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Abstract

Dexterous robotic manipulation of non-rigid objects is a challenging problem but necessary

to explore as robots are increasingly interacting with more complex environments in which

such objects are frequently present. In particular, common manipulation tasks such as

molding clay to a target shape or picking fruits and vegetables for use in the kitchen,

require a high-level understanding of the scene and objects. Commonly, the behavior of

non-rigid objects is described by a model. Although, well-established modeling techniques

are difficult to apply in robotic tasks since objects and their properties are unknown in

such unstructured environments.

This work proposes a sensing and modeling framework to measure the 3D shape de-

formation of non-rigid objects. Unlike traditional methods, this framework explores data-

driven learning techniques focused on shape representation and deformation dynamics pre-

diction using a graph-based approach. The proposal is validated experimentally, analyzing

the performance of the representation model to capture the current state of the non-rigid

object shape. In addition, the performance of the prediction model is analyzed in terms

of its ability to produce future states of the non-rigid object shape due to the manipu-

lation actions of the robotic system. The results suggest that the representation model

is able to produce graphs that closely capture the deformation behavior of the non-rigid

object. Whereas, the prediction model produces visually plausible graphs when short-term

predictions are required.
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Chapter 1

Introduction

1.1 Context

There is an ambition towards integrating robots into everyday environments, initially mo-

tivated by the automation of exhaustive and dangerous tasks which will allow humans to

devote themselves to jobs that require more of their analytical skills and creativity. An-

other perhaps more interesting conception is the potential for collaborative work, in which

humans amplify and augment their capabilities through robot assistance [1]. Therefore,

the need to develop a high-level understanding of the environment in order to interact

properly is evident. A particular skill that is ubiquitous for human beings and commonly

carried out effortlessly is manipulation. The ability to perform complex actions involving

an extensive set of objects with different shapes, textures and sizes is still far beyond the

capabilities of state-of-the-art robots and remains as an open problem in research.

In simple manipulation tasks, such as pick and place, several simplifications can be

made, either on the object or tool used. In contrast, dexterous manipulation increases the

difficulty of the task because, in principle, it adds more complexity to the tool employed,

which goes from being a simple parallel gripper to an anthropomorphic hand with several

degrees of freedom and three or more contact points [2]. On the other hand, it is still

possible to simplify the problem by assuming that objects involved can be described as rigid

structures. Unfortunately, this assumption does not hold when objects exhibit deformation

behaviours, which further increase the complexity by requiring an equally general solution

but for a less constrained problem. In particular, it is now necessary to acquire sufficient
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knowledge of the object’s physics, typically, through the formalization of a model capable

of monitoring and predicting its state over time, which will allow to properly plan its grasp

and manipulation. Additionally, since deformations are only observed when interacting

with the environment, the estimation of such models requires associating sensory signals

with robot’s actions over time [3].

Most recent advances in dexterous manipulation are mainly attributed to the explo-

ration of learning techniques in simulated environments and transferring this knowledge to

the real-world. This approach is attractive because of the relatively easy access to large

amount of data generated in simulated environments and faster execution time, thus be-

ing only restricted by the available computing resources. It has shown remarkable results

in terms of the level of dexterity achieved [4]. Nevertheless, these applications typically

involve manipulation of rigid objects with simple shapes which a simulator is capable to

provide, yet adjustments into the real-world are often needed which can be a non-trivial

process to do. The problem is further complicated under situations when non-rigid ob-

jects are present, since existing simulators are not sophisticated enough to provide realistic

models [5]. Even so, early attempts to model deformation in dexterous manipulation have

mainly adopted classical physics-based approaches, extensively studied in computer sim-

ulation, thus providing well-established techniques in this area. Nonetheless, objects are

often treated to be of homogeneous composition when using classical methods due to the

substantial dependency on the material parameters in these models, which are normally

provided in advance since they are supposed to be known and measurable. On the contrary,

it is rarely possible to estimate the parameters reliably when handling non-homogeneous

materials and unpractical to provide them in advance for every new object encountered in

the environment.

Real environments are filled with a vast amount of non-rigid objects (e.g. food, organs,

textiles). Conversely, their research has not received the same level of attention as rigid

objects. For that reason, there is currently a gap in the level of maturity of the technology as

opposed to the rigid variant. This encourages the development of alternative methods that

can potentially capture the complexity of the deformations on non-rigid objects without

the dependency on simulators or manual tuning of parameters.
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1.2 Objectives

This thesis aims to develop a modeling approach, entirely from sensor data, to estimate

and predict the state of non-rigid objects under robotic manipulation. Information about

objects and their properties is assumed unknown and there is no dependency on simulators

or predefined material parameters. In this way, a sensing and modeling framework is

proposed to learn the 3D shape deformation1 of non-rigid objects. The specific objectives

include:

• Develop a shape representation model that estimates the current state of the non-

rigid object with the ability to capture the deformation behavior using shape tracking

and motion analysis.

• Develop a dynamics prediction model that estimates the future states of the non-rigid

object using the current shape representation and the manipulation actions of the

robotic system.

• Study the integration of the shape representation and dynamics prediction models

to learn the deformation of non-rigid objects using sensor data.

The outcomes of this thesis contribute to the development of modern robotic solutions

with more autonomy and dexterity for the manipulation of non-rigid objects in real-world

unstructured environments.

1.3 Outline

The rest of the thesis is organized as follows: Chapter 2 provides an overview of the most

relevant approaches for sensing and modeling the deformation of non-rigid objects from the

literature. Chapter 3 describes the shape representation model developed in this research.

Chapter 4 describes the integration of the dynamics prediction model. Finally, Chapter 5

presents conclusions and future directions.

1’3D shape deformation’ or simply ’deformation’ from here, unless stated otherwise.
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Chapter 2

Related Work

This section provides an overview of methodologies from the literature for modeling the

deformation of non-rigid objects. In particular, attention is given to techniques that inte-

grate sensor data in their approaches. Recent comprehensive surveys on the broader scope

of manipulation of non-rigid objects are available in [6] and [7], the latter was prepared as

part of this thesis.

2.1 Sensing

In the context considered here, sensing is responsible for capturing information about

changes of an object’s shape along with providing an appropriate representation to use in

subsequent processes. In the following sections, current approaches are discussed in terms

of the sensing modality used, that is: vision (2.1.1), tactile (2.1.2) or a combination of both

(2.1.3). The discussion is further expanded by examining many aspects of design [8], such

as the technology and application, localization and interaction in the environment, and

data integration. A summary of the characteristics of the sensing strategies is provided in

Table 2.1.

2.1.1 Vision

Vision sensing is mostly employed to estimate the shape of a non-rigid object through

extraction of surfaces or feature points. Initially, 2D applications used color cameras for the
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characterization of linear and planar objects, and then were extended into 3D applications

for volumetric objects by incorporating depth sensors. Moreover, some image processing

techniques are applied in order to detect the object of interest, which is often simplified

by using specific domain knowledge (e.g. color and depth filtering). In particular, this

assumption is justified when the environment is controlled and isolated, capturing only

interactions between an object and a gripper, thus facilitating the detection process.

Güler et al. [9] developed a 2D tracking system applied for the tuning of a position

based model. The setup consists of a Logitech HD Pro C920 Webcam that captures a

side view of a mechanical screw while pushing a non-rigid object. The object is manually

segmented from the image, and then an optical flow algorithm is used to produce a discrete

representation of the shape with particles while keeping track of them during the pushing

action. Similarly, Hui et al. [10] proposed a 2D tracking system but applied it for a material

classification task. In this setup, a three-fingered Barrett hand manipulates the object and

a Kinect sensor captures color and depth data, though the latter is only used to detect

the object of interest via segmentation. This process consists of applying Random Sample

Consensus (RANSAC) and K-Nearest Neighbors (KNN) search of k-d trees algorithms in

the point clouds to determine several clusters and keeping the one that contains the object.

Then, the segmented points are projected back into the image plane for subsequent analysis.

Jordt et al. [11] proposed a 3D tracking system for the fitting of a geometric surface.

The setup is capable of handling high spatial and temporal resolution by synchronizing

several sensors, a SR4000 ToF camera with a Charged-Couple Device (CCD) camera to

acquire color and depth data at high frame rate, and a laser line scanner with two CCD

cameras to acquire data at high resolution. Object detection is done via classical color-

based segmentation. Later in [12], the entire setup is replaced by a single Kinect sensor and

used in a tracking system similar to their previous work. However, both approaches are

not tested in a robotic scenario. Fugl et al. [13] adopted the tracking concept and included

a Finite Difference Method (FDM) model to estimate the object’s material properties, in

which the reference values are taken by a PASCO PS-2189 force sensor and a 6 Degrees of

Freedom (DoF) Universal robot arm. Leizea et al. [14] also proposed a 3D tracking system

for tuning of a Finite Element Method (FEM) model. The setup consists of a 7 DoF

Mitsubishi robot with an indenter attached to the gripper, a Kinect sensor that acquires

color and depth data and an MCR Anton Paar Physica rheometer to measure material
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properties. They combined both visual and material properties to initialize the model and

thus estimate the deformation. Additionally, the gripper is equipped with a Mini40 sensor

to measure the force exerted by the robot when interacting with the object.

On the other hand, Lin et al. [15] presented a strategy to pick-up non-rigid objects

while resting on a table. The setup consists of a Barrett hand and a 3D laser scanner from

NextEngine. In this application, there is no continuous shape tracking. Instead, the object

is initially scanned and converted into a tetrahedral mesh using CGAL1 library, and later

reduced using MeshLab2 software.

2.1.2 Tactile

Tactile sensing is mainly employed for the estimation of physical properties on the object,

such as material parameters and forces exerted by robotic hand. Commonly, raw tactile

data from custom sensors is processed to obtain a better representation, either as a vector

or array image, and then standard image processing techniques can be used to extract

features [16].

Mira et al. [17] proposed a grasping strategy which analyzes tactile data to guarantee

a safe grasp. In this setup, two 7 DoF Mitsubishi manipulators are used. One robot is

equipped with a Shadow five-finger hand with a Tekscan sensor able to record pressure

levels throughout an array distributed in the finger sections and the palm. On the other

robot, a Kinect sensor is used but only to recognize the object at the beginning of the

execution. The same configuration is used by Delgado et al. [18] who proposed another

grasping strategy. Later, it is updated in [19] by replacing the previous robots with two

Kuka LWR arms equipped with two Shadow hands. One robot keeps the Teskcan sensor

whereas the Kinect sensor is replaced with a Biomimetic Tactile sensor from SynTouch.

For this work, the combination of pressure, vibrations and temperature information along

contact points is used to create a new representation for tactile images based on a Gaussian

mixture model. Zaidi et al. [20] adopted the same setup as in [19]. However, they proposed

an alternative grasping strategy. In this case, tactile data is used to extract the information

about the applied contact force from the robotic hand to the object.

1https://www.cgal.org/
2http://www.meshlab.net/
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2.1.3 Multi-Modal

Several of the methodologies that study non-rigid objects require the estimation of both

physical and shape properties. Therefore, these approaches combine a variety of the sensors

and processing techniques previously described in their frameworks.

Arriola-Rios et al. [21] integrated tactile and visual data to develop a learning frame-

work to predict deformations of non-rigid objects for pushing actions. The setup consists

of a DAQ-FT-GAMA force sensor and a color firewire camera that records perpendicularly

to the scene. Visual data is used for a 2D tracking system. They proposed an algorithm

called linear snake, which represents the contour as a polygon in which the vertices act

as control points adjusted following the deformation, whereas, forces are directly recorded

during the continuous pushing actions. Cretu et al. [22] combined visual and tactile in-

formation to model the deformation using a Multilayer Perceptron (MLP) neural network.

Initially, data is collected using a setup described in [23], which consists of a three-fingered

Barrett hand equipped with PPS RoboTouch tactile pads and a point Grey Research Flea 2

firewire camera. Visual data is used for 2D shape tracking whereas tactile data is processed

to transform from raw measurements to applied forces. The tracking system consists of

training a Growing Neural Gas (GNG) neural network to cluster regions of an image based

on color and spatial information, given as Hue Saturation Value (HSV) components and

coordinates of pixels, respectively. The output of the GNG represents the object of interest

and background. In this way, the object is filtered by extracting its contour using a Sobel

edge detector. Afterwards, another GNG is trained for sampling purposes, which reduces

the number of contour points while preserving details in regions where local deformations

occur.

Later, Tawbe and Cretu [24] extended the previous approach from 2D to 3D tracking.

In this case, data from a Kinect sensor is segmented to obtain a mesh that represents the

object of interest. A RANSAC algorithm is used to identify flat surfaces and eventually

remove them from the point clouds. In addition, missing data due to occlusion with the

robotic tool is filled using Meshmixer3 software. The remaining meshes are selectively

reduced by using a variation of the QSlim algorithm which simplifies mesh regions that

are not in the neighborhood where the interaction occurs. Afterwards, the new mesh is

3http://www.meshmixer.com/
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clustered according to the distance with respect to the original mesh, then a stratified

sampling technique is employed to only retain a subset of data.

Frank et al. [25] presented a method to estimate elastic properties by simulating the

deformation of a non-rigid object, with visual and tactile information that is acquired from

multiple views and combined. The setup consists of a 7 DoF robot manipulator built with

Schunk Powercube modules and equipped with a Schunk-FTCL-050 force/torque sensor

integrated into the gripper through a wooden stick to minimize occlusions. In the same

gripper is attached either a Bumblebee stereo or a PMD-[vision]-O3 Time-of-Flight (ToF)

camera. The former is employed for textured objects and the latter for uniformly colored

objects since better depth results are obtained. Later, they updated the vision system

replacing the stereo camera by a Kinect sensor [26]. This time, the deformation models

are learned by the robot and applied to a robotic navigation system.

