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Abstract

The capability of manipulating objects is fundamental for robots in order to interact and
integrate in the environment they are deployed in. Since most manipulation actions involve
or begin with picking up objects, grasping is an integral part of any manipulation toolbox.
Although planning grasps on known object shapes is a mature research field with decades
of work behind it, such information is not available in many realistic scenarios. For robots
deployed in dynamic and unstructured environments such as homes, stores or even outdoor
settings can be cumbersome or outright unfeasible to know the complete 3D shape of target
objects, or even recover it in place with exploration techniques. In such cases, approaches
that allow planning for optimal grasps given partial 3D information are essential in order to
attempt manipulation actions, and the research field is far from being depleted.

In the attempt to model such a use case, in this Thesis we consider a target scenario
consisting of a surface cluttered with everyday household objects and we explore different
approaches to grasp planning with single-view point clouds, under the the hypothesis that
the object 3D models are not known a priori. Although many state of the art methods can
find feasible grasps on the observable part of the scene, explicitly modeling the 3D shape
of the target extends this capability to unobservable object sides. Initially, we formulate
the hypothesis that geometric primitives such as superquadrics can be effectively used as
a modeling tool. According to this line of thought, we propose a grasp planning method
that constrains the superquadric parameterization to account for the characteristics of the
target scenario. In order to evaluate the performance of our method, we tackle the lack
of widespread benchmarking protocols for grasp planning tasks by proposing GRASPA,
a complete benchmarking tool inspired by reproducibility and interpretability principles.
The nature of GRASPA allowed us to evaluate the performance of grasping pipelines with
different features on different robotic setups using the same rigorous experimental procedure
and observe the failure cases of each approach.

In the final part of the Thesis, we show a possible way of overcoming the limitations
of primitive-based methods by studying shape completion methods that have recently been
gaining traction in the computer vision and robot vision fields. Thanks to these methods, the
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3D description of the target object can be reconstructed from partial views by leveraging past
experience (in the form of a learned model) to infer information on unseen parts of objects.
We present a proof of concept of how shape completion deep autoencoders can be effectively
integrated in a grasp planning algorithm, and we point to interesting research avenues by
showing the importance of their internal representation.
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Chapter 1

Introduction

Since its inception in the �rst half of the 20th century, the termrobot has always denoted a

machine meant to perform work by interacting with the environment and the humans present

in it. These interactions include, most of the time, some form of manipulation, be it in the

shape of moving parts around in an assembly line, sorting products from bins to store shelves,

folding clothes in a laundry room, or loading and unloading parcels and crates in a shipment

center. The relevance of manipulation to robotics is so vast that since their �rst deployment

in a factory environment, with the Unimate robot in the 1950s, industrial robots have ever

since been addressed to with the termmanipulators.

Although size, shape and capabilities of robots have changed since the 1950s, manipu-

lation is still a very relevant research topic and constitutes an open challenge for both the

industry and the scienti�c and engineering community [9, 50]. Improving the dexterity of end

effectors with smart designs in order to reach and even outclass human levels of effectiveness,

researching new materials and sensors to improve tactile sensing capabilities, experimenting

with bleeding edge machine learning techniques in order to discover new policies in an

unsupervised way; these are but a portion of the rami�cations of the robotic manipulation

challenge. However, any kind of manipulation task involves grasping the target of the manip-

ulation action at some point. Hence, autonomous robot grasping is conventionally considered

to be a fundamental part of the manipulation research �eld.

Grasping is typically de�ned [103] as the group of actions necessary in order for a robot

to close its end effector around an object and constrain its movement with respect to the

robot hand or gripper. Hence, after a successful grasp the movement of the object in terms of

position and orientation is entirely de�ned by the state of the robot1. In the literature, the

1In other words, the object can be considered �xed to the robot end effector.
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typical structure of a grasping algorithm (also often calledgrasping pipeline) can be boiled

down to the following stages:

• Target acquisition. The system initially has no information about the target object. In

this stage, information coming from the perception system of the robot is retrieved and

processed. Typically, this information is visual (since no contact between the robot and

the target exists just yet) and comes from either a 2D or RGB-D camera. This stage

outputs information about the target object, possibly segmented from the rest of the

scene

• Grasp planning. Given the target, this stage computes the optimal position and

orientation of the robot end effector2 (hand or gripper) that maximizes the probability of

a successful grasping action. Different grasp planning approaches might use additional

constraints in order to rule out unsuitable candidates, e.g. whether the grasp pose allows

the end effector to stay clear of other objects or the scene itself, or some manipulability

measure in the target pose. The output is simply the end effector pose in terms of

position and orientation of the TCP and the pregrasp con�guration, i.e. the initial

position of the joints of the end effector itself, such as the angle of the �nger joints

• Motion planning. This stage takes care of planning the trajectory that will lead the

robot end effector in the target pose. This is usually conditioned and constrained by

other factors, such as avoiding collisions between the robot links and the scene or

avoiding singularity con�gurations. The output is very setup-speci�c, but is generally

a trajectory of setpoints in task or joint space for the manipulator to follow at runtime

• Grasp execution.This stage moves the robot and the end effector in order to follow

the target trajectory and perform the planned motions. It is typically speci�ed by the

control architectures that are supported by the hardware and software con�guration,

and is also very setup-speci�c because of this.

The research work summarized in this Thesis mainly focuses on the grasp planning stage.

Nevertheless, the implementation of such work to perform experiments lead to the study and

application of popular techniques and tools related to the other stages.

Grasp planning is a �eld with more than three decades worth of literature and contains a

vast landscape of approaches, each with varying assumptions and methodology [50, 100, 10,

2In this Thesis, we often use the denomination TCP (Tool Center Point) to denote the reference system
attached to the end effector.
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7, 55, 51, 27]. Although providing an extensive taxonomy of grasp planning approaches is

outside the scope of this Thesis, we hereby attempt to outline some common or distinctive

aspects that are relevant to this work.

Target driven vs. target agnostic approaches. Some grasping pipelines are designed to

grasp speci�c objects in a scene [76, 120], while others can produce grasp candidates directly

from scene data [82, 62], with no explicit target de�nition or segmentation.

End effector type. A large part of grasp planners in literature assume a parallel-jaw

gripper structure [74, 62, 82]. Other approaches focus on multi-�ngered or humanoid hands

[117, 102] or even suction grippers [63].

Clutter de�nition. Although there is no universal and clear-cut de�nition of clutter and

degrees of clutter in a scene, grasping pipelines typically tackle:

• visually clutteredscenarios, where some objects are mutually occluded when observed

from the viewpoint of the robot, but are not close to each other

• spatially clutteredscenarios, where objects lie in a structured or unstructured pile and

they are in contact to each other (this typically implies visual clutter as well)

• isolatedobjects, where there is no clutter at all. All the approaches that can only handle

one object at a time fall in this category.

Prior on object shape. Different grasp planners make different assumptions about the

target object in their formulation. For instance, approaches that rely on pose detection require

the 3D mesh in order to locate the object in the scene and plan for grasps (model-based

approaches), while others only assume the target object can be modeled with a geometric

primitive [120, 8]. Some methods do not require any modeling at all [62, 74], while some

attempt category-agnostic shape reconstruction based on partial data [114, 60] (we refer to

these two last categories with the termmodel-free approaches).

Planar vs. spatial approaches. This distinction relates to the parameterization of the

detected grasp candidates. Planar approaches assume the scene is being observed from a

�xed point over the target surface and the optical axis is perpendicular to the surface. This

type of approach describes grasps either in the form of oriented rectangles or in the form of 3D

position and rotation angle around the axis optical axis [62, 63]. Other approaches [82, 74]
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generate grasps in terms of TCP position and orientation with a 6 DoF parameterizataion,

taking full advantage of the manipulator motion capabilities.

Data-driven vs. analytical methods. In general, grasp planners work by sampling can-

didate poses around the object and then computing some sort of quality index in order to

rank them and eventually �nd the best grasp. Decades worth of research on grasp quality

metrics have suggested a wide landscape of options that can be computed when the gripper or

hand kinematics and the complete object shape are known. These typically rely on analytical

procedures that involve explicit geometrical reasoning or dynamic considerations on the

forces and friction in play [7, 97]. In recent years, the rising popularity of machine learning

and deep learning has given birth to a whole new class of approaches, where quality metrics

are learned from data instead [10, 27].

One of the challenges of the robotics research community has always been to enable

robots to operate in highly unstructured or dynamic environments. Classic examples are

construction sites, disaster scenes or space missions. However, homes and stores prove

just as challenging for an automatic system, to the point where robot challenges have been

designed around such human environments [107] to serve as benchmarks for the capabilities

of service robots. For instance, a robot whose task is to fetch an object from another room

implies navigating around the layout of the house, avoiding static (furniture) and dynamic

(pets, humans) obstacles on different surfaces, to �nally face a messy shelf or tabletop where

the target object resides. In this Thesis work we focus on this last kind of environment,

assuming objects lie on aplanar surface, possibly invisual and spatial clutter, where the

exactmodel of the object to grasp is unknown a priori. In particular, we consider the

model-free hypothesis to be of particular interest. In the robotics and manipulation literature

the grasping �eld is often considered to be mature [9], and the grasp planning problem is

often considered to be solved and of little interest. While we agree with the �rst statement,

we argue that the literature offers a large variety of effective and well-established methods

[7] only as long as the object model is known and its pose can be reliably estimated within

the scene. In the abscence of known 3D models, vision-based grasping approaches cannot

perform pose estimation and therefore cannot rely on the straightforward application of

classic grasp planning methods. This is a reasonable assumption to make when unstructured

environments are concerned, as the system probably would not know the exact shape of the
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target object, nor would it be able to easily recover it via visual exploration3. For this reason,

we argue grasp planning still proves to be quite the challenge in realistic applications, as

proven by the number of novel approaches that have been published in recent years [55, 27].

