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Abstract 
Recent trends have shown that the lifecycles and production volumes of modern products 
are shortening. Consequently, many manufacturers subject to frequent change prefer 
flexible and reconfigurable production systems. Such schemes are often achieved by means 
of manual assembly, as conventional automated systems are perceived as lacking flexibility. 
Production lines that incorporate human workers are particularly common within 
consumer electronics and small appliances. Artificial intelligence (AI) is a possible avenue 
to achieve smart robotic automation in this context. In this research it is argued that a 
robust, autonomous object handling process plays a crucial role in future manufacturing 
systems that incorporate robotics—key to further closing the gap between manual and fully 
automated production.  
 
Novel object grasping is a difficult task, confounded by many factors including object 
geometry, weight distribution, friction coefficients and deformation characteristics. Sensing 
and actuation accuracy can also significantly impact manipulation quality. Another 
challenge is understanding the relationship between these factors, a specific grasping 
strategy, the robotic arm and the employed end-effector. Manipulation has been a central 
research topic within robotics for many years. Some works focus on design, i.e. specifying a 
gripper-object interface such that the effects of imprecise gripper placement and other 
confounding control-related factors are mitigated. Many universal robotic gripper designs 
have been considered, including 3-fingered gripper designs, anthropomorphic grippers, 
granular jamming end-effectors and underactuated mechanisms. While such approaches 
have maintained some interest, contemporary works predominantly utilise machine 
learning in conjunction with imaging technologies and generic force-closure end-effectors. 
Neural networks that utilise supervised and unsupervised learning schemes with an RGB or 
RGB-D input make up the bulk of publications within this field. Though many solutions have 
been studied, automatically generating a robust grasp configuration for objects not known 
a priori, remains an open-ended problem. An element of this issue relates to a lack of 
objective performance metrics to quantify the effectiveness of a solution—which has 
traditionally driven the direction of community focus by highlighting gaps in the state-of-
the-art. 
 
This research employs monocular vision and deep learning to generate—and select from—
a set of hypothesis grasps. A significant portion of this research relates to the process by 
which a final grasp is selected. Grasp synthesis is achieved by sampling the workspace using 
convolutional neural networks trained to recognise prospective grasp areas. Each potential 
pose is evaluated by the proposed method in conjunction with other input modalities—such 
as load-cells and an alternate perspective. To overcome human bias and build upon 
traditional metrics, scores are established to objectively quantify the quality of an executed 
grasp trial. Learning frameworks that aim to maximise for these scores are employed in the 
selection process to improve performance. The proposed methodology and associated 
metrics are empirically evaluated.  
 
A physical prototype system was constructed, employing a Dobot Magician robotic 
manipulator, vision enclosure, imaging system, conveyor, sensing unit and control system. 
Over 4,000 trials were conducted utilising 100 objects. Experimentation showed that 
robotic manipulation quality could be improved by 10.3% when selecting to optimise for 
the proposed metrics—quantified by a metric related to translational error. Trials further 
demonstrated a grasp success rate of 99.3% for known objects and 98.9% for objects for 
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which a priori information is unavailable. For unknown objects, this equated to an 
improvement of approximately 10% relative to other similar methodologies in literature. A 
5.3% reduction in grasp rate was observed when removing the metrics as selection criteria 
for the prototype system. The system operated at approximately 1 Hz when contemporary 
hardware was employed. Experimentation demonstrated that selecting a grasp pose based 
on the proposed metrics improved grasp rates by up to 4.6% for known objects and 2.5% 
for unknown objects—compared to selecting for grasp rate alone. 
 
This project was sponsored by the Richard and Mary Earle Technology Trust, the Ken and 
Elizabeth Powell Bursary and the Massey University Foundation. Without the financial 
support provided by these entities, it would not have been possible to construct the physical 
robotic system used for testing and experimentation. This research adds to the field of 
robotic manipulation, contributing to topics on grasp-induced error analysis, post-grasp 
error minimisation, grasp synthesis framework design and general grasp synthesis. Three 
journal publications and one IEEE Xplore paper have been published as a result of this 
research. 
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Chapter 1 
 

Introduction 
 
1.1 General introduction 
Autonomous object manipulation is a central task within the field of robotics. Study in this 
area has traditionally been focused on domestic applications, such as dishwasher unloading 
[1], cloth manipulation [2], bed-making [3], automated cooking [4, 5], service robotics [6-
9], clutter clearing [10, 11] and general household-related grasping [12-14]. Industry-
oriented manipulation has gained significant popularity over the past decade, partly 
because of interest from industry giants—namely Amazon and Google. The Amazon Picking 
Challenge (APC) [15] for example, posed a pick-and-stow task within unstructured, 
cluttered environments, centred around warehouse automation. This challenge has 
prompted many works to integrate object recognition, object pose estimation, grasp and 
motion planning and error detection and recovery [16-22]. Some other examples where 
automatic grasping has been studied for industrial purposes are shown in Figure 1.1 and 
include garbage sorting [23], a checkout robot application [24], mineral sorting [25], 
autonomous micromanipulation [26], under water object manipulation [27], assembly and 
kitting tasks [28], mobile manipulator applications [29, 30], library automation [31] and 
general grasping for industry [32-35]. 
 

    
Figure 1.1. (a)—garbage sorting robot. Source: Zhihong, Hebin, Yanbo, Binyan and Yu [23]. (b)—checkout robot. 
Source: Klingbeil et al. [24]. (c)—dual-arm robotic picking system developed for the 2017 Amazon Robotics 
Challenge. Source: Schwarz et al. [17]. (d)—large-scale data collection framework for Google/Berkeley project. 
Source: Kalashnikov et al. [36]. 

 
Modern-day industrial robots can carry out many complex manipulation and assembly 
tasks through careful hand-scripted actions, ranging from pick-and-place applications [37, 
38] to the assembly of low-voltage circuit breakers [39]. However, autonomously 
interacting with objects not known a priori without explicit instruction and in an intelligent 
manner, remains an open problem. Automating this task is extremely difficult, as a good 
grasp is related to object shape, size, weight, weight-distribution, surface properties, friction 
coefficients, object deformability, etc., and can be severely affected by perception and 
actuation accuracy and noise [40-43]. Acquiring such information in practice is not trivial 
either and may not be feasible for some applications. Moreover, the relationship between 
these variables and a specific grasping strategy, robotic hardware and gripper is not always 
clear.  
 
