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Abstract 

Robots should offer a human-like level of dexterity when handling objects if 

humans are to be replaced in dangerous and uncertain working environments. This 

level of dexterity for human-like manipulation must come from both the hardware, and 

the control.  

Exact replication of human-like degrees of freedom in mobility for anthropomorphic 

robotic hands are seen in bulky, costly, fully actuated solutions, while machine learning 

to apply some level of human-like dexterity in underacted solutions is unable to be 

applied to a various array of objects. 

This thesis presents experimental and theoretical contributions of a novel neuro-

fuzzy control method for dextrous human grasping based on grasp synergies using a 

Human Computer Interface glove and upgraded haptic-enabled anthropomorphic Ring 

Ada dexterous robotic hand. Experimental results proved the efficiency of the proposed 

Adaptive Neuro-Fuzzy Inference Systems to grasp objects with high levels of accuracy. 
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Chapter 1 Introduction 

The 1920 play Rossumovi Univerzalni Roboti [1], which can be translated to 

English from the Czech language as “Rossum’s Universal Robots”, was the first time 

the term ‘robot’ was used. The play refers to robots as artificial people made in a factory 

but having the capability of thinking and speaking. This is closer to the idea of androids, 

artificial beings composed of organic material, than that of modern-day humanoid 

robots, which resemble the shape of a human but are constructed from mechanical 

parts. 

The rapid expansion of automation in industry during the Information Age reshaped 

the image of a robot. These robots performed tasks through computer programming but 

were not necessarily of an anthropomorphic nature. The earliest known industrial robot 

began operating in 1937 and was a device that resembled a crane with a gripper able 

to perform the simple task of stacking blocks [2]. The crane and gripper attachment 

were capable of basic hand operations. 

There are several aspects that could be used to classify a hand as a hand whether 

it be the fingers, palm, the opposable thumb, as well as the ability to grasp, hold, and 

manipulate objects. The in-hand object manipulation is a unique defining quality for 

humans. The potential for robots to have similar dexterity as humans would allow them 

to have an immense positive impact in society, as nearly every tool is designed to be 
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manipulated with a human hand.  

The first progress towards a realistic robotic hand was reported in 1977 by Asada 

and Hanafusa [3]. Mason and Salisbury continued this with a three finger robotic 

manipulator [4]. The work of these robotic pioneers is what has led the pursuit for true 

human-like robotic grasping capabilities. These hands were capable of stable grasp, 

and a more complex grasp than that of a three-clawed gripper.  

The manipulation paradigm is defined as a research field that categorizes the 

different challenges and questions involved in robotic grasp [5]. Within this field, and 

with the aim of creating a human-like robotic grasping ability, Task Planning, Hand 

Design, Grasping Issues, Control System, and Sensing must all be considered.  

While fully autonomous grasping is a topic yet to be solved, several areas of 

research continue to expand, including teleoperation and haptic exploration. Both of 

these topics significantly consider the five elements of the manipulation paradigm. 

Haptic exploration is a key aspect in the perception of object surface properties 

using sensory devices, which allows a robotic system to learn about unknown objects 

in the surrounding environment. Humans have a very complex haptic sensory system, 

and to mimic sensor-based perception capabilities of humans would significantly 

enhance the ability of a robotic system to feel the shape, texture, and malleability of 

unknown objects while grasping them. 
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Haptic exploration is exceptionally useful when operating in unstructured 

environments, as it does not necessarily utilize vision methods that would be useless in 

reduced lighting scenarios such as at night or underwater. This type of contact 

environment exploration, also referred to as haptic perception, has particular challenges 

for the Task Planning and Control Systems modules of the robotic manipulation 

paradigm shown in Figure 1.1 [6]. 

 

Figure 1.1 Manipulation paradigm [5] 
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Robotic Telemanipulation aims to combine low-level robot computer control with 

higher-level perception and task planning abilities of a human operator equipped with 

adequate Human Computer Interfaces (HCIs) [7]. A multimodal, tactile, force, and 

kinesthetic HCI allows a human operator to interactively control the specialized robotic 

hand to perform dexterous manipulation operations. 

 

 

Figure 1.2 Robotic telemanipulation [7] 
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The HCI shown in the Figure 1.2 allows the human teleoperator, equipped with 

haptic feedback and head mounted display, to remotely control the robotic arm, which 

is equipped with tactile sensors and a video camera. Such robotic telemanipulation 

systems have various applications, for instance, handling hazardous material, difficult 

to reach environments, hands on virtual learning, and telemedicine, including surgeries. 
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1.1 Problem Definition 

This thesis will address the specific problem of applying a machine learning 

technique to a dexterous anthropomorphic underactuated robotic hand system controlled 

through telemanipulation. It will use an Adaptive Neuro-Fuzzy Inference System to train 

grasp synergies that will map the human hand data glove to the robotic hand system. This 

thesis will also address the five elements of the manipulation paradigm: Task Planning, 

Hand Design, Grasp Issues, Control System, and Sensing shown in Figure 1.1. 

The desire to have more human-like robots is ever prevalent in research today. To 

allow human operators to be removed from dangerous or uncertain environments while 

performing tasks would be of great practical value. The ability to exploit this value is 

limited by the complexity of dextrous manipulation. Traditional methods of human-like 

grasping require fully-actuated solutions involving many joints and actuators [8]. These 

solutions are bulky, expensive, and while they can perform the same full range of motions 

as a human, they are not actually particularly human-like. 

Another challenge for efficient grasping by anthropomorphic dexterous robotic hands 

is that the machine learning models are often limited to fit a particular object or grasp. 

This prevents truly human-like grasping, as humans are capable of performing a variety 

of grasps on different objects with an incredible amount of precision and dexterity. 
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1.2 Thesis Objectives 

The aim of this thesis is 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 teleoperator equipped with an adequate human-computer interface. The main 

objective was to study a neuro-fuzzy machine learning model to apply to the haptic-

enabled teleoperation of the new experimental hand a CyberTouch glove [9]. 

1.3 Thesis Contributions 

This thesis makes theoretical and experimental contributions to the development of 

a novel neuro-fuzzy control method for dextrous human grasping based on grasp 

synergies using a Human Computer Interface glove and upgraded haptic-enabled 

anthropomorphic Ring Ada dexterous robotic hand. Experimental results proved the 

efficiency of the proposed Adaptive Neuro-Fuzzy Inference Systems to grasp objects with 

high levels of accuracy. 

1.4 Publications Arising from the Thesis 

The following publication, [10], was produced based on the work presented in this 

thesis: 

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

Welyhorsky, Miriam Goubran, Thiago Eustaquio Alves de Oliveira, and Emil M. 
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Petriu, “Teleoperated Grasping Using a Robotic Hand and a Haptic-Feedback 

Data Glove,” Proc. 2020 IEEE Int. Systems Conf. (SysCon), Montreal, QC, Aug. 

2020, pp.1-7, doi: 10.1109/SysCon47679.2020.9275927 

1.5 Thesis Organization 

The thesis is organized as follows:  

Chapter 1. Introduction. This chapter presents the problem definitions, thesis 

objectives, and summarizes the contributions. 

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

developments reported in the literature on human hands, robotic hands, vision and tactile 

feedback for robotic manipulation, the dexterous multi-fingered object grasping and 

manipulation from the synergy aspects, and the machine learning methods used for 

robotic grasp operations. 

Chapter 3. System Overview. This chapter presents an overview of the hardware; 

the CyberTouch glove, and novel upgraded Ring Ada robotic hand, and of the Robot 

Operating System (ROS) based software used by the experimental system setup. 

Chapter 4. Teleoperated Grasping using the Ring Ada Robotic Hand. This 

chapter further details the work of the research team reported in [10]. It includes the 

experimental results of the kinematic and postural synergy designs, as well as the 

feedback strategy used during the robotic hand grasping. 
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Chapter 5. Neuro-Fuzzy Grasp Control. This chapter discusses the effectiveness 

of using ANFIS for the sensor based synergistic control skills developed for the Ring Ada 

robotic hand.  

Chapter 6. Conclusion and Future Work. The final chapter includes conclusions 

and provides ideas for future developments of the multimodal haptic HCI controlled Ring 

Ada robotic hand from a hardware point of view, as well as expanding the proposed 

machine learning method that would enhance the overall grasp and dexterity behaviours 

of the robotic hand.  
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Chapter 2 Literature Review 

Nearly every object in our environment is designed to be touched and manipulated 

with our hands. Dexterous hands give humans a unique advantage over other creatures. 

We can perform great feats of strength while simultaneously retaining the ability to be 

extremely delicate. We can grasp an array of large objects, but also manipulate extremely 

small components. These grasp skills, the ability to seize and hold firmly or control 

skillfully, are preprogrammed into us. At birth, a baby can hold an object when placed in 

the palm; a reflex called “palmar grasp”. This evolutionary advantage is developed over 

time and taught to us. 

