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SUMMARY

The objective of the proposed thesis is to illustrate the idea of using synthetic data and
deep networks to recognize primitive shapes for facilitating object grasping. A segmentation-
based architecture is proposed to decompose objects into multiple primitive shapes from
monocular depth input for robotic manipulation. The backbone deep network is trained on
synthetic data with 6 classes of primitive shapes generated by a simulation engine. Each
primitive shape is designed with parametrized grasp families, permitting the pipeline to
identify multiple grasp candidates per shape region. The grasps are rank ordered, with the
rst feasible one chosen for execution. For task-free grasping of individual objects, the
method achieves a 96% success rate. For task-oriented grasping, it achieves an 82% suc-
cess rate. Overall, the method supports the hypothesis that shape primitives can support

task-free and task-relevant grasp prediction.



CHAPTER 1
INTRODUCTION AND BACKGROUND

1.1 Overview

Manipulation is a multi-step task consisting of sequential actions applied to an object, in-
cluding: perception, path planning, and closure of the gripper, followed by a task-relevant
motion with the grasped object [1]. Each step will introduce some errors which contributes
to the dif culty of successful grasping with high precision. Due to the diversity of objects
that a robotic arm could grasp, the grasping process remains an open problem in the eld
of robotics. Analytical or model-based approaches have trouble addressing this diversity.
Recent research has turned to deep learning as a robust means to score or detect grasps.

Deep learning is a data-driven approach typically requiring large datasets to recover the
desired input/output function, which for grasping is often an image/grasp pair (permitting
multiple grasps per image). Manual annotation for dataset creation tends to be limited in
volume [2], leading roboticists to exploit robotic simulators [3, 4] or actual deployment [5]
for automatic generation of training data. Many of these emphasize the grasp as opposed
to the object, with good reason as object-centric approaches would require creating 3D
models or scanning real objects in large volume [6, 7], and concomitantly require a high
accuracy detector. Instead, the deep networks aim to generalize across object classes to
establish general grasping rules from visual evidence. Implicitly, the deep network is to
learn the notion of shape within its internal feature representation.

This thesis proposes to complement that idea with a more geometric and explicitly
shape-centric approach by employing the notion of primitive shapes. Primitive shapes offer
a powerful means to alleviate the data inef ciency problem [8, 9, 10] by abstracting target

objects to primitive shapes withpriori known grasp con gurations. Most primitive shape



methods represent objects as a single shape from a small library [9, 11] or apply model-
based rules to deconstruct objects [8]. As a result, they do not handle novel shapes with
unmodeled geometry or being the union of primitive shapes.

Building from Yamanobeet al's model decomposition idea [8], this thesis aims to
permit a primitive shapes detector to generalize its grasp strategies to household objects.
The detector exploits the state-of-the-art instance segmentation deep network Mask R-CNN
[12] trained to segment a depth image according to the primitive shapes it contains. Then
shape pose and parameter are estimated to recover candidate grasp families associated to
the shape.

Synthetic ground truth data based on parametrized sets of primitive shape classes and
their grasp families avoids extensive manual annotation. The shape classes are suf ciently
representative of object parts associated to household objects yet low enough in cardinality
that grasp family modeling is quick. Domain randomization [10, 13] over the parametrized
shapes generates a rich set of ground truth input/output data based on a robotics simulation
engine [14]. The result is a large synthetic dataset composed of different primitive shapes
combinations, quantities, and layouts.

Modern robotics simulation engines [14, 15] render and simulate virtual environments
quite cleanly, often leading to sensor imagery with less defects than real sensors. Depth
sensor like the Kinect v1 loses details and introduces noise during the depth capture [16,
17], leading to a distribution shift or gap between the simulated data and depth sensor
output. The gap is addressed in a bi-directional manner by lightly corrupting the simulated
data and denoising the depth image data. The intent is to introduce real sensor artifacts that
cannot be removed in the simulated images, and to denoise the real images to match the
simulated images.