Novel object grasping is a well-studied field. Earlier works focused on universal grippers, 
designed to reduce the importance of end-effector placement. Odhner, Ma and Dollar for 
example, proposed an underactuated, 2-fingered gripper design aimed at emulating the 
human strategy for pinching objects from a flat surface [44]. They showed good 

b a c d 
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performance for small, thin objects like keys or coins—which is a common issue for many 
contemporary works. Under-actuated gripper designs have been well-researched [45-47]. 
More complex grippers have also been proposed, including, 3-fingered designs [48, 49], 4-
fingered designs [50-52] and anthropomorphic hands [53, 54]. Brown et al. considered a 
granular jamming end-effector design, in which a mass is pressed onto an object [55]. By 
eliminating the air within the mass via vacuum, the shape conforms to the candidate object. 
Their methodology showed excellent performance for a wide range of objects and 
significantly reduced hardware and software complexity, but lacked gripping force for 
round, flat and small objects. Complex designs tend to excel at very specific tasks to the 
detriment of generalised performance. As such, industrial grippers and grippers used 
within this field for research tend to be predominantly 2-fingered, parallel jaw end-effectors 
[24, 56-62]. This research also concentrates on 2-fingered, force-closure grasps. 
 
Recently, well-known, and well-resourced institutes such as Google, MIT, NASA, NVIDIA and 
UC Berkeley have resourced novel object handling research. Shi and Koonjul investigated 
the use of an anthropomorphic hand-based grasp planner for a variety of general 
automotive assembly applications at NASA-JSC [28]. The Google affiliated work by Levine, 
Pastor, Krizhevsky and Quillen saw the implementation of an unprecedented, large-scale 
dataset generation framework [35]. By utilising 14 robotic manipulators they collected 
more than 800,000 grasp attempt samples over the course of two months, which allowed 
them to train sophisticated, self-supervised convolutional neural networks (CNN) for grasp 
success prediction in clutter. Similarly, Kalashnikov et al. leveraged over 580,000 real-world 
grasp samples to train a deep reinforcement learning framework to perform closed-loop 
grasping on previously unseen objects [36]. Associated with MIT, Manuelli, Gao, Florence 
and Tedrake proposed kPAM—a novel task-specific representation of objects that ignored 
task-irrelevant geometry [12]. By representing an object in terms of semantic keypoints, 
they achieved purposeful robotic manipulation of novel objects within a known category. 
Tremblay et al. provide an example of work supported by NVIDIA [14]. They trained a 6-
DOF pose estimator for known objects from a single RGB webcam image, using a mix of 
120,000 real-world and synthetic data.  
 
In general, machine learning (ML)-based, grasp synthesis methodologies have become over-
represented within object handling literature [63, 64]. ML has been used to predict grasp 
pose in various ways—pioneered by Saxena, Driemeyer, Kearns and Ng [59]. They predicted 
grasping locations directly from 3D sensor data using a supervised learning technique. 
Later, Jiang, Moseson and Saxena [65] approached 2-fingered grasp synthesis by 
representing a grasp in terms of an oriented rectangle directly related to gripper placement. 
A plethora of works have since made use of analogous representations. Pinto and Gupta for 
example, collected 50,000 datapoints in terms of a 2-dimensional rectangular 
representation [60]. Sun, Yu, Liu and Gu employed a similar representation using depth 
information [66]. Further work by Lenz, Lee and Saxena effectively reduced grasp synthesis 
into a 2-stage generate-and-test task using their earlier representation [13]. First, a shallow 
classifier was used to quickly generate candidate grasping windows. A deeper scoring 
network was then employed to discriminate between windows for grasp selection. Their 
dataset—the Cornell Grasp Detection Dataset [67]—has since been used prolifically [40, 58, 
66, 68-73]. Other grasp representations also exist, namely 3D pose estimation [6, 8, 14, 18, 
74], a 2-fingered line representation [75, 76], feature points [24, 35, 59, 77] and others [11, 
16, 25, 27].  
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generate-and-test methodologies in which the goal is to autonomously select a sample from 
the hypothesis grasp pool likely to result in the desired outcome. Furthermore, well-defined 
objectives for learning-based approaches can significantly impact performance. To help 
drive an algorithm toward an optimal solution, it is crucial to have measures that adequately 
describe the quality of a proposed solution. 
 
 
1.3 Motivation for an industrially focused grasping methodology 
The number of robotic arms utilised by industry has risen significantly over the past 
decade—particularly within the domains of spot welding, spray painting, electronic testing, 
metrology, assembly and machining [108]. The International Federation of Robotics (IFR) 
estimates the worldwide number of new robot arm installs in 2018 was over 400,000 units 
[109]. Compared to 2008, this represents a 370% increase in the number of installs. 
Moreover, the IFR predicts annual global installs to exceed 570,000 units by 2022. A more 
comprehensive view of installation trends is illustrated in Figure 1.2. The bulk of new 
installs in 2018 were related to automotive, electrical and electronic applications (Figure 
1.3), although the largest growth was observed in food related installs, increasing by 32% 
between 2016 and 2018 [110]. There has also been an increase in the number of medical 
service robots installed, with 5,100 installs in 2018 compared to 7,200 in 2019. This number 
is forecasted to increase to 19,700 unit installs by 2020. 
 

 
Figure 1.2. Estimated number of industrial robots installed per year by region. Source: International Federation of 
Robotics [109, 110]. 
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Figure 1.3. Estimated annual worldwide installations of industrial robots by industry, 2018. Source: International 
Federation of Robotics [109, 110]. 

 
Modern factory automation is moving away from mass production due to the shortening of 
lifecycles and production volumes of many new products—influenced by consumers. This 
trend has been well-documented [108, 111-118]. For an in-depth review of current 
technologies and emerging trends within manufacture, the reader is referred to the 
�‘�˜�‡�”�˜�‹�‡�™���’�”�‘�˜�‹�†�‡�†���„�›�����‘�–�‘�Ž�‹�á���	�ƒ�›�á�����‹�ä�•�‘�™�‹�…�œ�…���ƒ�•�†�����‡�ƒ�–�œ�— [119]. This shift, labelled Industry 
4.0, introduces intelligent information and communication technologies with the goal of 
increasing the flexibility and scalability of production systems. McLean, Walker and Bright 
for example, proposed a disturbance mitigation approach for reconfigurable production 
systems based on artificial neural networks [120]. They demonstrated that artificial 
intelligence can be used to help manage perturbations such as shortage of material, 
breakdown of production elements and excessive tool wear. Ferrati, Nardi, Settimi, Marino 
and Pallottino proposed a smart planning algorithm that improved the autonomy of mobile 
robots in unstructured, multi-robot environments [30]. To help meet the demand for 
customisable production, many manufacturers are moving toward flexible and 
reconfigurable robotic systems. ABB for instance, have developed a dual-arm robotic 
concept designed to collaborate with human workers in agile production environments 
subject to regular change [121, 122]. Their concept was focused on small parts assembly 
within standard manual workstation arrangements. Generally, the flexibility of the control 
software of such robotic concepts is not considered to the same degree as the physical 
design. 
 
