safe navigation the robot still needs to be abf@Piects and how it incorporates this information during the
path planning process. Section V then contains our approach
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Fig. 1. The mobile robot Albert reasoning about its trajegtor



Il. RELATED WORK costs by means of regression. This is based on our previous
) ) approach [6]. In contrast to [6], we realize in this paper a
Most approaches to mobile robot path planning assumg,,ning system on a real physical mobile robot and not only
that the environment is static and that all objects are fifd i, gimyation which requires a series of adaptations and new
11, 2]. In the last years, however, path planning techniquggqp g es for successfully planning paths in environsient
for deformable robots in static environments have beelin deformable objects. This includes a sound way on
presented [7, 10]. _ how to interpret the sensor data a mobile robot perceives
In case objects in the environment are deformable, thghile deforming an object. Our approach allows for Itering
underlying model for deformations and the model of thgne range data obtained with the robots sensor to label
environment have a substantial in uence on the accuracy @kams that are re ected from a deformable objects. This,
the estimated deformations as well as on the performange (r makes our technique orthogonal to other collision
of the planner. There exist geometric approaches such a%idance techniques and enables the robot to combine
the free-form deformation (FFD) that can be computedyisiing techniques with our method. Thus, we explicitly
ef ciently, for example, the FFD method of Sederberg and,qgress these open issues and are able to deploy a real robot
Parry [19]. Physically motivated approaches use eithesmasy;ith the capability of safely moving though environments

spring systems [16] or Finite element methods (FEMs) whicRjith deformable objects, leaving the world of simulation
re ect physical properties of the objects in a better waypahing.

see [8, 15].

Kavraki et al. [10] developed the f-PRM-Framework that Ill. SYSTEM OVERVIEW
is able to plan paths for exible robots of simple geometric Our approach to mobile robot motion planning in real
shapes such as surface patches [9] or simple volumeteavironments with deformable objects uses a typical lay-
elements [1]. They apply a mass-spring model and thered architecture for realizing the navigation functidtres.
planner selects the deformation of the robot that minimizeBesides drivers for sensors and the robot, the hardware
its deformation energy. Similar to this technique, Gayl@bstraction layer, etc., three key components are the
et al. [7] presented an approach to path planning for a  path planning module, the
deformable robot that is based on PRMs. To achieve a more collision avoidance module, and the
realistic simulation of deformations they add constrafots localization module.

volume preservation to the mass-spring model of the robot. The path planning system computes trajectories that guide
In the context of collision avoidance, several successfihe robot to its desired goal location and is executed with
methods have been presented. They are typically executedher low frequency. In contrast to that, a collision awide
with a higher frequency compared to path planning, operaifiodule operates with high frequency in order to avoid colli-
mainly on the sensor data itself with the task to ensursions with unforeseen and/or dynamic obstacles. Findlyy, t
collision free motion of the robot. Such methods can roughlyycalization module runs Monte-Carlo localization keepin
be divided into map-based approaches such as road-magck of the robot's pose.
or cell-decomposition techniques (see [13] for an extensiv |n the context of navigation in real environments with
overview), and reactive, sensor-based approaches [40]4, Zjeformable objects the key questions are: (i) how to plan
Such methods are designed to react to unforeseen obsta(ﬂg?ectories in the presence of such obstacles and (ii) how
but assume all objects to be rigid. to interpret the sensor data so that the robot can distihguis
The techniques described by Fex al. [5] as well as between unforeseen obstacles to avoid and deformable ob-
Schmidt and Azarm [18] combine the sensory informatiofects, which is needed for collision avoidance as well as for
with a given map of the environment to deal with objectsocalization.
that cannot be detected with the robot's sensors. Brock andA prerequisite to address these issues is an appropriate
Kathib [3] presented an integration of path planning an¢hodel of the environment. First, a traditional map (here
reactive collision avoidance. There exist also methods thgrid map) is needed to represent static obstacles. Second,
incorporate speed into the planning process in combinatiafeformable objects need to be modeled. It is, however,
with collision avoidance [22]. signi cantly more complex to represent deformable objects
The techniques mentioned above that are able to deal wignce one needs to store the three-dimensional structure of
deformable objects have been mainly used in simulations atite object as well as its elasticity parameters to allow for
not on real robots When applying those techniques in theadequate simulation of deformations.
real world, a series of problems arise such as hoyv to mtterpre IV. ROBOT TRAJECTORY PLANNING
the sensor data perceived by the robot while it is deforming CONSIDERING OBJECT DEFORMATIONS
an object as well as adaptation to the collision avoidance
system. A. Learning Deformation Cost Functions
Our planning system applies FEMs to compute object To allow for efcient generation of trajectories for a
deformations. In order to perform the path planning tasknobile robot in environments with deformable objects, we
ef ciently, we precompute potential deformations for a sebuild upon our recent work [6]. The key idea is to learn cost
of robot movements through the objects and estimate thienctions for the individual deformable objects paranmietst



