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Abstract 

Grasping, the skill to hold objects and tools while doing in-hand manipulation, still 

is in many cases an unsolvable problem for robotics, but a natural act for humans. An 

efficient grasping requires not only human-like robotic hands with articulated fingers 

but also tactile, force, and kinesthetic sensors for the precise control of the forces and 

motions exerted during the manipulation.   

As a fully autonomous robotic dexterous manipulation is too difficult to develop 

for changing and unstructured environments, an alternative approach is to combine the 

low-level robot computer control with the higher-level perception and task planning 

abilities of a human operator equipped with an adequate human-computer interface 

(HCI). 

This thesis presents theoretical and experimental contributions to the de-

velopment of an upgraded haptic-enabled anthropomorphic Ring Ada dexterous ro-

botic hand and a biology-inspired synergistic real-time control system for teleoperated 

grasping of different objects using a CyberTouch HCI data glove.  A fuzzy logic control-

ler module was developed to efficiently control the underactuated Ring Ada’ robotic 

hand during grasping.  A machine learning classification system was developed to rec-

ognize grasped objects.  

Experiments have convincingly demonstrated that our novel Ring Ada robotic 

hand equipped with kinematic position sensors and touch sensors is able to efficiently 

grasp different lightweight objects through teleoperation. 
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Chapter 1. Introduction 

Since the mid 20th century, robots are slowly integrating into our daily life as help-

ful partners offering tireless and high precision assistance. For over 50 years industrial 

robotic arms are very efficiently making and assembling a variety of products. Special 

robots were designed to face extreme environmental condition and go to unreachable 

places such for instance the International Space Station, or the Mars planet. A small 

humanoid robot was developed and is commercially available to interact with people as 

house pets. However, for robots’ skills to match those of humans, there still are great chal-

lenges to be solved [1].  

Robots can improve their overall skills by developing a more effective in-hand ob-

ject manipulation ability which is crucial for many human-like activities[2]. Robots’ new 

ability influences human productivity, just as all tools are innovated by human beings 

in history.  

The idea of developing human-like hands for robotics could call back to 1977 with 

the work of Asada and Hanafusa [3] in the field of robot grasping, and become more 

practical with Salisbury’s first attempts to develop a three-fingered robotic hand [4]. For 

the robotic hand, we not only expect it just to hold the object sturdy but also to perform 

complex key grasping or even in-hand manipulation operations.  

Haptic exploration research is thriving nowadays since it’s an important mecha-

nism by which the users learn about the surface properties of unknown objects. Shapes, 
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textures, stiffness, and temperature information could be collected instantly through a 

single touch. This ability to have such a so-called ‘haptic glance’ would allow robotic 

hands to explore unknown environments, instead of staying in well-known, structured 

environments. However, we should not forget that the haptic exploration is an active 

perception act that involves direct interaction with the object being explored, which pre-

sents significant challenges in both sensing and control [5]. 

Teleoperated dexterous object exploration, grasping and manipulation can also al-

low developing a new generation of intelligent robots with advanced, human-like, tactile 

perception capabilities enabling them to perform complex in-hand telemanipulation 

operations under poor or nonexistent visibility conditions, such as underwater, in space, 

in hazardous or high-risk security operational environments like highly infectious hos-

pital rooms, where touch feeling is of paramount importance. 

As presented in [6] “Robotic telemanipulation is an object-oriented act which re-

quires not only specialized robotic hands with articulated fingers but also tactile, force 

and kinesthetic sensors for the precise control of the forces and motions exerted on the 

manipulated object. When a fully autonomous robotic dexterous manipulation is im-

practical in changing and unstructured environments, an alternative approach is to 

combine the low-level robot computer control with the higher-level perception and task 

planning abilities of a human operator equipped with adequate Human Computer In-

terfaces (HCI)”, as illustrated in Figure 1.1. 
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Telemanipulation robotic systems should have a bilateral architecture that allows 

a human operator to connect as much as possible in a transparent manner to a remote 

robotic manipulator. Convenient Human Computer Interfaces (HCI) should be used to 

provide easily perceivable and task-related sensory feedback, which fit naturally the per-

ception capabilities of the human operator.

 

Figure 1. 1 Robotic telemanipulation [6]. 
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1.1. Problem definition 

This thesis will attempt to address specific aspects related to the very complex and 

challenging sensor-enabled dexterous robotic telemanipulation problem, which re-

quires not only human-like robotic hands with articulated fingers but also tactile, force, 

and kinesthetic sensors for the precise control of the forces and motions exerted during 

the manipulation.  As fully autonomous robotic dexterous manipulation is too difficult 

to develop in changing and unstructured environments, an alternative approach is to 

combine the low-level robot computer control with the higher-level perception and task 

planning abilities of a human operator equipped with adequate human computer inter-

face.  

Dexterous object grasping is a complex operation in which multiple fingers coop-

erate to carry out this task. Controlling a dexterous robotic hand poses major design 

challenges for the tactile sensors which are the first line of contact to detect the contact 

pressure, and then for the tactile and kinesthetic feedback-based coordinated control of 

finger movements and applied forces. 

The human hand is one of the most versatile multifigured gripper available in na-

ture, which can handle objects of different sizes, shapes, and weights with a high level 

of dexterity.  A reach body of literature on the human hand structure, touch, and dex-

terous grasp are available to be used by engineers as a source of inspiration for a more 

advanced robotic haptic sensing and perception, and object grasping and manipulation. 

Object grasping combines four major elements called ‘manipulation science’  [7] 
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include: the task, object, robotic gripper, and controller modules, as illustrated in Figure 

1.2.  

 

The grasping task has to adjust to fit the gripper design constraints. The object size 

and shape should fit in the reachable space of the gripper and its surface texture needs 

have enough friction to avoid getting loose. A proper controller design has to take into 

consideration the robotic gripper’s structural parameters, and its actuators and sensors’ 

performance. 

Although all functions and equipment are well prepared, the objects still cannot 

always be picked up in our desired configurations. However, dexterous manipulation 

enables a robot to reposition an object while holding within its hand[8]. More predict-

able and robustness in the grasp execution can be achieved through incorporating data 

provided by the haptic sensors disposed on the robotic hand such as the contact force, 

 

 

Figure 1.2 The concept of successful grasping 
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the relative velocity at the contact points, or even the material rigidly. 

 Grasping, the skill to hold objects and tools while doing in-hand manipulation 

maintaining a stable grasp, still is in many cases an unsolvable problem for robotics, but 

a natural act for humans, even for kids.  

A new approach must focus on the robotic hand’s compliance, tactile sensing, 

smart actuation [1], and multi-sensor control [7], all these combined with teleoperation 

haptic-feedback HCIs. 

1.2. Objectives 

We aim to combine the functional dexterity of a human-like haptic-enabled robotic 

hand with the higher-level perception and task planning abilities of a human teleoper-

ator equipped with an adequate human-computer interface.  

The thesis objectives are as follows: 

• Develop an experimental haptic-enabled human-like multi Degrees of 

Freedom (DOF) with independent actuated joints dexterous robotic hand.  

• Study an efficient control system for haptic-enabled teleoperation of the 

new experimental hand using a CyberTouch glove [9]. 

• Study an object classification system of the grasped objects in order to as-

sist the human teleoperator to better carry on the telemanipulation. 
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1.3. Thesis Contributions 

In this thesis, an upgraded five-finger dexterous tactile enabled underactuated ro-

botic hand was designed and build based on opensource resources.  The thesis makes 

the following contributions: 

• Developed an experimental haptic-enhanced human-like five-finger robotic hand, 

called the Ring Ada hand,  by adding a set of ‘Rings’ in order to add DOFs to an 

open-source available Ada hand [10], and also adding FSR tactile sensors to the 

robotic hand’s fingertips and palm. 

• Experimentally studied the reachability of the new Ring Ada robotic hand. 

• Developed kinematic synergy and postural synergy control system for the Ring 

Ada robotic hand to perform teleoperated stable grasping. 

• Developed an FLC (fuzzy logic controller) for the new Ring Ada hand, using data 

from the FSR touch sensors on the fingertips and the hand’s linear actuators and 

servo motors, to perform stable object self-grasping.  

• Experimentally implement the object classification system using position output 

from the FLC of the robotic hand’s linear actuators and servo motors. This could 

assist the human teleoperator to better carry on the telemanipulation. 
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1.4. Publications Arising from the Thesis 

The author has published four international conference papers on topics directly 

related to the work presented in this thesis: 

 
(1) Qi Zhu, Vinicius Prado da Fonseca, Bruno Monteiro Rocha Lima, Maxwell 

Welyhorsky, Mirian Goubran, Thiago Eustaquio Alves de Oliveira, and Emil 

M. Petriu, “Teleoperated Grasping Using a Robotic Hand and a Haptic-

Feedback Data Glove,” IEEE International Systems Conference - SysCon 

2020, (accepted). 

(2) Bruno Monteiro Rocha Lima, Vinicius Prado da Fonseca, Thiago Eustaquio 

Alves de Oliveira, Qi Zhu, and Emil M. Petriu, “Dynamic Tactile Exploration 

for Texture Classification using a Miniaturized Multi-modal Tactile Sensor 

and Machine Learning.” IEEE International Systems Conference - SysCon 

2020, (accepted). 

(3) Vinicius Prado da Fonseca, Bruno Monteiro Rocha Lima, Thiago Eustaquio 

Alves de Oliveira, Qi Zhu, Voicu Z. Groza, and Emil M. Petriu, “In-Hand Te-

lemanipulation Using a Robotic Hand and Biology-Inspired Haptic Sens-

ing,” Proceedings of the 2019 IEEE International Symposium on Medical 

Measurements and Applications (MeMeA), [11]. 

(4) Bruno Monteiro Rocha Lima, Thiago Eustaquio Alves de Oliveira, Vinicius 

Pradoda Fonseca, Qi Zhu, Miriam Goubran, Voicu Z. Groza, and Emil M. 
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Petriu, “Heart Rate Detection Using a Miniaturized Multimodal Tactile Sen-

sor,” Proceedings of the 2019 IEEE International Symposium on Medical 

Measurements and Applications (MeMeA), [12]. 

1.5. Thesis Organization 

The thesis is organized as follows:  

Chapter 1. Introduction. The problem definitions, objectives, a list of contribu-

tions, and a list of author’s published papers are presented in this chapter. 

Chapter 2. Literature Review. This chapter presents a review of major re-

search developments from the past to the most recent, reported in the literature on hu-

man hands, robotic hands, vision and tactile for robotic manipulation, the dexterous 

multi-fingered object grasping and manipulation from the synergy aspects, and a brief 

introduction of machine learning. 

Chapter 3. System Overview. This chapter presents an overview of the hard-

ware (such as the CyberTouch HCI teleoperator glove, and the novel upgraded Ring Ada 

robotic hand) and the software (such as the Robot Operating System (ROS), and the 

software for Leap Motion controller), components used by our experimental system 

setup. 

Chapter 4. Teleoperated Grasping. This chapter illustrated the design of the 

kinematic and postural synergies, the tactile sensors, and the feedback strategy used 

during the robotic hand grasping. Experimental results illustrating the effective haptic 
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feedback actuation and the teleoperated stable grasping for different objects are pro-

vided. 