To manage uncertainty surrounding product range, volume and lifespan, production 
systems prone to frequent change tend toward manual labour. As a result, manual 
production is common in low-wage countries. China currently represents an excellent 
example within this context. Considering that China is the world’s largest trading and 
manufacture nation—accounting for 11.4% of global goods traded in 2017 [123]—the 
number of industrial robots per factory worker is relatively low. The Information 
Technology & Innovation Foundation (ITIF) estimated this figure at approximately 100 
industrial robots per 10,000 workers in 2017 [124] (Figure 1.4). Korea had the largest 
number of industrial robots per worker in 2017, estimated at 710 units per 10,000 workers.  
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Figure 1.4. Estimated number of industrial robots per 10,000 manufacturing workers by country, 2017. Source: 
Information Technology & Innovation Foundation (ITIF) [124]. 

 
The number of industrial robots in China is rapidly growing. China alone installed over 
166,000 new robots in 2018, which accounted for approximately 40% of all new robot 
installs worldwide [110]—more than four times the number installed in the United States. 
The number of industrial robots installed annually by market is illustrated in Figure 1.5. 
With such large volumes of new robot installs, the ratio between industrial robot and 
worker is rapidly increasing. In 2016 China surpassed the average global number of 
industrial robots per 10,000 workers—Figure 1.6. Moreover, the estimated operational 
stock of industrial robots in China grew exponentially between 2008 and 2018—Figure 1.7. 
 

 
Figure 1.5. Estimated number of industrial robots installed per year by market, 2018. Source: International 
Federation of Robotics [109, 110]. 
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Figure 1.6. Estimated number of industrial robots per 10,000 manufacturing workers, by year. Source: International 
Federation of Robotics [109, 110]. 

 

 
Figure 1.7. Estimated number of industrial robots operating in China by year. Source: International Federation of 
Robotics [109, 110]. 

 
The applications of new robots installed in China often centre around handling tasks—
which make up nearly a quarter of all application-specific installs, illustrated in Figure 1.8. 
While China shows the largest growth in terms of industrial robot automation, many other 
countries share a similar trend. India, for example, experienced a 39% increase in the 
number of units installed in 2018, compared to the previous year [125]. Even countries that 
already have a high level of robotic automation continue to see a rise in the number of 
annual installs. Japan, for instance, has had an average annual growth rate of 17% since 
2013.  
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Figure 1.8. Estimated annual installations of industrial robots by application in China, 2018. Source: International 
Federation of Robotics [109, 110]. 

 
This research posits that a robust, autonomous handling system plays a crucial role in 
further closing the gap between manual and automated assembly for future production 
systems. Autonomous handling can greatly aid in a wide range of tasks, particularly for 
small-part assembly, e.g., the assembly of low-voltage circuit breakers [39], medical 
syringes [126], thermal relays [127], small automotive componentry [121], small electronic 
devices [128] and small consumer brushes [129]. Such a system may also be useful for 
product testing, nut driving, press fitting, product insertion, pick-and-place, material 
removal [130], part sorting and loading [131] and laboratory robot-scientist collaboration 
[132]. This research aims to investigate and develop a robust methodology for autonomous 
novel object handling that may be used in conjunction with other technologies to further 
respond to the high demand for automated manufacturing systems due to the reduced 
lifecycles of many modern products. This work is particularly focused on industrial 
application and production line integration, intended for the handling and assembly of small 
parts at this stage of development—although significant attention is also given to scalability 
and flexibility. 
 
 
1.4 Problem formulation 
The manufacture industry faces a continuing trend toward more complex products, an 
increase in product range, smaller batch sizes and reduced lifecycles [108, 111-118]. 
Previous studies reveal that multi-product production environments often achieve 
adequate flexibility, adaptability and reconfiguration potential through human workers; 
robotic systems are also utilised but they do require frequent manual attention. To 
effectively enable robotic automation within this context, reliable control theories and 
methodologies capable of accurately grasping and manipulating new objects are crucial. 
Such solutions are particularly relevant today, as the large-scale introduction of industrial 
robots is prevalent in many countries.  
 
Autonomous handling is inherently a detection problem, provided an object has been 
correctly recognised. Once a desired object has been isolated within the workspace, a grasp 
location must be computed within a timely manner that will allow the object to be handled 
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reliably and precisely. Moreover, such a system must cater to a wide range of objects and 
promote compatibility. 
 
The key challenges identified in this research are: 

1. Object identification—difficulties in registering and precisely locating a present 
object within the region of interest. 

2. Object recognition—correct categorisation of an object if it is known and 
appropriate classification of an object if it is novel. 

3. Grasp reliability—the rate at which objects are grasped and handled successfully. 

4. Grasp quality—the quality with which objects are grasped and handled. 

5. Scope of application—difficulties in establishing a methodology that caters to wide 
ranging differences in object geometry, material, friction coefficients, etc. 

6. Processing time—low processing time is crucial within an industrial setting to 
maintain high throughput. 

7. Scalability and integration—issues surrounding the implementation of a handling 
system with existing hardware. 

 
To evaluate the proposed methods and methodologies, the following criteria are set. A 
detailed discussion is presented in Chapter 10. 

1. Empirical grasp rate of known objects. 

2. Empirical grasp rate of unknown objects. 

3. Neural network performance. 

4. Grasp quality (quantitative/qualitative). 

5. Computation time. 

6. Scalability/ease of integration (qualitative). 
 
 
1.5 Research scope and objectives 
Robotics and AI cover many frontier challenges and span multiple disciplines. This research 
focuses primarily on the technical aspects of autonomous methodologies that generate an 
optimal grasp pose and orientation for a given object. Therefore, this thesis centres on an 
investigation of smart methodologies to identify novel objects, an effective method to 
accurately grasp an object, an investigation into the potential avenues of improving grasp 
rates and manipulation quality, and the development of a prototype that is driven by the 
proposed methods and methodologies. The scope of this study is limited to hardware, 
software and the conceptual process related to grasp synthesis. The outcome of the 
proposed system is detailed, and performance is quantified and qualified using various 
measures. This study is centred on 2-fingered, force-closure grasps for typical robotic arms. 
3-fingered, 4-fingered, anthropomorphic and other end-effectors are beyond the scope of 
this research. RGB, RGBD, proximity and other sensors that are commonly used throughout 
industry are within the scope of this work, but more complex sensing apparatus, e.g., lidar, 
electrochemical and spectral sensors, are not. Electronic design, mechanical design and 
system integration are included as necessary.  
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The broader body of research—which this research is related to—deals with an ensemble 
of technologies aimed to increase the flexibility and customisation potential of industrial 
production systems that utilise robotics, AI, ML, sensing and automation. The goal of this 
research is to investigate a learning-based smart methodology for autonomously handling 
novel objects through the incorporation of part-related information and machine vision, 
considered from an industrial perspective. To fulfil this research aim, the following 
objectives must be accomplished: 

1. To investigate current machine vision, digital image processing and object 
detection to identify potential techniques for object handling. 