Before moving on, we brie�y describe some state of the art methods that are relevant

to the target scenario of this Thesis, i.e.grasp planning when the object model is not

known a priori . Dex-Net 2.0 [62] is a planar approach that generates a large number of

candidate grasps from a depth image and computes a quality score for each of them with

a GQ-CNN (Grasp Quality Convolutional Neural Network). The network is trained using

a large synthetic grasp dataset annotated with analytical metrics. Due to its performance

and inference speed, Dex-Net 2.0 and its successive revisions have been a cornerstone of

data-driven grasp planning in latest years. Since this approach is designed for bin-picking

applications, however, it requires the RGB-D camera to be placed on top of the target

surface and only provides planar grasps. GPD [82] tackles this shortcoming, being able to

provide 6-DoF grasp planning with similar performance on real-robot experiments. This

method consumes RGB-D data in the form of a point cloud, and uses a CNN (although

extended to a 3D voxel grid) to infer the quality of grasp candidates generated from the

point cloud geometry. Also similarly to Dex-Net, GPD is also trained on a synthetic dataset

annotated with analytical metrics. 6DoF-GraspNet [74] improves upon GPD by using data-

driven methods to directly propose initial candidate guesses from a point cloud by using

a Variational Autoencoder (VAE) and later re�ne them using gradient information from

a grasp quality CNN. Unlike previously mentioned approaches, this work uses a physics

simulation engine in order to generate ground truth (instead of analytical metrics) for the

training process.

The end-to-end nature of the approaches just outlined allows them to quickly generate

and rank large numbers of candidates at runtime. However, they lack an explicit target

representation which is rather useful in robotics task to guide motion planning, collision

avoidance and scene understanding. Some methods propose to explicitly model target objects

from single-view point clouds by �tting shape primitives such as cuboids and superquadrics

[120, 83] that are also used for grasp planning. These methods are typically based on framing

the primitive �tting as an optimization problem, and are therefore quite interpretable and

predictable in their output. While this is a desirable feature that is not often present in

data-driven and deep learning based models, the simplicity and compactness of the primitive

3In case of an object lying in visual clutter or in a constrained environment, for instance, it would be
impossible for the robot to move a hand-mounted camera around it to gather enough data for a complete 3D
reconstruction.
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representation limits the span of possible shapes that can be modeled due to symmetry and

lack of detail. Another class of methods attempts to reconstruct the complete object shape

from partial point cloud data, borrowing shape completion techniques from the computer

vision �eld. Some of these approaches use 3D deep networks to reconstruct a complete object

mesh from single view RGB-D data [116, 60] and then use grasp quality metrics based on

the grasp wrench space to obtain good grasp candidates. Lundell et al. [61] employ a similar

reconstruction pipeline, but use the obtained shape to render a synthetic depth map and use

Dex-Net to compute grasps. These methods are some of the most promising venues in the

grasp planning research �eld, since they allow researchers to employ any well-established

grasp planning analytical or data-driven method that requires the full mesh without having it

beforehand.

This Thesis work begins (Chapter 2) with an attempt at tackling the aforementioned

scenario by proposing a grasp planner that relies on modeling the target object from partial

views with expressive and compact geometric primitives, i.e. superquadric surfaces, through

a constrained optimization process. The approach was meant to be deployed on the iCub

humanoid robot [71], and the features and limitations of the platform were accounted for

in the design process. We also show how this approach performs with respect to a similar

superquadric-based approach [120] also developed for the iCub robot. Initially, we tested our

grasp planner on isolated objects since the perception system implemented on the platform

would fail when performing target acquisition on visually cluttered scenes. However, good

results in such conditions were obtained by improving the perception capabilities of the

robot with the integration of a state of the art deep instance segmentation architecture [45].

Building in this direction, we obtained a versatile tool for tackling a variety of different

object sets and scenes (Chapter 3) by adapting a method to quickly generate custom datasets

in order to train instance segmentation machine learning models.

The next objective in the PhD project would have been to compare our results with other

state of the art approaches [82, 62] to grasp planning on the same cluttered tabletop task.

However, we initially found it to be dif�cult to do for a number of reasons linked to how

typically authors experimentally validate their proposed solution on real robot setups. Due to

the abscence of a widespread benchmarking protocol, the experiments were performed in

non-reproducible conditions and the results reported in a way that was not really comparable

with other approaches from other sources. This is the motivation that led to the proposal

of GRASPA (Chapter 4), a benchmarking protocol for grasp planners built around the
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concepts of clarity and granularity of metrics, reproducibility of experimental conditions and

adaptability to different robot platforms.

Employing GRASPA to benchmark state of the art model-free grasp planners allowed

us to observe some of their failure cases and limitations, due to occlusions and partial

information deriving from single-view RGB-D data. Having also observed the limitations

that come with modeling objects with geometric primitives such as cuboids and superquadrics,

we investigated state of the art machine learning techniques to reconstruct complete shapes

from partial measurements, i.e. shape completion and reconstruction techniques. In particular,

we show how they can partially compensate for the partial visual information that our target

scenario implies, and whether they could be integrated into existing grasping pipelines

(Chapter 5). Even though this study did not eventually result in a contribution to the �eld,

it allowed us to obtain precious insight on these techniques and ideas for future research

avenues.



Chapter 2

Model-free grasp planning with

superquadrics

Thanks to the last two decades of advancements in sensor technology and computer vision,

nowadays integrating 3D sensing capabilities into a robot has become cheaper and more

practical than ever. Even with these powerful sensing capabilities, robot vision is still limited

by occlusion (both auto-occlusion and caused by other objects or elements of the scene) to

only ever have a partial perception of objects. One of the stepping stones in the design of

algorithms and pipelines for autonomous, vision-based robotic grasping and manipulation is

choosing a suitable representation for modeling the objects the robotic system is supposed

to perceive, reason about and act on. Despite decades of research and experimentation on

the subject, however, the community has not converged to a single representation that is

indisputably preferrable to all others in all cases. Recent literature reviews on the topic

of vision-based grasp planning [27, 50, 55] show that different approaches model objects

according to assumptions on the task and the scene. Some of the most widespread approaches

are:

• assume that the object shape is known. This is often the case when the object CAD or

mesh is available a priori. In this case, the modeling task turns into a pose estimation

task

• assume that the object shape is not known, but it can be decomposed in one or more

geometric primitives. In this case, the modeling task turns into a shape �tting and

optimization task
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• assume that the object shape is not known, but something similar has been seen. The

modeling task turns into a shape completion task (this topic is analyzed in detail in

Chapter 5)

• no shape is explicitly sought for. There is no explicit modeling of objects, rather the

approach proposes to analyze local features of the 3D data.

As seen in the introduction, the state of the art on grasp planning pipelines and grasp

planners is rapidly moving towards data-driven and deep learning based approaches [109, 10,

13], inspired by the success of these disciplines in other scienti�c �elds. Nonetheless, recent

research Du et al., Kroemer et al., Lin shows that analytical and optimization-based object

modeling approaches can still have a place in some scenarios and tasks. This claim has its

roots in the following factors.

Availability of intermediate representation. In robotics, explicitly modeling the object

geometry is often useful for tasks that are complimentary to manipulation (e.g. scene collision

avoidance). This feature is typically not available in most of the data-driven, end-to-end

trained grasping approaches that have risen in popularity in latest years.

Cost of a complex shape representation. Although some data-driven grasping pipelines

explicitly perform a modeling step before computing grasps (see Chapter 5), such approaches

require training on large datasets and have a large footprint in terms of computing power and

memory availability. On the other hand, if the target objects have simple shapes (as is often

the case with household items) they can be modeled in a very compact way by exploiting

geometric primitives.

Hardware constraints. Data-driven grasping pipelines, regardless of whether they provide

an interpretable representation of the object, typically are developed on top of deep learning

frameworks that require dedicated hardware in order to be ef�cient and responsive. On the

one hand, this is becoming easier to overcome, as training of the models is done of�ine on

large GPU clusters and compact hardware to perform inference on the robot platform is

becoming commonplace. On the other hand, methods that perform equally fast without the

need for a training procedure or dedicated hardware are desirable (even if this comes at a

tradeoff in performance).

In this chapter, we propose a simple grasping pipeline based on explicit object modeling

through superquadric functions. At its core, this method is inspired by the work of Vezzani

et al. but it is designed to simplify some of its moving parts by:
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• eliminating some of the degrees of freedom in the superquadric optimization process

by exploiting the scenario structure

• performing the optimization with a well-behaved analytical gradient instead of �nite

differences

• using a different grasp candidate proposal method that takes advantage of the symmetry

of the superquadric representation

• ranking the grasp candidates with a metric based on the robot reachability and end

effector geometry.

In 2.1 we present an overview of other superquadric-based approaches to object modeling

and grasping drawn from the computer vision and robotics literature. In Section 2.2 we

present the approach, outlining our contribution. We quantitatively tested the method (Section

2.3) using two different experimental protocols using the iCub humanoid robot platform.