Chapter 5. Grasp Control Skills.  This chapter discusses different aspects of 

synergistic control skills developed for the Ring Ada robotic hand.  A fuzzy logic con-

troller was developed to drive self-explored grasping operations. Using a human-like 

object approaching behavior, the Ring Ada achieve basic object classification skills us-

ing machine learning algorithms.   

Chapter 6. Conclusion and Future Work.  This final chapter includes con-

clusions about the work reported in the thesis.  It also provides ideas on how the results 

of this work could be used in the future to develop a new generation of anthropomorphic 

robotic hands that will further reduce the gap between the robotic and the human hands.
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Chapter 2. Literature Review 

From Human Hand to Robotic Hand 

Dexterous hands have helped humans build up the history of civilization. The del-

icate hierarchic controlled mechanical structure and its haptic sensing system let the 

human hand be the main tool for humans to interact with their surroundings. Tools 

have been built over millennia to optimize their efficiency when used by human hands. 

It was quite logical that the robotic hand designs have been inspired from the very 

beginning by the human hand.   

A robot is not anymore just a bulky, rigid, and clumsy machine. One of the biggest 

challenges that are currently undertaken is to study and develop robots that are more 

agile and dexterous. Significant advances over the past decade have been made in ro-

botics, sensors. artificial intelligence and other related fields, allowing the development 

of highly sophisticated bio-mimetic robotics systems [13]. So, one can wonder, if the 

human hand’s astonishingly dexterous structure and perception capabilities could be 

now used as a base for an anthropomorphic design, how much this would magnificently 

improve the capability of the next generation of humanoid robots? 
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2.1. The Human Hand 

The human hand is a true masterpiece from the mother nature, which evolved from 

a ‘foot’ functionality to a more versatile dexterous manipulation tool function. 

Dexterous object exploration, grasping and in-hand manipulation are complex op-

erations in which multiple fingers, equipped with cutaneous touch and kinesthetic sen-

sors, cooperate to carry out these operations.  Cutaneous touch sensors provide infor-

mation about the geometric shape, contact force, elasticity, texture, and temperature of 

the touched object area.  Kinesthetic information about the positions and velocities of 

the hand’s kinematic structure is provided by sensors on muscles, tendons, and joints. 

Even though there are already many robot gripper and hand designs, the human 

hand’s unbeatable flexibility and adaptability have not yet been matched by any robotic 

artifact. And another bonus for anthropomorphic robotic hand design is higher accept-

ability for the human environment.  So, before designing and building any human-like 

robotic gripper, we need to better understand how the human hand works. 
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Figure 2.1.  shows the bone anatomy of a human hand according to [11]. A human 

hand consists of a palm and five fingers. The grasping is performed by the fingers, which 

more specifically, the phalanges. Phalanges are the small bones that constitute the skel-

eton of the fingers and thumb in hand and feet for most vertebrates.  

We could see that the thumb of the human hand is positioned separate from the 

other four fingers, [11] and [15]. And considering the carpal part of the hand, the index, 

middle, ring, and pinky would not move individually without any other finger partici-

pate. The thumb has the most complex structure amongst the hand fingers and differs 

from the other fingers in that it contains only two phalanges and has 5 DOFs. The thumb 

also has the highest flexibility and could turn towards the palm, which makes the grasp-

ing possible.  

 

Figure 2.1  Human hand bone anatomy, right hand (from [11]].  
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The thumb dexterity helps to handle objects of various sizes and shapes. In Figure 

2.2, each Figure highlights the strong magnitude of covariance between the thumb and 

the other fingers. In other words, the motion of the thumb is dominating the displace-

ment of the other fingers. In addition, this trend can be observed in all four posture 

classes. 

Figure 2.3 shows the simplified kinematic structure of an anthropomorphic hand 

having a grand total of 27 DOFs.  The thumb CMC parts has 2 DOFs and more than 55° 

adduction angle helping the thumb fold towards the palm. The index finger has the 

greatest range of motion amongst the fingers with the extension/flexion movement of 

80°, 110°, and 90° at the DIP, PIP, and MCP joints respectively. The abduction and ad-

duction angle has been measured as 20° at the MCP joint in the index finger based on 

the literature [16].  

 

Figure 2.2  Participation of each finger during grasping.  (a)(b)(c)(d) respectively are the power, pre-
cision, key and primate grasp. 
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Many robotic hand designs aimed to mimic the human hand structure having be-

tween 15 to 25 joints.  Figure 2.4 shows as an example the 25 DOF kinematic model of 

a human hand [17]. 

 

 

Figure 2.3  Simplified human hand kinematic structure 

 

Figure 2.4  The DOFs of the human hand [17].  
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The wrist is a key feature of the human hand. As shown in Figure 2.1 the wrist 

consisted of eight carpals (or carpus) bones, these bones could be divided into two sub-

categories, the proximal and the distal rows. All these bones are connected together as 

an interweaving network of ligaments. Ligaments work their own way through the wrist 

jointing the carpals to each other, and also connecting the carpal bones to the radius 

and ulna. The wrist has three DOFs: flexion to front/extension to back (pitch), radial 

deviation to center/ulnar deviation to outward (yaw); pronation/supination (roll) which 

occurs between the distal radius and ulna, although 2–12° occurs between the radius 

and the carpals at extremes of forearm rotation [18].  

According to medical studies [19][20], the main design requirements for artificial 

wrist implants are : (1) relieve pain; (2) be stable; (3) provide a functional range of mo-

tion; and (4) correct deformity.  

The picture in Figure 2.5 explains the basic movement of the wrist from the litera-

ture [21], which discusses seven different wrist implant designs and the materials used 

for the artificial recreated joints.   
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The complicated structure made the human wrist hard to mimic. So, most of the 

robotic hand designs focus only on the palm and fingers. Only a few pieces of research 

using a group of complementary tendons succeeded to achieve relatively free movement 

in all three DOFs, for example, the Shadow Dexterous Hand which will be introduced 

in the following section. 

2.2. Robotic Hands 

We could find over 70 robotic hand designs inspired by the human hand structure 

in the literature. Every research team attempted to develop a design that offers the best 

possible performance on a limited budget.  

 

Figure 2.5  The basic movements of the wrist 
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All things considered, for the anthropomorphic robotic hand designs, packing 

more than 20 DOFs architecture into a hand size space especially in for a finger remains 

a significant challenge. Efforts have been made in eight areas: 1) structures; 2) internal 

sensors; 3) external sensors; 4) actuation systems; 5) remote systems; 6) covers; 7) com-

munication networks; and, 8) computation systems [22].  

 Two distinct actuation solutions are currently available: (i) tendon-driven robotic 

hands, and (ii) actuator-joint base robotic hands.  

 
Tendon driven robotic hands 

The tendon is a basic actuation organ used by almost all creatures on the planet. 

Benefiting from the improved electric motor designs, the tendon driven actuators are 

offering an efficient solution to replace the cumbersome fluid drive actuators [23] in 

small scale systems such as the robotic hands.  The robotic manipulators could use dif-

ferent types of tendons, for instance, belts, tapes, cables, ropes, chains, or specially de-

signed fibers (bio-inspired tendons having similar performance as the human tendons). 

These tendons allow actuating manipulators remotely without a bulky terminal energy 

transformation system. They have the advantages of low inertia, backlash, friction, and 

minimal end-effector volume.  

There are three main tendon-driven systems as shown in Figure 2.6  [24].  
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The first system, shown in Figure 2.6 (1), uses a continuous cable driven by a single 

actuator. The motor and the cable are relatively fixed which means the actuator is driv-

ing the joint continuously.  

A three-finger robotic hand has been developed using this first rotary actuator con-

figuration [25]. This approach requires pre-tensioning of the system, which should be 

 

 

(1) 

 

(2) 

 

(3) 

Figure 2.6  (1) Single joint driven by a rotary actuator. (2) Spring & actuator for the single joint. (3) 
Dual actuator drives one single joint. (from [24]). 
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strong enough not only to keep the link off the joint but also to prevent the cable slipping 

or allow the tendon slack when the joint moves at higher velocities. The advantage of 

this solution is to keep the simplicity and easy to design. However, because of the pre-

tension, friction and backlash are significant, which obviously decreases the overall per-

formance.  

The second system is also driven by a single actuator, but instead of the closed-

loop cable, a permanent positioning spring is used, as shown in Figure 2.6 (2) [24]. This 

approach was used by the Hitachi Hand [26] developed by Nakano and Hosada. This 

configuration prohibits small co-contractions when hard springs are used, which are 

necessary for high extension force and rapid response time. High energy dissipation is 

also expected since the actuator is required to pull constantly to maintain zero torque at 

the joint. The other disadvantage is that if any tendon slips, the joint will experience a 

large amount of error. It may be worth noting that the Open Bionics Ada robotic hand 

[10] is using this system. 

The third tendon-driving system shown in Figure 2.6 (3) [24] is a true push-pull 

actuator. Although this approach increases the volume of the actuation package, the 

configuration provides for low co-contraction forces, independently controlled joints, 

and equal-strength actuators and tendons. The advantages of this configuration are: 

• relatively minimal amount of the drag strength on the opposing actuator. 

• the smallest tension required of the tendon (the lowest co-contraction) 

• very good position control. 

• simple implementation. 
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The most representative application of this push-pull tendon driving solution is the 

popular sophisticated multi-fingered robotic hand Utah/MIT Dexterous Hand [22], 

[27]. Version 3 of the Utah/MIT Dexterous Hand is shown in Figure 2.7 [28].  It has 32 

specially designed actuator powered tendon driven system design and an elegant 4 fin-

ger mechanical structure. This hand features: 1) 16 degree of freedom; 2) very high ac-

tive and passive performance; 3) good reliability; 4) allows studying a broad variety of 

tactile sensing systems; and, 5) through its modularity offers the possibility of geometric 

reconfigurations to address different experimental objectives [22].  

 

 

 

 

Figure 2.7 Utah/MIT Dexterous Hand version 3 and its kinematic structure (from [28]) 
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Figure 2.8 shows the tendon driven Shadow Dexterous Hand™ [29]. It provides a  

total of 24 total DOFs (20 actuated degrees of freedom and a further 4 under-actuated 

movements for a total of 24 joints, using continuous cable tendons) and packed in six-

axis gyro and accelerometer, joint angle sensors, force-torque sensors, tactile sensors, 

current and temperature sensors [30], up to 129 sensors in total [31].  

 

 

Figure 2.8  Shadow Dexterous Hand and its kinematic structure (from [29]). 
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As shown in Figure 2.8 the thumb has 5 DOFs, especially the ‘thumb 2’ and ‘thumb 

5’ joints imitate the human hand muscle functions to provide similar kinematics that 

imitates better the human hand functions and allows the thumb to turn towards the 

palm and touch other fingers. And the ‘little finger 5’ joint is designed in such a way to 

allow the little finger draw into the palm in order to better fit different object shapes 

into the hand. 

The Shadow Dexterous Hand has one special part which does not exist in other 

types of robotic hands, the joint ‘finger 4’ that is designed to allow the stretch and draw 

of the four fingers. This expands the dexterity of the hand and makes it possible to ac-

tually turn an object inside the hand, which provides for better in-hand manipulations 

and allows to execute special hand gestures. 

The fully actuated human-like joints let Shadow Hand become the benchmark of 

finger dexterity and grasping. it keeps updating through the years.  The Shadow Hand 

was developed to easily adapt to different robotic platforms. It should be noted that it 

was one of the first supporting interaction with the Cyber Glove [32] systems.  