Petit et al. [27] presented a framework that integrated visual and tactile data to esti-

mate material parameters and applied forces by integrating a physics-based model and a

data registration process. The setup consists of a Kuka LWR arm equipped with a force

sensor in its gripper and an Asus Xtion RGB-D sensor. Force data is used to initially

estimate the unknown material parameters of the object measured as Young’s modulus

and Poisson ratio. Visual data is processed according to a previous work [28], in which a

graph cut algorithm is applied to segment the depth data in order to create point clouds of

the object of interest, and then scanning the object by moving the sensor around. Gil et al.

[29] adopted a similar framework as [18], which consists of a Shadow robot hand equipped

with a Tekscan tactile sensor on the fingertips and a Kinect camera with an eye-in-hand

configuration. In this approach, however, visual data from the Kinect sensor is used to

detect and track the deformation while the force measurement is used as a complement

in the case that a grasp adjustment is needed. Caccamo et al. [30] proposed a system

for modeling deformation of elastic surfaces. The setup consisted of a PrimeSense RGB-D

camera and a Kinova Jaco24 robotic arm equipped with a three fingered Kinova KG-3

gripper that carried a 3D OptoForce force sensor. RGB-D images are converted to point

clouds and then preprocessed to obtain a reduction of the resolution using a crop box. In

addition, a statistical filter is applied for outlier removal. On the other hand, the tactile

sensor produces force-position vectors that are combined to generate tactile point clouds.
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Fugl et al. [13] 3 3 3

Frank et al. [26] 3 3 3 3

Leizea et al. [14] 3 3 3

Petit et al. [27] 3 3 3 3

Lin et al. [15] 3 3

Güler et al. [9] 3 3

Caccamo et al. [30] 3 3 3 3

Hui et al. [10] 3 3

Cretu et al. [22] 3 3 3

Tawbe & Cretu [24] 3 3 3

Arriolla-Rios & Wyatt [21] 3 3 3

Gil et al. [29] 3 3 3 3

Mira et al. [17] 3 3 3

Delgado et al. [19] 3 3 3

Table 2.1: Characteristics of the surveyed strategies for sensing the deformation of non-

rigid objects.

2.2 Modeling

In the context of non-rigid objects, modeling typically consists of the definition of a law

of evolution for the shape representation [31]. In the following sections, state-of-the-art

approaches are further discussed in terms of a proposed systematic categorization, that

is: physics-based (2.2.1), geometry-based (2.2.2) and learning-based (2.2.3) models. A

summary of the characteristics of the modeling strategies is provided in Table 2.2.
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2.2.1 Physics-based

This category includes approaches that model the deformation of a non-rigid object fol-

lowing the law of physics, such as Newtonian dynamics. Early approaches that explore

physics-based models applied on interactive robotic environments are demonstrated by Pai

et al. [32, 33]. A linear model defined by Green’s function method is used to estimate the

dynamics of the object’s boundary. More recently, Fugl et al. [34] proposed a 3D model

to describe linear deformations based on the Navier-Cauchy equations and considering an

elastic and isotropic material. The mechanical response is formulated from Hooke’s law us-

ing the Navier-Cauchy equations. Also, some boundary conditions are defined considering

the case of robotic manipulation since the model is used for simulation only. An FDM is

formulated for the Navier-Cauchy equations to be approximated with a discrete set of al-

gebraic equations. Similarly, another model that describes linear deformations is presented

by Fugl et al. [13] based on a discretized Euler-Bernoulli model and also developed for an

elastic and isotropic material. The physics model is able to compute the deformation curve

as a function of Young’s modulus, the mesh geometry and the gripper pose. Afterwards,

a comparison between the deformed model and the input data is synthesized by an error

function.

Frank et al. [26] proposed a 3D model built on a previous work [25] which consists in

the estimation of the elasticity properties, described by Young’s modulus and the Poisson

ratio considering an elastic and isotropic material. The data from the sensors is used to

formalize a linear FEM of the discretized tetrahedral mesh, which relates the external

forces acting on the nodes of the mesh and the consecutive displacement with the elasticity

parameters via the stiffness matrix. Then, the FEM is initialized with a given stiffness

matrix and the problem is solved by comparing the observed and simulated displacement

and minimizing their difference. The robotic surgery application of Leizea et al. [14] used

the acquired color and depth information as the input to a non-linear FEM model to

simulate the deformation behavior. As a preliminary step, the system needs to compute

the density, Young’s Modulus and Poisson ratio parameters of an elastic and isotropic

material. Additionally, a set of key-points that relates the input data with a 3D mesh

of tetrahedrons is also defined. Afterwards, the model is initialized as a Saint-Venant-

Kirchhoff formulation within a FEM structure using a tetrahedral mesh that is updated in

10



every frame. This process is done by matching selected key-points with the input raw point

clouds to find associations between them and discarding those key-points that present no

deformations. In this way, the FEM model uses the previous association to displace the

mesh until it captures the current state of deformation of the object.

Petit et al. [28, 35, 27] applied a set of techniques to model the deformation of elastic

and isotropic material by combining point cloud representation of an object of interest

with a linear FEM model of a tetrahedral mesh. This method uses a previously segmented

point cloud which is applied to a rigid Iterative Closest Point (ICP) algorithm to estimate

a transformation from the point cloud to the mesh. Afterwards, a registration procedure

is performed by computing external forces exerted by the point cloud with respect to

the nodes of the mesh and associating them with the internal forces computed from the

visual and force data. Thus, the estimation of the deformations consists in solving a

dynamic system of linear ordinary differential equations involving the internal and external

forces. Later, Ficuciello et al. [36] used the FEM model estimation of [27] and included

a deformation control strategy. Thus, this approach minimizes the error between the

observed and desired shape and provides as output the contact forces between the fingers

of the hand and the object, which are converted into position trajectories of the fingertips.

Lin et al. [15, 37] presented a squeeze grasping approach in which the deformation is

described by analyzing the displacements of the points in contact with the object. Based on

a previous approach [38] but adapted for a 3D representation, they formulated a linear FEM

model of tetrahedral mesh for an elastic and isotropic object. Similarly, a set of external

forces are applied to the nodes of the mesh displacing their location when deformation

occurs, although, the influence of gravity is also included by combining the proportional

contribution of the mass of each tetrahedron. Moreover, Duenser et al. [39] proposed to

use a FEM model to characterize the deformation of elastic objects. Their formulation

also establishes a sensitivity analysis to calculate a Jacobian function, which is required

as a measure of changes in robot’s joint angles and the corresponding shape deformation.

This optimization speeds up the generation of control signals for their model, and thus is

able to perform shape control in real-time scenarios.

On the other hand, the grasping strategy of Zaidi et al. [20] considered known isotropic

objects represented as a non-linear Mass Spring System (MSS) in a tetrahedral mesh, in

which lumped masses and non-linear springs are attached to the nodes and edges respec-
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tively, as described in [40]. The description of the global and contact areas of deformation

are based on the tracking of the positions of the nodes by solving the dynamic equation of

Newton’s Second law.

2.2.2 Geometry-based

This category includes approaches that model the deformation as a geometric surface

problem, in which displacements are analyzed directly instead of relying on forces (as in

Section 2.2.1). A parametric representation known as Non-Uniform Rational Basis Spline

(NURBS) is used by Jordt et al. [11] to describe and store the surface of an object.

First, they extract a set of 2D Kanade-Lucas-Tomasi (KLT) features in the low resolution

image data to create a dense 2D deformation map that is then fitted into a 2D NURBS

function. The 3D surface deformation function is created using the previous 2D NURBS,

the depth data and a global pose descriptor forming a 3D NURBS. Finally, the deformation

sequence is propagated to a high resolution mesh by mapping the vertex position in 3D

to the corresponding NURBS coordinates. Afterwards, Jordt and Koch [12] improved

their model by removing the necessity to explicitly detect tracking features. Instead, the

algorithm defines a 3D mesh from the initial frame and registers it into a NURBS surface

function, such that the mesh deformation is manipulated by the NURBS control points.

Then, it is fitted to the current measurements by minimizing an error function between

the mesh and the color and depth data.

With the intention of improving the stability issues of physics-based models, Güler et

al. [9] used a Position Based Dynamics (PBD) approach to simulate the deformation. The

technique, originally presented in [41], represents the object as a set of particles with some

initial configurations. In this approach, there is no requirement of connectivity information

between particles as opposed to mesh-based methods. Thus, an optical flow-based algo-

rithm is used to spread and keep track of a set of particles on real object over consecutive

frames. In principle, the model is able to simulate several levels of deformation, however

only a 2D object experimenting shear and stretch-like deformations is considered, which is

controlled with a parameter. Later in [42], this formulation is updated to include a FEM

model for generating ground truth data of various deformation parameters. The robustness

of the system improves by adding quadratic deformation (i.e. twist and bend). Similarly,
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volume conservation during deformation is also included with a new control parameter,

which is estimated by matching the PBD and the FEM deformation models. The latter is

built upon Young’s modulus and the Poisson ratio for a linear elastic and isotropic material.

Experiments show that by adding this new control parameter, it is possible to relate with

the elasticity parameter of the FEM model. In complement, Caccamo et al. [30] proposed

to train a set of Gaussian Process Regression (GPR) to estimate the deformability of the

object, and then integrate that information into the PBD methodology in order to produce

the simulation of the deformation, which is applied to an elastic heterogeneous object.

Gil et al. [29] presented a grasping strategy that uses color and depth data and geo-

metric information to be able to model the shape deformation of a planar object. This

method, originally described in [43], consists in clustering the point clouds into subsets

named patches, characterized by the size and number of points contained. Then, the cur-

vature maps between every point of a patch are estimated by analyzing the eigenvalues of

the points in a neighborhood using Principal Component Analysis (PCA). Furthermore,

a curvature histogram is defined and represents the distribution of the variation. It is

used to detect singular points, which are those with maximum curvature values. Finally,

by combining both formulations the system is able to detect deformations by finding the

critical points where variations occur. As can be seen, tactile information is not part of the

modelling process, instead a vision algorithm is proposed for a grasp planner. Furthermore,

the latter deformation descriptor is used in Mateo et al. [44] as a part of their proposed

surface supervision method that includes volumetric object representation. Additionally,

the curvature surface approach is formalized as Curvatures Skeletons and described in de-

tail in [45]. Alternatively, Hui et al. [10, 46] used an implicit geometric representation

for tracking the contour of a non-rigid object. The proposed approach is based on the

fast implementation of the level set method, and takes as input the previously segmented

image of the object of interest transformed to the YUV color space and represented in the

log-polar domain. This method collected 3D data, however, the depth information is only

used for the segmentation process since the modelling approach is developed in 2D only.
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2.2.3 Learning-based

This category includes approaches that combine learning techniques for implicit or explicit

modeling. The latter refers to learning unknown parameters in already defined models (e.g.

physic or geometric). Whereas the former refers to a complete learning of the characteristics

of the deformation with no previous model provided.

Cretu et al. [22] proposed to learn an implicit model using neural networks. The system

used an MLP which receives as input a reduced representation of the object’s contour as

described in Section 2.1.3. Later, force and position measurements of the robotic hand are

associated with the tracked contour to create a feature vector, then the MLP is trained to

predict the position of the points in the contour of the next frame. The model is evaluated

by using different forces while keeping fingers’ position unchanged. Later in [47, 24], they

extended the approach to handle volumetric objects while keeping the prediction phase

almost unchanged. In this case, a series of MLPs are trained per each sampling cluster of

the object mesh in order to learn the relationship between the forces and the position of

the GNG shape representation. Even though original work presents the first attempt to

learn an implicit deformation model using neural networks, results show predictions for the

next frame only. Therefore, a long-term response of the model behavior is not explored.

Arriola-Rios and Wyatt [21] proposed to combine two models in sequence in order

to predict the object’s shape and reaction forces respectively. First, the proposed shape

predictor uses the shape tracking information to initialize a mesh for an MSS model, based

on a modified version proposed in [48] that considers elastic and plastic deformations.

Nevertheless, the focus of the shape predictor is to learn the parameters that better estimate

an MSS model. Thus, an evolutionary algorithm is proposed to search for the parameter

space of the model. Similarly, in order to train the force predictor, the position and

forces from the sensory information are used to obtain a stress-strain diagram which are

approximated by implementing a regression model. As opposed to [22, 24], this model

shows predictions for the object behavior in multiple steps forward, and also classifies new

materials if added. However, the model is only tested for 2D deformations.

Cherubini et al. [49] proposed a novel framework for learning to manipulate a malleable

plastic object to a target shape. In this work, the authors initially defined a set of actions

(e.g. pushing, tapping and incising), such that each action affects only a subset of the
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object’s state, the latter is measured using the 2D contour, and then embedded as a feature

vector. The current shape state is defined through a function that depends on the previous

state and the external action applied. Thus, the problem is reduced to the minimization

of the error between the actual and desired state. However, since no formal description

for the state function is provided, an MLP neural network is used to implicitly learn this

behavior by using image data of humans performing the task.

Hu et al. [50] proposed to use a GPR model to learn a deformation function that

describes the relationship between gripper movements and point displacements over a se-

quence of manipulation tasks. In this work, the object is represented as a set of categorized

3D points associated to a particular surface region. In turn, a feature vector with the region

information is defined to monitor the state of the object. Later, this approach is expanded

in [51] by including a PCA formulation to reduce the dimensionality of the feature vector.

Moreover, an MLP neural network is used to learn the deformation function, demonstrat-

ing better performance than the previous GPR model. In addition, an occlusion removing

algorithm is also formulated to obtain more complete information about the state of the

object, and thus aiming to overcome the problems of learning models in partially observable

environments (e.g. when the robot arm occludes an object during manipulation).