Finally, we review and discuss the experimental results (Section 2.4) and show an application

of the method in the context of a complex HRI framework (Section 2.5).

2.1 Related work

The concept of superquadric surfaces was �rst introduced in 1981 in the �eld of computer

graphics by Barr [4] as a compact and smooth representation for a family of 3D shapes

including superellipsoids, superhyperboloids and supertoroids. They were proposed as a

uni�ed mathematical formalism that would bring a speedup in computation, by reducing

the need for memory-intensive representations such as lists of edges, faces and vertices.

They were intended for use in computer aided design and rendering, aid structural and

mechanical analysis and verify machine control trajectories. The concept of superquadrics

was soon extended by introducing local and global shape deformations [5] and the scope of

its representation power was ampli�ed with the introduction of hyperquadrics [44].

Solina and Bajcsy hypothesized the usage of superquadric shapes as components of part-

based models, exploring the possibility of using their closed-form description and proposing

a mathematical formulation for the problem of segmentation and recovery of superquadrics

in both 2D and range images [105, 46]. The intuition behind the concept of part-based

models inspired some interest in the computer vision community in �nding ways to model

3D object or scene data with multiple superquadrics [18, 19, 29]. This approach allows

to model interesting parts of objects (e.g. handles) with expressive primitives or to push
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the limits of superquadric representation by using a number of convex shapes to model a

non-convex shape. This goal is generally obtained by partitioning the 3D point clouds in a

number of clusters, and substituting to each cluster the superquadric (superellipsoid) that

best �ts the points in the cluster. Methods belonging to this family typically differ in the way

the point cloud is split, i.e. the way the unsupervised clustering problem is tackled.

Recently, on the wake of the data-driven disciplines, some researchers used 3D deep

learning techniques to address the problem of modeling scene and partial object point clouds

with multiple superquadrics [83]. These works simultaneously leverage the advantages of

both the compact representation offered by superquadric shapes and the fast inference time

provided by state of the art DNN (Deep Neural Networks) architectures and modern GPU

hardware.

In robotics, being able to reduce the complexity and memory footprint of a scene to a �nite

number of expressive shapes with a compact representation is useful in a number of context.

The implicit formulation of the superquadric surface allows for quick computation of whether

points reside inside or outside the shape itself, and this in turn elicits faster collision checking,

e.g. when motion planning or grasp planning algorithms are concerned. Over the last two

decades, a number of approaches relying on superquadric (either single or multiple) modeling

for scene segmentation and grasp planning have been proposed [42, 120, 119, 8, 67, 19, 106].

Relevant to our scenario are works that are employ multi-�ngered or humanoids hands

[106, 42, 120, 119] since our target robot platform, the iCub robot, features humanoid hands.

Some of the works by Vezzani et al. [120, 119] have been developed with the iCub platform

in mind and propose a fast solution to the grasp pose detection problem by modeling both

the robot hand graspable volume and the target object as superquadric shapes.

2.2 Methodology

The target scenario for this work consists in the robot facing a horizontal surface (e.g. a

tabletop, countertop, or shelf) populated with objects whose 3D shape is unknown a priori.

There can be partial visual occlusion between the objects, but they cannot be stacked on top

of each other. This type of scenario, while unrealistic in an industrial bin picking task, is very

relevant for service robotics operating in human environments and is sometimes referred to

asstructured clutter[74, 76].

We hereby describe our approach to a superquadric-based grasping pipeline. Initially, we

present the superquadric family of shapes and give some insight on their features for object

modeling. After that, we present the approach pipeline itself. Following the typical structure
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of a model-based grasp planner, our approach can be functionally split in two stages. In the

�rst stage (Section 2.2.2), the information coming from the robot vision system is used to

produce a representation of the object. In the following stage (Section 2.2.3), this object

description is used to compute a list of feasible grasp candidates and select the best one

according to some metric.

2.2.1 Features of superquadric representation

Superquadrics are a family of 3D parametric surfaces that can describe a large variety of

shapes in a single and continuous parameter space, and became popular for their capability

to represent complex shapes with a limited number of parameters. Within the superquadric

family of surfaces,superellipsoidsare the ones that are the most suitable to model objects,

since they de�ne closed and limited surfaces (the others beingsupertoroidsandsuperhyper-

boloids). Hence, with some abuse of notation, this thesis uses the termsuperquadricto refer

to superellipsoids. Using an object-centric reference frame, superquadric surfaces can be

mathematically described by an implicit formulation
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where parametersf sx;sy;szg de�ne the size of the three axes of the superquadric while

f e1;e2g de�ne its shape in terms of edge roundedness. Figure 2.1 shows how these parameters

(aptly calledroundednessparameters) shape a superquadric surface with the same axes size.

Using the same �ve parameters, superquadric surfaces can also be described by an explicit
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By applying a transformationTl 2 SE(3) to the points belonging to the surface de�ned

by either Equation 2.1 or Equation 2.2, we can obtain the description of an object in the

3D euclidean space together with its pose (de�ned as position and orientation) with 11

parameters. This compactness of the representation is the �rst feature of the superquadric

representation for object modeling.

A second useful feature of the superquadric representation relies in its implicit formula-

tion. Considering Equation 2.1:
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• x̄ : F(x̄; l ) = 1 represent all the 3D points lying on the superquadric surface

• x̄ : F(x̄; l ) < 1 represent all the 3D points lying inside the superquadric boundaries

• x̄ : F(x̄; l ) > 1 represent all the 3D points lying outside the surface.

This property identi�es superquadrics as mathematical solid, for it univocally determines the

region of the three dimensional space an arbitrary point falls into. Hence, it is also referred

to asin-out function.

The third feature of the superquadric representation can be shown by observing the

behaviour of parametersf e1;e2g. Each one describes the roundedness of the superquadric

along one direction (nort-south and east-west) and behaves in the following way (refer to

Figure 2.1 for a visual guide):

• for e < 1, the shape is increasingly squared with sharper edges

• e = 1, the shape is rounded

• e � 2, the shape has a �at bevel

• e > 2, the shape is "pinched" and pointed.

As pointed out in other works [46, 120, 67, 18], constraining the roundedness parameters

between 0 and 2 leads to strictly convex shapes. Empirically, we can observe that a large

number of common household objects can be approximated to such shapes (e.g. containers

such as boxes and bottles) without loss of affordance. The convexity also makes the in-out

function well behaved with respect to the optimization problem.

Thanks to the features we just outlined, the superquadric representation is descriptive

of a good number of household objects that a service robot might need to grasp on a daily

basis. In the next sections, we show how we propose to frame and constrain an optimization

problem in order to �t a superquadric shape to a segmented point cloud coming from the

visual system of the robot (Section 2.2.2). We also propose a simple algorithm to generate

candidate power grasps around the computed superquadric and rank them according to the

robot kinematic structure and end effector geometry (Section 2.2.3). We use the termpower

graspto denote a type of grasp where only the pose of the TCP (Tool Center Point) of the

end effector is computed, as opposed to aprecision graspwhere the position of each contact

point with the is planned for.
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Figure 2.1 Superquadric shapes with varying roundedness parameters(e1;e2) and �xed size
sx = sy = sz . For values0 < e < 2, superquadrics are convex shapes with continuous surface
gradient. In particular, it can be observed that superquadrics closely approximate more
traditional geometric primitives used in object modeling such as spheres (e1 = 1;e2 = 1),
cylinders (e1 = 1;e2 ! 0), octahedrons (e1 ! 0;e2 = 2) and cubes/parallelepipeds (e1 !
0;e2 ! 0). Image sourced from [118].

2.2.2 Modeling objects with superquadrics

The aim of this �rst step is to �nd the best superquadric representation of an object perceived

by the robot, i.e. �nding the set of parameters that best �t the 3D data according to some cost

function. In this case, such 3D data is supposed to be provided in the form of a partial, single

view object point cloudP 2 R3 acquired by the visual perception system of the robot. As

initially proposed by Jakli�c et al. [46], the best superquadric to modelP is the one whose

surface is closest (in an euclidean sense) to the point set. Recalling thein-out function

de�ned in Equation 2.1, the superquadric surface is de�ned by the locus of points that satisfy

F(x̄; l ) = 1. Hence, minimizing the distance of thei-th point pi = ( xi ;yi ;zi) 2 P; for i =

1; : : :N from the superquadric leads to the parametrizationl = f sx;sy;sz;e1;e2;Tl g that best

�ts the 3D data. The search forl can be cast as a least-squares minimization problem over

the point set

l = argmin
jPj

å
i= 1

�p
sxsysz(F(pi ; l ) � 1)

� 2
(2.3)
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where the term(F(pi ; l ) � 1)2 is the squared distance of thei-th point from the su-

perquadric surface. The termp sxsysz is introduced as a regularizer for the superquadric

volume, as we are interested to �nd the smallest surface that �ts the point cloud.

Our �rst contribution with respect to the work of Vezzani et al. [120] is to introduce some

prior about the scene where the object is located to simplify the optimization process. In

particular, our target scenario consists in the robot observing a tabletop or shelf scenarios with

a single object or isolated objects. Thus, instead of estimating the pose of the superquadric

Tl with 6 degrees of freedom, we hypothesize the object to be modeled is laying on a surface.