 Continuous developments are being made in the field of humanoid robotics to 

replicate that evolutionary advantage. The one key function for these robots is the use of 

hand held tools. In order to do that, these robotic hands and prosthesis used a variety of 

approaches to map hand movement, many of which involve machine learning. In order to 

advance the field of robotics, we must understand the human hand, the research involved 

in grasping, and the future of machine learning in robotic hands. 
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2.1 The Human Hand 

In anatomy, the human hand is defined as “the portion of the upper limb distal to the 

radiocarpal joint, comprising the wrist, palm, and fingers” [11]. The human hand has 27 

bones, 14 phalanges for the fingers and thumbs and 13 metacarpal and carpal bones 

defined in [12]. More commonly heard when discussing an infantry formation from 

Alexandrian tactics, the Greek word “phalange”, or “phalanx”, literally means “log” and 

describes the bones in our fingers. Latin “carpus” is derived from the Greek “karpo” which 

means wrist, where the root “carp“ translates to “pluck” - the action of the wrist. 

 
  

 

Figure 2.1 Human hand bone anatomy of the right hand [12] 
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Hands are often anthropomorphized in animals. Whether they are the paws of dogs, 

the talons of birds, or even to the claws of crabs and the praying mantis, they all have a 

grasping ability we characterize as a hand. However, in primates, the hand is unique. The 

hands of apes, monkeys, and humans have opposable thumbs [12]. This allows for 

advanced dexterity, grasping, and intricate hand movements that could never be possible 

to other creatures.  

Every motion that is made with our hands has a certain level of complexity. Figure 

2.2 shows the participation of the digits on a human in the form of four grasp types which 

clearly demonstrates the covariance between thumb and fingers [13].  

 

The motions able to be made by the hand are referred to as Degrees of Freedom 

(DOF) – independent movements of joints. The human hand has 27 DOF [14]: four in 

each finger, three for extension and flexion, and one for abduction and adduction. The 

 

Figure 2.2 Participation of each finger during grasping (a)(b)(c)(d) power, precision, key and 
primate grasp respectively [13] 
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thumb has 5 DOF and is more complicated than the fingers. The wrist contains the final 

6 for rotation and translation. Figure 2.3 shows the simplified kinematic structure. 

 

These different types of motion allow us to grasp. Everyday tasks hav been 

extensively studied and categorized since 1989 [15] where Cutkowsky created the 

Taxonomy Grasp Tree as shown in Figure 2.4. 

 

Figure 2.3 Human hand kinematic structure [14] 
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Figure 2.4 Taxonomy of grasp [15] 
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2.2 Robotic Hands 

While robotic manipulators have been used for decades, the advancements in multi-

fingered and anthropomorphic dextrous robotic hand designs have become more 

prevalent. A survey of bio-inspired robotic hands [16] lists several reasons why this may 

be, including; other manipulators like parallel jaw grippers have limited range of 

configuration, large industrial robots lack elements of sensitivity and space saving, the 

difficulty or inability to perform dextrous operations, and other manipulators not being 

suited to perform in unstructured environment.  

Hand designs for the movement of finger and hand joints come in two forms, tendon-

driven or actuator-based. Tendon-driven joints rely on a stiff or taut length of rope, wire, 

or plastic used in two ways: passive, using elastic behaviour, or active, being pushed and 

pulled by an actuator, to drive movement. There are several different types of tendon-

driven joints described in a review of tendon driven robotic hands [17]. Actuator based 

joint movement is simply having an actuator at each joint performing control of one of 

multiple DOF.  

Whether a hand design uses a tendon-driven or an actuator based joint movement, 

the robotic hand can be further classified as fully actuated or underactuated. Fully 

actuated designs have equal control inputs to degrees of freedom. Underactuated means 

the degrees of freedom exceed the number of control inputs. 
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The Shadow Hand [18] is a tendon-driven robotic hand which has 24 DOF. There 

are 20 actuated DOF and 4 underactuated movements. This hand contains a number of 

sensors for gyro and accelerometer, joint angle, force-torque, tactile, and temperature 

[19]. Being one of the most advanced robotic hand designs, the 4th finger joint of the 

Shadow Hand makes the hand particularly different. This joint allows abduction and 

adduction that allow the ability to turn or rotate an object in the palm of the hand.  

The KITECH-Hand [20] is an example of a fully actuated robotic hand with three 

fingers and thumb, and 16 independent torque-controlled joints. A small DC motor 

actuates each joint. The inexpensive solution of small DC motors, while maintaining good 

performance allowed this hand to be one of the first commercially available hands [21]. 

This hand design also has the ability for modular sensor selection of the fingertips.  

2.3 Teleoperation 

Teleoperation is the control of a device or machine remotely. Telemanipulation refers 

to the remote operation of a robotic hand and fingers. Performing tasks at a distance 

through teleoperation has always had benefits such as operator safety or increased 

efficiency. The opportunity for applications significantly increases when attempting to 

have the same dexterity and mobility as a human hand. People rely on visual and touch 

feedback every day for the most basic tasks, yet robotics have yet to achieve a perfect 

way to replicate the same feelings and abilities through telemanipulation let alone 

autonomously. 

Teleoperation can be dated as far back as 1898, when Nikola Tesla developed a 
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remote-controlled boat [22]. Telemanipulation has much more recent roots in the late 

1970s, when Guittet performed basic actions of grasping and moving objects with an 

industrial robot [23]. Soon after pick-and-place experiments showed position control using 

joysticks [24].  

Telemanipulation research resulted in many current telemanipulation papers based 

on aspects of human manipulation including stable grasp, slip detection, and object 

recognition using anthropomorphic dexterous robotic hands [12], [25], [26], [27].  

Qi Zhu et al. recently published [10] results of their research on teleoperated 

grasping using a robotic hand and haptic feedback data glove, which uses a modified 3D 

printed five fingered robotic hand to perform stable grasping in a similar way to Liarokapis 

et al. [28] who performed similar feats of teleoperation and grasping using a five fingered 

robotic hand. One main difference is that the effort of Liarokapis is mapping the kinematics 

of the human hand. Both papers use a CyberTouch glove for haptic feedback to the 

operator. 

2.3.1 Vision 

As real time video capabilities and data speed have increased, vision-based 

manipulation is now more effectively used in industrial robotics allowing for improved 

precision and productivity [29], [30], [31]. Vision-based manipulation with under actuated 

grippers use a camera to control the motion of the grippers to find and grasp the object 

[32]. A peripheral vision-based grasp force feedback method for telemanipulation, or 

interaction in virtual environments, was developed by Galambos et al. [33]. 
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2.3.2 Tactile Sensors 

Tactile sensing is a key feature for the robotic in-hand object manipulation. There 

are many types of sensors with the most recent work being done with multimodal sensing 

[34]. These advanced sensors are used to mimic human touch and feedback. They 

provide feedback for the force control of the robotic hand during the manipulation. Tactile 

feedback-based control consists of applications such as grasp stability estimation, and 

tactile surface exploration which is done by sliding a fingertip across an objects surface 

[35], [36].  

Using tactile sensing is crucial for unstructured environments where visual feedback 

is not always available. However, it is possible to glance at an object with tactile sensing. 

This is commonly referred to as a “haptic glance” [37]. 

 

A simple popular tactile sensing solution is a Force Sensing Resistor (FSR) array 

shown in Figure 2.5 (left). The resistance of the FSR changes when a force is applied to 

 

 

(left)     (right) 

Figure 2.5 FSR array (left), and the tactile sensor based on FSR array (right) [38] 
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the surface. A single FSR covers a relatively small surface area with low precision. A 

custom-designed elastic overlay having a tab on top of each node of the FSR matrix as 

shown in Figure 2.5 (right) [38] allows the material to expand without any stress in the x 

and y directions making possible compression in the Z-direction proportionally with the 

normal stress component.  

Advancements are constantly being made in skin type tactile systems, particularly 

for pressure sensitive applications. Wu et al. [39] presented a novel design for a tactile 

sensor capable of measuring an ultrawide pressure range for areas from respiration to 

finger heart rate with excellent performance sensitivity. Other known pressure-sensitive 

tactile sensors for surface areas are the TeskanFlexiForce™ pressure ink technology 

[40], and the Quantum Tunnel Composites ® technology [41].  

Figure 2.6 shows the biology-inspired multimodal tactile-sensing BioTac SP (Single 

Phalanx) sensor [42]. Multi modal sensing is the idea of using two or more sensing items 

to create sensory feedback, similar to how a human hand can tactilely perceive 

information. An advanced multimodal sensor can achieve thermal, pressure, tactile, and 

proximity sensing data. The BioTac [42] “provides simultaneous information about contact 

forces, microvibrations, and thermal fluxes, mimicking the full cutaneous sensory 

capabilities of the human finger.”  
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The BioTac contains a conductive fluid that serves two purposes, contact force 

sensing and vibrations. The fluid changes thickness when a force is applied which causes 

a shift in impedance and measured by electrodes. Pressure transducers measure 

vibrations. Thermistors are used for temperature of touched objects [43]. 

Figure 2.7 presents a biology-inspired multimodal tactile sensor developed by T.E. 

Alves de Oliveira [44], inspired by the mechanoreceptors of human skin [45]. Figure 2.8 

(right) shows the layers of the sensor: a 32-taxel tactile array, a MARG (magnetic, angular 

rate, and gravity), a passive compliant structure which helps solve the inverse problem in 

tactile sensing [46], and a barometer. The compliant structure consists of IMU and the 

barometer covered by polyurethane rubber.  

 

Figure 2.6 BioTac SP sensor from SynTouch [43] 
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2.4 Synergy in Grasping 

Synergy between components can be understood as multiple components working 

in tandem; the concept that the combined value and performance of the multiple parts will 

be greater than the sum of the separate individual parts.  

