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Abstract

The world contains objects with various properties - rigid, granular, liquid, elastic
or plastic. As humans, while interacting with the objects, we plan our manipulation by
considering their properties. For instance, while holding a rigid object such as a brick,
we adapt our grasp based on its centre of mass not to drop it. On the other hand while
manipulating a deformable object, we may consider additional properties to the centre
of mass such elasticity, brittleness etc. for grasp stability. Therefore, knowing object
properties is an integral part of skilled manipulation of objects.

For manipulating objects skillfully, robots should be able to predict the object prop-
erties as humans do. To predict the properties, interactions with objects are essential.
These interactions give rise distinct sensory signals that contains information about
the object properties. The signals coming from a single sensory modality may give
ambiguous information or noisy measurements. Hence, by integrating multi-sensory
modalities (vision, touch, audio or proprioceptive), a manipulated object can be ob-
served from different aspects and this can decrease the uncertainty in the observed
properties. By analyzing the perceived sensory signals, a robot reasons about the object
properties and adjusts its manipulation based on this information. During this adjust-
ment, the robot can make use of a simulation model to predict the object behavior to
plan the next action. For instance, if an object is assumed to be rigid before interaction
and exhibit deformable behavior after interaction, an internal simulation model can be
used to predict the load force exerted on the object, so that appropriate manipulation
can be planned in the next action. Thus, learning about object properties can be de-
fined as an active procedure. The robot explores the object properties actively and
purposefully by interacting with the object, and adjusting its manipulation based on
the sensory information and predicted object behavior through an internal simulation
model.

This thesis investigates the necessary mechanisms that we mentioned above to
learn object properties: (i) multi-sensory information, (ii) simulation and (iii) active
exploration. In particular, we investigate these three mechanisms that represent differ-
ent and complementary ways of extracting a certain object property, the deformability
of objects. Firstly, we investigate the feasibility of using visual and/or tactile data to
classify the content of a container based on the deformation observed when a robotic
hand squeezes and deforms the container. According to our result, both visual and
tactile sensory data individually give high accuracy rates while classifying the content
type based on the deformation. Next, we investigate the usage of a simulation model
to estimate the object deformability that is revealed through a manipulation. The pro-
posed method identify accurately the deformability of the test objects in synthetic and
real-world data. Finally, we investigate the integration of the deformation simulation
in a robotic active perception framework to extract the heterogenous deformability
properties of an environment through physical interactions. In the experiments that we
apply on real-world objects, we illustrate that the active perception framework can map
the heterogeneous deformability properties of a surface.
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Sammanfattning

Föremål i våran omvärld har olika egenskaper - hårt, granulärt, flytande, elastiskt
eller plastiskt. Medans vi interagerar med dessa objekt, planerar vi som människor ge-
nom att överväga deras egenskaper. Till exempel, om du håller ett hårt objekt som en
tegelsten, anpassar du ditt grepp baserat på dess masscentrum för att inte släppa det. Åt
andra sidan, när du manipulerar ett deformerbart objekt, kan överväga du ytterligare
egenskaper, som elasticitet,sprödhet och så vidare för greppstabilitet. Att vara medve-
ten om objektegenskaper är därför en integrerad del av manipuleringen av objekten.

För att förutsäga egenskaperna är interaktioner med objekt väsentliga som män-
niskor. Dessa interaktioner ger upphov till tydliga sensoriska signaler som innehåller
information om objektegenskaperna. Signalerna som kommer från en enda sensorisk
modalitet kan ge upphov till tvetydig information eller brus i mätningen. Genom att
integrera multi-sensoriska modaliteter (syn, beröring, ljud eller proprioceptiv) kan ett
manipulerat objekt observeras från olika synhåll och detta kan minska osäkerheten i de
observerade egenskaperna. Genom att analysera de upplevda signalerna kan en robot
förstå objektegenskaperna och justerar manipulationen baserat på denna information.
Under denna justeringen kan roboten använda en simuleringsmodell för att förutse ob-
jektbeteendet för att planera nästa åtgärd. Om ett objekt exempelvis antas vara hårt
före interaktion men verkar vara deformerbart under interaktionen kan en intern simu-
leringsmodell användas för att förutse den belastningskraft som kan utövas på objektet,
så att en lämplig manipulering kan planeras vid nästa tillfälle. Således kan inlärningen
av objektegenskaper definieras som en aktiv process. Roboten utforskar objektegen-
skaperna aktivt och målmedvetet genom att justera dess manipulation baserat på den
sensoriska informationen och det förutsagda objektbeteendet av sina interna simule-
ringsmodeller.

Denna avhandling undersöker dem nödvändiga mekanismer som vi nämnde ovan
för att lära sig objektegenskaper: (i) multisensorisk information, (ii) simulering och (iii)
aktiv utforskning. I synnerhet undersöker vi dessa tre mekanismer som representerar
olika och komplementära sätt att extrahera en viss objektegenskap, objektets deformer-
barhet. För det första undersöker vi möjligheten att använda visuella och / eller taktila
data för att klassificera innehållet i en behållare baserat på deformation som observeras
när en robothand pressar och deformerar behållaren. Enligt vårt resultat ger både visu-
ell och taktil sensorisk data individuellt höga noggrannighetsgrader medan du klassifi-
cerar innehållstypen baserat på deformation. Därefter undersöker vi användningen av
en simuleringsmodell för att uppskatta objektets deformerbarhet som avslöjas genom
manipulation. Den föreslagna metoden identifierar noggrant deformationen av testob-
jekten i syntetiska och verkliga data. Slutligen undersöker vi integrationen av defor-
mationssimuleringen i en robotisk aktiv perceptionsram för att extrahera de heterogena
deformerbarhetsegenskapema hos en miljö genom fysiska interaktioner. I de experi-
ment som vi tillämpar på verkliga objekt, illustrerar vi att den aktiva perceptionsramen
kan kartlägga de heterogena deformerbarhetsegenskaperna hos en yta.
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Chapter 1

Introduction

Robotic devices have been used for manufacturing in the factories since the beginning of
1960s [110]. These industrial robots were used to carry out specific actions repetitively
without any variation, such as printing circuit boards, picking or assembling pieces. For
such tasks, the performance of robots was evaluated based on whether they were cheaper,
more robust and stronger than human labor [110].

However, in recent years, robots start to be integrated in the daily life of humans. Hence
now, they are not only expected to do pre-structured repetitive work but they are also ex-
pected to plan more complex manipulations and adapt their actions to less structured en-
vironments, such as household environments, e.g., handling kitchen utensils to cook [13].
To do this, robots should be able to develop skilled, human-level manipulation by learning
to plan autonomously and to interact safely with their environment [6]. Hence the goal is
to let robots achieve similar performance to the remarkable manipulation skills of humans.

According to the neuroscience studies, such as [55, 78, 162], the secret of the manip-
ulative skill of the human hand is prediction. For instance, Flanagan et al. [54] review
recent studies on the control of hand in object manipulation and their conclusion is that
our nervous system employs predictive control mechanisms based on knowledge of object
properties while planning the sub-tasks for manipulating objects. Thus we can deduce that
object properties play a significant role in this prediction mechanism. In addition, our ner-
vous system does not only plan the subsequent sub-tasks to perform an action, e.g., reach,
pick up, lift, but also predicts the motor commands required to perform those actions and
distinctive sensory events caused by the object properties (e.g., shape, weight, elasticity
etc.) [54]. These sensory events occur as a result of contact events during manipulation,
e.g., a contact of the finger with a mug to grasp [54]. During these contact events, the
information coming from different sensory modalities about objects guides the adjustment
of manipulation, while the manipulation itself provides us additional information about
object properties. This adjustment consists of a parametric adaptation of the manipulation
to object properties, e.g., adjusting the load force of the grasp based on the weight of ob-
ject. Hence, through these contact events, humans explore object properties actively and
purposefully and make adjustments to the manipulative actions [27, 53, 113]. During this

1



2 CHAPTER 1. INTRODUCTION

exploration, even though tactile signals are essential for skilled manipulation, the human
motor system benefits from the multi-sensory modalities [78]. This is supported by other
cognitive studies, such as [47, 69, 70, 79, 111] where findings show that both vision and
touch have significant roles in gathering information about object properties. The integra-
tion of vision and touch helps to observe the task performance from multiple aspects and
to learn the correlation of different sensory modalities for a better prediction of purposeful
motor command [54]. After sensory integration, the motor system compares the predicted
and actual sensory events. If the motor system detects a mismatch between the actual and
predicted signals, it adjusts the next motor command based on the detected error. During
this adjustment, the motor system can employ an internal model of the object dynamics
depending to its properties, e.g., weight, density or elasticity, to predict the behavior of the
object before the real manipulation is applied [56]. Hence, this prediction mechanism can
also be viewed as a simulation of object dynamics to predict the behavior of objects. For
instance, this internal model can help to predict "the load force acting on the object, so that
grip force can be suitably adjusted" [54].

Therefore, a key factor of skilled manipulation is the prediction of object properties
that can be extracted trough contact events during manipulation. These properties affect
the outcome of sensory signals and consecutively the motor commands to realize planned
actions. The mechanisms to learn these object properties can be organized into:

• Integration of sensory modalities

• Modeling of object dynamics for internal simulation

• Active and purposeful exploration through manipulative contact events

In summary, a human motor system that enables skilled manipulations can be defined as
a closed feedback loop that adjusts the motor command to object properties [78]. This
closed-loop system employs feedback coming from multi-sensory modalities and model
of object dynamics to control manipulative contact events that give rise to sensory events
and enable active exploration of objects.

Similar to humans, robots make use of a closed feedback loop for successful manipu-
lation. We can observe this mechanism by examining the phases of a simple task, such as
to carry object from one surface to another surface. This action can be separated into its
several sub-goals. First the robot reaches towards the object and a contact occurs between
the gripper and the object. During this phase the robot predict the properties of the object,
such as weight or deformability to adjust grip force. Later, when the robot tries to lift
the object, the controller detects that the current load force of the gripper is not sufficient
to lift the object by comparing the predicted and actual signals. The robot gathers this
information through its sensory modalities, such as tactile sensors. Based on the predic-
tion error, the controller adjusts the load force of the gripper to reach the next sub-goal,
which is lifting the object. As we see in this example, many different mechanisms have
to be employed and complement each other to manipulate an object: planning, control,
processing sensory information and prediction of the object properties. Although these in-
dividual mechanisms have been studied in depth in the last decades [29, 75, 138], a robotic
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Figure 1.1: An overview of how multi-sensory information, simulation and active explo-
ration interact. Sensory information is the foundation of both simulation and active ex-
ploration. Active exploration will influence future sensory information and also impact the
prediction of the parameters of the simulation model through manipulation. The simulation
influences action selection during active exploration.

system that approaches human manipulation skills does not exist yet. Because current au-
tomated frameworks have still constraints regarding managing uncertainty and unexpected
situations in the real-world [6].

Predicting the object properties can help robots to manage these uncertainties and to
improve robotic manipulation skills [35, 36, 59, 61, 147]. The predicted object properties
can be used for both low-level motor control and higher level motion planning algorithms
with the aim of making object manipulation more robust [35]. For instance, knowing de-
formable properties help robots to navigate in environments with deformable objects [59].
Moreover, learning physical properties of objects can be helpful to manipulate complex
semi-solid materials, such as food objects [61]. In all these circumstances, the agent must
adapt its manipulation to the properties of the environment. Robotic manipulation can
thus greatly benefit from a closed-loop feedback that considers object properties while is-
suing the motor commands. To extract the properties, robotic systems could make use
of multi-sensory information, simulating object dynamics and active and purposeful
exploration strategies similar to humans (Figure 1.1). In the following, we will shortly
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introduce these processes with their implementation for learning about objects in robots.

1 Multi-sensory information for learning object properties

There have been many studies that investigate the use of different sensory modalities to
learn object properties [35, 36, 61, 147]. To do that, in most of these studies, single sen-
sory modality was employed. The challenges of learning about objects using a single
sensory modality are uncertainty in the data and incomplete information coming from a
single sensor [43]. However, through integrating multi-sensory information, this can be
overcome. As in humans, using multiple sensory modalities enables the robot to monitor
multiple aspects of the task performance (see Figure 1.1) and to decrease the error that
arises due to the noise or incomplete data [43]. For instance, while pushing an object to
understand its softness, tactile sensors can gather information about local information and
through visual sensors, global deformation can be observed. There are various studies that
integrate different sensory modalities in robotics [4, 23, 26, 59, 60]. Nevertheless, there is
no robust method to explore object properties yet. Thus, there is still a need to investigate
the usage of the sensory modalities, their limitation and their performances in observing
information. For instance, in the past, tactile has been accepted as the superior to other
sensory modalities in observing object properties, such as surface smoothness or firmness.
However, tactile sensing in robotics have not yet reach to human-level tactile sensing as
stated by Dahiya et al. [39]. In the study of Dahiya et al. [39] where they examine the issues
that keep tactile sensing away from the capacity of human level sensitivity, they state that to
improve tactile sensing of robots, instead of developing another touch sensor, designing the
tactile sensing system should be the focus. According to the robotic tactile sensing system
that they suggest, the integration of different sensory modalities has a great significance as
in humans to construct a real-world model. Hence using other sensory modalities – vision,
audio or proprioceptive sensors together with tactile sensing can improve the capacity of
tactile sensing. To do that, employing sensory modalities beyond their usual utilization,
such as using vision for classifying physical object properties rather than only for pose
estimation and how to integrate these sensory modalities should be investigated further.

2 Simulation for learning object properties

Simulating object dynamics is another important part of learning object properties. Sim-
ulation models are powerful tools supporting the design, planning and analysis in many
areas of robotics. They can improve the capabilities of sensors by simulating the realistic
environments and providing additional information about the real environment. In this re-
alistic simulated environments, a robot can learn to manipulate an object in different ways
safely by learning various properties of the object, e.g., while grasping a mug, learning the
affordances of the objects such as the contacts between the finger and the mug, and the
necessary forces to apply [168]. Another benefit of simulation is prediction. By simulating
what would happen before applying a manipulation in real life, the robot can predict the
outcome of the manipulation and plan its next motion based on this, such as predicting the
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behavior of a deformable object after contact by the robot ends [7]. This prediction en-
ables the robot to predict the outcome of a manipulation and plan its manipulation to avoid
from the unwanted events such as unstable grasp, breaking or squishing an object. Thus,
simulation can be seen as a source of feed-back additional to the sensors that help robots
to extract the object properties and make decisions by predicting the outcome of different
strategies while planning (see Figure 1.1).

There are some challenges for simulating object behavior. Firstly, in order to simulate
the object behavior correctly, the model parameters should be known beforehand. How-
ever, different materials show different dynamics, such as elasticity, plasticity or viscosity.
Thus the difference in the material properties affects the model parameters. In most cases,
these material properties are not known beforehand. Hence, in order to run the models
correctly, mechanisms that learn the model parameters should be developed by observing
the behavior of the object during manipulation [7, 26, 59, 60] (see Figure 1.1).

Additionally, choosing the right model is important. A complex computational model
can be unnecessary or unusable depending on the task requirements and existing resources
due to the insufficient data, e.g., noisy data, coming from sensory modalities, while a
more simplistic model may not be adequate to represent the object behavior precisely. For
instance during a surgery with a robotic device, a precise real-time finite element methods
(FEM) model might be needed for predicting the precise pose of the organs. This requires
powerful computational capabilities, a large capacity of memory and precise sensory data,
since a computational model with high dimensional state space such as a FEM model
requires a lot of data to deal with the noise in the observations [137]. On the other hand, if
we want to use simulation for collision detection to protect the robot joints from the threat
of rigid impacts, a less accurate and simpler model that provides the force information
of a collision, such as a mass-spring model, may be adequate [19]. Also, there can be
restrictions due to the lack of sensors. For example, most robotic frameworks use force-
based models, e.g., FEM and mass-spring models. However, some robots may lack the
sensors for force measurements. In addition for robots that learn through visual data, force
information may not be available. If one calculates force through motion observation,
it may cause an accumulation of error. In such cases, different simulation models, e.g.,
position-based methods [17] can be helpful. Therefore, even though there are models, such
as FEM that give physically accurate results for representing object behavior in robotic
applications, there exists a need to investigate different models.

3 Active exploration for learning object properties

Another integral part of learning object properties in robotics is active exploration. Cogni-
tive studies show the connection between motor exploration and learning object properties
in human development [27, 53, 113]. This connection has been employed by robotics
researchers to develop robots that learn about objects through active exploration [76, 116,
130, 143]. While actively exploring the object, robot plan its manipulation to extract object
properties (Figure 1.1). Closely related to active exploration, active perception is presented
to machine perception by Bajcy [8] in 1988. Bajcy [8] describes "active" as "purposeful
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Multi-sensory information

Dragiev et al. [41]

Güler et al. [67]
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Bajcsy [10]

Studies on SLAM
(Thrun et al. [154])

Figure 1.2: An illustrative overview for learning object properties and where our work (red,
bold) fits.

changing the sensors’s state parameters to sensing strategies". In active perception, con-
trolling strategies are seen as data acquisition processes that depend on the current state of
the data interpretation and the goal or the task of the process [8]. During these processes,
alongside the directly measured sensory data, complex processed sensory data that provide
feedback are needed as well [8]. Recent techniques from various areas, such as computer
vision, machine learning and physical simulations help to employ such complex processed
sensory data and to improve active exploration in robotic studies. One of the early ex-
amples of such studies is Simultaneous Localization and Mapping (SLAM) [154] that has
great success in localization and mapping. Another series of studies in robotics, such as
[50, 90], employ active tactile perception with probabilistic approaches to implement ex-
ploratory procedures and learn about object properties. For a broader overview, the reader
is referred to surveys [9, 83, 89, 159]. In these studies, we see that most of the active explo-
ration studies consider exploration of rigid objects, while a lot of objects we come across
in the real-world have more complex physical properties, such as elasticity, plasticity and
articulation. Therefore a robot that learns about object properties autonomously should
have the ability to explore the properties of non-rigid environments.

4 Thesis outline and contributions

In this thesis, we studied the components that an intelligent robotic system should have to
learn about object properties autonomously for skilled manipulation. These components
that we explain above are as follows: multi-sensory information, simulation and active
exploration. These three components enable an intelligent closed-loop system where feed-
back from sensory information and simulation model adjusts the robotic manipulation to
objects properties while actively exploring the objects as in human motor systems [54]
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(Figure 1.1). In particular, we investigate each of these components by employing differ-
ent techniques from machine learning, computer vision and computer graphics to extract a
certain object properties – deformability though manipulative actions such as squeezing or
poking.

In this section, we continued on describing the content of the each chapter where we
investigated the three components we described above. Also we describe the contribution
of our work and our related published papers. While reading the following section, the
place of our work in the current literature and its relation with other related literature can
be viewed in Figure 1.2.

4.1 Chapter 2: Multi-sensory Information

In Chapter 2, we present the investigation of the usage of unimodal (visual or tactile) and
bimodal (visual and tactile) data to identify the content of a container after squeezed by
a robotic gripper. The content property is represented through deformation occurred on
the container after performing a manipulation – squeezing. Visual and tactile modalities
give information around the gripper and under the gripper, respectively, about the content
type. We compare the performance of these two different sensory modalities in classifying
the the content categories and investigate whether they complement each other in the same
task – learning the content categories from the sensory data. Through our work, we ex-
plore the use of vision in a role other than just pose tracking but integrating it with tactile
information to improve the perception of physical properties of a container. The bulk of
this work was presented at IROS 2014 [67] (see Figure 1.2-Multi-sensory Information).

Publication: Güler, P., Bekiroglu, Y., Gratal, X., Pauwels, K., and Kragic, D. (2014,
September). What’s in the container? Classifying object contents from vision and
touch
Abstract:
Robots operating in household environments need to interact with food containers of dif-
ferent types. Whether a container is filled with milk, juice, yogurt or coffee may affect
the way robots grasp and manipulate the container. In this paper, we concentrate on the
problem of identifying what kind of content is in a container based on tactile and/or visual
feedback in combination with grasping. In particular, we investigate the benefits of using
unimodal (visual or tactile) or bimodal (visual-tactile) sensory data for this purpose. We
direct our study toward cardboard containers with liquid or solid content or being empty.
The motivation for using grasping rather than shaking is that we want to investigate the
content prior to applying manipulation actions to a container. Our results show that we
achieve comparable classification rates with unimodal data and that the visual and tactile
data are complimentary.

4.2 Chapter 3: Simulation

In this chapter, we present the investigations on identifying the usage of position-based dy-
namics (PBD) simulation [105] to estimate the deformability of objects. PBD models that
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are fast and memory-wise efficient models are commonly used in interactive gaming envi-
ronments and can be useful for robotic methods with hard real-time constraints. However,
their ability of identifying the deformability of real-world objects has not been explored.
Here we explore this by analyzing the following issues:

• We investigate automatic calibration of the parameters of a PBD model based on real
physical deformations of the objects.