Recently, Li et al. [52] proposed to learn a particle simulation engine with the purposes

of describing the dynamics of complex interactive systems. The approach is based on a

model proposed by Battaglia et al. [53], which uses a Graph Neural Network (GNN) model

to make inference about the state of a physical system. Later, Mrowca et al. [54] updated

a previous model to support 3D instead of 2D scenes, while providing more evaluations

of complex environments (e.g. non-rigid objects and liquids). Although the work of Li

et al. [52] is not the first attempt to implicitly learn the dynamics of non-rigid objects

using GNNs, they extended previous works by showing results beyond simulation engines,

in which a real robotic gripper is molding a non-rigid object to a target shape. Finally,

these architectures differ from plain neural networks due to the added relational inductive

bias of graph structures, providing a useful mechanism to represent an interactive system

such as manipulation of non-rigid objects.
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Fugl et al. [13] 3 3 3 3 3

Frank et al. [26] 3 3 3 3 3

Leizea et al. [14] 3 3 3 3 3

Petit et al. [27] 3 3 3 3 3

Lin et al. [15] 3 3 3 3 3

Jia et al. [38] 3 3 3 3 3

Zaidi et al. [20] 3 3 3 3

Güler et al. [42] 3 3 3 3 3

Gil et al. [29] 3 3 3 3

Mateo et al. [44] 3 3 3 3

Hui et al. [10] 3 3 3 3

Cretu et al. [22] 3 3 3 3

Tawbe & Cretu [24] 3 3 3 3

Arriola-Rios & Wyatt [21] 3 3 3 3 3

Cherubini et al. [49] 3 3 3 3 3

Hu et al. [50] 3 3 3 3 3

Li et al. [52] 3 3 3 3 3

1 approaches that do not state the type of deformation.

Table 2.2: Characteristics of the surveyed strategies for modeling the deformation of non-

rigid objects.

2.3 Summary

This chapter provides a comparative review of the state-of-the-art and discussions of re-

lated literature on modeling the deformation of non-rigid objects that help position our

proposed work. It is observed that, traditional modeling approaches are often hand tuned

by using either a physics-based (e.g. MSS, FEM) or a geometry-based (e.g. NURBS,

PBD) formulation. However, a proper description of a model for each random object
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found in the environment is a non-trivial process (e.g. objects with complex shapes and

unknown non-homogeneous materials), which presents a clear opportunity for development

of learning-based models.

Moreover, current approaches rely on shape tracking as input for the estimation of

models. Even though several techniques are currently available, these are directly influ-

enced by the specification of the modeling framework. For example, linear snake is used

by Arriola-Rios et al. [21] to create a mesh-like representation. On the other hand, optical

flow and GNG are used by Güler et al. [9] and Cretu et al. [22] respectively to create a

particle-like representation. In such cases, the structure of the shape representation is par-

ticularly associated with the type of deformation model used. Similarly, Li et al. [52] use

a graph-like representation, though shape tracking is not implemented in their approach.

Instead, the object is first scanned and reconstructed using a Truncated Signed Distance

Function (TSDF) fusion algorithm. Therefore, information about the object’s shape is

provided at the beginning, and then training is done entirely in simulation.

In this work, a framework is proposed for implicit learning of the deformation model,

which combines both shape representation and deformation dynamics prediction [55]. Also,

vision sensing is considered as the main source of information for the estimation of our

model. This is motivated by the promising results of recent learning-based models to act

as a physics engine, even though little exploration of training using sensor data has been

achieved. Such an investigation is necessary due to the little support of non-rigid objects in

current robotic simulators, in particular for large volumetric deformations and dexterous

hands. The lack of such functionalities prevents the direct use of data-driven approaches

to learn a model trained entirely in simulation. More specifically, a GNG-based model is

used to produce the shape representation of non-rigid objects as a graph while tracking

the shape over the sequence of frames. Then, the contact points information is added to

the representation and passed to a GNN-based model in order to learn the dynamics of the

deformation. Thus, a forward prediction of the state of the non-rigid object is modeled,

and trained using real-world measurements.
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Chapter 3

Shape Representation

As discussed in Chapter 2, current approaches based on sensor data in some way rely

on shape tracking as a mechanism to estimate the deformation models. In particular, the

object motion variations are closely related to the dynamics of the deformation. Therefore,

a motion analysis can be used to determine whether the produced shape representation is

consistent with the deformation and reflects the current state of the non-rigid object. In this

way, the structure of the sensor data is first examined, and then the design consideration

of the representation model are established.

Visual data produced by RGB-D sensors is commonly represented as a set of non-

uniform points in 3D space, also known as point clouds. Unlike more traditional shape

representations (e.g. polygonal mesh), this primitive lacks of an explicit relational mech-

anism to characterize the underlying structure of the data. Therefore, it is necessary to

apply an additional step to construct graphs from point clouds. Moreover, due to the na-

ture of the sensor data, some design considerations [56] of the graph construction algorithm

should be defined in order to perform shape tracking and motion analysis that satisfy its

practical application in robotic manipulation tasks (e.g. requirements for planning and

control [57]). The latter can be formulated as follows:

• Real-time execution: The sensor data provides information about changes of the

non-rigid object shape. The representation model should process sensor data in real-

time in order to capture a correct interpretation of the object motion, thus preventing

outdated information from generating incorrect interaction associations.
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• Temporal smoothing: The signals from current sensors are inherently noisy and

captured at high spatio-temporal resolutions. The representation model should op-

erate as a smoothing filter for noise reduction in order to efficiently stabilize the

displacements associated to the object motion.

• Region correspondence: The correspondence of point clouds to graph nodes is

directly used to calculate the object motion. The representation model should gen-

erate a 3D to 3D region correspondence that continually associates a localized area

of the non-rigid object shape over time.

In principle, point clouds can be easily represented as a graph by reconstructing them as

a polygonal mesh. However, direct mesh conversion is not sufficient to satisfy the consid-

erations previously established. Alternatively, capabilities for representation of dynamic

distributions are observed in GNG [58]. Inspired by this behavior, several works have pro-

posed tracking systems in 2D using images [59, 60], and more recently in 3D using point

clouds [61], with reliable motion analysis. As for the existing filtering methods [62], GNG

has been noted primarily for downsampling capabilities and for handling point clouds [63],

which demonstrated better quality of representation compared to other methods such as

voxel grids. Additionally, different algorithm adaptations have been proposed to achieve

real-time execution, exploiting aspects such as computational optimization and hardware

acceleration [61].

The rest of this chapter describes the formulation of the representation model that

constructs dynamic graphs, G, from non-stationary distributions, P , constituting the de-

formation that a non-rigid object undergoes during manipulation. The methodology used

to develop the model is summarized in Figure 3.1. Particularly, a GNG-based model called

BC-GNG is proposed for the graph construction process, which combines and extends sev-

eral of the previous works (Section 3.1). The configuration of the sensing and processing

phases for collection of data on a non-rigid object is also described (Section 3.2). In ad-

dition, a comparative experimental evaluation between the different variations of GNG is

also provided (Section 3.3).
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Figure 3.1: Diagram of the proposed methodology for the representation model: (Yellow)

raw data taken from sensors; (Green) data processing for object detection; (Blue) GNG-

based model for shape representation.

3.1 Graph Construction

First introduced by Fritzke [64], Growing Neural Gas (GNG) is a growing self-organizing

artificial neural network that belongs to the family of unsupervised learning algorithms.

This model aims to learn a structured representation of some data distribution as a graph.

As opposed to a traditional Artificial Neural Network (ANN), the network structure in

GNG is not fixed but rather dynamic and the training consists of competitive rather than

gradient-based learning. Such differences provide GNG an interesting property of better

preserving the topology (i.e. neighborhood relations) of the distribution [65]. In addition,

GNG incorporates a mechanism that enables to dynamically control the growth of the

structure, which unlike the original formulation of the Neural Gas network [66], provides

more flexibility for the representation of unknown distributions.

3.1.1 Growing Neural Gas

The original GNG formulation receives as input the data distribution P of size N and

produces as output an undirected graph G = (O,R). Where, O = {oi}i=1:NO
is the

set of nodes with NO cardinality, and R = {rk, uk, vk}k=1:NR
is the set of edges with

NR cardinality, which connects an unordered pair of nodes uk and vk. Also, each node

has an associated feature vector oi = {xi, ei}, which contains the position and spatial

error, respectively. Likewise, each edge has an associated feature vector rk = {ak}, which

contains the connection age. The position is a direct measure of the spatial location of

20



a node with respect to the input distribution, while the spatial error and connection age

serve as measures for the addition and removal processses of nodes and edges from the

graph.

Similar to other learning algorithms, GNG training consists of an iterative procedure,

which ends when a certain quality condition is reached. Commonly, a metric based on

the number of nodes in the graph is used as stopping criterion. However, this brings an

issue when size and shape of the input distribution is unknown since the user is responsible

for establishing such conditions, which implies distribution-specific manual adjustments.

In this work, the quantization error, QE, is used (Equation 3.1) instead of the number

of nodes as stopping criterion. In competitive learning, this metric is evaluated over the

data distribution P and computes the average of the distances between the winner node

produced by the model, os1 , and the associated sample, ξ. The quantization error provides

more control on the final representation, because nodes are dynamically created rather

than being set at a maximum limit in advance. Hence, implicit sampling is performed by

establishing the presence of nodes with finer or coarser density according to the character-

istics of the input distribution.

QE =
1

N

∑
ξ∈P

‖os1 − ξ‖ (3.1)

Therefore, the graph construction using the quantization error as stopping criterion is

obtained by following the execution of Algorithm 1. First, the current data frame is

received as distribution, P , and then the graph, G, is initialized. The latter process

consists of creating two nodes with position set to random values (i.e. those chosen within

the bounds of the distribution) and spatial error set to zero. In addition, an edge connecting

these nodes is created with age set to zero. After initialization, an individual sample, ξ,

is randomly drawn from the distribution, and then the ADAPTATION and GROWING

phases are run iteratively until the desired maximum quantization error, QEmax, is reached.

During the former, nodes and edges features are sequentially updated, while during the

latter and after receiving a certain number of samples, λ, new nodes and edges are added

incrementally to the graph. In other words, these phases control the evolution and size of

the representation, respectively.
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Algorithm 1 Steps of computation in GNG

Input: P

Output: G

1: G← init graph(P )

2: while QE > QEmax do

3: for all n ∈ N do

4: ξ ∼ P

5: adaptation(G, ξ)

6: if (n mod λ) = 0 then

7: growing(G)

8: end if

9: end for

10: end while

In the ADAPTATION phase (Algorithm 2), nodes features are updated as follows:

I os1 ,os2 : two closest nodes (winners), s1, s2, these are obtained by sorting in de-

scending order the Euclidean distance between all node position xi and the sample

ξ.

II es1 : spatial error of the closest node, s1, its value is accumulated with the square of

the Euclidean distance computed in I.

III xs1 : position of the closest node, s1, its value is updated by applying a translation

operation towards the sample ξ with learning rate εs1 .

IV xn: position of neighbor node, n, its value is updated by applying a translation

operation towards the sample ξ with learning rate εn. Where, εs1 > εn, so the

influence of the closest node is always stronger than those from the neighbors. Also,

Ns1 is the subset of all indices of neighbor nodes.

and edge features are updated as follows:

V rs1,s2 : edge connecting the two closest nodes, s1, s2. If it does not exist, a new edge

connecting the nodes is created and the feature vector is set with zero for the age

as1,s2 ; otherwise, its value is only reset.
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VI as1,n: age of the edge connecting the closest node, s1, and neighbor node, n, its value

is incremented by one.

VII rs1,n: edge connecting the closest node, s1, and the neighbor node, n, when the age

surpasses a maximum threshold amax its connection is removed. If this process causes

nodes with no edges in connection, such nodes are also removed.

Algorithm 2 Adaptation phase in GNG

Input: G, ξ

Output: G, QE

1: function adaptation(G, ξ)

2: os1 ,os2 ← arg minoi
{‖xi − ξ‖}i=1:NO

. I. Find two closest nodes

3: es1 ← es1 + ‖xs1 − ξ‖2 . II. Closest node spatial error

4: xs1 ← xs1 + εs1(ξ − xs1) . III. Closest node position

5: for all n ∈ Ns1 do

6: xn ← xn + εn(ξ − xn) . IV. Neighbor nodes position

7: end for

8: if rs1,s2 /∈ R then . V. Update edges

9: add edge(rs1,s2)

10: else

11: as1,s2 ← 0

12: end if

13: for all n ∈ Ns1 do

14: as1,n ← as1,n + 1 . VI. Neighbor edges age

15: if as1,n > amax then . VII. Remove edges

16: remove edge(rs1,n)

17: end if

18: end for

19: end function
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In the GROWING phase (Algorithm 3), nodes and edges are added incrementally as fol-

lows:

I of1 ,of2 : two farthest nodes, these are obtained by finding the nodes with the largest

spatial error.

II op: a node is created with position xp set to the center of the nodes f1 and f2, and

spatial error ew set to zero.

III rf1,p, rf2,p: a pair of edges are created connecting the new node op with the two

farthest nodes of1 , of2 . Also, the edge, rf1,f2 , connecting the two farthest nodes is

removed.

Algorithm 3 Growing phase in GNG

Input: G

Output: G

1: function growing(G)

2: of1 ,of2 ← arg maxoi
{ei}i=1:NO

. I. Find two farthest nodes

3: xp ← xf1+xf2
2

4: add node(op) . II. Add new node

5: add edges(rf1,p, rf2,p) . III. Add new edges

6: remove edge(rf1,f2)

7: end function

3.1.2 Continual Growing Neural Gas

Continual Growing Neural Gas (C-GNG) is a modification of the original GNG (described

in Section 3.1.1) motivated by the implementation proposed in [61], which leverages the

knowledge already learned during previous executions, thus adopting a continual learning

approach [67]. While in the original formulation the model is retrained from scratch for each

new input distribution, the continual implementation (Algorithm 4) enables to transfer the

output graph and features learned from the previous data frame to initialize the execution

of the model in the current data frame.