2. To study artificial intelligence, neural networks and machine learning pertaining to 
smart robotic manipulation. 

3. To evaluate the potential of machine learning for novel part handling. 

4. To research and identify the factors leading to better quality grasps. 

5. To develop new methods/metrics to quantify the quality of a grasp. 

6. To investigate the effect that grasp quality has on grasp rates.  

7. To develop an AI-based part detection and grasp methodology that will enable 
robust, 2-fingered and autonomous novel object handling, while promoting future 
scalability and ease of integration. 

8. To design a prototype system to physically validate the proposed object handling 
methodology and evaluate performance in terms of manipulation quality and 
grasp success rates. 

 
 
1.6 Novel contribution 
The novel contributions of this research are as follows: 

1. Grasp-induced error analysis—an in-depth investigation of the factors that lead to 
reduced robotic manipulation quality. Subsequently, new grasp-induced error 
metrics are proposed to objectively quantify the error introduced by a robotic 
system when grasping an object. This error is measured by comparing an object’s 
pre-grasp pose to its post-grasp pose. 

2. Post-grasp error minimisation—the training methodology used to improve 
performance. By training regression models to predict the resultant grasp-induced 
error of a given sample, a selection process may be established to maximise for the 
proposed metrics; thus, improving manipulation quality and grasp rate. 

3. 3-stage grasp synthesis framework—the novel multi-stage process by which grasp 
locations and orientations are generated and selected. A novel generate-and-test 
structure is employed to sample the workspace for meaningful grasp poses. The 
resultant grasp pool is subjected to various selection criteria to finalise a pose for 
robotic implementation. 

4. Grasp synthesis that incorporates object properties—the proposed method utilises 
object-property sensing hardware to improve grasp performance, e.g. force 
sensors for centre of mass acquisition. Many properties may serve as inputs to the 
selection stage if they are available, e.g., temperature, material properties, friction 
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coefficients, gripper feedback, etc. With the proliferation of IoT sensors, it has 
become relatively simple to measure many such properties. 

5. Small and efficient network structures—relative to other CNNs throughout 
literature, the proposed networks are extremely small and computationally 
inexpensive. This is achieved by offloading complexity prior to network 
implementation, thereby simplifying the task. For example, objects are rotated 
prior to grasp detection to simplify the associated CNN, avoiding the need to train 
rotation-invariant models. 

6. Prototype system—the prototype system utilised in this work was specifically 
developed to evaluate learning-based grasp synthesis methodologies. 
Consequently, the system may be used to assess a range of related approaches. 
Many novel calibration techniques were considered to improve the accuracy of the 
system and effectively integrate various subsystems, e.g., conveyor, bi-camera 
imaging system, robotic manipulator, load-cell coordinate system, etc. 
 

The work in 1. and 2. resulted in a research paper outlining the utility of the proposed grasp-
induced error metrics for improving the quality of grasp synthesis methodologies. A paper 
titled “Improving the quality of autonomous robotic grasps through the minimization of 
grasp-induced error” has been submitted to IEEE Transactions on Robotics, a journal with 
an impact factor of 6.123. This paper is currently under peer review. The 3-stage grasp 
synthesis framework in 3. was presented at the 2019 ICIEA conference in Xi’an, China. The 
outcome of the research work in 2., 3. and 4., is published in IEEE Access, an IEEE journal 
with an impact factor of 4.098. A paper detailing the design and related considerations in 6. 
was submitted under the title “A benchmarking platform for learning-based grasp synthesis 
methodologies” to the Elsevier Robotics and Autonomous Systems journal, which has an 
impact factor of 2.825. 
 
Publications: 

Paper title: A 3-stage Machine Learning-Based Novel Object Grasping 
Methodology 

Journal: IEEE Access 
J. J. V. Vuuren, L. Tang, I. Al-Bahadly, and K. M. Arif, "A 3-Stage Machine Learning-Based Novel Object 
Grasping Methodology," IEEE Access, vol. 8, pp. 74216-74236, 2020, doi: 
10.1109/ACCESS.2020.2987341. 
 
Paper title: Improving the quality of autonomous robotic grasps through the 

minimization of grasp-induced error 
Journal (TBC): IEEE Transactions on Robotics (T-RO) 
 
Paper title: A benchmarking platform for learning-based grasp synthesis 

methodologies 
Journal (TBC):  Robotics and Autonomous systems 
 
Paper title: Towards the autonomous robotic gripping and handling of novel 

objects 
Conference:  IEEE Conference on Industrial Electronics and Applications 2019 
J. J. v. Vuuren, L. Tang, I. Al-Bahadly, and K. Arif, "Towards the autonomous robotic gripping and 
handling of novel objects," presented at the 2019 14th IEEE Conference on Industrial Electronics and 
Applications (ICIEA), June 19-21 2019, doi: 10.1109/ICIEA.2019.8833691. 
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PhD thesis:  Learning-based robotic manipulation for dynamic object handling 
 
 
1.7 Thesis Overview 
This dissertation contains 11 chapters and three appendices. 
 
Chapter 1 introduces the thesis by providing context. It discusses the motivation for the 
research, followed by an outline of its scope. The research problem is formulated in this 
chapter and a summary of novel contributions is presented.  
 
Chapter 2 introduces background literature pertaining to the field of robotic object 
manipulation, citing topics such as artificial intelligence, machine vision, universal gripper 
design and grasp synthesis methodologies. Several issues surrounding a lack of community 
standardisation are noted, followed by common software tools used to facilitate research in 
this area. A conclusion is provided at the end of chapter 2. 
 
Chapter 3 introduces grasp-induced error and offers an analysis of several common sources 
that lead to this error. This chapter also introduces the proposed similarity metrics used to 
quantify grasp quality. 
 
Chapter 4 presents an overview and in-depth description of the proposed 3-stage 
methodology. A brief, qualitative description is provided, in addition to the mathematical 
basis of grasp pose generation and selection.  
 