Human-Robot Synergy “combines what humans are good at with what machines are 

good at. Prior knowledge, a great deal of "common sense", creativity and dexterity all are 

attributes that ordinary people have, but not machines. On the other hand, rapid 

computation, mechanical power, diverse sensory modalities and resistance to hazards 

are great advantages of machines that people do not possess” [47]. 

Three types of synergies have been proposed to map human hands to 

anthropomorphic robotic hands: postural, kinematic, and dynamic synergies. 

 

 

(left)                   (right) 

 Figure 2.7 Human skin mechanoreceptors (left) [54], and Multi-modal tactile sensor 
module: 1 - tactile array; 2 - inertial measurement unit (IMU); 3 - cone compliant 

structure, and 4 - deep barometer (right) [44] 
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In order to achieve robotic grasping that best mimics a human grasp, significant effort 

in characterizing posture of a hand has been made based on the definition by Napier of 

prehensile movements of the human hand [48], not to be confused with the grasp 

taxonomy. Santello et al. [49] show how postural synergies regulate the general shape 

of the hand, while also stating that “because the postural synergies did not coincide with 

grip taxonomies, the result suggest that hand posture may be regulated independently 

from the control of contact forces that used to grasp an object”. 

Santello et al. recorded data for angular position of the fingers and thumb in order to 

measure static hand posture. They found joint angles did not vary independently of 

objects even though hand shapes were distinct. They performed a Principal Component 

Analysis (PCA) of 57 objects, reducing the dimensionality of datasets, increasing 

interpretability, and minimizing information loss while preserving the variability [50]. They 

found that the first two components; apple and banana, could account for over 80% of 

variance in grasp. Components are written as PC1 and PC2. 

 

 

Figure 2.8 PC1 and PC2 [49] 
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Kinematic synergies describe the correlations between the joint angles during 

multi-joint finger movements, as there is a characteristic relation between maximum 

distance of the tips of the fingers on their way to an object and size of an object that is to 

be grasped [51]. Figure 2.9 depicts a defined PC1 which accounts for 97.8-99.7% of 

angular variance [52]. The trials consisted of PC1 closing the thumb and index finger. 

 

Dynamic synergies were defined as stable correlations between the hand joint 

torques during precision grip movements [52]. Joint torques were found to be less 

correlated than joint angles. 

These synergy types use a reduced number of parameters mapped from human and 

 

Figure 2.9 Human subject kinematics [52] 

A: Thumb and index finger joint angles averaged over 20 trials of closing movements with 
normal velocity and normal aperture; B: Corresponding angular velocities; and C: 

Corresponding angular accelerations  
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robotic hand in order to provide efficient control. These parameters are mapped between 

hands with one of three techniques. Joint-to-joint mapping, Cartesian mapping, and 

object-based mapping [53] shown in Figure 2.10. 

 

  

 

Figure 2.10 Schematic representation of the principal mapping techniques [53] 
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2.5 Neuro-Fuzzy Control  

A Neuro-Fuzzy System (NFS) is a combined architecture of Fuzzy Logic (FL) and 

Artificial Neural Network (ANN) elements, which can both be used for cases where no 

mathematical models exist including pattern recognition, and regression. Many 

architectures of NFS have been developed [54]. The first instance of robotic grasping 

using Neuro-Fuzzy control was reported in 1993 [55]. 

Coincidentally, Adaptive Neuro Fuzzy Inference Systems (ANFIS) were also first 

presented in 1993 [56]. ANFIS is a well-studied architecture, Figure 2.11, which 

resembles a feed forward neural network with supervised learning capabilities. 

A first order Sugeno model can be described with an example of two inputs, x and 

y, and one output  

Rule 1: 𝐼𝑓 𝑥 𝑖𝑠 𝐴1𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵1, 𝑡ℎ𝑒𝑛 𝑓1 = 𝑝1𝑥 + 𝑞1𝑦 + 𝑟1 

Rule 2: 𝐼𝑓 𝑥 𝑖𝑠 𝐴2 𝑎𝑛𝑑 𝑦 𝑖𝑠 𝐵2, 𝑡ℎ𝑒𝑛 𝑓2 = 𝑝2𝑥 + 𝑝2𝑦 + 𝑟2 

The overall output can be expressed as 

𝑓 =
𝑤1

𝑤1 + 𝑤2
𝑓1 +

𝑤2

𝑤1 + 𝑤2
𝑓2 =  �̅�1𝑓1 + �̅�2𝑓2

=  �̅�1𝑥𝑝1 + �̅�1𝑦𝑞1 +  �̅�1𝑟1 +  �̅�2𝑥𝑝2 +  �̅�2𝑦𝑞2 + �̅�2𝑟2 

Where 𝑤𝑖 is the normalized firing strength from layer 3, and 𝑝𝑖, 𝑞𝑖, 𝑟𝑖 are the 

parameters of the node [57], [58].  
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The ANFIS structure has 5 layers, layer 1: input nodes, layer 2: input terms 

(partition) nodes, layer 3: rule nodes, layer 4: normalization nodes, and layer 5: 

output node [59] 

 

The first layer maps the input to each membership function which can be referred to 

as the fuzzification layer. The rules are created in the second layer. The third layer 

normalizes the rule strengths. The fourth layer performs the defuzzification. The final layer 

is the sum of those parameters in the form of the global output [58]. 

Using different algorithms such as grid partitioning or subtractive clustering provide 

ANFIS the ability to generate membership functions. A Neuro-Fuzzy Controller uses the 

ANN to tune the membership functions while keeping the basic elements of the fuzzy 

logic controller intact [60].  

  

 

Figure 2.11 Structure of an Adaptive Neuro-Fuzzy Inference System [58] 
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Neuro-Fuzzy grasp control with pressure sensing was tested and validated in 1993 

[55], where a best first grasp for a robotic hand with pressure sensing was determined by 

assigning fuzzy membership values to aspects of candidate grasps attempted with a 

modified genetic backpropagation neural network controller. ANFIS has been used in 

prediction of the grasping object weights by an underactuated system that is a new 

sensing capability [61]. 

 ANFIS has also been employed as a means of control in prosthesis grasping, using 

the electrical signals in the arm [62] – [64]. A hybrid control technique using ANFIS and 

genetic algorithms (GA) were used in the grasp control for a smart prosthesis [65]. 
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Chapter 3 System Overview 

This chapter presents the hardware and software aspects of the experimental 

teleoperation setup. The aim of this experimental system architecture was to combine 

human-like dexterity and tactile feedback. The two main system components are 

discussed in section 3.1 Hardware and section 3.2 Software.  

The hardware subsystem consists of three main components: (i) the CyberTouch 

glove, (ii) the upgraded Ada robotic hand, herein called the Ring Ada, and (iii) the 

computer-based controller. The software subsystem consists of a Robot Operating 

System (ROS) framework for the custom-developed drivers for the Ring Ada hand and 

CyberTouch data glove, and a Python software module developed to provide the grasp 

teleoperation. More details are presented in Section 3.3. 

3.1 Hardware 

Many Human Computer Interfaces (HCI) have been developed over the years 

allowing humans to more naturally interact with different computer applications [66]. 

These interfaces range from implanted devices in the brain to smartphone apps providing 

for better, more natural, interactions between humans and machines.  

Well before the emergence of HCIs, it was known that the objective evaluation of 

performance on a task was the time taken and the error rate of the actions involved in the 

task [67]. The speed and accuracy being inseparable as the objective measures for a 
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meaningful performance evaluation. As computer technology advanced, computers 

assisted in the tasks so fewer errors were made. It is at this point when HCI design came 

into consideration. A good HCI would provide an easily interpretable and reliable task-

related interface. As a result, the learning curve will be reduced, and time for tasks should 

decrease. 

Human Computer Interaction is now the combination of computer science, cognitive 

science, and human factors engineering (HFE) [68].  

3.1.1 CyberTouch Glove 

The CyberTouch data glove was chosen as it has small vibrating tactile sensors on 

each of the fingers and on the palm, which can be individually programmed. The glove is 

able to record the real-time finger-joint angles of the human operator hand and provide 

linear vibration feedback to both the fingers and the palm, as shown in Figure 3.1.  

The CyberTouch glove has 18 embedded flexible sensors positioned between the 

joints of each finger. One sensor is positioned between the intermediate phalange and 

the proximal phalange, and the other between the proximal phalange and the metacarpal 

joint.  
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Figure 3.1 The experimental setup 
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Figure 3.2 (top) shows the 18 joint sensors and the 6 vibrating actuators built into 

the CyberTouch glove, which provides the haptic feedback to the hand of the human 

operator [69]. The red dotted circles indicate the sensors inside of the glove structure. 

One vibrating actuator is placed on each fingertip of the glove and the sixth is placed in 

the palm of the glove.  

Figure 3.2 (bottom) shows how the data is transferred between sensors and 

actuators from the host computer using a Serial-to-USB protocol. The joint angle sensor 

 

 

Figure 3.2 The CyberTouch Glove (top) and the Control Interface (bottom) [69] 
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data which goes through the Analog to Digital (A/D) converter has an 8-bit format. The 

built-in vibrating actuators positioned at each tip of the glove and the center palm provide 

linear intensity vibrations controlled by 8-bit digital signals coming from the host computer 

via the Digital to Analog (D/A) converters.  