Another relevant aspect of this implementation is related to the non-stationary distri-

bution given as input. For the case of manipulation of non-rigid objects, it is feasible to
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obtain a distribution with smooth changes and preservation of samples along data frames.

Hence, only the ADAPTATION phase is necessary to run iteratively during training, while

the GROWING phase runs only on the initial data frame (i.e. the index origin is t = 1,

using 1-based numbering convention) through the GNG algorithm in case the structure of

the input distribution is unkwnown. This provides a significant practical improvement by

only exploiting the behavior of the object dynamics. Moreover, since nodes are not added

nor removed from the graph once the desired maximum quantization error is reached, a

mechanism to obtain region correspondence for motion analysis is directly available. This

consists of simply tracking the nodes using their indices as unique identifier, then the nodes

position can be compared throughout the sequence of frames since the graph is no longer

growing in number of nodes.

Algorithm 4 Steps of computation in C-GNG

Input: P , Gt−1

Output: G

1: if t = 1 then

2: G← GNG(P )

3: else

4: G← Gt−1

5: end if

6: while QE > QEmax do

7: for all n ∈ N do

8: ξ ∼ P

9: adaptation(G, ξ)

10: end for

11: end while

Although in previous work [61], C-GNG demonstrated the ability to handle noisy distri-

butions, its formulation is more sensitive. As a result, outliers affect the quality of the

representation. Consider the case when a set of samples are located outside the distribu-

tion associated to the object’s shape, then the closest nodes will be significantly translated

towards those samples during the ADAPTATION phase, and eventually no further adap-

tations are made in these nodes due to the impossibility of being found as closest to other
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samples that are part of the distribution. In such a case, these nodes are called dead

nodes1. The possibility of carrying dead nodes in the graph presents a serious issue in this

work. During the continual execution, each given data frame constitutes to the current

state of the non-rigid object. Therefore, the nodes of the graph should be associated with

some region of the shape in order to adequately reflect the dynamics of the deformation

caused by the current manipulation action performed. For that reason, dead nodes signifi-

cantly damage the shape representation by not adapting properly to the changes produced

in such regions.

Therefore, in addition to adopting the continual learning scheme introduced in [61],

this work proposes an additional procedure to the C-GNG formulation with the intention

of mitigating the risk of dead nodes present in the representation. Thus, the proposal

consists of including a new term, ws1 , (Equation 3.2) to regularize the influence of the

outliers in the process that update the closest node position during the execution of the

ADAPTATION phase.

ws1 =

 1, µ < 0

K(µ, σ), others
(3.2)

More specifically, this term evaluates a 1D Gaussian kernel function (Equation 3.3) with

mean and standard deviation parameterized by the desired maximum quantization error

QEmax.

K(µ, σ) = e−
µ2

2σ2 (3.3)

Where:

µ : mean, its value is equal to the difference between the Euclidean distance

‖xs1 − ξ‖ and maximum quantization error QEmax.

σ : standard deviation or sigma, its value is proportional to the maximum quan-

tization error QEmax.

1dead nodes are also known as dead units in competitive learning.
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The regularization term, ws1 , is added (Equation 3.4) into the function that updates the

closest node position (step 4 of Algorithm 2). In this way, those pairs of nodes and sam-

ples which distances are large are penalized due to the possibility of being outliers, whereas

those with small distances remain unchanged. As with any other parametric regulariza-

tion approach, this term should be selected according to the characteristics of the input

distribution.

xs1 ← xs1 + ws1εs1 (ξ − xs1) (3.4)

3.1.3 Batch Continual Growing Neural Gas

Batch Continual Growing Neural Gas (BC-GNG) is an extension developed in this work

of the previous continual formulation with outlier regularization (Section 3.1.2), which

implements a batch training procedure. This approach provides benefits such as compu-

tational efficiency and faster convergence of the algorithm. In GNG and C-GNG, features

are updated online for each sample during an iteration of the algorithm. This sequen-

tial data feeding can significantly slow down its execution, especially for high resolution

spatio-temporal distributions.

While no prior work proposes a batch training procedure of the GNG algorithm, there

are implementations for other self-organizing networks, such as Neural Gas [68] and Self-

Organizing Maps [69] that closely related to this formulation. Therefore, in BC-GNG

(Algorithm 5), a batch training enables to update the features while avoiding an individual

iteration of each sample from the distribution. This process involves the removal of a

complete loop in the algorithm, and thus the entire distribution is given as input to the

ADAPTATION phase.

Furthermore, the procedure that updates the features of the nodes and edges must be

redefined. In particular, to produce an update in coherence with the online training, a

new process is proposed to unify the contributions of a node with respect to its role with

the samples. First, the node position is updated by combining the contributions when

the node is found as closest and as topological neighbor. Similarly, the age of the edges

connecting the closest node with its neighbors is updated by accumulating the times in

which the node is found as closest.
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Algorithm 5 Steps of computation in BC-GNG

Input: P , Gt−1

Output: G

1: if t = 1 then

2: G← GNG(P )

3: else

4: G← Gt−1

5: end if

6: while QE > QEmax do

7: adaptation(G,P )

8: end while

More specifically, the Euclidean distances between all the samples in the distribution and

nodes position in the graph are computed, also finding the two closest nodes at once. In

this way, the contribution of each node as closest (step 4 of Algorithm 2) is reformulated

as the average of the distances paired with a particular node (Equation 3.5).

xi(s1) =
1

Ni

∑
ξ∈Pi

(ξ − xi) (3.5)

Where:

i : closest node index.

Pi : closest node batch distribution, subset of the distribution, P , associated with

each node, oi, found as closest.

Ni : size of the closest node batch distribution.

xi(s1) : contribution of node position as closest.

While, the age of the neighbor edges (step 14 of Algorithm 2) is reformulated as an incre-

ment of the size of the closest node batch distribution, Ni. Since nodes are likely to be

connected with more than one edge in the graph, the contribution of each node as neigh-

bor (step 6 of Algorithm 2) requires an additional consideration. Initially, all the distances

between the node and the samples associated due to the connections with its neighbors are

collected, and then reduction by mean of these collected distances is computed (Equation
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3.6) similarly as in the previous step.

xi(n) =
1

Dj

∑
j

1

Nj

∑
ξ∈Pj

(ξ − xi) (3.6)

Where:

j : neighbor node index.

Pj : neighbor node batch distribution, subset of the distribution, P , associated

with each node, oi, found as neighbor.

Nj : size of the neighbor node batch distribution.

Dj : degree (number of edges) of the neighbor node.

xi(n) : contribution of the node position as neighbor.

The contributions of each node as closest and as neighbor are included in a single expres-

sion to update the position feature (Equation 3.7), thus replacing the two-step update

process (defined along steps 4 and 6 of Algorithm 2) in the online training. In this case,

the parameters εs1 and εn correspond to the learning rates that control the influence of the

adjustment of each contribution to the position feature (i.e. take the same role as in GNG

and C-GNG).

xi ← xi + εs1xi(s1) + εnxi(n) (3.7)
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3.2 Dataset

This section describes the sensing and processing methodologies applied for the collection

of non-rigid object data, which are used as input distribution for the evaluation of the

proposed GNG-based model. The complete set of non-rigid objects utilized to construct

the dataset is shown in Figure 3.2, also a brief description of each object is presented in

Table 3.1.

Figure 3.2: Set of non-rigid objects used to construct the dataset.

Name Description Image

Ball

• Radius=0.05m

• Type=plastic

• Shape=sphere

• Use=inflatable ball are com-

monly found in toy stores
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Name Description Image

Large Sponge

• Size=0.12m x 0.07m x 0.04m

• Type=foam

• Shape=rectangular cuboid

• Use=sponges are commonly used

as cleaning utensils

Small Sponge

• Size=0.07m x 0.07m x 0.04m

• Type=foam

• Shape=cuboid

• Use=sponges are commonly used

as cleaning utensils

Towel

• Size=0.08m x 0.05m x 0.03m

• Type=textile

• Shape=cylindrical

• Use=wrap towels are commonly

found in warehouses

Toy

• Size=0.09m x 0.05m x 0.03m

• Type=stuffed

• shape=cylindrical

• Use=Stuffed animals or pillows

are commonly found in toy stores

Table 3.1: Individual description of the set of non-rigid objects.
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3.2.1 Sensing

The configuration of the real-world robotic manipulation and sensing setup is shown in

Figure 3.3, which consists of a Barrett BH8-280 robotic hand [70] resting on a flat table,

an Intel RealSense SR305 RGB-D sensor [71] mounted overhead on a tripod, and a non-

rigid object placed on the palm of the robotic hand. Also, the hardware components used

in the robotic manipulation setup are operated through ROS [72]. The ROS architecture

is shown in Figure 3.4. In particular, the realsense2 camera and bhand controller ROS

nodes are used to capture the sensor data from the devices and send it to the dataset and

trajectory ROS nodes for further processing.

hand

sensor

object

Figure 3.3: Configuration of the real-world robotic manipulation and sensing setup. The

location of the sensor, non-rigid object and robotic hand are marked in red.
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/realsense2 camera

/camera

/ar track alvar

/ar pose marker

/bhand controller

/joint states

/dataset /trajectory

/command

Figure 3.4: ROS architecture of the robotic manipulation setup: (Yellow) existing ROS

nodes; (Blue) custom ROS nodes; (Empty) ROS topics.

33



Robotic Hand

The Barrett BH8-280 is a three-fingered robotic hand with 8 joints in total, but 4 DoF

because only 4 of them are motorized (i.e. the rest do not have motors but are mechanically

linked). These joints can be controlled to produce two types of motions, named as base

and spread, for which the joints are depicted in Figure 3.5. The former refers to an

opening/closing motion of each finger, while the latter refers to a spread motion around

the palm. Although, this means that for spread motion, one finger is fixed to the palm and

the other two share the same motor, hence move in a symmetrical way around the palm [73].

In this work, the interface with the robotic hand is managed by the ROS package of the

pyHand library2, which enables to access the joint state data (i.e. position, velocity, torque)

through the joint states ROS topic and to produce joint position commands through the

command ROS topic.

base

spread

Figure 3.5: Barrett BH8-280 robotic hand joint configuration. The location of the four

motorized joints are marked in red.

RGB-D Sensor

The Intel RealSense SR305 is a RGB-D sensor that integrates a depth camera along with

a RGB camera. This sensor outputs a depth map at 60 fps with 0.125 mm resolution

and a color texture map at 30 fps with 1080p resolution. The depth map is obtained via

active stereo using coded light technology, which is a particular structure light technique

that consists of emitting a sequence of different kind of patterns over time from an infrared

2http://wiki.ros.org/barrett_hand
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projector. Then, these patterns are captured by an infrared sensor that produces an image

of 640×480 pixels. The pixels in the infrared image are further analyzed by a custom

3D vision processing unit (VPU) to perform the depth reconstruction, and thus generate

the final depth map. While, the image of 1920×1080 pixels captured by the RGB sensor

is analyzed by an image signal processor (ISP), which performs several corrections and

denoising processes to enhance the final color texture map [74]. Similarly, the interface

with the RGB-D sensor is managed by the ROS package of the Intel RealSense SDK3,

which enables to access raw and aligned color and depth images, and also the camera

parameters through the camera topic.

3.2.2 Processing

The components in the ROS architecture (Figure 3.4) are used as tools for the collection

of the point cloud data of the non-rigid object. In this way, the RGB-D sensor data is

processed in the dataset ROS node to detect the object and generate the point cloud data.

Also, the robotic hand data is processed in the trajectory ROS node to generate the fingers

trajectory. Thus, a dataset is created which consists of a file with 800 samples, using a

sampling rate of 30Hz. Each file stores the data generated in synchronization with the

execution of the fingers trajectory, which takes approximately 26.67 seconds to complete.

Fingers Trajectory Generation

The base and spread joint positions are adjusted to generate the fingers trajectory to

perform the manipulation of a non-rigid object. The manipulation action that causes

deformations consists of moving the fingers of the hand towards the non-rigid object, and

eventually come into contact by grasping and progressively squeezing it, thus causing a

change in its shape. Considering that the selection of grasping points [57] is not part of

this work, the base joints range is limited to (−90◦, 90◦), whereas the spread joint is limited

to (−45◦, 45◦). These ranges provide a fair compromise between interaction variations and

collision avoidance, given the dexterity capabilities of the robotic hand. Each trajectory

is then generated taking as final configuration a random joint position within the defined

ranges, and using a linear interpolation with 50 points beginning from a predefined rest

3http://wiki.ros.org/realsense2_camera
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position of the hand (i.e. fingers are open enough that contact with the object does not

occur). The trajectories are designed in this manner to produce brief rest periods at the

end of each point that establishes a balance of contact forces and gravity in the system. In

other words, the dynamic manipulation includes quasistatic periods [75] with the intention

of preventing slippage or sliding movements of the object, and thus mainly capturing

information associated with the deformation.

Non-Rigid Object Detection

The data obtained of a non-rigid object corresponds to a sequence of point cloud frames of

the shape captured by the RGB-D sensor as it deforms. Each frame outputs aligned color

and depth images, which are internally processed by the RGB-D sensor. In the case of the

SR305 version, depth and infrared images are already pixel aligned but are rectified using

a parametric distortion model, while no formal distortion model is applied to the color

image. Then, the rectified depth and color images are aligned to a common viewpoint.

This process consists of transforming the pixels from the depth image to match the pixels

from the color image, which are also scaled using a KNN interpolation method in order to

match both resolutions. In this way, Figure 3.6 shows the aligned color and depth images

of 640×480 pixels captured by the RGB-D sensor.
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(a) color image

0 100 200 300 400 500 600
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100
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300

400

(b) depth image

Figure 3.6: a) Aligned color, and b) depth images captured by the RGB-D sensor. The

depth image displays distance using a grayscale color map. A light color means closer

objects, while a darker color means more distant objects.
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In this work, classical image segmentation techniques are applied to both aligned color and

depth images for the detection of non-rigid objects. The summary of these operations are

depicted in Figure 3.7.