• We analyze the flexibility and capability of a PBD model for representing deforma-
tion of the objects.

A part of this work has been presented at Humanoids 2015 [68] while another part has
been submitted to IROS 2017 [118] (see Figure 1.2-Simulation).

Publication: Güler, P., Pauwels, K., Pieropan, A., Kjellström, H., and Kragic, D.
(2015, November). Estimating the deformability of elastic materials using optical
flow and position-based dynamics.
Abstract:
Knowledge of the physical properties of objects is essential in a wide range of robotic
manipulation scenarios. A robot may not always be aware of such properties prior to inter-
action. If an object is incorrectly assumed to be rigid, it may exhibit unpredictable behavior
when grasped. In this paper, we use vision based observation of the behavior of an object
a robot is interacting with and use it as the basis for estimation of its elastic deformability.
This is estimated in a local region around the interaction point using a physics simulator.
We use optical flow to estimate the parameters of a position-based dynamics simulation
using meshless shape matching (MSM). MSM has been widely used in computer graph-
ics due to its computational efficiency, that is also important for closed-loop control in
robotics. In a controlled experiment we demonstrate that our method can qualitatively es-
timate the physical properties of objects with different degrees of deformability.

Publication: Güler, P., Pieropan, A. and Kragic, D., Estimating object deformabil-
ity using meshless shape matching, (submitted)
Abstract:
Humans interact with deformable objects on a daily basis but this still represents a chal-
lenge for robots. To enable manipulation of and interaction with deformable objects, robots
need to be able to extract and learn the deformability of objects both prior to and during
the interaction. Physics-based models are commonly used to predict the physical proper-
ties of deformable objects and simulate their deformation accurately. The most popular
simulation techniques are force-based models which need force measurements. In this
paper, we explore the applicability of a geometry-based simulation method called mesh-
less shape matching (MSM) for estimating the deformability of objects. The main advan-
tages of MSM are its controllability and computational efficiency which make it popular in
computer graphics to simulate complex interactions of multiple objects at the same time.
Additionally, a useful feature of the MSM that differentiates it from other physics-based
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simulation is to be independent of force measurements which may not be available to a
robotic framework lacking force/torque sensors. In this work, we design a method to es-
timate deformability based on certain properties, such as volume conversation. Using the
finite element method (FEM) we create the ground truth deformability for various settings
to evaluate our method. The experimental evaluation shows that our approach is able to
accurately identify the deformability of testing objects, supporting the value of MSM for
robotic applications.

4.3 Chapter 4: Active Exploration

In this chapter, we present the investigation of the usage of a simulation model for active
exploration to model an environment with heterogeneous deformability properties. We
employ a PBD based simulation to estimate the deformability of the surface. Also, we
employ machine learning techniques – Gaussian Processes to interpret the current state of
the data for choosing the next data acquisition strategy and map the deformability distri-
bution of the environment. The main contribution of our work is the ability to model the
deformability of an environment from few physical interactions.

This work constituted parts of a paper [31] that appeared in Humanoids 16. Active
exploration framework that made use of Gaussian Process regression was developed and
implemented by Caccamo, the main author of [31]. The author of this thesis contributed
in the implementation of deformability estimation and with parts of the article text (see
Figure 1.2-Active Exploration).

Publication: Caccamo, S., Güler, P., Kjellström, H., and Kragic, D. (2016, November).
Active perception and modeling of deformable surfaces using Gaussian processes and
position-based dynamics.
Abstract:
Exploring and modeling heterogeneous elastic surfaces requires multiple interactions with
the environment and a complex selection of physical material parameters. The most com-
mon approaches model deformable properties from sets of offline observations using com-
putationally expensive force-based simulators. In this work we present an online proba-
bilistic framework for autonomous estimation of a deformability distribution map of het-
erogeneous elastic surfaces from few physical interactions. The method takes advantage of
Gaussian Processes for constructing a model of the environment geometry surrounding a
robot. A fast Position-based Dynamics simulator uses focused environmental observations
in order to model the elastic behavior of portions of the environment. Gaussian Process
Regression maps the local deformability on the whole environment in order to generate a
deformability distribution map. We show experimental results using a PrimeSense camera,
a Kinova Jaco2 robotic arm and an Optoforce sensor on different deformable surfaces.





Chapter 2

Multi-sensory Information

Figure 2.1: An illustrative schema of multi-sensory information taken from Figure 1.1.
The data coming from different sensors (RGB, depth, tactile data etc.) that have disparate
capabilities can be integrated to complement each other while predicting object properties.

11
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In this section we investigated the usage of multi-sensory modalities to learn a partic-
ular object property— contents in a container, e.g., whether a container is empty or filled
with yogurt. We hypothesize that different content types reveal different deformability
properties under a manipulation. Our aim is to capture the deformability using different
sensory modalities (vision and touch) and identify the content type based on this informa-
tion.

1 Introduction

Relying on single sensor limits the ability of robots to resolve ambiguity arising due to
noise, uncertain or incomplete data and to detect errors or failures [44]. These shortcom-
ings are not a product of the algorithms used, but they are an unavoidable consequence of
attempting to make global decisions based on incomplete partial information coming from
a single sensor [44].

Human cognitive systems are highly skilled overcoming the ambiguity while perceiv-
ing their environment. For example if we move our hand quickly across a surface, the
stimulation of touch nerves becomes more intense compared to slow measurements [64].
The brain compensates for this, such that the perceived roughness is not affected by the
speed of contact.

A number of studies have found that human cognitive systems overcome the ambigui-
ties by combining multiple sensory modalities while learning object properties. In one of
such studies [111], the authors investigate the role of sensory modalities in understanding
object shape and show that vision and touch provide complementary information. In this
study, two objects were presented to human subjects and asked to match them by unimodal
(visual-visual, haptic-haptic) and cross-modal (visual-haptic, haptic-visual) shape compar-
ison. Cross-modal shape comparisons led to comparable results to unimodal comparison.
According to [111], vision and touch do not exhibit any certain superiority to each other
as long as there are sufficiently distinct features to distinguish the objects for each sen-
sory modality. Hence they can compensate each other equally when one of the sensory
modalities provides ambiguous or missing information. Similarly, Helbig et al. [69] inves-
tigated how humans integrate visual and haptic information to perceive shape of objects in
a statistically optimal fashion. According to their results, bimodal data were in agreement
with the prediction of the maximum likelihood interpreter, hence this indicated that human
perception of shape was bimodal.

Also, Heller [70] studied the use of vision and haptic in humans and showed that visual
observation of hand movements improve surface texture perception. His findings showed
that touch gathered information about the texture during interaction with an object while
vision monitored the hand, see Figure 2.2. All these studies show that human perception
system is multi-sensory while perceiving environment properties.

Similar to humans, in robotic systems, different sensory modalities – visual and hap-
tic/tactile mostly – have been utilized for perceiving object properties during interaction
/grasping as shown in Figure 2.1. Haptic and force-torque sensors have been studied ex-
tensively for control of grasping and manipulation [24] to avoid slippage and prevent dam-
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Figure 2.2: The illustration of the division of labor between senses suggested by [70].
While making bimodal judgments, using vision and touch together, the participants relied
on different contributions from both: vision was used for controlling the hand and explor-
ing the haptic environment (the participants monitored their hand motion on the surfaces
being touched) and haptic was used for gathering information about surface texture. The
absence of one, either vision or touch, led to similar levels of accuracy while higher accu-
racy was achieved when these were combined.

aging objects. Vision has typically been used to plan grasping actions [84] and to update
action parameters when objects moved to compensate for manipulator positioning inaccu-
racies and sensor noise [164]. Integration of these modalities results in a richer observation
space as in humans perception system.

In robots, the quality of the information provided from multi-sensory system may de-
pend on the current state of the robot environment or the location and the state of the sensor
itself [44]. Aim of a robot system is to manage these sensors, position them to view re-
gion of interests and to integrate the resulting observations into a consistent view of the
environment that robot employs to plan and execute tasks [44]. Thus, even though differ-
ent sensory modalities may provide quite disparate capabilities, when they are considered
together, they can be complementary to each other. For instance, through haptic sensing,
robot can extract the information at the contact regions between the fingers and the object
while the change in object deformation around the finger may be extracted through visual
sensing. Through sensory modality integration, the resolution of haptic sensors that is
still inferior compared to human skin can be supported and used to develop better control
algorithms for manipulation/grasping as also stated in [39].

In this chapter, we studied the feasibility of improving the resolution of haptic sensors
by using unimodal (visual or tactile) and bimodal (visual and tactile) data to identify a cer-
tain object property – the content in a container while a squeezing action is performed on
the container. The content in a container is an important property for robots operating in
household environment that need to interact with food containers of different types. This
property can be learned by detecting the label or the shape of the container. However the la-
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bel may not be detectable or the shape may not give enough information about the content.
Therefore, we hypothesize that the content can be identified though the deformation occurs
on the container after a manipulation is performed. In another words, the deformability of
the content is the property that we try to capture by revealing it through a manipulation.
We used squeezing because it is the action prior to the grasp. While grasping, hazardous
actions can happen such as spilling or breaking the container. However by squeezing we
prevent that to happen, since it is an action prior to lifting or doing other actions that can
be harmful if it is not planned properly.

In the earlier robotic studies, they used vision mostly as a guidance rather than com-
plementary to tactile while learning object properties and learning manipulation of objects.
For example, Allen et al. [5] and Björkman et al. [23] used it to guide the touch of the grip-
per while Kragic et al. [84] used it to track objects for grasp planning. The difference of
our work is to infer information about an internal object property (content in a container)
by combining disparate capabilities of different sensors: vision provides local information
about the area around the gripper and tactile sensors provide information under the gripper
(Figure 2.1). We compared their performance in a unimodal way first by classifying the
data coming from different sensory modalities separately. Then by integrating them, we
investigated the bimodality of two different sensory data, i.e. whether they can compen-
sate each other when one has more uncertainty. The focus is thus to investigate to what
extent vision and haptic modalities individually or combined are useful by comparing dif-
ferent learning methods: k-means, k-nearest neighbors (kNN), and quadratic discriminant
analysis (QDA).

2 Related Work

In the literature of using sensory modalities for learning object properties, the pre-dominant
used sensory modalities are vision and tactile. Hence we separate the literature into three:
using only tactile perception, using only visual perception and integrating multi-sensory
modalities that include sensory modalities other than vision and tactile as well, such as
audio and tactile integration (see Figure 2.3). There is a a considerable amount of surveys
that investigate the usage of each of these sensory modalities thoroughly such as [24],
[109] about tactile sensing, [85], [25] about visual sensing and [33], [42] about multi-
sensory data integration. Here, instead, we concentrate on the substantial works and recent
developments in each field. We also group the literature of each modality based on the
three types of the property similar to [11]: identifying physical (substance) properties, e.g.,
brittleness, elasticity, stiffness etc., structural properties – shape, pose, width or height,
and functional properties (affordances) – the properties that affect the functionality of the
object.

2.1 Touch Sensing in Object Properties Recognition

In the early works of robotics, the inspirations of exploring object properties has come from
psychological studies such as Klatzy and Lederman [87]. These studies have suggested that
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Figure 2.3: A schema of the summary of literature and their relation to our work (red, bold).
Circles and squares show the groupings for sensory modalities and the properties learned,
respectively. The studies of MULTI-SENSORY consists of a more detailed version of
MULTI-SENSORY INFORMATION group in the literature review in Figure 1.2.

properties of objects such as hardness, surface texture, temperature and shape were each
acquired by particular hand movement patterns [11]. Hence based on motivation coming
from psychological studies, robotic research, such as [11] and [149], has concentrated on
designing exploratory procedure to learn object properties using tactile sensing of robotic
fingers.

The earlier predominant research in tactile sensing has been conducted in exploring
structural properties of objects. As an example, Ellis et al. [45] has explored recognizing
planar objects using tactile measurements of contact position and surface normal. Simi-
larly, Fearing et al. [48] has investigated recovering shape information from tactile data.
Okamura and Cutkosky [116] have proposed a method that detected local surface features
such as bums and ridges using a round robotic fingertip that slid and rolled. Differently,
rather than using finger tip, Takamuku et al. [152] has recognized objects using an an-
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thropomorphic hand. The hole hand was covered with sensitive skin and hand opened
and closed around the objects until the object converged to a discriminating pose. These
studies have focused mostly on the exploration strategies to acquire tactile data and object
properties effectively.

In more recent years, with the advances in data analysis and machine learning tech-
niques, researchers have started to focus on how to analyze the acquired tactile data to
extract distinctive features for making object recognition more effective. Pezzementi et
al. [124] has represented tactile data in a bag-of-features framework using the techniques
from computer vision, such as filters and SIFT for haptic object recognition. Similarly,
Schneider et al. [141] has applied a variant of the bag-of-features approach to the tactile
images that were obtained when the robot grasped an object, and showed that the robot
could recognize a large set of different objects. Gorges et al. [66] have developed an ap-
proach to recognize objects by combining key features coming from tactile and kinesthetic
data using self-organizing map (SOM) that is a neural network based clustering algorithm.
Alternatively, Sinapov et al. [146] have learned ordinal object relationship of three ordinal
properties: weight, width, height by claiming that many object properties cannot be repre-
sented well using discrete categories. They employed supervised learning algorithms that
were trained based on the orders of the objects associated with object properties.

With the advances in dynamic tactile sensors, such as piezoelectric sensors, that take
into account the dynamic changes, researches started to focus on learning physical prop-
erties other than shape, such as the roughness or hardness of a surface. Because these
dynamic tactile sensors give information about temporal change such as detecting stress
change, slip etc. [88]. For instance Howe and Cutkosky [74] investigated perception of
fine surface features with stress rate sensing. Similarly Sinapov et al. [147] used piezo-
electric vibration to determine the hardness of probed biomaterials. Chitta et al. [34]
estimated the internal state of objects, i.e., if a bottle is closed, open, full or empty, by
using tactile information based on the temporal pressure feedback coming from grippers
grasping the object. Alternatively, there were works that used biomimetic tactile sensors to
detect texture properties such as roughness, deformability or stickiness as in [36] and [50].
Also there exited studies that concentrate on learning mechanical properties. One of such
studies is the work of Gemici et al. [61] that learned haptic representation for manipulat-
ing deformable food objects. They proposed the design of feature descriptors to capture
the properties of semi-solid objects and to recognize objects from haptic observation in a
supervised manner. Similarly, Yussof et al. [165] developed a low force control scheme
for identifying object hardness in robot manipulation based on tactile sensing. Addition-
ally, there were works that were trying to distinguish friction coefficients to avoid slippage
and crushing [72, 96]. In these works, they usually introduced a system that estimated the
friction coefficients from the tangential forces while pressing a tactile sensor - usually a
cylindrical elastic finger-shaped sensor - on a surface [34].

Affordances are another types of characteristics of objects in which environment influ-
ences the function. The aim of robotic studies that learn affordances is usually improving
the task completion such as a successful grasp. In haptic research, the most of these work
has concentrated on learning grasp affordances [15]. Bierbaum et al. [22] calculated grasp
affordances from multi-fingered tactile exploration using dynamic potential fields. Al-
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ternatively Chu et al. [37] learned haptic affordances such as open-able, scoo-able using
demonstration and human guided exploration.

2.2 Visual Sensing in Object Properties Recognition

In robotics, visual data is mostly used for learning structural properties, e.g., shape. Robot
use this information to learn about their environment for executing tasks and navigation in
the environment.

Shape recognition using visual cues is one of the ways of learning about environment.
It has been the focus of computer vision since many years [166]. To list all the works is
out of scope of this thesis. Here we give some substantial works and some recent works
closely related to robotics. In the earlier works, we observe that human-designed visual
features were mostly used. For instance, Murase et al. [106] have addressed the problem
of automatically learning object models for recognition and pose estimation. They have
formulated the problem as recognizing appearance rather than shape. Hence they have
created a compact representation of object appearance based on pose and illumination. In
the recent years, instead of relying of human designed features such as illumination and
pose, method that enables robots to build their own features to recognize objects has started
to become the focus. As an example, in [65], they have let robot to build its own semantic
and has used it to categorize objects. Additionally, with the advances in 3D computer vision
techniques, researches have focused on object recognition through surface matching that
enabled to overcome the difficulties of clutter and occlusion such as [16]. For instance,
Ahn et al. [2] have used a SLAM scheme based on visual object recognition. They have
proposed a novel local invariant feature extraction by combining advantages of many image
processing and machine learning techniques (Harris corner, SIFT, RANSAC clustering)
to calculate accurate metric information for SLAM update. In addition, there have been
advancements in tracking rigid objects in unstructured environments by employing 3D
geometrical features. Researchers developed tracking methods based on 3D geometric
model of objects, such as computer-aided-design (CAD) models, for robots to estimate
the pose of an object accurately and robustly in real-time in unknown environments as in
[160]. Also, 3D visual sensors, such as laser scanning or stereo cameras, have been heavily
used for object shape recovery to overcome the difficulties of cluttered scenes and the
dependency on the lightning conditions [85]. One of the early works uses superquadradics
to recover the volumetric shape of the object from a single-view point cloud [148].

Although it is not a common approach, there were studies that use vision to distin-
guish physical properties of objects. Adelson et al. [1] has learned surface properties such
as reflectance and gloss from image statistics to identify the material of objects. Also,
Matiacevich et al. [98] has calculated mechanical properties of tortilla cheap solely using
vision. However, their method was limited to certain objects.

Another area where visual sensing are used is for learning affordances of objects. The
aim of using functional properties in vision is to improve the generalization of objects
recognition [132]. One of the earliest work in this field is [150] where they have associated
the functionality to the structure of an object to achieve generalized object recognition. In
another work [151], the authors have proposed a probabilistic graphical model that they
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called the Category-Affordance (CA) model. In this model, they have used visual object
categories as an intermediate representation to make the affordance learning problem more
scalable by testing their method with an indoor mobile robot. Differently, Kjellström et
al. [82] have categorized objects according to functionality from human demonstration
rather than appearance of objects. Similarly, Pieropan et al. [126] have represented object
directly in terms of their interaction with human hands rather than in terms of appearance.

2.3 Integration of Sensory Modalities in Object Properties Recognition

Due the insufficiency of single sensor to overcome ambiguities in learning object proper-
ties, integration of sensory modalities has started to become the focus of robotics [44]. The
role of vision in these works has been to provide accurate estimates of the object’s pose
to compensate for manipulator positioning inaccuracies and sensor noise [84]. Studies re-
garding integration of sensory modalities has concentrated mostly on extracting structural
properties such as 3D object shape. One of the earliest works belongs to Allen et al. [4] that
has recognized 3D object using vision and touch without explicitly modeling the full 3D
shape. Similarly, Dragiev et al. [41] has included laser data in addition to tactile measure-
ments. Björkman et al. [23] has utilized both visual and tactile sensing to model unknown
objects by touching them strategically at parts that were uncertain in terms of shape without
exhaustive exploration. Nakamura et al. [107] has proposed an unsupervised multimodal
categorization based on audio-visual and haptic information. In their method, while the
robot grasped and observed an object from various points, it also analyzed the acoustic
signals occurred during the manipulation.

Apart from learning structural properties, extracting physical properties using sensory
integration have been heavily studied as well. Ueda et al. [158] has introduced a new hand
called eNAIST-Hand and a grip force control by slip margin feedback. By estimating the
slip, they have controlled the grip force. Their sensor has consisted of a camera and a force
sensor to implement the direct slip margin estimation. In addition, deformation proper-
ties such as elasticity have been estimated by integrating visual sensors with force/torque
sensors. One of the earlier works, Howard et al. [73] have estimated the hardness of ob-
jects by integrating stereo-vision system that provided object dimension, position and a
force/torque sensors. Similarly, a more recent work of Frank et al. [59] have integrated
force measurement with visual depth sensing to estimate the elasticity of the object to
navigate in deformable environments.

In order to improve the information learned about object functionalities, multi-sensory
modalities have been used to learn about affordances of objects as well. One of such
works is Pieropan et al. [127]’s paper where they have applied audio-visual classification
and detection of human manipulation actions. Also, Bekiroglu et al. [14] have proposed a
method to learn tactile features of grasp stability to assess grasps by combining visual and
tactile sensors.



3. CONTRIBUTION AND AN OVERVIEW OF THE FRAMEWORK 19

Fi
ng

er
se

gm
en

ta
tio

n
D

ep
th

di
ff

er
en

ce
fr

om
th

e
K

in
ec

td
at

a
at

F s
te

ad
y,

da
ta

an
d

th
e

m
od

el
at

F s
te

ad
y,

m
od

el
(F

st
ea

dy
,d

at
a
−

F s
te

ad
y,

m
od

el
)

A
re

a
ar

ou
nd

fin
ge

r
(F

st
ea

dy
,d

at
a
−

F s
te

ad
y,

m
od

el
)

A
re

a
un

de
rfi

ng
er

T s
te

ad
y

C
om

bi
na

tio
n

of
ta

ct
ile

an
d

vi
su

al
da

ta

SD
H

w
ith

ex
am

pl
e

ta
ct

ile
re

ad
in

gs
Ta

ct
ile

re
ad

in
gs

on
th

e
fin

ge
rs

Fi
gu

re
2.