Household objects are very common in our daily life. Although they are of thousands
of different objects, for example, mug, pot or bottle, we assume that the combinations of

different primitive shapes could basically represent them. However, datasets with ne-



grained grasp labels are hard to nd. To tackle this problem, we propose an automated
ground truth generation strategy to rapidly generate input/output data for training. It uses
6 classes of primitive shapes in concert with a robotics simulation engine and domain ran-
domization. Our segmentation-based pipeline enables a robotic arm with depth camera to
identify primitive shapes parts within the scene, extract shape pose and parameters by a fast
and robust shape tting method, and select grasp from grasp family via proposed ranking
algorithm. Experimental testing and evaluation of grasping accuracy using a 7dof robotic
arm + depth sensor setup validate our hypothesis that a lot of household objects could be
abstracted by primitive shapes and the proposed method could achieve high performance

on novel objects in cluttered environments and complete high-level task-oriented work.

1.2 Thesis Organization

This thesis has been structured to discuss in detail as follows. Chapter 2 introduces some
work which are highly related to this thesis. The drawback of state-of-the-art methods are
also covered in this chapter. Chapter 3 illustrates the proposed pipeline. Given a monocular
depth input, the objects are segmented into different primitive shape classes by mask r-cnn.
Shape pose and parameters extracted by a shape tting module are then used to generate
grasping family . At last, grasp scoring, and grasp selection processes will determine the
best grasp execution. Chapter 4 talks about the details in the proposed data generation
method, network training and robotic arm setup. The evaluation metric for the vision ex-
periments is also covered in this chapter. Chapter 5 is composed of vision-only evaluation
and actual manipulation experiments. We demonstrate the effectiveness of the proposed
method by rst comparing the performance of methods with or without data corruption
step. Then, grasping experiments on real objects prove that the proposed method could
be generalized to unknown objects even entirely trained on synthetic data. Task-oriented
grasping experiment further shows that the proposed method could facilitate higher-level

grasping task. Moreover, multi-object grasping experiment indicates the robustness of the



proposed method. The thesis concludes the core idea behind the proposed method and

discusses the potential direction for current research in Chapter 6.

1.3 Related Work

Grasping is a mechanical process involving intentional contact between a robot end-effector
and an object. It can be mathematically described from prior knowledge of the target ob-
ject's properties (geometry, hardness, etc.), the hand contact model, and the hand dynamics
[18, 19]. Mechanics-based approaches with analytical solutions work well for some ob-
jects but cannot successfully apply to other, often novel, target objects [20, 21, 22]. Grasp
scoring methods augmented by point cloud processing overcome some of these limitations
[23, 24]. However, analytical models cannot cover the parametric variation associated to
all potential objects to grasp. In hopes of permitting more robust generalization, early
data-driven approaches using machine learning have been well studied [25]. They could
basically be generalized in three types according to their data sources. The rst category
assumes that a 3D mesh of the object is available to generate a set of good grasp hypotheses
[26, 27, 28, 29]. The second one follows the demonstration of human beings [30, 31]. The
third one tries to re ne grasp candidates by trial and error [32, 33]. Some methods further
combined analytic scoring witimage-to-graspearning [3]. Contemporary state-of-the-art

grasping solutions employ deep learning [34] and leverage available training data.

1.3.1 DeepLearningStrategies

Deep learning strategies primarily take one of three types. The rst type exploits the
strong detection or classi cation capabilities of deep networks to recognize candidate struc-
tured grasping representations [35, 36, 37, 38]. The most common representation is the
SE(2) R? grasp representation associated to a parallel plate gripper. As a computer vi-
sion problem, recognition accuracy is high (up to around 95%), with a performance drop

during robotic implementation (to around 90% or less). Training involves image/grasp



datasets obtained from manual annotation [39] or simulated grasping [4, 38]. Within this
category there is also a mixed approach, DexNet [3], using random sampling and analytical
scoring followed by deep network regression to output re ned, learnt grasp quality scores
for grasp selection. By using simulation with an imitation learning methodology, tens of
thousands to millions of annotations support DexNet regression training. Success rates
vary from 80% to 93% depending on the task. When suf cient resources are available, the
second strategy type replaces simulation with actual experiential data coupled to deep net-
work reinforcement learning methods [5, 40]. Methods based on simulation or experience
tend to be con guration-dependent; they learn for speci ¢ robot and camera setups. The
third strategy is based on object detection or recognition [25]. Recent work employed deep
learning to detect objects and relative poses to inform grasp planning [41], while another
learnt to perform object-agnostic scene segmentation to differentiate objects [42] and aided
DexNet grasp selection process. Like [42], this thesis focuses on where to nd candidate
grasps as opposed to quality scoring candidate grasps.