(a)

(b)

(c)

(d)

(e)

Figure 3.7: Processing operations applied to the set of non-rigid objects: a) Aligned color

and b) depth images; c) resultant color and d) depth binary masks; e) point clouds of

the scene with the segmented non-rigid object. The object of interest is painted with a

contrasting uniform color.

Initially, the color image is transformed from the original RGB color space to the HSV color

space, and then a histogram backprojection technique is applied to obtain a binary mask.

This process receives as input the image and the color histogram of the object of interest,

the latter is used to calculate the probability that the pixels in the image correspond to

the object. Then, the mask is filtered by applying a convolution with threshold operation
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to obtain a cleaner result. Moreover, the depth image is cropped by volume, truncating

the spatial values based on the information of the object position relative to the camera.

Thus, the resultant color and depth masks are combined and applied to the depth image

to obtain the object of interest, the segmented image is then deprojected to convert the

2D pixels to 3D organized point clouds. All these operations are implemented using the

OpenCV library [76].

Overall, these operations produce satisfactory segmentation results for the scenarios

analyzed in this work. This solution is valid given the uniform and contrasting color of

the set of non-rigid objects utilized. The most complicated situation occurs with the towel

(column 4 in Figure 3.7) because there exists some overlap in the color histogram with the

background, thus producing a noisy color binary mask in several regions. For this reason,

the mask obtained with the depth image complements the color segmentation procedure,

resulting in more robustness for the final segmentation.

3.3 Experiments

In this section, the performance of the different variations of the GNG as a representation

model of non-rigid objects is investigated, thus evaluating their potential for shape tracking

and motion analysis according to the considerations established at the beginning of this

chapter; real-time execution (3.3.1), temporal smoothing (3.3.2) and region correspondence

(3.3.3).

The experiments are run on a computer with 1× Intel Core i5-7300U @ 2.60GHz, 16 GB

RAM, and GNU/Linux operating system. The GNG-based models are implemented in the

Deep Graph Library [77] using PyTorch [78] as backend. In addition, the model parameters

are shared as much as possible in order to consistently compare the performance of the

different variations. For the GNG model, an age of 35, learning rate of 0.1 and 0.005, error

decay of 0.5 and 0.9995 are used. For the C-GNG model, an age of 2,000, learning rate

of 0.1 and 0.005. And for the BC-GNG model, an age of 2,000, learning rate of 0.4 and

0.01 are used. The sigma value of the regularization term used in C-GNG and BC-GNG

corresponds to 0.6 for the towel and 4 for the rest of the objects. The latter is adopted

since the distribution of the towel tends to include more outliers, hence it is necessary to

increase the regularization.
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Each model is evaluated using the point cloud dataset obtained during the execution of the

fingers trajectory described in Section 3.2. A subset of the data frames that progressively

reflects various deformation levels using the small sponge as an example of non-rigid object

is shown in Figure 3.8.

(a) t = 1 (b) t = 100 (c) t = 200

(d) t = 300 (e) t = 400 (f) t = 500

(g) t = 600 (h) t = 700 (i) t = 800

Figure 3.8: Color image sequence of the scene with the segmented non-rigid object at

different deformation levels during the execution of a trajectory. The small sponge is

depicted as non-rigid object.

An example of the input and output data of the small sponge handled by each model is

shown in Figure 3.9. The input point cloud and output graph correspond to the last data
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frame obtained from the dataset (taken at t = 800). Also, these plots correspond to a 3D

visualization from a rotated perspective of the viewpoint and adjusted with pitch and yaw

angles of 240◦ and 225◦ respectively. The axis scales are in meters and are measured with

respect to the RGB-D sensor coordinates system.
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Figure 3.9: Shape visualization of the small sponge: a) point cloud and b) graph obtained

by the GNG-based model.

The input point clouds and output graphs of the small sponge obtained by the GNG, C-

GNG and BC-GNG models are shown in Figures 3.10, 3.11 and 3.12 for a subset of frames

along the fingers trajectory. The small sponge is used as a recurring example of a non-rigid

object. Experimental results with the rest of non-rigid objects are summarized in Appendix

A.1. In this way, the plots associated to the other four non-rigid objects obtained by the

C-GNG and BC-GNG models are shown in Figures A.1 to A.4. Points with solid texture

and light color correspond to the input point clouds, while those in dark color correspond

to the output graphs. A graph overlaps with the segmented point cloud in order to show

a direct comparison of the shape representation generated by the proposed model and the

actual non-rigid object. Also, these figures serve as a reference in subsequent Sections

3.3.1, 3.3.2 and 3.3.3 that aim to investigate the previously established considerations for

the graph construction algorithm but oriented toward robotic manipulation tasks.

Overall, all variants of GNG produce a graph sequence that track the non-stationary

distribution of a non-rigid object. However, regardless of maintaining consistency during
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model training (i.e. share parameters and stopping criterion), the results obtained by

the proposed BC-GNG model (Figure 3.12) produce the best visual quality of the shape

representation.
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(c) t = 200
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(d) t = 300
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Figure 3.10: Point cloud and graph sequences of the small sponge obtained by the GNG

model at different deformation levels.

Consider the data frames where the largest deformation occurs (around t = 300). The

areas on the shape where the object is compressed more (e.g. around the center and

vertices), show a higher and more natural accumulation of nodes. In contrast, the other

models produce a node density with less similarity in these areas, despite the fact that
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the small sponge exhibit a simple geometric shape. Also, the final representation obtained

when no interaction occurs between the robotic hand fingers and the small sponge (around

t = 700) produces a more symmetric node density that better resembles the topology of the

object. These characteristics are also observed in the plots of the other non-rigid objects.

In addition, the increase of the regularization for the towel model produces more appealing

visual stability of the node density against outliers, this behavior is observed (Figure A.3)

at various data frames during manipulation.
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Figure 3.11: Point cloud and graph sequences of the small sponge obtained by the C-GNG

model at different deformation levels.
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Figure 3.12: Point cloud and graph sequences of the small sponge obtained by the BC-GNG

model at different deformation levels.

3.3.1 Real-Time Execution

The computation complexity of GNG has been previously described [61] as being not

suitable for direct use in the representation of non-stationary distributions with time con-

straints, such as object tracking. Therefore, this analysis aims to determine whether dif-

ferent variations of GNG can be applied for real-time tracking of non-rigid objects using

point clouds as input data. In this analysis, each model is trained for three different in-
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stances of quantization error. Then, the runtime sequence is recorded by each data sample

over the dataset and is presented as a line plot in Figure 3.13. While, the average of the

runtime sequence is depicted as a bar plot in Figure 3.14. Both figures correspond to

semi-logarithmic visualizations due to the wide variability of the scales produced by the

models.

In the first execution (t = 1), none of the models GNG, C-GNG and BC-GNG are con-

sidered real-time algorithms. In fact, Figure 3.13 shows that the three variations of GNG

share a similar computational cost in the execution of the first data frame regardless of the

selection of a desired quantization error. This is justified since the proposed improvements

are not particularly defined for the GROWING phase, which is executed only during this

first data frame.

During the sequential execution (t > 1), the GNG runtime remains almost constant

over frames. This behavior occurs due to the retraining of the algorithm for each new input

distribution. In particular, during a complete trajectory of 800 data frames, the represen-

tation of the small sponge takes an average of 80.7 seconds for the graph construction with

quantization error, QE, of 0.005, also equivalent to a graph size of 34 nodes. Similarly, the

average of the runtime grows linearly for cases when more precision of the representation is

required (i.e. smaller quantization errors). On the other hand, C-GNG runtime is several

orders of magnitude faster than GNG mainly due to the implementation of the continual

learning approach by reusing previous graphs. Although, this formulation is a great im-

provement from the original GNG, its runtime is not yet suited for real-time applications,

at least for low-power CPUs and embedded systems. It takes an average of 7.4 seconds for

the graph construction at each frame with the same quantization error of 0.005. Finally,

BC-GNG with the proposed batch training considerably speeds up the execution. In this

case, the algorithm needs an average of 0.4 seconds to construct the same graph.

Furthermore, every formulation shows peaks during certain frames. This behavior is

attributed to the execution of several iterations of the algorithm in these frames. Indeed,

the runtime is closely related by the amount of iterations needed in order to reach a desired

maximum quantization error. However, as described in [61], an appropriate sampling rate

and faster procedure to update the nodes position relieve the number of iterations required

for convergence. Even for cases of rapidly changing distributions, an exponential decay

function can be included as learning rate, instead of the current constant value. In this
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way, the nodes position are updated with a dynamic weight, starting from a slower initial

adaptation to a faster final.
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Figure 3.13: Runtime sequence obtained by GNG, C-GNG, BC-GNG during the manipu-

lation of the small sponge.

Among all average runtimes shown in Figure 3.14, the results obtained with quantization

error of 0.005 exhibits a fair compromise in the representation for our case, in which the

BC-GNG model conveniently satisfies the requirement of at least two frames per seconds

for control and planning in robotic manipulation of non-rigid objects [57]. For consistency,

the same temporal criterion is used to obtain the graph for the rest of non-rigid objects,

the corresponding runtimes are shown for the C-GNG and BC-GNG models in Figures A.5

and A.6. Therefore, in the remaining analyses, a quantization error of 0.005 is used for the

graph construction of the small sponge.
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Figure 3.14: Average of runtime sequence obtained by GNG, C-GNG, BC-GNG during

the manipulation of the small sponge.

3.3.2 Temporal Smoothing

It has been previously demonstrated that GNG as a downsampling algorithm [63] obtains

an average distance error4 smaller than that of voxel grid, hence maintaining a better

shape representation when reducing the sampling resolution. Similarly, GNG as a re-

sampling algorithm [79] provides a better density resolution of point clouds, by dynamically

maintaining more details in complex regions as opposed to uniform and random sampling.

Therefore, this analysis aims to determine whether different variations of the GNG can

be used as a smoothing filter that generates stable displacements of the non-rigid object

shape during deformation.

First, a global displacement is defined as the path followed by the average of all nodes

position of the graph, hence it estimates the rigid motion of the object and also defines

the centroid. On the other hand, local displacement correspond to the path followed by

each individual node, and are measured with respect to the centroid coordinate system,

hence estimating the actual deformation motion of the object. The signals obtained by

these displacements are analyzed in order to determine the filtering capabilities of each

model. Thus, the global and local displacement in 3D obtained by different variations of

GNG during the manipulation of the small sponge are shown in Figure 3.15. The global

displacement is computed using the average of the 34 nodes position of the graph, while

the local displacement corresponds to the node with 1 index.

4distance error is a similar metric to the quantization error.

46



0 100 200 300 400 500 600 700 800

Frames

0.012

0.014

0.016

X
[m

]
GNG C-GNG BC-GNG

0 100 200 300 400 500 600 700 800

Frames

0.025

0.000

−0.025

X
[m

]

GNG C-GNG BC-GNG

0 100 200 300 400 500 600 700 800

Frames

0.0125

0.0150

0.0175

Y
[m

]

GNG C-GNG BC-GNG

0 100 200 300 400 500 600 700 800

Frames

−0.025

0.000

0.025

Y
[m

]

GNG C-GNG BC-GNG

0 100 200 300 400 500 600 700 800

Frames

0.550

0.552

Z
[m

]

GNG C-GNG BC-GNG

(a) Global displacement

0 100 200 300 400 500 600 700 800

Frames

0.025

0.000

−0.025

Z
[m

]

GNG C-GNG BC-GNG

(b) Local displacement

Figure 3.15: a) Global and b) local displacement obtained by GNG, C-GNG, BC-GNG

during the manipulation of the small sponge.

Also, Figure 3.15 demonstrates that the original GNG formulation is not particularly suit-

able for producing smooth signals as an output. In fact, a considerable amount of unde-

sired noise is continuously present for both global and local displacements, hence requiring

additional processing steps in order to filter the signal before being used in subsequent pro-

cesses. On the other hand, C-GNG and BC-GNG produce more stable signals, as expected

considering the adaptations described in Section 3.1. Moreover, an interesting property of
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BC-GNG is the low-pass filter effect that is observed in the signal. This behavior occurs

due to the characteristic of the algorithm in using the average of the nodes position during

the update process. Similar smoothing effects were observed when applying the C-GNG

and BC-GNG models on the other four non-rigid objects considered, as shown in Figures

A.7 and A.8. Therefore, the final displacements obtained by BC-GNG are much smoother,

and desirable to estimate with more confidence motion and deformation quantities directly

from the graph.

3.3.3 Region Correspondence

The nodes position obtained from GNG has been previously used directly as features for

more complex analysis, such as motion estimation for surveillance systems [59], and velocity

fields for object tracking [60]. This analysis aims to determine whether different variations

of GNG model generate node displacements that can be used as features for estimation of

the object motion. In the following figures and with the intention of maintaining a plausible

number of signals to show, a subset of nodes is extracted from the graph to perform the

comparative analysis (i.e. the first 6 indices from a total of 34), whose indices are indicated

in colored legends at the upper part of each figure.

The local displacement in 3D of a subset of nodes extracted from the graph obtained

by the GNG model with quantization error of 0.005 are shown in Figure 3.16. These

displacements exhibit a constant fluctuation along frames which suggest that nodes position

during the ADAPTATION phase oscillate over a wide area of the shape, hence locality is

not properly maintained over the sequence of frames. This behavior occurs due to the

stochastic nature of the graph construction in the GNG formulation, which causes that

new nodes are not created around the same location for each repetition of the GROWING

phase. Therefore, the region correspondence between nodes position is nonexistent, and

the direct use of the nodes as features for estimation of the object motion is accompanied

by a high level of uncertainty.
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Figure 3.16: Local displacement of a subset of nodes obtained by GNG during the manip-

ulation of the small sponge.