3.1.2 Ada Hand 

The open-source 3D printed anthropomorphic robotic hand is provided by Open 

Bionics as part of the Open Hand Project [70]. The underactuated tendon-driven hand is 

based closely on the human hand which makes it a viable candidate for easily 

implementable teleoperation given a few requisite modifications.  

This hand has the ability to close relatively quickly and to make basic grasping 

operations due to the performance of the linear motors housed in the 3D printed palm – 

where all the components are located as shown in Figure 3.3 [71]. 

 

The hand was 3D printed using two different materials: (i) a harder Polylactic Acid 

 

Figure 3.3 Ada hand structure (left), and the linear motor layout inside the palm (right) [71] 
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(PLA) material was for the back cover of the hand, the Printed Circuit Board (PCB) tray, 

and for the upper and the lower part of the hand, and (ii) a more compliant elastic Ninja-

Flex material, which provides the ability to deform and spring back to original shape was 

used to print the palm. 

Figure 3.3 (right) depicts the placement of the linear actuators used to power the 

fingers and thumb. The linear actuator motors operate with a 12V input and have a usable 

stroke length of approximately 18 mm. Each motor also provides internal position 

feedback. Each finger is positioned by a tight tendon linked to a hole positioned at the 

backside of the distal phalange as shown in Figure 3.3. This allows the finger to be closed 

completely. A microcontroller based controller was developed in the BioIn Robotics 

laboratory at the University of Ottawa. 

3.1.3 Upgraded hand design 

The rings shown in Figure 3.4 were designed and 3D printed as special pieces to be 

added to the easily modifiable Ada Hand [72]. The resulting upgraded version of the hand 

was called the Ring Ada Hand. The rings were 3D printed with rigid PLA material. Each 

ring is attached at the middle of the proximal phalange for each finger as shown in Figure 

3.4 (right). 



 

 
34 

 

The larger ring opening is for the attachment to the finger, while the smaller opening 

is for the connection of the ring to the wire driven by the servo motor which actuates the 

proximal phalange. 

A tendon attached to the ring is used to pull back the fingers when the linear 

actuators stop pulling the fingertips. This provides additional dexterity and a more natural 

claw-like behaviour as shown in Figure 3.5 (middle). 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.  

Figure 3.5 illustrates the experimental 9 DOF Ring Ada hand. Copper wires are used 

as tendons linked to the servo motors. The rigid characteristic of the copper wire allows 

joint control to be more stable control of the finger joint during the pull and push 

movements. 

FSR sensors are attached to the distal phalanges and on the palm, as shown in 

 

Figure 3.4 ‘Rings’ (left), the ring attached to the hand finger (right) [10] 
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Figure 3.5. These sensors are placed corresponding to the sensor positions of the 

actuators on the CyberTouch glove, so they provide a natural haptic feedback for the 

human operator equipped with the CyberTouch glove. 

 

There are two tendons cooperating to control each finger position. The linear motor 

shrink distance of 𝑙, and the 𝑔𝑖 as the gap between the intermediate and proximal 

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

palm. The servo motor only restricts 𝑔𝑝, the servo position 𝛿 can then be calculated as: 

𝛿 =  
𝜋 ∗ 𝑔𝑝

𝛼⁄ , 𝑔𝑝 ≤ (2𝛼 − 𝑙) 

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

proximal phalanges 𝑔𝑖 follows the three positions in Figure 3.6, with the kinematics 

defined as 

 

Figure 3.5 Back view of the Ring Ada hand (left), the side view of the Ring Ada with ‘Claw’ 
behavior (middle), and the palm view of the Ring Ada hand with FSR pressure sensors 

on each fingertip and on the palm (right) [10] 
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𝑔𝑖 = 2𝛼 − 𝑙 − 𝛼𝛿
𝜋⁄  {

    𝑙 ≤ 9mm: 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 < 1,2 >
𝑙 ≥ 9mm: 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 < 3 >

 

The distal phalange of the hand is designed to mount FSR sensors or multi-modal 

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

assumed that the resistance of the proximal joint is lower than the intermediate joint, and 

therefore always has higher priority to be pulled by the linear motor, which simplifies the 

control. 

 

According to the manipulation taxonomy graph [73] and the grasp taxonomy given 

in [74], there is no defined unique instance when the pinky and the ring finger are moving 

separately. It is for this reason one servo motor is used to control the proximal part of the 

ring and pinky fingers, herein called the Ringpinky servo.  

  

 

Figure 3.6 The ring, highlighted in red, which adds another DOF for the Ring Ada hand finger 
(1), typical finger movement (2 and 3) [10] 
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3.1.4 Role of the thumb 

It is a well-known fact that the role of the thumb is important for human grasping, as 

clearly shown in the taxonomy of grasping [74] and manipulation classification [75], the 

loss of the thumb corresponds to the loss of 40% of hand performance [76].  

Figure 3.7 shows the experimental setup used in [10] which covers the analysis of 

thumb movement in different robotic hands.  

 

Figure 3.7 (left) shows the experimental system setup using a Leap Motion 3D 

camera to find the reachability space for the thumb of the Ring Ada hand. Figure 3.7 (right 

side) illustrates the 3D reachability space recovered from 900 thumb fingertip position 

data set collected during the experiments.  

  

 

Figure 3.7 Depth camera setup for measuring thumb fingertip positions of the Ring Ada hand 
(left), and the 3D diagram of the reachability space for the Ring Ada thumb (right) [10] 

 

.  
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3.2 Software 

The CyberTouch glove, the Ring Ada robotic hand system, and ROS nodes 

communicate through a USB connection. The CyberTouch uses a USB to RS232 

interface, and the two microcontrollers used in the Ring Ada hand follow the ROS 

standard [77]. 

3.2.1 Robot Operating System (ROS) 

ROS is an open-source software designed for robotic system software development 

and inter-robot communication [78]. It includes the ability to access hardware through 

programming interfaces, low-level driver management, common function execution, inter-

program messaging, and program distribution package management. The most important 

aspect is that ROS provides compatibility with other large-scale software modules, such 

as Software Development Kits (SDKs), allowing to develop new algorithms for learning, 

controlling, and analysis. The user-friendly communication structure it provides allows the 

implementation of a Peer to Peer (P2P) network between modules, which enables 

multiple computers to share resources. An example is the Remote Procedure Call (RPC) 

where one computer can execute software on another computer over a shared network.  

Some ROS packages are designed to provide easy management for reusable 

software and keep system use minimal at the same time. The packages contain nodes 

that communicate through the two actions of Subscribing and Publishing [79]. Nodes use 

RPC communication, such as topic streaming, when managing continuous information 
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flow like sensor data. A node will use a Publisher to send data to a topic. Another node 

will use a Subscriber to receive information from that same topic. These packages may 

contain ROS-independent libraries, datasets, configuration files, third-party software, or 

anything else that constitutes a useful functional module [80].  

Figure 3.8 presents the data flow diagram for the active ROS nodes, represented by 

ellipses, during teleoperation. 

The Ring Ada communication is done through USB cables driven by a ROS serial 

package installed on an Arduino microcontroller which acts as a ROS node. The BioIn 

Robotics laboratory custom designed PCB controller also acts as a ROS node. 

An example of topic Subscribing and Publishing in the experimental system is where 

the operation of the linear motor occurs only after the ROS node receives a command 

from the ROS ‘/position’ topic and publishes the ‘/feedback’ topic to reflect the real-time 

position at the same time.  

The CyberTouch data glove uses an RS-232C 9-pin to USB connector for the serial 

connection to the computer. The data converter for RS-232 to USB is driven by a PL-

2303 USB to serial bridge controller chip inside the connector shell, with functional block 

diagram shown in Figure 3.10 [81]. The CyberTouch glove serial output runs at a 115.2 

baud rate. 
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Figure 3.8 System data flow diagram for the active ROS nodes during teleoperation using the 
CyberTouch glove and the Ring Ada hand 

 

. 

 

Figure 3.9 Functional block diagram [81] 
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3.3 Limitations 

The CyberTouch glove flex-sensor readings have an under 1-degree resolution. 

However, due to the different hand sizes, shapes, and the habits of the operators, the 

overall repeatability of the system has only a 3-degree accuracy. In order to compensate 

for this issue, the glove is calibrated and configured in real-time for the flex sensor data. 

The CyberTouch data extractor node shown in Figure 3.8 detects the maximum and 

minimum angle in real-time and remaps them as 8-bit values for the joint angle range of 

0 - 255. This value is then normalized between 0.0 - 1.0. 

During the experiments, it was found that the actuator mounted on the center of the 

palm can lose touch with the human operators hand as shown in Figure 3.10. However, 

as long as the contact is constant while grasping an object, the actuator will continue to 

provide feedback will work without issue.  

 

  

Figure 3.10 Grasp limitations of the CyberTouch glove 
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The thickness of the actuator shell is similar to that of a finger, which may affect the 

dexterity of the operator during some grasping operations where fingers may overlap or 

external objects are nearby. 

A limitation of the Ring Ada hand is due to the link that exists between the ring and 

pinky fingers. The dexterity of the hand could be further increased by separating these 

two fingers which would allow for a much finer in hand object manipulation. This 

separation would also allow the Ring Ada hand to be used for American Sign Language 

(ASL) applications [82], [83]. 