Actuator-joint robotic hands 

In the case of the tendon-driven robotic hands, each finger joint is controlled by a 

tendon driven by a remote actuator usually positioned in the forearm of the robotic ma-

nipulator.  

Benefiting from the recent development of new motor technologies, the finger ac-

tuators can finally have the size, torque, low power consumption, and low weight that 
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will allow them to be placed directly in the finger joints. There is no need to have actu-

ator motors or pneumatic muscles positioned in the forearm, which will leave precious 

room for other parts of the robotic arm.  

A representative example is the 16 DOFs KITECH-Hand [33] shown in Figure 2.9, 

which has the motors directly located in the respective finger joints.  The PIP and DIP 

are single-DOF joints allowing flexion and extension. The MCP is a 2-DOF joint ena-

bling flexion and extension and the abduction and adduction of the finger.  

 

 

  

Figure 2.9  The KITECH-Hand and its kinematic structure (from [33]). 
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The lightweight is another advantage of this direct actuator-joint humanoid robotic 

hand. The KITECH-Hand is designed to weigh less than 1 kg, including the embedded 

electronics. The motors in this hand are small RC servo modules, which are very cheap 

and easy to obtain. While the use of this solution leads to a slight inaccuracy, it never-

theless allows us to minimize the size and complexity of the robotic hand [34]. 

While all these robotic hands provide a lot of DOFs, one major problem which re-

mains is their cost, e.g. even the cheapest KITECH-Hand costs some 10,000 USD [34].   

On the other hand, it is becoming clear that while the simpler three-finger robotic hands 

have allowed conducting some valuable research on grasping and in-hand manipulation 

[35] [36], these relatively simple hands are not actually dexterous enough and may eas-

ily lead to unstable grasping and in-hand manipulation [37], [35]. 

 

2.3. Sensors for Robotic Manipulation. 

Locating, grasping, and manipulating objects is a natural behavior for humans, but 

it remains still a major challenge for most of the robotic hands. Even the most sophisti-

cated robotic hands available today cannot make efficient stable grasp, lift, and dexter-

ously manipulate objects.  

Grasping control includes two major steps: object recognition, and coordinated fin-

ger motion planning. While the visual and haptic perception modalities complement 

each other, the touch plays a major role in the real-time control of the dexterous. 
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2.3.1. Vision 

Over many decades, computer vision has been used for a multitude of industrial 

assembly and object manipulation applications. The video cameras are usually placed 

outside on the robotic hand. However, compact video camera developments allow being 

attached these cameras to the end-effector as eye-in-hand sensors. The Vision-based 

manipulation [38] is from a visual guide to model-based 3D object recognition. 

Efficient vision-guided approaches have been developed for robotic object recog-

nition and manipulation on the modern industrial assembly lines, to improve precision 

and productivity [39] [40].  

Model-based 3D object recognition relies on the recovery of several relevant ob-

ject-specific features such as edges; color, tags, and depth information from stereo vi-

sion [41] or structured light [42]. An eye-in-hand system [43] was also developed to 

provide smaller position uncertainties for more precise control. 

However, although vision could be useful to approach the objects, the partial oc-

clusion after reaching and grasping make tactile sensing more important a feature for 

successful dexterous in-hand manipulation [44]. 

2.3.2. Tactile Sensors 

As discussed in [1] the development of an efficient human-like haptic sensing ca-

pability for dexterous robotic hands requires mimicking the complicated human hand’s 

touch sensing mechanisms during the dexterous manipulation of objects. Human touch 
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is the result of a complex investigatory object handling act involving two distinct sensing 

components: (i) the cutaneous information from tactile sensors about the topology, tex-

ture, contact force, and elasticity of the touched object surface, and (ii) the kinesthetic 

information about the position and velocity of the kinematic structure of the hand. 

In unstructured environments, an object recognition ability in the early grasp 

phase is fundamental for the dexterous robotic hands needing to grasp objects as hu-

mans do. Humans developed an ability called “haptic glance” [45], which relies on the 

tactile sensing in order to perform a fast object recognition through non-exploratory 

manipulation. 

Tactile sensors mimic the human cutaneous sensors found in the human fingertip 

area skin. They are in the first line of contact between the hand and the object allowing 

to gather action-related information about the touched object such as the normal and 

shear contact forces, slip, as well as hardness, friction, texture, temperature [46], [47].  

 

 

 

                                    (1)                          (2) 

Figure 2.10  (1) FSR array, and (2) Tactile sensor based on FSR array (from [48]) 
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A popular tactile sensor technology uses a thick polymer film Force Sensing Resis-

tor (FSR) array shown in Figure 2.10(1). It consists of a 16-by-16 matrix of FSR bodes 

spaced 1.58 mm apart on a 6.5 cm2 (1 square inch) area. The FSR nodes exhibit expo-

nentially decreasing electrical resistance with applied normal force: the resistance 

changes by two orders of magnitude over a pressure range of 1 N/cm2 to 100 N/cm2.  

FSRs have a robust structure, small size, but relatively low accuracy.  A custom-designed 

elastic overlay having a tab on top of each node of the FSR matrix as shown in Figure 

2.10 (2) [48] allows the material to expand without any stress in the x and y directions 

making possible its compression in the Z-direction proportionally with the normal 

stress component. This tab configuration provides a de facto spatial sampling, which 

reduces the elastic overlay's blurring effect on the high 2D sampling resolution of the 

FSR transducer.  

Other known pressure-sensitive tactile sensors use the TeskanFlexiForce™ pres-

sure ink technology [49], or the Quantum Tunnel Composites (QTC®) technology [50].  

 

 

(1)                                    (2)  

Figure 2.11  BioTac SP sensor from SynTouch. (from [52]). 
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Figure 2.11 shows the biology-inspired multimodal tactile-sensing  BioTac SP (Sin-

gle Phalanx) sensor [51]. The skin of the finger is compressed proportionally with the 

contact force, which in turn changes the thickness of a conductive fluid whose imped-

ance is then measured by electrodes. When the fluid goes thin the impendence goes up. 

The sensor is also sensitive to vibrations that occur as the skin slide over the textured 

surface, vibrations that are conveyed through the fluid to a pressure transducer. The 

finger also has thermistors allowing it to measure variations in the temperature of the 

touched objects so it could be used to identify material properties of the objects [52]. 

 

Figure 2.12 shows a biology-inspired multi-modal tactile sensor module recently 

developed by T.E. Alves de Oliveira in our lab at the University of Ottawa [53]. Its struc-

ture is inspired by the human skin mechanoreceptors [54]. As shown in Figure 2.12(2), 

the module consists of several layers: a 32-taxel tactile array, a MARG (magnetic, angu-

lar rate, and gravity), a passive compliant structure, and a barometer. The compliant 

structure consists of IMU and the barometer covered by polyurethane rubber. The bio-

 

                                        (1)                                    (2)  

Figure 2.12 (1) Human skin mechanoreceptors (from [54]), and (2) Multi-modal Tactile Sensor 
module: 1 - tactile array; 2 - inertial measurement unit (IMU); 3 - cone compliant structure, and 

4 - deep barometer (from [53]). 
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inspired cone structure that conducts the forces to the deep pressure sensor helps to 

solve the tactile inverse problem [55].  

2.4. Synergy 

The robotic dexterous manipulation is an object-oriented act that requires not only 

specialized robotic hands with articulated fingers but also force, tactile, and kinesthetic 

sensors for the precise control of the forces and motions exerted on the manipulated 

object [45]. As fully autonomous robotic dexterous manipulation is impractical in 

changing and unstructured environments, a synergetic approach is to combine the low-

level robot computer control with the higher-level perception and task planning abilities 

of a human operator [56].   

Synergy comes from the Greek word συνεργία (synergia) that means "working 

together, joint work, working together, cooperation; assistance, help" according to [57].   

Bernstein [58] introduced synergy as a worthy high-level technique based on a re-

duced number of parameters to control multi-DOF articulated hand structures. This 

approach is based on common patterns observed in the behavior of the human hand’s 

muscles, joints, forces, actions, etc.   Three types of synergy have been proposed to map 

the synergies from the human hands to the anthropomorphic robotic hands: postural 

synergy, kinematic synergy, and dynamic synergy. 

Researchers have shown that a reduced set of representative postures known as 

principal components (PCs) could be used to describe the complete grasping process, 

defined as a posture synergy An early attempt was made by Napier in 1956 to describe 
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the two distinct movement patterns, “precision grip” and “power grip”, of the hand’s 

prehensile movements shown in Figure 2.13. It has been found that more than 80% of 

grasping operation could be described by only two principal components (PCs), PC1 for 

power grasping, and PC2 for precision grasping [59]. 

 

After Napier, other researchers such as Kamakura in the 1980s and Cutkosky & 

Howe in the 1990s used these two postural PCs to study which part of each of the hand’s 

fingers provided the force to hold the grasped object. 

Kinematic synergies describe the stable correlations between the finger joint 

angles and their angular velocities [60]. when the hand performs multi-DOF operations 

such as multi-finger reach-and-grasp, or spatiotemporal coordination of the thumb and 

 

Figure 2.13  The principal components: PC1 for the power grasping and PC2 for precision grasp-
ing. (from [59]). 
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index finger movements as shown in Figure 2.14 for a human hand [61].  

 

Dynamic synergies were defined as stable correlations between the hand’s joint 

torques during precision grip movements [61]. It was found that dynamic synergies pro-

vide information over and above the information provided by the kinematic synergies. 

It was also found that PC1 and PC2 provide an adequate description of the dynamic 

synergies (as they did for the kinematic synergies). 

 It may be worth noting that in addition to the posture-, kinematic-, and dynamic-

synergies, which are used in our thesis work , synergies were also proposed for the study 

of muscle activities [62].  

 

Figure 2.14  Human subject kinematics. A: thumb and index finger joint angles averaged over 20 
trials of closing movements with normal velocity and normal aperture of subject S4(didn’t show 

in the paper). B: corresponding angular velocities, and C: corresponding angular accelera-
tions. (from [61]). 
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To efficiently control an anthropomorphic multi-finger robotic hand using a re-

duced number of parameters similar with the synergistic actuation of the human hand 

we can map the synergies from the human hand to the robotic hand using one of the 

following techniques: joint-to-joint mapping, Cartesian mapping, and object-

based mapping [63] shown in Figure 2.15. 

 

 

Figure 2.15  Schematic representation of the principal mapping techniques (from [63]). 
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2.5. Fuzzy Logic Control  

The basic idea of a nature-inspired Fuzzy Logic Control (FLC) was introduced in 

1972 by Prof. L.A. Zadeh [64].  

The major benefit of the FLC is that the desired system behavior can be described 

with simple “if-then” relations based on very low-resolution models able to incorporate 

empirical engineering knowledge.  Because of this FLCs have found many practical ap-

plications in the context of complex ill-defined processes that can be controlled by 

skilled human operators.   

FLC can conveniently be used for robotic manipulation control applications allow-

ing robotic hands to reach the objects and perform a stable grasp, balance the static 

posture and contact force, and perform in-hand manipulation [65], [66].  

 

 

Figure 2.16  The structure of a fuzzy logic control system (from [67]). 
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Figure 2.16 illustrates the functional block diagram of a generic FLC system [67].  