Deep learning grasp methods suffer from two related problems, sparse grasp annota-
tions or insuf ciently rich data (i.e., covariate shift). The former can be seen in Figure 1.1,
which shows an image from the Cornell dataset [2] and another from the Jacquard dataset
[4]. Both lack annotations in graspable regions due to missing manual annotation or a false
negative in the simulated scenario (either due to poor sampling or incorrect physics). Sam-
pling insuf ciency can be seen in [38], where the DexNet training policy was augmented
with an improved (on-policy) oracle providing a richer sampling space. Yet, sampling from
a continuous space is bound to under-represent the space of possible options, especially

with increased parametric grasp space dimensions.

1.3.2 Primitive Shapes

This thesis proposes to more fully consider shape primitives [26] due to their known,

parametrized grasp families [8, 43]. The parameterized families provide a continuum of



Cornell Jacquard

Figure 1.1: Grasp annotation data with missing grasp candidates.

grasp options rather than a sparse sampling. A complex object can be decomposed into
parts representing distinct surface categories based on established primitives. Researchers
in the computer vision community have put much effort in this problem, including vowel-
based network to generate primitives [44], recurrent generative models for reconstruction
[45], point-based network with differentiable primitive model estimator [46]. However,
ne-grained 3D models with labels are required to train these networks, which are missing
in the object grasping eld. Past research in the robotics eld explored shape primitive
approaches in the context of point cloud processing [23] and tting for the cases of su-
perquadric [29, 47] and box surfaces [27]. In most cases, the entire object point cloud
is required for shape segmentation and grasp selection. Existing approaches also model
objects as individual primitive shapes [9, 11, 48], which does not exploit the potential of
primitive shapes to generalize to unseen/novel objects. Deep network approaches for shape

primitive segmentation to inform grasping do not appear to be well studied.

1.3.3 DomainRandomization.

Deep learning is data intensive, which translates to unwieldy manual annotation efforts. As
noted earlier, robotics research employs simulation and synthetic data generation whenever
possible [5, 40], e.g., DexNet uses simulation to generate grasp quality test data [3, 38].

Thus, the data generation component is considered part of the solution. However, simula-



tion introduces a domain gap, or distribution shift, because the training signals and the true
input signals differ. The gap can be overcome through domain randomization and address-
ing how the two signals differ [49]. Relative to color input imagery, depth imagery has a
less severe gap more readily addressed.

Domain randomization is a prevalent method in the robotics simulation eld, which
could effectively transfer the simulation data to the real world domain without additional
real image input. A variety of approaches were proposed, including training an image-
based object detector [10], randomizing the dynamics of pushing task [50], and performing
in-hand manipulation [51]. A structured domain randomization method was then proposed
to regulate multiple parameters in a more organized way by building up a probability dis-
tribution map [49]. Researchers also tried to answer the question of which parameters
were more useful to bridge the domain gap by proposing a guided domain randomization
approach [52]. Different from the RGB-based methods mentioned above, this thesis only
makes use of limited depth information. Moreover, to reduce the training dif culty, we
only focus on the variation of the placed objects as well as employ bi-directional approach.
By incorporating a specially-designed primitive shapes family and targeting household ob-
jects, our ground truth generation strategy could achieve comparatively superior perfor-

mance over the other general procedures.



CHAPTER 2
GRASPING FROM PRIMITIVE SHAPES RECOGNITION

The intent behind this investigation is to explore the potential value of using deep networks
to segment a scene according to the surface primitives contained within it, in order to es-
tablishhowone may grasp. Once the object or region to grasp is known, post-processing
recovers the shape geometry and the grasp family associated to the shape. The state-of-
the-art instance segmentation deep network Mask R-CNN [12] serves as the backbone net-
work for converting depth images into primitive shape segmentation images. Importantly,

a synthetically generated training set using only shape primitives in concert with domain
randomization [10] covers a large set of scene visualizations. The ability to decompose
unseen/novel objects into distinct shape regions, often with explicitly distinct manipulation

affordances, permits task-oriented grasping [48].