The Ring Ada hand also has inaccurate elements, most notably being the soft joints, 

the stretchable tendons, the tolerance of the linear actuators and servo motors, and the 

point where the ring is attached on the finger. During grasping the soft joints have the 

potential to bend, which will occasionally cause motor input commands to end up with 

significant differences compared to the intended final finger positions. The tactile 

feedback from the FSR sensors could be used to help address some of these 

teleoperator-Ring Ada hand position tolerance issues.  
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Chapter 4 Teleoperated Grasping Using 

the Ring Ada Robotic Hand 

The aim of the Ring Ada upgraded robotic hand shown in Figure 4.1, was to 

achieve better teleoperated grasping and understanding of the elements which allow 

grasping. Synergy based grasp was a method derived through the Principal Component 

Analysis (PCA) of the range of motions for the Ring Ada. Figure 4.2 shows the full 

input/output system block diagram grouped by system element using synergies as a 

closed loop control process.  

 
 
 
 
 

 

Figure 4.1 The CyberTouch glove (left), and the Ring Ada robotic hand (right) 
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4.1 Kinematic Synergy 

Kinematic synergy was used to perform remapping of the joint-to-joint between the 

human operator wearing the CyberTouch glove and the servo motors of the Ring Ada 

proximal phalanges. This is seen as the “position remap” module of Figure 4.2. 

The operator was required to open and close the glove three times in order to 

 

Figure 4.2 Detailed input-output modules of the Ring Ada hand teleoperation [10] 
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calibrate and set the reference data for the sensors. This remapping is what would allow 

to dynamically calculate the proportion of flex sensor deformation according to Table 4.1, 

which ROS then sends a position command to the linear and servo motors. 

As discussed in Chapter 3, if a servo motor actuated a proximal phalange which 

holds gap 𝑔𝑃 open, the linear motor would reach the maximum. The maximum linear 

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

 

  

 Thumb Index Middle Ring Pinky 

𝑙𝑚𝑎𝑥  𝑤ℎ𝑒𝑛 𝑔𝑖 = 0 0.56 0.4 0.4 0.4 0.5 

Table 4.1 The maximum value for linear motors when 𝑔𝑖 = 0 and 𝑔𝑝 = 𝛼. 
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4.2 Postural Synergy 

As previously mentioned, the concept of postural hand synergies for tool use based 

on a typical set of human hand gestures was introduced by M. Santello et al in the late 

‘80s [49]. The idea is to define transformations from one gesture to another, each 

transformation is being considered as a Principal Component (PC). Such combinations 

of Principal Components would allow the Ring Ada to achieve dexterous grasping. This 

function is represented by the “Postural Synergy” block in Figure 4.2. 

The two basic PC1 and PC2 shown in Figure 4.3 were selected to implement the 

additional 4 DOF of the Ring Ada hand while using the ‘ring’ element of the hand.  

 

 

 

Figure 4.3 Minimum and the maximum values of PC1 and PC2 for the Ring Ada hand [10] 
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4.2.1 Kinematic Pattern of the Two Predominant Synergies 

The MATLAB synergy toolbox SynGrasp, developed by the SIRSLab provides a 

convenient “analysis of fully or underactuated robotic hands with compliance” [84], [85]. 

SynGrasp was used to perform virtual simulations of different grasps and corresponding 

finger position configurations in order to better assess the synergies, and was also used 

to visualize the limitations of the Ring Ada robotic hand. 

 

The polar graphs in Figure 4.5 and Figure 4.6 represent the postural synergy vectors 

which are used to identify the joints whose rotations are involved in each synergy [98]. 

The ‘zero’ points in the polar graphs correspond to the position of the Ring Ada at rest 

which is defined in 4.2.2 Synergy Control. The numbers 1 to 9 represent the nine actuated 

joints. 

 

Figure 4.4 The 3D view of a robotic hand in SynGrasp [84] 
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The red areas on the circular graphs represent the area travelled when different joint 

actuators are activated: actuators 1 and 2 for the thumb; 3 and 4 for the index finger; and 

5 and 6 for the middle finger. The ring and pinky each have a linear actuator, 7 and 9, but 

are controlled by one servo, 8. The symmetry between 7 to 8 and 8 to 9 show that these 

actuators follow the same path. 

The hand shown in Figure 4.5 performs the gesture while moving from an ‘open’ to 

‘claw’ state due to the proximal phalange action. As shown in the polar graph, the servo 

actuated joints 2, 4, 6, and 8 are far away from the zero point. The ‘Claw’ is due to the 

distal phalange action and is the most important movement in the grasp phase. This 

motion dominates the angle between distal and proximal phalanges. 
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Figure 4.6 shows the second synergy of the ‘fist’ gesture to a gesture that relaxes all 

fingertips, which are pointing forward. Figure 4.6 (bottom left) and (bottom right) shows 

the fingers ‘closing’ towards the palm from the zero.  

 

 

 

Figure 4.5 First synergy PC1, 1,2 for the thumb; 3,4 for the index; 5,6 for the middle finger, 
7,8 for the ring finger; and 8,9 for the pinky (top), The minimum (bottom left) and the 

maximum (bottom right) PC1 present in simulation through SynGrasp 
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Figure 4.6 Second synergy PC2, 1,2 for the thumb; 3,4 for the index; 5,6 for the middle 
finger, 7,8 for the ring finger; and 8,9 for the pinky (top), minimum (bottom left) and the 

maximum (bottom right) PC2 present in simulation through SynGrasp 
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4.2.2 Synergy Control 

Synergy-based control with tactile feedback is used to find the relationship between 

the hand joint motions and the sensory data from the haptic feedback glove. 

As previously mentioned in 4.1 Kinematic Synergy, while wearing the CyberTouch 

glove, the operator was required to perform a data reference calibration by opening and 

closing the hand three times then relaxing the hand for an initial reference point. 

Through this calibration it was found that when an operator was at rest, the servo 

motors, 𝑅s, and linear actuators, 𝐿l, had a consistent point where they would stop moving. 

 

The grasping hand movement is controlled by 𝜖, which is the average deformation 

between sensors 5 and 2, to control the middle phalange, and 6 and 3, to control the 

fingertips. The sensors are shown in Figure 4.1. 𝜖 is normalized between 0; the minimum, 

and 1; the maximum. The implementation of 𝜖 allows the actuators to work together while 

restricting some motion to prevent interruption or damage between them. 𝑃𝑠 and 𝑃𝑙 pattern 

values seen in the circular plots. 

 Thumb Index Middle Ring Pinky 

𝑅𝑠 140° 60° 60° 60° 

𝐿𝑙 0.4 0.6 0.6 0.6 0.6 

Table 4.2 The position of the servo motors and the linear actuators when the CyberTouch glove is 
worn and the hand of the operator is in a relaxed state 
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Through grasping experiments it was determined that the servo motor parameters 

needed to be scaled in order to achieve the appropriate operation range for the servos. 

These values were found to be 10, for the thumb, and 15, for the index finger. The servo 

motor parameters, 𝑉𝑠 and 𝑉𝑙, are: 

for the thumb: 

𝑉𝑠 = 10 ∗ 𝑃𝑠 + 𝑅𝑠, (−0.4 < 𝑃𝑠 < 0.4) 

𝑉𝑙 = 𝑃𝑙 + 𝐿𝑙 , (−0.4 < 𝑃𝑙 < 0.6) 

for the index, middle, ring, and pinky fingers: 

𝑉𝑠 = 15 ∗ 𝑃𝑠 + 𝑅𝑠, (−0.4 < 𝑃𝑠 < 0.6) 

𝑉𝑙 = 𝑃𝑙 + 𝐿𝑙 , (−0.6 < 𝑃𝑙 < 0.4) 

The motor control voltages equation can be defined as:  

𝑉𝑠/𝑙 = [𝜖1𝑃𝑠1/𝑙1, 𝜖2 𝑃𝑠2/𝑙2] ∙ [𝑃𝐶1, 𝑃𝐶2]𝑇 

Due to the symmetry in the circular plots, it was determined that a single 𝜖 could be 

sufficient for each pattern value for full hand grasps. Individual finger movement with 

synergies is possible by performing averaging of corresponding sensors of the middle, 

ring, and pinky fingers to the thumb sensors. The ring and pinky sensors are first averaged 

together as they are controlled by a single servo motor. How we define 𝜖 is valuable in 

real-world situations where individuals who may not have full function of their hand, or do 

not have all fingers, can still perform teleoperations.  
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4.2 Sensory Feedback 

The sensory feedback provides the ability for the operator to be aware of likelihood 

of a stable grasp.  

 

Figure 4.7 shows the actual position 𝑓𝑖 of the linear motor vs the expected positon 

𝑙𝑖 for the motor command. The position feedback is calculated as the difference between 

𝑓𝑖 and 𝑙𝑖. It could easily be seen that the two begin to diverge when the finger was facing 

the object. The actuator provides a stronger haptic feedback 𝑣𝑙  when the difference �̅� 

increases. The system is capable of reaching a stable grasp without any further 

adjustments. The 𝑣𝑙  with �̅� follow linear positive correlation.  

When using the FSR sensors, the feedback was defined as 

𝑣 = max(𝑣𝑙, 𝑣𝐹𝑆𝑅) 

 

Figure 4.7 Actual vs Expected position of feedback data for the data[0] thumb, and the data[1] 
index finger collected during grasp operation [10] 

 

 



 

 
54 

4.2.1 Experimental Results 

In order to maintain the consistency of the experimental grasping tests, the same set 

of 3D printed rectangular and cylindrical objects shown in Figure 4.8, was used as 

employed in [86]. The three objects used in these tests have the dimensions: 

50𝑚𝑚, 70𝑚𝑚, and 90𝑚𝑚, for the cylindrical object diameters and also for the rectangular 

object side lengths. 