Chapter 5 establishes the pool of test objects used to assess the 3-stage methodology.  
 
Chapter 6 pertains to the CNN used in the first stage of the proposed methodology, object 
classification. The derivation of the associated network architecture, training dataset and 
training properties is detailed, and the network selected for implementation is assessed.  
 
Chapter 7 pertains to the CNN utilised by the second stage of the proposed methodology, 
grasp detection. Details related to the CNN used in the second stage are provided in this 
chapter. Several network architectures, dataset configurations and other properties are 
considered prior to training and network deployment. 
 
Chapter 8 pertains to the third stage of the proposed methodology, grasp selection. This 
chapter details the samples and methods used to train several regression networks to 
predict the outcome of a candidate grasp pose. 
 
Chapter 9 details several simulations conducted prior to constructing the prototype system. 
Hardware, software, vision, coordinate-frame consolidation and calibration considerations 
surrounding the system are also noted in this chapter. The experimental protocol used to 
trial the method is discussed in chapter 9. 
 
Chapter 10 presents a qualitative and quantitative analysis of the results of trialling the 
proposed methodology 4,000 times over four rounds of testing. The results and their 
implications are further discussed in this chapter. 
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Chapter 11 contains the main conclusions of this research and recommendations for future 
work. A brief case study is noted and the location of an online depository containing files 
related to this research is provided. 
 
Appendix A describes a brief industry perspective survey related to an initial proposal of 
this work. Several industries were contacted to gauge general interest in a novel object 
handling methodology within their related fields.  
 
Appendix B contains a photograph taken at the 2019 ICIEA conference in Xi’an, China, where 
this work was presented. 
 
Appendix C tabulates the results of the second round of trials. 
 
Appendix D contains a brief glossary of terms used throughout this thesis. 
 
 
  



Chapter 1—Introduction  16 
 

 
 



Chapter 2—Literature review  17 
 

Chapter 2 
 

Literature review 
 
2.1 Artificial intelligence 
Within computer science, AI refers to the study of techniques, algorithms and statistical 
models that rely on patterns and inference to perform specific tasks, as opposed to explicit 
instruction. This term was coined by John McCarthy in a conjoined study proposal in 1955 
[133]. Many implementations of this technology have been iconic in defining AI for the 
public. IBM’s Deep Blue for instance, left a lasting impression in 1997 after winning a 6-
game chess rematch against—then world champion—Gary Kasparov [134, 135]. In 2011, 
IBM’s Watson competed on Jeopardy! and won against two of the game’s best players [136]. 
Their system has since been utilised as a knowledge base supplement in healthcare [137, 
138]. In 2016, Google’s AlphaGo Lee won four out of five games against Korean Go Champion 
Lee Se-dol [139] and in 2017, Google’s AlphaGo Master defeated 60 professional Go players 
online and won three consecutive matches against Chinese Go world champion Ke Jie [140]. 
Their system used self-play reinforcement learning and required no human interaction 
during its 40-day training period. AI is more commonly used in commercial applications, 
e.g., facial expression recognition [141], quality assessment of live video streaming [142], 
smart assistants such as Alexa and Hello Google [143], moderating unwanted players in 
video games [144], email spam filtering [145], self-driving car technology [146, 147], online 
customer support [148], consumer behaviour prediction [149], the detection of botnets 
online [150] and the prediction of foreign exchange rates [151]. AI is also prominent in 
vision-related research, often studied in segmentation [22, 152-157] and object recognition 
[105, 158-161]. 
 
The application of AI has surged in popularity in many fields over the past two decades, 
facilitated by major advances in capability and the lowering cost of graphics processing 
units (GPU) [134, 135, 162, 163]. The 1999 NVIDIA Riva TNT2 for instance, was capable of 
0.25 billion (giga) floating point operations per second (GFLOP). The 2019 NVIDIA RTX 
2060 Super represents a price equivalent GPU, capable of 7,180 GFLOPs. GPU processing 
capability and cost trends are illustrated in Figure 2.1 and Figure 2.2. This trend has made 
several aspects of ML—such as deep learning using artificial neural networks and large 
amounts of data—more practical and affordable. 
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Figure 2.1. (a)—adjusted release price (USD) per GFLOP (single precision) of processing power of consumer desktop 
NVIDIA GPUs 1998 - 2019. (b)—processing power in GFLOPs (single precision) of desktop NVIDIA GPUs available to 
consumers 1998 - 2019. The information required to collate these graphs was obtained from various sources [164-
175]. 

 

  
Figure 2.2. (a)—adjusted release price (USD) per GFLOP (single precision) of processing power of consumer desktop 
NVIDIA GPUs 2007 - 2019. (b)—processing power in GFLOPs (single precision) of desktop NVIDIA GPUs available to 
consumers 1998 - 2006. The information required to collate these graphs was obtained from various sources [164-
175]. 

 
Compared to the memory access speeds between CPU and RAM, GPUs offer high memory 
band-width that allows for thread scheduling with very little overhead [163]. ML tasks 
benefit from such parallel computing structures. NVIDIA hardware is overwhelmingly 
prevalent in this context because of their proprietary compute unified device architecture 
(CUDA) parallel computing platform. Many popular libraries within the ML community 
exploit the CUDA architecture, e.g., TensorFlow [176], Caffe [177], PyTorch [178], Keras 
[179], CNTK [180], Theano [181] and the Matlab Parallel Computing Toolbox [182, 183]. 
 
The growing use of AI remains a global trend and is reflected by the amount of investment 
in related business ventures. Analysis by Quid suggests that in 2015, US $8.5 billion was 
spent on AI start-ups—nearly four times as much as 2010 [184]. According to CB Insights, 

a 
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over 3,600 AI start-up companies in over 70 countries have raised US $66 billion since 2013 
[185]. Figure 2.3 shows the estimated funding of AI start-ups worldwide since 2013. 
Moreover, Allied Market Research expects the global AI market size to exceed US $169 
billion by 2025 [186]. ML is forecasted to show the largest growth, followed by natural 
language processing, image processing and speech recognition. Fortune Business Insights 
valued the global market size of AI at US $20.7 billion in 2018 and project that this value 
will increase to over US $202 billion by 2026 [187]. This trend is also shared by New Zealand 
(NZ). The NZ-based company FaceMe for instance, has recently completed a NZ $15 million 
funding round [188]. Currently, more than 200 companies are working on AI in NZ [189] 
and by 2035, AI is predicted to increase the NZ GDP by up to NZ $54 billion [190]. 
 