The classic control needs a detailed I/O function which maps high-resolution input 

variables to high-resolution output variables. Finding the mathematical expression for 

this detailed mapping relationship may be difficult, if not impossible, in many applica-

tions. On the other hand, the fuzzy logic control is based on an I/O function that maps 

very low-resolution input variables to very low-resolution output variables. As there 

usually, only 7 or 9 fuzzy quantization intervals are covering the input and output do-

mains the I/O mapping relationship can be very easily expressed using an “if-then” in-

ference mechanism.  

2.6. Machine learning – Classifiers 

The five data-driven classifiers [68] which will be used in Chapter 5 to organize 

each of the objects of interest into a class based on its specific attributes are: Support 

Vector Regression (SVR), Multilayer Perceptron (MLP), Random Forest, Extra Trees, 

and K-Nearest Neighbors (k-NN). 

2.6.1. Support Vector Regression (SVR) Classifier 

The SVR is the application in regression analysis using Support Vector Machine 

(SVM) [69], which is practical in texture classification [70], image classification [71], 

and text classification [72]. 

The SVMs construct hyperplanes or hyperplane sets in high-dimensional or infi-

nite-dimensional spaces. The farther classification boundary from the nearest training 
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data point is better because it reduces the generalization error of the classifier.  

2.6.2. Multilayer Perceptron (MLP) Classifier 

Multilayer Perceptron is a typical feedforward neural network for approximate 

problems [73], which has at least one hidden layer with multiple neurons (nodes) con-

nected (edges), configured by the transfer function, and connecting weight. 

MLP is a supervised learning algorithm, which does a non-linear mapping of the 

input dataset and the output. 

The perceptron is a linear classifier, its output 𝑦 being a function of the inputs 𝑋$	by 

forming a linear combination with input weights 𝑊$  , bias 𝑏, and a non-linear activation 

function 𝜑: 

𝑦 = 	𝜑 *+𝑊$𝑥$

-

$

+ 𝑏/ 

The MLP, illustrated in Figure 2.17,  is a composed of layers of perception from  the 

input layer set 𝑋$  to the output calculated as [74]:  

𝑓(𝑥) = 𝑊3𝑔5𝑊$
6𝑋$ + 𝑏78 + 𝑏3	

where	W2	are	weights	of	the	hidden	layer,		𝑏7, 𝑏3	are	the	bias,	and	𝑔	is	the	activation	
function	defined	as	𝑔(𝑥) 	= 	 :

;<:=;

:;>:=;
.	 
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2.6.3. Random Forest Classifier 

Random Forest is an algorithm that consists of a large number of individual deci-

sion trees that operate as an ensemble. Each individual tree in the random forest makes 

a class prediction as shown in Figure 2.18. The class with the most votes would become 

our final prediction. The	deeper	each	tree	is,	the	more	complex	the	decision	rules	are	and	

the	fitter	the	model	is	[75].	 

 

Figure 2.17  Multilayer	Perceptron	Neural	Network	with	one	hidden	layer	[74]. 
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2.6.4. Extra Tree Classifier 

Extra Trees classifier, also known as Extremely Randomized Trees, can often 

achieve as-good as or even better performance than the Random Forest algorithm. The 

difference lies in the fact that while the Random Forest method computes the best split 

combination, the Extra Trees technique selects a random value for the split and does 

not replace the samples. While the randomness of the Random Forest comes from 

bootstrapping the samples, the Extra Trees builds its randomness in the splitting pro-

cess	[76]. 

 

Figure 2.18  Simple	Random	Forest	example 
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2.6.5. K-Nearest Neighbors (K-NN) Classifier 

The K-Nearest Neighbor (K-NN) classifier uses an instance-based, “lazy”, non-par-

ametric learning algorithm for classification and regression[77]. 

The classification is determined by the "majority vote" of its neighbors. The most 

common 𝑘 neighbors determine the category assigned to the object. In k-NN regression, 

the output is the attribute value calculated as the average of the values of its 𝑘 nearest 

neighbors. 

 

An example of a K-NN classification is shown in Figure 2.19 [78]. If k = 3 (the solid-

line circle neighborhood) then the green dot is assigned to the red triangle majority 

class. If k = 5 (the dashed-line circle neighborhood) then the green dot is assigned to the 

blue square majority class.  

 

Figure 2.19  Simple	K-NN	classification	example.	(from	[78]) 
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Chapter 3. System Overview 

This chapter presents the experimental system, which includes hardware and soft-

ware subsystems, used to teach a dexterous robotic hand to perform grasping and dex-

terous operations.  The teaching process requires five elements: a clear teaching topic, 

a good teacher, a robotic hand, and a test unit. 

The two system architecture components are discussed in section 3.1 Hardware 

and section 3.2 Software. The hardware subsystem consists of four major components: 

the CyberTouch glove, the novel Ring Ada robotic hand which was upgraded in our lab, 

the Leap Motion depth camera, and a computer controller as the center node. The soft-

ware subsystem consists of the Robot Operating System (ROS) framework, the software 

development kit for Leap Motion Controller, the custom-developed drivers for the Ring 

Ada hand and the CyberTouch data glove, and a C++ and Python software which we 

developed to provide the learning method for the grasping and teleoperation. Section 

3.3 discusses the limitations of the system. 

3.1. Hardware: 

3.1.1 CyberTouch Glove 

A good HCI should provide instinctive control and reliable task-related feedback. 

We choose the interface CyberTouch data glove [9] to record human operator hand’s 

real-time bone-joint angles and to provide linear vibration feedback on both fingers and 
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palm, shown in Figure 3.1.  

The CyberTouch glove has 18 embedded bendable, and flexible sensors. Pairs of 

these sensors are positioned between the joints of each finger: one sensor is positioned 

between the intermediate phalange and proximal phalange, and the other between the 

proximal phalange and metacarpal joint.  

 

As shown in Figure 3.2 (1), there are 18 joint sensors and 6 actuators built in the 

CyberTouch glove, which are working together to provide the haptic feedback to the 

human operator’s hand, [79].  The red circles in this picture are indicating the sensors 

inside of the glove structure.  One vibrating actuator is placed on each fingertip of the 

glove and the 6th one is placed in the glove’s palm.  

As shown in Figure 3.2 (2), the data to and from the sensors and actuators are 

 

Figure 3.1  Main components of the experimental setup. 
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transferred to the host computer using a Serial-to-USB protocol.  In our case, the joint 

angle sensor data (going through the A/D converter) has an 8-bit format. The build-in 

vibrating actuators positioned at each tip of the glove and the center palm. These actu-

ators provide linear intensity vibrations controlled by 8-bit digital signals coming from 

the host computer via the D/A converters.  

  

 

(1) 

 

(2) 

Figure 3.2   The CyberTouch glove and the control interface (from [79]).   
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3.1.2 Ring Ada Hand 

The Ring Ada robotic hand that we developed is an upgraded hand design, based 

on the open-source Ada hand platform [10]. The hand, shown in Figure 3.1, has a 9 

DOFs dexterous ability and uses tactile sensing for grasp control. We aim to combine 

the controlling-synergy and haptic-feedback to achieve precise stable grasping using the 

data extracted from the teleoperator’s haptic control system. 

 

Open-source Ada Hand 

The open-source Ada robotic hand shown in Figure 3.3 [10] is a tendon-driven 

anthropomorphic 3D printed elastic robotic hand provided by Open Bionics, derived 

from the Open Hand project [80].  

It is an underactuated hand that has 5 DOFs (Figure 3.3). Based on the perfor-

mance of its linear motors, it can achieve relatively fast closing of each finger and make 

some basic grasping movements. Because of its human-like shape, it has already been 

used as a prosthetic hand in many medical studies. As all its components are compact 

and located in the printed palm, it is easier to mount on a robotic arm and also quite 

convenient to modify.  
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In order to assemble our Ada hand platform, we 3D printed the back cover, a PCB 

tray, the upper and lower of the hand with hard PLA material. The palm was 3D printed 

with Ninja-Flex elastic material which provides good resistance and ability to deform at 

the same time.  

Each finger is powered by a PQ12 linear actuator placed in the palm as shown in 

Figure 3.3. The actuator linear motor operates with a 12V input, has internal position 

feedback, and has a usable stroke length of nearly 18 mm. Each linear motor moves the 

finger through a tight fiber tendon linked to the hole positioned at the backside of the 

distal phalange as shown in Figure 3.3, which makes the hand able to completely close 

the finger. 

We use the PCB controller board developed in our BioIn Robotics lab, shown in 

 

Figure 3.3   Ada hand structure and its linear motor layout inside of palm (from [10]). 
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Figure 3.4. This controller is driven by an Arduino compatible Teensy microcontroller 

in order to save space without compromising the performance. The microcontroller acts 

as a ROS node that operates the linear motors after receiving commands from ROS ‘/po-

sition’ topic and publishes the ‘/feedback’ topic to reflect the real-time position at the 

same time.  More details on this will be covered in Chapter 3.2. 

 

Upgraded hand designs 

All dextrous robotic hand designs have a common feature: the proximal phalange 

is controlled separately through either joint motors or by tendons.  

The design of the Ada robotic hand used as the basic platform for our experi-

ments has the ability to be easily modified in order to perform better grasping opera-

tions. We augmented Ada hand’s dexterity by adding another DOF to each finger 

through a simple ‘Ring’ shown in Figure 3.5-left. The Rings were 3D printed by rigid 

 

Figure 3.4   Custom designed PCB controller. 
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PLA material. Each ring is attached at the middle of the proximal phalange for each 

finger, as shown in Figure 3.5-right. 

 

 

The ‘Ring’ function was inspired by [81] which presented a multi-tendon driven 

two-finger grasper, shown as Figure 3.6. The idea was to restrict the closing joint’s angle 

in order to increase the fingertip torque for a better grasping ability. This ‘restrict’ ability 

 

Figure 3.5  ‘Ring’ models (left side), and  how the ring is attached to the finger (right side). 

 

Figure 3.6  The design of the Motion and Force Controllable precision grasper. (from [81]).  
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has been adopted as an important feature throughout all experiments of the Ring Ada 

robotic hand.   

The small hole at the top of the ‘Ring’ is designed to link to a servo motor through 

a relatively firm tendon, which provides restriction for the proximal phalange. This adds 

a natural claw-like behaviour which is seen as a prototype in Figure 3.8 (2). This allows 

the hand to only close the intermediate joint and distal phalange while the proximal 

phalange stays in the same position. The ‘Ring’ allows controlling the angle between the 

proximal phalange and the palm, while the main linear motor is being pulled. Reflecting 

on the role of this ‘Ring’, we chose to name the new robotic hand as the Ring Ada hand.  

