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ABSTRACT

Dexterous manipulation is a required ability for robots to interact with the physical
environment. This capability allows robots to perform a wide range of tasks, from simple
actions like picking up objects to more complex operations such as assembling intricate
machinery or performing delicate surgical procedures. Dexterous grasping, as the initial
and pivotal step in dexterous manipulation, involves the intricate coordination of robotic
hands or grippers to securely and skillfully hold objects . By mastering dexterous grasping
techniques, robots can lay a solid foundation for executing complex manipulation tasks with
precision and versatility.

Dexterous grasping relies on a combination of understanding object affordance and task
designations. However, current research fails to tackle this challenge effectively. To solve
this problem, a context-aware task-oriented dexterous grasping method is proposed. In the
proposed method, multiple sensors are fused to perceive object affordances such as shape,
size, position, and material in real time. A large language model is also integrated to
augment the perceived information leveraging its abilities of common sense and reasoning.
Task designations are learned from human experience, represented by a human knowledge
dataset collected from 27.7 hours of tagged videos recorded by two housekeepers and two
machinists during their regular work activities. Object affordance and task designation were
then mapped to a proper grasp strategy with a multi-class multi-label deep learning network.

To deploy predicted grasp strategies efficiently and precisely while reducing task complex-
ity, we propose the Contextual Reward Machine (CRM). The CRM decomposes the grasping
task into manageable sub-tasks, each associated with stage-specific contexts, such as reward
functions, action spaces, and abstracted representations, enabling efficient guidance within

each stage. Transition rewards are introduced to encourage or penalize transitions between

i



stages. This structure enhances adaptability, reduces complexity, and improves overall per-
formance. When integrated with Proximal Policy Optimization (PPO), the CRM signifi-
cantly enhances the sample efficiency and robustness of the reinforcement learning model.
A simulation environment which is identical to the real-world robotic setup is developed to
train the model on grasping tasks, with the trained policy transferred to the physical robot
through domain randomization.

The final experimental results on grasping tasks demonstrate that the proposed method
accurately perceives object affordances in real-time. Additionally, both object affordances
and task designations are mapped to the appropriate grasp topology with high precision.
The real robot’s performance in executing the grasping tasks highlights the efficiency and
effectiveness of the proposed grasp deployment model. These results underscore the method’s
capability to improve real-world grasping task execution, enhancing both the adaptability

and reliability of robotic manipulation systems.
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Finite set of actions called action space

The longest orthogonal dimension

Thumb abducted

Thumb adducted

The second longest orthogonal dimension

The shortest orthogonal dimension

Discount factor

Markov Decision Processes

Transition probability

Reward function that provides feedback for an action
Precision circular grasp

Precision prismatic grasp

Finite set of states that describe the environment
Initial state of a multi-state system

Termination state of a multi-state system

Power circular grasp

Power heavy grasp

Power prismatic grasp

Power thin grasp
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CHAPTER 1

INTRODUCTION

A context-aware system is designed to collect useful information from its environment
and adapt its behavior based on the perceived context [62]. This concept is widely applied
in various domains, including robot cooperation [74], patient assistance [51, 38, 24|, object
tracking [45], swarm robotics [36], and dexterous manipulation systems [29].

Dexterous manipulation is a critical capability for intelligent robots performing complex
tasks. It involves the coordinated action of multiple manipulators or fingers to grasp and
manipulate objects, such as placing fingertips at optimal contact points, applying appropri-
ate force, and maintaining grasp stability [6]. Unlike traditional grasping approaches [44],
dexterous manipulation demands precise control of both force and motion across the arm
and fingers to execute complex grasping tasks.

Dexterous grasping forms the foundation of dexterous manipulation. It enables a robotic
hand or gripper to securely and skillfully grasp objects with precision and adaptability. This
step is crucial for effective physical interaction with the environment. Successful dexterous
grasping requires the robot to identify the object’s position and orientation, assess its shape,
size, and surface characteristics, and determine the optimal grasp configuration. This con-
figuration may vary depending on factors such as object geometry, weight distribution, and
the specific task requirements.

An appropriate grasp topology is essential for dexterous manipulation, as it minimizes
unnecessary finger movements and simplifies the overall process. Although numerous grasp-

ing strategies exist for a given object, prior research has shown that human grasps tend to



cluster across a wide range of objects, leading to the development of grasp taxonomies to
streamline grasp selection [14, 8]. Studies further indicate that grasp topology selection is
influenced by object affordances [40, 58] and task requirements [20]. Object affordances refer
to physical properties such as size, shape, and mass, while task requirements encompass ac-
tion types, applied forces, and imposed constraints. Current robotic systems face difficulties
in efficiently acquiring object information, understanding task specifications, and integrating
both affordances and task requirements to inform grasp strategy determination. To address
these challenges, a novel context-aware, task-oriented grasping approach is proposed and

developed to support complex manipulation tasks, as illustrated in Fig. 1.1.

Context-Aware Task-Oriented Dexterous Grasping Framework
Grasp Topology Prediction ™

Task: Pick up the Predicted Grasp

Grasp Selection Model

I 1
1 1
: tennis ball Topology i
l TR l
' Object A i
E f » Affordance i
' —— > :
i U Task '
I‘ Designation ‘I

Initial Stage
e

Figure 1.1: The MagicHand context-aware robotic system.

The structure of the proposed method is illustrated in Fig. 1.2. In this approach, grasping
tasks are initiated through simple human instructions, which are parsed by the Controlled
Robot Language (CRL) model [73] to extract the action and the object. The action is
embedded using a Word2Vec network and converted into task designations. Based on the
identified object, its affordances are perceived through the MagicHand platform [39]. A

grasp selection network is then employed to map the extracted object affordances and task
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Figure 1.2: The structure of the context-aware task-oriented grasping method.

designations to appropriate grasp topologies, leveraging human experience. The predicted
grasp topology is subsequently executed using a multistage reinforcement learning model,
which adaptively adjusts the grasp configuration. This learning-based approach maintains a

balance between grasping flexibility and dexterity by adapting to diverse grasping contexts.
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Figure 1.3: The MagicHand platform.

The MagicHand platform, shown in Fig. 1.3, is a context-aware dexterous grasping
system that integrates an AR10 anthropomorphic robotic hand with a Sawyer robotic arm
to perform object manipulation tasks. A SCiO sensor is utilized to identify the material
composition of objects. This sensor operates in the near-infrared (NIR) spectrum, measuring
absorption bands between 780 nm and 2500 nm. In this range, the molar absorption is

minimal, allowing NIR light to penetrate deeply into samples. This characteristic enables



the use of near-infrared spectroscopy (NIRS) for material recognition with minimal or no
sample preparation. Additionally, an RGB-D camera (Intel RealSense D435) is employed to
estimate the object’s dimensions, shape, and pose. Instead of using a fixed camera setup,
the RGB-D sensor is mounted on the wrist of the robotic hand, allowing it to move with the
hand and capture RGB-D images from multiple viewpoints of the object.

This dissertation is structured as follows: Chapter 2 presents a comprehensive literature
review covering key topics such as dexterous manipulation, context-aware systems, task-
oriented grasping, and optimal control. Chapter 3 elaborates on the proposed context-aware
system, while Chapter 4 introduces the methodology for extracting grasp strategies from
human knowledge. Chapter 5 explores a knowledge augmentation approach based on large
language models. Chapter 6 discusses grasp intention interpretation in object handover.
Chapter 7 introduces a multistage reinforcement learning approach that utilizes a Contextual
Reward Machine to address task-oriented grasping. Finally, Chapter 8 provides concluding

remarks and summarizes the contributions of this work.



CHAPTER 2

LITERATURE REVIEW

2.1 Dexterous Manipulation

Dexterous manipulation, which enables robots to interact skillfully with objects, has
attracted considerable attention in robotics research. Early studies primarily focused on
developing algorithms for grasping and manipulation tasks [82]. However, these approaches
often encountered challenges when dealing with complex object shapes and uncertain envi-
ronments [7].

Advancements in sensing and perception have enabled robots to gather rich environmental
data, leading to the development of more robust manipulation techniques [4, 81]. Techniques
such as tactile sensing and computer vision are pivotal in enhancing the dexterity of robotic
hands [10, 79].

Furthermore, understanding object affordances and task designations has become a crit-
ical component of dexterous manipulation. Object affordances refer to the potential actions
that an object enables, while task designations define the specific goals or objectives of a
manipulation task [25]. Integrating these concepts into manipulation algorithms has resulted
in more adaptive and versatile robotic systems [79].

However, challenges persist in achieving seamless integration across the perception, plan-
ning, and execution phases of manipulation tasks. The gap between simulated environments
and real-world scenarios remains a significant obstacle to transferring learned skills from

simulation to physical robots [78|.



Dexterous manipulation remains a dynamic and multifaceted field of research, contin-
uously evolving with advancements in sensing, perception, and learning. By drawing on
insights from multiple disciplines, researchers aim to develop robots capable of interacting

with the physical world with human-like dexterity and adaptability.

2.2 Context-Aware System

Context-aware systems adapt to dynamic conditions, providing personalized and adaptive
services across various domains. Early frameworks laid the foundation for such systems but
encountered scalability challenges [17]. Advances in sensing technologies have improved data
acquisition, though pervasive sensing raises significant privacy concerns [55]. Reasoning
techniques, such as machine learning, enable informed decision-making but often require
extensive labeled data for effective operation [35].

Adaptive strategies enhance system performance, yet computational costs remain a sig-
nificant hurdle [42]. These systems have found applications in diverse domains, includ-
ing healthcare, where integration challenges continue to impede progress [1]. For example,
context-aware healthcare systems leverage contextual information to improve patient care
[75], but integrating these technologies into healthcare environments poses challenges related
to data security and regulatory compliance [3].

Overall, context-aware systems have substantial potential to enhance user experiences
across various domains. By leveraging advancements in sensing, reasoning, and adapta-
tion, these systems can deliver personalized and contextually relevant services that address

individual needs and preferences.

2.3 Task-Oriented Grasping

Task-oriented dexterous grasping, essential for robotic manipulation, has been a sig-
nificant focus of research. Early studies concentrated on developing geometric and tactile

grasping algorithms [7]. The advancement of machine learning, particularly deep learning,



has enabled the development of grasping policies learned from data [26]. Contextual un-
derstanding has become increasingly important, as it integrates object affordances and task
objectives into the grasping process [43|. Hardware developments, such as multi-fingered
robotic hands equipped with tactile sensing, have enhanced manipulation capabilities [12].
Despite these advances, challenges remain, particularly in achieving robustness to object
variations and adaptability to dynamic environments. Future research may address these

challenges through interdisciplinary approaches.

2.4 Optimal Control with Reinforcement Learning

Optimal control using reinforcement learning (RL) has emerged as a pivotal research
domain, offering promising solutions to complex control problems across various fields. Over
the years, significant progress has been made in developing and refining RL algorithms
tailored for optimal control tasks.

In the early stages, RL algorithms such as Q-learning and policy gradient methods laid the
groundwork for addressing optimal control challenges [69]. While these approaches achieved
initial successes, they faced limitations when applied to complex, high-dimensional control
tasks, often struggling with scalability and sample efficiency.

The advent of deep reinforcement learning (DRL) represented a major breakthrough in
the field of optimal control. DRL algorithms, including Deep Q Networks (DQN) and Deep
Deterministic Policy Gradient (DDPG), have demonstrated remarkable capabilities in learn-
ing optimal control policies from high-dimensional state spaces [50]. These algorithms have
been successfully applied across various domains, including robotics, autonomous vehicles,
and game playing, showcasing their versatility and effectiveness.

Moreover, the exploration of model-based RL methods has introduced new opportunities
for solving optimal control problems. By leveraging learned dynamic models of the envi-
ronment, model-based RL algorithms can plan and execute optimal control actions more

efficiently than their model-free counterparts [16]. This approach offers potential for sample-



efficient learning and improved stability, making it particularly appealing for real-world
applications.

Despite significant advancements, challenges remain in the field of optimal control with
RL. Issues such as sample efficiency, generalization to unseen environments, and robustness to
model uncertainty continue to pose substantial hurdles. Addressing these challenges remains
a central focus of ongoing research.

In recent years, researchers have increasingly focused on overcoming the practical chal-
lenges of applying RL to optimal control tasks. Techniques for managing exploration-
exploitation trade-offs, reward shaping, and ensuring safe exploration in real-world systems
have been actively explored [63]. These efforts aim to bridge the gap between theoreti-
cal progress and practical implementation, paving the way for the widespread adoption of

RL-based control strategies across diverse domains.

2.5 Summary

Numerous efforts have been dedicated to advancing dexterous manipulation capabilities.
However, existing methods often struggle with the real-time extraction of critical object fea-
tures such as material, texture, and rigidity. While reinforcement learning holds promise
for deploying manipulation tasks, data efficiency remains a significant challenge. This work
addresses these limitations by proposing a method that enables real-time feature extrac-
tion from objects and improves data efficiency through a multistage reinforcement learning

approach.



CHAPTER 3

CONTEXT-AWARE GRASPING BY MULTIPLE SENSORS FUSION

3.1 Introduction

Understanding of characteristics of objects such as fragility, rigidity, texture and dimen-
sions facilitates and innovates robotic grasping. In this chapter, a context aware grasping
system named MagicHand is presented. This platform is designed to achieve dexterous
grasping on target objects based on the information collected by the sensors in the platform,

the performance of this system was demonstrated through multiple experiments.

3.2 Material Perception

Two deep neural networks were designed and implemented for the material recognition
process: a denoising auto-encoder for nosie cancelling and a MLP neural network for material
classification. We established two datasets to train the algorithm. The first dataset collected
in various practical environments was called MLP dataset which contains 15936 spectra of

six materials from 540 samples. The other dataset was called AE dataset (Fig. 3.1), it

Ceramic
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Figure 3.1: Example of ideal spectra (red) and practical spectra (green).



contains 1080 pairs of NIR spectra (SI,SP); where ST is an idea spectrum collected from
a sample in lab environment and SP is collected from the same location of the sample by
the MagicHand platform. Before feeding the spectra into the network, the raw data was
pre-processed with standard normal variate (SNV) to improve the performance of the whole

system.
3.2.1 NIR Spectrum Denoising and Reconstruction

NIR spectra can be classified perfectly in an ideal environment where noises and errors
can be neglected. However, in practical, there are many ways that able to bring noises or
errors to the data such as light density, temperature or even a false operation on the sensors.
These noises are not avoidable and may lead to a low classification accuracy. In this work,
we train a complex structure of auto encoders (Fig. 3.2) with the AE dateset to reduce

noises and to improve performance of our algorithm.

Encoder Decoder
Ideal Practical Reconstructed
Spectrum (SI)  Spectrum (SP) 331 neurons 331 neurons Features
) ~ 128 neurons Bottleneck 128 neurons (A \
x1 Xl 30 neurons 30 neurons Xl
X2 X, X
X3 X, X3
% A
X X, Xy
LN ] LN ] LN ]
X331 X331 331
— ~—— ~—
RELU Softmax

Reconstruction error
L=% %]

Figure 3.2: Structure of autoencoder for noise reduction

In the algorithm, z; is the ¥ feature in a pre-processed ideal spectrum where i = 331
since there are 331 features in an NIR spectrum. z; is the correspond practical feature of
z; in AE database. z;was then encoded by algorithm and 5 most important features were
extracted. The algorithm would then try to decode the extracted features and generate

reconstructed spectrum ;.
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3.2.2 Characteristics Classification

With NIR spectrum, material of an object can be recognized and then characteristics

such as fragility, rigidity, and texture are mapped to the perceived material.