 

During the human operator calibration phase, an object was positioned within reach, 

near the palm, of the Ring Ada hand. This allowed the teleoperated CyberTouch glove 

operator to attempt a grasp and interpret the feedback and determine when a stable grasp 

was achieved for validation purposes. 

Due to the uniform nature of a cylinder shape, no special consideration needs to be 

given when attempting a grasp. 

 

Figure 4.8 The 3D printed rectangular and cylindrical objects used for grasping 
experiments [10] 
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During the grasp of the smallest cylinder of 𝜙50𝑚𝑚 Figure 4.9 shows that all fingers 

had similar levels of activation for a stable grasp. It is clear the object is handled through 

a power grasp – when all fingertips touch the object. The results also show the thumb not 

being able to fully close, as represented by the absence of data and confirmed in Figure 

4.9 (left).  

The results obtained during the grasp of the mid sized, 𝜙70𝑚𝑚 cylinder, Figure 4.9 

(middle) shows the thumb as the first digit that reached a stable grasp, followed by the 

middle, ring, and pinky fingers.  

Grasping the largest diameter cylinder of 𝜙90𝑚𝑚 Figure 4.9 (right) shows only the 

thumb and ring fingers achieved a stable grasp; however, this was sufficient to hold the 

cylinder.  

 

Rectangular shapes need special consideration in placement during the 

experimental testing due to the limited approach capabilities of the Ring Ada robotic hand. 

 

Figure 4.9 Stable grasping of cylindrical objects with different diameters ϕ50mm (left), 

ϕ70mm (middle), and ϕ90mm (right) [10] 
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Figure 4.10 (left) shows the result of grasping the smallest rectangle with side 

length 50𝑚𝑚. The results from this grasp show significant similarity with that obtained 

when grasping the smallest cylinder. Due to the differences in the rectangular shape of 

the object, the thumb is able to successfully make contact on the object as well as the 

other fingers when performing a stable power grasp.  

Figure 4.10 (middle) and (right) show results which are more easily interpreted by 

the teleoperator. The feedback from the FSR and linear motor causes significant 

vibrations generated at the same time, causing the output to show significant jitter. 

 

  

 

Figure 4.10 Stable grasping of rectangular objects with different dimensions 50mm (left), 
70mm (middle),and 90mm (right) [10] 
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4.3 Conclusion  

The experiments presented in this chapter validate the efficiency of grasping 

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

teleoperator using a haptic-feedback data glove. 

The non-instantaneous response is an important aspect to take into consideration 

for the teleoperated object grasping using haptic feedback. During the experiments, an 

approximately 0.5 seconds delay for every feedback update from the Ring Ada robotic 

hand to the CyberTouch glove of the human teleoperator was noted. It is reasonable to 

expect that higher speed connections and greater computing power will decrease the 

delays to more acceptable values that will less affect the ability to grasp.  

As the fingers of the robotic hand uses a soft material, the slip of the grasped object 

was found to happen approximately 10% of the time. Using convenient finer materials 

that provide better contact points could further help in mitigating the slip issues that may 

occur while grasping. 
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Chapter 5 Neuro-Fuzzy Grasp Control 

As discussed in section 2.5, a Neuro-Fuzzy System is a combined architecture of 

Fuzzy Logic and Artificial Neural Network elements. The Neuro-Fuzzy Controller of a 

multiple-input, single-output (MISO) dynamic system has a finite number of states that 

can be defined by 𝑛 number of variables 𝑋1, 𝑋2, … 𝑋𝑛. The process of fuzzification uses “if-

then” rules which describe the control action, the controller output, for a particular state 

using fuzzy linguistic variables. An inferencing process uses these rules to determine the 

fuzzy linguistic value of the output. The rules are evaluated to generate a specific output 

fuzzy set, which is then defuzzified in order to obtain the specific crisp output values.  

The Neuro-Fuzzy Controller uses the ANN to tune the membership functions for 

cases where no mathematical models exist, while keeping the basic elements of the fuzzy 

logic controller intact [60]. 

Figure 2.11 presents the neural-like structure which provides the ability for the 

learning procedure, for ANFIS. It uses either backpropagation for input membership 

function (IMF) parameters, or a hybrid approach of backpropagation for IMF and least 

squares estimation for output membership function (OMF) parameters. The input, the 

rules, and the output resemble neurons, while the I/OMF act as the adjustable weights.  

This chapter will present an ANFIS solution for the control of a teleoperated robot 

hand using the hand synergies, in order to allow for the teleoperated hand to be better 

positioned in anticipating a stable grasp without fingertip sensors to control pressure.  
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The work of Santello et al. [49] described the use of PCA when grasping two objects, 

an apple and banana, which resulted in over 80% of variance in grasping. The work 

presented in this chapter will use similar representations of objects to teach the ANFIS 

model. The three objects chosen were a tennis ball, a banana, and a rectangular prism. 

The work reported in this chapter has inherent limitations imposed by the experimental 

setup which has only one hand.  

 

The hand actuation system is divided into four separate systems: 1. Thumb, 2. Index, 

3. Middle, and 4. Ringpinky corresponding to the four servos which the control system 

has to be trained to control. The numbers in Figure 5.2 identify the specific servos and 

fingers that are controlled. 

 

Figure 5.1 The three objects used in the grasp training experiments, ball (left), banana 
(middle), and rectangular prism (right) 
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5.1 Methodology and Data Acquisition 

A qualitative and quantitative approach will be employed to assess the use of ANFIS 

in teleoperation. The manipulation paradigm concepts in Figure 1.1 were used as a 

framework to address the Task Planning, Grasp Issues, and the Control System 

functions.  

Data collected from the CyberTouch Data Glove were used to train and test the 

Neuro-Fuzzy system. The data collection consisted of three basic steps: (i) the operator 

must wear the data glove, (ii) the object must be placed within grasp of the Ring Ada as 

there is no arm or wrist movement available, and (iii) the object must be grasped only by 

the Ring Ada without falling out of the grasp. 

 

Figure 5.2 The four servos 
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As discussed in chapter 4, the feedback data are sampled at a different rate than the 

position data. After the sampling was adjusted there was no further need for post 

processing of the data. The data needed to reflect real grasp scenarios and any distortion 

that came with the grasp from the movement of the operator during grasping.  

As the glove is only capable of controlling the 5 fingers of the hand, the system was 

set up such that during the training, the object was conveniently suspended in the palm 

of the anthropomorphic robotic hand while the glove wearing teleoperator grasped the 

object. The orientation of the grasp was chosen in such a way that in the case of a poor 

grasp the object would fall, requiring another attempt at the grasp.  

Analysis was conducted by evaluating i) Root Mean Square Error (RMSE), ii) the 

correlation coefficient, 𝑅2, and iii) by a visual analysis of the plots. 

5.2 Experimental Results 

The MATLAB Neuro-Fuzzy toolbox, and Graphical User Interface (GUI) shown in 

Figure 5.3, allows for several different parameter selections. After loading the training 

data, the plot area will show the output of this data. It will also show the training error 

against training epochs and an overlay of testing data against the FIS outputs. 

FIS selection is split between (i) a user defined FIS, or (ii) the use of one of two 

methods: grid partitioning, and subtractive clustering. Training the model with the data 

and generated FIS provides the ability to set the error tolerance and number of epochs, 

where 0 and 3 are the default values. 
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5.2.1 FIS Generation and Evaluation 

The two basic FIS generation methods, Grid Partitioning and Subtractive Clustering 

are discussed in detail in literature [87]. The Grid Partitioning divides the n-dimension 

input space into specific regions and compares the result of inference in each specific 

region. As an example, if there are 5 input variables and each input variable is divided 

into 3 membership functions, it is divided into 35 = 243 distinct areas, with one rule for 

each specific area. In the Subtractive Clustering, a user sets the radius of the cluster, 

which is the range of influence from the center of the cluster when the input space is 

considered as a unit hypercube with a normalized size between 0 and 1. The smaller the 

radius of a cluster set, the greater number of clusters, and thus an increase in the number 

of fuzzy rules. The contrary also holds, if the radius of the cluster is set to be large, the 

size of the cluster becomes so large that the number of clusters decreases and the 

number of fuzzy rules becomes small.  

 

Figure 5.3 Neuro-Fuzzy Designer Graphical User Interface (GUI) 
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It was found from the two FIS generation methods that using the Grid Partitioning 

with the Gaussian membership function (MF) type, selected as Gaussmf in the Neuro-

Fuzzy Designer, with the GUI shown in Figure 5.3, and choosing 3 MF per input variable 

provides the best output solution for the Thumb. 

Modifying the Squash Factor (SF) in the Subtractive Clustering mode changes the 

number of membership functions and the following specific values were chosen: Index: 

SF 1.25, Middle: SF 0.7, and Ringpinky: SF 0.75. This resulted in 4, 4, and 8 MFs 

respectively. The Hybrid Optimization method was used which consists of back 

propagation for the parameters associated with the input MFs, and least squares 

estimation for the parameters associated with the output MFs. 