This assumption constrains two of the three axes to lay in a plane parallel to said surface

(which is �xed) and reduces the pose estimation problem to 4 degrees of freedom, the �rst

three being the center of the superquadric and the fourth being the rotationf around itsz

axis. The parameter setl is reduced in dimensionality from 11 (3 for the position of the

center, 3 for the size, 2 for the roundednss, 3 for orientation) to 9. We rede�ne the notation

for the parameter set asl = f xc;yc;zc;sx;sy;sz;e1;e2; f g 2 R9 where(xc;yc;zc) is the center

of the superquadric.

We frame the optimization problem de�ned in Equation 2.3 as a constrained nonlinear

optimization problem, since the target superquadric has to adhere to the following constraints:

• the superquadric has to be convex, therefore 0< e1;e2 � 2

• since the object is assumed to lie on a surface without intersecting it,zc � sz > zsur f ace

• the superquadric has to have non-zero volume, i.e.sx;sy;sz > 0.

We solve the optimization problem forl using an interior point �lter line search algorithm,

as implemented in the IpOpt library [127]. Since this class of methods bene�ts (in terms of

accuracy of the results and computing power) from the availability of a closed-form gradient

of the cost function, we take advantage of the analytical nature of the in-out functionF(pi ; l )

and provide it. This is a second difference with respect to how the problem was solved in the

work of Vezzani et al., where a �nite difference method was used. Some examples of partial

point clouds modeled as superquadrics with our method can be seen in 2.2.



2.2 Methodology 16

(a) Box object

(b) Toy Car object

(c) Large Bottle object (not in the dataset, ungraspable)
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(d) Teddy Pig object

Figure 2.2 Visual comparison of results obtained by modeling partial object point clouds
with our method (left) and the one by Vezzani et al. (right). The superquadric obtained for
(a) is very similar between methods, since the object is a simple geometric shape. In the
case of (b) and (c), the 6D method by Vezzani et al. produces superquadrics that �t the point
cloud better, but intersect the surface the object is lying on. Although the plushie in (d)
with a single superquadric is impossible, we show the best superquadric �t obtained by both
methods.
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(a) Simulated grasping scenario with YCB Pudding Box.

(b) Simulated scenario with YCB Mustard Bottle.

Figure 2.3 The superquadric cardinal point grasp planning approach deployed in a tabletop
scenario simulated in Gazebo. The test objects are meshes from the YCB object set. The
snapshots show the left eye view of the object, the superquadric computed from the partial
view (faint green) and the feasible grasps (approach directions marked as arrows). Red and
blue arrows indicate candidate grasps for the left and right hand respectively. Grasps that
would cause a collision with the table surface are �ltered out of the candidate list.
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2.2.3 Cardinal point grasp planning

Once the incomplete point setP has been modeled as a superquadric, we wish to determine

the best end effector pose for the robot to reach and grasp the object. The motivation for

choosing to plan for power grasps (i.e. only the pose of the TCP is speci�ed) instead of

precision grasps (i.e. the location of every contact with the object is speci�ed) is mainly

twofold:

• the proposed approach was originally designed for humanoids, underactuated hands.

Since not every joint can be directly controlled, with this type of hands it is usually

preferrable to perform grasps by planning for the pose of the palm and then closing

the �ngers starting from an initial (pregrasp) con�guration. This way, the �ngers can

naturally adapt to the object shape due to their mechanical design

• planning for precision grasps requires an accurate estimation of the object surface in

order to detect contact points. Since superquadrics are approximated representations of

objects and lack the power to model both asymmetry and details, planning for contacts

on such surfaces might not lead to actual contacts on the object.

During our experience acquired by reproducing and testing the superquadric grasp

planning approach proposed by Vezzani et al. on the iCub humanoid robot, we observed that

for common household objects the algorithm would most of the time plan for grasps either

on the top or the sides of the object. Moreover, the approach did not take into the account

whether the pose was reachable by the hand, and this would cause failures. According to

these observations, we propose a grasp planning algorithm that generates a number of top

and side candidate grasps around the superquadric and then ranks them according to a cost

function that takes into account the robot workspace.

Candidate grasp pose generation Given a superquadric parametrized by the setl , our

approach generates grasp candidates in a narrowed search space for position and orientation:

• the position of the TCP is constrained to the cardinal points of the superquadric, so

that the palm touches the surface. See Figure 2.4 for a representation of the iCub hand

and its TCP reference frame. We de�ne ascardinal pointsthe intersections between

the superquadric surface and its main axes (Figure 2.5)

• the TCP orientation is constrained so that each pose axis is parallel to one superquadric

axis, with thegx axis pointing towards the superquadric center. This way, the surface

of the palm is in contact with the superquadric surface with no collision



2.2 Methodology 20

• side grasps are constrained to having the thumb always point upwards.

Algorithm 1 Grasp pose candidate generation

Input:
Centersc of the superquadric, unit vectors for the superquadric axesf ~ax;~ay;~azg, size
f sx;sy;szg of the superquadric, maximum hand aperturewhand, table surface heightzt

Output:
Grasp candidate setSg
Grasp posegi = f Ri ;Tig 2 Sg

1: procedure GENERATEGRASPS(l )
2: Sg = /0
3: Sgx  f ~ax;~ay; � ~ax; � ~ayg . gx;gy search spaces
4: Sgy  f ~ax;~ay;~az; � ~ax; � ~ay; � ~azg
5: for ~gi;x 2 Sgx do
6: for ~gi;y 2 Sgy do
7: ~gi;z  ~gi;x � ~gi;y
8: Ti  sc � sz ~gi;z
9: Ri  [gi;x gi;y gi;z]

10: if ISGRASPFEASIBLE(Ri ) then
11: Sg  OFFSET(Ri ;Ti )

12: return Sg

13: procedure ISGRASPFEASIBLE(R, T)
14: if ISOBJECTGRASPABLE(sx;sy;sz) then
15: if sc � Tz > zt then . make sure grasps are over the table surface
16: return true
17: return false
18: procedure ISOBJECTGRASPABLE(R;sx;sy;sz)
19: if gx k ax and whand > 2sx then
20: return true
21: if gx k ay and whand > 2sy then
22: return true
23: if gx k az and whand > 2sz then
24: return true
25: return false

Grasp poses are generated as detailed in Algorithm 1, and are represented as homogeneous

transformationsgi = (
Ri Ti

0 1
) linking the robot palm TCP to the root frame. In Operation 18,

pose candidates are rejected if the cross section of the superquadric, is larger than the

distance between the middle �ngertip and the thumb �ngertip in pregrasp position (i.e. thumb
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Figure 2.4 The TCP (Tool Center Point) of the iCub hand lies on the palm. Thegx axis is
represented in red,gy in green andgz in blue.

perpendicular to the palm and open �ngers). In Operation 11, the pose is rotated around the

wrist pitch to avoid collision between the thumb and the object during approach.

Pose ranking Thei-th candidate grasp pose generated on the superquadric cardinal points

is then ranked according to a cost function, and the best candidate is sent to the robot for

execution. The metricJi accounts for two contributions, weighted by the parameterw: how

reachable the candidate is by the robot TCP (Ji;1) and the hand geometry with respect to the

computed superquadric (Ji;2)

8
>>><

>>>:

Ji;1 = jj õi sinq̃jj

Ji;2 = 1� shand
max(sx;sy;sz)

Ji = wJi;1 + ( 1� w)Ji;2 w 2 [0;1]

(2.4)

wheref õi ; q̃g is the axis angle representation ofRiR̂T
i , Ri is the target grasp orientation andR̂

is the hand orientation that the robot can actually reach (according to the inverse kinematics

solver) with respect to the root reference frame.shand is the size of the superquadric axis that
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Figure 2.5 Cardinal points are de�ned as the intersection between the superquadric axes
and its surface. The axes are here depicted as black lines, and the visible cardinal points are
represented as blue solid dots.

lies in the direction of the �ngers (handx axis). The parameterw weighs the two components

of Ji, whereJi;1 accounts for the orientation accuracy andJi;2 favors grasps around the

smallest side of the superquadric. Candidates that would bring the hand geometry in collision

with the table surface are removed from the candidate list. In case of dual arm grasping, a full

list of candidates is generated for each arm and for each cardinal point either the left-handed

or right-handed candidate is selected, according to the cost function 2.4. Figure 2.3 shows

examples of grasps generated and ranked with this method in a simulated environment.

2.3 Experimental setup

While our proposed approach can be adapted to any robotic setup that features any kind of 3D

vision system and a manipulator with a prehensile end effector (e.g. gripper or multi�ngered

hand), we chose the iCub humanoid robot as a test platform.

2.3.1 Robot hardware: the iCub robot as manipulator

The iCub humanoid robot is an open source research platform [71] designed around the size

and appearance of a child. While it features 53 degrees of freedom in total, only 41 of these

are considered in the scope of its work, since the base of the torso is supposed to be �xed.

Figure 2.6 shows a visual overview of the kinematic structure of the robot. The components

that are most relevant to this work (i.e. the vision system and the multi�ngered hands) are

brie�y reviewed in the following.
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The iCub oculomotor system. The vision system of iCub consists in a stereo camera rig

built in the robot head, equipped with a color camera (resolution up to 640x480) in each

eye. This setup consists of 3 actuated DoF in the robot neck to grant roll, pitch and yaw

capabilities to the head, and 3 actuated DoF in order to model the human oculomotor system

(tilt, version and vergence). The iCub software library includes a gaze controller [96] that

controls the head and eyes joints to �xate on a given point in cartesian coordinates in the

robot reference frame. In order to obtain 3D vision capabilities, the eyes vergence is �xed

and the camera extrinsics are calibrated in order to enable the use of well-established stereo

matching techniques [34] to compute a disparity map. This can be further processed to obtain

a depth map and a 3D color point cloud of the scene in front of the robot.