by different trajectories leading to deformations. In arde
to carry out this task in an efcient manner, a physical
simulation engine is used in a preprocessing step to cadécula
the corresponding cost functions. For making adequate pre-
dictions of the object deformations, we apply nite element
methods to model the deformations.

Once a set of trajectories deforming an object is simulated
in order to obtain the corresponding costs, these values can
be used to approximate the deformation cost function. Our
path planner then evaluates trajectories ughkigaccording
to the cost function

C(path) = C gef (path) + (1 ) Ciravel (path); (1) Fig. 2. Generating a model of a curtain (top) and a plant (bottéor
predicting the deformation cost: Left: photo. Second frofti fgoint cloud.

where 2 [0;1] is a user-de ned weighting coef cient that Second from right: tetrahedral mesh. Right: 3D model .
determines the trade-off between deformation and patts.cost

Given our current implementation, the robot is able t&et manually. However, in a future step, we plan to acquire
answer path queries in typical indoor environments in led§is information autonomously by the robot itself from ferc
than 1 second — in contrast to several hours that Wou[@!jsplacement relations obtained with a 7-DoF manipulator.
be needed if the deformation simulations were carried oy applying a force to unknown objects and by measuring
at runtime. For further details, we refer the reader to ouhe displacement, we hope to learn the elasticity paraseter
previous work [6]. It should be noted that our approactpuch a procedure, however, is not yet implemented in our
makes the assumption that there are no interactions betwe@Hrent system.
the different deformable objects and that they are xed in V. COLLISION AVOIDANCE

the environment, such as curtains or (rather heavy) plants. . ) i . i
In this section, we describe the collision avoidance system

B. Object Reconstruction developed for our robot that navigates in environments with

Our previous work dealt with the path planning issuesleformable objects. Our robot is equipped with a SICK laser
on an abstract level carried out only in simulation. Wescanner with 180 degree opening angle. We use the range
furthermore assumed that accurate 3D models incorporatifigeasurements for a basic collision avoidance behavior.
the deformation parameters are known. In this work, we go When navigating autonomously, the robot constantly has
a step further and also learn the 3D model of the object observe its environment in order to react to unforeseen
This is done by using a real mobile robot equipped with Qbstacles. At the same time, it might get close to deformable
laser range nder mounted on a pan-tilt unit. objects when deforming them. Therefore, the main problem

The robot perceives 3D range scans of the object froffi our setting is to gure out which measurements cor-
different perspectives and generates a consistent 3D modigéspond to a deformable object, which means that these
by means of the iterative closest point (ICP) algorithm. Fofeasurements can be ignored by the collision avoidance
the simulation of deformable objects, a tetrahedral mesh gstem. Note that we do not claim that our approach can
needed, which is reconstructed from the 3D model as shovtistinguish deformable from rigid objects only based oetas
in [21]. This method can handle un-orientable, non-madifoldata in general. However, by combining the knowledge about
or damaged surfaces, and is therefore particularly seitmipl Objects in the environment and their geometry with estimate
the reconstruction from 3D scans. Based on the 3D scan©h range scans during deformations, we can estimate the
signed distance eld is computed where the set of voxeldeformability of an observed object.
having negative sign represents the volume of the object. We model this problem in a probabilistic fashion: Lt
Next, a uniform axis-aligned grid is laid over the distancélenote the binary random variable which describes the event
eld. All cells outside the volume are discarded and théhat beami hits a deformable object. Them(ci | X;zi)
remaining cubical cells are split into tetrahedrons. Fjnal  describes the probability that bearhits a deformable object
smoothing lter is applied to optimize the tetrahedral mestgiven the robot positiorx and the range measurement
(see Fig. 2 for example models). Deformations of objects afPplying Bayes’ formula, we obtain
then computed using a linear relation between the forces and p(zijx; ¢ )p(cijx)
displ tg of the single el ts (i.e. the tetrahedrons): P(GX;Zi) = —— - - —!