Material Classification

A MLP deep neural network was developed specifically for our MLP dataset. Rectified
Linear Units (ReLU) were used as activation functions in the first five layers. In the first
layer, 331 neurons were used to match the number of features in dataset. In the next four
layers, 20, 29, 2% and 2° were employed to further calibrate the model. The output layer
contains six neurons and Softmax functions were used to classify the data. The network was

trained with 70% of data and achieved an overall 99.96% accuracy.

Characteristics Mapping

Table 3.1: Material to Characteristics Mapping List

Materials Fragility Rigidity Texture
Wood sturdy rigid rough
Glass medium rigid smooth
Plastic medium soft smooth
Ceramic sturdy rigid slippery
Cardboard medium rigid rough
Stainless Steel sturdy rigid grippy

Once the material of an object was recognized, characteristics were mapped to the per-
ceived material through a material-to-characteristics table (Table 3.1). This table was es-
tablished based on an existing dataset [57]. Three characteristics including fragility, rigidity
and texture were extracted and assigned to each corresponding material. After the material
of an object was perceived, three characteristics (fragility, rigidity and texture) values were

mapped to that material. This information would then be used to learn grasping strategies.
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3.3 Object Dimension Measurement

There were two challenges in dimension estimation process. The first one was to separate
the object from its background and the other one was to find orthogonal directions of the

object to measure the dimensions of that object correctly.
3.3.1 Object detection in point cloud

An RGB-D point cloud/image might contain multiple objects, separating the target
object from the others was necessary for dimension estimation. By utilizing an existing 2D
detector named Yolo3 [59]|, we successfully detected the target object in an RGB image. In
the next step, we reconstructed the target in 3D using Open3D [84, 11, 53] with a sequence
of RGB-D images of that target object. Given depth information D and intrinsic matrix [/
which described the relationship between a stream’s 2D and 3D coordinate systems, a pixel

(px, py) in an RGB image could be deprojected to a point (z, y, z) in 3D point cloud with

r = (px —ppy)D/fy

y = (py — ppx)D/ fx

z2=D
(3.1)
fr 0 ppx
I'=10 fy ppy
0 0 1

where fx and fy were focal length of the image, ppxr and ppy were coordinates of center of
projection, these information could be collected directly from the RGB-D sensor. To extract
the target object in 3D point could, all pixels that belong to the target object detected by
the 2D detector were deprojected to points in 3D space and any point within this region

were cropped from the point cloud to establish a 3D model of the target object.
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Figure 3.3: Process of orthogonal direction determination and dimension estimation

3.3.2 Axis Dimension for Grasping

While an object is placed in front of a camera, the object could be placed in different
positions (distance), angles or even on a slop. All these factors may bring difficulties in esti-
mating dimensions of the object. To address this issue, we propose a method for determining
the dimensions of an object in orthogonal directions, which remains unaffected by the per-
spective from which the object is observed, as shown in Fig. 3.3. We first found the centroid
point C = (K Y, Z) where X,Y and Z were the average value of Cartesian coordinates of all
points in a point cloud. Then we clustered the point cloud into m groups and found centroid
points ¢; of those groups as shown in 3.2 where x; was the " point in points cloud and g;

represented the group that contained x;.

gs = arg min|z; — ;| (3.2)
J

> Wi =g}
> i g =7}

¢ = j€0,1,2:-m)]
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Figure 3.4: Pre-defined grasping descriptions

For the third step, euclidean distance were calculated between C' and ¢; and find p,.q, and

Prar by
Pnear = arg min ||C - CJA|| (33)
Pror = arg max|[C — ¢,

Now we could determine a plane h with C, pyeqr and pye and thus two vectors in h: a =

Prear — C and b = pye, — C. And we found a vector ¢ which was orthogonal to plane h

through centroid point C' with equation

¢ = [[all[[b]] sin(6)\ (3.4)

where ||a|| and ||b|| were magnitude of vector a and b, § was the angle between a and b and
A was a unit vector perpendicular to the plane h. Since the longest distance from centroid
points to a point in points was usually the diagonal, the angle between a and b might not
be a right angle. In this case, we needed to find a new vector b which was perpendicular to
both vector a and ¢ through centroid point C. The lengths of vector a, b and ¢ could be

determined by existing realsense API.
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3.4 Grasping Strategies Generation

Human grasping choices are based on task and properties of target objects [34] and
they trend to cluster over a large set of objects [23, 61]. Due to this fact and to simplify
the problem, we defined six grasping descriptions d; (Fig. 3.4) from [14] where d; is a
ten dimensional vector of joint angles of AR10 hand 6;. These grasping descriptions are
suitable for a wide range of objects. For example, Power Circular Grasp, Power Heavy Wrap
Grasp, Power Prismatic Grasp and Power Thin Grasp are able to provide secure and stable
grasping for sturdy, rigid or rough objects while Precision Circular Grasp and Precision
Prismatic Grasp are more suitable for objects require dexterous or sensitive manipulations.

With these pre-define grasp choices, we can simplified the problem as

Output: G - Grasp
type & Size
Sy

Input: F - Features
of object

Figure 3.5: Neural Network Classification Model for grasp pose selection and grasp size
determination. Two neural networks were employed, one was used for grasp type d; selection
and the other was able to decide grasp size 8. Input for both networks are perceived features
of target object F.
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where (; is learned grasping postures, (3 is a scalar that related to the size of an object and
d; is the pre-defined grasping choices. With the problem simplified, we now need to generate
proper grasping strategies based on the information gathered by the MagicHand system,

that is, map features of objects F' to grasp Gj,

F =1, h, w, m, s, r, mt] — G;

features [, h and w are dimensions along orthogonal directions of target objects and [ >
h > w. Features m, s, r and mt are stand for mass (grams), shape, rigidity and material
type of the target object. We test the performance of the context-aware grasping system
using grasp selection neural network model in [57, 54|. The model considers learning grasp
type and grasp dimension are independent from each other and includes two separate neural
networks (Fig. 3.5). The network contains a hidden layer with 75 neurons which employ
ReLU as activation functions and an output layer with Softmax as its activation function.
Also grid search is used to tune L and « is set to 3.6. The cross-validation score for both

grasp types and grasp dimensions are around 80%.

3.5 Experiments

Ten grasping experiments are performed to test the accuracy of the system. For each
trial, the system first localizes the object and the hand navigates around the object to collect
RGB-D data to reconstruct the object in 3D, this process takes about 60 seconds. Then the
hand put the SCiO sensor as close to the object as possible to gather NIR spectrum which
is used for material detection and characteristics mapping. Based on both NIR spectrum
and 3D model of the target object, a grasping strategy is generated and executed to grasp
the object. This step takes about 30 seconds and the overall process takes approximately 90

seconds.
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3.5.1 Materials Classification

Near-infrared spectra of six types of materials including ceramic, stainless steel, wood,
cardboard, plastic and glass were collected in this work. All these materials covered a major
majority of daily objects. A total of 54 different daily used objects were selected. This
material /object selection pattern would expand the universality of our datasets. Two NIR
datasets were established to train the material/feature detection algorithm. MLP dataset
was collected to train a MLP network for material classification while AE dataset is used to

train our autocoder to reduce noise in practical spectra.

Material Recognition Results

We extracted the spectra of one object from each material in the MLP dataset. This part
of the data (1803 scans) was separated and used as the validation set to evaluate the final
performance of the classifier. The rest of data was divided into training and testing set. 70%
of the data was used to train the network and 30% of the data was used as the testing set.
We tuned the hyper-parameters as follows: 64 batch size, 50 epochs and ADAM optimizer

with 0.0001 learning rate. The MLP network achieved a 99.64% test accuracy and 1.95%

300
Ceramic
250
Stainless steel 4
g 200
© Wood -
) 150
2 Cardboard -
- 100
Plastic A
50
Glass A
0
<
oQ/ ~ \QJ‘?
®

Predicted label

Figure 3.6: Confusion matrix for MLP network.
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test loss. The pre-extracted validation data (1803 scans) which was completely new to the
algorithm were tested with the algorithm. A total 1609 correct predictions were achieved by
the algorithm as shown in Fig. 3.6. The results show that MLP dataset had a very efficient
performance in recognizing ceramic, stainless steel, wood and card board while had a less
performance on predicting plastic and glass objects due to the characteristics of those two
materials. The autoencoder (Fig. 3.2) was trained with the AE dataset to reduce noises and
errors.

To evaluate the performance of the whole material /features recognition system, we se-
lected another twelve new objects which fall into the six material categories and collected
spectra of those objects in a practical environment (temperature 63°F and less light inten-
sity). 60 spectra were collected (five scans per object) by the MagicHand platform and the
classifying results achieved 60/60. Although the prediction result was perfect, there were
two reasons that might lead to this result. Firstly, the autoencoder greatly reduced noises
from practical spectrum. Secondly, there were only sixty testing samples in this experiment.

As the number of testing samples increases, the accuracy is expected to decrease.

Table 3.2: Dimensions of Target Object

Objects Measured Dimensions (mm) Estimated Dimensions (mm)

1 151 x 73 x 73 149.9 x 74.0 x 73.0
2 152 x 38 x 38 154.2 x 41.4 x 35.3
3 244 x 71 x 71 246.3 X 69.6 x 71.2
4 149 x 44 x 44 152.6 x 46.4 x 41.3
5 154 x 77 x 26 152.4 x 75.4 x 27.6
6 65 X 65 x 65 65.9 x 67.6 x 68.0
7 166 x 82 x 19 163.5 x 81.2 x 19.1
8 114 x 29 x 29 112.7 x 28.5 x 30.2
9 59 x 29 x 29 61.2 x 29.7 x 27.8
10 71 x 71 x 71 74.6 X 72.9 x 71.5

3.5.2 Dimension Estimation

Before grasping, the robot arm took a sequence of RGB-D images around the target

object to reconstruct the 3D model of the target object, dimensions were then estimated
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based on the 3D model by our algorithm. The detailed dimensions are shown in table 3.2.
In the table, measured dimensions indicate the real world dimensions collected with a 0-150
mm digital caliper and a steel tape, the estimated dimensions were the estimated by our

algorithm and the errors were less than 4 mm.
3.5.3 Object Grasping

With the characteristics and dimensions of target objects, we tested the grasp strategy
generation system on ten objects. If the robot hand could hold/lift an object for 10 seconds
without dropping it, we counted the grasp as a success. The experiment results showed 8
out 10 successes on picking up the objects as shown in Fig. 3.7. There were two failures in
the robot trials, the first failure was a plastic tube (object 8), the system gave a mismatch
on grasp selection which led to a fail grasp. The other failure was on a wood block (object
9), the system gave a proper grasp choice, but the robotic hand slipped due to inadequate

friction.

3.6 Summary

In this paper, we presented a context-aware dexterous grasping system called MagicHand.
This system is able to collect NIR spectrum of object to achieve material classification with
an accuracy of 99.64%. The dimensions of object is estimated based on the 3D model of
target object and robot trials was performed on 10 objects with 8/10 successes. From the
experiment results, we conclude that the MagicHand system is efficient in perceiving useful
information about its target object and generate proper grasping strategy base on perceived

information in different working environments.
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Figure 3.7: Robot grasp experiments with 10 objects. E stands for expected grasp type while
P is predicted grasp type. Failure indicates the robot was not able to pick up the object and
P in red means predicted grasp type does not match expected grasp type.

20



CHAPTER 4

LEARNING TASK-ORIENTED DEXTEROUS GRASPING FROM HUMAN
KNOWLEDGE
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4.1 Introduction

We propose a task-oriented dexterous grasping approach, which can generate and deploy
a proper grasping strategy based on task designation and object affordances. To represent the
relation between object affordances, task designations, and human grasping strategies, a task-
oriented object grasping dataset was developed, which enables learning grasping strategies of
human experience. We designed a deep learning network to discover the human knowledge
of grasping from the dataset. We also implemented a reinforcement learning mechanism to
deploy the selected grasping strategies. The workflow of the proposed system can be found in
Fig. 4.1. The learning-based grasping balances grasping flexibility and dexterity by adapting
to various grasp contexts.

Human Knowledg Adaptive Grasping Learning
L I Task-based Grasping Dataset Action: [ao,...,a9] \l/

Grasp Parameters
Object Affordance

\I/Train

g I d
T Selection Strateg? Agent M

Flashlieht Object Affordances| ~ Network A Environment

¢ [d,r, round, m, s, 1" Observation: [¢o,...,Cs, fo,...fs] |

Figure 4.1: Workflow and structure of the task-oriented grasp strategy generation system.
Details of object affordances and task designation can be found in Table 4.1 while action
and observation are specified in Section 3.

4.2 Learning Grasp Strategies

Grasping strategies are related to object affordances and task designations [20]. The
problem of grasp selection considering grasp context is a challenging problem, due to many
factors such as task representation, object property measurement, and the determination of
a suitable grasp strategy. To address this challenge, we implemented task-oriented dexterous

grasping through learning human knowledge in grasping. We developed and trained a deep
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learning neural network to predict proper grasp strategies.
4.2.1 Representing Human Grasping Knowledge

We established a dataset for task-oriented object grasping based on the Yale human
grasping dataset [8]. The Yale human grasping dataset was recorded by two housekeepers
and two machinists about their regular work activities including 27.7 hours of tagged video.
A spreadsheet with 18210 entries was established based on the videos including task desig-

nations, object affordances, and labeled with grasp parameters. Task designations, object

affordances, and grasp parameters are defined in Table 4.1.

Table 4.1: Features in the proposed task-oriented object grasping dataset

Parameters Description
Grasp type Grasp choices defined in 23]

Grasp OppoType Opposition type of a grasp: {Pad, Palm, Side}
PIP Power, intermediate or precision
Task names High-level task description

Task Force Type of forces required : {weight, interaction}
Constraint Constraints of the task
Class Function class of the task: {hold, feel, use}
Dimensions Dimensions of object in em: {A, B, C}
Rigidity Rigidity of the object

Object Roundness Dimensions along which object is round
Mass Mass of the object in gram
Shape Basic shape class [86]
Type Object type, as defined by [20]

Duration Duration Length of the grasp instance

The grasping tasks in the Yale dataset are redundant and ambiguous in task descriptions.
We, therefore, refined the task list to 74 unique tasks by combining the tasks with similar
actions. The dataset includes 31 unique types of grasp topology some of which are identical
or similar, and the total number of grasp types can be reduced to 15 [21|. The refined dataset
includes 15 grasp topology as shown in Fig. 4.2, 255 unique objects, and 74 unique actions.

Some examples of the dataset are shown in Table. 4.2. In the table, we can see that different
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Figure 4.2: Defined grasp topology demonstrated in simulation environment.