4:
O

ur
fr

am
ew

or
k

fo
re

xt
ra

ct
in

g
vi

su
al

an
d

ta
ct

ile
da

ta
:D

ur
in

g
gr

as
pi

ng
,a

co
nt

ai
ne

ri
st

ra
ck

ed
us

in
g

a
m

od
el

ba
se

d
tr

ac
ki

ng
m

et
ho

d
de

ve
lo

pe
d

in
[1

20
].

W
e

tr
ac

k
th

e
ob

je
ct

po
se

in
or

de
r

to
lo

ca
liz

e
th

e
co

nt
ai

ne
r

an
d

th
er

ef
or

e
ca

pt
ur

e
its

de
pt

h
va

lu
es

.
T

he
di

ff
er

en
ce

be
tw

ee
n

th
e

de
pt

h
va

lu
es

co
rr

es
po

nd
in

g
to

th
e

m
od

el
of

th
e

co
nt

ai
ne

ra
nd

th
e

K
in

ec
td

at
a

at
th

e
st

ea
dy

st
at

e
of

th
e

gr
as

p
is

ca
lc

ul
at

ed
.F

in
al

ly
,a

lo
ca

la
re

a
ar

ou
nd

th
e

fin
ge

ri
s

ex
tr

ac
te

d.
A

tt
he

st
ea

dy
st

at
e,

ta
ct

ile
re

ad
in

gs
ar

e
al

so
sa

ve
d.

E
xa

m
pl

e
re

ad
in

gs
th

at
co

rr
es

po
nd

to
th

e
av

ai
la

bl
e

pr
es

su
re

at
th

e
co

nt
ac

t
re

gi
on

s
be

tw
ee

n
th

e
ha

nd
an

d
th

e
ob

je
ct

ar
e

ill
us

tr
at

ed
w

ith
th

e
re

d
ar

ea
s

on
th

e
ta

ct
ile

re
ad

in
gs

in
th

e
im

ag
e.

B
lu

e
lin

es
sh

ow
th

e
or

ie
nt

at
io

n
of

th
e

co
nt

ac
tp

re
ss

ur
e

an
d

th
e

cr
os

s
sh

ow
s

th
e

ce
nt

er
of

th
e

pr
es

su
re

.B
es

tv
ie

w
ed

in
co

lo
r.



20 CHAPTER 2. MULTI-SENSORY INFORMATION

3 Contribution and an overview of the framework

In most of these previous studies, objects have different appearance and texture can there-
fore be used as an informative visual property. Our aim in this paper is to exploit to what
extent we can go beyond the classical object recognition, categorization and matching ap-
proaches and concentrate solely on local information, as shown in Figure 2.4. By local we
consider visual data resulting from the fact that a container deform differently around the
grasping point depending on whether it is empty or it is filled by different types of material.
Differently from the aforementioned related work, we focus on exploring to what extent
the available sensory modalities can provide information about this - either individually
(tactile or visual) or integrated (visual-tactile).

Figure 2.5: Our experimental setup. The containers used in the experiments and the ex-
perimental robot platform, composed of a Kuka industrial arm, a three-finger Schunk Dex-
trous hand equipped with tactile sensing arrays, and a Kinect camera. The Kinect camera
is placed approximately one meter away from the robot.
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In our approach, we let a robot to explore containers filled with different types of con-
tent by squeezing them and observing the effects of the action on the deformed container
using visual (depth) and tactile readings (pressure) (Figure 2.5). Tactile readings are com-
ing from tactile sensors of the gripper. To obtain visual readings consisting of deformation,
we calculate the difference between depth values of the container before squeezing and af-
ter squeezing. We use squeezing action for detection since previous studies [36] showed
that this action can be equally informative as other actions for object classification, e.g,
shaking. When the squeezing action becomes steady, the robot assesses the degree of de-
formation in the contact region and in the area around it through tactile and visual data,
respectively.

Later, our framework infers the type of content inside the container based on the expe-
rience gathered through an offline learning process. For this purpose, we investigated the
usage of unsupervised (k-means) and supervised (k-Nearest Neighbor (kNN), quadratic
data analysis (QDA)) learning methods.

4 Methodology

A schematic diagram of our methodology can be found in Figure 2.4. The system employs
an offline learning step and an online inference step. The offline step is used to generate
the experience based on training data. To generate the training data, we first let the robot
squeeze/grasp containers with different contents. Grasps are applied around the middle
part of the object, see Figure 2.4. We employ a model based tracking [120] to acquire
visual data that is composed of the depth values of the container. We capture the change in
depth between the first and the final grasping frame and use it as our visual input. Tactile
data from the fingertip sensors in the final grasping position are also stored.

Thus, the first step of our analysis investigates the viability of discriminating between
the different contents. For the analysis, we apply an unsupervised learning or clustering
method.

Secondly, we learn the relations between tactile/visual data and the content types using
two kinds of supervised learning methods: QDA (parametric) and kNN (non-parametric).
The choice of a learning method is dependent on the characteristics of the data: in par-
ticular, the data is high-dimensional but the available training data is limited. Thus, the
assumptions inherit to the learning methods, e.g., that the data is normally distributed, may
not hold.

The notations used through this chapter are as follows:

• Do ∈ RN×d : The dataset that contains visual and tactile data.

• N: the number of instances in the dataset.

• d: the number of dimension of one instance in the dataset.

• o ∈ {t,v, tv}: the sensory modality symbols. t=tactile, v=visual, tv=visual-tactile.

• xi
o ∈ Rd : ith instance of the dataset.
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• li: discrete content label of ith instance.

• Ff irst : the frame when the first contact of the gripper occurs with the surface of the
container.

• Fsteady: the frame when the squeezing action becomes steady.

4.1 Training Data

Our training dataset includes tactile and visual features and the class labels for each grasp-
ing experiment denoted by Do =

{
(xi

o, l
i)
}

i=1,...,N . Here, each pair (xi
o, l

i) is composed of
perceptual readings xi

o ∈ Rd ,o ∈ {t,v, tv} and discrete content labels li. A vector x repre-
senting perceptual observations includes change in depth values xi

v ∈ Rdv , tactile readings
xi

t ∈ Rdt and tactile and visual data combined xi
tv ∈ Rdv+dt . More information about the

dimension of the data is provided in Section 5.

4.2 Preprocessing of data

Before applying the learning algorithms, as a standard first step to data preprocessing, each
feature vector in the dataset is normalized to zero-mean and unit variance. Since the dataset
is high dimensional, we employ Principal Component Analysis (PCA) [144]. The principal
components that contain 80% of the variance of the dataset are used in the training phase
and the test phase of the analysis. The principal components are calculated separately for
Dv,Dt ,Dtv. We also reduce the resolution of visual data approximately six times to cope
with the limited amount of the data.

4.3 Learning Methods

4.3.1 k-means

The first method we apply is k-means clustering [94]. The goal is to identify the underlying
similarities or clusters in the dataset without making any assumptions about the class to
which the data samples belong to. Let us denote P = {P1,P2, ...,PK} to be the partitions
(clusters) of the datasets Dt ,Dv,Dtv and centroid ck ∈ Rd ,k = 1,2, ...,K as the conditional
mean of p, that is the probability mass function for the dataset, over the partition Pk. Then,
equation 2.1 is expected to be low for the partitions in P that are generated as a result of
the method.

w2(P) =
K

∑
k=1

∫
Pk

||xi
o− ck||2d p(xi

o) (2.1)

In each step of the algorithm a new ck is calculated and this calculation continues until ck
does not vary.
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4.3.2 k-Nearest Neighbor (kNN)

The second method we apply is kNN [101] that is a widely used non-parametric technique
for multi-class classification that identifies the closest training examples given a query. The
nearest neighbors of an observation is defined using Euclidean distance. We assume that
we have a finite set of classes li ∈ {C1,C2, ...,Cs, ...,CS} in training dataset Do. For the
classification of a new query xq

o, the distance between two instances is calculated as in
equation 2.2.

d(xq
o,x

i
o) =

√
d

∑
r=1

(xq
o(r)−xi

o(r))
2 (2.2)

According to the equation 2.2, the closest k instances of training dataset to xq
o are x j

o, j =
1,2, ..,k.

The target function to learn the discrete class labels through real-valued observations
can be formalized as f : Rd →Cs. Then xq

o is assigned to a class Cs using

f̂ (xq
o) = argmax

s∈1,2,...,S

k

∑
j=1

δ (Cs, f (xq
o,x

j
o)) (2.3)

where δ (m,n) = 1, if m = n and it is zero if m 6= n. f̂ (xq
o) returns a value that is the most

common value of f among the labels of k training examples x j
o nearest to xq

o.

4.3.3 Quadratic Discriminant Analysis (QDA)

The third method is QDA [51] that is a parametric method for multi-class classification.
It assumes that the data has a Gaussian mixture distribution with means and covariances
that vary for each class. In the training stage, the dataset Do is fitted into a matrix M with
size of N− by− S where N is the number of data points and S is the number of classes
li ∈ {C1,C2, ...,Cs, ...,CS}. Mis is set to 1 if the data point xi

o, belongs to the class li =Cs,
otherwise it is Mis = 0. In the inference stage, the following expectation classification cost
is minimized:

f̂c = argmin
y=1,...,S

S

∑
s=1

P̂(Cs|xi
o) f (Cy|Cs) (2.4)

where P̂(Cs|xi
o) is the posterior probability of the class li = Cs for the data point xi

o and
f (Cy|Cs) is the cost of classification of a data point as Cy while the actual class is li =
Cs. The posterior probability is composed according to Bayes rule and the likelihood is
expressed as the density of the multivariate normal with the mean µs and the covariance
Σs, while the prior probability of the class Cs is a uniform distribution over the total number
of the classes. The parameters µs and Σs are calculated as follows:

µs =
∑

N
i=1 Misxi

o

∑
N
i=1 Mis

, (2.5)

Σs =
∑

N
i=1 ∑

S
s=1 Mis(xo

i −µs)(xi
o−µs)

T

N−S
. (2.6)
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4.3.4 Test for Normal Distribution

To test whether the data is normally distributed or not, we applied Kolmogrov-Smirnov
(KS) test [97]. In this test, it is assumed that a population z = xo(r) ∈ RN has a cumulative
distribution function (cdf) f0(z). This cdf implies that for every zi, i = 1, ...,N in any popu-
lation with the sample size N, f0(zi) gives the proportion of the ones whose measurements
(corresponding to the tactile and visual features in our case) that are less than or equal to zi

in the population. f0(zi) is tested against a cumulative step function (csf) f̄ (zi) = k
N where

k is the number of the observations less than or equal to zi. The maximum distance between
f0(zi) and f̄ (zi) is then

d = max| f0(zi)− f̄ (zi)|. (2.7)

According to the comparison of d and an upper bound α (significance level), a decision
is made: the null hypothesis of the data being normally distributed is rejected, if d > α ,
where α is set to 0.05 in our experiments. We applied the test separately for Dv,Dt ,Dtv
on each feature vector, after dimensionality reductionIn Dv, for all the feature vectors the
null hypothesis is rejected while for Dt and Dtv, for only one feature vector, the hypothesis
is acceptedto a better classification performance with the QDA method in comparison to
the kNN method that do not make an assumption on the distribution of the data. We will
investigate this further in the next section.

5 Experimental Evaluation

We first describe the data collection procedure together with the data selection choices. We
then present and discuss the results of the employed learning techniques on the data.

In our analysis, we try to answer the following questions to test our hypothesis of
classifying the content types based on the degree of deformation in the contact region and
in the area around it:

• Is it possible to identify the content of a container given the available sensory modal-
ities (unimodal vs. bimodal)?

• Can there be found a natural groupings of each content type in the observed defor-
mation of the containers?

• Can it be learned an association between the content types and the observed defor-
mation of the containers?

5.1 Data Acquisition and assumptions

Our method relies on visual data acquired by a Kinect camera. The tactile data is acquired
with a seven degree-of-freedom Schunk Dexterous Hand (SDH) mounted on an industrial
KUKA arm. The SDH has two pressure sensitive tactile sensor arrays on each of its three
fingers, see Figure 2.4 and 2.5. We first generate random grasping positions on the object
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Figure 2.6: The depth values of the area representing the deformability of the content
around the finger that are obtained for the containers filled with different content. The
average of these images with 61x61 pixels is calculated for each content by removing the
finger in the middle. Different levels of the change in depth values is observed starting
from the hardest content (rice) to the softest one (empty). The middle blue area shows the
location of the finger. Best viewed in color.

Rice Flour Yogurt Water Empty

Figure 2.7: Tactile data resulting from the contact between the two fingers and the object
for the containers filled with different content - same force is applied to all containers.
Tactile data represents the deformability of the content in the area under the finger. The
average of these 6x6 tactile images is calculated for each content. The two tactile arrays
that are active during grasping are used and shown side by side in the image. Different
tactile signatures are obtained for different materials. Best viewed in color.

around its middle region. Middle region on the container along its longest edge is cho-
sen for grasping as it is considered as the most informative region for containers. Each
container is filled with the same amount of content that is about 90% of the container.

We conduct the experiments using several identical containers with different contents to
capture the actual behavior during squeezing and avoid introducing differences in the data
due to variations in the actual container material. The number of grasps executed is around
150 for each content type. 30 grasps are removed from yogurt data due to corruption.
The total number of grasp instances in the dataset is N = 731. The same amount of force
is applied for every grasp. To avoid saturation of tactile data, we run the hand with the
lowest current value. Figures 2.6 and 2.7 show, for each content, the average image of
the area around the finger and the tactile readings under the finger respectively over all
grasps with the same scale. As seen from these average images, tactile and visual data
vary depending on the content of the container. Classification using the same type of
objects with different contents is a different problem than categorizing objects according
to their surface texture [36]. It is likely to think that chosen categories may not be "felt"
distinctive enough by the tactile and the visual sensors. Saturation in visual depth values
could happen due to applying too large or too small force. In order to investigate the
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(a) (b) (c) (d)

Figure 2.8: The original image captured by the Kinect: (a) before grasping (Ff irst,data)
and (c) after grasping (Fsteady,data). The synthetic model of the container overlaid on
the container: (b) before grasping (Ff irst,model) and (d) after grasping (Fsteady,data).
The synthetic model is used by the model based tracker to track the pose of the object.
We can observe that there is a clear difference between the original image that shows the
deformed container and the estimate provided by the model based tracker. The estimated
depth difference is based on this observed depth difference obtained through subtraction.

distinctiveness of the chosen categories, we first conduct experiments with three classes
(S = 3): li = Cs ∈ {granular, liquid,empty}. Then we extend the set by two additional
classes (S = 5): Cs ∈ {empty,water,yogurt,flour,rice}.

As stated in [70], the information around the contact region provides valuable infor-
mation for object perception. We therefore select the area around the finger as our visual
input. The camera observes the grasped side of the container and we record frames starting
when the first contact (Ff irst ) with the surface occurs until the grasp reaches a steady state
(Fsteady). By steady state, we consider the pose of the fingers where the joints have stopped
moving while applying a constant current to the motors. In order to capture the change
around that area (61×61 pixels) 1, we compare the depth values of the model of the con-
tainer, xv,model ∈ R3721 at Fsteady,model and the depth values of the container xv,data ∈ R3721

obtained at Fsteady,data on the area around the finger instead of the whole container surface
from the rigid-object-tracker 2 [120], see Figure 2.8.

Fsteady,model represents the frame before grasping the container. It can be seen as an
ideal image of the container. After grasping, we differentiate from Fsteady,model and with the
comparison of the Fsteady,model and Fsteady,data, we aim to measure how much the deformed
object deviates from its original shape. This comparison provides a depth-difference image
x̂v = xv,data − xv,model . This area captures most of the changes occurring on the object
surface during grasping. Then we have our dataset for training and testing that is Dv ={
(xi

v = x̂i
v, l

i)
}

for the ith grasp.

1The selected area size is determined based on the range of the observable deformation around the finger in
a ad-hoc manner.

2The tracking module exceeds 60 Hz and the frame size is 640×480.
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(a) Tactile data projection with three classes
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(c) Visua data projection with three classes
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(d) Visual data cluster with three classes

Figure 2.9: (a, c) Projection of the data points onto the two principal components with the
largest Eigen value. Clusters of the (b) tactile and (d) visual data points for three clusters.

Tactile data is obtained from the pressure-sensitive arrays on the fingers. A specific
two-fingered pre-shape is used for grasping, see Figure 2.4. Each finger is composed of
two segments that yields a total of four tactile arrays. Since the hand achieves contact with
the fingertips, we use only the fingertip segments of the tactile arrays. The first 36 cells
of each array are used since these are in contact and therefore most informative regions.
The resulting tactile readings Tsteady that includes our raw tactile data x̂t ∈ R72 is used for
the classification of Dt =

{
(xi

t = x̂i
t , l

i)
}

for the ith grasp. For the experiments combining
visual and tactile data we use Dtv =

{
(xi

tv = (x̂t , x̂i
v), l

i)
}

. The process of data collection is
illustrated in Figure 2.4.

In addition, we also investigate the limits of using the raw data. However, due to the
high dimensionality of visual data with respect to the dimensionality of tactile data and the
amount of the data points, the number of pixels is reduced from 61×61 to 11×11. Thus,
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(a) Tactile data projection with five classes
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(b) Tactile data cluster with five classes
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(c) Visua data projection with five classes
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(d) Visual data cluster with five classes

Figure 2.10: (a, c) Projection of the data points onto the two principal components with the
largest Eigen value. Clusters of the (b) tactile and (d) visual data points for five clusters.

this time, we obtain our subsampled raw features denoted as x̄i
v ∈ R11×11 that is used for

the classification of Dv_small = {(xi
v = x̄i

v, l
i)} and Dtv_small =

{
(xi

tv = (x̄t , x̂i
v), l

i)
}

. We do
not apply PCA on this resized data.

5.2 Natural Groupings through Clustering

We analyze the data with k-means in order to show the natural groupings of content types.
Figure 2.9 and Figure 2.10 show tactile/visual data projected on the first two principal
components and the k-mean clusters with centroids. In Figure 2.9(a,c) and Figure 2.10(a,c),
the data is colored based on their original labels. In Figure 2.9(b,d) and Figure 2.10(b,d),
the data is colored based on their cluster labels calculated using k-means.

First, we investigate the dataset with three content types: empty, liquid and granular.
We set thus the number of clusters to three. The clustering is repeated 10 times and the
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average results are reported. For clustering tactile data with k = 3 (Figure 2.9(b)), some
of liquid data is clustered in the same cluster of granular. Hence, there can be some
misclassification of liquid data points in granular. The cluster centroid of the empty data
indicates that it has the most distinctive deformation among other content types and it can
be classified in high accuracy in supervised learning. Nevertheless, the cluster of empty
contain a small portion of the liquid data points, that reveals their expected similarities.
Thus, some liquid data points can be classified as empty in supervised classification and
vice versa.

Another clustering result k = 3, is shown for visual data in Figure 2.9(c, d). In the
projected data in Figure 2.9(c), we can observe that there is more overlap than for tactile
data. We can also observe the similar trend to tactile data in terms of clustering for three
content types (Figure 2.9(d)).

As for clustering with k = 5 in tactile data (Figure 2.10(a, b)), rice, flour and yogurt
have close centroids, that indicates misclassification between these three categories. water
is grouped with two different content types, empty (as in clustering with k = 3), and yogurt.
Both water and yogurt are liquid, hence this result is expected. A similar trend to tactile
data in terms of clustering is also observed for five content types (Figure 2.10(c, d))

5.3 Learning the Association between the Data and Content Classes

We set up classification experiments to evaluate if the associations between visual/tactile
data and the corresponding labels could be learned from the training data using kNN and
QDA. We test whether the same classification performance can be acquired using smaller
amount of data. As seen in Figure 2.11, the increase of the data size has a positive effect
on the classification. We thus report the results using all the available training data.

We choose on random 70% of the data for training and use the rest for testing. We
repeat the classification experiments with randomly chosen train and test splits 200 times
and report the average accuracy rates. We set the number of nearest neighbors for kNN to
three and five for three classes and five classes respectively and use Euclidean distance for
measuring the similarities between candidate neighbors.

As seen in Figure 2.12, kNN gives higher accuracy rates than QDA does in general
except in case of visual data for the granular class (see Figure 2.12(d)). The higher accu-
racy rate may be due to the fact that the data is not normally distributed generally and kNN
is not relying on that assumption. Since QDA does not improve the results for the other
two classes, we can conclude that kNN outperforms the QDA classifier. kNN classifier
performs equally well for the three-class classification, while tactile data leads to a better
accuracy for the granular and empty class compared to visual data, that shows that this
content is identified better with the tactile sensors.