(@) (b) (©)

Figure 2.1: The proposed deep network, segmentation-based pipeline. From monocular
depth input, objects are segmented into primitive shape classes, with the object to grasp
extracted and converted into primitive shape point clouds. Shape pose and parameter esti-
mation, grasp scoring, and grasp selection processes faidgwepth input is segmented

into primitive shapes(b) The best matching shape pose and parameter per primitive shape
are identi ed; (c) Candidate grasps are priority ranked and tested for feasibility with the
rst feasible grasp chosen for physical robot executions.

The vision-based robotic grasping problem here presumes the existence of a depth im-



ageD 2 RH W (H andW are image height and width) capturing a scene containing an
object to grab. The objective is to abstract the scene into a set of primitive shapes and gen-
erate grasp con gurations from them. A complete solution involves establishing a routine
or processf , mapping the depth image to a graspG = f(D) 2 SE(3). The grasp

con gurationG 2 SE(3) speci es the nal pose in the world frame of the end-effector.

Per Figure 2.1, the process is divided into three stages. In the rst stage, the depth
imageD gets segmented according to de ned primitive shape categories indexed by the
setl. The primitive shape segmentation imagesRyrdor i 2 |. The segmentatioR;
and the depth imag® generate segmented point clouds in 3D space for the primitive
surfaces attached to the labelln the second stage, when the grasp target is established,
the surface primitives attached to the target grasp region are converted into a corresponding
set of primitive shape®; in 3D space, wher¢ indexes the different surface primitive
segments. In the third stage, the parametrized grasp families of the surface primitives are
used to generate grasp con guratiddsfor 2 N*. A prioritization process leads to rank
ordered grasps with the rst feasible grasp being the one to execute. This section details

the three stages and the deep network training method.

2.1 Primitive Shape Segmentation Using Mask R-CNN

The proposed approach hypothesizes that commonly seen household objects can be decom-
posed into one or more primitive shapes. After studying several household object datasets
[7, 53, 54, 55], the chosen primitive shapes wergtinder, cuboid ring, sphere semi-
sphere andstick

The value of using primitive shapes is in the ability to automatically synthesize a vast
library of shapes through gridded sampling within the parametric domain of each class.
Table 2.1 lists the parameter coordinates (middle column) for each primitive shape class.
Sections 3.1 and 3.2 detail the training method used to synthetically generate depth images

and known segmentations from the parametric shape classes. Once trained, the Mask-



Setup (no zoom)

Figure 2.2: Sample segmentation outcomes for test scenarios consisting of individual and
multiple objects (zoomed and cropped images).

RCNN [12] network decomposes an input depth image into a set of segmentations re ect-
ing hypothesized primitive shapes, as shown in Figure 2.1(a). Segmentations for different
input depth images overlaid on the corresponding, cropped RGB images are demonstrated
in Figure 2.2. The color coding is reatylinder, orange:ring, green: cuboid yellow:

stick purple:semi-sphergand blue:sphere For individual, sparsely distributed, and clus-
tered objects, the segmentation method captures the primitive shape regions of the sensed

objects.

Algorithm 1 Shape tting

Input: a segmentation mask ; a depth mapl ; transformation matrix from the camera
frame to the world frameTl ; maximum iteration timed\l ; (optional) reference vector,
Vet ; (Optional) angular distancd,

Output: a shape mode§; a viewpoint cloudC

: C =PreprocessClouly(, I, T)

: C%= GetROIC)

: C%%= DenoiseC?

. Vet =PCACY

: S=RansadC’ N, Vies , da)

g b~ W N PP

2.2 Shape Fitting

Given a target object region to grasp, the intersecting shape primitive regions are collected
and converted into separate partial point clouds. For each region and its hypothesized shape
class, Principal Component Analysis (PCA) is rst adopted to predict a coarse primary vec-
tor for reference. Random Sample Consensus (RANSAC) is then used to estimate the pose

and parameter of the partial point cloud over a small shape model parameter searching

10



space based on the reference vector. The outputs inform an object shape model for hypoth-
esizing grasp family.