The iCub multi�ngered hand. iCub is equipped with a 5-�ngered hand whose kinematic

structure and actuation is inspired to the human physiology (Figure 2.4). Mechanically, all

the �ngers consist in 3 phalanges (proximal, middle, distal) but are actuated differently. The

thumb, index and middle �nger have an actuated proximal joint while the middle and distal

joints are actuated by the same motor (underactuated). The ring and little �nger are actuated

by a single motor. The thumb is opposable and the other �ngers have an abduction mechanism

that spreads them apart. In total, each hand has 9 degrees of freedom and the capability to

conform its shape to objects while grasping thanks to the underactuation. Although the torque

of the motors actuating the �nger motion can be measured and controlled, the torque of the

underactuated joints cannot be measured directly and is therefore estimated by modeling the

elastic behaviour with a SVM-based method.

2.3.2 Grasping pipeline

In this Section, we describe the main functional blocks of the complete pipeline that was set

up in order to test the superquadric cardinal point grasp planner proposed in the previous

sections. Figure 2.7 shows the functional blocks of the pipeline and the information �ow

between them. In order to maximize reusability of the software, the grasping pipeline was

developed as an integral part of the Interactive Object Learning (IOL) framework1, therefore

the stereo matching, 2D segmentation, object database and kinematic solver are part of it and

have not been implemented as a part of this work.

1http://robotology.github.io/iol
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Figure 2.6 Kinematic structure of the iCub humanoid robot. In this work, the legs of the
robot are not used and the torso is to be considered �xed to the workbench. The torso (3
DoF) is highlighted in orange, the arms (7 DoF each) in purple and the head and eyes (6
DoF) in blue. Each hand features 9 DoF (the kinematic structure is omitted from this image).
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Point cloud
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Figure 2.7 Function block representation of the complete grasping pipeline that integrates the
superquadric cardinal point grasping approach outlined in this chapter and the iCub system.
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Stereo matching. As explained in Section 2.3, the eyes of the iCub can perform tilt, version

and vergence movements. For these grasping experiments, the vergence is �xed at 5 degrees

(the robot gaze is supposed to �xate on points that are about 50 cm in front of it) and the

extrinsics of the stereo setup are computed with a checkerboard pattern. Both cameras

acquire 320x240 stereo images, and a disparity map is computed. The knowledge of the

camera intrinsics allows to obtain a depth map and point cloud of the scene in front of the

robot.

2D segmentation. The target scenario simply involves a tabletop surface with isolated

objects on top of it, with no clutter. Since performing an accurate 3D segmentation on the

point cloud obtained from the iCub stereo rig is infeasible (the stereo matching algorithm

does not behave well on low-texture objects like the tabletop surface at our disposal), we use

a simple texture-based 2D segmentation approach to segment object binary objects. It uses

Local Binary Patterns [79] to extract 2D texture features from the scene in order to obtain a

description of it in terms of texture areas. This information is then processed with a graph

cut algorithm to extract isolated object blobs. We used the implementation of this procedure

present in the iCub software library in the form of thelbpExtractsoftware package2.

Object name database. The IOL pipeline automatically keeps track of segmented objects,

their type (obtained through a classi�er) and location in the robot workspace through an

object database. If a number of different objects are scattered on the table in front of the

robot, the robot can be prompted to �xate its attention on any one of them, selecting the

corresponding segmentation mask and triggering the modeling and grasping action on the

partial point cloud obtained this way. This is the only interaction required to the user by

the grasping pipeline. Figure 2.9 shows an example of how the user input triggers a grasp

planning action.

Point cloud segmentation. In order to obtain a partial, single view point cloud of the target

object, the binary mask obtained from the segmentation stage is superimposed to the depth

map. The point cloud is then computed using the intrinsic parameters of the stereo cameras.

Superquadric and grasp pose computation. Since the segmentation is performed on the

camera RGB image instead of directly on the partial point cloud, the partial object point

cloud can have outliers. In fact, there is no guarantee that pixels that are contiguous in the

2http://robotology.github.io/segmentation
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2D image will be close (i.e. their Euclidean distance in the 3D space is small) to each other

in the 3D space of the point cloud. For instance, a few pixels belonging to the table surface

or to another object could be included in the binary object because of a small segmentation

error. Since the cost function in Equation 2.4 does not account for the possibility of outliers,

the resulting superquadric is often very deformed (Figure 2.8). To avoid this, our method

introduces an outlier rejection stage based on DBSCAN [32], a popular density based spatial

clustering algorithm, before the optimization process. An optional random sampling is also

performed to reduce the cardinality of the point cloud if necessary. After this preprocessing

stage, the segmented point cloud is fed as input to the superquadric modeling stage and the

best grasp pose is obtained. The procedure is described in detail in Section 2.2.

(a) (b)

Figure 2.8 The superquadric modeling formulated in Equation 2.4 is not robust to outliers.
In (a), the superquadric is deformed by the optimization process to include 8 outliers. In (b),
outliers are �ltered with DBSCAN.

Kinematic solver. The grasps, superquadrics and point clouds are expressed in the task

reference frame. The iCub software library features a cartesian controller [85] that is used to

solve the inverse kinematics in order to obtain the joint space con�guration of an end effector

pose in the 6D task space and to plan for minimum jerk motion trajectories. This software

module is prompted by the grasp planner in order to solve the kinematics for a candidate

TCP grasp pose (without moving the arm) and return the pose that would be reached if the

motion were to be executed. In order to maximize the workspace and dexterity of the robot,

we use all the joints in the torso, arms and wrists.
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Grasp pose. Once the best grasp is selected, the robot reaches it and closes its hand around

the object, using all the hand �ngers and joints. The �ngers are actuated by setting the joint

targets corresponding to the fully closed hand. Each joint stops and maintains its position

when a threshold torque value is reached. This allows a proper power grasping motion,

allowing the robot hand to conform to the object.

2.4 Results and discussion

In this section we present and discuss the results of our experimental evaluation of the

aforementioned grasping pipeline. Using a set of common household objects and toys (see

Figure 2.10) we test

• the stability and computation time of the proposed superquadric �tting method

• the performance of the pipeline, evaluated with grasping experiments on the iCub

humanoid robot.

In both cases, results are compared to those obtained with the method proposed proposed

by Vezzani et al. [120].

2.4.1 Performance of the superquadric �tting method

Our approach shares with the one by Vezzani et al. the software package used in the imple-

mentation, as well as the cost function and a similar superquadric parametrization. The main

differences between the methods are in the way the superquadric pose is parametrized; we

constrain the superquadric to have thez axis perpendicular to the table surface, while the

approach by Vezzani et al. uses a full 6 DoF pose. The way the optimization is solved is

also different, since our approach takes advantage of analytical gradient of the cost function

(Equation 2.4) instead of using a �nite differences approach. We acquire 50 partial point

clouds for each evaluated object and run the superquadric �tting process for each method.

In Table 2.1 we report the �nal value of the cost function, together with a measure of the

computation time. Both approaches are evaluted on the same machine.

2.4.2 Performance of the grasping pipeline

We also tested the overall performance of our grasp planning pipeline against the one

proposed by Vezzani et al.. Each object in Figure 2.10 was positioned on a table surface in
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Object
Final optimization error Computation time (s)
Ours Vezzani et al. Ours Vezzani et al.

Mean s Mean s Mean s Mean s

Box 0.032 0:011 0:085 0:049 0:126 0:035 0.105 0:025
Toy Car 0:127 0:050 0.038 0:008 0:154 0:055 0.101 0:020
Soap Dispenser 0:078 0:082 0.057 0:035 0:212 0:055 0.163 0:056
Teddy Bear 0:110 0:011 0.102 0:017 0:211 0:038 0.152 0:030
Soda Can 0.038 0:010 0:054 0:018 0:162 0:028 0.112 0:034

Table 2.1 Comparative results of two different superquadric modeling strategies. The opti-
mization error refers to how much the computed superquadric �ts the point cloud, according
to Equation 2.3. A smaller error indicates a better �t. For each object, 50 partial point clouds
were acquired and processed.

front of the robot in a natural pose and the system was prompted for a grasp action. For each

object, 10 grasps were performed and each grasp was considered valid only if the robot could

grasp the object steadily enough to lift it off the table surface and maintain the grasp for 10

seconds. Performance for both methods is reported in Table 2.2.

2.4.3 Results discussion

As far as the superquadric modeling stage is concerned (Table 2.1), there seems to be little

difference between the performance of optimization residual error between our method and

the one proposed by Vezzani et al.. Unintuitively, despite taking advantage of the analytical

gradient our method would seem to be slower in terms of computation time with respect to

simply using a �nite differences approximation to compute the gradient of the cost function

in each iteration of the optimizer. This is mostly due to the analytical gradient of the complete

cost function being more expensive to compute with respect to the gradient computed through

�nite differences. Nonetheless, we observed the outcome of the optimization to be more

stable with respect to the random sampling of the point cloud being fed into the process.