As for the classification results of kNN on tactile data in Figure 2.12(c), the highest
misclassification is observed for liquid that is consistent with the findings of clustering re-
sults. Since liquid is a transition content between empty and granular, the corresponding
pressure readings are mistaken for the other classes. When we look at the kNN classifica-
tion values for visual data (Figure 2.12(d)), the worst result is obtained for the granular
class using visual data and the most of the misclassified granular data is classified as liquid.
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Figure 2.11: kNN classification on the data with different sizes with 20%, 40%, 60%, 80%,
100% of all data. The accuracy rate is shown against the data size for tactile, visual and,
tactile and visual data.

In the clustering results shown in Figure 2.9(c, d), we see that these two classes experience
significant overlap for visual data. The visual difference between granular and the other
types of contents is found not to be significantly different as compared to the other classes.

5.4 Classifying Five Materials with Uni-modal and Bi-modal Data

In this section, we analyze the classification performance for the five classes (empty, water,
yogurt, flour, rice) for the cases when tactile and visual data are integrated. Since we
achieved better results for kNN in the previous section, we performed the evaluation using
this method.

As seen in Figure 2.13(a), for tactile data, five classes are classified correctly with
the highest misclassification rate for yogurt compared to visual data. It is classified as
either flour or water. This is consistent with the results from the previous experiment
and also with the clustering results where we observe a large overlap between these, see
Figure 2.10(c). As the similarities in deformation increase in the order of: (empty, water,
yogurt, rice, flour), the classes are mostly misclassified as their neighbors that can also be
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Figure 2.12: Confusion matrices for QDA analysis of (a) tactile, (b) visual data and kNN
analysis of (c) tactile and (d) visual data for three types of contents.

seen in clustering results, Figures 2.10(c) and 2.10(d).
According to visual data classification results (Figure 2.13(b)), visual data is found to

be most informative for the water class while for the other classes visual data provides
similar accuracy rates to tactile data. In Figure 2.13(b), we see that rice and flour are
mostly misclassified as yogurt, that is consistent with the clustering of visual data based on
k-means.

Visual data also increases the accuracy rate for water if we combine the tactile and
visual data. We show the result of this combination in Figure 2.13(c) where the accuracy
rate for water increases as we observe in the previous experiment.

Nevertheless, visual data decreases the accuracy rate of yogurt and empty of tactile data
with 4%. Therefore, we conduct another experiment using the raw Dv_small and Dtv_small
with lower visual resolution. In the previous experiments, applying PCA may have reduced
the performance of tactile and visual data. Thus, in this experiment, we investigate what
kind of performance improvement we gain when we combine the raw tactile and the raw
visual data (see Figure 2.14). We gain 4.6% improvement for accuracy rate compared to
the accuracy rate of the dimensionality reduced visual-tactile data. However, for yogurt,
even though the accuracy rate of visual-tactile data is higher than visual, it is lower than
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Figure 2.13: Confusion matrices of kNN analysis of (a) tactile, (b) visual data and (c)
visual-tactile data together for five types of materials.

(a) Raw tactile, kNN (b) Raw visual, kNN (c) Raw tactile/visual, kNN

Figure 2.14: Confusion matrices of kNN analysis of raw (a) tactile, (b) visual data and (c)
integrated visual-tactile data for five types of materials.

the accuracy of tactile data. Hence, there is not any improvement still for yogurt. The
reason for that is the way kNN classifies the data points. In Figures 2.10(c,d), yogurt data
points are highly scatter over water, flour and rice classes for visual data and water and
flour classes for tactile data. Hence assigning to the nearest neighbor’s classes does not
reveal the best classification result for yogurt.

6 Discussion and Future Work

In this chapter, we set out to investigate the feasibility of using visual and/or tactile data
for classification of object contents based on container deformation observed when the
container is squeezed/grasped by a robot. We perform experimental evaluation with first
three and then five content categories, and present the results using tactile and visual data
individually or integrated. The experimental results show that visual and tactile sensing
can be utilized for identifying object content individually and integrated. Nevertheless, our
early integration method does not improve the perception of the content property. When
the accuracy of visual data classification is lower than for tactile data, it decreases the
accuracy of the classification of the integrated data (visual-tactile) as well. Hence other
integration schemes should be investigated, e.g., maximum likelihood estimate to integrate
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vision and touch as human motor system do [69].
Another limitation is the limited performance of visual data. The current limitations

of the system lie in the fact that the tracking system relies on a model of the object that
assumes objects are rigid. If the actual deformation is tracked, it may be used directly as the
measurement. The container model would then need to be continuously updated, providing
a better match with the observed scene, that would also allow us to model the temporal
aspect of the problem more efficiently. Therefore, the sensitivity level of the classifiers in
terms of dealing with finer deformation changes can be improved by modeling deformation
explicitly.

As a summary, in this section, we investigate using the vision and tactile modalities
to detect the object properties (content in this case). The content property is represented
through deformation occurred on the container after performing a manipulation – squeez-
ing. However we observe that in order to improve the understanding of the properties
the changed shape – deformation of the object should be model explicitly. To do this, a
deformation model can be helpful to predict the outcome of the manipulation beside dif-
ferentiating objects based on their properties. Thus it can be used to predict the outcome
and plan the manipulation. In order to do that, right model parameter should be known.
Therefore in the next section we will investigate modeling deformation and the calibration
of the model parameter based on the observed deformation.





Chapter 3

Simulation

Figure 3.1: An illustrative schema of our approach for estimating deformability taken from
Figure 1.1: An object model is initialized in the ground-truth data with known deformabil-
ity obtained from either real-world observations or synthetic data and deformed by pushing
the top surface. The object is initialized with the initial shape in the simulation model. By
applying the same manipulation as observed in the ground-truth data, the deformation is
computed in the simulation model. The deformability parameter is estimated by minimiz-
ing the distance between the ground-truth and the simulated deformed shape.

35



36 CHAPTER 3. SIMULATION

In the previous chapter, we have shown that a certain property of an object – the content
of a container can be inferred by observing the deformation of the object using multi-
sensor integration of visual and tactile data. However, the visual tracking component of
the system relied on a model of the object that assumes rigidity [120] and the divergence
of the observed data from this rigid model was used to define deformability implicitly. The
rigid model used by the tracker limited the amount of a deformation the tracking system
could handle. In this chapter, we will investigate the usage of a simulation of deformation
model that provides a better match with the observed scene and enables us to explicitly
model the deformation of the shape.

1 Introduction

As humans, we use a simulation mechanism in our daily life while observing the actions of
others or imagining ourselves performing an action. Cognitive studies such as [77] hypoth-
esize that the human neurological system is part of a simulation network that is stimulated
by self-intended actions or the observation of others’ actions. This simulation network is
used for planning the intended actions that will be executed, learning by observation, rec-
ognizing tools or understanding behavior of other people. Therefore, we can deduce that
simulating a physical system is not only helpful for imagining [40] an action and its effects
before applying it in real-world, but also for learning by observation about the environment
and the actions of others.

The same notions are applicable to a robotic system. Using simulation environments,
robotic systems can be designed and tested before they are built. A robot can fail or even
behave in a way that damages its environment in simulation without effecting the real-
world environment. For instance, using a simulation framework [100], an entire grasping
task can be simulated without needing an actual robot and a real object. Moreover, the
autonomous systems can integrate control and simulation in a close-loop framework where
a simulation model can test the results before the real system [168].This way, the robot
predict the outcome of a manipulation in the simulation environment and plan the sub-tasks
of the manipulation by anticipating the possible risks of the outcome in the real-world.

Manipulation of deformable objects is one of such situations where anticipation of the
outcome of the manipulation is necessary. For instance, during a robotic assisted surgery,
it is important to predict how a deformable organ behaves under a certain manipulation
– poking or cutting, to avoid harming the organ. However, the high dimensionality of
the state spaces of deformable objects makes the prediction of their behavior more difficult
than for rigid objects [142]. Because, unlike a rigid object, a deformable body has a number
of degrees-of-freedom (DOF) where every point in a deformable body can be considered
as an individual degree of freedom [71]. Therefore, the risk of the manipulation failure
increases, e.g., grasp instability or tearing a tissue of an organ during the surgery.

To handle a deformable object appropriately and predict its behavior during interac-
tion, it is of great importance to know its physical properties, e.g., elasticity, plasticity
or viscosity to plan the appropriate motor command parameter, e.g., the firmness of the
grasp. To learn such properties, some existing methods uses a physical simulation models
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while others do not employ any simulation model such as [61]. However, these non-model
based methods that rely on the direct interaction may result in an undesirable permanent
deformation of the object during manipulation. Hence, to avoid that, a simulation model
can be incorporated to learn the object properties and to help for planing the appropriate
manipulation by predicting the behavior of the object using the estimated properties.

To use a simulation model, accurate model parameters must be known. These model
parameters vary based on the material properties of objects. However, the material is
often not known beforehand. Thus, robots should be able to learn how to calibrate the
model parameters autonomously under uncertainty by observing object deformations using
the model. It is also of great importance to choose the right model for simulation since
different problems require different levels of accuracy and sensory modalities. While a
robotic assisted surgery needs a precise accuracy of modeling the shape using the FEM
model, a less physically realistic and simpler model – a mass-spring model that provides
the force information can be adequate for collision detection. Moreover, the available
sensory modalities should be considered as well. For instance, force-based models, such
as FEM or the mass-spring models, need force/torque and visual sensors to measure the
applied force and the corresponding displacement to estimate the deformability properties.
Hence, these modalities should be present in the robot in order to perceive and simulate the
behavior of the object. However, in some situations, force measurements are not available;
e.g., robots lack force/torque sensors, during manipulation of non-graspable objects such
as liquids [139] or while observing and predicting the pose of deformable objects [142].

Previous robotic approaches have mainly applied force-based deformation models to
learn material properties by calibrating the model parameters based on observations of
object deformation and measurements of the force [19], [26], [59]. An alternative approach
to force-based methods is the position-based dynamics (PBD) model [104] that in recent
years have been popular in the computer graphics community due to its efficiency and
scalability [93]. Unlike force-based methods, these geometrically motivated approach of
simulating object behavior do not need the exact knowledge of forces. Hence, they can be
an alternative simulation model for robots that lack force/torque sensors and for situations
where force measurements may not be available.

In this chapter, we propose to estimate the deformability of objects using meshless
shape matching (MSM) [105], an application of PBD that simulates rigid and deformable
objects. We are investigating the ability of the MSM to identify the deformability of objects
modeled by the ground-truth data with known deformability values. The basic idea of the
approach is shown in Figure 3.1. The ground truth data with various known deformability
properties are gathered and MSM is used to classify its deformability by estimating the
model parameter that best fits the received data. Our results show that we can differentiate
the deformability of the ground-truth objects using our PBD based method.

2 Related Work

In many fields ranging from material science to computer graphics, it is important to learn
the deformability properties of objects with high accuracy. In the literature, we observe
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that there are two approaches for doing that: non-model based methods and model based
methods. By model based, we mean that the method fits a computational model on the
observations to predict the object behavior and learn the deformability. In the non-model
based methods, manipulating deformable objects is learned without a model of the de-
formation as in [18], [61], [99]. For instance, Gemici et al. [61] proposed the design of
feature descriptors to extract the properties of semi-solid objects and to recognize objects
from haptic observation in a supervised manner. However all these methods that rely on
the direct interaction may result in an undesirable permanent deformation of the object
during manipulation. One way of avoiding this can be by incorporating a simulation com-
ponent that can learn the physical properties of objects e.g., elasticity, and assist in planing
the appropriate manipulation by predicting the behavior of the object using the estimated
properties. Following this notion, our work focuses on learning deformability using a de-
formation model. Thus, in the literature review, we focus on robotic studies that extract the
object properties by simulating the behavior of object in the real-world and fitting a model
to the observations.
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Figure 3.2: The literature overview related to the studies that employ a physical simulation
model to extract object properties. Our work is shown in bold and red. The group of the
studies consists of a more detailed version of SIMULATION set in the literature review
in Figure 1.2.

There are many studies that concentrate on different aspects of this problem, e.g., phys-
ical computational models [108] to tracking deformation [137] or learning model parame-
ters [59, 73, 102], in many different areas apart from robotics such as computer graphics,
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computer vision or material science. Giving a detailed literature survey about all these
different areas is out of scope of this thesis. Yet we give a short overview consisting all
these areas in Figure 3.2 and in Section 2.1, by grouping them into different categories with
some example studies from each of these areas to show how we see the relation between
these areas and where our work fits in the overall literature. Later, we focus on the group
of TYPE OF MODEL in Figure 3.2(d) to explain further motivation of our work and the
contribution of our work.

2.1 Learning Object Properties

We start by grouping the studies into two: learning the rigid object properties and de-
formable object properties using a simulation model. The simulation model is mostly
employed to plan or learn how to manipulate/grasp rigid objects as in [84] or [163] (Fig-
ure 3.2(a)-NON DEFORMABLE). Additionally, there are studies that model deformation
to learn the physical properties of deformable objects such as to learn the lifting force to
manipulate them [73] or to model heterogenous deformability properties of an object [21]
(Figure 3.2(a)-DEFORMABLE). Our work fits in this group since we use a deformation
model to learn object properties as well. We will describe the difference of our work from
earlier approaches in detail in Section 2.2.

Among these studies that use a deformation model, the majority of the studies are
related to the field of computer graphics (Figure 3.2(b)-COMPUTER GRAPHICS). In
computer graphics, the aim is to acquire physically accurate and/or visually plausible sim-
ulations for either scientific purposes or game simulations by using a physical deformable
model. Also, computer vision community uses the deformation models developed in the
computer graphic fields, however the main concern there is how good the computational
model fit to the visual data and robustness to the erroneous measurements rather than the
physical accuracy or plausibility [137]. In these areas, the commonly used simulation
models are force-based models e.g., FEM [12], a mass-spring model [153]. Another field
focused on modeling deformation is material science where they work on the discovery
or the design of materials (Figure 3.2(b)-MATERIAL SCIENCE). In this field, they fo-
cus on the accuracy of the estimation of material properties. The deformability properties
are estimated usually by load-displacement measurement of an indenter [117]. We observe
that in this type of studies, computer generated images of the manipulated object are mostly
not as needed as in computer graphics related areas, since estimating and visualizing the
result of the manipulation on the object is not the main concern.

Robotics is a field that uses the knowledge acquired from these two fields (Figure 3.2(b)-
ROBOTICS). The aim of simulation in robotics is usually to plan the manipulation accu-
rately and efficiently. For this, robotic systems need to estimate accurately the physical
properties. However, unlike material science field, the estimation and visualization of the
object behavior – the pose of the objects, is important to plan the future manipulations. To
do that, a robotic system can employ the deformation model for learning the deformability
property of objects and then used the learned properties to predict the outcome of a manip-
ulation before performing it in the real-life. Similarly to computer vision area, the accuracy
of the fit of the model to the data and robustness to the errors and noise are the main con-
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cern in robotics. As an example, Rios et al. [7] learned the deformation model of objects
to predict how they deformed after a manipulation was performed by using a mass-spring
model. Differently, Frank et al. [59] estimated directly the real physical material properties,
e.g., Young modulus, using a FEM model to learn navigation in an environment with de-
formable objects. Our work where we use a geometrically motivated simulation to identify
deformability of objects fits into this sub-group of works in the Figure 3.2(b)-ROBOTICS.
Moreover, we put the study of Park et al. [119] in the intersection between robotics and
material science. In [119], they developed a specialized method for automation of bone
muscle separation for the meat processing industry, hence the precise and accurate estima-
tion modeling of muscle-bone material was the main aim. However, rather than using a
simulation model, they employed a data-driven approach where the library of 3D models
of real bovine muscles was used to estimate the pose of the cut meat and bone structures.

Also we group the studies as the ones with shape recovery where they simulate the
shape of the object after the manipulation is applied and no-shape recovery where the
main concern is not simulating the shape (Figure 3.2(c)). Most studies without shape
recovery are related to material science that they calculate deformation from the indenter
displacement rather than observing the deformation of the object and focus on testing a
specific property of a material such as [98] where they estimate the mechanical properties
of tortilla chips to test their crispiness (Figure 3.2(c)-NO SHAPE RECOVERY). The
studies that concentrate on shape prediction are usually the works that need shape recovery
for tracking the object or planing the manipulation based on the simulated future object
behavior, from robotics or computer vision fields, such as [142] (Figure 3.2(c)-SHAPE
RECOVERY). In our work, we also simulate the shape of the object after a manipulation
applied and consider that it is an integral part for planning the sub-tasks of a manipulation.

We also group the studies as the "Purpose of Prediction" (Figure 3.2(e)). Some studies,
such as [137], use the simulation to track the shape of the object in the next time frame
that may not be adequate for planning a whole manipulation (Figure 3.2(e)-TRACKING).
On the other hand, in the group of the "Prediction for planning", the studies are able to
predict the outcome of a manipulation on the deformable object by learning the parameter
of the simulation based on the observed behavior of the object [59, 26](Figure 3.2(e) PRE-
DICTION FOR PLANING). Even though we do not employ motion planning in our
framework, we still consider that our works that calibrates the parameter of the simulation
model to the observations, fits in this group of work.

Moreover, we divide the types of models used in deformation modeling as force-based
and position-based (Figure 3.2(d)). Force-based models need mostly two types of modal-
ity: visual/position information and force information as in [59] and [26] (Figure 3.2(d)-
FORCE-BASED). Differently, position-based models are geometrically motivated meth-
ods that can be used in case of lacking force measurements [145] as we used in our work
(Figure 3.2(d)-POSITION-BASED).

Until here, we have summarized the studies that we see related to our work. We have
also described briefly our view about where our work fits among these studies. In the rest
of this literature review, we concentrate on robotic related works on learning deformability
of objects based on the choice of models (see Figure 3.2(e)) and our motivation to choose
the model that we use to stress the differences of our work.
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2.2 Model-based deformability learning

For simulating deformability, the most commonly used approach is the FEM model [137],
[108]. FEM aims at approximating the true physical behavior of deformable objects by di-
viding them into smaller and simpler parts called finite elements. In most of the studies, to
learn the properties of a model such as FEM, the real-world object is deformed by perform-
ing a manipulation, e.g., poking, and the occurred deformed shape is compared with the
simulated deformed shape. The majority of these methods apply one type of manipulation
such as deforming a fixed object by pushing with the same force from the same direction.
For instance, Frank et al. [59] incorporated a FEM method in their framework where a
robot learned the elasticity by pushing a fixed object and later could plan its navigation
around deformable objects using learned deformation model of the object. Since their
FEM simulations were time-consuming, they learned deformation model offline and used
Gaussian process regression to approximate the deformation on-line while robot planning
the navigation among deformable objects. Another study [20] modeled heterogeneous soft
tissues using FEM with multiple uniaxial interaction on different regions of the tissue in
an online-learning fashion. However, they relied on a complex experimental setup con-
sisting of several external cameras. Differently, Fugl et al. [60] used gravitational force to
manipulate an object and estimated its FEM-based physical properties by fitting the ob-
served deformation to their deformation model. Also there are frameworks that estimate
properties while applying multiple type of manipulation, such as [26] where the authors
proposed a method to learn elastic properties of a deformable object in an online-fashion
while manipulating it from various multi-axial directions. In our work, we apply uni-axial
single manipulation to avoid introducing differences in the deformation and estimation of
the properties due to variations in the manipulation.

Alternatively, mass-spring [112] models are another commonly used simulation meth-
ods. These methods are computationally more efficient than FEM but tuning the param-
eters to represent deformations is difficult. For overcoming this tuning problem, several
approaches were presented such as [19] and [30]. One of the earlier studies, Howard et
al. [73] used the model to estimate the lifting force of a deformable object. More recent
studies estimated the stiffness parameter of the model. For example, Bianchi et al. [19]
used FEM reference deformation to estimate the topology and stiffness of the mass-spring
model. Similarly, in [30], they used particle filters to estimate the spring stiffness param-
eter of the model. Both of these methods used synthetic data as the ground truth. There
are methods that used real-world observations as ground truth as well. For example, Rios
et al. [7] developed a multi-modal framework for offline learning of object deformation
under robotics pushing. Their difference from earlier studies was employing a generative
model that learned from training data of force and visual observations. Then, the learned
model was used to classify deformability of test materials – plastic or elastic, and to predict
the deformed pose of objects after a manipulation ended. Similarly, Schulman et al. [142]
estimated the pose of deformable objects from RGB-D data by integrating a mass-spring
model and probabilistic generative model. However, they did not predict the object prop-
erties or the model parameters and they used the model only to track the object in the the
next frame. Our method where we calibrate the model parameters to the ground truth data
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to learn the deformability of the objects is in the spirit of [19]. However, unlike [19], we
use a position-based model.