The defuzzification for the FIS uses the Center of Gravity method. This is 

represented with a red line in the bottom right most graph of the rule plots Figures 5.27-

5.30.  
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 Thumb Index Middle Ringpinky 

FIS Generation 

Method 

Grid 

Partitioning 

Subtractive 

Clustering 

Subtractive 

Clustering 

Subtractive 

Clustering 

Parameters Gaussmf Range of Influence: 

0.5 

Squash Factor: 1.25 

Acceptance Ratio: 

0.5 

Rejection Ratio: 

0.15 

Range of Influence: 

0.5 

Squash Factor: 0.75 

Acceptance Ratio: 

0.5 

Rejection Ratio: 

0.15 

Range of Influence: 

0.5 

Squash Factor: 0.75 

Acceptance Ratio: 

0.5 

Rejection Ratio: 

0.15 

Input/Resulting MF 3 4 4 8 

Optimization 

Method 

Hybrid Hybrid Hybrid Hybrid 

Table 5.1 FIS Generation Parameters 

 

The resulting ANFIS models of each finger are shown in Figures 5.4 – 5.7. These 

structures correspond to the ANFIS framework shown in Figure 2.11.  

The membership functions for the Thumb, Index, and the Middle fingers have 3 

inputs, and the Ringpinky has 6, which are shown in Figures 5.8 – 5.11. Each input for 
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the membership function properties has a corresponding membership function cluster. 

These clusters are the output described in Table 5.1 as generated clusters. These 

clusters are shown in Figures 5.12 – 5.26 

Each FIS rule plot depicts an example input point. The membership functions act as 

the “if” part of each fuzzy rule. The yellow the area under the membership function curve 

in Figures 5.27-5.30 visualizes the fuzzy membership value. The corresponding set of 

plots to the right side of the membership functions which show a blue line are the “then” 

part of each fuzzy rule. The defuzzified output value is shown by the thick red line of the 

aggregate plot [88]. 
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Figure 5.4 Thumb ANFIS structure 

 

 

Figure 5.5 Index ANFIS structure 

 

 

Figure 5.6 Middle ANFIS structure 

 

 

Figure 5.7 Ringpinky ANFIS structure 
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Figure 5.8 Thumb membership properties 

 

 

Figure 5.9 Index membership properties 

 

 

Figure 5.10 Middle membership properties 

 

 

Figure 5.11 Ringpinky membership properties 
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Figure 5.12 Thumb feedback membership functions 

 

 

Figure 5.13 Thumb positon membership functions 

 

 

 

Figure 5.14 Thumb difference membership functions 
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Figure 5.15 Index feedback membership functions 

 

 

Figure 5.16 Index position membership functions 

 

 

Figure 5.17 Index difference membership functions 
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Figure 5.18 Middle feedback membership functions 

 

 

Figure 5.19 Middle position membership functions 

 

 

Figure 5.20 Middle difference membership functions 
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Figure 5.21 Ring feedback membership functions 

 

 

Figure 5.22 Ring position membership functions 

 

 

Figure 5.23 Ring difference membership functions 
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Figure 5.24 Pinky feedback membership functions 

 

 

Figure 5.25 Pinky position membership functions 

 

 

Figure 5.26 Pinky difference membership functions 
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Figure 5.27 Thumb rules 

 

 

Figure 5.28 Index finger rules 
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Figure 5.29 Middle finger rules 

 

 

Figure 5.30 Ringpinky rules 
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5.2.2 Training 

For training purposes, one may use N grasps for each of the objects in the training 

object set. N being defined as the number of times an individual may grasp an object 

differently. In these experiments, five grasps were performed for each object in the 

training set: ball, banana, and brick. 

The feedback, position, and their difference were used as inputs for the Thumb, 

Index, and the Middle finger servos. The Ringpinky servo used feedback, position, and 

their difference of each the ring finger and pinky finger for a total of six inputs. As the 

feedback is sampled at a higher rate than position, the data first needed to be resampled 

at the same rate. After the data was resampled, all data from the five grasps for all three 

chosen objects were appended to a single matrix to be fed into the ANFIS GUI. 

During training of the FIS, the Neuro-Fuzzy GUI plots the training error as stars and 

checking error as dots for each training epoch. The checking error decreases up to a 

certain point in the training, and then it increases. This increase occurs at the point where 

the training starts overfitting the training data. The Neuro-Fuzzy designer selects the FIS 

associated with this overfitting point as the trained ANFIS model [89]. An epoch number 

of 15 was selected for training. 

Figures 5.31 – 5.34 show the training error against epochs for each servo. 
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Figure 5.31 Thumb training error using 15 Epochs 

 

 

Figure 5.32 Index training error using 15 Epochs 

 

 

Figure 5.33 Middle training error using 15 Epochs 
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5.2.3 Testing 

Two objects shown in Figure 5.35 (left) and Figure 5.35 (right) were used to test the 

grasp, (i) a bottle, and (ii) a medium sized, ϕ70mm, cylinder with the approximate 

diameter of an everyday mug or water bottle. The medium sized cylinder could also 

represent a banana and brick type grasp. The inverted bottle which presents a prominent 

taper, has a section at the bottom more akin to a banana type grasp, where the upper 

half could resemble more of a ball and brick type grasp. These objects represent some 

variation of single hand grasping found in everyday life. 

 

Figure 5.34 Ringpinky training error using 15 Epochs 
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Two grasp tests are shown in Figures 5.36-5.43 and the Tables 5.2 – 5.4 with the 

associated metrics. 

 

 

Figure 5.35 Two grasp test experiments, inverted bottle (left), and medium cylinder (right) 

 

 

Figure 5.36 Actual vs ANFIS output for the thumb 
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Figure 5.37 Actual vs ANFIS output for index finger 

 

 

Figure 5.38 Actual vs ANFIS output for the middle finger 

 

 

Figure 5.39 Actual vs ANFIS output for the ring and pinky fingers 
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 Thumb Index Middle Ringpinky 

𝑅2 0.96 0.88 0.88 0.92 

RMSE 1.09 14.21 10.63 5.52 

Normalized RMSE 

(NRMSE) 

3.03% 9.94% 6.64% 5.21% 

Table 5.2 Metrics evaluation for the inverted bottle 

 

 

 

 

Figure 5.40 Actual vs ANFIS output for the thumb 

 

 

Figure 5.41 Actual vs ANFIS output for index finger 
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 Thumb Index Middle Ringpinky 

𝑅2 0.71 0.97 0.94 0.93 

RMSE 1.77 3.04 4.36 3.48 

Normalized RMSE 

(NRMSE) 

4.93% 2.13% 2.73% 3.28% 

Table 5.3 Metrics evaluation for medium size cylinder 

 

Figure 5.42 Actual vs ANFIS output for middle finger 

 

 

Figure 5.43 Actual vs ANFIS output for the ring and pinky fingers 

 



 

 
82 

 

Three tests of each shape were evaluated with the metrics in the Table 5.4.  

 Thumb Index Middle Ringpinky 

𝑅2 0.71-0.96 0.88-0.99 0.86-0.94 0.90-0.95 

Normalized RMSE 

(NRMSE) 

4.93%-3.03% 9.94%-2.02% 6.69%-2.73% 5.43%-3.19% 

Table 5.4 Metrics ranges for the 6 tests, 3 of the Medium Cylinder and 3 of the inverted bottle 

 

The metrics in Tables 5.2-5.4 provide the observed movements of the hand in a 

numerical format to provide valuable understanding for the effectiveness of the Neuro-

Fuzzy model. 

𝑅2 is a statistical measure representing the goodness of fit, or the relative measure 

of fit. 𝑅2 is calculated using the sum squared regression (SSR), and total sum of squares 

(SST). SSR represents the sum of residuals squared, SST is the sum of distance the data 

is away from the mean all squared [90].  

𝑅2 = 1 −
𝑆𝑆𝑅

𝑆𝑆𝑇
= 1 −

∑(𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2

∑(𝑎𝑐𝑡𝑢𝑎𝑙 −  𝑜𝑣𝑒𝑟𝑎𝑙𝑙 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑜𝑓 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2
 

𝑅2 =  1 −
∑(𝑦𝑖 −  �̂�𝑖)

2

∑(𝑦𝑖 −  �̅�𝑖)2
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Root Mean Square Error answers the question of how spread out the prediction 

errors are for a predicted model compared to the observed values. RMSE can also be 

understood as how concentrated the data is around the line of best fit. 

𝑅𝑀𝑆𝐸 =  
∑(𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡𝑠
 

𝑅𝑀𝑆𝐸 =  
∑(𝑦𝑖 −  �̂�𝑖)

2

𝑁
 

NRMSE was found to be less than 10% for all tests and is further discussed in the 

next section. 

𝑁𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

(𝑀𝑎𝑥 𝑣𝑎𝑙𝑢𝑒 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎 − 𝑀𝑖𝑛 𝑣𝑎𝑙𝑢𝑒 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑑𝑎𝑡𝑎)
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5.4 Discussion 

The same inputs were used as in [10] while using the individual finger synergies 

described in 4.2.2. In order to select the model which best simulates accurate servo motor 

action, training and testing of the FIS was required for all of the possible membership 

functions provided by the ANFIS toolbox. There is no simple way of determining the best 

method, so each needed to be evaluated using an iterative process for both Grid 

Partitioning and Subtractive Clustering methods.  