In terms of overall grasping performance, however, there are some observable differences

(Table 2.2) between the two approaches. While the success rate is solid for both approaches

for the majority of objects, the constraints imposed on the modeling of the superquadric

in our approach make a difference for some objects (e.g. Teddy Bear, Cup, Ball). In these

occurrences, the superquadric shapes found by the approach by Vezzani et al. compenetrate

the table surface and only approximate well the observable part of the object. In two instances,
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Object Ours Vezzani et al.

Cylinder 100% 100%
Teddy Bear 100% 80%
Octopus 100% 90%
Juice bottle 90% 100%
Soda can 90% 90%
Cup 60% 40%
Soap Dispenser 90% 80%
Box 1 100% 100%
Box 2 90% 100%
Box 3 100% 100%
Sponge 70% 60%
Cube 100% 100%
Ball 80% 60%
Small Toy Car 70% 50%
Toy Car 80% 70%

Table 2.2 Grasping test results for the tabletop scenario on the iCub robot. For each object,
10 grasps were executed. A grasp is considered valid only if the object can be lifted off the
tabletop surface and the grasp is maintained for 10 seconds.

this caused the robot hand to collide with the table while reaching for the target pose. By

de�nition of the superquadric constraints, this does not happen in our method. Moreover,

including a reachability component in the way our method ranks grasps (Equation 2.4) is a

simple and effective way to �lter out grasps that are out of the robot workspace or that can

only be reached with unacceptable precision by the robot end effector.

In conclusion, testing the pipelines on the iCub robot shows that our approach is better

suited to tackle the grasping problem in the target scenario. The constraints imposed on

the superquadric in the modeling stage and on the grasp candidates in the grasp planning

stage pair well with the simple structure of the task (single object, natural poses, tabletop

setting). The tradeoff between computation time and stability of the obtained superquadrics

is acceptable, since the scenario does not involve a time-critical aspect. However, the method

proposed by Vezzani et al. would perform better in a more complex scene, for instance if the

scene were cluttered and the objects were piled together (and therefore lying in a pose that

might not be upright), since this would violate the assumptions we leverage in our method to

obtain a more reliable object modeling. Finally, this method would be more suitable with
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respect to ours if a higher rate of superquadric modeling were application-critical (e.g. a

moving conveyor belt, or a �ying object that needs to be tracked).

2.5 Applications and dissemination

Integration in the IOL toolbox Our approach to superquadric grasp planning was devel-

oped in order to provide the iCub robot ecosystem with a relatively simple and easy to debug

grasping pipeline that could be used without prior knowledge of the 3D models of the objects

to grasp. In this sense, constraining the modeling of the objects in the scene was a deliberate

choice in the attempt to obtain a robust pipeline to be deployed in a well-de�ned scenario. In

fact, the target scenario of this pipeline (tabletop surface, isolated objects, simple household

objects) coincides with the target scenario of the IOL (Interactive Object Learning) toolbox

for iCub. The implementations of the superquadric �tting module3 and the cardinal point

grasp planner4 are currently part of the IOL suite of open source modules, and are used as a

standard grasping action.

The iCub grasping sandbox For its simplicity and interpretability, the superquadric cardi-

nal points grasp planner was chosen as an example approach for the Gazebo iCub Grasping

Sandbox [86]. Figure 2.3 shows a snapshot of the Gazebo simulated grasping demo.

2.5.1 Integration in the HRI framework

We proposed our superquadric grasp planner as a building block of the Human Robot

Interaction (HRI) proposed by Nguyen et al. [78]. Such framework draws elements of both

physical and social HRI (pHRI and sHRI, respectively) and integrates them in a single control

system. The features of such a system can be brie�y summarized as follows:

• a human-centered visual perception system that employs human keypoint estimation

to map the space occupancy of the user in the robot workspace

• a Peripersonal Space representation

• a visuo-tactile reactive controller that allows the robot to safely react in both pre- and

post-collision phases by combining visual information about the state of the human

with tactile and skin sensor measurements
3https://github.com/robotology/�nd-superquadric
4https://github.com/robotology/cardinal-points-grasp
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• a simple symbolic “storage” of information about entities (humans, objects, tools) the

robot interacts with

• a simple behavior model supporting social interaction.

The architecture of the framework is shown in Figure 2.11. In the paper, the authors show the

effectiveness of the framework by having the robot perform simple tasks that involve social

and physical collaboration with a human partner. The experimental setup for such tasks is

shown in Figure 2.12. The tasks involve safe human-robot and robot-human object handover,

in which the robot is asked either to look for an object on a tabletop, grasp it and hand it

to the partner or, vice-versa, receive an object from the human and place it on the tabletop

surface for later use. In the context of this work, our proposed pipeline was successfully used

to pick up objects in the robot-human handover task.
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(a) (b)

(c) (d)

Figure 2.9 In our target scenario, the robot is put in front of a number of different objects. In
(a), object detection performed within camera frames from the left eye of the robot. When
iCub is prompted to grasp the Cube object, it focuses its attention on the target (if present)
and the segmented point cloud is acquired. In (b) the computed superquadric is superimposed
for visualization purposes to the object point cloud, and the best grasp pose is selected among
candidates for the Box object (c). The candidate grasp poses are drawn as TCP reference
frames (recall Figure 2.4 for a visual speci�cation of the TCP with respect to the iCub hand),
and each pose is associated to its cost function. In the case of the box, the best feasible grasp
is a top grasp (denoted with a green cost function in (c)), and the robot executes it without
issues (d).
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Figure 2.10 Common household objects used in the experimental evaluation of the su-
perquadric cardinal grasp planning pipeline.

Figure 2.11 Overview of the HRI framework proposed in [78]. At the physical level,
perception includes vision and touch. Low-level motor control allows specifying the position
trajectories of the joints exploiting a combination of pressure (from the tactile sensors)
and force information (from a number of 6-axis force-torque sensors located on the robot
structure) as additional feedback. The sensorimotor layer transforms raw sensory data into
symbolic tokens (e.g. object identities, posture, 3D shape, human body posture, etc.) that can
be easily stored into the “object property collector” database. This symbolic knowledge is
used to control action, as for example to avoid contacts rather than to grasp objects, through
reasoning modules (i.e. PPS, object point cloud, pHRI controller, and grasp pose planner).
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Figure 2.12 The Human Robot Collaboration (HRC) experimental setup for [78]. The
human is sitting next toTable 1while the iCub is located nearTable 2, effectively sharing the
workspace.



Chapter 3

Fast synthethic dataset generation for

instance detection and segmentation

Object localization is a fundamental component in the cognitive architecture of any robotic

system that is meant to interact with environments that are not entirely and precisely struc-

tured. Vision-based robot manipulation systems, as de�ned in the Introduction, are no

different. From industrial manipulators working in pick and place or assembly work cells to

service robots looking around an environment for a speci�c object, object localization is the

means through which they acquire the manipulation target and visually separate it from the

surrounding world.

Regardless of whether the vision system provides the robot with 2D, 2.5D or 3D informa-

tion about the environment, depending on the task and requirements the object localization

problem (according to the taxonomy by [27]) can be declined as one of the following:

• Object localization without classi�cation when the task consists in �nding the loca-

tion of target objects without explicitly detecting their category

• Object detection when the task consists in �nding the bounding box (in 2D) or

bounding volume (in 3D) while also inferring information about the object category

• Object instance segmentationwhen the task consists in detecting objects and attribut-

ing to each instance the pixels or points belonging to it, separating them from the

environment.

In Chapter 1, we have shown how we employ instance segmentation to acquire an object

point cloud from the scene (Figure 2.7) and �t a superquadric shape on it to then plan for

grasps. In that case, performing instance segmentation on the point cloud was unfeasible
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due to the noisy depth map estimation of the background and we solved the problem by

segmenting object blobs in 2D. As explained in Section 2.3, we make use of the IOL

segmentation tools to perform this step. However, this method exploit bottom-up information

and is therefore viable as long as the objects in the scene do not occlude each other, i.e.

their 2D outlines do not touch. This tool determines object bounding boxes according to the

segmented blobs, and each blob is then classi�ed. If the object outlines touch, as it happens

in cluttered scenarios, this method fails (as shown in detail in Figure 3.1).

Since visually cluttered scenarios are a target of this thesis work, the limitations of the IOL

(Interactive Object Learning suite1) segmentation capabilities had to be overcome. In the �rst

part of this Chapter, we show how we use a popular deep learning architecture for instance

segmentation to tackle this problem. These approaches outperform classical techniques for

object segmentation, because they can succesfully encode semantic information related to

the objects to deal with occlusions.

Deep learning methods, although powerful and scalable, are well-known to be especially

data-hungry with respect to other machine learning techniques. In the case of 2D object

segmentation, the annotations typically require bounding boxes information (for the object

detection task) and pixel-wise binary masks for each bounding box (for the segmentation

task). Although adding objects to an already existing dataset is a time-consuming and tedious

task, in robotics manipulation research it is a pretty common occurrence. While the usage of

synthetic rendered image datasets is an increasingly popular solution to this problem since

it automatically provides both RGB data and ground truth, large-scale rendering of tens of

thousands of images is not always feasible both in terms of hardware and time requirements.