These previous studies focused on utilization of force-based models – FEM and mass-
spring, that calculate the position of the object through acceleration based on Newton’s
second law of motion by accumulating the internal and external forces [108]. Since, force
measurements are not always available, other simulation models need to be considered.
Position-based dynamics (PBD) [17] methods simulate behavior of objects by replacing
energies and force with geometric constraints that consider the object position and shape.
The main advantages of PBD are its controllability, computational efficiency and scalabil-
ity that make it popular in the computer graphics community [17]. For instance, Macklin
et al. [93] presented a unified framework that brings together PBD applications (simulation
of clothes, rigidity, elasticity, plasticity, viscosity etc.) to simulate complex interactions be-
tween many objects in games by leveraging fast GPU techniques. Meshes shape matching
(MSM) is one of the key works in the area of PBD methods and allows the simulation of
deformable objects [105]. It has been used in a wide range of interactive graphical applica-
tions [156], particularly for modeling the deformation of human body parts [167]. However
in these approaches, the model parameters are defined manually, while we estimate them
from the ground truth deformation data. There have been some previous attempts in the
spirit of our method. For example, [91] estimated the rigidity of mesh-based virtual objects
to adapt the mesh resolution in an interactive virtual environment. Alternatively, [145] took
real-world observations into account to learn plausible deformations in a virtual environ-
ment but the model parameters are again defined manually. We instead propose to calibrate
the model parameters by simulating the observed behavior.

While early PBD research focused on geometric motivations [105, 131], recent PBD
research tends to rely on physical motivations such as [17] and [93] that discussed the
close relation of geometric constraints of PBD and elastic forces in physically accurate
FEM computations [122]. These researches indicated the possibility of using PBD meth-
ods for scientific purposes with real-time constraints such as robots. Following this idea,
this chapter demonstrates how to integrate such a model – MSM with real-world observa-
tion and how to represent physically accurate deformations created using FEM model (Fig-
ure 3.1(a)).

3 Contribution and an overview of the framework

In this chapter, we present a method that employs position information together with a
physical simulation to estimate the deformability of objects. Unlike previous approaches,
we propose to estimate the deformability of objects using a PBD based MSM deformation
model. Rather few studies have addressed the question of using the MSM for simulating
real-world deformations. Hence the characteristics of MSM for representing real physical
deformability of objects are not well understood. The aim of our work is to extend the
current knowledge about the usability of MSM to represent real physical deformability of
objects.

The basic idea of our approach is shown in Figure 3.1. The ground truth data is ob-
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(a)

(c)

(b)

(d)

Figure 3.3: The observed deformation vs. simulated deformation. Motion information is
used to advect a set of particles (green circles) in accordance with deformations observed
in real-world images from an initial state (a) to a deformed state (c). The particles are
positioned on a regular grid in the area surrounding the manipulator. Our approach enables
the configuration of a physics simulation so that it replicates the same observed behavior
when deforming a virtual object (b,d).

tained either from FEM calculation with various known deformability parameters or real-
world observations by applying the same manipulation to all the objects - pushing the same
amount in one direction (Figure 3.1). The objects used in the experiments are assumed to
have homogenous object properties. MSM is used to classify its deformability by esti-
mating the model parameter that best fits the received data. Our results show that we can
differentiate the deformability of the objects using our PBD based method.

The experimental evaluation consists of two parts. Firstly, we investigate the ability of
MSM representing deformability using synthetic data. To do that, a FEM model generates
the ground truth data with various known deformability parameters and MSM is used to
classify its deformability by estimating the model parameter that best fits the received data
(Figure 3.1). Our results show that we can differentiate the deformability of objects mod-
eled by FEM using our PBD based method. Additionally we modify MSM to adjust the
volume conservation of deformable object. This model parameter aims at volume conserv-
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ing deformability. A detailed explanation of the effect and analysis of this parameter are
presented in Section 4.1.4.

Secondly, we develop a framework to map visual observations to the simulation envi-
ronment modeled using MSM (see Figure 3.3). We observe the behavior of an object in
a local region around the interaction point using a dense optical flow algorithm [123] (see
Figure 3.3(a,c)) and match the observed motion to PBD simulation that uses MSM (see
Figure 3.3(b,d). We show through experiments that the proposed method can correctly
estimate the deformability of the objects with different firmness based on position infor-
mation. Apart from being complementary to haptic sensors, our purely visual method can
also be used to learn meaningful object state changes from demonstration [127], to track
unknown objects without a rigidity assumption [125], and to interact with non-graspable
objects, such as liquids.

The main contributions can be summarized as:

• To investigate the ability of a PBD-based simulation to represent real physical defor-
mation (Section 5.1 and 5.2).

• To calibrate automatically the parameters of PBD-based simulation based on ground-
truth deformation (Section 5.1 and 5.2).

• To analyze the effect of an additional parameter that imitates a real physical material
property – volume conservation in PBD-based simulation (Section 5.1).

• To match visual observation with a PBD-based simulation algorithm (Section 5.2).

This chapter is structured as follows. In Section 4, we describe our overall framework
for simulating deformation and estimating deformability. In Section 5, we describe and
analyze how we adapt MSM to model our synthetic data (Section 5.1) and real-visual
observation (Section 5.2) respectively. Finally we conclude in Section 6.

4 Methodology

We use a physics simulation based on PBD, i.e. MSM that is a geometrically motivated
method. MSM simulates object behavior by relating the deformed shape to the initial
shape by minimizing the distance between these two shapes (Figure 3.4). The initial shape
is a set of particles whose positions are given by the initial shape of the object from ground-
truth data (Figure 3.1(a, b)). Since there is no connectivity information that exists between
these particles (Figure 3.4(A)), when particles are disturbed by external forces, they tend to
form a pose that does not respect to the original shape of the object. We call this disturbed
position as the intermediate deformed shape (Figure 3.4(B)). MSM calculates an optimal
linear transformation between the initial and the intermediate deformed shape that allows
us to preserve the original shape of the object (Figure 3.4(B.1,2)). This calculation process
requires to compute the translational vectors for both shapes and a rotation matrix by com-
puting a polar decomposition of an optimal linear transformation matrix [80]. The object
shape that is updated using this optimal transformation at each time step is called the goal
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shape (Figure 3.4(B.3)). We call the goal shape of the final time step as the MSM deformed
shape that approximates the deformed shape given by the ground-truth data. To obtain the
ground-truth deformed shapes, a manipulation is applied on the ground-truth initial shape
by varying the property of deformation (see in Figure 3.1(a)). Our method calibrates the
parameter of MSM by observing deformability to match the MSM deformed shape to the
ground-truth deformed shape.

We next provide a detailed description of the physics simulation itself. The main pa-
rameters used in our framework are listed below:

• x0 ∈ RK×d : The initial shape in MSM simulation.

• K: The number of particles.

• d: The dimension of the coordinate system.

• t: Timestep.

• x∗ ∈ RK×d : The intermediate deformed shape.

• t0 ∈ Rd : The centroid of the initial shape (translational vector).

• t∗ ∈ Rd : The centroid of the intermediate deformed shape (translational vector).

• g ∈ RK×d : The goal shape updated at each time step t.

• v ∈ RK×d : The velocity of the particles.

• A ∈ Rd×d : The optimal linear transformation.

• R ∈ Rd×d : The rotational part of A. It consists of rigid motion.

• S ∈ Rd×d : The symmetric part of A. It consists of shear and stretch deformation.

• ψ ∈ {α,β ,θ}: The set of scale factors that enable and control MSM to simulate
rigidity and deformation. The role of each parameter will be explained in detailed in
the following sections.

• xψ ∈RK×d : The MSM deformed shape with varied deformability parameter to match
to the ground-truth deformability.

• x̃0 ∈ RK×d : The ground-truth initial deformed shape.

• x̃ ∈ RK×d : The ground-truth final deformed shape.
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4.1 Deformation Simulation

The MSM simulation is initialized with the initial shape of the deformable object, x0
i ∈Rd

where i = 1,2,3, ...,K (Figure 3.4(A)). In each time step, the positions and velocities of the
particles are first updated without considering interactions or any other internal constraints
between the particles inside the object. Instead, only external forces such as gravity or col-
lisions with the environment are considered. Figure 3.4 illustrates the effect of this initial
update where the initial particle configuration x0

i ∈ Rd , see Figure 3.4(A), is transformed
into an intermediate configuration x∗i ∈ Rd , see Figure 3.4(B).

Since these updated particle positions do not incorporate our knowledge of the ob-
ject shape and its deformability, internal shape constraints are enforced in a subsequent
step. As shown in Figure 3.4(B.1), we first compute an optimal linear transformation be-
tween x0

i and x∗i and subsequently extract its rotational and translational component (Fig-
ure 3.4(B.2)). This rotation and translation are the basis for a rigid transform that is used
to move the particles towards a goal position gi ∈ Rd , as illustrated in Figs. 3.4(C), that
is close to the intermediate configuration, while also respecting the shape constraints. We
next discuss these stages in more detail.

The simulation starts by updating the velocity and position of the particles as a result
of the force exerted at the current time t

v∗i = vt−1
i +

ft
ext ∆t
mi

, (3.1)

x∗i = xt−1
i +v∗i ∆t , (3.2)

where ft
ext ∈Rd is the external gravitational force at t, mi the particle mass, and ∆t the time

step between t and t−1.
To find an appropriate transformation between the initial configuration x0

i and the in-
termediate deformed configuration x∗i , the optimal rotation matrix R is determined by min-
imizing

∑
i

mi(R(x0
i − t0)+(x∗i − t∗))2 , (3.3)

where the optimal translation vectors t∗ and t0 are equal to the center of mass of the re-
spective particle configurations as shown in the following equations:

t0 =
1

mc

N

∑
i

mix0
i , (3.4)

t∗ =
1

mc

N

∑
i

mix∗i , (3.5)

mc =
N

∑
i

mi . (3.6)

To minimize (3.3), first the optimal linear transformation between the initial and inter-
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mediate configuration, A, is calculated as in [105] (see Figure 3.4(B.1))

A =

(
∑

i
mipiqi

>

)(
∑

i
miqiqi

>

)−1

= ArAs , (3.7)

where
pi = x∗i − t∗

qi = x0
i − t0

(3.8)

pi and qi are the particle locations relative to the center of mass. The matrix As is symmet-
ric and contains only scaling, no rotation. The rotational part can be obtained by decom-
posing Ar into the rotation matrix R and symmetric matrix S using polar decomposition as
in [105] (see Figure 3.4(B.2))

Ar = RS . (3.9)

The goal positions, see Figure 3.4(C), can now be determined as

gi = Rqi + t∗ . (3.10)

The shape constraints are incorporated into the simulation by correcting the intermediate
particle positions as follows:

xt
i = x∗i +α(gi−x∗i ) , (3.11)

vt
i =

xt
i−xt−1

i
∆t

, (3.12)

where α controls the speed at which the particles converge to the goal positions. The α

value affects the stiffness of the model. If α = 1, the goal positions immediately become
the corrected positions. If α < 1, the configuration gradually converges to its goal shape
in each time step. In our experiments, α = 1.

4.1.1 Linear Deformation

Until now, the simulation of rigid behavior was introduced. To increase the deformability
of the models, [105] introduces linear deformation such as shear and stretch (Figure 3.5(a-
c)). A linear deformation can be obtained by combining R and A in the goal position
computation (see Figure 3.4(B.3)):

gi = ((1−β )R+βA)qi + t∗ , (3.13)

where β represents the degree of deformation, ranging from 0 to 1. The presence of R in the
sum ensures that there is still a tendency towards the undeformed shape. If β approaches
1, the range of deformation increases, whereas if β is close to 0, the object behaves like
a rigid object. Figure 3.5 demonstrates how different values of β affect the behavior of a
virtual object.
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Figure 3.5: An illustrative figure of the effects of the deformation parameter β on the
final configuration of a simulated object. (a) The smallest β . (b-c) As β gets larger, the
simulated deformation gets larger. (d )An illustrative figure of quadratic deformation.

4.1.2 Quadratic Deformation

So far, we explained the core idea of MSM using a linear optimal transformation that is
limited to simulate shear and stretch (Figure 3.5(a-c)). To extend the range of deformations
such as twist and bending modes (Figure 3.5(d)), the MSM method calculates an optimal
quadratic transformation matrix Ā ∈ Rd×r. Below, we show the calculations of quadratic
transformation in a 3-D coordinate system (d = 3 and r = 9). Ā is calculated as follows:

Ā = (∑
i

mipiq̄>i )(∑
i

miq̄iq̄>i ) (3.14)

where q̄i = [qx,qy,qz, q2
x ,q

2
y ,q

2
z , qxqy,qyqz,qzqx]

> ∈R9. Ā ∈R3×9 consists of three trans-
formation matrices: Ā = [A1A2A3]. A1 ∈R3×3 corresponds to a linear deformation, hence
it is the same as A. A2 ∈R3×3 and A3 ∈R3×3 are the transformation matrices that give the
effect of quadratic deformation such as bending or twist.

4.1.3 Cluster-based Deformation

To further extend the range of motion, we use a technique called cluster based shape match-
ing [105] and divide the particles into overlapping clusters as shown in Figure 3.6. At each
integration step, each cluster’s initial configuration is matched with its current shape. For
each particle that has more than one goal position, the average of the goal positions is
computed before the integration to calculate velocity and position [131]:

gi =
1
Ni

∑
c j∈Ci

gc j
i , (3.15)

where Ni is the number of clusters that particle i belongs to, Ci is the set of clusters particle
i belongs to, and gc j

i is the goal position that is associated with cluster c j ∈ Ci with j =
1,2, ...,n where n is the number of clusters.
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Figure 3.6: An example particle cluster configuration with overlapping clusters of size
3×3. Particle i belongs to all three clusters c1, c2, and c3. Consequently its goal position
gi is set to be the average of the goal positions computed for each cluster separately, namely
gc1

i , gc2
i , and gc3

i .

4.1.4 Volume Conservation

To obtain more plausible visual deformations, other properties should be taken into ac-
count, such as the volume conserving deformability that enables an object to expand in
one direction when it is compressed in a perpendicular direction to the expansion. To
simulate the volume conserving deformability, Müller et al. [105] propose to normalize
the optimal linear transformation A (A1 for quadratic deformation) by 3

√
det(A) under the

constraint det(A) = 1 (see Figure 3.4(B.3)).

A =
A

3
√

det(A)
(3.16)

This normalization procedure allows to preserve the volume, thus providing more plausible
visual deformations.

In this thesis, to control the volume conserving deformability further, we introduce a
new control parameter θ :

Aθ = A/(θ 3
√

det(A)+(1−θ)) (3.17)

where Aθ is A that varies according to the θ value. If θ = 1, we obtain the full volume
conservation method as in (3.16) (Figure 3.7(b)). Else if θ = 0, the volume is not conserved
(Figure 3.7(d)).
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Algorithm 1: Simulation time step

Input: x0
i : initial configuration, xt−1

i : configuration at previous time, vt−1
i : velocity

at previous time, mi: mass, hi: fixed particle index, xhi : constraining
position, N: number of particles, ∆t: time step, α: stiffness, β : deformability

Output: xt
i,vt

i
1 : configuration and velocity at current time
2 begin

// external force, Figure 3.4B
3 for i = 1 to N do
4 if (i = hi) then

// the particle is fixed
5 x∗i = x f ;
6 else
7 v∗i = vt−1

i +
ftext ∆t

mi
;

8 x∗i = xt−1
i +v∗i ∆t;

9 compute t0, the center of mass of x0
i ;

10 compute t∗, the center of mass of x∗i ;
11 compute the relative positions
12 pi = x∗i − t∗ and qi = x0

i − t0;
// shape matching, Figure 3.4B.1

13 estimate the optimal linear transform
14 A = (∑N

i mipiq>i )(∑
N
i miqiq>i )−1 = ArAs;

// shape matching, Figure 3.4B.2
15 compute the polar decomposition Ar = RS with S =

√
A>r Ar and R = ArS−1;

// shape matching, Figure 3.4B.2
// goal positions

16 for i = 1 to N do
17 if i = hi then

// the particle is fixed
18 gi = xhi ;
19 else
20 gi = ((1−β )R+βA)qi + t∗;

// integration, Figure 3.4C
21 for i = 1 to N do
22 xt

i = xt−1
i +α(gi−x∗i );

23 vt
i = (xt

i−xt−1
i )/∆t;
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(a) (b) (c) (d)

Figure 3.7: The effect of different θ values on volume conserving deformation seen from
the cropped layer of the 3D simulated object in MSM. The initial shape of the object shown
in (a) is compressed from above. As θ decreases, the volume conserving deformation
decreases as well as seen in (b) and (c) where θ = 0.99 and θ = 0.3 respectively. If
θ = 0.0, there is no volume conserving deformation relative to initial shape (d).

4.1.5 MSM in one time step

Algorithm 1 provides an overview of a single time step of the simulation. In this one time
step, one of the particles hi are disturbed and fixed to a new position xhi . This causes
deformation of the overall shape. The following steps shows the calculations of the pose
that is transmitted to the next time step. For clarity, we omitted the clustering and quadratic
parts. Our implementation is based on Müller’s publicly available 2D implementation of
MSM [103].

5 Experimental Evaluation

We first evaluate the proposed method using synthetically created ground-truth data in
Section 5.1 and then using ground-truth data obtained from real-world observations in
Section 5.2.

5.1 Estimating deformability based on ground-truth created by FEM

In this section, we investigate the ability of MSM to represent the ground-truth deformation
created using a FEM simulation with various known deformability – poisson ratio (ν)1

(Figure 3.8). In these experiments, we investigate the ability of a PBD-based simulation to
represent real physical deformation and analyze the effect of an additional parameter that
imitates a real physical material property – volume conservation in MSM by answering the
following questions:

1A real physical material property. Explained in Section 5.1.2
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Figure 3.8: FEM hexahedral mesh.

• Can we estimate a parameter value that represents the deformability property of
the objects while keeping the ν and the model resolution fixed, and varying the
compression rate?

• Can we estimate a parameter value that represents the deformability property of
the objects while keeping ν and the compression rate fixed, and varying the model
resolution?

• Can we identify different deformability values (ν) by calibrating the MSM parameter
(θ ) by employing a gradient-descent based iterative method?

5.1.1 Calibration of MSM parameter based on the FEM data

To calibrate the MSM parameter, we run the simulation with various θ values. The inputs
for the simulation consist of the initial configuration x0

i = x̃0
i together with the particle

index hi to which our manipulation is applied directly and whose position is fixed to x̃hi .
We represent the simulation with its inputs as MSM(θ ,x0,hi, x̃hi). We denote the ground-
truth deformed shape as x̃i. We minimize average euclidean error (AEE) between the FEM
and MSM deformed shapes:

E(θ) =
1
K

K

∑
i=1
||x̃i−xθ

i || . (3.18)

where xθ
i ∈ Rd is the final goal shape with parameter θ . To find the minimum, we use

gradient descent. Since the error function involves the simulation approach explained in
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Section 4.1.5, the derivatives cannot be computed analytically. Thus, we approximate the
deformability term numerically [58], as explained in Algorithm 2. We set λ to 0.01 in an
ad-hoc manner. Also the stopping criteria (ε) for our estimation is to observe the change in
error under 1e-2. This value is determined empirically based on the observation of being
adequate to identify the deformability of objects.

Algorithm 2: Calibration of the simulation parameter

Input: x0, x̃, hi, x̃hi , K
Output: θ

1 begin
2 Initialize θ0, n = 1;
3 while true do
4 θn = θn−1−λ∆E(θn−1);
5 xθn = MSM(θn,x0,hi, x̃hi);
6 E(θn) =

1
K ∑i=1 ||x̃i−xθn

i ||;
7 if ∆E(θn)< ε then
8 return θn;

9 n++;

5.1.2 Data acquisitions and assumptions

We use the COMSOL Multiphysics® software to generate the FEM ground-truth deforma-
tion [38]. The FEM deformation is generated by using a hexahedral mesh, where the nodes
correspond to the grid of particles in the MSM model (Figure 3.8). In FEM simulation,
the object is fixed on the ground to avoid displacement due to pushing action and apply
the same assumption to the simulation by fixing the particles closest to the ground. To
create a deformed pose, the object is pressed evenly from the upper surface in the vertical
direction as much as the prescribed displacement and zero cm horizontally. We restrict the
compression to one-axis with different deformability properties to capture the actual vol-
umetric change during the deformation. Then, hi are the particles closest to upper surface
and x̃hi ∈ R3 are their pressed positions.

In the FEM deformation, we consider a linear elastic and isotropic homogeneous de-
formation model. Linear elasticity is defined by two parameters: Young’s modulus (E) and
poisson ratio (ν). E represents the relationship between stress and strain in a material while
ν represents a measure of change of material expansion. ν is in the range between 0 and
0.5. If ν = 0, we expect no volume conserving deformation at all, e.g., cork (Figure 3.9).
On the other hand, ν = 0.5 implies the perfect volume conservation, e.g., rubber.