 
Figure 2.3. Estimated global funding of AI start-ups. Source: CB Insights [185]. 

 
AI is a parent term that refers to many subfields. This is illustrated in Figure 2.4—a. Deep 
learning for example, is a type of ML that represents an input as a nested hierarchy of 
abstractions, each defined in relation to less abstract representations. Figure 2.4—b 
illustrates this graphically. Some proponents in the field posit that ML is the only viable 
approach to achieving AI systems that can adequately deal with the inherent uncertainty 
related to real-world problems [135, 191]. This is supported by the recent success of ML in 
many fields. Prior to the application of deep learning in 2012 for instance, ImageNet large 
scale visual recognition challenge (ILSVRC) results were improving slowly, with top-5 error 
rates of 28.2% [192] and 25.7% [193] in 2010 and 2011, respectively. In 2012, the winning 
CNN-based model AlexNet achieved a top-5 error rate of 15.3% [104], compared to 26.2% 
achieved by the second-best entry [194]. Since the introduction of deep learning in ILSVRC, 
competition error rates have fallen dramatically to 14.7% in 2013 [195], 6.7% in 2014 
[196], 3.6% in 2015 [197], 3.1% in 2016 [198] and 2.25% in 2017 [199]. The human error 
rate sits at approximately 5.0%. Other forms of AI not under the branch of ML have also 
been well-studied, e.g., semantic networks [200, 201], rule-based expert systems [202], 
description matching and goal trees[203], rule-chaining, problem reduction and search 
methodologies [204, 205], although these topics have not attracted much attention recently.  
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Figure 2.4. (a)—Venn diagram of various AI approaches and subfields. (b)—illustration of the hidden representations 
used by a deep learning model to interpret an image. Source: Goodfellow, Bengio and Courville [135]. 

 
ML techniques are broadly classified into three categories: supervised learning, 
unsupervised learning and reinforcement learning [135, 206, 207]. In supervised learning 
schemes, the goal is to learn a model from a fixed dataset, wherein each sample has 
associated features and a label or target. This model can then be used to make predictions 
about unseen or future data. Unsupervised learning algorithms use unlabelled datasets 
containing many features to learn useful properties about the structure of the data. 
Reinforcement learning algorithms do not operate on a fixed dataset. Such algorithms 
improve their performance based on interactions with an environment, generally in 
relation to some reward system. Further subcategories of ML are presented in Figure 2.5. 
Classification is a very popular branch of supervised learning, in which an algorithm assigns 
a known category to a given sample. Handwritten digit classification is a classic example 
[208]. In contrast to the distinct categorisation of samples, regression algorithms are used 
to predict a continuous output. Wao, Bivins, Hunt, Ries and Schattner for instance, use SAT 
and ACT scores to predict the undergraduate GPA scores of construction science and 
management students [209]. Clustering is a popular subcategory of unsupervised learning, 
and has been used to infer population structures within human genetic data [210].  
 
Artificial neural networks (ANNs) are connected systems inspired by biological neural 
networks that learn to perform tasks by considering samples. ANNs fall under deep learning 
and can be trained via supervised, unsupervised or reinforcement schemes. A 
comprehensive explanation of ML theory is not within the scope of this thesis. For a 
practical guide to ML, the reader is referred to the Python machine learning resource by 
Raschka and Mirjalili [206]. For a more mathematical basis of ML, the reader is directed to 
the resource by Goodfellow, Bengio and Courville [135]. 
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Figure 2.5. Categorisation hierarchy of machine learning models. Source: Dasila [211]. 

 
ML has significantly impacted research related to industrial control systems, automation 
and robotics. Yao, Chow, You and Chan for instance, use support vector machines (SVMs) to 
detect anomalous behaviours of programmable logic controllers (PLCs) [212]. Kanawaday 
and Sane use ML to predict the maintenance requirements of industrial machines using 
internet of things (IoT) sensor data [213]. Amihai et al. show that vibration data and ML can 
be used to predict the condition of industrial assets [214]. Various ML techniques are also 
often used in robotic manipulation research, e.g., SVMs [33, 62], binary classifiers [107], K-
nearest neighbours (KNNs) [83], Gaussian process classification [82], ANNs [47, 53, 54], 
adversarial learning [61], deep reinforcement learning [11, 36, 76] and CNNs [18, 19, 40-
42, 71, 75, 77, 85]. ML is used for many aspects of grasping. Common tasks include object 
and pose detection [17-19, 21] and grasp synthesis [58, 69, 71, 73]. Chapter 2.5 provides 
more information regarding manipulation literature. 
 
This thesis investigates the employment of AI for various tasks related to automated 
grasping. ML has several advantages over traditional approaches. First, ML brings more 
robustness to noise and provides better generalised performance. In a paper published by 
Miyazaki and Miura in 2017 for example, 71% grasp rates for pre-defined, distinctly 
coloured rectangular blocks in clutter were achieved algorithmically using RGBD sensor 
data [8]. In the same year, Viereck, ten Pas, Saenko and Platt achieved 89% grasp rates for 
general household objects in clutter using CNNs and RGBD data [75]. The increase in 
generalised performance associated with ML has also been seen in object recognition 
literature, quantified by the ILSVRC competition results [198]. Second, ML models can 
generally be executed in less time than traditional processes. Continuing with the previous 
comparison, the algorithmic approach [8] took 43-66 seconds to determine the target object 
and location. In contrast, the CNN-based system [75] operated at approximately 5 Hz. 
Similar systems have been shown to operate at very high frame rates when GPU technology 
is employed. Fast YOLO for instance, operates at 155 Hz on a Titan X GPU [160]. This system 
simultaneously locates and classifies multiple objects within a scene. 
 
ML also has significant disadvantages. Within manipulation literature, it is common to 
exceed a training dataset size of 20,000 samples [14, 18, 21, 33, 60, 61], which may require 
significant resources and time to collect. Depending on the desired degree of generalisation 
and type of learning employed, some training sets can exceed 500,000 samples [35, 36, 75]. 
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Levine, Pastor, Krizhevsky and Quillen for example, collected 800,000 training samples over 
the course of two months using between six and 14 robotic manipulators [35]. Moreover, a 
lack of intra-dataset variation harshly reduces the generalisation performance of an ML 
model. Conversely, it may be very difficult to form any useful generalisations about a dataset 
if there is too much variation. The time and resources needed to train ML models can also 
be problematic. Caldera, Rassau and Chai for instance, required over 32 hours to train a 
single model for grasp detection using a Titan X GPU [73]. Training time can become a real 
constraint, as numerous models may need to be trained before converging on a suitable 
network architecture for the application. Morrison, Corke and Leitner trained 95 grasp 
synthesis CNNs of different structures prior to their final implementation [72]. Several 
dedicated cloud services that specialise in AI training have emerged to address this issue. 
Google Cloud for example, provides GPU-enabled training services online [215]. The lack of 
interpretability of AI is another well-known issue within the ML community [216-219]. This 
is particularly relevant in applications such as self-driving cars [147], where it is important 
to understand why a model makes a certain prediction and how to manipulate this 
prediction in the future. 
 