Table 4.2: Examples of the task-object grasp dataset

Object A B C Rigidity Roundness Mass Shape Type Duration  Task Task_group  OppoType PIP Grasp_group
aerosolcancap 6 6 5 squeezable ¢ 16 equant cubic cylinder 5 arranging object arranging Pad Precision Precision pad abd 2-3
aerosolcancap 6 6 5 squeezable ¢ 16 equant cubic cylinder 4 securing cap securing Pad Power Power pad abd 2-3
air hose 15 3.25 1.75 rigid a 2315 bladed ellipse A 11.9 blowing away chips blowing Palm Power Power palm abd 2-5
air hose 15 3.25 1.75 rigid El 231.5 bladed ellipse A 2.1 cleaning off part cleaning Palm Power Power palm abd 2-5
flashlight 15 2 2 rigid a 215 prolate cylinder 20.4 moving object moving Side Intermediate Intermediate add 3
flashlight 15 2 2 rigid a 215 prolate cylinder 1.64 holding tool holding Pad Precision Precision pad abd 2-3
hammer 15 2 2 rigid El 400 prolate cylinder 0.36 holding tool holding Side Intermediate Intermediate add 3
hammer 15 2 2 rigid El 400 prolate cylinder 2.04 pounding hammer  pounding Palm Power Power palm add 2-5
metal Block 125 8.5 1 rigid non-round 135 oblate  shortprism 1.6 moving object moving Palm Power Power palm abd 2-5
paper towel roll 15 9 9 squeezable a 200 prolate cylinder 2 arranging object arranging Pad Precision Precision pad abd 2-5
part on machine 15 9 9 rigid a 1000 prolate cylinder 2 holding part holding Palm Power Power palm abd 2-5
remote 15 6 2.5 rigid non-round 165 bladed irregular 1.16 arranging object arranging Pad Power Power pad abd 2
remote 15 6 2.5 rigid non-round 165 bladed irregular 1.8 moving object moving Pad Precision Precision pad abd 2-5
rod 15 1.25 1.25 rigid a 300 prolate cylinder 3 adjusting rod adjusting Pad Precision Precision pad abd 2
rod 15 1.25 1.25 rigid a 300 prolate cylinder 3.44 holding part holding Palm Power Power palm add 2-5
ruler 15 2.25 0.25 rigid non-round 32.5 bladed irregular 17.04 holding tool holding Side Intermediate Intermediate add 3
ruler 15 2.25 0.25 rigid non-round  32.5 bladed irregular 0.4 pinching tool pinching Pad Precision Precision pad abd 2
screwdriver 15 3.5 3.5 rigid El 100 prolate cylinder 7.17 turning handle turning Pad Precision Precision pad abd 2-3
screwdriver 15 3.5 3.5 rigid a 100 prolate cylinder 1.88 holding tool holding Side Intermediate Intermediate add 3
small knob 45 25 2.5 rigid a 150 prolate cylinder 0.04 opening cabinet opening Side Intermediate Intermediate add 2
small knob 45 25 25 rigid a 150 prolate cylinder 10 turning knob turning Pad Precision Precision pad abd 2-3
sponge 10 6 2.5 squeezable non-round 17.5 bladed irregular 1 wiping counter wiping Pad Precision Precision pad abd 2
sponge 10 6 2.5 squeezable non-round  17.5 bladed irregular 3.9 moving object moving Palm Power Power palm add 2-5
spray bottle 15 6 3.5 squeezable non-round 400 bladed irregular 2 picking up picking up Pad Precision Precision pad abd 2-4
spray bottle 15 6 3.5 squeezable non-round 400 bladed irregular 25 holding holding Palm Power Power palm abd 2-5
thin rod 11.5 0.65 0.65 rigid a 105 prolate cylinder 20.36 applying gel to part applying Side Intermediate Intermediate add 3
thin rod 11.5 0.65 0.65 rigid a 105 prolate cylinder 8.76 turning tool turning Pad Precision Precision pad abd 2-3
wrench 15 2 0.75 rigid non-round 250 bladed irregular 2 holding tool holding Pad Precision Precision pad abd 2-3
wrench 15 2 0.75 rigid non-round 250 bladed irregular 10 cranking wrench cranking Palm Power Power palm add 2-5

tasks on the same object may result in different grasp selections.
Besides, the Yale human grasping dataset does not provide 3D models of objects. We

collected 157 3D object models that are similar to the objects in the dataset.
4.2.2 Learning Grasp Strategies

Task designations can be easily extracted from a task description using a natural language
processing algorithm named SpaCy. A task is usually a verb while the target object is a
noun. Cosine similarity S is computed between the extracted action a and each unique
action Ay in the task-oriented object grasping dataset. The action A which maximized S
will be selected as the action for this task, and other task designations of A; would also be
used for this task. Object affordances can be obtained using our previous work [57, 39].

The task-oriented object grasping dataset is further processed to train the model. The
categorical features in the dataset are converted to indicator values which expand the number
of features in the dataset to 127. The continuous features such as dimension and mass are
normalized to improve the robustness of the network. In real-world scenarios, more than

one grasp topology could be used for a certain task. We, therefore, designed a multi-class
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multi-label grasp selection network to predict grasp topology. The network includes three
subnetworks: the grasp topology selection network g(f), the OppoType selection network

o(f), and the PIP selection network p(f) where f is the input feature.

e The grasp type selection network g(f) includes one input layer with 131 neurons, three
hidden layers with 2!, 2%, and 2° neurons, and an output layer with 15 neurons. All
units in the input layers and hidden layers are activated by ReLU while the output
layer uses a sigmoid activation function. The output of g(f) is a set of probability

distributions over 15 grasp types.

e The OppoType selection network o(f) and the PIP selection network p(f) have the
same structure. They share the input layer and the first two layers of hidden layers
with ¢(f) and their output layer contains three neurons with a softmax activation

function.

The task-oriented object grasping dataset was divided into two parts. The training and
validation part contains 90% of grasping samples, and the test data includes the rest 10%
(650). The algorithm was trained with 4-fold cross-validation. The hyper-parameters include
batch size 64, 5000 training epochs, and learning rate 0.001 using an Adam optimizer. We

achieved training accuracy of 85% for o(f) and p(f), and a 100% hit rate for g(f).

4.3 Adaptive Grasp Deployment

The predicted grasp strategies need to be deployed to grasp objects. Since the grasp
size may vary depending on the shape, size, or even rigidity of the object, we trained a
deep reinforcement learning network to deploy adaptive grasps for different objects. The
traditional grasping task requires complex calculation on path and grasp points, and it is
not adaptive enough for task-oriented grasping. In this paper, we achieved adaptive grasping
by designing and training a reinforcement learning algorithm that allows the robot to learn

to grasp by itself and respond to unforeseen environments. A Proximal Policy Optimization
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(PPO) reinforcement learning algorithm [64] was implemented using actor-critic policy [37]
to teach the robot to grasp and move a target object adaptively. PPO updates its policy

using previous experience
Onew = arg max Emin(ry(0)A;, clip(ri(0), 1 —e, 1 +¢)A;)] (4.1)

where 0 is policy parameter, 6,,., is updated policy parameter, F indicates empirical expec-
tation over time steps, and r; is the ratio between the new policy and the old policy. The
term A; is an estimator of the advantage function at time ¢, € is a small number usually 0.1
or 0.2, and clip will clip A; while r; is not between 1 — ¢ and 1 + €.

Since we focus on adaptive grasp deployment, fixed grasp paths and object locations are
used in this work. Each joint in the hand is controlled by a scaler a; € [0,1]. The joint
will fully extend when a; = 0 and completely close while a; = 1. The AR10 hand has 10
joints, and the action function is a = [ag, a1, az, a3, a4, as, ag, az, as, ag]. The algorithm
will control the hand to grasp the object using the action function based on the configuration
of the selected grasp topology. In this way, the robot is able to adjust the grasp size while
keeping the configuration of the selected grasp topology.

We modeled the hand into six parts: palm, index finger, middle finger, ring finger,
little finger and thumb. The observation of the algorithm is a 12 dimensions vector O;, =
[co, €1, Ca, €3, Ca, 5y fo, f1, fo, f3, fa, f5] where ¢; is the closest distance between each part
of the hand and the target object, and f; indicates norm force provided by each part of the
hand.

A steady grasp prefers more contact points, also the contact force should not be too large
or it would either break the object or waste energy. To achieve optimized grasps, we define

the reward function as

~1000 n=0
R= (4.2)

pin—paf n>0
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where n is the number of contact points on the target object, f is the total force, and j is
the scaler to control the weight of n and f. If a grasp is a success, R = R + 1000. In this
work, we define a grasp as a success when the hand is able to grasp the target object, move
the object above a certain height, and hold it for a certain amount of time. This reward
function would reward more contact points and punish large contact forces.

A total of 15 predefined grasp topology was developed to grasp and move an object in
the simulation environment. A trial is terminated and reset whenever it achieves a success
grasp or it runs out of time.

The training set contains 537 data samples. We also added a small noise (less than 5
mm) to the object position to improve the adaptivity of the algorithm and extended the size
of the training set to 5370. The network is trained with learning rate 2.5e~* and discount

factor 0.9. The accuracy on the training objects achieved 88.2%.

4.4 Experiments

We conducted experiments to evaluate the proposed algorithm and to demonstrate its

performance in a simulation environment.
4.4.1 Experiment Setup

A simulation environment as shown in Fig. 4.3 was developed to evaluate the performance
of the proposed algorithm. The environment includes a robot and a workspace. The robot
contains an AR10 robotic hand and a Sawyer robotic arm, which are attached together to
deploy manipulation tasks. A table is placed in front of the robot as a workspace and objects
are placed at a fixed location on the table. The environment is developed with Pybullet using
Python 3.5 in Ubuntu 16.04.

About 10% (650) of the data from the task-oriented object grasping dataset was selected
and used for testing. A random noise that follows the standard deviation was added to the

continuous features of the remained data, and the size of the training set was increased to

136627.
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Figure 4.3: A simulation environment that allows complex grasping tasks.

Not all of the 157 3D object models were used to train/test the reinforcement learning
network. Some of the 3D objects are either too large for the workspace or too small to be
grasped by the robotic hand due to physical limitations of the hand. A number of 103 3D
objects were used in this work, where 86 objects were used for training the adaptive grasp

deployment network and 17 objects were used for testing the algorithm.
4.4.2 Grasp Strategy Learning

The proposed grasp selection network was tested with 650 data samples that are com-
pletely new to the algorithm. The result of the grasp selection network achieved a hit rate
of 100% and a top-3 match rate of 98.6%. Since the grasp selection network is a multi-label
model, we defined the hit rate as the probability that the top-1 predict label is in the target
label set. The top-3 match rate indicates how often the top-3 predictions are in the targets.
The ROC curve of each class can be found in Fig. 4.4. From the figure, we can see that
the AUCs for all classes are close to 1, demonstrating the performance of the grasp selec-
tion network. The testing accuracy was a little bit higher than the training accuracy. Two
reasons may lead to this result. Firstly, the training set has been augmented, so that it is
large enough to cover most object-task-grasp combinations. Secondly, there were only 650
testing samples in this experiment, and the accuracy may decrease as the number of testing
samples increases.

The accuracy of the OppoType selection network and the PIP selection network was
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Figure 4.4: ROC curves for all 15 classes of the grasp selection network.

85.9% and 86.3% (Fig. 4.5) which were lower than the accuracy of the grasp selection

network. Since the OppoType and the PIP selections are not designed as multi-label models,

there is only one target label for each data sample. This leads to lower accuracy on the

OppoType and PIP prediction. Although each grasp type is directly related to an OppoType

and a PIP, the experiment results show that the proposed network is able to predict all grasp

parameters with high accuracy.
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Figure 4.5: Confusion matrices of the PIP and OppoType selection network. PWR, INTER
and PREC are short for Power, Intermediate and Precision.
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4.4.3 Simulated Grasping of Arbitrary Objects

Since the AR10 hand only has 10 DOFs and can not perform some of the predefined
grasp topology, a total of nine predefined grasp topology was employed in the simulations.
Each grasp topology was tested with three new objects, and each object was grasped 100
times.

A total of 17 objects and 2700 grasping experiments were performed to evaluate the
adaptive grasping learning system as shown in Fig. 4.6, and the corresponding results can
be found in Table 4.3. In the experiment, if the robotic hand successfully grasped a target
object, picked it up for 20 cm, and held the object for 20 time steps (0.2 seconds) without
dropping it, the grasp is defined as a success. A number of 2312 successes were achieved,

and the final success rate was 85.6%.

Table 4.3: Results for simulated Grasping in Fig. 4.6

Grasp Topology Grasping Results

Power pad abd 2 94 93 85
Power pad abd 2-4 91 82 75
Power palm abd 2-5 89 83 78
Power palm add 2-5 82 98 7
Prec. pad abd 2 85 84 93
Prec. pad abd 2-3 95 74 96
Prec. pad abd 2-4 91 75 78
Prec. pad abd 2-5 89 98 76
Prec. pad add 2-5 82 78 91

Three reasons may lead to these results. The first one is that the testing data was
completely new to the algorithm, and some features might not be covered by the training
set. Secondly, the robot hand is not dexterous enough for certain objects. For example, the
success rates on the wrench were low for most of the grasp topology, since the wrench was
very thin and it was hard for the robot to grasp due to physical limitations. Finally, the 3D
object models are not perfect and some of the models are not accurate enough. For example,
for the banana shown in Fig. 4.6, we can see that the shape collision model of the banana

is not the same as its visual model.
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4.5 Summary

We presented a grasp learning algorithm that is able to learn grasp topology from hu-
man knowledge and deploy the grasp adaptively. A multi-output multi-label neural network
was developed to predict grasp topology based on task designations and object affordances,
and the top-1 accuracy for this network achieved 100%. A Proximal Policy Optimization
reinforcement learning algorithm was implemented and trained for adaptive grasp learning.
A total of 2700 grasping experiments were performed on 17 different objects and the overall
accuracy achieved 85.6%. The performance of the system was demonstrated by the exper-
iment results. Compared to deciding grasp topology for a task, choosing a proper grasp
location based on a specific grasp pose, and approaching the hand to a suitable position and
orientation to that location are even more challenging. Our further work will focus on those
two problems, and the final goal is to develop a fully automated dexterous grasping system

for both social and manufacturing environments.
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CHAPTER 5

KNOWLEDGE AUGMENTATION AND TASK PLANNING USING
LARGE LANGUAGE MODELS
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5.1 Introduction

Previous works have successfully mapped object features to proper grasp strategies
[41, 57], yet the deployment of these strategies remains a challenging task. The current
research employs learning or planning approaches to address this problem, but these meth-
ods either require a large amount of data or a comprehensive understanding of the grasping
environment. In this work, we further explore the intuitive reasoning abilities of the large
language model to tackle this problem efficiently.

We propose a Cognition Based Grasping System, as shown in Fig. 5.1, to guide humanoid
robots in accomplishing dexterous grasping of daily objects using incomplete features. The
system consists of five models: Object Perception (OP), Feature Complementation (FC),
Grasp Selection (GS), Task Planning (TP), and High Level Robot Control Library (HLRC).
The workflow of the system is illustrated in Fig. 5.1. The Object Perception model perceives
the object and gathers useful information about both the object and the environment. The
Feature Complementation model estimates and complements the features collected in the
Object Perception model. The Grasp Selection model maps the complemented features to
appropriate grasp strategies. The Task Planning model generates functional code to guide
the robot in executing the task, and the High Level Robot Control Library provides functions

to adapt to the code and control the robot.