By using a PBD based method, we imitate the effect of ν with the parameter θ (Sec-
tion 4.1.4) by using quadratic deformation in 3D coordinate system (d = 3) (Section 4.1.2).
Hence ν is our ground truth deformability parameter: if ν is close to 0, the volume con-
serving deformation in the deformed shape should be small. Thus the estimated θ should
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ν = 0.49

(a) rubber

ν = 0.3−0.45

(b) clay

ν = 0.2−0.45

(c) sand

ν = 0.1−0.5

(d) foam

ν = 0.0

(e) cork

Figure 3.9: Different materials with their ν values.

Table 3.1: Experiment settings

(a) The compression rate of objects in cm.

Compression rate 1 cm 2 cm 3 cm

(b) Model resolution that are used in the
experiments

coarse fine finer
6x6x6 8x8x8 11x11x11

be close to 0. Similarly, when ν is close to 0.5, θ should be close to 1. We run the sim-
ulation for a specific θ -value until it reaches an static state to obtain the final deformed
configuration xθ

i ∈R3 that matches to x̃i with the inputs hi and xhi = x̃hi (see Algorithm 2).

To simulate the virtual object, we do not concern calibrating other simulation parame-
ter, i.e. ∆t, α , β , mi. Thus, we keep these parameters fixed. We make the assumption of
unified mass distribution (mi = 1). Also, we set the time step ∆t to 2e-5 in an ad-hoc man-
ner. Additionally, we set β to 0.99 and α to 1 to simulate a deformable object respecting
to the initial shape of the object.

To verify that MSM simulation is suitable to characterize the deformability, we in-
vestigate FEM deformations that differ in the volume conserving deformation. In order
to observe differences in the volume conserving deformation, the object is compressed
vertically from above with a given constant compression rate for different values of ν =
{0.0,0.1,0.25,0.4,0.49} and E = 750 kilopascal (kPa). The range of ν ∈ [0.0, 0.49] is
selected in the experiments. This range is observed to be sufficient to represent different
degrees of deformability (Figure 3.9). We use an object with the size of 10x10x10 cm3.
Table 3.1 shows the experiment settings. Table 3.1(a) indicates the rate of compression.
Table 3.1(b) indicates the different model resolutions as the number of particles of hexahe-
dral mesh used in the experiments.
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(a) (b) (c)

Figure 3.10: (a) Estimated θ for different ν values. We calculate the mean estimate θ (dot)
and standard error of mean (SEM) (error bar) over different mesh resolutions and different
compression rate. (b) θ is estimated for the same ν and model resolution (coarse, fine,
finer) by averaging over different compression rates. (c) θ is estimated for the same ν and
compression rate (1cm, 2cm, 3cm) by averaging over different model resolutions (seen
better in color).

5.1.3 Deformation represented by θ vs. ν

In Figure 3.10(a), we depict the estimated θ averaged over nine experiments (three model
resolution and three compression rates) for each ν value. We also show the standard error
of mean (SEM) using an error bar. This gives a measure of the accuracy of the estimated
mean to represent the deformability of the ground-truth data. If it is large, the mean varies
a lot among different experiment settings and it is not very likely that the estimated mean
is the true θ for representing the deformability of the object.

As we see in Figure 3.10(a), for ν = {0.1,0.25}, SEM is small (<0.015). Thus there is
no large deviation in the estimation for different experiment settings. However, as the vol-
ume conserving deformability increases (ν = {0.4,0.49}), we observe that SEM increases.

In addition, as ν increases, θ increases (Figure 3.10(a)). This suggests a an empirical
relation between ν and θ .

For ν = 0.0, we do not observe a significant SEM. This shows that for ν = 0.0, the
estimation of θ is consistent over different experimental settings. Therefore we can say
that we find one single θ that fits all the ground-truth data corresponding to ν = 0.0 for
different model resolutions and compression rates. Therefore we do not include ν = 0.0
for the further analysis.

5.1.4 Effect of compression and model resolution

In Figure 3.10(b), we see the estimation of θ that is averaged over three experiments (com-
pression rates) for the same ν and model resolution. In Figure 3.10(b), for finer model
resolution, we observe small SEM (<0.015). However for smaller model resolution –
coarse, fine, the SEM is approximately twice as big.

In Figure 3.10(c), we see the estimation of θ that is averaged over three experiments
(model resolutions) for the same ν and compression rate. In Figure 3.10(c), for 3cm com-
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(d) ν = 0.49

Figure 3.11: The analysis of the estimation method with different model settings. The dots
are the estimated θs that represents ν vs. AEE. The plot lines (bar, dashed, dotted) are
simulated θ and AEE for the corresponding ν setting. (a) global minimum analysis for
ν = 0.1

pression, we observe small SEM (<0.026). However for smaller compression rates – 1cm,
2cm, the SEM is approximately five times bigger than for 3cm.

5.1.5 Gradient descent and local minima

In Figure 3.11, we investigate the error function for a uniform sampling of θ parameters
in the range of [0.0,1.0] to investigate whether it contains a local minima. For this, in
Figure 3.11, we plot θ vs. average euclidean error (AEE) for each experiment settings.
Here, AEE indicates how accurately our model with the corresponding θ represents the
deformation of ground truth data.

In Figure 3.11(a), we analyze the object with ν = 0.1. Here we see there is a global
minimum for AEE estimation and our iterative estimation method successfully finds this
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Table 3.2: Time comparison (ms)

MSM
(ms/frame)

COMSOL
(ms)

SOFA-
CG
(ms)

SOFA-
DS
(ms)

coarse 6.1 3k 0.5 3
fine 12.6 58k 0.8 11
finer 28.6 180k 1.4 96

(a) Time comparison in millisecond

global minimum. We also observe that there is no large deviation (SEM=3.1e-3) among
different experimental settings.

A common feature of Figure 3.11(b, c, d) is that the estimation of θ for finer grid varies
less than for coarse and fine in x-axis. In addition, in some estimations (e.g., coarse-1cm
in Figure 3.11(b, c, d)), we observe that our estimation method stops before it reaches the
global minima. This is due to the stopping criteria of the estimation that terminates the
iteration when it does not observe a significant change in the error.

In Figure 3.11(b), we see the results for ν = 0.25. We observe that the smallest error
of model is obtained for smallest rate of compression (1cm - bar). As we increase the
compression rate, the accuracy of model decreases. However, for larger compression rates
– 3cm (dotted line), the estimations of different model resolutions – finer, fine and coarse,
are closer than the ones of the smaller compression rates. Hence the consistency of the
estimation for 3cm is higher than for the other compression rates.

For ν = {0.4,0.49}, we observe some common features in the plots Figure 3.11(c)
and Figure 3.11(d), respectively. Here we observe the same trend that we observed for
ν = 0.25. As we increase the compression rate, the accuracy of the model decreases and
the consistency of the estimation of θ among different model resolutions increases. In
comparison to the previous results, the results for ν = {0.4,0.49} and a compression rate
of 1cm show almost no global minimum. This implies that for different θ values, we do
not observe a significant difference when an object deformable with ν = {0.4,0.49} and
is compressed 1 cm. However for the plots of 3cm, the convexity increases. It can be
concluded that 1 cm compression does not give enough information about the deformabil-
ity of ν = {0.4,0.49} and the object should be compressed 3 cm or more to observe the
deformability properties properly. As we stated earlier, we also observe that our estimator
stops the estimation for the compression rate of 1 cm before reaching to a minimum.

5.1.6 Comparing running time

Finally we analyze the running time of our MSM implementation to observe its scalability
for real-time applications. We run the experiments in MacBook Pro with 2.86 Hz Intel
core i7 processor and 8 GB 1600 MHz DDR3 memory. For showing the scalability of our
implementation, we compare it with existing state-of-art FEM softwares of COMSOL [38]
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and SOFA [3] that simulate deformation. In SOFA, conjugate gradient descent (SOFA-
CG) within 25 iterations and a sparse direct solver (SOFA-DS) are applied to solve the
linear system. We display the average running time of MSM in milliseconds per frame
(ms/frame) and the time (ms) to calculate the deformed shape in COMSOL and SOFA.
As we see in Table 3.2, the running time of our MSM implementation is in an acceptable
range for real-time applications, e.g., 28.6 ms/frame for 1331 particles for the finer model
resolution. On the other hand, COMSOL takes several seconds for the coarse model and
takes minutes for the finer model resolution. Therefore, it is not scalable and not suitable
to be run for real-time applications. SOFA-CG is faster than our method while SOFA-DS
is slower than our method when applied to only finer mesh size.

5.1.7 Summary of analysis

As a result, we can state that if the objects volume conserving deformability is small, e.g.,
ν = {0.0,0.1}, the resolution of the model and the compression rate have no significant ef-
fect on the consistency of estimation of θ and the accuracy of the model. This suggests that
if the object does not exhibit a large volume conserving deformability, the identification of
deformability is consistent among different experimental settings (see Figure 3.10(a)) an
a global minimum exists (see Figure 3.11(a)). However as the volume conserving de-
formation increases, we observe that higher compression rate provides more informative
deformations for the estimation of θ (Figure 3.10(c)). We start to observe this trend for
ν = 0.25 (Figure 3.11(b)) and continue to see it for ν = 0.4 and ν = 0.49 (Figure 3.11(c,
d)). Although the increase of compression decreases the model accuracy, the error does
not exceed 0.2 cm for 10x10x10 cm3 object with 3 cm compression rate. Additionally
we observe that the higher the model resolution is the higher is the the consistency of the
θ estimation (Figure 3.10(b), Figure 3.11(b,c,d)). Therefore, a consistent identification
of volume conserving deformability requires high model resolutions and an informative
compression rate.

Additionally, we found that the runtime of our approach outperforms COMSOL and
is comparable to SOFA-DS, while being slower than SOFA-CG. In order to improve the
performance of our implementation, faster algorithms of MSM can be investigated such
as FastLSM [131]. Also, in our implementation, we do not perform any parallelization.
Hence by leveraging the parallelizability of the MSM due its particle nature, further per-
formance improvements can be obtained, e.g., 50k particles in 10.1 ms/frame [93].

Moreover, we observe that there is an empirical relation between our introduced pa-
rameter and the elastic parameter of the physical FEM model (Figure 3.10(a)). This sug-
gests that MSM can be used for scientific purposes for representing real-world physical
deformability. This requires further investigation since our approach is limited to analyze
isotropic, one-axial deformation of the objects. In order to increase the range of deforma-
tions and to simulate more complex deformed configurations than quadratic deformation,
cluster-based deformation of MSM [105] can be adopted. We investigate these in the next
part, Section 5.2.
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Figure 3.12: (a) The experimental setup. The flat edge of the clamp’s screw is moved
to the same end position for each foam. The undeformed object state is shown in (b),
with the initial particle configuration depicted by the green circles. The blue circles in
(c) and (d) correspond to the observed particle positions, advected through the optical
flow measurements. The red circles are the final deformed configurations obtained from
simulating with different β values. In (c), a β value equal to 0.0 was used, whereas in
(d), β was set equal to 0.72 as estimated by our approach. The observed and simulated
particles are much closer together in (d) than in (c).

5.2 Estimating deformability based on visual observation

In this section, we investigate the effects of specific manipulations exerted on a particular
part of a real-world object, as illustrated in Figure 3.12(a). We investigate the applicabil-
ity of our method to identify a certain material property – the firmness of objects through
calibration of MSM parameter based on real-world observations. The firmness in the real-
world objects in our experiments are identified with hardness and density. We push the
objects with different firmness values in the same amount (Figure 3.12) and observe their
different deformations behavior. In the simulation, we model their behavior using cluster-
based deformation (Section 4.1.3) and β parameter (Section 4.1.1). Through the exper-
iments, we investigate the ability of a PBD-based simulation to represent the real-world
deformation using cluster-based deformation by answering the following questions:



5. EXPERIMENTAL EVALUATION 61

• Can we discriminate the deformability by calibrating the MSM parameter (β ) through
a brute-force search approach based on the real-world observations while keeping the
pushing distance same among the objects with different firmness?

• Can we find a parameter value that represents the deformability of the object based
on the real-world observations while keeping the firmness property and and the push-
ing distance same, and varying the cluster size?

5.2.1 Calibration of MSM parameter based on real-world observations

In this section, we calibrate β parameter that identifies the firmness of an objects. To esti-
mate the deformability parameter (β ) that best describes the deformed object, we minimize
an error function that measures the distance between the observed and simulated particles
in the final deformed state (Algorithm 3):

E(β ) =
1
K

K

∑
i=1
||x̃d

i −xβ

i || . (3.19)

Algorithm 3: Brute force approach to calibrate the simulation parameter

Input: x0, x̃, hi, x̃hi , K
Output: β

1 begin
2 Initialize β0 = 0, n = 0, ε = MAX , λ = 0.01;
3 while βn < 1 do
4 xβn = MSM(βn,x0,hi, x̃hi);

5 E(βn) =
1
K ∑i=1 ||x̃i−xβn

i ||;
6 if E(βn)< ε then
7 β = βn;
8 ε = E(βn);

9 βn+1 = βn +λ ;
10 n++;

To find the minimum, we ran the simulation for a number of β values uniformly sam-
pled from the interval [0,1] with the separation λ = 0.01 in a brute force approach (Algo-
rithm 3). The β with the lowest residual in (3.19) is selected as representing the objects’
deformability. To simulate the effects of manipulations, we select the particle closest to
the manipulated part, hi, and fix its position in accordance with the disturbance, x̃hi ∈ R2

(see Figure 3.12(a)). As a result of the manipulation, the position of constrained particle in
simulation will be fixed to xhi = x̃hi as shown in Figure 3.13(a, b).

For simulating deformation, we use cluster-based deformation in a 2D coordinate sys-
tem (d = 2) (see Section 4.1.3). β parameter is our parameter of interest for defining



62 CHAPTER 3. SIMULATION

hi

(a)

xhi

(b)

(c)

Figure 3.13: A specific manipulation applied on a particular particle in the simulation
environment. (a) The manipulated particle is labeled as hi. (b) The particle position is
constrained by fixing it to a specific position xhi . (c) Effects of the deformation parameter
on the final configuration of a simulated object undergoing the same downward external
force applied to the center region. Circles and stars correspond to the deformed state with
β= 0.1 and β = 0.9 respectively. Larger β ’s result in more deformation.

an object’s deformability (see Figure 3.13(c)). We assume uniform β over all clusters.
We then run the simulation for a specific β -value until it reaches a static state with final
deformed configuration xβ

i ∈ R2. Our goal is to estimate β on the basis of the object’s ob-
served motion. The effect of the cluster size on the estimation of the parameter is analyzed
in Section 5.2.3.

5.2.2 Data acquisitions and assumptions

To observe the deformation of a real-world object, we estimate its motion in consecutive
frames of a manipulation video using a dense optical flow algorithm [123], as implemented
in [28]. We advect a set of particles spread across the object surface though optical flow
calculations. The particles are initiated on a regular 7×15 grid, spaced 50 pixels ( 1 cm)
apart, in accordance with the object boundary as observed in the initial frame, before de-
formation, as depicted in Figure 3.12(b). Note that we only focus on a small area around
the contact point of the manipulator and the object. Since the foam objects that we use
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Table 3.3: Foam properties

Foam 1 2 3 4 5

Density (kg/m3) 24 28 39 39 50

Hardness (N) 80 150 120 200 230

in the experiments have primitive rectangular shapes, we selected the boundaries of this
region in an ad-hoc manner. The object is segmented manually and the particles are placed
uniformly in the segmented region. We depict the observed particle positions in this initial
configuration by x̃0

i ∈ R2.
To estimate the trajectory of each particle over the image sequence, we use a particle

advection approach similar to [129]. A particle’s observed position at frame t, x̃t
i ∈ R2, is

advected to the next frame position x̃t+1
i ∈ R2 according to the estimated optical flow:

x̃t+1
i = x̃t

i +ot
i , (3.20)

with the optical flow vector ot
i ∈ R2 at the position of the particle i in the image frame. By

repeating this advection for each frame, we arrive at the final observed deformed configu-
ration x̃i, as depicted by the blue circles in Figure 3.12(c,d).

To ensure that we squeeze each foam to the same end position, we use a clamp to con-
trol the push level, as depicted in Figure 3.12. We position a Logitech HD Pro Webcam
C920 camera 30 cm away from the foam, to record videos of the manipulations. This
particular camera provides a high resolution, a wide field of view, and is adequate to ac-
curately estimate the optical flow of textured objects. The camera’s frame rate is 30 Hz
and the frame size is 1920×1080 pixels. We apply only normal force using the flat edge of
the clamp’s screw to capture the 2D motion better. The optical flow is calculated at one of
every 10 frames.

In the simulation, we do not consider the problem of collision detection between the
tip of the manipulator and the object. Instead, x̃hi is determined from the position of hi in
the final frame, after the particle advection step. Also, we set the other parameters of the
simulation to the values that give the best plausible visual deformation in the simulation in
an ad-hoc manner. We set α = 1 in the simulation and we assume particles have uniform
mass (mi = 1). Additionally, we set ∆t to 2e-3. Also, we observe that the best parameter
setting for θ is 0 for each cluster, since full volume conservation of each individual cluster
causes overshooting of the particles and implausible visual deformation. Moreover, we
assume that the object is fixed on the ground to avoid displacement due to pushing action
in the observations and apply the same assumption to the simulation by fixing the particles
closest to the ground.

5.2.3 Analysis

To validate that an approach that combines visual perception with MSM simulation is
suitable to characterize the deformability of objects, we investigate the deformations of a
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Figure 3.14: The error between the observed and simulated particles in the final deformed
state of foam for different β values for cluster size (a) 2×2, (b) 4×4 and (c) 5×5. The
dots are the estimated β s that represents the firmness vs. error. The firmness of the foams
are represented as different colors, such as 24/80 - red and 50/230 - magneta. The esti-
mated deformability parameter (β ) consistently decreases with decreasing softness across
all foams for cluster size (d) 2×2, (e) 4×4 and (f) 5×5.
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set of foams that are equal in size, but differ in density and hardness (see Table 3.3). The
density is expressed in kg/m3 whereas the hardness is defined in terms of the force (in
newton(N)) required to compress the foam to 40%. Together, these parameters determine
the firmness. Higher density and hardness imply higher firmness. For instance, 24/80
—with 24 kg/m3 density and 80 N hardness —is softer than 50/230. Table 3.3 contains the
density and hardness of all foams used in the experiments starting from the softest foam,
24/80 to the firmest foam, 50/230.

We show the evolution of the error as a function of β over the [0,1] interval in Fig-
ure 3.14(a-c) for different cluster size (2×2, 4×4, 5×5). Also, Figure 3.14(d-f) illustrates
that our estimate of deformability is in accordance with the actual characteristics of the
foams, and decreases with increasing firmness of the foams. This validates that object
deformability can be estimated solely using position information and a PBD simulation.

However, the Figure 3.14 also shows that, the estimated β shows variety based on the
cluster size. In Figure 3.14(a-c), we can observe a 0.04 difference, 0.16 difference and 0.21
difference between the estimated deformability β for the softest (24/80) and the firmest
(50/230) foams for cluster size 2×2, 4×4 and 5×5, respectively. Hence, the range of
estimated β is getting smaller as we decrease the cluster size. As the cluster size increase,
the simulation model becomes stiffer and the object exhibits less deformability. If we have
stiffer model – large cluster size, the estimated β that represents the deformability gets
smaller and as the cluster size increases, the estimated β increases over all the objects
with different firmness. This indicates that the cluster size has an effect in representing
the deformability as β does and should be taken into consideration while designing the
simulation model.

6 Discussion and Future Work

We have presented a framework to estimate the deformability of an object. The main
novelty of this paper is the use of PBD using MSM. MSM is a method that simulates rigid
and deformable object behavior by replacing forces with geometric-constraints. In our
experiments, we test its capability to represent the physical deformability of the objects
(synthetic or real) based on solely position information, thus without knowing the exact
force applied. We demonstrated that our proposed method can correctly distinguish objects
with different physical properties.

The estimated deformability can be used directly to adjust the physical properties of a
virtual object in the simulation environment so that the real-world object’s behavior can be
more accurately simulated. This then allows to predict the outcome of an interaction with
this object and to avoid undesired behaviors such as permanently deforming or breaking it.

We investigated the usage of MSM for estimating deformability for its different con-
figurations (quadratic deformation, cluster-based deformation and volume conversation)
by employing both synthetic and real-world data. Based on our results, we showed that

• MSM can represent deformed configuration of objects that uni-axial manipulation is
performed on using quadratic and cluster-based deformation.
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• By introducing a new parameter to control volume conservation in MSM, we show
that there exists an empirical relation between our introduced parameter and the elas-
tic parameter of the synthetic ground-truth data using quadratic deformation simula-
tion.