There are two tendons cooperating to control the finger position. Let’s consider a 

linear motor shrink distance of 𝑙, and the 𝑔$	gap between the intermediate and proximal 

phalanges identical with the gap 𝑔A, and 𝛼 the gap between proximal phalange and the 

palm. As the servo motor only restricts 𝑔A , the servo position 𝛿 can then be calculated 

as: 

𝛿 = 	𝜋 ∗ 𝑔
A
𝛼F ,						𝑔A ≤ (2𝛼 − 𝑙) 

As long as 𝑔A	 is controlled by the servo motor, the gap between the intermediate 

and proximal phalanges 𝑔$ follows the three situations shown on the right side of Fig-

ure.3.7, with the kinematics defined as: 

𝑔$ = 2𝛼 − 𝑙 − 𝛼𝛿 𝜋F 	J𝑙 ≤ 9mm:													𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 < 1,2 >
𝑙 ≥ 9mm:																	𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 < 3 > 
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The distal phalange of the hand is designed to mount FSR sensors or multi-modal 

tactile sensors, which would add the stiffness to the intermediate joint. It can be confi-

dently assumed that the proximal joint’s resistance is lower than the intermediate joint, 

and therefore always has higher priority to be pulled by the linear motor, which simpli-

fies the control. 

 

Figure 3.8 illustrates the experimental 9-DOF Ring Ada hand setup. Copper 

strings act as tendons linked to the servo motors. Due to the string’s rigid character, 

adding some stability for the joint control is required in order to obtain a more stable 

movement during not only the pull movement but also the push. FSR sensors are at-

tached to the distal phalanges and on the palm, as shown in Figure 3.8 (3), on positions 

corresponding to the positions of the actuators on the CyberTouch glove. This provides 

 

                     Left.     Right. 

Figure 3.7 The “ring” which adds another DOF for the finger (left side).  Typical finger movement 
(right side). 

. 



 

 
49 

haptic feedback information for the human operator equipped with the CyberTouch 

glove. 

 

According to the manipulation taxonomy graph from [82] and the grasp taxonomy 

given in  [83], there is not a special situation when the pinky and the ring finger are 

moving separately. Using one servo motor to control the proximal part for the ring and 

pinky together is acceptable. However, this may limit the hand’s use for hand gesture 

applications such as sign language.  

Role of the thumb 

Based on the taxonomy of grasping [83] and manipulation classification [84], it 

 

                            (2)                           (3) 

Figure 3.8   (1) the back of the Ring Ada hand, (2) the side look of the Ring Ada with ‘Claw’ behav-
ior achieved. (3) the palm of the Ring Ada with FSR pressure sensors on each fingertip and on 

the palm. 
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has been found that the thumb has a major role to play in the majority of hand move-

ments that involve grasping.  According to [85] the loss of the thumb corresponds to the 

loss of 40% of the hand performance. Based on these, it is quite reasonable to conclude 

that an evaluation of the reachability space of the thumb is essential when analyzing any 

new robotic hand design.  

 

Figure 3.9 (left side) shows our experiment setup using a Leap Motion 3D camera 

to find the reachability space of Ring Ada hand’s thumb. Figure 3.9 (right side) illus-

trates the 3D reachability space recovered from a 900 thumb fingertip position data set 

collected during the experiments. 

The comparison with the famous iCub hand in the diagram consequence demon-

strated As a comparison, Figure 3.10 (left side) shows the thumb reachability diagrams 

that we recovered while tracking the Ring Ada hand thumb, and Figure 3.10 (right side) 

shows the similar thumb reachability diagrams for the iCub hand used in Giuseppe’s 

 

Figure 3.9  Leap Motion depth camera setup for measuring Ring Ada hand’s thumb fingertip posi-
tions (left side), and the 3D diagram of Ring Ada’s thumb reachability space (right side). 

.  



 

 
51 

research [31].  It is worth to mention that the iCub hand thumb diagrams were calcu-

lated using forward kinematics equations [86], while our Ring Ada data were obtained 

directly while experimentally tracking the thumb fingertip movements using the Leap 

Motion camera. 

 

 

 

Figure 3.10  The Ring Ada robotic hand thumb reachability in each dimension (continuous blue line was 
generated by real-time data; red dash line was linked from the peak value point in each dimension) 

compare to the human thumb and the iCub hand (from [31]).  
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Based on this comparison, it may be concluded that from the thumb reachability 

point of view our novel Ring Ada hand is significantly better than the iCub hand. 

 

3.2. Software 

Figure 3.11 gives an overview diagram of the software system used in our research. 

There are three major components: the CyberTouch, the ROS nodes pool, and Ring-

Ada robotic hand. All three systems communicate through USB serial connections: USB 

to RS232 serial protocol for CyberTouch interface [9], ROS-serial Arduino rules follow-

ing the ROS standard [87] for the two microcontrollers used in the Ring Ada hand. 

The continuous lines in Figure 3.11 are input data going to the next module, and 

the dashed lines are feedbacks from the modules. The ROS node in the microcontroller 

is used to Figure out the motor commands, which come from a synergy execution node 

in the system. The synergy node has been feed with a human operator’s gesture infor-

mation and Leap Motion data. And for the feedback, the haptic actuator is driven by two 

sources: the FSR sensor data and the position data from the linear motors. 
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Figure 3.11  System overviews for the Ring Ada experimental setup. 
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3.2.1. Robot Operating System (ROS) 

The open-source Robot Operating System (ROS) was designed for robot software 

development and inter-robot’s communication [88]. ROS runs as a meta-level operat-

ing system that runs on a Linux operating system core. This system includes abstract 

hardware descriptions, low-level driver management, common function execution, in-

ter-program messaging, and program distribution package management. The most im-

portant aspect is that ROS also provides great compatibility with large-scale software, 

such as an emerging device SDKs, new algorithms for the learning, controlling, and 

analysis of all kinds of robotic research. The user-friendly communication structure it 

provides allows implementing a P2P network between modules, including Remote Pro-

cedure Call (RPC) communication and Topic-Based asynchronous data streaming and 

storage on a parameter server. 

Packages are the basic components for organizing the software in the ROS system. 

A package might contain ROS nodes, ROS-independent libraries, datasets, configura-

tion files, third-party software, or anything else that logically constitutes a useful mod-

ule [89]. The package is designed to provide easy management for reusable software 

and keep system use minimal at the same time.  



 

 
55 

 

The ellipse shapes in Figure 3.10 show the active ROS nodes during the interacting 

CyberTouch & Ring Ada grasping teleoperation. 

The Node is the basic unit for data processing, a node communicates with other 

nodes through subscribing and publishing the Topics, with data structured by Mes-

sages [90]. 

The named buses labeled for a node to exchange messages, Topics, have anony-

mous publish/subscribe semantics, which decouples the production of information 

from its users [91].  

The real-time Topics list in this teleoperated grasping system is shown in Figure 

3.13. 

 

Figure 3.12  System data flow diagram. 
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The publish/subscribe is a very flexible communication paradigm, but its many-to-

many one-way transport is not appropriate for RPC request/reply interactions, which 

are often required in a distributed system. Request/reply is done via a Service, which is 

defined by a pair of messages: one for the request and one for the reply [92]. 

The CyberTouch data glove uses an RS-232C 9-pin connector with a USB port con-

verter for the serial connection to the computer. The converter is driven by a PL-2303 

USB to serial bridge controller chip [93], shown in Figure 3.14. The two large on-chip 

buffers accommodate data flow from two different buses. The USB bulk-type data is 

adopted for maximum data transfer. An automatic handshake is supported by the serial 

port. A much higher baud rate can be achieved compared with the legacy UART FTDI 

controller.  For instance, in our case, the CyberTouch glove serial output runs at 115,200 

Hz. 

 

Figure 3.13  The real-time topic list when running the experimental setup. 
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The Ring Ada communication through USB cables, driven by the ROS serial pack-

age, is installed on the Arduino IDE. Both microcontrollers, the Teensy and Arduino 

board, used in our system act as a ROS node running independently. The data trans-

ferred into the ROS master are preprocessed inside the microcontrollers. The data flow 

is shown in Figure 3.12.  

3.2.2. Leap Motion Controller SDK 

The Leap Motion controller is connected via a USB 3.0 bus to the computer running 

the “Leap Service” software [94] which provides a library of functions that include the 

hand’s structure, tracking data, and the interface settings.  

The ‘Leap Service’ sends the tracking data to the foreground application by default 

or sends them to the background application by request. The background configuration 

settings are inherited from the foreground applications.  

 

Figure 3.14  RS232c converter linked to the CyberTouch glove. 
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The SDK provides two APIs (Application Programming Interfaces), Native Appli-

cation Interface (NAI), and a WebSocket Interface. In our system, the foreground appli-

cation continuously receiving hand movement tracking information from the device 

through only NAI. The main classes used in the experiment provided by NAI consists of 

a controller, Listener, Frame, Hand, Finger, and Bone. 

3.3. Limitations 

Although the CyberTouch glove’s flex-sensor readings have an under 1-degree res-

olution, the overall repeatability of the system has only a 3-degree accuracy. This is due 

to the different lengths, width, shapes even habits of operators’ hands while using the 

glove. To deal with this problem, the glove is calibrated and configured in real-time for 

the flex sensor data. The CyberTouch data extractor node shown in Figure 3.12 detects 

the maximum angle and minimum angle in real-time and remaps them as 0 ~ 255 joint 

angle range, which is then normalized 0.0 ~ 1.0 into a standard communication format. 

The actuators on the CyberTouch glove have some issues as well. As shown in Fig-

ure 3.15 the actuator mounted on the palm’s center can lose touch with the human op-

erator’s hand in some cases. In our case the actuator only acts as feedback, which is 

driven by the robotic hand’s tactile, there is not any problem as long as a contact hap-

pens while grasping an object.  

The thickness of the actuator shell is similar to that of the finger itself, which may 

affect the dexterity of the gloved operator, especially when power grasping some objects. 
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The dexterity of the pinky and the ring finger could be increase by abandoning the 

‘ring and pinky linkage’ so that the Ring Ada hand could also be used for American Sign 

Language (ASL) applications [95], [96]. Such a trade-off for a compact design is viable. 

The Ring Ada hand has quite a few inaccurate elements: the soft joints, the stretch-

able tendons, the tolerance of the linear and servo motors, and the attaching point shift 

of the rings on the robotic finger to name some. It has been noted that the soft joints of 

the Ring Ada hand did bend far too much during grasping, to the point that sometimes 

the same input commands of the motors would end up with significant differences in 

final finger positions. The flaw is too big to be just ignored, which highlights the im-

portance of the tactile feedback from the FSR sensors. In the next chapter, the perfor-

mance of the Ring Ada hand will be further discussed.

 

Figure 3.15  Grasping limitations of the CyberTouch glove.  
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Chapter 4. Teleoperated Grasping 

The teleoperated grasping of different objects using the Ring Ada robotic hand es-

sentially is a closed-loop control process as shown in Figure 4.1.  The human operator 

could adjust based on the feedback from the CyberTouch glove to ‘close the loop’.  

 

As discussed in Chapter 3, the flex sensors of the ‘CyberTouch glove have instru-

mental errors and the Ring Ada hand has limitations of its finger movements. Due to 

its reduced thumb movement performance, the spatial coverage of the Ring Ada is also 

quite limited when compared with the teleoperator human hand.  The precision of the 

teleoperation is also affected by the Ring Ada hand’s linear motors’ errors and t elastic-

ity of the tendons.  All these considerations make clear the need for the development of 

a suitable synergetic controller for the teleoperated grasping operations. 

 

 

 

Figure 4.1  The teleoperation of the Ring Ada robotic hand. 
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4.1. Synergies 

As mentioned in the literature review section, there are three main types of synergy 

approaches: kinematic synergy, postural synergy, and dynamic synergy. In order to in-

crease the capability of the hand and to keep the teleoperation control simple enough, 

we are using this synergetic approach for the control of the Ring Ada robotic hand. 