5.2 Cognition Based Grasping System

Dexterous grasping in unstructured environments could be challenging due to the lack of
environmental information and the ability for intuitive reasoning and planning. We, there-
fore, developed a Cognition Based Grasping System to solve this problem. This system
complements perceived object features, maps them to grasp strategies, and guides and per-
forms their execution using common sense and intuitive reasoning. In this section, we provide

a detailed explanation of the proposed system.
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Figure 5.1: The workflow of the proposed system. In the figure, OP stands for Object
Perception, FC represents Feature Complementation, GS denotes Grasp Selection, TP is the
abbreviation for Task Planning, and HLRC is short for High Level Robot Control Library.

5.2.1 Object Perception

The Object Perception model utilizes the MagicHand platform to acquire object features,
including its name, mass, material, and dimensions, and information about the environment
such as the position and orientation of the object. The MagicHand platform integrates
multiple sensors, including RGB-D cameras, Force Sensing Resistors (FSR), and a SCiO
sensor, to enhance perception abilities. RGB-D cameras are used for object recognition,
3D modeling, and determination of object coordinates and orientation. FSR sensors are
integrated into the tips of a five-digit robotic hand to enable the detection of contact force.
The SCiO sensor collects the near-infrared spectrum of the object for material recognition
[40]. An electrical scale is also employed in the model to measure the mass of the object. The
dimensions of the target are derived from its 3D model. Further details of the MagicHand

platform can be found in our previous work [39].
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5.2.2 Feature Complementation

Although certain information about the object and the environment can be collected
by the Object Perception model, perceiving features such as fragility, rigidity, shape, and
textures can still be challenging. Traditional methods for acquiring these attributes, often
involve costly chemistry or physical analysis and are not suitable for real-time dexterous
grasping. It is straightforward to estimate these attributes based on the recognized features
using common sense, similar to human reasoning. We, therefore, developed a Feature Com-
plementation model by leveraging a large language model which has a basic understanding
of common objects and common sense.

Even though Large language models possess knowledge and proficiency in common-sense
and logical reasoning, they demonstrate limitations in problem-solving [5]. LLMs are sen-
sitive to input phrasing and often output misleading and overgeneralized knowledge. To
address this issue, we precisely define and categorize each feature and build prompts to
prompt the LLM to generate consistent and unambiguous estimations of missing object

features.

Feature Definition and Categorization

We provide clear definitions and categorizations for physical characteristics including fragility,
rigidity, shape, and texture. For each feature, we explored different definitions of that fea-
ture from various dictionaries, online resources, and research papers. Then, we input each
definition into the LLM and observed the output feature name. The definition that yields
the most consistent and accurate results was selected as the definition for that particular
feature.

While estimating the feature of an object, humans often provide a binary response, such
as “smooth” or “tough” for texture and “rigid” or “soft” for rigidity. Thus, we emulate this
strategy to categorize features including fragility, rigidity, and texture. However, classifying

the shape of an object into binary classes is not possible. Instead, we categorize the shape
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with the most basic shapes in geometry. In addition, a complex shape can be treated as a

combination of these basic shapes. The definitions and categorizations for each feature are

shown in Table 5.1.

Table 5.1: Feature definitions and categorizations.

Features Definition Categorizations
Fragility Tendency to break, shatter, {fragile, sturdy}
or deform when subjected to
external forces or stress.
Rigidity Ability to resist deformation {soft, rigid}
or bending and retain its
shape and structural integrity
when external forces are
applied.
Shape The overall form and {sphere, cube, cone,
structure of an object. cylinder, cuboid, disk}
Texture physical characteristics and {smooth, rough}

qualities, such as roughness
or smoothness, of the outer
layer of an object

These definitions and categorizations reduce ambiguity and enhance the LLM’s compre-

hension of those features, thus achieving a more accurate understanding of the attributes.

Prompt Implementation

The accuracy and the consistency of LLMs highly depend on the quality of the descriptions

of the problem such as phrasing, relevant details, context, and specific requirements or

constraints. To have LLMs generating more close output to the desired one, we formulated

various prompts to enhance problem descriptions. The prompt yields the most precise and

consistent result is shown in Table 5.2. An example input “calculator 15.4 7.9 1.5 116 plastic”

yields the result “{shape : cuboid, texture : smooth, rigidity : rigid, fragility : sturdy}”.
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Table 5.2: Prompt for Feature Complementation.

Imagine you are helping me to estimate the physical features of an
object based on some known features of that object. I will give you some
features of an object, and you need to complement the features with
common sense. The features that need to be complemented are Fragility,
Shape, Texture, and Rigidity.

Shape is defined as the overall form and structure of an object and is
categorized as {sphere, cube, cylinder, cone, cuboid, disk}.

Texture is defined as the physical characteristics and qualities, such as
roughness or smoothness, of the outer layer of an object, and categorized
as {smooth, rough}.

Rigidity is defined as an object’s ability to resist deformation or bending
and retain its shape and structural integrity when external forces are
applied, and categorized as {soft, rigid}. Fragility is defined as an
object’s tendency to break, shatter, or deform when subjected to
external forces or stress, and categorized as {fragile, sturdy}.

The output should be in JSON format. Only output Fragility, Shape,
Texture, and Rigidity. Do not explain your answer.

5.2.3 Grasp Selection

The grasp of an anthropomorphic robotic hand defines a set of angles of the finger joints,
and the magnitude of the contact forces applied by the fingers and palm to an object at the
contact points. The objective here is to emulate human grasping by mapping object features

f complemented from the Feature Complementation model onto grasp prioritization H

f=la,b,c,m,s,mt,rt, fr] - H (5.1)

where (a, b, ¢) are dimensions along orthogonal directions (a,b,c) and (m, s, mt, r, t, fr)
are the mass, shape, material type, rigidity, texture and fragility of the object.
Grasp Definition

The complemented object features f may be inaccurate or even erroneous due to rough mea-

surement and estimation. To enable imprecise measure of object dimensions and position,
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and improving system robustness and adaptivity, We therefore implement grasp strategies
in terms of grasp topology and grasp dimension. Grasp scales are determined by the orthog-
onal dimensions a, b, ¢ around which the grasp closure occurs, as illustrated in Fig. 5.2. This
labeling convention is commonly adopted in the literature [23], facilitating the computation
of hand closure in forward and inverse kinematics. Grasp dimension d includes all feasible

dimensions that can be utilized to grasp the object and

d € {a,b,c,ab,be, ac,abc} (5.2)

where ab indicates the object can be grasped either around dimension a or around dimension

b.
Grasp dimension: a/b/c Grasp dimension: ¢ Grasp dimension: b
Figure 5.2: Illustrations of grasp dimension.
The grasp topology h is one of the grasp types drawn from the set of human grasp
primitives

h € {wt,wp, wh,we, rp,rc} (5.3)

where grasp types wt, wp, wh, we, rp and rc, as shown in Fig. 3.4, are high level grasp topol-
ogy adopted from the Grasp Taxonomy presented by Cutkosky [14]. This grasp definition
can be easily applied to other type of hand-effectors by restricting the number of fingers
used.

We developed a grasp classification system by combining the grasp type and dimension

to overcome the inconsistencies in grasp dimensions for certain object-grasp associations.
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This taxonomy ensures that each grasp topology is associated with proper dimensions and

sizes. The extended grasp taxonomy is defined as

H € {rc.ab,rc.be, rp.b, rp.c,we.abe, wh.be, wh.c, wp.be, wt.c} (5.4)

Further details regarding this methodology can be found in our previous work [57].

Learning Grasping Strategies from Object Features

Most studies attempting to understand and codify human grasps have concluded that hu-
man grasp choice is a function of object affordances (geometry, texture etc.) and the task
requirements (forces, mobility, etc.) [14, 52]. Attempts to assign one most suitable grasp
for a given object-task combination have not been conclusive. The major problem is that
even for the same specific object-task combination, there are multiple grasp choices possible,
which offer appear to be arbitrary and not amenable for deterministic modeling. Human
grasp choices nevertheless do tend to cluster when studied over a large set of objects. Both
the clustering effect and the confusion between grasp types can be seen in the data presented
by [23|, which shows that a single object could be held in multiple different grasp types in
the course of picking or handling. There is no one-to-one mapping of one object to one grasp
type.

The problem of grasp selection is therefore not selecting one ideal grasp type but one of
the many feasible grasp types in human grasp taxonomy for the given context. To that end,

we plan to learn the mapping from features f into grasp topology distributions

f— P(H|f) =[P(rc.ablf),---, P(wt.c|f)] (5.5)

We designed a neural network to model the probability distribution over all grasp classes
P(H|f), as illustrated in Fig.5.3. The network is designed with cross-entropy loss and

optimized using stochastic gradient descent algorithms. The loss function is defined by cross
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entropy that measures the deviation between the ground truth and predicted probability

distribution

L(P(H|S), P(HI) = 30 37 P(H;|f) log P(H; f) (5.6

where i € [1, N] with N as the number of observations and j is the index of grasp topology.

f =[a,b,c,m,s, mt,r,t,fr] S o S P(H|f;) = [P(rc.ablf),.,.,., P(wt.c|f;
Qe T
Sk
"@“‘@& P(wt.c|f))
K4 o

MIEWARR)
I
‘ Learnt Grasp Configuration

Object’s Features, f

y()

Figure 5.3: The Grasp Selection model.

The grasp with the maximum probability is chosen by
11} = arg max P(H] ) (5.7)
J

the predicted grasp configuration [:[;;ax contains information regarding the grasp type and
object dimension along which the grasp can be executed, so H* 0z can be easily decomposed
into grasp type h* and grasp dimension d*, which can be used subsequently to calculate robot
hand configuration. The optimal grasp type is chosen as the one corresponding to the highest
probability from the predicted probability distribution.

Because the model predicts probability distributions, we defined two scoring metrics for

training and evaluation of the model. The predicted grasp choice is scored as a success if

the same grasp type was chosen at least once in the evaluation dataset. The feasibility of
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the grasp is scored as

F{(P(H), P(H)) = (5:8)

where

Hipox = arg max P(H;|f) (5.9)
J

is the grasp topology with the maximal probability, and H is defined in (5.4). The feasibility
score Fj is representative of the ability of the algorithm to pick a feasible grasp for a given

object. The match score metric F;, is defined as

A

N 1 P(Hmax) = P(Hmax)
Fn(P(H), P(H)) = (5.10)

0 P(Hpay) # P(Huax)

This match score is representative of the ability of algorithm to predict the most frequently
applied human grasp as the grasp with the highest probability for a given object. In other
words, F), is akin to the accuracy. This metric is much more stringent and therefore we can
expect the match score F}, to be always lower than feasibility score F;

Fn(P(H),P(H)) < F(P(H), P(H)) (5.11)

We used the feasibility score as the primary scoring metric, for the objective is to find one

feasible grasp that can be successfully executed by a robot.
5.2.4 Task Planing

Traditional grasp deployment methods, relying on planning or learning approaches, re-
quire a deep understanding of the environment or extensive data for training which are not
resource-efficient and sometimes impossible to achieve. In this section, we introduce a LLM-
based Task Planing model, which leverages LLM’s abilities of common sense and reasoning

abilities, to deploy the learned grasp strategies with efficiency and flexibility.
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Table 5.3: Prompt for Task Planing.

An object is placed on a table in front of the robot. The the width of the palm is 11
cm. The max length of the grasp aperture is 12 cm. The height of the object is
along the vertical direction, width along horizontal direction, and the thickness
along the forward-backward direction. Your task is to grasp the object and pick it
up. To accomplish the task, you need to 1. decide which direction (side or top)
would provide the most secure and stable grasp. 2. rotate hand and approach the
object based on the selected direction. 3. move to the object. 4. grasp the object.
5. pick up for 10 cm. The following functions are available for you:
rotate_hand(direction): take a string input, rotate the robotic hand so that the
hand can grasp the given direction

approach _object(direction): move to a safe distance based on the grasp direction
get object position(direction): return the current coordinates and orientation of
the direction of the object.

move _hand([x,y,x|): move the hand to the given position [x,y,x]

grasp _object(): close the hand to grasp the object.

You need to learn the skill of picking up the object and holding it.The object is a
water bottle with dimension 21x7.5x7.5 corresponding the height, the width, and
the thickness. Use your common sense and reasoning skill to write python code to
control the robot to pick up this specific object. You are allowed to create new
functions using the available functions, but you are not allowed to use any other
hypothetical functions. Keep the solutions simple and clear. Do not output code for
each step. Output an overall code.

Additional points to consider when giving your answer:

1. Your responses should be informative, visual, logical and actionable.

2. Your logic and reasoning should be rigorous, intelligent, and defensible.

3. You can provide additional relevant details to respond thoroughly and
comprehensively to cover multiple aspects in depth.

To generate appropriate grasping plans, we devised prompts that outline the task, eluci-

date the available functions, provide a description of the environment, and specify the goal.
The model will analyze the given information, decide to grasp the object from the top or
from the side, and generate a comprehensive and practical grasping deployment plan based
on the decision. To simplify the problem, grasp pose is pre-adopted and the target object
was placed in a manner that its grasp dimension can be grasped from the direction decided
by the model. The final prompt, shown in Table 5.3, yields the grasping deployment code

in Figure 5.4. Note that the prompt is task and environment specific. For different task and

environment combinations, the prompt needs to be adjusted accordingly.
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Python

# Step 1: Decide the most secure and stable grasp direction from the sides
grasp_direction = 'side’

# Step 2: Rotate hand and approach the object based on the selected
direction

rotate_hand(grasp_direction)

approach_object(grasp_direction)

# Step 3: Move to the object

object_position = get_object_position(grasp_direction)

target_position = [ object_position[0], object_position[1],
object_position[2]]

move_hand(target_position)

# Step 4: Grasp the object

grasp_object()

# Step 5: Pick up the object for 10 cm

target_position[2] += 10 # Move 10 cm upward from the current position
move_hand(target_position)

Figure 5.4: Generated grasping deployment plan.

5.2.5 High Level Robot Control Library

This High Level Robot Control Library (HLRC) is implemented to adapt to the code
generated from the Task Planing model. HLRC is a versatile library developed, utilizing API
from OpenCV, Sawyer and AR10 libraries, and ROS Python libraries, to provide precise
robot control in real-world robot test beds. The “get object position” function locates the
object and return its current coordinates and orientations in the environment through the
MagicHand system [39]. The “rotate hand” function rotates the robot hand so that the
robot can grasp the object from either the left side or the top. The “approach object”
function ensures the object in the grip by calculating the relative position among the palm,
the fingers and the object. The “grasp object” function executes the grasping action until

a specific contact force threshold is reached.