The local displacement in 3D of the same subset of nodes but obtained by the C-GNG

model are shown in Figure 3.17. In this case, these displacements exhibit a localized motion

of nodes position that preserve certain regions of the shape. Indeed, more interpretable

and representative displacements are obtained in this formulation, mainly attributed to

the continual learning approach by reusing the graph, hence a mechanism for region cor-

respondence is directly available. However, there still exists some interference between

nodes which causes unrecoverable positions and affects the region correspondence of the

representation. For example, consider the node 4 (red) with position along the X axis.

It starts at x4,t=1 = (−0.0254,−0.029, 0.003), but then overlaps with nodes 5 (brown)

and 6 (purple) along the way, which causes a motion of its original position, and ends

at x4,t=800 = (−0.013,−0.031, 0.004). Experiments suggest that such interference occurs

in presence of large deformations, when signal fluctuations is more likely to cause these

motions. Therefore, the applicability of the nodes as features for estimation of the object
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motion obtained by the C-GNG model presents some limitations.
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Figure 3.17: Local displacement of a subset of nodes obtained by C-GNG during the

manipulation of the small sponge.

On the other hand, Figure 3.18 shows the local displacements in 3D of the same subset

of nodes extracted of the graph obtained by the BC-GNG model. These displacements

reflect a more localized motion of nodes position, even further to that observed in C-GNG.

Interference between nodes is not causing strong deviations in their displacements, hence

better preserving their correspondence throughout the manipulation task. Consider the

same example as before, where the node 4 (red) with position along the X axis starts at

x4,t=1 = (−0.0254,−0.029, 0.003), and then progressively moves closer to the same nodes

5 (brown) and 6 (purple) due to deformation, but is able to recover more properly to its

original position at the end at x4,t=800 = (−0.0277,−0.029, 0.002). Other nodes exhibit

a similar behavior along different axes as depicted in Figure 3.18. Also, Z values do not

change significantly since deformation occurs mostly in 2D according to the displacements.
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Figure 3.18: Local displacement of a subset of nodes obtained by BC-GNG during the

manipulation of small sponge.

Furthermore, it is necessary to indicate that BC-GNG still exhibits some difficulty to

recover the initial node position. However, unlike the previous C-GNG version, such varia-

tions do not manifest as abrupt changes in the signal due to the smoother characteristic of

the displacements. This behavior is desirable since abrupt changes are directly associated

with high deformations, which on the contrary do not correspond to the reality of the de-

formation that the object is experiencing. For example, node 3 (green) in C-GNG abruptly

changes its position along Y axis somewhere after frame 600 (Figure 3.17), though, the

deformation level of the object is almost reaching back to its original shape during that

time. Similar stable local displacements were also observed experimentally when apply-

ing the C-GNG and BC-GNG models on the other four non-rigid objects considered, as

shown in Figures A.9 and A.10. In particular, the local displacements of the ball exhibit

an increase of the region correspondence error compared to other non-rigid objects. This

situation may be associated to the fact that the ball contains more volume than the rest of
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non-rigid objects. In such a way that occlusions cause correspondence problems by further

reducing the amount of points reported by the sensor when the object is manipulated.

Therefore, these experiments suggest that among other variations, the BC-GNG model

obtains correspondence between regions of the shape that better reflect the deformation

dynamics due to the manipulation actions. As a result, the object motion can be estimated

with more confidence.

3.4 Summary

This chapter introduces a methodology for shape representation of non-rigid objects using

a GNG-based model, which receives as input a 3D point clouds and produces as output a

graph. The proposed formulation is called BC-GNG and extends previous work with two

novel contributions. First, a regularization term is proposed to mitigate the presence of

dead nodes in the graph. Second, a batch training procedure is proposed to improve the

convergence of the algorithm. Both proposals are designed with the intention of producing

a representation model of non-rigid objects suitable for robotic manipulation tasks.

Experimental evaluation is also provided with a set of non-rigid objects with different

shapes and physical properties to support the proposed additions. Particularly, exper-

iments evidence that BC-GNG as a graph-based representation model has potential for

real-time execution which is a condition not directly accessible in other formulations. In

practice, the execution time improvement is mainly attributed to the fact that the batch

training can be computed efficiently using vectorized operations in current programming

languages and libraries. Although, the temporal smoothing and region correspondence

evaluations are not intended to be exhaustive. These suggest that the proposed batch

training procedure in BC-GNG demonstrates a similar behaviour to the online training in

C-GNG, while also improving the reliability of the representation by overall producing less

noise and better region correspondence.

In terms of design considerations, these results suggest that, among other variations

of the algorithm, BC-GNG is a more appropriate solution for applications that require

graph construction of non-stationary distributions from sensor data. Also, in practical

situations that require the generation of large amount of data. On the other hand, the

current limitations in BC-GNG are mostly related to the GROWING phase. This phase is
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not optimized in the proposed batch training procedure, hence corresponding to the most

time-consuming part of the algorithm if the input distribution is unknown. At the same

time, the poor graph initialization produced by the GROWING phase causes the nodes

position to not recover perfectly. This directly affects the region correspondence, hence

producing inaccuracies for motion analysis.
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Chapter 4

Deformation Dynamics Prediction

In order to model the deformation of non-rigid objects, the shape representation obtained

by the GNG-based model introduced in Chapter 3 needs to be incorporated with a new

model that predicts the deformation dynamics, the latter refers to the evolution of the

non-rigid object shape over time due to the manipulation actions of the robotic system.

An important factor that is considered for the selection of this model is to take advantage

of the structure generated in the GNG-based representation, since the structure contains

important information about the physical properties of the task. In this way, learning

techniques on graphs are analyzed as prediction models of the deformation dynamics of

non-rigid objects.

Considering the advances in deep learning technology, several methodologies have been

developed that enable its application for irregular domains such as graphs, also known as

geometric deep learning [80]. Currently, Graph Neural Network (GNN) is considered as the

main framework for learning on graph structures, being applied to a variety of scenarios

with promising results [81]. In particular, among the different architecture variants formu-

lated, the proposal of Battaglia et al. [82] demonstrates the ability to learn the dynamics

of interactive physical systems. Within the context of this thesis, these models can be

integrated to learn the complex physics behind deformation.

In the rest of this chapter, GNN-based models are studied and their ability to learn the

deformation of non-rigid objects is evaluated. The methodology used to develop the model

is summarized in Figure 4.1. In particular, the GNG-based representation is augmented

(Section 4.1) to produce a graph that describes the state of the non-rigid object and
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manipulation actions of the robotic system. Then, a GNN-based model is used to learn

the deformation dynamics (Section 4.2), which uses the augmented graph representation

of the current state, Gt, to predict the next state, Ĝt+1. Experimental results evaluating

the performance of the GNN-based model in combination with the augmented GNG-based

representation are also presented (Section 4.4).

Fingertips Pose

Sensing Processing

Graph

Construction

Graph

State

Learned

Model

Gt Ĝt+1

Figure 4.1: Diagram of the proposed methodology for the dynamics prediction model: (Yel-

low) raw data taken from sensors; (Green) data processing for fingertips pose estimation;

(Blue) GNG-based shape representation; (Gray) state of the non-rigid object and contact

points; (Red) GNN-based model for deformation dynamics prediction.

4.1 Graph State

As a preliminary step to the description of the GNN-based models, the GNG-based repre-

sentation (detailed in Chapter 3) is augmented by including new nodes corresponding to

the contact points of the fingertips in order to include the interaction information in the

graph. Thus, the state representation of the non-rigid object and manipulation actions is

defined as a directed graph G = 〈O,R〉. In which, O = {oi}i=1:NO
is the set of nodes with

NO cardinality, and associated feature vector oi = {xi, vi}, which contains the state of the

system defined as position and velocity. Also, R = {rk, uk, vk}k=1:NR
is the set of edges with

NR cardinality, which due to the graph directionality connects an ordered pair of nodes,

defined as source node uk and destination node vk. A visual example of the augmentation
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procedure is depicted in Figure 4.2. This definition of the graph state introduces a velocity

feature that is not present in GNG, as described in Section 3.1.1. For this reason, the

feature vector associated to the nodes of the graph produced by GNG is also augmented

by including a velocity component.

GNG Augmented

GNG

Graph

State

Figure 4.2: Diagram for the construction of the graph state representation of a non-rigid

object and manipulation actions. Arrows ilustrate the edge direction. Contact points with

the robotic hand are painted in red, green and blue colors.

The contact points (Section 4.3) provide the 6D pose of each fingertip. Therefore, the

inclusion of the contact points in the graph consists of creating three new nodes, each with

position feature assigned to the position component of the estimated 6D fingertip pose.

In addition, an edge is created from the contact point node to the object nodes when a

physical interaction occurs. The edge direction adds a causality property to the model,

which establishes that the contact points nodes produce the displacement of the object

nodes and not the opposite. Furthermore, the velocity feature of the nodes is computed

by differentiating the signal obtained by the position feature of both, the object and the

contact points nodes. In practice, the differentiation is computed by using a smooth filter,

such as the Savitzky-Golay filter [83]. Thus, the velocity is estimated individually for each

axis using a least-squares fit of polynomial functions.

At this point, the augmented graph contains only information of the current state of the

system. However, in order to exploit the availability of historical data from previous states,

a subset of the past velocities are concatenated to the current feature vector of the graph.

In practice, the amount of historical data to include as new features should be selected

with discretion. By concatenating too much historical data, the dimension of the feature
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vector increases considerably, and thus the training of data-driven learning algorithms is

affected due to the difficulty of finding an appropriate solution in such a high-dimensional

space, which is a phenomenon described as the curse of dimensionality [84].

4.2 Learned Model

Initially, Battaglia et al. [53] introduced the Interaction Network (IN) as a framework

for supervised learning on graph structures. Unlike standard GNNs, the IN is specifically

designed to learn the dynamics of a physical interactive system represented as a graph. The

learned model is characterized by being able to make predictions of the state of the system,

and also to extract latent physical properties. Moreover, IN is trained following a process

based on a message passing paradigm [85], which uses the evaluation of a message and an

update functions to perform computations with the graph features. More specifically, the

message function, φr, is responsible to perform per-edge updates. This function evaluates

the collected features of the edge along with the source and destination nodes in connection,

and thus compute the edge effect. Similarly, the update function, φo, is responsible to

perform per-node updates. This function evaluates the collected features of the node along

with those produced by the message function, and thus compute the node effect. Since the

message function produces a variable number of effects associated with each node, these

are reduced using an aggregation function, ρ, in order to produce a single effect. Although,

the message and update functions are agnostic to the approximation method used, these

are commonly approximated using ANNs.

A procedure that involves the use of message and update functions on a graph is

illustrated in Figure 4.3. In this example, the objective is to produce an update of the

selected node feature by determining the contributions of its four neighbors. According

to our directed graph definition, the neighbors are acting as source nodes since they are

sending information to the selected node, which in turn is acting as destination node.

Therefore, a message function is applied to produce a computation with the features of

each of the four edges in connection. In addition, an update function is also applied,

which first aggregates the effects of the four edges to reduce their contributions, and then

produces an update of the selected node feature. Ultimately, this procedure is repeated

with all nodes to obtain a complete update of the graph features.
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Figure 4.3: graph state given as input to the GNN-based model (bottom). ilustration of

the process performed by the message and update functions on the graph (top). Selected

node is painted in dark orange color, while the neighbor nodes are painted in light orange

and green colors.

4.2.1 Interaction Network

The IN formulation1 (Algorithm 6) receives at a certain time step, t, a directed graph as

input, Gt = 〈O,R〉. Where, O = {oi}i=1:NO
is the set of nodes with NO cardinality, and

R = {rk, uk, vk}k=1:NR
is the set of edges with NR cardinality, which connects an ordered

pair of nodes uk and vk. Also, each node has an associated feature vector oi = {xi, vi, ai},
which contains the state of the system defined as position, xi, and velocity, vi, and other

object attributes, ai, (e.g. mass, size). Whereas, each edge has an associated feature vector

rk = {rk}, which contains relation attributes, rk, (e.g. elasticity, distance). In this way, IN

takes the graph, Gt, and outputs a prediction of the graph features for the next time step,

Ĝt+1.

1symbols are taken from [82], [86].
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In summary, the updated graph is obtained by predicting the node features for the next

time step as follows:

I ek,t: edge effect k at time t, it evaluates the message function, φr, on the collected

features of the edge rk,t and the associated source node ouk,t and destination node

ovk,t.

II ei,t: edge effect per node i at time t, it computes the aggregation function, ρ, it

evaluates a sum operation over the edge effects
∑

K∈Ni ek,t. Where, Ni is the subset

of edge indices with destination node oi,t.

III oi,t+1: node feature i at time t + 1, it evaluates the update function, φo, on the

collected features of the node oi,t and the edge effect per node ei,t.

Where, the message and update functions φr, φo are approximated using standard MLPs

modules (detailed in Section 4.4), and are trained using backpropagation and gradient

descent optimization.

Algorithm 6 Steps of computation in IN

Input: Gt

Output: Ĝt+1

1: ek,t ← φr (rk,t,ouk,t,ovk,t)k=1:NR
. I. Compute edge effect

2: ei,t ← ρ (ek,t)i=1:NO
. II. Compute edge effect per node

3: oi,t+1 ← φo (oi,t, ei,t)i=1:NO
. III. Update node feature

An IN is originally described [53] as a learned model for general purpose physics simulation.