 

4.1.1. Kinematic Synergy 

We use kinematic synergy to perform the joint-to-joint remapping of the human 

operator’s movements to the servo motors pulling the Ring Ada hand proximal phalan-

ges using the CyberTouch glove flex sensor information. 

 

Figure 4.2  The back side view of the CyberTouch glove, and the Ring Ada robotic hand. 
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In the case of the thumb, the glove uses three sensors to detect the thumb’s move-

ment, namely the sensors 1, 2, and 3 shown in the left side image of Figure 4.2. The 

glove sensor 1 will contribute 75% and the sensor 2 will contribute 25%, working to-

gether for the first 65% of the hand’s linear motor abduction, and sensor 3 will contrib-

ute the other 35% for the hand’s thumb linear motor extension. 

We know from Chapter 3 that if a servo motor actuates a proximal phalange that 

holds the gap 𝑔Y wide open, the linear motor would hit the limit. The maximum linear 

positions for the Ring Ada hand fingers are shown in Table 4.1. 

 

In our real-time implementation, the teleoperator puts on the glove before booting 

the program in order to prevent overflow readout (the sensor would have some drastic 

deformation when wearing CyberTouch glove) and causes unprecise configuration. Af-

ter starting the program, the operator performs three times opening and closing the 

hand gently in order to set the reference data of the sensor range. The remapping would 

dynamically calculate the proportion of flex sensor deforming according to Table 4.1 

and sends a position command to linear and servo motors through the ROS topic. 

Joint Thumb Index Middle Ring pinky 

 𝑙Z[\	𝑤ℎ𝑒𝑛	𝑔$ = 0 0.56 0.4 0.4 0.4 0.5 

 

Table 4.1   The maximum value for linear motors when 	𝑔$ = 0 and 	𝑔A = 𝛼. 
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4.1.2. Postural Synergy 

The second synergy controller is the postural synergy which using two predomi-

nant postural synergies mapping fingers from 2 DOFs. Postural synergy is based on typ-

ical hand gestures. The idea is to define transformations (coverage) from one gesture to 

another, each transformation is considered as a principal component (PC).  Combining 

different 𝑃𝐶c will then allow the robotic hand to achieve some level dexterous movement, 

an approach that simplifies the control design. 

The first postural synergy research published in 1998 [59] uses two basic postures: 

𝑃𝐶7 (the horizontal) and 𝑃𝐶3 (the vertical), which could adequately cover a multitude of 

practical applications. Due to our Ring Ada hand’s limitations, combining two simple 

postures, shown in Figure 4.3, provide sufficient postural synergy for our teleoperation 

application. 

 

 

Figure 4.3  The minimum and the maximum value for the horizontal posture components PC1 and 
the vertical posture components PC2 for the Ring Ada hand. 
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We are also using the MATLAB synergy toolbox named SynGrasp [97] which pro-

vides: “Analysis of fully or underactuated robotic hands with compliance. Compliance 

can be modeled at contact points in the joints or in the actuation system, including 

transmission”.   While using a human hand shape with five fingers, it only actuates nine 

DOFs of the Ring Ada hand as shown in Figure 4.4. 

 

Kinematic Pattern of the Two Predominant Synergies. 

Figure 4.5 and Figure 4.6  show the synergies for the horizontal posture compo-

nents PC1 and respectively the vertical posture components PC2 for the Ring Ada hand 

using the polar coordinates as suggested by Fanny’s work  [98], who followed the inspi-

ration of the general motorize control synergy graph. The ‘zero’ point in these polar co-

ordinate diagrams corresponds to the natural position of the Ada-hand. The two graphs 

representing the  𝑃𝐶7	𝑎𝑛𝑑	𝑃𝐶3 vectors allow identifying the nine actuated joints whose 

 

Figure 4.4  The robotic hand mode demonstration in SynGrasp [97]. 
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rotations are involved in each action.  

 

As shown in Figure 4.5 for the horizontal posture (𝑃𝐶7), the hand performs the 

gesture from ‘flat’ hand to ‘claw’ shape with the proximal phalange controlled by servo. 

As shown in the polar coordinates graph, the 2, 4, 6, 8 actuated joints stay far away from 

the natural point. The ‘Claw’ behavior moving the distal phalange, which dominates the 

 

 

Figure 4.5  (up) The horizontal synergy PC1, 1,2 for the thumb; 3,4 for the index; 5,6 for the middle 
finger, 7,8 for the ring finger; also 8,9 for the pinky; (down) The minimum and the maximum PC1 

present in simulation through SynGrasp.  
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angle between distal and proximal, is the most important movement in the grasp phase, 

as discussed in Chapter 3. The simulation of the movements is shown in Figure 4.5 

(down). 

 
 

Figure 4.6 shows the vertical posture (𝑃𝐶3) transfer from the ‘fist’ gesture to a ges-

ture that relaxes all fingertips which are pointing forward. In this synergy, we could see 

 

 

Figure 4.6   (up) The vertical synergy PC2, 1,2 for the thumb; 3,4 for the index; 5,6 for the middle 
finger, 7,8 for the ring finger; also 8,9 for the pinky; down) The minimum and the maximum 

PC2 present in simulation through SynGrasp. 
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how the fingers are ‘closing’ towards the palm from the natural point. The simulation of 

the movements is shown in Figure 4.6 (down). 

Synergetic Control 

The main idea of this synergetic approach is to manage to have the robotic hand 

grasp different object sizes inside of the palm. We can see the linear motors’ adduction, 

the servo releasing towards the minimum, to free the closed hand. 

 

 

In the beginning, a “zero” should be found in this synergy control, but there is no 

such a ‘natural position’. A clever way to reach this was to extracting this state from the 

CyberTouch data glove while the operator relaxes the hand as shown in Table 4.2. 

After the “zero’” has been found, we could normalize servo actuators by remapping 

on the kinematic pattern. The resulting relations between the servo motor parameters 

𝑉c; 	𝑉g  and the corresponding points on the pattern 𝑃c; 𝑃g  are:  

 

 

 Thumb Index Middle Ring pinky 

𝑁c 140° (143°) 60° (58°) 60° (60°) 60° (70°) 

𝑵𝒍 0.4(0.44) 0.6(0.59) 0.6(0.53) 0.6(0.63) 0.6(0.64) 

 

Table 4.2   The natural point of the Ring Ada hand. 
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for the thumb: 

𝑉ck = 10° ∗ 𝑃c + 140°	(−0.4 < 𝑃c < 0.4) 

𝑉gk = 𝑃g + 0.4									(−0.4 < 𝑃g < 0.6) 

For other fingers: 

𝑉c = 15° ∗ 𝑃c + 60°	(−0.4 < 𝑃c < 0.8) 

𝑉g = 𝑃g + 0.6									(−0.6 < 𝑃g < 0.4) 

The 𝑃𝐶7	and	𝑃𝐶3 pattern values are defined as 𝑃c7, 𝑃g7; 𝑃c3, 𝑃g3. The execution of the 

grasping is controlled by the weight 𝜖 between the two PCs, and min to max value during 

execution of two PCs is from 0 to 1. The resulting motor control voltages are calculated 

as:  

𝑉c/g = 𝜖 ∙ [𝑃c7/g7, 	𝑃c3/g3] ∙ [𝑃𝐶7, 𝑃𝐶3]k 

where 𝜖 is the proportion between sensor 1;2 and sensor 3;4, as illustrated in Figure 4.7. 

As could be seen the 𝜖 value controls the gesture of the Ring Ada hand.  We use 

the CyberTouch glove to calculate the 𝜖 value and real-time P values.  
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4.2. Tactile Sensors and Sensory Feedback 

Figure 4.8 shows the vibrating tactile sensory feedback actuator on the Cyber-

Touch glove and the force sensor resistor (FSR) tactile sensors on the Ring Ada robotic 

hand.  One round FSR is attached to the tip of each distal phalange of the robotic hand, 

and a large square FSR sensor is placed on the palm sensing if any object is in contact 

or not with the robotic hand.  

 

 

Figure 4.7  Typical gestures illustrating the postural synergetic control. 
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 We are using  Interlink Electronics FSR™ 400 series [99] sensors set to measure 

pressure (Sensing range around 0.2N ~ 2N).  The resulting FSR pressure readings are 

used to control the vibration levels of the feedback actuators on the data glove, following 

a simple linear correspondence.  

As discussed in Chapter 3 in the software segment, the haptic actuator for the 

Cyber-glove driven by two sources: the tactile feedback and the position feedback. The 

major reason for using the position feedback is that the FSR is only working in the lim-

ited sensing area.  

 

 

Figure 4.8   (up) Vibrating feedback actuator on CyberTouch data glove.  (down) FSR sensor 402, 
and FSR 406. 
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The position feedback is calculated as the difference between the motor command 

𝑙$nd the actual position 𝑓$of the linear motor as shown in Figure 4.9 shows the expected 

position 𝑙$ starts sperate with the 𝑓$, which the curve slope changed significantly when 

the finger was facing the obstacle. The actuator provides a stronger haptic-feedback 

𝑣g 	when the difference 𝑑̅ become wider. In the end, the system reaches a stable grasp 

without any further movement. The 𝑣g 	 with 𝑑̅ are following the linear positive correla-

tion. Finally, the 𝑣 = max(𝑣g, 𝑣}~�) becomes the final output command received by the 

actuator. 

We have used a set of  3D printed rectangular and cylindrical objects for the exper-

imental grasping test in our laboratory [100] shown in Figure 4.10. We used three object 

dimensions 50𝑚𝑚,70𝑚𝑚, 90𝑚𝑚. 

 

Figure 4.9  Feedback data of thumb and index collected during the example grasp operation. 
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Before starting the experiment, an object is positioned within the Ring Ada hand’s 

reach, near the palm. The human operator then uses the teleoperated CyberTouch glove 

to close the hand slowly. Using the glove feedback, the operator could recognize which 

finger of the robotic hand is facing the obstacle, reflecting the potential stable grasp.  

Experimental Results 

Sensor data generated during grasping, extracted from ROS nodes, were used to 

monitor the real-time finger interactions.  

One of the most important characteristics of the haptic feedback is the time lag, 

which can be due because (1) of the limited computing power, (2) the serial RS232c USB 

converter cannot handle high baud rate full-duplex channels, and (3), the data convert-

ers in the CyberTouch drive box are slow to react to serial data changes. As a result, 

nearly a 0.5-second delay would appear at every new feedback update from the Ring 

 

Figure 4.10  The objects used in experiments 
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Ada robotic hand to the CyberTouch glove. 

Figure 4.11 illustrates the grasping of cylindrical objects of three diameters. [100].  

As shown by the experimental results depicted in Figure 4.13, chart (1), when Ring 

Ada hand is closing the reaction of each actuator is fairly equal and stable, all fingers 

trigger the same level except the thumb. Due to its small size, the 𝜙50𝑚𝑚 cylinder could 

be handled through a power grasp which means that every finger’s distal parts touch the 

object. However, the thumbs distal could not fully close, that is the reason for the red 

lines not present in this chart. 

 While grasping the middle size 	𝜙70𝑚𝑚 cylinder the hand starts to work harder. 