5.3 Experiments

Real-world experiments were conducted using an anthropomorphic robotic hand to eval-

uate the overall performance of the proposed Cognition Based Grasping System. We revised
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our previous object dataset in [58] to test the accuracy of the Feature Complementation
model and to train and evaluate the Grasp Selection network. The experiment results demon-

strated the performance and improved the overall understanding of the proposed system.
5.3.1 Experiment Setup

Testing Environment

The MagicHand platform, as shown in Fig. 1.3, serves as the test bed for the proposed
system. The robot includes an AR10 robotic hand, a Rethink Sawyer robot (with an in-arm
camera), as well as an Intel RealSense RGB-D camera, Force Sensing Resistors (FSR), and
an SCiO sensor installed on the wrist. The robotic hand has limited force sensing through
the FSR attached to fingertips, so we focused on hand configurations and planning and used

the force sensors to examine contact conditions.

Figure 5.5: Sample objects for experiments.

Testing Dataset

To align with the categorization strategy described in Section 2. B, we revise the Fragility,

Rigidity, Shape, and Texture features of the object dataset [58]. The dataset was established
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by nine non-expert college students who collected information from 100 everyday objects and
labeled each object with all applicable grasp topologies. Object features, including name,
dimensions, mass, shape, texture, fragility, material, and rigidity, were measured, estimated,
and mapped with grasp topologies in 5.4. For each object, the label includes all applicable
grasp topologies and their corresponding frequency. A selection of object samples is show in

Figure 5.5.
5.3.2 Object Feature Estimation

The efficiency of the Feature Complementation (FC) model is evaluated with the revised
object dataset. Perceived information from the Feature Perception model, including object
name, dimension, and material, is enhanced and complemented. The performance of the FC

model is shown in Figure 5.6.

100 Feature Prediction Accuracy
95
95
91
90
87
85
82
) .
75
Fragidity Rigidity Shape Texture

Figure 5.6: Feature estimation accuracy of the Feature Complementation model.

In the figure, we can see that the model has a lower accuracy in predicting shape and
texture. This is due to the limitation of the given information. Objects with the same
names and dimensions could have different shapes. For example, a 7x7x2 plate could either
be square-shaped or disk-shaped. Additionally, differentiating cylinder and cuboid based on
the dimensions of the object can be also challenging. By using diameter to describe the
disk and cylinder-shaped object, the accuracy for predicting shape increased to 91%. The

prediction of the texture faces the same problem, name and material of the object are not
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enough for deciding whether its surface is smooth or rough. The surface of objects can
vary in smoothness or roughness not only based on the material but also due to the surface
structure. For instance, the surface of a metal cup can be either smooth or rough based on

the surface finish or polishing.

5.3.3 Grasp Selection Network

Labled Grasp Probability Distributions Predicted Grasp Probability Distributions

Object rc.ab | rc.bc | rp.b rp.c |wc.abc| wh.bc| wh.c [ wp.bc| wt.c | rc.ab | rc.bc | rp.b rp.c |wc.abc| wh.bc| wh.c [wp.bc| wt.c | FI |Fm
calculator 0.00 | 0.00 | 0.56 | 0.22 0.00 0.00 0.00 0.00 0.22 0 0.22 0.41 0 0 0 0 0 037 ]11(1
water bottle 0.00 | 0.11 0.11 0.22 0.00 | 0.56 0.00 0.00 0.00 0 0 0.32 0.25 0 0.43 0 0 0 1(1
wood cylinder 0.00 | 0.22 | 0.56 | 0.22 | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 0 0.18 | 031 | 0.29 0 0.22 0 0 0 11
cardboard box 0.00 | 0.00 | 0.56 | 0.22 | 0.00 [ 0.00 | 0.00 [ 0.00 | 0.22 0 0 0.37 | 0.19 0 0 0.22 0 022 1|1
mini rubix cube 0.11 | 044 | 0.33 | 0.11 | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 0 0.45 | 031 0 0 0 0 0 024 1|1
wood wedge 0.00 | 0.22 0.44 | 0.22 0.00 | 0.00 | 0.00 0.00 0.11 0 0.12 0.25 0.43 0 0 0 0 0.2 1|0
wood disk 0.44 | 0.00 | 0.22 0.22 0.00 | 0.00 0.00 0.00 0.11 0.34 0 0.26 0.4 0 0 0 0 0 1(0
tennis ball 0.11 | 0.11 | 0.22 | 0.11 | 0.44 | 0.00 | 0.00 [ 0.00 | 0.00 | 0.2 | 0.25 0 025 | 03 0 0 0 0 1(1
wood piece 0.22 | 044 | 0.22 | 0.11 | 0.00 | 0.00 | 0.00 [ 0.00 | 0.00 | 0.11 | 0.39 | 0.26 | 0.24 0 0 0 0 0 11
plastic cap 0.56 | 0.00 | 0.22 0.11 0.00 0.00 0.00 0.00 0.11 0.15 0 0.25 0.2 0.2 0 0 0 0.2 1|0
medicine dispenser| 0.00 0.00 | 0.67 0.22 0.00 | 0.00 | 0.00 0.11 0.00 0 0 0.35 0.18 0 0 0.22 0.25 0 111
screw driver 0.00 | 0.00 | 0.33 0.11 0.00 | 0.00 0.00 | 0.56 0.00 0 0 0.17 0.29 0 0.16 0 0.38 0 111
balll 0.11 | 0.22 | 0.11 | 0.11 | 0.44 | 0.00 | 0.00 [ 0.00 | 0.00 | 0.19 | 0.15 | 0.21 0 0.45 0 0 0 0 1|1
rubix cube 0.11 | 0.11 | 0.56 | 0.22 | 0.00 [ 0.00 | 0.00 [ 0.00 | 0.00 | 0.22 | 0.2 03 | 0.16 | 0.12 0 0 0 0 11
water bottle cap 0.56 | 0.00 | 0.33 0.11 0.00 0.00 | 0.00 0.00 0.00 0.35 0 0.23 0.23 0.19 0 0 0 0 111
sanitizer bottle 0.00 0.00 | 0.56 | 0.22 0.00 | 0.22 0.00 0.00 0.00 0 0.25 0.4 0.1 0 0.25 0 0 0 1(1
wallet 0.11 0.00 | 0.44 | 0.22 0.00 0.00 0.00 0.00 0.22 0.25 0 0.35 0.24 0 0 0 0 016 § 1|1
ball2 0.11 | 0.22 | 0.11 | 0.11 | 0.44 | 0.00 | 0.00 [ 0.00 | 0.00 | 0.21 | 0.24 0 0 0.55 0 0 0 0 1|1
toy car 0.00 | 0.00 | 0.56 | 0.33 | 0.00 [ 0.11 | 0.00 [ 0.00 | 0.00 0 0 0.48 | 0.23 0 0.29 0 0 0 11
kitchen scale 0.00 | 0.00 | 0.00 | 0.33 | 0.00 [ 0.00 | 0.00 [ 0.00 | 0.67 0 0 0.18 | 0.27 0 0 0 0 055 | 1(1

Figure 5.7: Sample grasping strategy determination: ground-truth vs. predicted grasping.

We developed the neural-network model to learn grasping strategies as proposed in Sec-
tion 2. C, and optimized the model in terms of cross-entropy. The input layer includes nine
nodes activated by ReLu function. The next four layers are hidden layers which contains
27,29 27 and 2°neurons which are also activated by ReLu function. The output layers has
nine nodes activated by Sigmoid activation function. The input of the model is the acquired
object features, and the output is the grasping strategies corresponding to human preference
and knowledge. The grasping strategies were represented by normalized probability distribu-
tions. The results of grasping strategy determination with scores are reported and compared
to the ground truth in Fig. 5.7. The feasibility score F; of the model is 100%, which was

defined as the hit rate of the predicted grasp strategy in all human preferred grasps. The
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experiment shows that the model’s capability in picking feasible (human validated) grasping.
The match-score F,,, on the other hand, measures the accuracy of the prediction considering
only the most preferred human grasping. The experiment demonstrated that the max-match
rate was around 85% for the test objects. The objects with complemented features were also
tested by the network. The testing result shows a feasibility score of 100% and a match-
score of 83% which is similar to the object with human-decided features, indicating the
grasp topology predicted by the grasp selection network based on complemented features

are comparable to those made by human decision-makers.
5.3.4 Robotic Grasping

To further examine the performance of the proposed system, we performed grasping
experiments using the MagicHand platform. Test objects were placed on the table with a
default initial orientation, and located and identified by the Object Perception model. The
perceived information was then complemented by the Feature Complementation model. The
robot autonomously chose the grasp strategies according to the completed object affordance.
The success of a grasp was determined by the stability of grasping after brief maneuvers
including grasping, lifting, and holding. A grasping task was considered a success if the
object stays secure throughout the maneuvers.

We conducted ten grasping tasks on different objects and the overall success rate of
grasping was 80%. One failure case involved the grasping of a large-sized metal cup, where
the model predicted the most preferred human grasping strategy (wh) and grasp direction
(side). However, the hand failed to wrap the cup tightly and securely, leading to the failure
of the grasping task. This was attributed to the limitations of hand dexterity and the usage
of the pre-defined grasp pose. The other failure case happened while trying to grasp a
small bottle cap. Even though the model predicted the most preferred human grasp (rp),
it decided to grasp the object from the side, we terminated the task to prevent potential
collision between the hand and the table.

We designed a sequential system to emulate human decision-making processes. In such a
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system, errors from one model could permeate or propagate to subsequent models. However,
in the experiments, the final grasp execution on the robot was minimally affected by the
errors generated in each model. The primary reason could be that, while human grasping is
complex, it is also highly resilient to external perturbations of contextual variables. When
modeling robot grasping using human grasp primitives, this resilience behavior was emulated
as well. For example, there are multiple ways to grasp an object, so it is less likely to choose
a wrong grasp as we have seen from the results of our Grasp Selection model. The other
reason is that the experiment objects were designed with the intent of handling by five-
fingered hands, so when there is a miscalculation, e.g., grasp dimensions, the fingers conform

to the object shape and still result in a secure grasp.

5.4 Summary

This paper has presented a Cognition Based Grasping System to applying a proper
strategy to grasp an object without complete sensing of object affordance. The framework
of the proposed system emulates the human grasping process, including object affordance
acquisition, strategy determination, and grasping deployment, by combining common sense,
intuitive, reasoning, and machine learning approach. The accuracy of the feature comple-
mentation process are between 82% to 95% depending on the feature. The grasp selection
model achieves a 100% feasibility score and an 85% match score in predicting human grasping
knowledge. Experiment on the humanoid robot achieved 80% success rate, demonstrating
the practicality and efficiency of the proposed system in dexterous grasping task in unfamil-
iar environments. In summary, the experiments show that the proposed system is efficient

and suitable for real-world grasping applications.
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CHAPTER 6

GRASP INTENTION INTERPRETATION IN OBJECT HANDOVER
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6.1 Introduction

Human-robot collaboration, particularly in the context of object handovers, is essential
for ensuring smooth and effective interactions in both structured and unstructured environ-
ments like healthcare and industrial settings [2, 7, 70|. For example, a robot handing tools
to a nurse or parts to a factory worker must adapt to the human’s grasping habits and
workspace, improving safety and efficiency. Extensive research has been conducted to ad-
dress the handover task in human-robot collaboration. Studies have analyzed the trajectory
and velocity of approach movements to ensure smooth transitions [30, 48|. Additionally,
object orientation and affordances have been optimized to make it easier for the receiver
to grasp the object |9, 67]. Some approaches also involve learning from human behavior
to improve the naturalness and effectiveness of handovers [9]. However, less work has been
done to adapt to the habits of the receiver, particularly the variability in human grasping
behaviors, which are influenced by individual preferences and situational factors. Developing
systems that can accurately recognize and adapt to these diverse human behaviors is crucial
for making robots more intuitive and practical in real-world applications.

Grasp topology and taxonomy are key to understanding human grasping behaviors and
robotic adaptation. Grasp topology describes the geometric configuration of the fingers or
contact points with an object, such as pinching or cupping. Grasp taxonomy categorizes these
topologies into structured classes based on factors like contact points and object shape. This
classification aids in designing robots that can effectively recognize and adapt to human
grasping behaviors in various tasks and environments. Previous research has shown that
human grasp choices tend to cluster over a large set of objects, leading to the development of
grasp taxonomies to simplify grasping choices. For example, Cutkosky’s taxonomy identified
16 grasp types used by machinists [14], and Feix’s taxonomy expanded this to 33 different
grasp types [8, 22|.

The FreiHAND dataset provides a large collection of annotated 3D hand poses, high-

resolution RGB images, and key points annotations, making it highly valuable for hand
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Figure 6.1: Structure of the grasp adaptation system.

tracking and grasp recognition research [85]. In this paper, we extend the FreiHAND dataset
to map individual grasping habits to a standard set of grasp topologies.

Reinforcement learning (RL) is a powerful approach for robot control, where robots learn
to perform tasks through trial and error |71, 68, 27]. By receiving feedback in the form
of rewards or penalties based on their actions, robots improve their behavior over time
[69]. This method enables robots to develop adaptive and optimized control strategies for
complex and dynamic environments, enhancing their ability to perform a wide range of tasks
autonomously. In this paper, a RL model is designed to conduct the object handover task
in a simulation environment which is identical to the MagicHand system [40, 39].

We propose a grasp adaptation algorithm, as illustrated in Fig. 6.1, that processes an
RGB image of a human grasping pose, converts it into an abstract grasp representation,
and classifies it into one of six standard grasp topologies. Key points are then selected from
the abstract grasp based in the identified grasp topology to estimate the appropriate object
pose, and a reinforcement learning model is used to optimize the object handover task. The

contributions of this research include:

e We designed and developed a deep learning network to classify grasp poses into six

standard topologies, enabling the robot to determine the appropriate object pose.

e We created a reinforcement learning model to optimize the object-handover task.
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6.2 Human Grasping Habit Adaption

The proposed system comprises three models: grasp recognition, object pose estimation,
and a reinforcement learning model for object handover tasks. This section provides detailed

descriptions of each model.
6.2.1 Recognition of Human Grasp Pose

Standard Grasp Topology

In this paper, we classify grasp poses into six distinct grasp topologies [57|, as illustrated
in Fig. 6.2. The figure categorizes grasps into two main types: power grasps and precision
grasps, based on object shapes and the involvement of virtual fingers (VF). Power grasps,
such as those for circular and prismatic objects, prioritize security and stability, utilizing
more virtual fingers and 3D wrapping. In contrast, precision grasps focus on dexterity and

sensitivity, typically involving fewer virtual fingers and 2D wrapping.

Prehensile Grasps

Power (w) Precision (r)
Security & Stability Dexterity & Sensitivity
radial Sym~| prism{thick}| prism (slender)| thin/flat | radial sym.l prism.I
Circular Heavy Warp H Prismatic | Thin Circular ' Prismatic
(we) (wh) ! (wp) (wt) (rc) (rp)
VF: Wrap 3D VF: Wrap 2D VF: Wrap 2D VF: 2 VF: 3 VF: 2

\ = 1
Italics: Object Shapes; (WC): Grasp Labels; VF: Virtual Fingers

Figure 6.2: The predefined grasp topology.