 
2.2 Machine vision 
Appearing as a subcategory of computer vision in the 1970s [220-222], the term machine 
vision (MV) is generally used to describe a digital image processing (DIP)-based system that 
has been adapted to provide usable information for hardware application. It should be 
noted that there is a slight distinction between DIP—in which both input and output are 
images—and MV. MV aims to extract very specific information from an image, often in 
conjunction with other sensing technologies. MV is frequently used in industry and 
academia. Some studied applications include fruit sorting [223] (Figure 2.6), general 
inspection and quality control [224-226], automated sorting [227-229], potato chip 
inspection [230], coal sorting [231], milk powder analysis and grading [232] and e-waste 
sorting for electronic recycling [233]. 
 

 
Figure 2.6. Schematic representation of a machine vision system for apple sorting. 

 
Processes that employ MV often implement some form of external light control to provide a 
more consistent inspection environment—particularly for industrial application. Light 
consistency reduces noise, thus increasing the reliability and quality of a vision system 
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overview and comparison of traditional thresholding techniques [240]. Image segmentation 
is an extremely broad subfield under computer vision. Once segmented, a plethora of 
morphological filters are available to further refine the image. For a brief introduction to 
common segmentation techniques, the reader is referred to the overview by Yuheng and 
Hao [237].  
 

     

 
Figure 2.8. (a)—greyscale image of milk powder [232]. (b)—binary image of milk powder, obtained via global 
threshold [232]. (c)—potato chip segmentation [230]. 

 
Image segmentation is often a precursor to object detection and/or recognition. Traditional 
object recognition techniques centre around image features. Features are useful for object 
detection and recognition because they allow images to be described and compared in 
terms of features—as opposed to pixel intensity. A very popular method of multi-scale, 
perspective/rotation-invariant feature description is the scale-invariant feature transform 
(SIFT), first proposed by David Lowe in 1999 [241]. Other common feature descriptors and 
detectors include the Harris & Stephens edge and corner detector [242], the features from 
accelerated segment test (FAST) feature point extractor [243], the speeded up robust 
features (SURF) detector and descriptor [244], Canny edge detection [245] and the Sobel-
Feldman operator for edge detection [246]. A comprehensive description of DIP methods is 
beyond the scope of this thesis. Woods and Gonzales provide a thorough resource that 
describes the mathematical basis of DIP, and their latest edition (2018) touches on the 
fundamentals of ML for vision [247]. For a more basic overview, the reader is referred to 
the introduction to machine vision by Cognex [225], or for a more practical perspective on 
MV, the resource by Szeliski [220]. 
 
ML has become somewhat of the de facto methodology for image classification and object 
recognition tasks for both industry and research. Lightweight IoT devices built around AI 
computing for instance, have gained significant traction within industry and the consumer 
market. The NVIDIA Jetson Nano for example, contains 128 CUDA cores capable of 472 
GFLOPs, while only consuming 5 W [248]. Google’s Coral Edge is another example currently 
in development [249]. ML has demonstrated good performance for classification tasks 
within industry. The EAVISE Research Group for instance, trained a linear binary SVM 
classifier for Orchid species categorisation within an industrial setting [250]. Their classifier 
showed good performance using five manually defined features and a small dataset 
containing only 360 samples. Although ML classifiers can operate using features that have 
been manually defined, the major advantage and convenience of such algorithms stem from 
their ability to generate their own features. Moreover, ML techniques refine such features 
during training. Generally, this distinction constitutes the difference between deep learning 
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methodologies and traditional ML. Other studied vision classification tasks include the 
classification of land cover (wheat, maize, soybeans, etc.) [157], facial expression 
classification for mood recognition [141], military vehicle recognition from SAR images 
[161], classification of sonar images [251], classification of Arabic numerals [252] and real-
time quality assessment of live video streaming [142]. As mentioned in Section 2.1, ML has 
revolutionised the field of image object recognition—as partly evidenced by the 
improvements brought to the ILSVRC competition results by ML [198]. In a recent series of 
papers [158-160], the you only look once (YOLO) architecture has demonstrated 
exceptional real-time performance in simultaneous localisation and classification of objects. 
By modelling detection as a regression problem, their framework predicts a bounding box 
for an object and the object within that box. The base model processed images at 45 FPS, 
while a smaller version operated at 155 FPS [160]. 
 
Image segmentation methodologies based on ML have also been studied, e.g., pixel-wise 
semantic segmentation and classification [153], multi-class object segmentation for the APC 
[22], biomedical segmentation for cell-tracking [154] and general pixel-wise semantic 
segmentation for scene understanding [105, 155, 156]. Though ML can be used to enhance 
segmentation, traditional DIP techniques are often used for pre-processing. Milioto, Lottes 
and Stachniss for example, transform a conventional RGB image into 14 unique 
representations, e.g., red component, green component, Sobel in x-direction, Canny edge 
detection, HSV colour space, etc. (Figure 2.9—b, c, d, e) [152]. All representations are then 
fed into a CNN which classifies each pixel as either value crop, dirt or weed. By masking this 
classification over the original image, their agricultural platform can accurately detect the 
presence and location of weeds and value crop [152]. The outcome of this process is 
illustrated in Figure 2.9—f. It should be noted that their work observed a 19% increase in 
pixel-wise classification rates when implementing their alternate representations, 
compared to RGB data only.  
 

      
Figure 2.9. Illustration of the various representations used by a CNN to classify value crop. (a)—original RGB image 
captured by system. (b), (c), (d), (e)—various alternate representations of the RGB image. (f)—classification mask 
where red represents the weed class and green represents the value crop class. Source: Milioto, Lottes and Stachniss 
[152]. 