isplacements of the single elements (i.e. the tetrahedrons): p(zijx; ci)p(cijx) + p(zijx; : ¢)p(: Gijx) 3)

F=K(E ) 2) Here, p(zi j Xx;¢i) is the sensor model and(c; j x) is
with stiffness matrixK (E; ) depending on the elasticity the prior denoting the probability of observing a deforneabl
parameters Poisson ratioand Young modulug . object from positionx. We will shortly go into detail of

One open issue is the question of how to determine theow to learn these models. The sensor mauel j X; : ¢)
elasticity parameters of the individual objects after atqg corresponds to the common sensor mque] j X) when no
the 3D model. In our current system, these parameters ateformable objects are present.
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Fig. 3. Sensor model for the trajectory depicted in the lefirgg shown are the probabilitiggc; j x) (second from left), the average beam length when
observing the deformable object (second from right) as welhe standard deviation (right) for the robot position and the viewing angle.

A. Learning sensor models for deformable objects dynamic object or simply stops the robot if the distance to an
The sensor moded(z; j x;ci) not only depends on the obstacle is too close. An example of the collision detection

robot position but also on the trajectory relative to an obje IS given in Fig. 4.
For instance, the robot will measure a different distance VI. EXPERIMENTAL RESULTS

to the curtain when it is situated in front of it than it ]
would while passing through and deforming the curtain. We performed several experiments to evaluate the perfor-

Therefore, we determine sensor models corresponding f2nce of our developed planning system on a real robot.
different trajectories of the robot relative to an object. e used an iRobot B21r platform equipped with a SICK
For each trajectory, we record different datasets congjsti 13S€" range nder. Our implementation is based on CARMEN
of the robot positiong (provided by the localization module) Which is a navigation software allowing independent moslule
and the ranges and then manually label the beams re ected® communicate via a middle-ware. To integrate our approach
by the deformable object. From the labeled measuremedf{® CARMEN, we replaced the collision detection method

obtained along these trajectories, we compute the seatisti INSide the module “robot” as well as the planning module
termed “navigator” with our software. In addition to thatgw

i 4 : (4) extended the localization module which is based on MCL
NitS ger + MiSSESyer so that the laser beams hitting a deformable object during
where hitsger is the number of beams re ected by a de-deformation are not considered in the sensor model.
formable object andmisses.s states, how often no de- We mounted a set of curtains in the corridor of our lab
formable object was observed for positienand viewing as deformable objects. First, we evaluate our sensor model
anglei. The sensor modgh(z; j x;c;) is described by a for deformable objects. Next, we analyze the performance
Gaussian with average rangeand variance 2. An example of our collision avoidance system during path execution in
of the deformable sensor model for a typical robot trajgctorthe presence of unforeseen and dynamic obstacles. Finally,
through the curtain is shown in Fig. 3. we give some examples of how the incorporation of the
deformation cost function in uences the path search.

hits ger

p(ci j x) =

B. Avoiding collisions

During path execution, the robot constantly monitors ité\- Sensor model prediction
position and also its sensor measurements for utilization i In the rst experiment, we evaluated how well our sensor
the collision avoidance system. In our case, the robot hasodel for deformable objects is able to predict the presence
to distinguish between allowed collisions with deformablef deformable objects. We learned a sensor model for two
objects and impending collisions with unforeseen or dymamidifferent trajectories through the curtain that were chose
obstacles which have to be avoided. This is done by lteringreferably by our path planner. To compute the sensor model
out the range measurements that observe a deformable objstettistics, we recorded the laser data and the robot positio
with high probability. Therefore, we evaluate Eq. (3) focka and manually labeled the laser beams that were re ected by
beam and identify those beams that can be neglected for i@ curtain. For each trajectory, we performed a leavearte-
collision avoidance. cross-validation using 11 trajectories for learning thedeio

Note that this labeling or ltering of the range measure-and one for evaluation. The results of this experiment are
ment offers a great potential since it is done orthogonaummarized in Table | and demonstrate, that the system is
to traditional collision avoidance methods. As a resulis th able to distinguish between deformable and static obstacle
technique can be combined with any other collision avoidwith high accuracy. While the number of false positives is
ance technique as, for example, with the dynamic windowat around 3%, the number of false negatives is below 1%.
approach [4] or the nearness diagram technique [14]. - )

The detected measurements which are identi ed as b8 Recognition of dynamic obstacles
longing to dynamic obstacles can be incorporated into the While it is intuitive that the sensor model is able to
navigation system to update the path of the robot or into argistinguish between deformable and static obstacles, it is
existing sensor based collision avoidance routine. Oueatir not clear how well the classi cation works in the presence
implementation performs replanning if a path is blocked by af dynamic obstacles in the vicinity of the deformable
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Fig. 4. Different collision avoidance scenarios (top rowgser beams are evaluated with respect to their likelihoodbskrving a deformable object.