After establishing the grasp taxonomy, a standard grasp pose was selected for each topol-
ogy by evaluating grasp poses from the FreiHAND dataset. The evaluation was based on how
well each pose matched the defined topologies, and the pose that best fit each topology was
chosen as the standard grasp pose. The final results are shown in Fig. 6.3, which displays
both the RGB image of the standard grasp pose and the corresponding grasping informa-

tion. The grasping information includes the abstract grasp and the key points (highlighted
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in green) of that specific grasp topology. These key points are used to estimate the object
pose. The orange dotted axis in the figure represents the estimated object pose, derived

from the selected key points.

Grasp Pose Grasp Information

Grasp Pose

Grasp Information

I Wi
I v
1

Figure 6.3: Standard grasp topology: This figure displays images of the grasp topology,
including the skeletons of each standard grasp topology and their corresponding key points,
highlighted in green.

Grasp Topology Recognition

A multi-layer perceptron (MLP) deep neural network was developed to map abstract grasps
to standard grasp topologies. Rectified Linear Units (ReLU) were used as activation func-
tions in the input and hidden layers. The input layer has 63 neurons, corresponding to the
21 3D points in each abstract grasp. The network features three hidden layers with 1,024,
256, and 32 nodes, respectively, to refine the model. The output layer consists of six neurons

with Softmax activation functions to classify the grasps. The model was trained on a dataset
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refined from the FreiHAND dataset.
6.2.2 Object Pose Estimation

The pose of the object, including both position and orientation, is determined based on
the key points associated with the standard grasp topology. For grasp topologies such as
“wc”, “wh”, “wp”, “r¢”, and “rp”, the object should be positioned within the grasp’s aperture,
which is the space between the fingertips of the thumb and the fingers. The object position is
defined as the midpoint between p;, the point representing the tip of the thumb, and p., the
closest fingertip to p;. The object position is expressed as p,, = 0.5 (z; + T, Y + Ye, 2t + 2c)-
Since the orientation is typically aligned with the palm or fingers, two key points, ps and p.,

are pre-selected from the abstract grasp to define the object’s orientation. These points are

usually located on the palm. The orientation of the object is expressed as

L(t) = (l’m, Ym, Zm) +1- (xe — TgyYe — Ysy e — Zs) (61)

where z, y, and z are coordinates of the point and ¢ is a scalar parameter. The points ps, pe,
Pe, and py, are specific to each grasp topology and serve as key points provided for analysis.

For the grasp topology “wt” the object should be positioned between the fingertip of the
thumb and the side of the index finger, specifically at the key point py;,, which corresponds to
the PIP joint (Proximal Interphalangeal Joint) of the index finger. The object’s position for
this grasp topology is expressed as p,, = 0.5 (2¢ + Tpip, Y+ + Ypips 2t + Zpip). The orientation
of the object should be roughly parallel to the index finger. In this case, the key points p,
and p, in (6.1) represent the PIP and MCP (Metacarpophalangeal) joints of the index finger,

respectively.
6.2.3 Object Handover Using Reinforcement Learning

Once the object’s pose is determined, the robot must adjust the object to the specified
position and orientation. We designed and developed an reinforcement learning model to

achieve this goal. A simulation environment mirroring the MagicHand platform, which
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supports a variety of manipulation tasks, has been established [39, 41].

The task is to handover the object to a human hand, simulated by a Schunk anthropo-
morphic robotic hand in a simulation environment, and positioning it at the target pose,
represented by a green area. The action space of the proposed model is a six-dimensional
vector, including movements and rotations of the robotic hand along the x, y, and z axes.
The observation space consists of seven dimensions: the relative position and orientation
between the object and the target, as well as the distance between them.

In the task, our goal is to position the object as close to the target as possible, rewarding
smaller distances between the object and the target. Additionally, we aim to align the
object’s orientation with the target’s orientation, rewarding smaller differences in orientation
along the x, y, and z axes. To ensure safe interaction, we impose penalties for collisions with

the human hand. The reward function is expressed as

|K|

r=eld pe el g etk ap, (6.2)

where d is the distance between the object and the target location, and h, [, and k represent
the differences in orientation between the object and the target along the x, y, and z axes,
respectively. The coefficient « is a constant, and n. represents the number of contact points
with the human hand. We chose an exponential function because its value changes more
rapidly when the exponent is large and more slowly when the exponent is small. This
approach encourages the robot to make larger adjustments when the current pose is far from
the target, while allowing for more precise, gradual adjustments as the pose approaches the
target.

The proximal policy optimization (PPO) algorithm is employed to train the model. PPO
is a reinforcement learning algorithm designed to improve policy stability by limiting the

size of policy updates. It uses a clipped objective function to ensure that the new policy
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does not deviate excessively from the old policy. The objective function is given by

JO)=F {min (MA(S, a), clip (M 1—¢1+ e) Als, a)ﬂ

TOo1a (CL|$) 6014 (CL|$)

where mg(a|s) and 7y, , (a|s) are the probabilities of taking action a in state s under the new
and old policies, respectively, and A(s, a) is the advantage function. The clipping function
clip restricts the ratio of the new to old policy probabilities, with e controlling the extent of

the allowed change, thereby balancing exploration with stability.

6.3 Experiments

The proposed system was evaluated under different thresholds. The simulation environ-
ment was set up using PyBullet and Gym, and task simulations were conducted to test the

final performance of the system.
6.3.1 Data Preparation

The FreiHAND dataset provides high-resolution RGB images with detailed 3D hand
poses and key points, supporting research in hand tracking and grasp recognition. Its com-
prehensive annotations are valuable for developing and evaluating hand tracking algorithms
and applications in robotics and augmented reality. We revised the dataset by labeling each
grasp with a specific topology. A sample of the revised dataset is shown in Fig. 6.4. Each
grasp pose has been meticulously reviewed and classified into one of six predefined topologies
or marked as "other". The updated dataset now includes 100 grasp poses for each of the six

topologies, totaling 600 annotated grasp poses.
6.3.2 Grasp Recognition

The revised dataset is divided into two parts: 540 grasp poses for training and validation,
and 60 new grasp poses for testing. The proposed algorithm was evaluated using 4-fold cross-
validation with hyperparameters of a batch size of 64, 500 epochs, and the Adam optimizer

with a learning rate of 0.001. The training accuracy achieved 93.3% while the accuracy on
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Figure 6.4: The revised dataset consists of 600 grasp poses, each paired with a corresponding
abstract grasp representation for each grasp topology.

testing set achieved 87.2%. The testing accuracy is relatively low because some of the grasp
topologies are difficult to distinguish. For example, the "wh" and "rc" grasps have similar

configurations, making them harder to recognize accurately.
6.3.3 Object Pose Estimation and Handover

Determining the effectiveness and accuracy of an object pose can be challenging, so we
evaluate it through an object-handover task in a simulation environment. An object pose is
considered effective if the robot can successfully pass the object to the human hand, which
should then be able to securely grasp it. For this evaluation, we used PyBullet [13] to
simulate an AR10 robotic hand mounted on a Sawyer robot holding the object. The human
hand, simulated by a Schunk robotic hand, positioned in front of the robot, performs a
variant of one of the six grasp topologies. The system estimates the object pose based on
the grasp pose of the simulated human hand and highlights the estimated pose as a green
area. The handover task for each grasp topology is illustrated in Fig. 6.5, where the robot’s
goal is to position the object to align with the green area while avoiding collisions with the
human hand.

The model was trained for 20,000 episodes with a learning rate of 1.6 x 107% and a

batch size of 32, with varying target positions and orientations in each episode. Each grasp
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Estimated Object Pose Object Positioning

Figure 6.5: Handover task for each grasp topology: In each task, the system first estimates
the object pose based on the grasp pose of the simulated human hand. The model then
attempts to place the object at the target pose.

topology was tested 100 times achieving an overall success rate of 83%.

6.4 Conclusions

In conclusion, this paper presents a robust approach to enhancing human-robot coop-
eration through the development of a grasp adaptation system. By accurately recognizing
diverse human grasping habits and classifying them into standard grasp topologies, the
system determines optimal object handover strategies for smooth handovers. The use of
deep learning for grasp pose recognition and reinforcement learning for strategy optimiza-
tion demonstrated strong performance in experimental settings. Although challenges remain
in distinguishing similar grasp configurations, the results underscore the potential of the
proposed system to improve human-robot interaction by making robots more adaptable to

varied human behaviors.
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CHAPTER 7

TASK-ORIENTED GRASPING USING REINFORCEMENT LEARNING
WITH A CONTEXTUAL REWARD MACHINE

7.1 Introduction

Robotic dexterity, the ability of a robot to manipulate objects with precision, adaptability,
and control, akin to human hand dexterity, is essential for performing complex tasks across
diverse applications, including aerospace, automotive, manufacturing, and warehousing [19].
While robots excel in structured environments and repetitive tasks, they remain constrained
in unstructured and dynamic scenarios. Advancing robotic dexterity has the potential to
bridge this gap and allow robots to handle complex tasks in uncertain environments [32]. The
current methods struggle with dexterous manipulation, especially when handling objects of
varying shapes, sizes, and materials.

Grasping an object represents the initial and foundational step of dexterous manipulation.
A key factor in grasping tasks is the selection of an appropriate grasp topology, which defines
the specific configuration of a robotic hand when interacting with an object. The grasp
topology plays a pivotal role in minimizing redundant finger movements and streamlining
the overall manipulation process. Selecting a suitable topology is a critical prerequisite for
effective manipulation, as it ensures stable object acquisition and simplifies downstream
control |76]. A firm or adaptive grasp stabilizes the object and enhances task efficiency and
execution success.

Research in this area has explored various strategies for determining effective grasp

topologies, including learning from human demonstrations to replicate natural grasp pat-
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terns [47], designing soft robotic hands for flexible and compliant interactions [15], and
leveraging advanced learning-based techniques for data-driven optimization [18]. Selecting a
grasp topology that aligns with object properties and task requirements reduces manipula-
tion complexity and improves performance across diverse scenarios [66].

While numerous grasp types exist, they generally cluster into a limited set that is suitable
for manipulating everyday objects and tools |23, 61|. This insight has led to the development
of grasp taxonomy that categorizes and simplifies grasp poses [14, 8|. The taxonomy provides
a systematic way to map object characteristics and task requirements to suitable grasp types,
thereby improving planning and control.

The choice of grasp topology is influenced by both object features, such as size, shape,
surface texture, and mass, as well as task-specific requirements, including the intended action,
applied forces, and environmental constraints [58, 20]. For instance, precision tasks, like
picking up small or fragile objects, typically utilize pinch or tripod grasps. In contrast,
tasks requiring greater stability or force, such as lifting heavy items, benefit from power
grasps. Tool-use scenarios introduce additional complexity and often necessitate specialized
topologies, such as cylindrical grasps for tool handles or lateral grasps for flat items. Building
on these insights, our previous work [41]| successfully integrated object features and task
requirements into grasp strategies and established a structured framework for the grasping
process.

Deploying grasping tasks presents significant challenges due to environmental uncertain-
ties, particularly in unstructured environments. The perception of target objects is often
incomplete or inaccurate, which negatively impacts grasping performance. Traditional plan-
ning methods struggle to manage these complexities because they rely on precise context
modeling, which is rarely feasible in real-world scenarios.

Task-oriented grasping can be formulated as a sequential decision-making problem in
which an agent learns optimal behaviors through trial and error to maximize cumulative re-

wards. Reinforcement learning (RL) has shown strong potential in addressing such problems
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Figure 7.1: Context-aware task-oriented grasping framework with a contextual reward ma-
chine.

effectively [69, 56, 46].

RL has demonstrated particular success in solving complex control problems in robotics,
especially when integrated with Proximal Policy Optimization (PPO) [71, 68, 27|]. PPO, a
widely used RL algorithm, addresses many limitations of RL by improving training stabil-
ity and sample efficiency [64]. Its simplicity and robustness make it well suited for high-
dimensional and continuous action spaces, which enable effective policy optimization.

Despite these advantages, RL methods for grasping still face several challenges, including
high computational demands and difficulties in achieving stable convergence. These limita-
tions highlight the need for further development of RL techniques that can meet the demands
of real-world applications.

To address these challenges, researchers have proposed multistage reinforcement learning
approaches where each stage of a task is trained separately using specialized sub-networks
that collaborate to determine an overall optimal policy [80]. Although this method achieves
stable convergence, it remains computationally expensive. The reward machine framework
has been introduced to solve the problems by organizing complex tasks into modular sub-
tasks, each associated with a distinct reward function. This structure improves learning effi-
ciency and reduces computation cost [31]. Although reward machines offer a structured ap-

proach to task decomposition, traditional implementations often lack the flexibility to adapt

63



to dynamic environments or incorporate detailed contextual information. These constraints
limit their applicability to real-world scenarios, where adaptability and context-awareness
are essential for reliable robotic performance.

In this paper, we propose a context-aware task-oriented grasping approach that leverages
a Contextual Reward Machine (CRM) to enhance efficiency and adaptability. The CRM
decomposes grasping tasks into sequential stages with each stage defined by a stage-specific
context including a reward function, an action space, and abstracted states. This struc-
ture guides intra-stage task progression and improves learning efficiency. Additionally, a
transition reward mechanism is designed to facilitate smooth transitions between stages.

The general structure of the proposed method is illustrated in Fig. 7.1. In this approach,
the context of the environment for a grasping task is continuously perceived and analyzed.
The environmental context comprises object features, such as dimensions, shape, and texture.
It also includes environmental factors, such as object pose, contact forces, obstacle positions,
and object affordances. The object features and the task objective are processed by a
pretrained grasp selection network to determine the appropriate grasp topology. Meanwhile,
the environmental factors and object affordances are used by the CRM to identify the grasp
location, determine the current stage, and retrieve the corresponding stage-specific context.
They are also utilized by the RL agent to learn and optimize its policy. Task execution is
carried out by an RL model, which integrates the grasp topology, grasp location, and stage-
specific contexts under CRM framework. The model dynamically adapts to the changing
conditions and performs robust, precise, and efficient grasps.

The main contributions of the paper include:
e We implemented a context-aware task-oriented dexterous grasping approach that en-

ables adaptive and efficient grasping in unstructured environments.

e We designed and developed a Contextual Reward Machine that decomposes grasping
tasks into sequential stages. It utilizes stage-specific contexts and transition rewards

to enhance learning efficiency and adaptability.
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7.2 Framework of Task-Oriented Grasping

Task-oriented grasping is inherently a context-aware process involving the perception of
environmental context, the generation of grasp strategies based on that context, and the
efficient, adaptive execution of those strategies. To address these challenges, environmental
context was obtained through sensor fusion by integrating inputs from multiple sensors. A
deep learning network was developed to generate grasp strategies, while a reinforcement
learning model under CRM framework was designed and implemented to enable efficient

and adaptive execution of grasping tasks.
7.2.1 Context Perception

Task-oriented grasping tasks require detailed environmental context. An RGB-D cam-
era is used to capture object dimensions, shape, and surface characteristics. These object
features guide the selection of an appropriate grasp topology. Environmental factors, such
as the object’s position, orientation, and nearby obstacles, are also captured with the same
RGB-D camera. In parallel, force-sensing resistors (FSRs) are used to record contact forces

and provide precise pressure data to improve task accuracy.
7.2.2 Grasp Topology Determination

A proper grasp topology facilitates smoother and more efficient manipulation. To simplify
the selection process, we defined a grasp taxonomy comprising six primary topologies and
developed a grasp selection network [41] that maps object features and task demands to the
most suitable grasp topology.