Our algorithm follows the steps shown in Algorithm 1. Step 1 obtains the transformed
point cloud given the cameraToworld transformation matrix, the segmentation mask and
the depth map. Step 2 identi es a region of interest (ROI) on the support surface and then
use this prior to remove outliers near the surface. Step 3 denoises the point cloud based on
euclidean clustering. Step 4 uses PCA to obtain the reference vector of the object. Step
5 adopts three different RANSAC strategies for the shape tting of cuboid-like, cylinder-
like and sphere-like objects. In the following subsections, we discuss the proposed Ransac

algorithms in detail.

Algorithm 2 Cuboid-RANSAC shape tting
Input: a viewpoint cloudpcl; maximum iteration timed\ ; (optional) reference vector,
Viet ; (Optional) angular distanced,
Output: 8 corner points of the cuboigh,; shape parameterpara, including heighth,
width, w, depth,d, posepo2 SE(6); inlier point index,index,
1: SCOr@,est = 0, iter =0
2: while iter <N andscoréest < SCOr€hreshold dO

3: Generate cuboid candidat&3 (Algorithm 3)
4: for allc2 C do

5: Calculatep, givenplanet ¢ 2 ¢

6: Calculatepara givenpy,

7 if anyh;w;d 2 para < threshold then
8: Continue

9: end if

10: Checkpo 2 para if given Vies ; da

11: Score functionscore (Algorithm 4)

12: Adaptivescorneshold Setting

13: if score > scorg,est then

14: SCOrgest = Score

15: Save the correspondimgara, p,, andindexp,
16: end if

17: end for

18: iter =iter +1

19: end while

11



2.2.1 Cuboid-RANSACshapetting

Algorithm 2 describes our shape tting algorithm for cuboid-like objects.

First, we generate the cuboid candidate step by step referring to Algorithm 3. 9 points
are sampled uniformly at random fropel (Step 2). Then we compute their convex hull
H (Step 3). For each triangular face, we generate the rst ptdaee’ by h and calculate
its ratior! (Npiane/ Notar ). We would like to get started with a plane better aligned with
the given point cloud so this ratio should satisfy a threshold (Steps 4-8). Next, we generate
all the combinations of any 2 points selected from the left 6 pah{Step 9). For every
possible combinatioy, we generate the second plaplane? by Vy: and the point irg,
whereVyz: = Wy (pl  p2), p1; p2 2 g (Steps 10-11). If we have run the outermost loop
for a lot of times but we still have not recorded many candidated & i, Will be set to
True, which will skip the next step since next time (Step 12). The adaptive threshold will
be set given the?, r2, where we would like* to be large, which means the target object
has a primary face; Qrt andr? are close, which means the target object is more balanced
(Steps 13-16). Next, we check if all of the poisP g are only on one side gflan€?
to make surelane? could surround them (Step 17). Afterwargdane* ° are generated
based on the normal vectors and the projection’s distances (Step 18). We calculate the
farthest poin2 P to plane! to generatelane® with the help ofVy:. Similarly, plane®
is generated in this way. Then, we calculsdes = Vi V2. Points2 P would be
projected ontglane?. The distance from the projected points to the plane de nethpy
and the origin point (0,0,0). The poinsP whose projected points are nearest or farthest
would be used to genergpbane® andplane® with the help ofVs.

For each group oplane! 8, they are transformed to the 8 corner points of the cuboid
p, by calculating the planes' intersection and the shape paranpeaswill be obtained
with the help ofp, (Steps 4-6 in Algorithm 1). We then check if any side of the cuboid
candidate is too thin to avoid any one which is only well aligned with a single face of the

target object (Steps 7-9). If given the reference vector, we will also check if the candidate

12



satis es the requirement (Step 10).

Next, Algorithm 4 describes how the candidate is evaluated. For each face of the
cuboid, we projecp 2 pcl to the corresponding plane and calculate the distances from
the pts 2 pcl to the planepcl, (Steps 2-3). Ifpts 2 pclis near the plane, then its pro-
jection ptsg on the plane is valid to be taken into consideration. Then, we calculate the
distances frorrptsg to the four sides of face. If marptsg are too far away from any side
or out of the face, the candidate will be discarded. Othervvi%, would be considered
as the inliers (Steps 4-6). The nal score is calculated by the ratio ohfigs to Niotal
(Steps 7-9).