• Our experiments show that the estimations of the parameter of MSM are influenced
by the model resolution as well as the compression rate. These features need to be
considered when designing applications.

• We can map the real-world observed deformation to MSM deformed configuration
to differentiate the objects with various firmness levels.

• In cluster-based deformation, cluster size has also an effect on the representation of
the real-world deformation in the simulation environment, hence it should be taking
into account while designing the simulation framework.

However, the current system is limited to simulate quadratic deformations (e.g., bend-
ing, twist). Also we relied on a highly-controlled experimental setup with good visibility
in a local area around the manipulator and where the object is unoccluded both in synthetic
and real-world data. In order to increase the range of deformations and to simulate more
complex and realistic deformed configurations, methods similar to [17] can be adopted.
Also, to improve the running time performance and enable simulation of complex interac-
tions of multiple objects in real-time, parallelized implementations of PBD methods such
as [93] could be investigated.

In addition, our method assumes that the object has homogenous properties overall
its body. Hence learning about objects or environment with heterogenous deformability
should be investigated.

Moreover, in real-world observations, we do not take into account the effect of noise
in the optical flow estimation to track the deformation. Therefore, to accurately track the
real-world deformation, using a probabilistic approach should be investigated to decrease
the noise and uncertainties in the observations and to use this framework in more realistic
scenarios where, e.g., human hands or robotic grippers occlude the object and the camera
viewpoint can be arbitrary.

Also, more parameter settings of the simulation can be learned through the data, i.e.,
∆t, α , constrained particles closest to the manipulated part or boundary conditions – the
particles fixed to the ground, the deformation configuration, e.g. quadratic or cluster-based,
cluster size. To determine such settings, instead of taking into account only the final, static
deformed pose of the object, dynamic behavior of the object that is captured through the
whole motion sequence while manipulating the object can be utilized.

We investigate some of these future works in the next chapter. We employ MSM to
extract the heterogenous deformability properties of an environment by incorporating vi-
sual measurements calculated using a probabilistic approach in a robotic active perception
framework.



Chapter 4

Active Exploration

Figure 4.1: An illustrative example of the experimental setup for exploration of a de-
formable surface. While a PrimeSense camera observes a deformable surface, Kinova
Jaco2 arm equipped with Optoforce sensor interacts with the surface. A Gaussian Process
models the deformability distribution (β -field) of the surface from observation and maps it
onto the geometric map.
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In the previous section, we investigated estimating the deformability of a single object
with the assumption of globally homogenous object property using a deformation model.
In this chapter, we will investigate the usage of this deformation model for actively ex-
ploring an environment with heterogenous object properties, i.e. deformability is different
along the object.

1 Introduction

Neuroscience research state that learning about objects is an active event where action and
manipulation are the key aspects of acquiring knowledge about the environment [27]. As
humans, we do not sit and wait to learn about objects. Instead, since our childhood, we
learn about a new environment by moving around, and new objects by interacting and ma-
nipulating them as neuroscience research suggest as well. For instance, Gibson [63] stated
that infants explore the affordances of the objects and surfaces around them through motor
activity. Similarly, Oakes et al. [113] investigated how the manual activity of infants with
objects lead to learning about objects in general and even their learning to learn about ob-
jects. They assessed (1) infants’ object exploration abilities during a toy play session and
(2) their perception and learning in a habituation task. In the toy play session, the infants
physically manipulated the objects while in the habituation task, they watched events hap-
pening on a computer screen. The purpose of the experiment was to evaluate how much
the actions are related to how they learned about the object properties. According to the
results of their study, they stated that some manipulations (during the play session) such as
holding increased the infants’ attention to the appearance features (during the habituation
task), hence there was a causal relation between action and the object perception.

As infants, robots also benefit from active exploration. To learn about the object with
homogenous properties, single interaction with it and observing passively the arising in-
formation on the sensory modalities (vision or haptic) can be sufficient [7, 59, 60, 98]. On
the other hand, for the environments with heterogenous object properties, sensory modal-
ities that wait passively for information to arise are not enough to learn in detail about
the properties of objects such as fine texture features [116]. In such environments, ac-
tive exploration helps in learning the object properties by purposely interacting with and
observing the environment.

For robots, active exploration is described as to change purposefully the sensor’s state
parameters to the sensing strategies depending on the current analysis of the data and the
goal of the system [8]. Using these sensing strategies, a robot can reveal new information
about the environment through interaction/manipulation and adapt its next action based on
the revealed information. For instance, these active sensing strategies are useful for robots
that navigate in unknown dynamic environments as in [155]. Also the same strategies
can be used to explore the properties of a new object such as to learn about its structural
properties by sliding the tactile sensor on the object surface [116].

In addition, there are studies that integrate a simulation model of the environment into
their active sensing strategies. Unlike the methods that only change the state of the sensory
modalities (haptic or/and vision) based on the emergent signals in consideration of the
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object properties, the model-based frameworks learn the simulation model based on the
sensory data and use it as a guidance to explore the object such as a robot learning to play
a musical instrument employing a model of the instrument [130].

Moreover, the integration of active exploration strategies and a simulation model can be
helpful to learn about complex environments with heterogenous deformability properties.
The knowledge of the deformability properties in such environments can improve robot
navigation [59] or object manipulation [134]. A robot can, for example, avoid unstable
terrains while driving, place multiple non-rigid objects on stable positions after manipula-
tion or apply proper forces during grasping. However in the literature, most of the existing
methods focus on estimating the deformability of a single object and assume that the de-
formability is homogeneous. Some studies consider heterogeneous deformability proper-
ties using random large number of interactions in a setup with multi-camera system [21].

We present a robotic active perception framework that interacts with the environment
purposefully using single camera and a robotic arm for extraction of heterogeneous de-
formability properties of the environment, see Figure 4.1. The system combines visual and
proprioceptive measurements with active exploration and builds deformability distribution
maps. The framework employs a position-based dynamics (PBD) simulator to estimate the
deformability of a portion of a terrain surface after a physical interaction, and Gaussian
Processes to construct the model of the surface and incrementally to build a deformability
map of the environment by deciding where to touch next given the regions where the de-
formability estimation is most uncertain. We demonstrate the feasibility of our approach
through series of experiments performed on scenarios containing surfaces having different
deformability.

2 Related Work

2.1 Active exploration: model based vs. non-model based

Non-model
based

Bajscy et al. [10]
Okamura et al. [116]
Fitzpatrick et al. [53]

Roberts
et al. [133]

Model based

Ribes et al. [130]
Boonvisut et al. [26]

Caccamo and
Güler et al. [31]

Figure 4.2: A illustrative literature overview of active exploration studies and their rela-
tion with our work (red, bold). It is a more detailed version of the literature overview in
Figure 1.2-Active Exploration.
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There are several surveys that review in detail the robotic studies related to active explo-
ration such as [9, 83, 89]. We direct the reader to those studies to have a detailed overview
about active perception/exploration studies. In this section, we review these studies as
model based and non-model based approaches. By model-based, we mean that the devel-
oped method employs a physical model of the environment or the object to simulate the
interaction with it and uses that model as a guidance to extract the object properties.

In the studies that do not use any physical model of the environment, the heavily used
modality is touch sensing (see Figure 4.2). For instance, Shimojo and Ishikawa [143] pre-
sented a sensor system measuring the surface pattern of objects by using a spatial filtering
tactile sensor. It was an adaptive method that identified the surface pattern of objects by
changing the spatial filter characteristic depending on touch motion. In another study, Oka-
mura et al. [116] investigated the haptic exploration of unknown objects with a dextrous
robotic hand. During exploration procedure, some fingers were responsible to grasp and
manipulate the object while other fingers identified the surface properties such as texture
or friction by rolling and sliding over the object surface. Differently, in [95], they designed
a tactile sensor that used an optical waveguide. Using this optical tactile sensing, they de-
tected the object’s profile by tracing the surface of the objects and collecting the location
and surface-direction information. However these studies focused mostly on extracting
rigid object properties. Alternatively, there are works that used biologically inspired tactile
sensors such as [50] and [90]. In [50], they discriminated a texture by using a discrimina-
tion algorithm that adaptively selected the optimal movement to apply and the property to
measure based on previous experience to differentiate the texture from a set of plausible
candidates. Similarly, Lepora et al. [90] used a biomimetic fingertip for object localization
and identification by combining a decision making by threshold crossing of the poste-
rior belief with a sensorimotor loop that actively controled sensor location based on those
beliefs. Even though these biomimetic fingertips are close to capture the human tactile pre-
cision, they could degenerate easily. Also there were studies that designed tactile sensors
with the inspiration from animal antenna or whisker. As an instance, Kaneko et al. [81]
designed an active antenna to investigate how to detect lateral slip and how to determine
the new pushing direction to avoid the slip. In another study [57], the authors designed a
whiskered mobile robot that classify signals obtained to explore different surface textures
from a range of orientations and distances. The robot detected the contact with a surface
and stopped moving. Then, it started brushing behavior by controlling whisker actuation
using sensory feedback. Even though these studies showed that the whisker sensors were
very accurate to detect whether there is an object within the motion range, they were lim-
ited to differentiate only a small variety of object properties – rough or smooth surface and
shape.

There are also studies that used multi-sensory modality to actively explore the objects.
In these studies, they used visual sensing to detect object-object or robot-object interac-
tion usually. One of the first work belongs to Bajcsy et al. [10]. In [10], they learned
physical properties of objects – weight by using predetermined exploratory procedures.
Differently, Fitzpatrick et al. [53] investigated how a humanoid robot could learn to poke
and prod objects (1) to obtain a consistently repeatable effect (e.g., sliding), (2) to help the
visual segmentation, (3) to interpret a poking action performed by a human manipulator.
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To learn these, the robot maped the initial proprioceptive hand-position and the direction of
the retinal displacement of the target at the moment of contact. Similarly, Ivaldi et al. [76]
developed a cognitive architecture where the visual representation of the objects was built
incrementally through active exploration. They also used human guidance to teach a robot
about its environment. The robot actively explored its environment combining social guid-
ance from a human teacher and intrinsic motivation that was to interact with the objects that
were most informative and difficult to recognize. In a similar study [92] where they used
human supervision, they learned object appearance through passive observation and active
object manipulation. Firstly, the robot learned objet categories based on mutual informa-
tion between visual and appearance models of moving elements manipulated by human
and then improved the previously acquired object models by grasping and releasing it. In
all these previous studies, learning manipulation of rigid objects were the focus.

There is another type of studies that employed some constraints while exploring the
objects. We classify this type of studies as the intersection between "Model based" and
"Non-model based" studies in Figure 4.2, since they have some priory known constraints
that are used to explore them, even though they do not use a physical model of the object.
As an example, Roberts [133] recognized 3D object from known set of models using touch
sensing by employing some geometric constraints between components such as pairs of
line segments.

Differently, there are studies that used physical model of objects or body model of
robots to explore the environment (see Figure 4.2). For instance, in [130], the authors
learned object properties using an active learning methodology by employing the model
of the object – musical instrument and the robot’s own body. In a similar study [140], the
authors developed a framework that manipulates liquids by using a physical simulation of
liquid behavior and real-world observation. The physical simulation corrected the error
when tracking the liquid state hence the robot controlled the manipulation – pouring the
liquid by reasoning about the liquid’s viscous behavior through simulation. Also, in [26],
the authors used a force-based deformation simulation - FEM to learn the manipulation
of a deformable object. In this study, the FEM model was learned based on the sensory
information (force measurement and visual data) online and it was used to correct the
predicted pose of the deformable object during manipulation. We classify our work in
the same category with these earlier studies as seen in Figure 4.2, since we also employ a
simulation model to reason about the property of the objects and control the manipulation
– where to interact with the environment next, based on the feedback coming from the
simulation. The differences of our work from the earlier studies are to employ a position-
based simulator (PBD - see Chapter 3) and probabilistic model to map the deformability
of an unknown environment.

2.2 Gaussian Processes for modeling surfaces

Gaussian Process Regression (GPR)[128] have been widely used for modeling geometric
surface properties [114] on a broad range of applications such as robotics[41], aeronautics
or geophysics [161]. In robotics, merging visual and haptic sensor data into the same Gaus-
sian Process probabilistic model leads to a better environmental shape representation [23]
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or improve planning [41]. Environmental observation can condition a GPR so that its pos-
terior mean define the terrain property [62] of interest. Authors in [23],[32] showed how
to exploit the mean and variance of the joint distribution of a Gaussian Process for enhanc-
ing active perception algorithms in modeling geometric properties of objects. Unlike the
previous studies, we use GPR for mapping and modeling the deformability distribution of
a surface in an active perception framework.

3 Contribution and an overview of the framework

Differently from the earlier active exploration studies, we estimate the deformability of het-
erogeneous surfaces using a PBD simulator and a probabilistic model (GPR) in a simpler,
a multi-modal generic robotic experimental setup with multi-sensory modality, i.e. haptic
from a robotic arm and visual from a depth camera sensor, (see Figure 4.1). The robotic
arm has the tactile sensors (Optoforce) mounted at the end of the robotic stick that detects
the collision after the interaction between the terrain surface and gives the proprioceptive
data about the position of the stick. The depth camera sensor gives 3D observation of the
terrain surface. We use the probabilistic model to filter the noise from the 3D observations,
to complete the missing data in the observations occurring due to occlusion and also to
map the locally estimated deformability onto the whole surface.

In the Chapter 3, we showed that by matching the real-world observation and a PBD
simulation, the deformability of objects can be estimated in a 2D experimental setup with
the assumption of homogenous object properties. Here instead, we map the deformability
of a terrain surface with heterogeneous material properties by minimizing the error be-
tween the model prediction and observed deformations in 3D space. We show that our
framework of deformability estimation can guide the active exploration process to map the
heterogenous deformability properties of an environment.

The developed framework follows the process outlined in Figure 4.3. The observa-
tions of the environment extracted before (initial Point Cloud - PC) and after a physical
interactions (final PC) are used to estimate the local deformability parameters (β ) using a
PBD simulator. The robots apply the physical interaction with a constant normal force in a
selected target region (ROI) (see Figure 4.1). Then, the probabilistic model (GPR β -field)
gradually generalizes over the local deformability parameters to build a deformability map
of the whole environment. Exploration strategy and number of physical interactions are
assessed using the joint distributions of the Gaussian Process models. In this work, the
framework that generates GPR models and selects the exploration strategy were designed
and implemented by Caccamo [32, 31]. The author of this thesis is contributed in the im-
plementation of the framework of deformability estimation and writing the paper that is
the outcome of this work [31].
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4 Methodology

In this section, we describe GPR [128] for 2.5 dimensional datasets1. We discuss how to
exploit GPR to generate deformability distribution maps and geometric descriptions. Then,
we show how to estimate the deformability parameters of an object through observation
and simulation. This section ends with a description of the developed algorithms. A list of
the parameters used in our framework is described below.

• PV = {pi}M
i=1: 3D point cloud data.

• pi ∈ R3: The measurement of 3D points.

• DRF = {ui,vi}M
i=1: Training set that describes the geometry of the environment com-

ing from PV .

• ui ∈U ⊂ R2: Training xy-coordinates of a point.

• vi: Training z-coordinates (heights).

• u∗i ∈U∗ ≡Ur f ∗ ⊂ R2: Test xy-coordinate of the points.

• f̄∗ : R2→ R: The estimated height of a terrain surface based on the training points
ui and vi.

• DRF ∗ = {u∗i, f̄∗}N
i=1 ⊂ R3: The estimated 2.5D terrain model of the environment.

• x̃0 ∈ RN×3: The initial observed undeformed shape of the ROI.

• x̃ ∈ RN×3: The final observed deformed shape of the ROI.

• Mβ ∈ RN×3: GPR β -field that shows the deformability map of the whole environ-
ment.

4.1 Gaussian Random Fields

A Gaussian Process Regression shaped over a bi-dimensional Euclidean set is commonly
referred as Gaussian Random field. We start defining the set PV = {pi}M

i=1, with pi ∈ R3,
of measurements of 3D points generated by the visual sensor system. We define also
DRF = {ui,vi}M

i=1 a training set where ui ∈ U ⊂ R2 are the xy-coordinates of the points
and vi the z-coordinates (heights) in PV

2. Similarly a set U∗ ≡ Ur f ∗ ⊂ R2 identifies a
set of N test points. A terrain surface can be described with a function f : R2→ R where
each vector of xy-coordinates generates a single height. This simplistic expression allows
to efficiently describe 2.5D terrains but does not allow to model convex shapes that require
multiple heights for a single xy-coordinate.

1In a 2.5D dataset each xz coordinate has a single height y.
2 Axis are described considering the reference frame represented in Figure 4.1
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Such a function can efficiently be modeled by a GPR that places a multivariate Gaus-
sian distribution over the space of f (u). The GPR is shaped by a mean function m(u) and
a covariance function k

(
ui,uj

)
. The joint Gaussian distribution, assuming noisy observa-

tion v = f (u)+ ε with v ∈ RM,ε ∼N
(
0,σ2

n
)

and m(u) = 0 on the test set U∗ adopt the
following form [

v
f∗

]
∼N

(
0,
[

K+σ2
n I k∗

kT
∗ k∗∗

])
(4.1)

where K∈RM×M is the covariance matrix between the training points [K]i, j=1...M = k
(
ui,uj

)
,

k∗ ∈ RM×N the covariance matrix between training and test points [k∗]i=1...M, j=1...N =

k
(
ui,u∗j

)
and k∗∗ ∈RN×N the covariance matrix between the only test points [k∗∗]i, j=1...N =

i
(
u∗i,u∗j

)
.

The predictive function is obtained conditioning the model on the training set [128] :

(f∗|U∗,U,v) = N
(
f∗,V [f∗]

)
(4.2)

f∗ = kT
∗
(
K+σ

2
n I
)−1 u (4.3)

V [f∗] = k∗∗−kT
∗
(
K+σ

2
n I
)−1 k∗ (4.4)

We use the popular squared exponential kernel for all the covariance matrices

k
(
ui,uj

)
= σ

2
e exp

(
−
(
ui−uj

)T (ui−uj
)

σ2
w

)
(4.5)

where hyper-parameters σe, σw were empirically estimated based on a set of experiments.
The mean of the joint distribution of a Gaussian random field, f∗ allows to explicitly

obtain the heightmap [121] of a terrain surface by simply using a grid of bi-dimensional
testing points. The variance of the random field V [f∗] highlights regions of low density or
noisy data, e.g., occluded portion of the map.

4.2 The GPR Models in the Framework

In this paper, we use GPR for modeling both the geometric shape of the whole surface
under analysis and its deformability properties that we denote β -field. For the geometric
shape, we have two GPRs for modeling the initial and final shape of the terrain before
and after the interaction, respectively. We denote the initial 3D measurements P0

V where
the robotic arm does not interact with the surface and the final 3D measurements as Pt

V
where the surface is deformed by the robotic arm. The initial observed undeformed shape
x̃0 and the final observed deformed shape x̃ of the selected ROI consist of the coordinates
DRF

0
∗ and DRF

t
∗ estimated using the model trained by the points from P0

V and Pt
V re-

spectively as described in (4.1-4.4). For the deformability properties, vi of the training set
Dβ

RF = {ui,vi = β}M
i=1 contains the deformability parameter (β ) of the surface estimated
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Figure 4.4: Initial (P0
v ) and final (Pt

v) reconstructed point clouds used by the MSM algorithm.
The Optoforce sensors ensure a constant normal force (Fcontact ) while collecting the second point
cloud (Pt

v). GPR allows to collect grid data points at uniform xy-coordinates while filtering noise.

using MSM after a physical interaction on a selected target position. Dβ

RF is used to build
the deformability map (GPR β -field) of the environment Mβ as in (4.1-4.4). A detailed
description of the algorithm to obtain all these data is given in Section 4.4.

4.3 Estimating deformability parameter

To estimate a deformability parameter, we run PBD based simulation explained in Sec-
tion 4. We simulate the shape of the virtual object as a single layer surface fixed from
edges and the rest of the surface can deform freely in accordance with the manipulation.
For avoiding the rest of the surface to sink, we omit gravitational force. We use cluster-
based deformation (See Chapter 4.1.3). The initial shape of the object x0 = x̃0 is initialized
before each physical interaction from the mean of the joint distribution of the GPR as
shown in the left side of Figure 4.4. To simulate the effects of a physical interaction, we
select the point hi closest to the manipulated region and fix its position xhi in accordance
with the disturbance as shown in the right side of Figure 4.4. The simulator generates a
goal configuration gβ for a specific β (see Chapter 4.1.1).