The adopted taxonomy is illustrated in Fig. 7.2: (1) the platform grasp for holding,
pushing, or pressing; (2) the power grasp (poPmAb25) for securely gripping objects; (3)
precision grasps (pPdAb2, pPdAb23, pPdAb25) for tasks requiring fine dexterity; and (4)
the intermediate grasp (InSiAd2) for levering or twisting actions.

The grasp selection network is a multi-class, multi-label Multilayer Perceptron (MLP)

neural network that takes object features and task objectives as input and predicts the
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pPdAb2 pPdAD23 pPdAb25

Figure 7.2: Grasp taxonomy with six grasp topology: the grasp topology names represent
grasp attributes where "In," "po," and "p" indicate intermediate, power, and precision
grasps. "Si," "Pm," and "Pd" refer to side, palm, and pad opposition. "Ab" and "Ad"
signify abduction and adduction, and numbers define virtual finger groups.

probability of each grasp topology in the predefined taxonomy. The topology with the

highest probability is selected as the target grasp pose.
7.2.3 Execution of Grasping Tasks

We used a reinforcement learning approach for grasping task execution. Due to the
inherent complexity of grasping, such tasks often exhibit limited flexibility and present op-
timization challenges. To reduce task complexity, we decomposed the grasping process into
a sequence of manageable stages. Although grasping tasks can be decomposed in various
ways, Fig. 7.3 shows a general decomposition framework. In the framework, the initial
state represents the initial configuration of the task environment. In the approach stage, the
robot hand moves to an appropriate position and orientation (grasp location) for grasping.
During the grasping stage, the fingers adjust to establish a stable or adaptive grasp based
on the task’s requirements. Finally, the termination stages reflect task outcomes, such as
grasp success, grasp failure, or the object being out of reach, and signify the completion of
the task.

This method requires stage-specific learning mechanisms as each stage operates within a
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Figure 7.3: A general example of grasping task decomposition.

distinct context. To address this problem, we propose a Contextual Reward Machine that

explicitly defines and manages these contexts.

7.3 Contextual Reward Machine

The CRM provides a structured and interpretable framework for addressing complex
tasks by encoding task-specific knowledge into a hierarchical representation. This structure
enables adaptive rewards based on task progress and stage transitions toward the desired
goal. By guiding the agent through task-relevant stages, this approach improves learning
efficiency and supports effective, goal-directed behaviors. Further details are provided in this

section.
7.3.1 The General Framework of CRM

The general framework of the CRM extends the standard reward machine [31] by incor-

porating task context and a stage transition function, formally defined as

M = (U, U,(),Z,(S, T, RT) (71)
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where T = {(4;, 7%, ¢;)}¥_, represents a set of k stages (or sub-tasks), each characterized by
task-specific knowledge. Each stage T; consists of an action set A; C A, a state abstraction
function ¢; : U — U/, which maps the global state space U to a stage-relevant abstract state
space U! to simplify stage representation, and a stage reward function 7@ : U/ x 4; — R
which defines the rewards for actions within the stage 7.

The transition function § : U x ¥ — T determines whether a stage transition occurs and,
if so, to which stage, based on the current state and X, the set of events triggering stage
transitions. A transition occurs when the current state satisfies one of these events. Upon a

stage transition, the stage transition history set H C 7 x T is updated as

H={(T,T) |i,j=1,2....k} (7.2)

where each transition (7;,T;) € H is associated with a reward Ryt : H — R, which quantifies

the desirability of the transition.
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Figure 7.4: The Contextual Reward Machine: The dotted line separates the RL processes at
timesteps ¢t and ¢+ 1, illustrating the sequential interaction between the agent, environment,

and the CRM.

The CRM within the RL framework operates iteratively and allows the agent to interact
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with the environment and adapt dynamically, as illustrated in Fig. 7.4. At timestep ¢, the
agent operates within stage 7; = 7;. Based on the abstract state u} and action space A;, the
agent selects an action a; € A;. The environment responds with the next global state wu;
and an intra-stage reward () (u}, a;) which reflects the action’s outcome.

The CRM processes the feedback to determine the next stage 7;41 = T} using the tran-

T; *}Tj ) T; *)Tj

sition function &(uyq,e , where e € X represents the triggering event. If no tran-
sition occurs (i = j), the global state u,1q is abstracted to uj,, using ¢;. If a transition
occurs (i # j), the global state w41 is abstracted to the corresponding state u;,, of stage
T; using ¢;. These abstraction functions extract task-relevant features and simplify state
representation.

The reward at timestep ¢ + 1 is computed as

re = D), a)) + R (7.3)

and the cumulative reward is expressed as

R=>"r(ua)+ » Ry " (7.4)

t=1 (i.)eH

where 7, represents the stage-specific reward at timestep ¢ € [1,...,T], and T is the total
number of timesteps. The first term captures intra-stage rewards, while the second accounts
for transition rewards. The stage knowledge in T}, the abstract state u;_ ,, and the reward
r¢11 define the context for the next timestep which supports efficient task decomposition and

reward optimization for solving complex tasks.

7.3.2 PPO with CRM

To adapt PPO to the CRM framework, the objective function is revised to align with the

hierarchical structure of CRM. For a stage T; at timestep t, the clipped surrogate objective
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is
E%IP(Q) = E(u’,a)Nﬂold [min (T’{\/%H)AI{VI7 (7 5>
clip(rM, 1 — e, 1+ E)Aiw)}

g (at|ut)
Told (at|u})

where 7 (0) =

represents the probability ratio between the current and old policies
based on the abstract state uj = ¢;(u;).

The advantage function AM is defined as

Ti — Tj

AN = (g, a0) + 9V (upy) + Ry = V() (7.6)

T")Tj

where 7;(u}, a;) = r9(u}, a;) is the intra-stage reward, Ry "’ is the transition reward, and

V(uy) and V' (uj, ) are value estimates for the current and next stages, respectively.

7.4 CRM-PPO for Grasping Tasks

The CRM-PPO model divides grasping tasks into distinct stages, each defined by a
specific context and transition mechanism. To optimize task performance, it is crucial to
clearly specify these contexts and mechanisms for each stage. This section outlines the stage

contexts and corresponding transition mechanisms for each stage of the grasping task.
7.4.1 Task Decomposition

We followed the task decomposition strategy shown in Fig. 7.3 to decompose grasping
tasks using the general CRM framework (Eq. 7.1). The global state U is defined as the set
of all possible states in the grasping environment, while uinitia = uo represents the initial
state corresponding to the environment’s default configuration. Each grasping task begins
from the initial state ug, and upon task completion, the environment resets to ug to prepare
for the next task.

The system transitions directly from the initial state to the approach stage without
receiving any reward. During the approach stage, the robot moves its hand toward the

object. If the object becomes out of reach in this stage (e*"), the task transitions to the
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out-of-reach stage with a penalty R3°". Arriving at the grasp location () transitions

the task to the grasping stage, with a transition reward R&™V®. The approach stage cannot
transition directly to the grasp-failure or grasp-success stages, as a failed or successful grasp
requires hand-object interaction, which occurs only in the grasping stage.

In the grasping stage, the robot manipulates its fingers to attempt a grasp. Knocking
the object out of reach in the grasping stage (€8°") results in a transition to the out-of-reach
fail

stage with a penalty RY". Failure to grasp the object (e"') results in a transition to the

grasp-failure stage with a penalty R%!. Successfully grasping the object (¢5%) leads to the
grasp-success stage with a reward R7.
The out-of-reach, grasp-success, and grasp-failure stages serve as termination stages,

which conclude the current task and reset the environment to the initial state u in prepa-

ration for the next one.
7.4.2 Action Space

The designed stages of a task-oriented grasping include the approach stage, the grasping

stage, and the termination stages.

The Approach Stage

In the approach stage, the objective is to move the hand toward the grasp location while
avoiding collisions with the object. Finger movements are disabled in the approach stage to

reduce collision risks and improve sample efficiency. The action space is defined as

Aapproach = [A.T, AZ% AZ]

where Az, Ay, and Az represent incremental changes along the x, y, and z axes, respectively.
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The Grasping Stage

The action space for the grasping stage is defined as

Agrasp - [AI, A% AZ; ethumbv eindexa emiddlea 6ring> elittle]

where Othumb; Gindexs Omiddies ring, and Grigie represent the proximal interphalangeal (PIP) joint
angles of the thumb, index, middle, ring, and little fingers, respectively. In the grasping stage,
fine adjustments to the hand position are crucial for achieving an optimal grasp, even when
the hand is close to the grasp location. To enable these adjustments, the hand’s movements
remain constrained by Az, Ay, and Az, but with reduced step sizes for finer control.

To enhance grasp quality, we developed a simplified hand model inspired by human
hand kinematics and anatomy. The model captures key biomechanical features such as joint
articulation and finger linkage and enables more natural and effective grasping strategies.
This model focuses on finger flexion and extension while excluding finger spreading. Joint
angles are constrained based on the PIP joint angle, fpip, with the following relationships
Oprp = aprp-Oprp and Oyicp = anicp-Oprp Where Oprp and Oycp represent the joint angles of the
distal interphalangeal (DIP) joint and the metacarpophalangeal (MCP) joint, respectively.
The constants app and aycp define proportional joint coordination. For the thumb, the
relationship between the interphalangeal (IP) joint angle #;p and the trapeziometacarpal
(TMCP) joint angle Oycp is given by 0ip = aryep-Ormcep. Here, the constant aryep defines
the proportional coupling between the two joints, it reflects the biomechanical constraints of
human thumb movement. The corresponding values for app are 0.77, 0.75, 0.75, and 0.57
for the index, middle, ring, and little fingers, respectively. The value of ayicp is 0.67 for all
fingers, while arycp = 0.5, as reported in [49, 60, 28|.

The out-of-reach, grasp-success, and grasp-failure stages are termination stages and there-

fore have no associated action sets.
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7.4.3 Observation Space

The observation space is defined as

O == [nm Odist Oobjecta Ocone) Orelatives Oforces Otorque] (77)

where each component represents a critical aspect of the grasping task. The variable n.
indicates the number of contact points between the robot hand and the object which reflects
contact extent and contributes to grasp stability. The distance og;sy measures the proximity
of the robot hand to the grasp location. The vector oghject represents the object position,
which supports object out-of-range detection and task success or failure evaluation.

The vector Oyelative describes the spatial relationship between the robot hand and the
object which provides essential grasp configuration details. The vectors Ofoce and Otorque
represent the summed magnitudes of contact forces and torques at all contact points along
the x, y, and 2z axes. They enable the evaluation of force and torque equilibrium. Together,
these components comprehensively describe the grasping task which covers grasp position,
configuration, and stability.

The Boolean variable 0., indicates whether all contact forces lie within the friction
cone and ensures stability through frictional constraints. The friction cone is defined by the
coefficient of friction p and the normal force F,,, which satisfies the condition: ||F.|| < p-F,
where F. is the contact force vector. Grasp stability is determined as 0., = 1 if the above
condition is satisfied for all contact points, and o¢ne = 0 otherwise. This ensures that all
contact forces remain within the friction cone which prevents slippage and enhances grasp
stability.

Each stage of the grasping task has specific goals and therefore requires specific infor-
mation. The state abstraction function ¢; extracts the task-relevant information from the

observation space which reduces computational complexity and improves efficiency.
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7.4.4 Reward Function

The Approach Stage

The objective of this stage is to move the robot hand as close as possible to the grasp location
while avoiding collisions and ensuring the object remains within the workspace. The reward

function for this stage is defined as

dist
Tappr = T — PapprTlc (78)

where pappr is a constant coefficient, and the distance-based reward is defined as rdst =

—eloaistl - which is inversely proportional to the distance between the hand and the grasp
location. The exponential form ensures rapid changes when the hand is far from the target
and more gradual changes as it approaches the object. It encourages larger adjustments at
greater distances and finer movements when closer. This enhances both the efficiency and
accuracy of the task.

To reduce the risk of unintended collisions, which could cause the object to be knocked out
of the workspace, a penalty proportional to the number of contact points n. is applied. This
reward design encourages precise and collision-free hand movements during the approach

stage.

The Grasping Stage

The reward function for the grasping stage is designed to encourage stable and efficient
grasping behaviors. The model is rewarded based on the number of contact points n., as a
higher number of contact points leads to increased grasp stability. Additionally, the reward
function evaluates equilibrium by minimizing net forces Oforee and torques Ogorque along the
three axes at all contact points. The closer these values are to zero, the higher the reward,

which indicates a more stable and secure grip. The reward function for the grasping stage

74



is defined as

equil arrive
Tgrasp = T 4 + Pgrasplc + RT (79)

where the equilibrium reward is expressed as

Tequil — _eloforcc‘ _ e|ot0rque (710)

The coefficient pgasp adjusts the reward’s sensitivity to the number of contact points. The

stage transition reward Rymve = RI—7

encourages the transition from the approach stage
to the grasping stage. Its value is set higher than the maximum achievable reward in the
approach stage r,pp to ensure that transitioning to the grasping stage is prioritized, while

still maintaining a stable and controlled grip.

The Termination Stages

The out-of-reach, the grasp-success, and the grasp-failure stages monitor task outcomes,
where the reward is only related to the position of the object Ogpject- The reward function

for the out-of-reach stage is defined as

Toor = R’aI‘Or : 1{5301"} + R%()r . 1{5g0r} (711)

where both transition rewards are negative penalties. The condition B3 = RI ™ < RE" =
R%%T?’ reflects greater task progress when transitioning from the grasping stage compared
to the approach stage. The indicator function 1y equals 1 if the event e occurs and 0
otherwise. It ensures the right penalty is applied only when specific transitions occur. Here,

6aor — 6T1—>T3 and egor — €T2_>T3.

The reward function for the grasp-failure stage is

Traig = R (7.12)
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where RE! = R£2_>T4 is a smaller penalty compared to the out-of-reach stage, as it acknowl-
edges partial task completion.
In addition to monitoring task outcomes, the grasp-success stage evaluates grasp quality

through a friction cone analysis. The reward function of this stage is defined as

Tsuce = R%ICC + Rcone ) ]-{ocone} (71?))

where R = R%_’T"’ is a large reward for successfully transitioning to this stage, and Rcone
is an additional reward given only when all contact points satisfy the friction cone condition.

This reward design encourages both task completion and a stable grasp.

7.5 Experiments

The proposed method is evaluated in a simulated environment and compared with the
state-of-the-art methods. To validate its real-world applicability, the method is transferred to
a physical robot for performance testing. The evaluation results are analyzed and discussed

in this section.
7.5.1 Experiment Setup

Environment Setup

The task environment for the grasping task is illustrated in Fig. 7.5. The target object is
placed on a table in front of a dual-arm mobile robot. This robot comprises a Husky UGV
(Unmanned Ground Vehicle) for mobility, two UR5e robotic arms, a Schunk SVH robotic
hand (right), and a PSYONIC Ability Hand (left). Each robotic hand is mounted on a URbe
arm, and both arms are attached to the Husky UGV. This configuration enables coordinated
manipulation.