In the second row, the classi cation of the individual lagerams is illustrated while in the bottom row, the probabitfyeach beam together with the

ground truth is shown.

True label True label
Detected label Deformable Object| No deformable Object Detected label Deformable Object| Dynamic Object
Deformable Object 43857 (97.1%) 621 (0.9%) Deformable Object 8563 (96.5%) 98 (2.1%)
No Deformable Object] 1292 (2.9%) 65907 (99.1%) Dynamic Object 314 (3.5%) 4600 (97.9%)
Total 45149 66528 Total 8877 4698
TABLE | TABLE I

CONFUSION MATRIX FOR PREDICTING WHETHER A BEAM HITS A CONFUSION MATRIX FOR AN ENVIRONMENT CONTAINING BOTH

DEFORMABLE OBJECT IN A STATIC ENVIRONMENT DEFORMABLE AND DYNAMIC OBJECTS

objects. The key question is whether the system is able still able to recognize dynamic obstacles and thus avoided
distinguish well between these obstacle classes and dnerefcollisions with these obstacles.

is able to navigate safely. An important precondition for

this is of course that the sensor can perceive a dynanfic Example Trajectories through Curtains

obstacle and that it is not completely occluded by the For our experimental setup, we varied the trade-off be-
deformable object. To answer this question we performegeen the deformation cost and the travel cost. The results
several experiments where our robot moved on a trajectofyr an example trajectory can be seen in Fig. 5. When
deforming the curtain while dynamic obstacles were blogkinthe weighting coef cient , which determines the trade-
its path. The recorded laser scans were labeled accordingff between deformation and travel cost, is set to moderate
and evaluated with respect to the prediction performancgalues, then the planner prefers trajectories going throug
The results are listed in Table II. In this experiment, theasily deformable objects. Note that in our scene, the cur-
number of false negatives is comparable to the situatio@in consists of two individual, neighboring curtains. The
in static environments while the number of false positiveginimal-cost path, therefore, guides the robot through the
is around 1% higher than in the previous experiment. Owontact point of both curtains. This fact can be observed
experiments, however, showed that this still leads to a safg Fig. 6, where the curtains are moved compared to the
behavior. In the worst case, the false negatives forced tfpﬁ:‘evious example. Here, the planner chooses a slightlyelong
robot to stop when it was not necessary while the falsgajectory in order to minimize the deformation costs. Hina
positives usually where outliers in a region of correctlya sequence of snapshots of our real robot navigating through
classi ed dynamic obstacle beams. Therefore, the robot wae curtains is shown in Fig. 7. The execution of this



Fig. 7.

(2]

(3]

(4]
Fig. 5. Planning a trajectory for different weightings oettdeformation
cost ( =0 (left), =0:2 (middle), = 0:8 (right)). 5]

(6]

(7]

(8]
Fig. 6. The planner prefers trajectories that minimize objiesdbrmations. [°]
The curtains in the left picture are moved 40 cm along the pesit-axis
compared to the picture on the right. The weighting coef tienis set to 10
0:2 in both examples. (10]
path together with demonstrations of the collision avo@an
system can be found in the accompanying video. [11]

VII. CONCLUSIONS

In this paper, we presented an approach for navigation iy,
environments with deformable objects that explicitly ke
into account the inuence of the interaction between th

. 13]
robot and the deformable objects onto the measuremeniﬁl]
Our approach is purely probabilistic and estimates for each
measurement as to whether or not it might be caused by g[}%]
deformable object in the environment. This allows the rob
to get close to deformable objects and still avoid collision[16]
with non-deformable objects. In our planning system, the
costs of object deformations are determined using nite elg;7;
ment methods to appropriately model the physical progsertie
Additionally we perform pre-computations to allow for an
ef cient online-calculation of path queries.

Our approach has been implemented and tested on a real
robot and in a practical experiment, in which the robot i$!°!
able to deform objects and at the same time avoid collisions
with people. Future work will include the learning of the[20]
parameters of the deformable object based on the interactio
between the robot and the objects so that better statisti
about the in uence on the sensory input can be calculated.

(18]
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