As illustrated by the chart (2) of Figure 4.13, the thumb reaches a relatively stable situ-

ation after holding the object. Following the thumb, the middle and the ring fingers 

touched then the palm. The applied pressure endures a stable grasp. As the hand’s joints 

use a Ninja-Flex soft material, the torque limitation of the linear motors is apparent in 

some trembles in the chart during the manipulation.  

 Grasping the biggest diameter cylinder was much more difficult for our robotic 

hand.  As shown in the chart (3) in Figure 4.13, only the thumb and ring finger feedbacks 

have been received. The robotic hand could hold the cylinder only if touching it gently. 
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Figure 4.12 illustrates the grasping of rectangular objects of three sizes. [100].   

When compared with the cylindrical shape, the rectangular object edges provide 

less contact area, which will require special approaching poses. 

As shown in Figure 4.14. (1), grasping of smaller, 50𝑚𝑚	𝑠𝑖𝑧𝑒, rectangular object 

was similar to grasping the smaller cylindrical object. The Ring Ada hand could also 

 

                          [1]                                             [2]                                        [3] 

Figure 4.11  Stable grasping of cylindrical objects having different diameters. 

 

 

                    [1]                                              [2]                                               [3] 

Figure 4.12  Stable grasping of rectangular objects of different sizes. 
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achieve a stable power grasp if the thumb and fingers reached the object edges at the 

same time. The only finger behavior different from the cylindrical object is that this time 

the thumb FSR sensor is triggered as the distal just contacts the object edge.  

In the case of larger cubes, the recorded data output is shown in Figure 4.14. (2) 

and (3) display a significant output due to the feedback causing drastic vibrations in the 

glove. This behavior comes from the FSR and linear motor feedback generated at the 

same time. These data are really valuable for human operators and indicate that the 

hand is losing its grip of the object.  The data from the in-hand sliding movement end 

with a drop of the object. We find that the stable grasping in Figure 4.12 [2] and Figure 

4.12 [3] has approximately only a 10% probability of this happening. In most of the cases, 

the pinky finger is supporting the bottom of the object, stopping the further sliding of 

the cube. 
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(1) 

 

(2) 

 

(3) 

Figure 4.13  Raw data from the actuator input when grasping cylindrical objects with three different 
diameters (1) 𝜙50𝑚𝑚, (2)	𝜙70𝑚𝑚, and (3)	𝜙90𝑚𝑚.  Data [1]: index; Data [2]: meddle; Data 

[3]: ring; Data [4]: pinky; Data [5]: palm. 
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(1) 

 

(2) 

 

(3) 

Figure 4.14  Raw data from the actuator input when grasping rectangular objects with three different 
diameters: (1) 50𝑚𝑚, (2)	70𝑚𝑚, 𝑎𝑛𝑑 (3)	90𝑚𝑚 sizes.  Data [1]: index; Data [2]: meddle; 

Data [3]: ring; Data [4]: pinky; Data [5]: palm. 
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4.3. Conclusion  

The experimental studies presented in this chapter validate the performance of the 

grasping by tactile-enabled multi-finger robotic hands remotely controlled by a human 

operator using a haptic-feedback data glove. The proposed research approach will con-

tribute scientific knowledge to the development of a new generation of intelligent robots 

with advanced, human-like, tactile perception capabilities, enabling them to perform 

complex grasping or in-hand telemanipulation operations under poor or nonexistent 

visibility conditions, such as underwater, in space, in hazardous or high-risk security 

operational environments like nuclear power stations, highly infectious hospital rooms, 

war zones or in robotic surgery where touch feeling is of paramount importance. 
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Chapter 5.  Grasp Control Skills 

While machine vision could easily separate the object basic shapes, the recovery of 

the actual size and details of the objects still remains a challenging problem that could 

be difficult to solve due to the uncontrollable light conditions, background, and video 

camera calibration problems.  Grasping objects by human-like robotic hands equipped 

with haptic sensors that provide a “haptic glance” could offer a valuable alternative al-

lowing for blind object recognition.  

As shown in the previous chapter, our novel Ring Ada robotic hand equipped with 

kinematic position sensors and touch sensors has proved that it is able to efficiently 

grasp different lightweight objects through teleoperation.  

How the robotic hand can stable grasp the object is an essential step for object 

recognition. When using a multi-DOF robotic hand like Ring Ada, grasp planning is a 

high-dimensional problem. On top of that, the object’s shape and material properties 

have to be taken into account, which adds another layer of complexity to the planning 

problem [101]. We need to specify information including but not-limited-to object’s def-

inition and location, robotic hand’s location, grasping strategy selection, 3D spatial mo-

tion planning, etc. 

Controlling a multi-DOF human-like dexterous robotic hand like Ring Ada so it 

efficiently performs object grasping and recognition operations is a highly complex 

problem, which cannot usually be solved by traditional analytic methods.  To perform 
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more naturally, like the humans do, such complex operations the robotic hands should 

mimic the grasping skills of the humans.  This chapter will present an intelligent fuzzy 

logic controller that allows the Ring Ada hand to learn from the human teleoperator 

such grasping skills. 

5.1. Approaching 

Before proceeding with the actual grasping, we need to solve the problem of how 

to approach the object.  

 

Figure 5.1 shows the experimental setup, which uses two inertial MPU6500 sensor 

modules [102] to measure the human operator’s wrist angle relative to the table surface. 

One sensor is mounted on the table setting the reference frame, and another sensor is 

set on the back of the CyberTouch glove. Since the human wrist and the palm are tightly 

 

Figure 5.1  Measuring operator’s wrist approaching angle 
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connected by a group of ligaments [103], we could confidently use the wrist angle to 

represent the palm orientation. 

In addition to the standard object sets used in the previous chapter, we are also 

using a few normal-sized objects fit inside of the Ring Ada hand: paper cups and tape 

rolls, as shown in Figure 5.2. 

  

The teleoperator performed 30 times approaching and grasping demonstrations 

wearing the glove. In our case, we only detect the angle difference along the X-axis of 

the sensor, in other words, the ‘Roll’ angle. While the sensor baud rate set as 9600 baud, 

we are only extracting 1 sample per second in order to minimize the junk data. Because 

of the angle detection is based on the magnetic field, we put the two sensors as parallel 

as possible, and all the human hand movements happened at the top of the reference 

sensor on the table.  

 

Figure 5.2  The objects used during the grasping experiments.  
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For a more convenient grasping, we use the object supporting platforms as shown 

in Figure 5.3.  

 

Figure 5.4 shows the experimental results representing the human wrist approach-

ing angles collected by two of the IMU sensors while repeating 30 times the grasping for 

each object.  Please note that we are only looking for the wrist angle when the grasping 

contact is happening. The diagram on the left side of each figure represents the 1Hz raw 

data picked from the 9.6kHz sensor output during the approaching cycles. The horizon-

tal axis is the time in seconds, the vertical axis is the wrist angle. The diagram on the 

right side of each figure represents the angle data after applying a threshold as shown 

in Table 5.1, which keeps the peak angle only when reaching stable grasping.  

   

      

Figure 5.3  The object supports for grasping tasks 
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Figure 5.4   (1) Approach angle when grasping paper cups  

 

Figure 5.4 (2) Approach angle when grasping tape rolls 

 

Figure 5.4 (3) Approach angle when grasping 30 mm cylinders 

 

Figure 5.4 (4) Approach angle when grasping 70 mm cylinders  
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Figure 5.4 (5) Approach angle when grasping 30 mm rectangular objects (base) 

 

Figure 5.4 (6) Approach angle when grasping 30 mm rectangular objects (flat surface) 

 

Figure 5.4 (7) Approach angle when grasping 70 mm rectangular objects (base) 

 

Figure 5.4 (8) Approach angle when grasping 70 mm rectangular objects (flat surface) 
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The experiments have shown that the human operator’s hand only need to adjust 

a small angle to achieve a good grasping position for each standard object.  As the hu-

man hand thumb carpometacarpal (CMC) joint could adduct more than 55°, while in 

the case of the Ring Ada hand the similar first joint could only adduct around 20°. Fig-

ure 5.5 shows a comparison of the twist angles of the human operator’s hand and the 

Ring Ada hand when naturally position the thumb and the pinky at the same level. The 

human palm twisted around 35º to the reference surface, while the Ring Ada palm 

needed to twist to 15º for compromising the thumb’s limitation.  So, to reach similar 

contact positions when performing grasping operations, the Ring Ada hand’s approach 

angle should be 20º smaller than that of the teleoperator’s hand. 

 

Object Threshold Mode Value 

R30mm Flat Roll > 30° 62.12° 

R30mm Base Roll > 30° 46.95° 

R70mm Flat Roll > 20° 32.37° 

R70mm Base Roll > 30° 46.22° 

tapes Roll > 6° 14.29° 

Cup Roll > 35° 60.58° 

C30 stand Roll > 30° 56.18° 

C70 stand Roll > 30° 55.66° 

Table 5.1  Grasping approach angle of the palm 
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Experiments carried out on the set of objects shown in Figure 5.2  led to the con-

clusion that these objects could be split into three groups based on the approaching an-

gles of the Ring Ada hand as follows: 60° for the ‘Set 1’ consisting of the cylinders and 

the paper cup; 15° for the ‘Set 2’ consisting of rectangular objects and the ball, and 10° 

for the ‘Set 3’ of all tape rolls, as shown in Figure 5.6. 

 

 

   

Figure 5.5  Human hand and Ring Ada hand thumb positions comparison 

     

(1) Set 1. Cylindrical object set.       (2) Set 2. Rectangular object set.        (3) Set 3. Tape roll set.       

Figure 5.6  Object sets requiring similar grasping approach angles 
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5.2. Synergistic Control System. 

Inspired by [100], we developed a synergistic control system based on the flow 

chart shown in Figure 5.7. The central block is the Fuzzy logic control module which 

handles the finger movements and uses FSR sensor data to provide an efficient postural 

synergy grasp control for the Ring Ada hand. 

Essential data coming from the Fuzzy logic control module are also used for the 

object classification applications using the Ring Ada robotic hand. 

 

Figure 5.8 shows the experimental set up used in this chapter, allowing the Ring 

Ada hand to draw near the object on a linear platform under a ‘natural’ approaching 

angle as previously discussed in section 5.1 in order to perform a stable grasp.  

 

 

Figure 5.7   Control system flow chart. 
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5.2.1. Fuzzy Logic Controller 

The autonomous fuzzy grasping controller must provide a consistent grasp force 

while handling objects of different sizes.  

Reference [65] has presented a double actuated fuzzy tactile controller based on 

pressure and micro-vibration outputs from BioTac© sensors[51]. The only control func-

tion of the finger feedbacks was to stop the motors from over pulling the finger close. 

With each finger actuated independently, more possibilities emerge for a more complex 

grasp controller [104] using postural synergy as a supervisor. It harmonizes finger 

movement within the synergy pattern in order to prevent undesirable behaviors.  

 

Figure 5.8  Experimental platform.  
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 As discussed in section 4.2.1, we could use both the FSR sensory feedback and the 

linear actuator feedback to control the underactuated fingers of the Ring Ada hand. 

Figure 5.9 shows the Open-loop Fuzzy logic control flowchart for each hand finger, 

which is based on the finger status and sensor values in order to provide the proper 

action for each motor: “Open”, “Stay” or “Close”. 