The Grid Partitioning steps are: 

1. Select Membership Function type 

2. Choose number of Membership Function 

3. Train 

4. Test 

a. Evaluate RMSE 

b. Evaluate 𝑅2  

c. Visually assess predicted outputs against actual outputs 

For each Membership Function type: trimf, trapmf, gbellmf, gaussmf, gauss2mf, 

pimf, dsigmf, and psigmf, the chosen number of Membership Functions was iterated from 

2 – 8 inclusive as 9 or more became burdensome on the computational time to train. The 

Ringpinky did not undergo this testing process as Grid Partitioning with 6 variables was 

unable to be achieved due to the lack of available computer memory. 
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The iterative process continued with Subtractive Clustering which is generally used 

when there is the unknown of how a cluster data set should be defined [91]. 

1. Adjust squash factor 

2. Train 

3. Test 

a. Evaluate RMSE 

b. Evaluate 𝑅2  

c. Visually assess predicted outputs against actual outputs 

The increment of adjusted squash factor was 0.05 for all values between 0.5 and 

1.25. The range of influence, accept and reject ratios were left on default settings of 0.5, 

0.5, and 0.15 respectively in order to minimize some complexity. Due to the significantly 

reduced number of connections seen when comparing Figure 5.4 to 5.5 - 5.7 as defined 

from the definitions in 5.2.1 FIS Generation and Evaluation, more membership functions 

were able to be considered during this process as it was less computationally taxing. 

RMSE was the first metric calculated and is an indicator of absolute measure of fit. 

The normalized RMSE, (NRMSE) was calculated against the training data to avoid bias. 

Computing the NRMSE as a percentage gives an idea of the error the model has in 

relation to the dependent variable. There is a relationship with 𝑅2, the second calculated 

value. If the correlation coefficient is 1, the RMSE will be 0, as all the points lie on the 

regression line and therefore no errors [92]. The NRMSE was found to be less than 10% 

for all iterations, this makes sense as high 𝑅2 values are achieved.  

The servo motor has a very small circumference with increments of rotation from 0-
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255. Due to the angular displacement of each step being so minute, an error of less than 

10%, or 25 steps, would be insignificant. When assessing a less than 10% NRMSE, this 

represents less than 10% of the difference between maximum and minimum training 

points for that servo. As the servo never actually achieves ranges around 255 or 0, the 

10% will certainly be less than 25 steps further supporting the acceptance criteria of 10% 

NRMSE. 

However, RMSE does not present as uniform error. Single large errors cause larger 

RMSE. This means it could be such that many points fall along the line of best fit, with 

one or two being erratic and notably larger than 10%. It is for this reason other approaches 

need to be taken.  

The second metric was the 𝑅2 values, which is the relative measure of fit. It indicates 

how much variation of the dependent variable is explained by the independent variables 

in the model. The higher the 𝑅2 for this model, the more precise the model for predicted 

outcomes which means a high correlation between observed and modelled values of 

servo motion. Lower 𝑅2 scores were seen with one or multiple single large errors 

referenced with RMSE.  

In order to complete the evaluation process, the modelled data was visualized. 

These plots made it very easy to distinguish when there was an outlier causing larger 

errors. A plot with large errors would eventually be discarded in favour of one without 

such large outliers. Using this metric alone would be difficult to determine a better model 

between similarly valued outputs, as seen between Grid Partitioning with trapmf and 

Subtractive Clustering of the Thumb and Middle servos. 
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Figures 5.44 – 5.46 illustrate the use of trapmf, the trapezoidal membership function, 

which is very common in fuzzy systems. 

 

Figure 5.44 Actual vs ANFIS output for the thumb when using trapmf 

 

 

Figure 5.45 Actual vs ANFIS output for the index finger when using trapmf 
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 Thumb Index Middle Ringpinky 

𝑅2 0.88 -10.47 0.87 N/A 

RMSE 1.93 93.47 10.77 N/A 

NRMSE 5.39% 65.36% 6.73% N/A 

Table 5.5 Metrics evaluation of the inverted bottle case using trapmf 

 

The above Figures 5.44 – 5.46 and Table 5.5 show very similar data for the thumbs 

and the middle fingers for the inverted bottle though the RMSE is twice that of the models 

using Subtractive Clustering. Trapmf begins to do a very good job for the Index but it 

ultimately behaves erratically. RMSE penalizes larger errors more due to the squared 

factor, though it is uncertain what caused these errors from the data. Grid partitioning 

could not be used for Ringpinky due to the lack of available memory space of the 

computer.  

 

Figure 5.46 Actual vs ANFIS output for the middle finger when using trapmf 
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The use of all three allowed for much better evaluation criteria compared to any 

single metric. These 𝑅2 values with low RMSE and a positive visual comparison of the 

predicted value indicate the selection of objects to represent grasp variance was a good 

representation of generic grasping. However, it should be noted that some discrepancy 

in the 𝑅2 results may stem from sampling, as there may have been some inconsistencies 

from the system when collecting data. This would mean that the training data and or 

testing data could be flawed should there have been data loss due to issues with physical 

connections, sampling rates, or speed of grasping. 

Another observation is that the 𝑅2 and RMSE have some dependency on how many 

data points are collected. Figures 5.40 - 5.43 presented approximately one third fewer 

data points due to the time it took to grasp the object. Figure 5.40 shows the ANFIS output 

has a similar shape when compared to the actual output, and maintains a low RMSE. The 

𝑅2 is not very high; however, due to the limited range of motion of the servo this is still 

very good. Figures 5.40 - 5.43 show the uniform grasping behaviour of fingers for a 

uniform object, the medium cylinder, and the difference in grasping behaviour can be 

seen when comparing to a non-uniform shape, the bottle, in Figures 5.36 - 5.39. 

The best 𝑅2 values and visual comparisons were observed when using the 

Subtractive Clustering method for every finger over the Grid Partitioning method, except 

in the case of the thumb.  

This is interesting as it suggests all motion with the thumb, regardless of what is 

grasped, moves the in the same way. This is likely due to the DOF in the thumb and is 

noted as part of the construction of hand design. In the membership function clusters in 
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the other digits, similar cluster locations can be observed which is good because during 

grasping, a fully functional 5 finger human hand grasp will have the thumb moving 

similarly to other fingers. 

If an individual were to grasp an object multiple times, there is no guarantee the 

grasp behaviour would be the same. Humans are imperfect, though always continuously 

adjust to the situation and adapt – especially when it comes to grasping. It is because of 

this lack of consistency that the robustness of the system must also be discussed. Several 

aspects were considered to increase robustness: no post processing of collected data, 

variations of objects in the tests, and the use of multiple grasp attempts for trained data. 

The results show evidence that these aspects provided a robust model for remapping a 

human hand to the robotic system behaviour. 

As grasping is so complex, even very small adjustments or changes in positions 

would make a difference. In a system which were to have increased dexterity it can be 

seen how training could be provided to encompass a larger variety of shapes to provide 

a more comprehensively trained system. 
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Chapter 6 Conclusion and Future Work 

6.1 Conclusion 

This thesis presents theoretical and experimental contributions to the 

development of an upgraded haptic-enabled anthropomorphic Ring Ada dexterous 

robotic hand using an ANFIS model of human-like grasp behaviours for the teleoperated 

grasping operations using a CyberTouch Human Computer Interface (HCI) glove.  

While applying grasp synergy methodology for machine learning models, 

developments have been made to further define grasp synergies and how they can be 

used for human-like grasping operations.  

The proposed ANFIS model was analyzed to assess the validity for the teleoperated 

control of an underactuated Ring Ada robotic hand during grasping. Experimental results 

have convincingly proved the efficiency of this ANFIS system to grasp with a high level of 

accuracy.  

6.2 Future Work 

A future improvement would be to continue developing the ANFIS model by adding 

additional sensors for autonomous grasp operations. 

Adding advanced sensors, such as the multi-modal bio-inspired cutaneous tactile 
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sensors developed at the University of Ottawa [44], could provide significant potential for 

even more human-like grasping and object handling behaviours. Using these sensors 

would allow for enhanced grasp stability, could be applied for slip detection, and more 

delicate tactile feedback. These sensors could be combined with ANFIS to further 

address these new applications.  

Figure 6.1 shows a set of the multi-modal sensors placed in the palm of a basic Ada 

robot hand. It would be possible to add them to the fingertips, and along the fingers, which 

could potentially significantly improve sensitivity. Future work should assess the efficiency 

of these novel sensors for the teleoperated control of the Ring Ada hand.  

 

Developing object classification algorithms using ANFIS would be a relatively 

straight forward addition, which could be used on more objects beyond the ball, cylinder, 

or rectangular prism shapes used in this thesis. In order for the human teleoperators to 

 

Figure 6.1 Prototype of an Ada robot hand with palm embedded multi-modal bio-inspired 
tactile sensors 
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use this classification ability, closer mapping of tactile sensors on the CyberTouch must 

match the Ring Ada structure.  

The current Ring Ada system has no wrist or arm motion, which makes it challenging 

to use for more advanced object handling operations. In order to overcome this limitation, 

a human-like 3D printed arm and wrist should be developed. As the CyberTouch has 

accelerometers, this could be used to raise and lower the arm, and rotate the wrist. This 

improvement could be further enhanced with the addition of the multi-modal sensors 

which would allow to better assess the difference between human movements and the 

robotic hand motions.  
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