The robot integrates various sensors to enhance perception and interaction. The Schunk
SVH hand is equipped with an ErgoGLOVE Force Sensing System for contact force detection,
while the PSYONIC Ability Hand features built-in force sensors. A RealSense D435 depth
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Figure 7.5: Real-world experiment setup for grasping tasks.

camera provides visual input which enables precise object recognition, object pose estimation,
and environmental awareness. Additionally, a Zivid One 3D camera and a projector are also
part of the robot but are not utilized in this study.

A simulation environment was developed using PyBullet and OpenAl Gym to train and
test the proposed model. It replicates the real-world setup of the robot, which enables
seamless transfer of learned policies to the physical robot for performance evaluation and

practical applications.

Dataset

The AffordPose dataset serves as a benchmark for robotic grasping tasks which emphasizes
affordance-based pose estimation [33]. It provides 3D object models, annotated grasp poses,
and corresponding affordance labels.

For this work, we refined the AffordPose dataset by removing redundant entries, classi-
fying grasp poses based on the grasp taxonomy defined in Fig. 7.2, and computing grasp
locations to support the proposed grasping task framework. The revised dataset comprises
six unique grasp poses, seven distinct grasping objectives, and 20 diverse objects. As a result,

the dataset contains a total of 26 different grasping tasks across various objects, purposes,
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Figure 7.6: Trajectory visualization of grasping tasks performed by the proposed model and
baseline models across different task objectives and grasp topologies.

and grasp configurations.
7.5.2 Performance Evaluation in the Simulation Environment

Evaluation Metrics

The proposed CRM-PPO model was evaluated against three baseline models using the bench-
mark dataset. The evaluation is divided into two parts: (1) performance assessment within
the CRM framework and (2) comparison with state-of-the-art methods.

The first baseline, CRM-SAC, integrates the CRM framework with the Soft Actor-Critic
(SAC) algorithm. This setup enables a direct comparison with CRM-PPO under iden-
tical conditions, which demonstrates the superior performance of PPO within the CRM

framework. The second and third baselines, LPPO (Learning-based PPO) and IPPO (Im-
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proved PPO), represent state-of-the-art approaches for grasping tasks based on stage-wise
mechanisms. LPPO employs hierarchical dense rewards to enhance training efficiency and
generalization across diverse object configurations [65]. IPPO employs a stage-wise sparse
reward structure, which improves convergence speed and grasping accuracy [83]. The com-
parison with these baselines confirms the performance advantages introduced by the CRM
framework.

The evaluation metrics include task success rate and average task completion time in

timesteps.

Training Setup

The proposed model® is trained for approximately 12,000 episodes (equivalent to 5 million
timesteps) using a discount factor of 0.99, a GAE lambda of 0.95, and a batch size of 64. A
dynamic learning rate is applied, starting at 3 x 10~ for the first 40% of training progress.
Between 40% and 70% progress, the learning rate is reduced to 90% of its initial value.
During the final 30% of training, it is further reduced to 80%.

During training, the robot hand performs grasping tasks with different task objectives and
grasp topologies on a variety of objects. To simulate real-world uncertainties, random noise
of £3mm in object position, +11.5° in object orientation, and 0.02rad in joint positions
was applied. This domain randomization method enhances the model’s robustness and
generalization to real-world scenarios by introducing randomized variations in object pose
and joint configurations during training.

For task objectives such as handle grasp, lift, lever, pull, and wrap grasp, a task is
considered successful if the robot picks up the object and holds it steadily for 5 seconds
without dropping it. For the twist objective, success is defined as applying sufficient torque
in the twisting direction after grasping the object. In the press objective, success is achieved

if the robot applies enough force in the pressing direction.

IThis model is available at https://github.com/hhelium/DexMobile

79



Table 7.1: Testing results for the proposed and baseline models.

IPPO [83] LPPO [65] CRM-SAC CRM-PPO

Models Success Episode Success Episode Success Episode Success Episode

Rate Length Rate Length Rate Length Rate Length
Lift 0.85 412.63 0.88 456.33 0.63 534.68 0.88 342.43
Pull 0.86 433.60 0.76 315.82 1.00 276.22 1.00 217.34
Press 0.76 415.82 0.29 793.22 0.33 787.64 0.96 167.30
Twist 0.74 436.20 0.67 531.34 0.49 599.17 0.91 335.52
Lever 0.70 466.80 0.90 367.67 0.95 307.24 0.93 246.15
Wrap-Grasp 0.89 348.88 0.67 372.49 0.60 377.41 1.00 252.17
Handle-Grasp 0.98 303.70 0.97 369.71 0.75 338.43 0.97 281.09
Overall 0.84 390.86 0.71 461.75 0.61 479.36 0.95 273.07

An early stopping mechanism is implemented to improve training efficiency. The training
process is terminated when the average success rate of the most recent 100 episodes reaches
or exceeds 99%.

Examples of trajectories generated by the proposed and baseline methods are shown in
Fig. 7.6. The figure illustrates that the trajectory generated by the PPO-based method is
smoother and more optimized compared to that of the SAC-based method. This difference
may be due to SAC’s lower efficiency in tasks with well-shaped rewards.

For the PPO-based method, both the proposed and baseline approaches exhibit similar
trajectories. The proposed method completes the trajectory significantly faster and avoids
overlapping or revisiting previous paths. This improvement is due to the stage-specific con-
text and transition rewards, which effectively guide the model to complete the task efficiently

and without redundancy.

Result Analysis

The proposed CRM-PPO model and the three baselines were trained five times each. For
each model, the average success rate and average episode length were calculated as evaluation
metrics, along with their standard deviations to reflect performance variability across runs.
The training results are presented in Fig. 7.7, where solid curves represent average values

and shaded areas indicate standard deviations.
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Figure 7.7: Comparison of different models in grasping tasks based on success rate and
episode length.

The proposed CRM-PPO model outperforms all baselines across all evaluation metrics. It
records the highest average success rate and the shortest average episode length. The model
reaches the early termination criterion after approximately 8,200 episodes on average, while
none of the baseline models meet this criterion within the full training period. All five runs of
CRM-PPO reach early termination and show the lowest standard deviation. These results
reflect superior robustness, consistency, and sample efficiency. This strong performance
results from its hierarchical reward structure, which provides clear stage-specific guidance
and supports effective transitions between stages through transition rewards.

The performance of IPPO surpasses that of LPPO, primarily due to differences in reward
design. IPPO assigns sparse rewards based on stage transitions, while LPPO defines con-
tinuous intra-stage rewards without explicitly encouraging transitions. In summary, IPPO
provides only transition rewards, whereas LPPO offers only intra-stage rewards. IPPO

outperforms LPPO because its sparse reward structure effectively guides the agent toward
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target stages. In contrast, LPPO focuses more on intra-stage optimization and lacks incen-
tives for transitioning between stages, which results in lower overall performance despite its
intra-stage guidance.

During early training, IPPO’s performance approximates that of the proposed CRM-
PPO model, as its sparse reward structure provides implicit transition-based guidance. Due
to the absence of intra-stage rewards, IPPO does not support fine-grained exploration and
adaptation, which reduces data efficiency. As training progresses, this limitation causes
IPPO’s performance to lag behind CRM-PPO.

The CRM-PPO model effectively integrates both approaches by combining stage-specific
guidance and transition rewards, and it outperforms the baseline models across evaluation
metrics. CRM-SAC performs the worst across all evaluation metrics, which indicates that
PPO-based methods are better suited for hierarchical grasping tasks.

The proposed model and baseline models were evaluated using a benchmark dataset,
with each model tested 1,000 times on randomly selected tasks. The results are summarized
in Table 7.1. The proposed model consistently outperformed baseline models in most tasks.
Notably, it excelled in the challenging Twist task, where baseline models showed relatively
low success rates. This task demands precise and coordinated actions, it demonstrates CRM-
PPO’s ability to handle complex scenarios due to its task-specific structured design, which
provides effective execution guidance.

In the Lever and Handle-Grasp tasks, the proposed model achieved slightly lower success
rates, trailing the best-performing baseline by 2% and 1%, respectively. Despite this, it
surpassed all baselines in episode length and completed tasks more efficiently. These results

confirm the effectiveness of the CRM-PPO model in task-oriented grasping tasks.
7.5.3 Real-World Evaluation

The robots are integrated through ROS2 Humble on Ubuntu 22.04 with a low-latency
kernel to support real-time performance. Inverse kinematics and collision avoidance are

managed through Movelt2. An Intel RealSense D435 depth camera is spatially aligned
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with the robot’s coordinate frame via an eye-to-hand calibration, which enables accurate
perception and interaction within the shared workspace. The depth images align with the
color images, both with a resolution of 640 x 480 pixels. The image streams and force
feedback data from the ErgoGLOVE Force Sensing System are synchronized and published
to the proposed model through ROS2 topics. This setup ensures coherent sensory input for
perception and interaction tasks.

Even though the simulation and the real robot are identical in design, a sim-to-real gap
persists due to discrepancies in dynamic properties, environmental conditions, and sensor
noise. To bridge this gap, domain randomization is employed [72|. The policy is trained
across numerous variations of simulation parameters, such as joint position error, object
pose error, and sensor noise. By randomizing these parameters over a wide range, the
likelihood of the policy generalizing to real-world conditions increases significantly.

The robot perceives the object’s pose and the contact forces between the Schunk hand
and the object. The object pose is estimated using FoundationPose 77|, which provides
millimeter-level accuracy in pose estimation. Based on the object pose, the observations
Odists Oobject, aNd Oyelative can be calculated. The ErgoGLOVE Force Sensing System detects
the contact force between the Schunk hand and the object and provides n.. Since the force-
sensing glove measures force along only one axis, Oforce, Otorque, ad Ocone cannot be detected
and are set to zero.

In the simulation environment, the grasping force cannot be determined properly due
to the agnostic nature of the target object’s material properties, as it is represented by a
3D model. As a result, the grasping force cannot be accurately calibrated, and the object
remains unaffected by any applied force. In contrast, in the real world, the contact force must
be carefully controlled to avoid damaging the object or the robotic hand. To address this
discrepancy and enable the transfer of the simulation model to a physical robot, we manually
defined grasping force thresholds. For fragile objects, the contact force was constrained to a

maximum of 1 N, with the robotic fingers halting motion upon reaching this threshold. For
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sturdy objects, the threshold was set between 1 N and 3 N, depending on factors such as the
object’s texture and weight. Some representative feedback from the system is illustrated in

Fig. 7.8.

Figure 7.8: Representative feedback of force and object pose collected from the robotic
testbed.

The proposed CRM-PPO model is fine-tuned for 300 episodes across six affordances,
including Handle Grasp, Lift, Press, Pull, Twist, and Wrap Grasp, each utilizing the cor-
responding grasp topology, as shown in Fig. 7.9. The achieved testing success rates for
these tasks are 100%, 90%, 60%, 80%, 70%, and 100%, respectively. In the experiment, the
grasping tasks for press and twist exhibited lower success rates of 60% and 70%, respectively.
The low success rate for the twist task is attributed to the small, round-shaped handle of the
screwdriver, which is prone to slipping when grasped using the topology inSiAd2. Addition-
ally, the screwdriver, when placed on the table, can be easily knocked over with even light
contact from the hand. The press task had the lowest success rate due to the limitations of
the sensing glove. The eight force sensors on the glove cover only a limited area of the hand,
and during pressing, the actual contact area often lacks sensor coverage, which can result in

task failure. After sensor repositioning, the success rate improved significantly, while success
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rates for other tasks decreased. The overall success rate achieved was 83.3%, which can be

further improved by adding more force sensors and further fine-tuning.

/ \ Twist, inSiAd2

<

Figure 7.9: Real-world grasping tasks across different affordances and grasp topologies.

7.6 Conclusion

This paper presents a context-aware task-oriented dexterous grasping approach lever-
aging a Contextual Reward Machine framework. The CRM decomposes complex grasping
tasks into modular sub-tasks with stage-specific contexts, which enables efficient learning
and execution. By integrating Proximal Policy Optimization, the proposed method achieves
significant improvements in learning efficiency, task performance, and adaptability. Exten-
sive experiments in simulated and real-world environments validated the effectiveness and
robustness of the proposed approach. The CRM-PPO model achieved a 95% success rate
in simulation across 1,000 grasping tasks. When transferred to a real robot, it attained an
83.3% success rate over 60 real-world tasks. The proposed model exceeded the performance

of state-of-the-art models in success rate and task completion time. Its ability to adapt to
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diverse grasping objectives, various grasp topologies, and dynamic conditions highlights its
practical applicability in unstructured environments. The results demonstrate the potential

of the CRM-PPO framework to advance robotic dexterity and manipulation.
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CHAPTER 8

CONCLUSION

8.1 Summary

This research presents an efficient approach to complex task-oriented grasping using
an anthropomorphic robotic hand. The proposed method leverages advanced sensing and
learning technologies to enable adaptive grasping based on object affordances and task re-
quirements. Extensive experiments validate the effectiveness and practical applicability of

the system, demonstrating its potential to advance the field of robotic manipulation.

8.2 Contributions

The primary contributions of this work are summarized as follows:

1. Implemented a novel method for real-time, non-destructive identification of an object’s
material composition with high accuracy using near-infrared spectroscopy, eliminating

the need for time-consuming chemical analysis.

2. Developed a context-aware dexterous manipulation system that integrates multiple
sensors to precisely capture critical object attributes, including position, orientation,

and shape.

3. Implemented a method that leverages a large language model to augment object knowl-
edge through commonsense reasoning, particularly for challenging properties such as

rigidity, texture, and fragility.
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8.3

Designed and trained a multi-class, multi-label deep learning model to learn grasp

strategies from human demonstrations.

Proposed an innovative Contextual Reward Machine (CRM) within a reinforcement
learning framework that decomposes complex grasping tasks into manageable sub-
tasks, each characterized by stage-specific reward functions, action spaces, and ab-
stracted state representations. Transition rewards are introduced to guide progression
between stages. When integrated with Proximal Policy Optimization (PPO), the CRM

framework significantly improves sample efficiency and model robustness.

Developed multiple robotic systems and their corresponding digital twins to validate
the proposed approach. The CRM-based reinforcement learning model was trained in
simulation using benchmark datasets and transferred to real-world robots via domain

randomization.

Established multiple datasets, including one for material recognition using near-infrared
spectra, one for learning from human demonstrations, and another for contextual grasp

planning, to support training and benchmarking of the proposed models.

Future Work

The proposed method uses reinforcement learning to adaptively deploy grasping strate-

gies. However, the contact positions and orientations where the fingers make contact with

the object are not explicitly planned, which is critical for enabling subsequent dexterous

manipulation. My future work will address this limitation using a contact-aware optimiza-

tion approach that incorporates tactile feedback and object geometry to predict and control

finger placement. While this study focuses solely on the grasping task, the full scope of

dexterous manipulation such as in-hand reorientation, tool use, or fine manipulation has not

been considered. Building on a reliable grasp, future work will aim to plan and execute

the post-grasp manipulation process to optimize task execution. Ultimately, the model will
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be extended to enable dual-arm cooperative manipulation, allowing for more complex and

coordinated tasks that require bimanual interaction.
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