The purpose of the work contained in this Chapter is to produce a highly versatile and

reusable tool that can be used as an enhanced instance segmentation tool in the IOL suite. In

particular, the feature of such tools are

• provide 2D instance segmentation capabilities in cluttered scenes

• the instance segmentation architecture must be modular in order to facilitate further

research and improvements

• provide a way to quickly generate new synthetic annotated datasets when objects are

added or removed from experiments

• when a new dataset is produced, the instance segmentation model must be quickly

�ne-tunable on it.
1https://github.com/robotology/iol
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(a) LBP-based instance segmentation of isolated objects.

(b) LBP-based instance segmentation of occluded objects.

Figure 3.1 2D instance detection using the IOL toolbox with the LBP segmentation tool. The
detection works correctly if the objects are isolated as is shown in (a). If the object outlines
touch each other, the heap of objects is segmented as a single instance and detection fails as
shown in (b).

In Section 3.1 we give a brief overview of state of the art methods for instance segmen-

tation and automated dataset generation for the task. Then, we describe our approach in

producing a tool with the aforementioned features (Section 3.2) by combining the Mask

R-CNN architecture [45] with a fast synthetic dataset generation method [30] and proceed

to describe experimental results to validate its effectiveness (Section 3.3). We then show

some applications of the instance segmentation tool in the context of robotic applications

and published work (Section 3.4) and, �nally, make some remarks and give some pointers

for further research.

3.1 Related work

Before detailing our approach to the problem of quick dataset generation for instance

segmentation, we make a brief introduction to the state of the art on object segmentation

3.1.1 and synthetic dataset generation 3.1.2.
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3.1.1 Object segmentation methods

In general, the termobject segmentationis used to refer to the task of labelling the pixels

belonging to some object class within an image (or points in a point cloud). However,

this is a very broad term and in order to avoid confusion the computer vision and robot

vision community typically distinguish between thesemantic segmentationandinstance

segmentationtasks.Semantic segmentationaims to classify each pixelpi according to to a

setSof classes, that can either be binary [89] or include a number of objects, without caring

for speci�c instances. In latest years, the problem has been tackled countless times with

a wide landscape of architectures [40, 51] that include fully convolutional neural network.

These methods have been steadily rising in popularity thanks to the possible applications in

autonomous vehicles and robotics.Instance segmentationinstead aims to �nd the pixelspi

belonging to different objects, accounting for different instances of the same object. The

current state of the art methods for instance segmentation typically fall in one of three

families, that are outlined in the following.

Region-based methods. Broadly speaking, these feature a two-stage approach: while the

�rst stage is tasked with analyzing the input image and �nding locations that might contain

objects, typically referred to as RoI (Region of Interest), the purpose of the second stage is to

establish, for each RoI, whether an object is present in the RoI at all and which pixels of the

RoI belong to it. Different approaches might output additional information for each RoI, e.g.

the object class most likely contained in the region. A landmark of the region-based methods

is Mask R-CNN [45], whose output for a given image consists in a list of bounding boxes, the

object class detected in each bounding box, and a binary segmentation mask that indicates

pixel-wise foreground/background classi�cation within the bounding box. This architecture

is explained in more detailed in Section 3.2.1. Other approaches [23, 54] tackle the problem

in a similar way, although in these works the detection phase is performed after computing

the segmentation masks instead of in parallel (i.e. what happens with Mask R-CNN).

Pixel-based approaches. The common denominator of these methods is the formulation

and de�nition of an "auxiliary" information metric, computed for each pixel. After the metric

has been computed for every pixel in the input image, clustering algorithms are typically

used to gather pixels into object instances based on the distribution of such values. The works

by Bai and Urtasun and Wolf et al. [3, 124], for instance, combine the watershed transform

with a learned "energy �eld" pixel-wise metric to produce an energy map of the input image,

the intuition being that local minima in such a distribution correspond to object instances.
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Snake methods. These methods propose to progressively improve an initial, coarse esti-

mation of the object boundaries by optimizing an energy metric with respect to the contour

coordinates. An example of this class of methods is the work by Ling et al. [58], where a

graph convolutional neural network is employed to predict vertex-wise offsets for progressive

contour deformation.

3.1.2 Synthetic dataset generation for object detection and segmenta-

tion

Learning the parameters of complex models such as the ones mentioned in Section 3.1.1

requires massive amounts of annotated data. This quickly becomes expensive and impractical,

driving the effort either towards datasets that are either small and very task-focused (e.g.

YCB-Video [128], used for pose estimation of 21 objects) or large and more generalist

(e.g. MS COCO [57] or Pascal VOC [33]). Producing images through rendering is a well-

established solution for the dataset creation problem, as it alleviates the cost of manually

gathering and annotating vast amounts of examples. Generally speaking, we can distinguish

between approaches that produce images by either applying rendered object images on real

background images or vice versa [87, 80, 75] and approaches that render the entire scene

[94, 43, 36, 101]. Although the giant leaps made in the �elds of GPU rendering, hardware

architectures and computer graphics have made possible photorealistic scene and object

renders [101], these methods are still expensive in terms of time and demanding in terms of

computational resources.

In some instances, e.g. in robotics and manipulation research, target objects change

frequently according to the task being tackled, and the aforementioned object detection and

segmentation methods, if present, must to be retrained. In such context, since the purpose of

the research is not to advance the object detection �eld, it is preferrable to quickly generate a

dataset containing a reduced number of objects in order to train a small model with respect

to generating a massive dataset containing a comprehensive amount of objects (e.g. all the

77 YCB [14] objects) in order to train a large model. The Cut, Paste and Learn approach

[30] �ts the role of a fast dataset generator, since it proposes to synthesize dataset images

by applying existing objects cropped from real images on a number of backgrounds. While

this approach might seem naive, the authors demonstrate that it constitutes a feasible way to

augment or create brand new datasets for object detection. In Section 3.2.2 we show that this

intuition holds validity for the instance segmentation task as well.
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3.2 Methodology

The �rst part of this section is dedicated to a brief recall of the inner workings of the Mask

R-CNN instance segmentation architecture [45] and the Cut, Paste and Learn method [30].

The last part of the section is dedicated to the description of how we used and adapted these

building blocks to obtain our versatile instance segmentation tool for robotics.

3.2.1 Mask R-CNN

Mask R-CNN [45] is a deep instance segmentation framework that shares the general two-

stage structure of its predecessor Faster R-CNN [93], published by the same research group.

Both are aimed at detecting objects in images, with the former extending the functionality to

instance segmentation.

The acronym R-CNN stands forRegion-based Convolutional Neural Network, which

suggests the two-stage nature of the approaches. Both Mask R-CNN and Faster R-CNN

employ

• a �rst stage aimed at scanning the image, extracting features and proposing region

proposals, i.e. box-bound portions of the image where objects are very likely to be

found. This stage is aptly namedRegion Proposal Stage

• a second stage, aimed at re�ning the region proposals and classifying the content

(object detection). Mask R-CNN also outputs a binary segmentation for the object

contained in each box.

The Mask R-CNN architecture, depicted in Figure 3.2, can be functionally divided in

four modules.

Network backbone. The termbackbonetypically refers to the CNN architecture used to

extract features from the input. Agarwal et al. [2] provides more insight on the nature of the

term, and how different architectures can share a backbone. As typical with CNNs, the lower

layers (i.e. closest to the input) extract low-level features such as edges, corners, and color

gradients, while the higher layers combine them in more expressive and complex features. In

the original proposal, the authors use ResNet-101 as backbone.

Region Proposal Network (RPN). The RPN is a lightweight network that uses the features

produced by the backbone to �nd rectangles that are likely to contain objects. Although



3.2 Methodology 41

different types of RPN exist, Mask R-CNN inherits its region proposal method from the

Faster R-CNN architecture. Brie�y, the RPN here scans the feature maps in a very large

number of rectangular boxes with different size and aspect ratios. The scanned regions are

determined by sliding each box over the feature maps with different strides, in order to cover

as much of the image as possible with their receptive �elds2. The output of the RPN is a list

of bounding boxes where objects are likely to be found.

Bounding box regressor and classi�er. The feature maps are then cropped according to

the candidate regions and further processed in order to perform classi�cation, i.e. establishing

the type of the detected object, and regression of the minimal bounding box containing it.

Since classi�ers typically operate on a �xed input size, Mask R-CNN introduces an operation

called ROIAlign to accurately crop feature maps and �t their size and shape to the classi�er

input. The Mask R-CNN classi�er uses a softmax function to determine the likelihood of

each dataset class plus a background class. The candidate region is discarded if it is classi�ed

as background.

Object segmentation. The main addition of Mask R-CNN over Faster R-CNN is the seg-

mentation stage, outputting a binary mask to indicate which pixels of the image contained in

each bounding box belong to the object and which belong to the background. Similarly to

the classi�cation module, the feature maps are cropped according to the candidate regions

proposed by the RPN and resized to a �xed size (e.g. 28x28). The segmentation stage

is essentially a fully convolutional network that outputs, for each pixel in the region, the

likelihood of that pixel belonging to the foreground. The segmentation mask is then scaled

back to the size of the bounding box.

Beyond its performance with respect to state of the art competitors, Mask R-CNN

has some features that make it particularly interesting to our use case. First of all, the

segmentation is class-agnostic, i.e. there is only one segmentation CNN for all object classes.

This allows the bounding box regression, classi�cation and segmentation tasks to happen in

parallel, with a gain in performance, but most importantly it means that for small changes in

the task and dataset we can effectively retrain only the classi�cation and regression branches.