Indeed, results demonstrate reliable predictions for systems with several rigid bodies ex-

periencing gravitational forces, collisions and also elastic springs. However, an IN presents

some limitations when used to learn the properties of interactive systems that require long

and fast propagation effects (i.e. destination nodes that should receive the effects quickly

but have no direct connection to the source node that sends the message), since its formu-

lation only considers local pairwise interactions during each time step. Therefore, several

iterations of the algorithm are required in order to propagate the messages on the graph,

and thus reach remote nodes.
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4.2.2 Propagation Network

Li et al. [86] proposed the Propagation Network (PropNet) to mitigate the limitation of

IN to learn the dynamics of various physical systems, in which long propagation of effects

is necessary, such as string manipulation and box pushing. Later in [52], this model is

extended to learn the dynamics of objects in environments with different material and

physical properties, such as collisions of soft bodies and liquids. Moreover, these studies

emphasize the benefit of using dynamic graph structures instead of fixed ones as input

data to train a GNN-based model, both to mitigate memory limitation problems due to

the storage of large size graphs, and also to obtain a better prediction performance by

selecting physical interactions according to more realistic evolution behaviors. This also

suggests that the topology of the graph is an important aspect to learn the dynamics of

physical systems with evolution characteristics such as non-rigid objects using GNN-based

models.

From that perspective, the PropNet formulation (Algorithm 7) proposes the inclusion

of a multi-step propagation phase, which consists of computing the edge and node effects

using an additional iterative process, where l corresponds to the current propagation step

parameter, and is set to a value within the range of 1 ≤ l ≤ L. In particular, the message

and update functions, φr, φo, produce intermediate representations of the edge and node

effects, which are updated per propagation step. Also, in the case of a propagation step

equal to 1, PropNet is structurally equivalent to IN. Another proposal in the formulation of

PropNet is the inclusion of encoder and decoder functions to better represent the edge and

node features. This suggestion is based on the fact that neither the data nor the structure

of the graph change during the execution of each propagation phase. In particular, the

functions, φencr , φenco , are used to encode the input edge and node features, respectively.

While the function, φdeco , are used to decode the output node feature. In this way, these

functions learn a latent representation of the graph features, which are also part of the

model during training.

In summary, the updated graph is obtained by predicting the node features for the next

time step as follows:

I coi,t: node feature encoder i at time t, it evaluates an encoder function, φenco , on the

current node feature oi,t.
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II crk,t: edge feature encoder k at time t, it evaluates an encoder function, φencr , on the

current edge feature rk,t and the associated source node ouk,t and destination node

ovk,t.

III elk,t: edge effect k at time t and propagation step l, it evaluates a message function,

φr, on the collected features of the edge encoder crk,t and the associated source node

effect hl−1uk,t
and destination node effect hl−1vk,t

of the previous propagation step.

IV eli,t: edge effect per node i at time t and propagation step l, it computes an aggregation

function, ρ, it evaluates a sum operation over the edge effects
∑

K∈Ni e
l
k,t. Where,

Ni is the subset of edge indices with destination nodes oi,t.

V hli,t: node effect i at time t and propagation step l, it evaluates a message function,

φo, on the collected features of the node encoder coi,t, the edge effect per node eli,t and

the node effect hl−1i,t of the current and previous propagation step, respectively.

VI oi,t: node feature i at time t, it evaluates a decoder function, φdeco , on the node effect

hLi,t in the final propagation step L.

Where, the decoder function φdeco , encoder functions φenco , φencr along with the message

and update functions φo, φr are approximated using standard MLPs modules (detailed in

Section 4.4), and are trained using backpropagation and gradient descent optimization.

Algorithm 7 Steps of computation in PropNet

Input: Gt

Output: Ĝt+1

1: coi,t ← φenco (oi,t)i=1:NO
. I. Compute node encoder

2: crk,t ← φencr (rk,t,ouk,t,ovk,t)k=1:NR
. II. Compute edge encoder

3: h0
i,t ← 0

4: for all l ∈ L do

5: elk,t ← φr
(
crk,t,h

l−1
uk,t

,hl−1vk,t

)
k=1:NR

. III. Compute edge effect

6: eli,t ← ρ
(
elk,t
)
i=1:NO

. IV. Compute edge effect per node

7: hli,t ← φo
(
coi,t, e

l
i,t,h

l−1
i,t

)
i=1:NO

. V. Compute node effect

8: end for

9: oi,t ← φdeco
(
hLi,t
)
i=1:NO

. VI. Update node feature
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4.3 Dataset

This section describes the methodologies applied for the data collection of the non-rigid

object and manipulation actions used for training the GNN-based models. In that con-

text, the configuration of the real-world robotic manipulation and sensing setup remains

unchanged, as described in Section 3.2. Therefore, only the additional processing steps are

further discussed.

4.3.1 Processing

The components in the ROS architecture (Figure 3.4) are used as tools for the collection of

the graph data of the non-rigid object and manipulation actions. In this way, the RGB-D

sensor data is further processed in the dataset ROS node to estimate the fingertips pose

of the hand that generates the contact points information. Then, this data is combined

with the non-rigid object shape representation obtained by the proposed BC-GNG model

(Section 3.1.3) to generate the final graph data. Thus, a dataset is created per object and

consists of 20 files, each associated to a different trajectory. This produces an equivalent to

16,000 samples in total. This methodology provides the advantage of being easily scalable,

in case more data needs to be collected.

Fingertips Pose Estimation

The data captured of the fingertips correspond to the 6D pose (i.e. 3D position and

orientation) of each tip during the execution of the fingers trajectory. To facilitate the

accurate estimation of the pose, a set of AR markers (Figure 4.4) are placed on each tip.

Passive markers provide an affordable but reliable solution for tracking the pose of rigid

objects. These markers are square and contain a unique pattern assigned to a certain tag

index uniquely associated with one of the robotic hand fingers. In addition, the design

is based on the ARTags fiducial marker system, and generated according to the following

parameters: size of 1.8 cm, amrgin of 1-bit, and pattern of 25-bit 5×5 array. The latter

controls the number of tags that can be created based on the marker dictionary. Given the

physical dimensions of the robotic hand, this design enables to precisely fit each marker

on the tip. In turn, the markers are visible enough to be detected in the images captured
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by the RGB-D sensor.

Thus, each marker is visually identified and its 6D pose is tracked over the sequence

of frames. In this way, the fingertips pose corresponds to that estimated by the markers.

The pose enables to define the contact points, which are where the interactions between

the fingertips and the non-rigid object take place during manipulation. In turn, the spatial

relationship that establishes the occurrence of contact points is determined by a contact

region with spherical shape, centered on the marker and with a radius of 2.3 cm, the latter

measured considering the tip size relative to the marker location.

id=1 id=2

id=3

(a)

id=1

id=2

id=3

(b)

Figure 4.4: a) AR marker tags used to estimate the fingertips pose, and b) location of the

markers on the robotic hand fingers.

The visual pose estimation of each marker is implemented using a combination of the Alvar

Tracking SDK [87] and the OpenCV [76] libraries. This functionality is directly accessible

by the ROS package of the Alvar library2. In this way, the ar track alvar ROS node takes

as input the aligned color and depth images through the camera ROS topic and produces

the 6D pose of each marker through the ar pose marker ROS topic.

In summary, the color image is initially processed to detect each marker. A square

filtered blob detector is used to obtain a set of connected components as possible marker

candidates. Then, each blob content is analyzed per pixel validating whether the pattern

2http://wiki.ros.org/ar_track_alvar
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corresponds to one of the generated tags. In that case, the position is set to the blob

center. Also, the blob is further processed to obtain its four corners, which in turn are

used to estimate the orientation. The corner positions are also used in the depth image in

order to fit a plane, which serves to refine the estimation, and thus obtain a more accurate

pose. Ultimately, the pose is transformed relative to the camera coordinates system using

the camera parameters. A subset of frames that reflects the fingertips pose estimation at

various deformation levels of a non-rigid object is shown in Figure 4.5.

(a) t = 1 (b) t = 100 (c) t = 200

(d) t = 300 (e) t = 400 (f) t = 500

(g) t = 600 (h) t = 700 (i) t = 800

Figure 4.5: Fingertips pose estimation at different deformation levels. The fingertips pose

is depicted using colored coordinates system (X=red, Y=green, Z=blue).
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As a side note, for those frames in which the fingertips pose is not entirely detected due to

occlusions or loss of track (e.g. first and last time steps in Figure 4.5), a linear interpolation

is applied with the available data in order to fill in the missing values of the position while

maintaining the last available orientation estimation. This process is performed to avoid

discarding frames, and thus creating a dataset with a fixed number of samples. Also, initial

tests performed with Kinect V13 sensor presented more complications recognizing the AR

markers due to their small size in this application, hence it was necessary to move the sensor

closer to the target scene. However, the quality of the depth image was affected since the

range was no longer appropriate. Therefore, for this type of application, a short-range

RGB-D sensor, such as the Intel RealSense SR305, is recommended.

4.4 Experiments

Despite showing interesting results to model some physics behaviors, the exploration of

GNN-based models in real-world environments has been limited. Mainly due to the absence

of techniques to generate training data, which in contrast are easily accessible in simulated

environments. In the case of non-rigid objects, a particle simulator [88], such as NVIDIA

FleX, is commonly used as an environment to provide training data. However, current

robotic manipulation environments do not properly support non-rigid objects. Therefore,

it becomes challenging to design a data-driven learning approach that is trained entirely in

simulated environments since there is no direct access to interaction data between robots

and objects.

In this section, a set of experiments are presented using the two GNN-based models (IN

and PropNet) described in Section 4.2, to learn the deformation dynamics of a non-rigid

object but applied for robotic manipulation tasks in a real-world environment. Unlike

previous work, the construction of the graph dataset is derived from the output of the

GNG-based representation, which is augmented to also provide the state of the non-rigid

object and manipulation actions as described in Sections 4.1 and 4.3. In summary, GNN-

based models are trained using visual observations of the physical system, which extends

their usage initially restricted to simulated environments, due to the limited availability of

formulations to construct dynamic graphs from sensor data.

3Kinect V1 refers to Kinect for XBox 360.
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The experiments are run on a cloud instance with 1× Intel Xeon Processor @ 2.3GHz,

1× NVIDIA Tesla K80 GPU with 2,496 CUDA cores, 12 GB RAM GDDR5 VRAM, and

GNU/Linux operating system. The GNN-based models are implemented in the Deep

Graph Library [77] using PyTorch [78] as backend. The data preparation and signal pro-

cessing steps are implemented using the SciPy library [89]. The training procedure of the

models consists of 20 iterations, and using a batch size of 1. Internally, the MLP modules

are trained using the Adam optimizer algorithm [90] with learning rate of 0.001 and mo-

mentums of 0.9 and 0.9999. Also, a learning rate scheduler with factor of 0.8 and patience

3 is used.

The architecture design of the models is based on the configuration presented in [52].

For experimentation purposes, the selected configuration is shared among models in order

to consistently compare their performances, hence the main difference between the models

is associated to the propagation step parameter, L, which corresponds to 1 for IN and 2

for PropNet. In this way, the encoder functions φencr , φenco are 2-layer MLPs with hidden

sizes of 200 and 300, with output size of 200. The message and update functions φr, φo are

1-layer MLPs with hidden size of 200, and output size of 200. And, the decoder function

φdeco is 2-layer MLP with hidden size of 200 and output size of 3, the latter corresponds to

the components of the predicted velocity in 3D. All MLP modules use the rectified linear

unit (ReLU) as the activation function. The mean squared error, MSE, is used as the

loss function, the prediction variables are further detailed in Section 4.4.1 For the feature

design of the graph, the state feature of the current frame is a 6D vector (i.e. position

and velocity in 3D) with concatenation of the velocity of the previous 5 historical frames,

thus obtaining as input feature a 24D vector, while the output feature is a 3D vector

(i.e. velocity in 3D). This design along with the feature dimensions create a network with

491,003 learnable parameters. In addition, each models is evaluated per object using the

entire graph dataset of the non-rigid object and manipulation actions described in Section

4.3. The dataset is divided into 80% for training, 10% for validation and 10% for test, which

is equivalent to 16 trajectories (i.e. 12,800 randomly shuffled samples) and 2×2 trajectories

(i.e. 2×1600 samples) respectively. In addition, the dataset is normalized between 0 and

1 due to the varied scales of the position and velocity features of the graphs.
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With the intention of further characterizing the properties of the non-rigid object and

manipulation actions within the scope of this work, some considerations such as the object

dimension and composition, the cause of the deformation and the type of manipulation are

defined as follows:

• Objects are volumetric in size and only exhibit elastic deformations during interac-

tions with themselves and with contact forces.

• Deformation in the objects are caused by the application of contact forces. Therefore,

any other source of energy that may cause deformations are not considered in these

experiments.

• The combination of trajectory generation with motion control processes executed by

the robotic hand produces a dynamic manipulation of the non-rigid object with brief

quasistatic periods.

• The manipulation of a non-rigid object is performed only by the tips of the fingers.

Therefore, a maximum number of three contact points occur during the execution of

the trajectory.

Furthermore, a subset of the graphs produced by the GNG-based representantion after

the augmentation phase is depicted in Figure 4.6. This graph sequence shows the different

states of the non-rigid object and manipulation actions corresponding to the same fingertips

trajectory as in Figure 4.5. This example demonstrates the measured deformation of the

non-rigid object due to the interaction with the robotic hand fingers. In addition, it

visually introduces the concept of dynamic graphs since the edges that connect to the

contact points and the object shape are not fixed but rather change over time according to

the physical properties of the system, which in this case corresponds to the spatial location

and deformation level.
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Figure 4.6: Graph sequence of the small sponge and contact points produced by the aug-

mented GNG-based representation at different deformation levels.

4.4.1 Prediction

Predictions of the state of a non-rigid object using GNN-based models has been experi-

mented recently in simulated environments [52], and using a cubic-like object as an exam-

ple. Therefore, the following set of experiments aims to investigate whether the augmented

GNG-based representation is capable of producing a graph state of the system suitable for

training a GNN-based model to learn the deformation dynamics of a non-rigid object. More
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specifically, the GNN-based models (IN and PropNet) are trained to produce as output

the prediction of the nodes velocity feature for the next time step v̂i,t+1, given as input the

current graph state Gt detailed in Section 4.1, which contains the position, velocity and

temporal features of the current state of the non-rigid object and manipulation actions.