 
 

 

Figure 5.9   Motor fuzzy controller flowchart. 
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The fuzzy logic controller using a Mamdani and Sugeno fuzzy-inference engine 

with two sets of fuzzy rulebooks shown in Table 5.2.   As discussed in Chapter 4.2, the 

FSR senor data lack of consistency and coherence, we addressed this issue in the 1st 

rulebook shown in Table 5.2 (1). The servo motors’ fuzzy control rulebook is shown in 

Table 5.2 (2). It uses linear position output from rulebook one as input parameter, 

For each finger, two fuzzy input sets are defined in order to describe the finger sta-

tus. The first one is ‘AdaDiff’ describing the difference between finger linear motor feed-

back, using ‘Small’, ‘Average’, and ‘Big’ fuzzy sets having trapezoidal and triangular 

shapes, shown in Figure 5.10 (1). The second fuzzy set is the FSR input data, defined by 

the ‘Low’ and ‘High’ fuzzy sets shown in Figure 5.10 (2).  The fuzzy sets for the linear 

motor output and the servo motor output are shown in Figure 5.10 (3) and Figure 5.10 

(4) respectively. 

In the specific case of the example shown in Figure 5.10, the normalized AdaDiff 

membership function µ(x) = 0.000/small + 0.532/average + 0.468/big, resulting in 

µ(x) = 0.541. Similarly, the FSR data activate as µ(x) = 0.290/low + 0.543/high, gener-

ate the result µ(x) = 0.550.  

After the defuzzification for the ‘first-stage’ linear output, the output is shown as 

Figure 5.10(3)(4). The red overlap shapes the Mamdani Fuzzy-interface aggregation 

results. And the centroid output in this case of the fuzzy controller is ỹ = 0.559, in the 

‘Stay’ zone.  
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(1) Input sets of AdaDiff. 

 

(2) Input sets of FSR sensor 

 

(3) Linear Actuator position output sets 

 

(4) Servo motor position output sets 

Figure 5.10  Fuzzy logic controller’s inputs and outputs. 
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We are using a singleton output membership function for the servo output of the 

Sugeno fuzzy-interface engine. The final output in this example is: ỹ = 0.020/close + 

0.068/stay + 0.038/open (retaining only three decimal places), which yields ỹ = 10.741, 

which is in the ‘Stay’ zone, resulting in a standard stable grasp configuration for the Ring 

Ada hand. 

 

 

                               FSR 

AdaDiff 

Low High 

Small close none 

Average 0.5*close 0.1*open 

Big 0.5*stay 0.5*open 

Table (1), Stage one, Finger Linear actuator rulebook. 

               Linear output 

AdaDiff 

Close Stay Open Special: FSR 
at high 

Small 0.4* close 0.3*close 0.1*open 0.1*open 

Average 0.5*close 0.2*close 0.1*open 0.1*open 

Big stay stay 0.1*open 0.1*open 

Table (2), Stage two, Finger Servo motor rulebook. 

Table 5.2  Fuzzy logic control rulebooks. 
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Figure 5.11 illustrates successful grasping operations performed by the Ring Ada 

hand on the set of objects shown in Figure 5.2. 

5.2.2. Methodology and Data Acquisition 

Figure 5.12 shows the experimental results obtained during grasping of a 30 mm 

rectangular objects from the ‘Set 2’ in Figure 5.6 (2), illustrating the four phases of the 

grasping process as further detailed.  

The first phase is approaching, (before the red line in the diagrams of Figure 

5.12), when the experimental platform lowers the Ring Ada hand to the right position 

for grasping, and the hand starts to close simultaneously controlled by the fuzzy con-

troller.  

During the second phase, the FSR sensor at the robotic hand’s palm detects a 

first contact with the object surface as it could be seen in the FSR/sensor_msg/data [0] 

signal and the cybertouch/actuator_num/data feedback output [5], using the same 

data structure as the synergy based grasping teleoperation.  

 

        (1)                     (2)                        (3)                       (4)                     (5)                        (6) 

Figure 5.11  Success grasping executions for (1) paper cup; (2) 70 mm cylinder;  

(3) 30 mm rectangular object; (4) 70 mm rectangular object; (5) soft ball; and (6) tape roll. 
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The third phase is stable grasping (between the green and orange line in Figure 

5.12) when AdaDiff is ‘Big’ and all the FSR reads are ‘Low’. Both the linear actuators and 

the servos are holding in ‘stay’. After confirming that the hand movement is steady, the 

operator raises the platform while the hand is ‘stable grasping’ the object.  

During the fourth phase, the Ring Ada hand is reset back to the initial position. 

It may be worth mentioning that the reference frame difference because of the various 

baud rates from different data ports [105].  

The severe feedback is shown in Figure 5.12 (4) appears because of the ‘big’ AdaDiff 

input, reflected as a random alerting readout as discussed in Chapter 4.3. 
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Figure 5.12  Fuzzy controller grasping data demonstration. 
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5.3. Classification 

For each of the objects in each set, we performed 30 repeated experiments collect-

ing data only when a stable grasping was successfully achieved. To prevent overfitting, 

the models we used separate data sets for further training and testing phases of the ob-

ject classification.   

We defined each data as a feature vector including 5 linear motor data and 5 servo 

position (pinky and ring finger repeat) data as: [𝑙7, 𝑆7, 𝑙3, 𝑆3, 𝑙�, 𝑆�, 𝑙�, 𝑆�, 𝑙�, 𝑆�], all data 

being normalized to 0~1. Each experiment has an average of 5 times grasping for the 

object sets labeled as 0~3 in Rosbag files. Training randomly picks up 4 bags of data in 

5 grasping for each object from 21 groups of experiments. The remaining 9 groups of 

data are used for testing (only once). The training/ testing ratio was 70% / 30%. 

Five classifiers were used for supervised learning: (i) Epsilon-Support Vector Re-

gression (SVR in SVM) classifier, (ii) Multi-Layer Perceptron classifier (MLP), (iii) Ran-

dom Forest classifier, (iv) Extra Tree classifier, and (v) KNeighbors classifier (imple-

ment k-NN).  

The classifiers used the following (empirically chosen and are most likely not opti-

mal) settings: 

(1) SVR: kernel = ‘poly’; regularization parameter: C = 5; Degree = 3;  

(2) MLP: hidden layers = 10; 20 tuple each layer; Max iteration of 300;  

(3) Random Forest: 200 estimators; max depth of 10; 
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(4) Extra Tree: 200 estimators; no max depth size; 

(5) KNN: 3 neighbors with leaf size of 20. 

Table 5.3 shows the correct classification accuracy scores obtained by the five clas-

sifiers which were used. The best classifier for each object sets respectively was the Extra 

tree; MLP and MLP.  The most challenging object set was ‘Set 3’ (the tape rolls). 

 

Figure 5.13 shows the confusion matrix of the prediction for each of the three object 

sets used in this experiment: the ‘Set 1’ consisting of cylinders and the paper cup, the 

‘Set 2’ consisting of rectangular objects and the ball, and the ‘Set 3’ of tape rolls (as 

shown in Figure 5.6).  

           Classifier 

Object Sets 

SVR MLP Random  

Forest 

Extra Tree KNN 

‘Set 1’ in Figure 5.6 0.891 0.861 0.891 0.918 0.917 

‘Set 2’ in Figure 5.6 0.913 0.949 0.891 0.892 0.845 

‘Set 3’ in Figure 5.6 0.464 0.80 0.539 0.543 0.437 

Table 5.3  Classification accuracy scores per object-set and classifier 
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Extra Tree confusion matrix for Set1 (cylindrical objects and paper cup). 

 

MLP confusion matrix for Set 2 (rectangular objects and ball). 

 

(3) MLP confusion matrix for Set 3 (tape rolls). 

Figure 5.13  Confusion Matrices for the three object sets. 
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Discussion 

Based on the accuracy scores shown in Figure 5.13 and considering the limitations 

of the Ring Ada robotic hand, it can be concluded that the classification results are very 

good.  

However, it should be noted that the experiments have resulted in a rather few 

successful stable grasps, which only covered 30% ~ 40% of all grasping attempts.  The 

most challenging object set was that of the tape rolls because of their lightweight and 

slippery surface.  

The thumb proved to be difficult to hold in an opposite position facing the other 

fingers’ pressure. Since the thumb position is the most influencing data in the classifi-

cation process, the low scores obtained for the SVR, Random Forest, Extra Tree, and 

KNN classifiers in the case of the ‘Set 3’ (the tape rolls) are explainable. 

It is also easy to understand why the 70mm cylinder was recognized as a 30mm 

one. This confusion was caused by the elastic compliance of the robotic fingers while the 

linear actuator pulls them towards zero (the adduction fist gesture) when grasping any 

of these two cylinders. 
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Chapter 6. Conclusion and Future 

Work 

6.1. Conclusion 

This thesis presents theoretical and experimental contributions to the de-

velopment of an upgraded haptic-enabled anthropomorphic Ring Ada dexterous ro-

botic hand and a biology-inspired synergistic real-time control system for teleoperated 

grasping operations using a CyberTouch Human Computer Interface (HCI) glove.   

An intelligent fuzzy logic controller module was developed to efficiently control the 

underactuated Ring Ada robotic hand during grasping. A classification system is ready 

to further assist the human teleoperator during remote object grasping and manipula-

tion operations. 

Experiments have convincingly demonstrated that our Ring Ada robotic hand 

equipped with kinematic position sensors and touch sensors is able to efficiently grasp 

different lightweight objects through teleoperation.    

The results of the work presented in this thesis are published in four international 

conference papers. 

6.2. Future Work 

Future improvements could be made by taking inspiration from the multimodal 



 

 
101 

human somatosensory system used during the dexterous object grasping and in-hand 

manipulation and develop a new generation of anthropomorphic robotic hands that will 

further reduce the gap between the robotic hands and the human hands.  

A new “Ring Ada - version 2” prototype could be developed in the future by 

incorporating miniaturized multi-modal bio-inspired cutaneous tactile sensors re-

cently developed by other graduate students working in our laboratory at the University 

of Ottawa. A new hand would replace the distal phalange with a 3D printed mount for 

new sensors, and the palm structure would be redesigned for bio-inspired tactile sen-

sors, a new prototype anthropomorphic robotic hand as shown in Figure 6.1.  

 

 

 

Figure 6.1  Prototype of multi-modal bio-inspired tactile sensor to equip Ada hand’s palm. 
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The haptic feedback performance of the CyberTouch HCI glove needs to be further 

augmented by developing new vibratory tactile feedback modules to be attached to the 

glove’s fingertips and palm so they map 1:1 the tactile information provided by the cu-

taneous sensors of the future “Ring Ada - version 2” hand.  This would allow human 

teleoperators to take advantage of the object classification technique developed in Sec-

tion 5.2.3. 

 

 

 

 

Figure 6.2  Dynamic grasp of a soft paper cup using Ring Ada robotic hand.  
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Finding the best object contact points is essential for a successful object grasping 

by an anthropomorphic robotic hand, as illustrated in Figure 6.2 

 Another future work direction would be upgrading the robotic hand’s dexterity 

and refining the dynamic grasp control for dexterous manipulation [106], This relies on 

a fast-responsive synergy and sensitive feedback to allow reconfiguring the control pa-

rameters in the middle of the grasping operations, 

Due to the infinite number of objects to be grasped in real-life applications, finding  

optimized grasping techniques is still an unfinished research challenge [107], [108]. 
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