Another important feature of Mask R-CNN is its modular structure, meaning every module

can be swapped out with a different implementation of the same approach or even with a

2In deep learning literature, the region of an input that in�uences the activation value of a neuron is called
receptive �eld. In CNNs, a high-level feature element typically has a large receptive �eld in the input image due
to the convolutional nature of the architectures. Refer to Dumoulin and Visin [28] for an in-depth explanation.
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Figure 3.2 The Mask R-CNN architecture for instance segmentation.

different approach (provided the inputs and outputs remain coherent). This is in line with

the aim of the work presented in this Chapter, i.e. to provide a platform that can be quickly

adapted to different tasks or object sets and that allows for iterating on the design of one or

more modules without the need to reimplement the whole architecture.

3.2.2 Cut, Paste, and Learn

Cut, Paste and Learn [30] (abbreviated from now on as CPL) is a method to quickly create

or augment existing annotated datasets with custom objects in a way that does not hinder

the performance of models trained on them. The problem the authors originally wanted to

tackle was to augment existing datasets with particular instances of objects. For instance, the

MS COCO dataset for object detection and segmentation features aBottleclass, but it is not

annotated to distinguish between different bottle shapes, or soda brands. CPL would allow to

augment MS COCO with speci�c bottle instances, each to be detected as a different class.

The proposed approach consists in what the name suggests:

• cut object shapes (calledpatchesin the paper) from BigBIRD [104] dataset images.

For the same objects, images from different viewpoints are used. Objects are segmented

from the background using depth information or a simple fully convolutional neural

network (in the case of translucent objects, where the depth measurements would fail)
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Figure 3.3 Different blending modes used by the Cut, Paste and Learn method. Image
sourced from the paper by Dwibedi et al. [30].

• pastethe object patches on real kitchen backgrounds, applying augmentations such as

rotations, scaling and mirroring. To avoid creating boundary artifacts and jagged edges,

pasted patches are processed with a number of blending �lters. A number of different

blending modes are suggested by the authors to make the training more robust to such

artifacts, i.e. median blur, gaussian blur and Poisson blending [90]

• learn, i.e. train state of the art object detection algorithms (such as Faster R-CNN) on

these synthetically-augmented datasets.

The claim of the authors, demonstrated in the paper, is that as the borders of the patches

are not too different from the rest of the image, the datasets created this way perform

remarkably well in real scenes if compared to a human-annotated dataset when used to train

the same algorithm. Their key intuition is that state of the art object detection methods based

on CNNs do not focus on global features (e.g. physical feasibility of the object pose in the

scene, validity of perspective projection, etc) but on local features such as edges, object

texture and color gradients. In our work, we aimed to verify if this claim still stands when

instance segmentation architectures (i.e. Mask R-CNN) are trained on datasets generated or

augmented in a similar way.

3.2.3 Our contribution

We now present the details of our approach in modifying CPL to automatically generate

annotated datasets in order to train a Mask R-CNN model.
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Implementation of the Mask R-CNN architecture

We used the out of the box implementation of Mask R-CNN by Abdulla [1] as a starting

point. Even though it features some minor implementative differences with respect to the

paper, we found its documentation to be more user-friendly and its codebase easier to �t to

our needs with respect to the original, and at the time of working on this subject (January

2019) the Detectron2 [126] implementation was not yet public. The most relevant difference

in the Mask R-CNN architecture we used with respect to the paper by He et al. is that we

used a different backbone, preferring a FPN-enhanced ResNet50 [56] to a ResNet101. The

choice was made considering that in our �nal use case, i.e. live object instance detection

on robotic setups, a smaller and lighter backbone would allow faster inference times, and

therefore a higher detection rate, when deployed on robot hardware.

Objects and backgrounds

The authors of the CPL paper used the BigBIRD [104] as a dataset to extract object patches

from. The availability of physical YCB [14] objects in our laboratory steered us towards the

use of such dataset instead; in fact, both BigBIRD and YCB datasets come as a set of object

RGB-D images taken from many different viewpoints (the physical turntable and camera rig

used to acquire the data is very similar). The subset of YCB objects chosen for this work

matches the 21-class subset used in the YCB-Video dataset for pose estimation [128], since

such dataset comes with images annotated with bounding boxes and segmentation masks for

each object instance in a scene, and is therefore suitable for an architecture such as Mask

R-CNN. In order to construct our instance segmentation synthetic dataset, we use real images

from the YCB object set, as described in Section 3.2.3. For each of the 21 YCB-Video object

classes, we used 600 frames from all the viewpoints available in the YCB dataset, using 1

frame out of 10 consequent frames for the validation set. In total, we used 11361 object

images (with relative segmentation masks) to generate object patches for the training set and

1239 for the validation set. Some of these images are shown in Figure 3.4.

In order to provide backgrounds to populate with object patches, we gathered a dataset of

real rooms and desks in the lab premises. We shot 19 videos in order to obtain frames for

the training sets and 2 videos for the test set. The video frames were downsampled, keeping

1 out of 10 frames in order to eliminate visual similarity between consequent frames. This

procedure generated 5373 background frames for the training set and 544 frames for the test

set. Some sample background scenes can be seen in Figure 3.4.
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Dataset generation using CPL

Here we describe the process we used to generate custom datasets to train Mask R-CNN for

our custom task. We mainly follow the CPL method as described in the paper, with some

modi�cations to adapt it to our use case. For the sake of brevity, from this point onwards we

shall refer to this type of dataset with the termtabletop dataset.

Extracting object patches and segmentation masks.The YCB object set comes with

RGB-D images and a segmentation mask for each object, extracted from depth measurement.

Since depth maps can be noisy near the object base, we used basic image processing tools

(e.g. binary morphology tools) to remove small outliers in the segmentation masks. Since

RGB and binary maps have the same size, object patches can easily be cropped from RGB

images with such masks (Figure 3.4).

Adding objects to backgrounds. For each dataset image to create, a background scene

and a number of object patches are randomly selected, respecting the training/test data split.

Although the number of objects that end up in each dataset image is random and can be

given lower and upper bounds, we decided to paste between 3 and 5 object patches in each

image. This is to mirror the structure of the YCB-Video dataset, that features an average

of object instances per frame just below 4. The �rst difference between the CPL method

and our own is how the location of the patches is chosen when they are added to the image.

While in the CPL paper this is sampled from 2D uniform distribution, we sample from a 2D

Gaussian centered in the image center. This encourages dense scenes with a cluster of objects

around the center, which is exactly our target scenario. Another difference with respect to

the paper is that, since we need the segmentation masks in order to train Mask R-CNN, each

RGB imageIi entry in the tabletop dataset is accompanied by another, gray-scale imageMi

containing the segmentation masks. These are formed by pasting the segmentation mask of

each object patch on a black image, attributing to each instance a different grey value, even

if it refers to instances of the same object. In case of overlap between objects in the RGB

images, the corresponding masks also overlap accordingly. Figure 3.4 shows an example of

such composite segmentation image.

Patch augmentations. Just as in the paper, we apply scaling and rotation to object patches

before pasting them. Regarding scale, scaling up or down a patch too much results in

interpolation artifact, therefore our method differs from the one used in the paper. In order to

keep resolutions and sharpness consistent, we �rst scale the backgrounds in order to obtain a
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similar sharpness to the YCB RGB-D images. This is done by resampling the background

image. Only then, we apply a modi�er between 0.8 and 1.2 to the patch size and paste it on

the dataset image. Regarding rotation, we apply a random rotation sampled from a uniform

distribution2 [0;2p]. We also add a mirror augmentation to the patch with probability 0.5.

Handling occlusions. Since our target scenario involves cluttered object scenes, we allow

overlap between object patches (and relative segmentation masks). While the original CPL

method uses the Jaccard index3 of the object bounding boxes as a measure of occlusion

between objects, we use a custom occlusion metricJt that accounts for both bounding boxes

and segmentation masks. IfPi andPj are two overlapping patches, we de�ne such metric as

Jt(Pi ;Pj ) =
1
2

Abb(Pi) \ Abb(Pj )
Abb(Pi) [ Abb(Pj )

+
1
2

Am(Pi) \ Am(Pj )
Am(Pi) [ Am(Pj )

(3.1)

whereAbb(Pi) de�nes the area of the bounding box containing thei-th object patch and

Am(Pi) de�nes the area of the binary segmentation mask of thei-th patch. Both areas are

quanti�ed in pixels. For our experiments, we observedmax(Jt(Pi ;Pj )) = 0:3 for any two

patches(i; j) in a synthesized image produce a good level of occlusion.

The original CPT method adds in un-labeled distractor objects to train the detection in a

more robust manner. In our own observations, however, this does not seem to lead to relevant

improvement in performance. Besides, the tabletop cluttered scenes we aim to segment do

not contain any object that is not in the dataset. Hence, we do not add any distractors to our

images.

Blending modes. The original CPL method employs 4 blending modes:Gaussian blur,

motion blur, Poisson blendingandbox �ltering. We make no modi�cations to the blending

modes in our own work, and use them as the original authors intended. The blending is only

applied to the RGB data of the dataset images, as segmentation masks have no transparency

channel.

3.3 Experiments

We tested our approach by generating a tabletop database composed of 20K training images

and 2K test images. The parameters of the generator were tuned in order to produce images

resembling scenes from the target scenario:

3colloquially, the Jaccard index is also known as Intersection over Union, IoA.
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