SCOrenreshold 1S Updated based on its previous value and the current ré&¢&lep 12
in Algorithm 2). It will be lowered to speed up the process if the record shows that the
previous strict requirement limits the number of candidapesa, p,, andindex, will be

returned which correspond to the best score (Steps 13-16).

2.2.2 Cylinder-RANSACshapetting

Algorithm 5 describes our shape tting algorithm for cylinder-like objects. We rst set up
the maximum candidate numberax, andscoreneshois based on the shape class (Step
2). Then, in the RANSAC loop, the candidate is generated following the strategy in [56]
(Steps 3-4)Scoreaneshois Would be updated according to the class tgfass, the current
iteration numbeiter and the current candidate numiogr(Step 5). Next, the model's pose
will be checked to see if it is within the angular distance radgef the reference vector

Viet (Step 6). Afterwards, we calculate the error between the radius and the distances from
the points to the axis. If it is within a range determined by different shape classes, it will be
considered as an inlier. We calculate two types of score: 1. the ratio of,fag t0 Niotal

2. Niniers  P€r unit area (Step 7). Then, if the number of inliafgiers > SCOreireshold »
score Model andindex, will be saved in a list (Step 9). After nishing the while loop,

the best model candidate will be selected based on its score. The type of score to use is

13



Algorithm 3 Cuboid candidate generation function

Input: a viewpoint cloudpcl; unit distance tolerancejs; a ag of skipping second plane
check,flag s«ip ; total number of the segmented poimsgy, ; R represents the record
of r (Npiane/ Niotal ), Wherenyiane denotes the number of points near a certain plane; the
number of the iterationter
Output: cuboid candidate<;; the updatedR; the updatedlag sip

1. C=;

2: Pick up 9 points randomly

3: Build a convex hull ofP, H

4: for allh 2 H do

5: Generateplane! by the point2 h

6: if r! < threshold then

7 Continue

8: end if

9: Generate the combinations of 2 poigt® H, G
10: forallg2 G do

11: Generatelane? by V2 andp; 2 ¢

12: Updateflag sip givenR, iter

13: Adaptive threshold based @, r?

14: if the adaptive threshold is not satis éaken
15: Continue

16: end if

17: if all pts2 P g are on one side gflane? then
18: Generatglane* ©

19: C=C][ plane’ ®andR = R[ (r;r?)
20: end if

21 end for

22: end for

Algorithm 4 Cuboid score function

Input: a viewpoint cloudpcl; 8 corner points of the cuboigh,; unit distance tolerance,

dis

Output: score,S; inlier point indexindex,
1: index, = ;
2: fori=1to 6do
3:

4
5:
6
7

Projectp 2 pclto plane, pcl,
for all pts, 2 pcl, do
Result = Indexgts, under boundary check)
end for
index,, = index, \ Result

8: end for
9: S = Count{ndex,)/Countfcl)
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Algorithm 5 Cylinder-RANSAC shape tting
Input: a viewpoint cloudpcl; maximum iteration timed\ ; shape classlass, reference
vector,V,es ; angular distancel,
Output: a shape modé¥lodel; inlier point index,index,
1: n.=0, iter =0
2. Adaptivemax., SCOr@nreshold S€tting
3: while iter <N andn; < max . do

4: Generate candidatdslodel

5: Updatescorenesnoid giveniter, ng, class
6: CheckModel givenV,es , da

7 Score functionscore

8: if Count{ndex,)> SCOreyyreshoid  then

o: Savescore Model andindex,

10: n.=n¢+1

11: end if

12: iter =iter +1

13: end while
14: Adaptive modes to seledM odel

determined by the class type and the number of the points in the point olgud(Step
14).

2.2.3 Sphere-RANSAGhapetting

Our shape tting algorithm for sphere-like objects is very similar to Algorithm 5. The
only differences remain in different threshold setting and the candidate generation function,

where we adopted the algorithm in [57].

2.3 Grasp Family

In addition to the model, the transformation aligning the point cloud with the shape is kept
for mapping grasps to the world frame. This matching step is depicted in Figure 2.1(b).
Given the identi ed type of shape and its corresponding shape parameters, one or more
families of grasps are recovered. The geometric primitives do not need to match the target
region exactly. As long as the error between the object and the best matching primitive

shapes is small relative to the gripper approach properties.
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