To estimate the deformability parameter β that best describes the locally deformed
surface, we minimize an error function that measures the distance between the observed
deformed shape x̃ and the simulated deformed shape gβ . The error function is calculated
as follows:
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E(β ) =
1
N

N

∑
i=1

min
x̃ j∈x̃

(‖gβ

i − x̃ j‖) (4.6)

where x̃ j and gβ

i are the jth and ith points from x̃ and gβ respectively. To find the minimum,
the simulation runs for a number of β values uniformly sampled from the interval [0,1)
(see Algorithm 3 in Section 5.2). The β that gives the lowest residual in (4.6) is selected
as representing the deformability of the surface.

4.4 The algorithm process flow

The active exploration task starts with a full observation of the entire surface under anal-
ysis. The point cloud generated from this initial observation (P0

V ) is cropped and filtered
using a statistical outliers removal filter [135]. A Gaussian random field (GPR world, in
Figure 4.3) is trained on the 3D points D0

RF of the filtered point cloud P0
V as described

in Section 4.1. Such GPR builds an internal geometric representation of the environment
allowing to obtain compact representations of selected sub-regions (ROI) (DRF

0
∗). This is

done by considering the mean of the joint distribution of the GPR world model inferred on
a dense (0.5 cm) grid of 3D points centered on a ROI.

A second Gaussian Process (GPR β -field) is then initialized on the xy-coordinates of
the whole geometric map Dβ

RF . The block ROI selector of Figure 4.3 analyzes the variance
(V [f∗]) of the joint distribution of the GPR β -field model using a dense (0.5 cm) grid of
two dimensional points (xy-coordinates) of Dβ

RF looking for regions of highest uncertainty
- meaning that the β distribution is poorly modeled (high variance) because of missing
information or high noise. A selected point among the regions carrying highest uncertainty
is a candidate target for the active exploration task.

In the successive step, the arm is moved toward the selected ROI. The approach vector
has direction orthogonal to the surface under analysis on the target point location. We use
hybrid position-force control [52] in proximity of the target point to impose a constant force
on the direction of the approach vector while allowing displacements along the orthogonal
directions.

When the Optoforce sensor detects a certain normal force the arm stops and the en-
vironment is observed again. From this second observation the system generates a new
point cloud, Pt

V , that contains the local environmental deformation. We use a convex hull
filter to remove all the 3D points representing the robot hand and stick. The dimension and
position of the convex hull is estimated from proprioceptive data using the robot model.

The final point cloud Pt
V contains occluded regions (incomplete point cloud) because

of the hand and stick presence. In order to generate a compact representation of the de-
formation we train a third GPR (GPR-touch in Figure 4.3) on a squared cropped ROI of
the points DRF

t from the final point cloud Pt
V that contains the deformation along with 10

tactile points. The tactile points are virtually generated considering the position and shape
of the spherical surface of the Optoforce sensor along with the contact force direction as
shown in Figure 4.4. From the mean of the joint distribution of GPR-touch trained using
the points from DRF

t , the framework models the final deformed shape DRF
t
∗ that is given
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to the simulation. The lowest point of the DRF
t
∗ is decided as the contact position of the

stick with the surface xhi and given to the simulator as the input.
Using the simulation and estimation method described in Section 4.3, we give an initial

shape, x̃0 and a final deformed shape, x̃ to the simulation from DRF
0
∗ and DRF

t
∗, respec-

tively, to get a local β value (Figure 4.3). The GPR β -field is finally trained on the locations
Dβ

RF subjected to deformation using the estimated β value as described in Section 4.1. The
exploration step is repeated until the ROI detector block does not find a new candidate
point for the next physical interaction (meaning that the variance distribution of the β -
field is low on the whole map). The threshold value, Th, for the variance was empirically
estimated through several experiments. Its value determines the numbers of interactions
needed and, as we will show in Section 5, the accuracy of the built β -field map Mβ .

5 Experimental evaluation

5.1 Data acquisition and assumptions

The hardware setup (see Fig. 4.1) used in the experiments consists of a PrimeSense RGB-
D camera, a Kinova Jaco23 robotic arm equipped with a 3 fingered Kinova KG-3 gripper
and a 3D OptoForce force sensor4. The camera is placed 80 cm above the table. The
relative orientation between the camera and the table plane is 45 ◦. We use a rigid 10 cm
stick, mounted on the Kinova hand, for the interaction.

The terrain surface that consisted of the sets of homogeneous and heterogeneous elastic
foams of different shapes is placed on the table and explored by the arm. The OptoForce
sensor, that can detect slipping and shear forces with high frequency, is placed on the tip
of the stick. The haptic sensor output consists of a 9D force-position vector generated at
1 kHz. When the desired force is reached, contact force direction together with the stick
orientation and the sensor position (proprioceptive data) are used to generate tactile 3D
points.

All the software components (nodes) run under the robot operative system (ROS). Vi-
sual data are analyzed using the Point Cloud Library (PCL).

To validate our approach, we tested the framework on six different scenarios described
in Table 4.1. All the analyzed surfaces covered an area of 60×40 cm. The filtered point
clouds covering the analyzed regions counted ∼12,000 points in average. The foams had
different shapes and hardness. In the first two scenarios, homogeneous foams were physi-
cally explored by the arm. In the last four experiments, several foams having different sizes
and hardness were attached together and used to assess the heterogeneous deformability
properties.

The algorithm starts the active exploration task by interacting with a predefined initial
xy-coordinate. The successive target points were randomly selected among those sub-
regions of the β -field having a variance higher than a given threshold.

3Kinova website: http://www.kinovarobotics.com/
4Optoforce website: http://optoforce.com/
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Scenario description n Th var(β ) β -regions
(hardness in newton (N)) interact.
Homogeneous [60N] 3 0.06 1
Homogeneous [110N] 3 0.06 1
Heterogeneous [60N/150N] 4 0.06 2
Heterogeneous [110N/150N] 4 0.06 2
Heterogeneous [150N/rigid] 4 0.06 2
Heterogeneous [60N/110N/rigid] 4 0.06 3

Table 4.1: Different scenarios setup used during the experiments. The hardness of the
foams (H), defined in terms of the force (N) required to compress the foam to 40%, is
provided by the foam manufacturer. Th represents the threshold value for the variance on
the β -field. n is the number of interactions needed to model the surface deformability.

(a) (b)

Figure 4.5: (a) The optimal β as a function of deformability. The estimated deformability
increases with decreasing firmness of the surface. (b) The points that represent the shape
of the object are divided into overlapping clusters. The cluster size that gives the least error
for optimal β estimation is selected.

5.2 Analysis

Figure4.5(a) shows the deformability values β , estimated following the approach described
in Section 4.3, as a function of decreasing hardness. This figure illustrates how the esti-
mated deformability for each foam is in accordance with the real deformation character-
istics. In Figure 4.5(b)5 , we also show the evolution of the error as a function of cluster
size used in the deformation simulation. The figure indicates that 3×3 cluster size models
the observed deformation with the best accuracy. This happens because using small cluster
size increases the range of deformation that can be modeled by MSM and in this case, the
accuracy of the estimation.

Figure 4.6 shows the mean of the joint distribution of the geometrical random field after
contacts with different foams. It can be seen that the Gaussian random field creates a com-

5For [No cluster], we use quadratic deformation (Chapter 4.1.2)
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Figure 4.6: Reconstruction of different deformations of different foams obtained applying
the same force on the same contact point. H is the hardness of the surface defined as in
Sec. 5.1.

pact representation of the deformation shape that otherwise would be partially occluded by
the stick and affected by noise.

Figure 4.7 illustrates the interaction steps for the presented scenario and the corre-
sponding evolution of the β -fields. The first column (ground truth) shows a representation
of the setup with the position of the foams along with their hardness and relative dimen-
sion. The second column shows the corresponding estimated β -fields. A contour function
identifies the best isopleth with the corresponding subdivisions of the β -fields into regions.
It is possible to notice how the algorithm correctly identifies regions having different de-
formability and models the whole deformation map consistently with the ground truth. The
last column indicates the variance distribution of the β -field along with the target points
selected during the active exploration task. The first target point was pre-assigned and it is
indicated with a circle whereas triangles indicate successive contacts. We invite the reader
to note how the subdivision of the β -field into regions of the last experiment (last row of
Figure 4.7) slightly differs from its ground truth. This shows a sensibility of the proposed
framework to the selected variance threshold. An increase in the variance threshold (that
was empirically chosen during our experiments) helps limiting the number of interactions
needed (less target points found) but at the same time decreases the accuracy of the β -field
(regions having low variance are considered as explored). All the experiments lasted in
average ∼1.5 min including arm motion, planning and β -field calculation.

6 Discussion and Future Work

We have presented a novel active perception framework for modeling heterogeneous de-
formable surfaces. The main contribution of our work is the ability to model the deforma-
bility distribution (β -field) of an environment from few physical interactions. The novelty



6. DISCUSSION AND FUTURE WORK 81

Figure 4.7: Experiments setup. The first column shows an illustrative representation of the
foams size, hardness and position for each experiment (rows). The second column shows
the estimated deformability distribution (β -field). The third column shows the variance of
the β -field along with the contact positions.
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of the approach is in the use of real-world observations in a PBD simulator for estimating
the deformability parameters based on solely position information. PBD based methods are
computationally efficient which is an important aspect for online active perception tasks.
Our data-driven system relies on multi-sensory observations, where vision and propriocep-
tive data give deformation information and force information is used to detect the contact
with the surface. Based on this multi-sensory data, the system selects regions to be inter-
actively explored for assessing the deformability. The presented framework is particularly
suitable for applications that require the robot to promptly investigate the environment in a
non invasive way.

We demonstrate the feasibility of our method through several real world experiments,
using a simple setup consisting of a robotic arm and an RGB-D camera. We show how the
obtained β -fields of the analyzed surfaces matched the ground truth. This indicates that
our deformability estimation framework can guide the active exploration process together
with the Gaussian Process model to map the heterogenous deformability properties of an
environment.

There are several aspects of our method that deserve further attention. We have only
modeled elastic, isotropic behaviors of heterogeneous surfaces. Modeling the properties of
other type of materials – plastic, anisotropic, should be investigated. Finally, for interacting
with more complex real-world scenarios, rather than modeling the environment as 2.5D,
a method which models 3D convex shapes that require multiple heights for a single xy-
coordinates should be investigated.



Chapter 5

Conclusions

Knowing object properties is an integral part of the skilled manipulation in humans[55],
[87]. Hence, for creating robots that achieve similar performance of the manipulation skills
of humans, it is necessity to develop robotic frameworks that consider the object proper-
ties while planning a manipulation. To do that, (i) the data coming from multi-sensory
modality can give information about the object state while (ii) a physical simulation can
give feedback about how the object reacts to a certain interaction and help to plan a ma-
nipulation strategy which enables (iii) to explore actively and purposefully the objects. We
explore these three mechanisms (i, ii, iii) in this thesis. In particular, we investigate each
of these components by employing different techniques from machine learning, computer
vision and computer graphics to extract a certain object properties – deformability though
manipulative actions such as squeezing or poking.

1 Learning about objects

1.1 Multi-sensory Information

Using multi-sensory information, a robot can monitor a task from different perspectives
and overcome the uncertainty in the sensory data [43]. In robotics, various sensory modal-
ities, vision and tactile mostly, have been used for reasoning about the objects. In most
of the works, vision is used to track to obtain global information as in [4] and [84]. In
our work, we investigate the integration of vision and tactile to obtain local information
about a specific property of an object – content type in a container. We reason about the
content type by classifying the deformation on a container occurred after it is squeezed by
a gripper using unimodal (visual or tactile) and bimodal (visual-tactile) data. The tactile
deformation information comes from the pressure data obtained from robotic fingers af-
ter the container is squeezed and the visual deformation information comes from the area
around the finger by comparing the depth values of the rigid model of the object tracked by
a rigid tracker [120] and the depth value of the shape after the container is squeezed. Our
results indicate that unimodal and bimodal data can classify the content of a container with
high accuracy. However, the accurate classification rate of visual data is less than tactile

83
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data because of the implicit deformation estimation by relying on a rigid model. Hence
next, we concentrate on modeling deformation explicitly using a deformation model.

1.2 Simulation

Simulation models are useful tools to learn about objects. A robot can use an internal
simulation model of an object to predict the outcome of an action applied on it, such as load
force to grasp and lift an heavy object, before applying it in the real-world. Therefore, it can
plan the sub-tasks of the action based on the predicted outcome to safely and accurately
manipulate the objects, such as not to drop a heavy object. If the predicted action and
the real-world action do not match, the robot can learn about the objects by updating its
internal simulation model based on the new observations.

In our framework, we employ a simulation framework to learn about deformability
properties of the objects. There are many robotic frameworks that use force-based simu-
lation models to learn object properties – elasticity [59], plasticity [7] etc. In this thesis,
differently than the earlier studies, we use a position-based dynamics (PBD) [17]. PBD
is a collection of simulation methods that is popular in computer graphics society to de-
velop games due to its computational and memory-wise efficiency. However, its ability to
simulate real-world deformation has not been studied heavily. PBD can be an alternative
simulation method to force-based methods that is commonly used methodology in robotic
frameworks, when force information are not available, e.g., while learning by observation
of other agents/human behavior, tracking an object or manipulating non-graspable/liquid
objects as in [139]. In this thesis, we show that PBD simulation can be utilized to estimate
real physical deformation based on position information. We use MSM [105] that is a
PBD approach to simulate rigid and deformable solids in our proposed method. Also, we
introduce a new parameter to simulate a certain physical property – volume conservation
in MSM. In the experiments, we investigate the automatic calibration of the parameters
of MSM simulation based on the ground truth deformation (both synthetic and real-world
observations) with known deformability.

Our results show that our proposed method can differentiate the deformability of the
objects by calibrating the simulation parameters based on the position information. The
estimated parameters can be used directly to adjust the physical properties of a virtual
object in the simulation environment so that robot can simulate accurately the behavior of
the real-world object. Therefore, this allows to predict the outcome of an interaction with
this object and to avoid undesired behaviors such as permanently deforming or breaking it.

In our framework, we estimate the deformability of a single object with the assumption
of globally homogenous object property. However, real-world environments can have ob-
jects with heterogenous properties, i.e. deformability is different along the object. There-
fore, in the next section, we explore deformability of objects with heterogenous object
properties using an active exploration framework.
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1.3 Active Exploration

Neuroscience research shows that learning about objects and motor actions are related in
infant development [113] and robot development [53]. Hence to learn object properties, it
is a necessity to purposefully and actively explore the environment.

We explore an environment with heterogeneous deformability properties purposefully
by using a deformation simulation and a probabilistic framework that is developed by Cac-
camo et al. [31] (as oppose to random exploration such as [21, 59]). The information com-
ing from multi-sensory modalities (visual information – point clouds and proprioceptive
information of robotic indenter) enable to estimate the deformability property of a local re-
gion in the environment. Then, the region, modeled by Gaussian Processes, that indicates
the most uncertainty in the deformation estimation is selected as the next interaction point
to map the deformability property of the whole environment gradually. The aim here is to
learn the most information with little interaction as possible rather than interacting with an
environment with random redundant touches. We show that our deformation simulation
can guide the active exploration process together with the Gaussian Process model to map
the heterogenous deformability properties of an environment.

2 Future work

The methods introduced in this thesis can be extended in different directions.

2.1 Sensory integration

Firstly, we observe that during sensory modality integration (visual-tactile), visual data de-
creased the accuracy of classification of some materials. For a more effective integration
of sensory modalities, different integration schemes can be investigated such as using max-
imum likelihood to detect the sensory modality that maximizes the likelihood of accurate
identification of an object property at a certain time step as in human motor system [69].

In addition, in our experiments, we use the same container with different content types.
Hence, the generalizability of our framework to different types of container should be
investigated: How does the structure or the material, e.g., plastic or paper, of the container
affect the sensory data? Is the learned knowledge using one type of container transferable
to another type of container? Answering such questions can tell more about the limitation
of the sensory modalities and enable to improve the current sensory modality systems to
be more robust.

2.2 Improving deformation model and perception of the shape of objects

Secondly, the current simulation method is limited to simulate quadratic deformations (e.g.
bending, twist). In order to increase the range of deformations and to simulate more com-
plex and realistic deformed configurations, methods similar to [17] can be adopted. Also,
to improve the running time performance and enable simulation of complex interactions of
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multiple objects in real-time, parallelized implementations of PBD methods such as [93]
could be investigated.

Also, we rely on a highly-controlled experimental setup with good visibility and where
the object is unoccluded both in synthetic and real-world data. We show the experiment
using simplistic geometries – cube and rectangle. In Chapter 4, a probabilistic approach is
employed to predict the shape of a terrain surface [31]. However, to explore and interact
with more complex realistic environments, 2.5D construction of the deformation of the
objects should be improved to constructing 3D deformed geometry of an environment. To
do this, a real-time perception system with accurate and autonomous segmentation and
tracking methods is necessary for the robot to have a closed-loop framework that perceives
the objects in an unstructured environment, tracks their behavior and reason about their
properties to plan the appropriate manipulation. Therefore, integration of a method that
segments the arbitrary shaped objects with our deformation estimation model should be
investigated, such as [136]. In addition, to accurately track the real-world deformation,
using a probabilistic approach should be investigated, such as [137] or [142], to decrease
the noise and uncertainties in the observations and to use this framework in more realistic
scenarios where, e.g., human hands or robotic grippers occlude the object and the camera
viewpoint can be arbitrary. Moreover, by tracking real-world behavior of object, more
properties of the simulation can be learned from the data, such as time step or boundary
conditions etc. and make the usage of the simulation more autonomous for robots. To
determine such settings, instead of taking into account only the final, static deformed pose
of the object, dynamic behavior of the object that is captured through the whole motion
sequence while manipulating the object can be utilized.

2.3 Learning object properties in a general perspective

In this thesis we concentrate on learning properties of solid objects. However in daily life,
there are also non-solid objects that we interact such as during pouring beverages, cooking
a soup etc. Thus, there is a need to investigate learning the properties of various object
types other than solid as done in [86, 115, 139]. For instance, in [139], a robot reasoned
about liquid behavior for learning how to manipulate liquids autonomously. By achieving
that, robots can assist humans to do many household chores such as cooking, washing
dishes, serving a beverage etc.

However manipulating liquid objects is more challenging than manipulating solid de-
formable objects since they are not graspable directly and they exhibit more degrees-of-
freedom than a solid material do. This increases the likelihood of the occurrences of the
unwanted action such as spilling. Thus, a robot should be aware about the viscosity of the
liquid to prevent those actions. For instance, while pouring a liquid from a container, we
apply force and torque based on the viscosity of the object. If it is a yogurt we know that
it will pour slowly and we apply force accordingly. On the other hand, an apple juice can
be poured faster than a yogurt, thus we adjust our speed of pouring to the behavior of the
juice not to spill it. Nevertheless, a robot does not have the information of the properties of
liquids priory as we do. Therefore, it is crucial to develop a mechanism for robots to learn
such properties through the observation of liquids during an interaction.
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Developing a framework that infers the properties of non-solid objects while interacting
with it is an open question. One way to do it can be to track the liquid behavior as in
[139] and altering the physical parameters of a computational model that simulates the
liquid behavior to generalize to different types of liquids – water, honey etc. based on the
observed liquid behavior. This should be further investigated as a future work.

As a conclusion, in daily life, the objects exists in many different forms with different
properties, e.g., in solid form with elastic deformability, in granular form with small par-
ticles or in liquid form with viscous characteristic. Richard Feyman [49] 1 described this
variety in the world as

"The things with which we concern ourselves in science appear in myriad
forms, and with a multitude of attributes. For example, if we stand on the
shore and look at the sea, we see the water, the waves breaking, the foam, the
sloshing motion of the water, the sound, the air, the winds and the clouds, the
sun and the blue sky, and light; there is sand and there are rocks of various
hardness and permanence, color and texture. There are animals and seaweed,
hunger and disease, and the observer on the beach; there may be even happi-
ness and thought. Any other spot in nature has a similar variety of things and
influences. It is always as complicated as that, no matter where it is. Curiosity
demands that we ask questions, that we try to put things together and try to
understand this multitude of aspects as perhaps resulting from the action of
a relatively small number of elemental things and forces acting in an infinite
variety of combinations."

As physics and many other fields of science, robotic research also concerns how to reason
about all these different attributes and their influences, e.g., texture, light, hardness or
color of objects, for robots to understand their environment and operate autonomously.
To develop such robots, many parameters and consideration should be taken into account,
such as the design of the sensory modality system to perceive the signals occurring due to
the object properties, e.g., smooth surface, heavy object, viscous liquid, a physical model
of the object to simulate and predict accurately the outcome of a manipulation in real-
time, exploration strategies for retrieving the information about objects purposefully and
actively, accurate perception systems that track the object behavior etc. These individual
systems have been studied in depth in the last decades and many improvement have been
achieved [42, 108, 137, 138], but there are still areas to improve for robots to reach human
level manipulation skills. In this thesis, we investigate some of the approaches in these
areas and list the possible improvements and future works of our proposed methods.

1The quote is seen in [108].
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