 
This research studies the potential of machine vision for object identification, object pose 
estimation and grasp detection. MV, DIP, image segmentation and object recognition 
technologies often form the basis of automated robotic manipulation. Conventional RGB 
cameras are commonly employed [14, 23, 35, 36, 59-61, 77], although depth cameras 
(RGBD) have been a significant research focus in recent years [11, 12, 17, 20, 66, 70, 73, 76]. 
Other input modalities such as laser sensors [27], infrared scanners [31] and lidar and 
optical proximity sensors [253] have also been suggested. The methodology proposed in 
this thesis studies two monocular RGB observations of the scene, captured within an 
enclosure. Situating an imaging system within an enclosure provides two major advantages. 
First, an enclosure provides a consistent inspection environment [224]. Second, a well-
defined background provides good general object contrast—simplifying the segmentation 
process [237]. Moreover, enclosures are already commonly coupled with industrial robotic 
systems utilising vision. Although RGBD sensors have several advantages over RGB, they 
are not incorporated in this work for several reasons. RGBD sensors generally require a 
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distance in excess of one metre for accurate measurements [254, 255]—which make them 
impractical for enclosure implementation. Generally, the precision of depth sensors sits 
between 30-60 mm [255], which is too large for accurate manipulation within small-part 
assembly applications. Additionally, some reflective and transparent surfaces cannot be 
captured by modern depth sensors [256]. Industrial processes generally require systems 
that are real-time. In ML theory, it is well-known that a reduction in the input dimensionality 
of ML algorithms significantly improves computational efficiency [206]. RGBD data 
generally consists of 7 channels, compared with the 3 channels associated with RGB data 
[13]. For an explanation of how RGBD sensors acquire data, the reader is referred to the 
work by Zollhöfer [257]. 
 
 
2.3 Universal gripper designs 
Early novel object grasping approaches centred around physical design. A journal paper 
published in 1985 for instance, proposed a pin-array structure consisting of numerous 
sliding pins that conform to object shape and size [258]. This design is illustrated in Figure 
2.10—a. Novel 3-fingered designs were also common throughout this period. Van der Loos 
proposed a new 3-fingered design for industry in 1978 [259]. NASA expanded on this design 
in 1989 by adding tactile feedback [260]. Many later works focused on anthropomorphic 
designs for dexterous grasping. The DIST-hand for example, was first proposed in 1998 
[261]. This design was based on the human hand and actuation was achieved via a tendon 
design (Figure 2.10—b) [261, 262]. For a useful overview of legacy anthropomorphic end-
effectors, refer to Hollerbach and Jacobsen [263]. 2-fingered and 3-fingered grippers were 
also popular in this era. Causey and Quinn for example, proposed guidelines for 2-fingered 
gripper design within modular manufacturing (Figure 2.10—c) [264]. Laliberté, Birgle and 
Gosselin proposed an underactuated 3-fingered gripper with moveable joints (Figure 
2.10—d) [48]. Their design was shown to conform to object shape and demonstrated a 
lifting capacity of 70 kg. Approaching novel object grasping from a design perspective is still 
prevalent today. 
 

    
Figure 2.10. (a)—sliding pin-array design proposed in 1985, dubbed the Omnigripper [258]. (b)—the 
anthropomorphic DIST-hand first proposed in 1998 [262]. (c)—2-fingered modular design proposed in 1998 [264]. 
(d)—underactuated 3-fingered design with moveable joints proposed in 2002 [48]. 

 
Many new designs and revisions are still being proposed in contemporary works, 
particularly in the form of 2-fingered, 3-fingered and 4-fingered force-closure designs. Chan 
and Cheung for instance, proposed a small 2-fingered design that makes use of variable 
reluctance actuators that do not employ permanent magnets [265]. Their design is 
illustrated in Figure 2.11—a. Wang, DelPreto, Bhattacharyya, Weisz and Allen proposed the 
Columbia Hand (Figure 2.11—b, c)—a 9-DOF end-effector consisting of two fingers, one 
thumb, 10 angle sensors and nine force sensors [45]. They achieved stable grasps for 
various objects by conforming to the object itself based on sensory data, which was also 
used to predict and adjust for grasp quality. An example of their design conforming to object 
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shape is given in Figure 2.11—c. Spiliotopoulos, Michalos and Makris propose a similar 3-
fingered design for flexible assembly automation [266], while Shauri, Salleh and Hadi apply 
their design to general household grasping [49]. Yao, Zhan, Ceccarelli, Carbone and Lu 
investigate the underlying grasp strategy and control methodology of 3-fingered robotic 
hands [47]. The 4-fingered SDM hand is paradigmatic in the context of grasping novel 
objects through design. Proposed by Dollar and Howe [50], the SDM hand (Figure 2.11—d, 
e) aims to accommodate for the uncertainty in grasping tasks by incorporating features such 
as compliance and adaptability. Their manipulator employed viscoelastic flexure joints and 
a nylon-coated cable structure to grasp objects in the presence of significant positional 
error. Their experiments showed good grasp performance for positioning errors of up to 
100% of the object size at the 5 cm scale and 33% at the 10 cm scale [51]. Later, they 
implemented a minimalistic control methodology based on colour segmentation [52]. 
Despite the simplistic nature of their control, their gripper demonstrated good performance 
for a range of common household objects. An example of the SDM hand grasping a wine 
glass can be seen in Figure 2.11—e.  
 

     
Figure 2.11. (a)—2-fingered, variable reluctance gripper design [265]. (b), (c)—the 3-fingered Columbia Hand in an 
open position, or grasping a toy [45]. (d), (e)—the 4-fingered SDM hand in an open position, or grasping a wine glass 
[50-52]. 

 
Anthropomorphic end-effectors have remained a significant topic of interest for many 
works  [267-273]. Gaiser et al. for example, proposed the 11-DOF FRH-4 humanoid hand 
[274]. Their design is actuated by flexible fluidic actuators to promote safe interaction with 
human operators. Similarly, Polishchuk presented a 5-fingered gripper actuated by 
pneumatic chambers mounted on spherical hinges [275]. This design focused on novel 
object handling for industrial implementation. Welhenge, Wijesinghe and Rajakarun 
concentrated on the finger structure design of a gripper that emulates human finger motion 
[34].  Mudigonda, Agrawal, Deweese and Malik investigated deep reinforcement learning 
for grasping novel objects with anthropomorphic hands [276]. They demonstrated good 
performance in simulation. Other works have also studied control within this context [53, 
54]. Figure 2.12 illustrates various examples of popular anthropomorphic hands 
throughout literature. 
 

     
Figure 2.12. (a)—the X-hand grasping a filled bottle [267]. (b)—the 19-DOF CATCH-919 hand [270]. (c)—the 15-DOF 
ARMAR hand [271]. (d)—the 11-DOF FRH-4 hand [274]. (e)—the Shadow dexterous hand grasping an empty can [54]. 

 
While general control has improved, the effective autonomous control of complex 
manipulators remains a significant barrier to pragmatic implementation. Some works for 
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