The performance of the models is measured using the mean squared error, MSE, of the

predicted and labeled nodes velocity (Equation 4.1). In our notation, this statistical met-

rics computes the average of the squared errors between the estimated values (predicted

velocities) of the model, v̂i, and the observed values (labeled velocities), vi, computed as

described in Section 4.1.

MSE =
1

NO

NO∑
i=1

(v̂i − vi)2 (4.1)

Furthermore, the models are trained in a self-supervised fashion since the labels associated

at the current time step, t, correspond to the nodes velocity feature at the next time

step, t + 1. In other words, human labeling is not directly required since this approach is

designed to produce all the necessary data to train the models by itself, since the temporary

information of the system is available in the dataset. From this perspective, the models are

analyzed primarily in two situations, first evaluating the performance of the predictions in

single-step time sequences, and then evaluating the ability to generalize multi-step time

sequences. Similarly to Chapter 3, the small sponge is used as a recurring example of a

non-rigid object in this section. Experimental results with the rest of non-rigid objects are

summarized in Appendix A.2.

Nodes Velocity

The performance of the models (IN and PropNet) is compared with respect to their train-

ing and validation errors of the predicted velocities. The results obtained for the small

sponge are shown in Figure 4.7 and the other four non-rigid objects in Figure A.11. These

figures correspond to semi-logarithmic visualizations due to the wide variability of the

scales produced by the models throughout the epoch range. For both models, the errors of

the predicted velocities of a non-rigid object exhibit a monotonic decrease as the number

of iteration increases. Overall, both models produce low errors (order of magnitude 10−9
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on MSE). The training error decreases significantly at the very beginning of the execu-

tion, as depicted around epoch 4 in Figure 4.7. While the validation error decreases but

with constant fluctuations. The latter might be the effect of predicting small quantities

from sensors, which despite being filtered during several phases, make inaccuracies con-

tained in the representation to influence to a certain extent the stability of the model when

generalizing to other scenarios in validation (i.e. others fingertips trajectories).
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Figure 4.7: Comparison of a) IN and b) PropNet models with respect to the training and

validation errors of the predicted velocities obtained by using the augmented GNG-based

representation of the small sponge.

Additionally, a comparison between the training and validation errors of the predicted

velocities with respect to the models (IN and PropNet) is shown in Figure 4.8 for the

small sponge and in Figure A.12 for the other four non-rigid objects. Even though both

models start with similar MSE performances, PropNet exhibits a lower error than IN,

mainly noted during the early part of iterations. Considering that the architecture design

of the two models are shared, then the improvement in the performance of PropNet in

this situation is attributed to the additional propagation phase, which demonstrates the

property of better propagating the effects while requiring fewer iterations.
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Figure 4.8: Comparison of a) training and b) validation errors of the predicted velocities

obtained by IN and PropNet models using the augmented GNG-based representation of

the small sponge.

Nodes Position

The ability of the models (IN and PropNet) to produce predictions of the non-rigid object

shape is investigated. More specifically, a new graph state, Gt, formed with the augmented

GNG-based representation detailed in Section 4.1, is fed to the model at every T frames.

Then, the model is recursively evaluated taking as input the graph state obtained in the

previous frame to produce the prediction for the next frame, Ĝt+1. This process is repeated

until the entire range of T frames is evaluated, ĜT . In other words, for T = 1, a new graph

is predicted from the most recent observed data at every frame; while for T = 800, a pre-

diction is formed for every frame but with updates from observed data fed into the model

only every 800 frames. The nodes position of the next frame, x̂i,t+1, are estimated by the

direct computation of the equation of motion in classical mechanics (Equation 4.2), which

uses the predicted velocities of the next frame, v̂i,t+1, and time per frame, ∆t, to update

the current position of each node.

x̂i,t+1 = x̂i,t + ∆t · v̂i,t+1 (4.2)

A comparison of the predicted nodes position at every frame but with different T intervals

is shown in Figure 4.9 for the small sponge and in Figure A.13 for the other four non-rigid

objects. The hyperparameters settings are chosen based on the best performance obtained
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from the validation set. In order to enable a more direct interpretation of the results, the

Root Mean Square Error (RMSE) of the predicted and labeled nodes position is used as

a metric. Thus, the models are evaluated in two different configurations on one of the

trajectory from the test set. For the case of single-step time sequences (T = 1), both

models obtain a relatively low and consistent error (order of magnitude of 10−7 on RMSE)

of the nodes position throughout the entire range of frames. For the case of multi-step

time sequences (T = 800), the errors obtained by both models remain relatively low for a

prediction over a short range of frames, but degrades when the number of frames for the

prediction increases. As a consequence, at some point the models are unable to predict

with confidence the nodes position. In the latter case, the errors from previous executions

are accumulated and the prediction diverges, causing the non-rigid object to enter an unre-

coverable state. In other words, the models exhibit some robustness to produce short-term

predictions of the object shape, but their performance degrades for long-term predictions.
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Figure 4.9: Comparison of a) IN and b) PropNet models with respect to the prediction

of the nodes position obtained at different time steps using the augmented GNG-based

representation of the small sponge.

Additionally, a quality criterion for the predictions should be selected to better determine

the extent of which the models (IN and PropNet) are capable to predict the deformation

dynamics of non-rigid objects. For example, taking into account the physical dimension

of the object, an average error of 1 mm (order of magnitude of 10−3 on RMSE) can be

considered acceptable to produce visually plausible predictions of the object shape. For

the evaluated trajectory, Figure 4.9 shows that both models (IN and PropNet) reaches the

threshold of 1 mm in approximately 50 frames. This behavior was also observed with the
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other four non-rigid objects considered, as shown in Figure A.13. Therefore, both models

evidence some ability to produce short-term predictions.

4.5 Summary

This chapter presents the evaluation of GNN-based models (IN and PropNet) to learn the

deformation dynamics of non-rigid objects. The main contribution in this chapter is the

proposal of integration with the GNG-based representation model to enable training using

real-word sensor data. The experimental evaluation presents good results by achieving low

prediction errors during training, in turn showing some robustness to other manipulation

trajectories during validation. As a consequence, the models effectively capture the defor-

mation behavior of a non-rigid object when evaluated in single-step time sequences, also

demonstrating potential to produce visually plausible short-term predictions of the object

shape. On the other hand and despite the fact that the models are not specifically formu-

lated to be evaluated in multi-step time sequences, the generalization results for this task

are not as satisfactory as those obtained using the same GNN-based models in a similar

scheme but trained in simulated environments [52]. This suggests that the representation

obtained by the graph construction is not entirely capturing the long-term deformation

dynamics of the non-rigid object. Such results are also most likely related to factors such

as inaccuracies in sensor data, absence of additional physical quantities and a dataset that

is not large and varied enough.

Nonetheless, the proposed integration has the potential to describe, to some extent, the

state of a non-rigid object and can be mainly adopted in cases where a simulator is not

accessible or cannot be used due to lack of support of these types of objects. Therefore,

the only possible solution is to estimate a model based on sensor data. It is important

to note that training data obtained by the extraction of information from sensors is a

more challenging task, since more complex phenomena are inherently present in real-world

environments. On the other hand, a good prediction model using real observations will

significantly capture more realistic behavior of the physical system. Despite the limitations

encountered, this chapter opens the possibility of exploring related techniques to improve

the graph construction and better capture the long-term deformation dynamics of non-rigid

objects using sensor data.
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Chapter 5

Conclusions

5.1 Summary

In this work, we proposed a sensing and modeling framework to learn the deformation

of non-rigid objects for scenarios in which prior knowledge about the shape or material

properties of the objects is not required. This framework integrates self-organizing and

graph neural network models to learn a graph representation of the shape and produce

predictions of the deformation dynamics due to the manipulation actions of the robotic

system.

Overall, we conclude that the proposed GNG-based shape representation model demon-

strates capabilities for representing and tracking a non-stationary distribution constituting

the deformation that a non-rigid object undergoes, while satisfying some design considera-

tions for the application in robotic manipulation tasks. Hence, this framework belongs to a

handful of formulations available with such properties. In turn, the GNN-based dynamics

prediction model demonstrates mixed results by performing adequately for the evaluation

of single-step time sequences, and exhibiting potential for the evaluation of multi-step

time sequences, with the latter limited to short-term predictions. Therefore, the proposed

framework is capable of modeling the deformation of non-rigid objects from sensor data to

some extent including short-term predictions.
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5.2 Contributions

The main original contributions from this research are:

• Development of a GNG-based approach to learn the shape representation of non-

rigid objects entirely from sensor data. A new model called BC-GNG is proposed

that extends previous work by including outlier regularization and batch training

procedures. These additions evidence an improvement in the estimation of the object

motion associated with the deformation.

• Development of a GNN-based approach to learn the deformation dynamics of non-

rigid objects. The proposed approach enables to train the models entirely from

sensor data, which demonstrates potential to produce short-term predictions of the

deformation dynamics.

• As an extra contribution beyond the domain of non-rigid objects, a promising in-

tegration between self-organizing and graph neural networks is proposed to learn

representation and prediction models of non-stationary distributions.

Until now, this research resulted in two publications: A survey paper that describes the

state-of-the-art approaches in sensing, modeling and control of non-rigid object in robotic

manipulation [7]. Also, a conference paper that analyzes the proposal of integration of

GNG and GNN as learning models for the representation and prediction of shapes [55].

5.3 Future Works

On the shape representation model, a proposal to improve the execution of the GROWING

phase in the GNG-based model is worth considering, since this phase is the most time-

consuming computation when the shape of the input distribution is unknown. More work

is still needed to propose a batch or similar implementation that speed up the execution

of this part of the algorithm. On the deformation dynamics prediction model based on

real-world data, a proposal to train longer and with more data is recommended since its

performance appears to be several orders of magnitude lower than that evidenced in simu-

lated approaches. Also, another proposal in the GNN-based model could be the inclusion
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of predictions of the connection edges, since currently there is no direct mechanism that

produces the topology of the graph structure as the object deforms.

In addition, a possible solution to improve the modeling capabilities of the proposed frame-

work for long-term predictions is the exploration of other sensing measurements and modal-

ities. Currently, the experiments presented here are limited to the data taken by a single

RGB-D sensor, which captures partial observations of the environment and also suffers

from occlusions with the robotic hand itself. Therefore, the combination of multiple cam-

eras or dynamic viewpoints could be used with other techniques to complete the shape of

the non-rigid object, and thus refine the shape representation model. Moreover, only visual

observations are used to determine the position and velocity information of the non-rigid

object, thus data extracted from tactile sensors could be used to add more features to

the graph state, and thus improve on the generalization capabilities of the deformation

dynamics prediction model.

Other potential areas of work in which the proposed framework can be directly applied

include shape control and trajectory planning of the non-rigid object manipulation based

on the predictions obtained by the models.
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[59] J. Garćıa-Rodŕıguez and J. M. Garćıa-Chamizo, “Surveillance and human–computer

interaction applications of self-growing models,” Applied Soft Computing, vol. 11,

pp. 4413–4431, Oct. 2011.

[60] H. Frezza-Buet, “Online computing of non-stationary distributions velocity fields by

an accuracy controlled growing neural gas,” Neural Networks, vol. 60, pp. 203–221,

Dec. 2014.

[61] S. Orts-Escolano, J. Garcia-Rodriguez, V. Morell, M. Cazorla, M. Saval, and J. Azorin,

“Processing point cloud sequences with Growing Neural Gas,” in 2015 International

Joint Conference on Neural Networks (IJCNN), (Killarney, Ireland), pp. 1–8, IEEE,

July 2015.

[62] X.-F. Han, J. S. Jin, M.-J. Wang, W. Jiang, L. Gao, and L. Xiao, “A review of

algorithms for filtering the 3D point cloud,” Signal Processing: Image Communication,

vol. 57, pp. 103–112, Sept. 2017.
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Appendix A

Additional Results

This appendix presents additional results obtained for the rest of non-rigid objects consid-

ered in this work. These results are used to complement the analyses performed in chapters

3 and 4, and thus provide a more comprehensive understanding of the results that support

the conclusions derived in chapter 5.

A.1 Shape Representation
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Figure A.1: Point cloud and graph sequences of the ball obtained by the BC-GNG model

at different deformation levels.
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Figure A.2: Point cloud and graph sequences of the large sponge obtained by the BC-GNG

model at different deformation levels.
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Figure A.3: Point cloud and graph sequences of the towel obtained by the BC-GNG model

at different deformation levels.
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Figure A.4: Point cloud and graph sequences of the toy obtained by the BC-GNG model

at different deformation levels.
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Figure A.5: Runtime sequences obtained by C-GNG, BC-GNG during the manipulation

of the non-rigid objects for QE=0.005.
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Figure A.6: Average of runtime sequences obtained by C-GNG, BC-GNG during the ma-

nipulation of the non-rigid objects for QE=0.005.
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Figure A.7: Global displacement obtained by C-GNG, BC-GNG during the manipulation

of the non-rigid objects.
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Figure A.8: Local displacement obtained by C-GNG, BC-GNG during the manipulation

of the non-rigid objects.
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(b) Large Sponge
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Figure A.9: Feature correspondence obtained by C-GNG during the manipulation of the

non-rigid objects.
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Figure A.10: Feature correspondence obtained by BC-GNG during the manipulation of

the non-rigid objects.
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A.2 Deformation Dynamics Prediction
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Figure A.11: Comparison of IN (left) and PropNet (right) models with respect to the

training and validation errors of the predicted velocities obtained by using the augmented

GNG-based representation of the non-rigid objects.
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Figure A.12: Comparison of training (left) and validation (right) errors of the predicted

velocities obtained by IN and PropNet models using the augmented GNG-based represen-

tation of the non-rigid objects.
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Figure A.13: Comparison of IN (left) and PropNet (right) models with respect to the

prediction of the nodes position obtained at different time steps using the augmented

GNG-based representation of the non-rigid objects.
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